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MATERIALS SCIENCE

Machine learning potentials for modeling alloys

across compositions

Killian Sheriff', Daniel Z. Xiao', Yifan Cao’, Lewis R. Owen?, Rodrigo Freitas'*

Materials properties depend strongly on chemical composition, i.e., the relative amounts of each chemical ele-
ment. Changes in composition lead to entirely different chemical arrangements, which vary in complexity from
perfectly ordered (i.e., stoichiometric compounds) to completely disordered (i.e., solid solutions). Accurately cap-
turing this range of chemical arrangements remains a major challenge, limiting the predictive accuracy of machine
learning potentials (MLPs) in materials modeling. Here, we combine information theory and machine learning to
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optimize the sampling of chemical motifs and design MLPs that effectively capture the behavior of metallic alloys
across their entire compositional and structural landscape. The effectiveness of this approach is demonstrated by
predicting the compositional dependence of various materials properties—including stacking-fault energies,
short-range order, heat capacities, and phase diagrams—for the AuPt and CuAu binary alloys, the ternary CrCoNi,
and the TiTaVW high-entropy alloy. Extensive comparison against experimental data demonstrates the robust-
ness of this approach in enabling materials modeling with high physical fidelity.

INTRODUCTION

The properties of materials are heavily influenced by their chemical
composition, i.e., the relative amounts of each constituent chemical
element. Changes in composition lead to notable variations in the
chemical arrangements of atoms that drive macroscopic behavior.
For example, in stoichiometric compounds (Fig. 1A), the elements
combine in fixed and precise ratios and are organized in a periodic
and highly ordered phase with little chemical complexity. In con-
trast, solid solutions (Fig. 1B) are phases in which chemical elements
are distributed in a nearly disordered manner, allowing greater flex-
ibility in composition. These differences in atomic arrangements often
translate into distinct macroscopic properties. For example, in the
CuAu alloy, the ordered intermetallic phase CuzAu is brittle, where-
as the disordered CuAu solid solution is ductile (1).

Although machine learning potentials (MLPs) have demonstrat-
ed remarkable predictive accuracy for stoichiometric compounds
(2-7), extending this success to solid solutions has proven challeng-
ing (8-11). Addressing this limitation is important because solid so-
lutions are prevalent across the materials design space. For example,
they are the dominant phase over wide compositional ranges in the
phase diagrams of metallic alloys (12). Notably, much of the wide-
spread interest in high-entropy materials stems from the chemical
complexity of solid solutions and the flexibility they enable in de-
signing mechanical and functional properties (13-15).

The main challenge impeding the development of high-accuracy
MLPs for solid solutions is the large variability in the chemical ar-
rangement of atoms in this phase (10, 16), which is immensely ampli-
fied when changes in chemical composition are taken into account.
Generating an MLP training set that faithfully represents this chemi-
cal complexity is notoriously difficult (9). The current state-of-the-art
strategy (8, 17) uses atomistic configurations obtained from density
functional theory-based Monte Carlo (DFT-MC) trajectories. Al-
though physically grounded, this approach is prohibitively expensive—
often requiring more than 100,000 CPU hours to create a training set
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for a single composition (8). Furthermore, this approach is limited to
equilibrium states, which is a critical drawback because MLPs trained
on equilibrium datasets generalize poorly to out-of-distribution non-
equilibrium configurations commonly encountered during materials
synthesis and processing (2, 18-20). Emerging approaches such as ac-
tive learning (21-24), although efficient for optimizing first-principles
datasets, often lack objective functions capable of capturing chemi-
cal complexity, relying instead on system representations that have
been shown to obscure the relevant variations in local chemical en-
vironments (10).

Here, we demonstrate the design of MLPs that accurately model
metallic alloys across their compositional and structural landscape.
This is achieved by combining information theory with geometric
descriptors to construct training datasets optimized to capture chemi-
cal complexity through motif-based sampling (MBS). Extensive com-
parisons against experimental data show that this approach produces
high-fidelity models of complex material systems—ranging from
simple binary systems to high-entropy alloys.

RESULTS
Performance of universal ML potentials on solid solutions
Universal machine learning potentials (uMLPs) are a class of models
trained on broad datasets encompassing a wide range of chemistries,
compositions, and crystal structures. These models aim to achieve
robust transferability across diverse material systems. However, this
promise of universality often breaks down in chemically disordered
phases. For example, consider Fig. 2A, which shows the accuracy of the
MatterSim (3) uMLP across the composition space of the CrCoNi solid
solution—a prototypical high-entropy alloy (see the Materials and
Methods section “Training and testing datasets” for dataset details).
The mean absolute error (MAE; 8y s =| E — Epgy |) between predict-
ed and reference DFT energies reaches up to 287 meV/atom, with
as much as 603% variation across compositions (i.e., two orders of
magnitude). This compositional sensitivity implies that the reliability
of predicted physical properties can vary markedly with composition.
This behavior is not unique to MatterSim. Other state-of-the-art
uMLPs—namely, Orb (2) and MACE (25)—exhibit similar mean MAE
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A Chemically ordered phases
(stoichiometric compounds)

B Chemically disordered phases
(solid solutions)

Fig. 1. Chemical complexity of phases in metallic alloys. (A) Stoichiometric com-
pounds exhibit ordered atomic arrangements with fixed elemental ratios. (B) Solid
solutions are chemically disordered phases with flexible composition and greater
chemical complexity.
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Fig. 2. Error of uMLPs on solid solutions. (A) Energy MAE of MatterSim-v1.0.0- 1 M
(3) across the composition space of the CrCoNi random fcc solid solution. (B) Com-
parison of error averaged across the compositional space for our MBS approach (a
specialized potential) and various uMLPs (2, 3, 25) for the same alloy.

across all compositions (8,5 ), as shown in Fig. 2B (see Supplemen-
tary Section S1 for more details). These large errors reveal that none
of the tested uMLPs can accurately resolve the fine energy differ-
ences associated with chemical disorder, highlighting a key short-
coming of compositionally agnostic MLP training. This motivates
the development of strategies for designing training dataset that sys-
tematically and selectively sample the full range of chemical com-
plexity present in solid solutions.

MBS for solid solutions

The accuracy of MLPs in modeling solid solutions hinges on how well
their training datasets capture chemically relevant configurations—
a complicated task due to the overwhelming chemical complexity
of solid solutions. Recently (10, 16, 18), we demonstrated that this
complexity can be systematically characterized by decomposing the

Sheriff et al., Sci. Adv. 12, eaea9951 (2026) 19 June 2026

structure into local coordination polyhedra—called local chemical
motifs—and analyzing their frequency and spatial correlations. Build-
ing on this framework, we introduce an MBS method to construct
MLP training datasets that more uniformly represent local chemical
environments, as illustrated in Fig. 3A (see the Materials and Methods
section “Sampling of chemical motifs”).

The impact of MBS on model performance is evaluated by com-
paring it against a baseline random sampling (RS) approach, in which
chemically random configurations are drawn uniformly across the
ternary phase space (see the Materials and Methods section “Train-
ing and testing datasets”). Both datasets contain identical num-
bers of structures, chemical compositions, and thermal noise levels.
Whereas the RS dataset reflects unaltered chemical randomness, the
MBS approach refines these configurations via intracell atomic swaps
that promote a more uniform distribution of chemical motifs—
reducing bias in motif frequencies and capturing a broader diversity
of atomic environments.

Although both datasets maintain comparable degrees of chemi-
cal short-range order (SRO; see Supplementary Section S2), MBS
achieves higher motif packing density—defined as the percentage of
unique motifs sampled in the dataset—rising by 27% in MBS rela-
tive to RS. Equivalently, the Jensen-Shannon divergence between
the sampled and target uniform motif distribution is reduced by
0.0442 bits in MBS (this divergence quantifies the similarity be-
tween two probability distributions, with lower values indicating a
closer match to the target). This improvement scales with dataset
size. For example, in a larger dataset with 702 configurations (com-
pared to 66 configurations used to obtain Fig. 3B), the divergence
drops from 0.4814 to 0.3661 bits, and the motif packing density in-
creases by 38%, such that 72.3% of all possible motifs are sampled in
the MBS dataset.

As a complementary approach, we also evaluated the widely used
special quasirandom structure [SQS (26, 27)] method, which is com-
monly used to generate chemically disordered configurations for train-
ing machine-learned potentials. SQS constructs atomic arrangements
that replicate the pair correlations of an ideal random alloy using op-
timization techniques. To assess its effectiveness, we applied SQS to
each configuration in the 702-structure RS dataset. However, this did
not lead to improved results: The Jensen-Shannon divergence slight-
ly increased from 0.4814 to 0.4857 bits, and the fraction of unique
chemical motifs remained approximately constant at 52.2%.

To quantify how the improved motif diversity of MBS training
sets affects model accuracy, we trained an ensemble of 10 MLPs per
dataset (see the Materials and Methods section “MLP model train-
ing”) and evaluated them on five test sets constructed with con-
trolled degrees of SRO. These test sets were generated using reverse
Monte Carlo (rMC) (see the Materials and Methods section “Train-
ing and testing datasets”), with the total amount of SRO quantified
by the metric in Eq. 1. Because all training datasets share identical
thermal noise and lattice parameters, any differences in model per-
formance can be attributed specifically to motif representation. As
shown in Fig. 3B, MBS-trained models consistently outperform their
RS counterparts, with the performance gap widening as the amount
of SRO increases. This difference ranges from sub-milli-electron
volts per atom in near-random regimes to as much as 5 meV/atom in
high-SRO configurations (Fig. 3B; see Supplementary Section S3 for
more details).

This improvement is physically meaningful: Typical energy dif-
ferences associated with SRO in alloys are on the order of 10 meV/
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Fig. 3. Impact of MBS on the predictive performance of MLPs in solid solutions. (A) lllustration of the chemical motif population density in a random solid solution
compared to that in an MBS dataset. (B) Mean absolute energy error as a function of the total amount of SRO (Eq. 1) in the test set (averaged across the compositional
space), highlighting that MBS-trained models consistently outperform RS. SEM across 10 independently initialized models are shown as shaded regions but are too small
to be visible. (C) Free-energy difference between a CrCoNi random solid solution and its thermally equilibrated counterpart. The energy scale demonstrates that the ac-
curacy gains provided by MBS are physically significant: They are necessary to resolve energetically competing configurations in alloy thermodynamics.

atom; thus, this accuracy is necessary to resolve energetically com-
peting configurations in alloy thermodynamics (Fig. 3D; see the
Materials and Methods section “Free energy” and Supplementary
Section S4). By increasing motif diversity, MBS enables finer ener-
getic resolution across chemically distinct configurations, support-
ing more accurate prediction of order-disorder energetics and related
thermodynamic quantities such as free energies.

Completing the training set: Structural and

thermal components

To achieve robust predictive performance, the training set must in-
corporate not only chemical diversity but also structural and ther-
mal variations. Although MBS accounts for chemical complexity,
two additional components—namely, phase sampling and thermal
perturbations—are needed to ensure coverage of distinct lattice types
and vibrational states. These components are briefly summarized
below (see the Materials and Methods sections “Sampling of ther-
mal effects” and “Training and testing datasets” for a full description).

Phase sampling is achieved by including metastable phases that
differ in structure and chemical order. In practice, this is performed
by applying MBS to solid solutions of different lattices [e.g., face-
centered cubic (fcc), body-centered cubic (bec), and hexagonal close-
packed (hcp)] and by including a variety of stoichiometric compounds
(i.e., ordered intermetallics). These additions expose the model to
variations in local coordination and long-range order that are absent
from chemically disordered phases. (See Supplementary Section S16
for more information on chemically ordered phases.)

Thermal perturbations are introduced via synthetic thermal noise
that mimics vibrational effects and by thermal expansion. In prac-
tice, configurations are isotropically expanded to match target ther-
mal expansion factors and further perturbed by random atomic
displacements and strain fields. These augmentations are applied
uniformly across all phases to ensure smooth interpolation over the
vibrational configuration space.

We evaluate this comprehensive sampling strategy—combining
chemical, structural, and thermal components—on the CrCoNi system.

Sheriff et al., Sci. Adv. 12, eaea9951 (2026) 19 June 2026

The resulting MLP achieves a substantial reduction in energy predic-
tion error across the compositional space, as shown in Fig. 4. Com-
pared to uMLPs (Fig. 2A), this approach produces significantly lower
and more uniform errors across the full ternary composition triangle.
The average MAE, shown in Fig. 2B, also confirms this improvement.

We now shift from developing and benchmarking the MBS frame-
work to validating its predictive capabilities. To this end, we apply
MBS to construct MLP training sets for additional systems, includ-
ing the AuPt and AuCu binary alloys, as well as the high-entropy
TiTaVW alloy. Validation is carried out across a range of experimen-
tally accessible properties, including phase diagrams, chemical SRO,
thermoelastic and calorimetric behavior, and microstructural prop-
erties. Details of dataset construction, including DFT parameters
and MBS parameters, are provided in the Materials and Methods
sections “Training and testing datasets” and “Density functional the-
ory.” For each system, we trained an MLP using the atomic cluster
expansion [ACE (28)] model (see the Materials and Methods section
“MLP model training”).

Phase diagrams

To assess the thermodynamic fidelity of our MLPs, we evaluated
their ability to reproduce experimental phase behavior in both bi-
nary alloys and compositionally complex high-entropy systems. This
provides a stringent test of the model’s accuracy beyond static en-
ergy prediction, requiring them to capture equilibrium thermo-
dynamic transitions across a range of compositions, structures, and
temperature conditions.

We first test our approach on the CrCoNi system. Using a single
MLP trained on the full CrCoNi composition space (i.e., the model
in Fig. 4), we computed phase diagrams for two of its binary subsys-
tems: CrNi and CrCo.

For all cases, solid-state phase boundaries were evaluated using
the multicell Monte Carlo approach (29), modified to account for
vibrational degrees of freedom (see the Materials and Methods sec-
tion “Phase diagrams”). The predicted phase diagrams are shown
in Fig. 5 (A and B), where it can be seen that the MLP predictions
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Fig. 4. Energy prediction error across the CrCoNi composition space. The MAE
of MLP predictions using combined motif-based, phase, and thermal sampling.
Compared to the universal MLP shown in Fig. 2A, this approach yields significantly
lower and more uniform errors across the composition triangle.

closely match available experimental data and CALPHAD mod-
els, accurately capturing key phase boundaries. For example, in the
CrNi binary the fcc-bec boundaries align well with the experimental
measurements, demonstrating the MLP’s ability to resolve compet-
ing crystal structures. To further illustrate the versatility of our ap-
proach, we also examined the AuPt system. The results are shown
in Fig. 5C, where it can be seen that the model accurately captures
the main feature of this phase diagram, namely, the miscibility gap
and its evolution with temperature. Notably, the miscibility gap marks
a solid-solid transition where phase decomposition occurs within
the same crystal lattice. This contrasts sharply with the fcc-bec tran-
sition observed in CrNi (Fig. 5A) and the order-disorder transitions
(fcc-sigma-bec) in CrCo (Fig. 5A and Supplementary Sections S11
and S16), which arise from fundamentally different thermodynamic
driving forces and exhibits distinct kinetic behavior. Across all sys-
tems, Fig. 4 shows that the discrepancy between MLP predictions
and experiment is comparable to the spread in experimental datas-
ets themselves, indicating that the remaining differences are likely
within the limits of experimental uncertainty.

Having validated the model against well-characterized solid-solid
transitions in binary alloys, we next evaluate melting points in chem-
ically complex high-entropy alloys, for which phase diagram data
are typically sparse or unavailable. To evaluate model performance
in this regime, we used the solid-liquid phase coexistence method
(30) to estimate melting points. This technique isolates a phase in-
terface and tracks the steady-state growth rate of the solid phase as
a function of temperature (see the Materials and Methods section
“Melting temperature”). For the equiatomic fcc CrCoNi alloy, the
melting point was identified as the temperature at which the growth
rate vanishes (31) (Fig. 6A). The resulting estimate, Ty, = 1641 K,
agrees within 3% of experimental reports (32) (note that the solidus-
liquidus temperature gap in CrCoNi is small and has not yet been
experimentally characterized). Because the liquid phase itself is chem-
ically disordered, accurately predicting melting temperatures further
demonstrates the MBS robustness in capturing chemical disorder
beyond solid-state configurations.

Sheriff et al., Sci. Adv. 12, eaea9951 (2026) 19 June 2026
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binary MLP. See Supplementary Section S12 for a comparison of phase diagrams
obtained with other potentials.
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liquidus (T;) temperatures (33). Predictions for the alloys typically fall within the
expected coexistence window between T, and T, (note that, for pure elements,
T, =T

We then applied the same procedure to the bec TaTiVW refrac-
tory high-entropy alloy and several of its derivative alloys (Fig. 6B).
For each composition, the predicted melting temperature was com-
pared with experimentally reported solidus (T,) and liquidus (T')
values (33). Our predictions are within 2% for pure W, and they typi-
cally fall within the experimental T, — T, interval, as expected for the
alloys (31): The melting point as measured in our simulations corre-
sponds to the coexistence of solid and liquid phases and should lie
between the onset and completion of melting.

Together, the results in Figs. 5 and 6 highlight the versatility and
transferability of the MBS-trained MLPs. Without retraining or fine-
tuning, the models generalize from chemically diverse training sets to
accurately reproduce equilibrium phase behavior of binary subsys-
tems and complex high-entropy alloys (see Supplementary Section S12
for a comparison of phase diagrams obtained with other potentials).
This makes them a powerful tool for exploring phase stability and
guiding design of alloys across broad composition spaces.

Chemical SRO

Chemical SRO is the tendency of solid solutions to deviate from per-
fect randomness, i.e., a measure of local chemical correlations. Al-
though solid solutions are chemically disordered phases lacking
periodic chemical arrangements, they nonetheless exhibit subtle
energetic biases toward certain local chemical configurations. These

Sheriff et al., Sci. Adv. 12, eaea9951 (2026) 19 June 2026

biases, captured quantitatively through Warren-Cowley parameters
(34), fundamentally characterize the statistical fluctuations in local
chemical environments and directly reflect underlying thermody-
namic equilibria. However, typical training datasets generated from
purely random configurations or SQS inherently miss these ener-
getically significant correlations, limiting the accuracy of convention-
al MLPs (8, 10).

To address this limitation, our MBS explicitly targets motif diver-
sity, thus providing richer training datasets capable of capturing the
delicate energetic gradients associated with SRO. To quantitatively
assess the accuracy of our MLPs in predicting SRO, we computed the
first-nearest-neighbor Warren-Cowley parameters, a;; (Eq. 7), from
atomistic simulations of thermally equilibrated solid solutions (see
the Materials and Methods section “Warren-Cowley parameters”).

Figure 7A compares the temperature dependence of Warren-
Cowley parameters predicted for various Cr,Ni;,_,, alloys against
experimental values obtained from diffuse scattering measurements
(35-37) (with x ranging from 19.9 to 33.3%). The close agreement
demonstrates that our MBS training captures the nuanced energetic
biases responsible for SRO across the compositional space. Similar-
ly, Fig. 7B compares the predictions for the CuzAu alloy with ex-
perimental data from ref. (38), where Warren-Cowley parameters
are derived from in situ x-ray total scattering and rMC refinement.
Although predicted magnitudes of a;; differed slightly from experi-
ments (see Supplementary Section S5)—likely due to known sys-
tematic binding energy biases of the DFT functional affecting lattice
parameters and thus local ordering—the experimental trends can be
accurately captured by standardizing the Warren-Cowley parame-
ters (i.e., transforming the data to have a mean of zero and an SD of
1) to correct for the strength of interactions, removing some of the
DFT biases (39-42).

Overall, our results confirm that MBS effectively captures the
subtle energetic biases that drive local chemical ordering and that
MLPs trained on such data can resolve SRO contributions.

Thermoelastic and calorimetric behavior

To further evaluate the transferability of our MLPs, we investigat-
ed their capacity to capture temperature-dependent thermophysical
properties—specifically, thermal expansion and constant-pressure spe-
cific heat ¢, across the CrCoNi and TaTiVW alloy systems.

Figure 8A shows the thermal expansion of CrCoNi and selected
binary derivatives (see the Materials and Methods section “Thermal
expansion”). The predicted temperature dependence of lattice pa-
rameters align closely with experimental observations. For example,
the Cr,,Nig, and NiCo systems exhibit a maximum deviations from
experimental results of only 0.1 and 0.3%, respectively, across the
entire temperature range. The coeflicients of thermal expansion
(Supplementary Section S6) deviate at most 15% from their experi-
mental values. This close agreement demonstrates the model’s ac-
curacy in capturing anharmonic vibrational effects and associated
thermal expansion behavior in complex metallic alloy systems.

Figure 8B shows constant-pressure heat capacities for TaTiVW-
based alloys (see the Materials and Methods section “Specific heat”).
The simulations reproduce the expected monotonic increase in ¢,
with temperature, reflecting vibrational anharmonicity and mode
excitation effects. Comparison with measurements from the NIST
(43) and recent measurements on refractory high-entropy alloys
(33) further validates the quantitative reliability of our predictions.
The largest observed discrepancy from experimental data was 13%
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Supplementary Section S15 for a comparison against other potentials. (B) Standard-
ized Warren-Cowley parameters for the CusAu alloy, comparing predicted values
against experimental data derived from x-ray total scattering and rMC modeling
(38). Standardization highlights consistent qualitative trends despite quantitative
discrepancies attributed to known systematic energy biases in the DFT functional
(39-41). SEM values of all simulation results are smaller than the data points.

for Tiy,Ta,, VoW ,0, whereas TiTaVW and Ta,, W, deviate by a max-
imum of 4 and 6%, respectively, and the other three compositions
have deviations of less than 2%.

Computationally aided microstructure design

The preceding sections have highlighted the accuracy and fidelity of
MBS-trained MLPs in capturing diverse thermophysical and ther-
modynamic properties across alloy compositions. In this section, we
illustrate how such computational accuracy could potentially support
materials design and development, particularly in scenarios where
experimental exploration is prohibitively challenging or expensive.

Sheriff et al., Sci. Adv. 12, eaea9951 (2026) 19 June 2026

A notable example is the stacking-fault energy (SFE; ysgg), which
significantly influences the deformation mechanisms and thus the
damage tolerance of fcc alloys. In particular, the CrCoNi alloy has
attracted considerable attention due to its exceptional mechanical
properties at low temperatures, attributed largely to its low SFE. This
low SFE facilitates the activation of alternative deformation path-
ways such as mechanical twinning and transformation-induced
plasticity (44), particularly at low temperatures when traditional dis-
location slip mechanisms are insufficient (45). However, despite its
central role in deformation behavior, the SFE has not traditionally
served as a practical alloy design parameter. Experimental determi-
nation of the SFE is notoriously challenging, requiring careful in-
terpretation of fault structures via electron microscopy or indirect
inference methods. Furthermore, recent investigations have under-
scored the complexity and subtlety involved in reliably extracting
accurate SFE values from experiments, highlighting potential pit-
falls and uncertainties in current methodologies (46).

To address this gap, we used our MLP framework to systemati-
cally predict the SFE across the entire compositional space of the
CrCoNi alloy at 500 K, explicitly accounting for thermal effects such
as SRO at the appropriate length scales (8) (Fig. 9; see the Materials
and Methods section “Stacking-fault energy”). This computational
approach captures subtle energetic contributions that are essential
for accurate SFE prediction (8, 47). As shown in Fig. 8, the SFE
exhibits a pronounced dependence on composition. Despite the
complexity of this variation, clear trends emerge that can inform
materials design. For example, reducing the Cr concentration along
the Cr, Cog5_,/,Nig5_,, path (with x < 80 %) leads to a marked de-
crease in the SFE, as indicated by the arrow in Fig. 9. The influence of
SRO on the SFE across the compositional space is detailed in Supple-
mentary Section S7, along with additional results at 800 K (showing
similar compositional trends).

These computational predictions combined with the predict-
ed phase stability of Fig. 5 illustrate how systematically exploring
compositional dependencies of the SFE can provide valuable in-
sights for alloy design. By leveraging this predictive approach, one
is able to efficiently identify promising alloy compositions, com-
plementing and extending experimental capabilities in materials
development.

DISCUSSION

This work demonstrates that chemical motif diversity in the training
dataset is a critical determinant of the predictive accuracy of MLPs
for chemically disordered phases. The MBS strategy introduced here
systematically improves model performance across compositions
and structures by promoting a more uniform and physically mean-
ingful representation of local chemical motifs. The success of this
strategy hinges on recognizing that the fidelity of an MLP is limited
not only by its architectural complexity or dataset size but also by
the representational diversity of the atomic environments on which
it is trained. To contextualize our focus on chemically disordered
materials, we note that chemically ordered phases (e.g., L15, L1¢, By,
and o) are already well described by modern MLP, as demonstrated
in prior studies (2, 3, 6, 7, 25). These phases are explicitly included in
our training sets and phase diagram validations (see Supplementary
Section S$16), but the methodological innovations in this work pri-
marily target the historically challenging regime of chemical disor-
der and temperature-dependent orderings.
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Fig. 8. Thermophysical properties of CrCoNi and TaTiVW. (A) Temperature dependence of lattice parameters for CrCoNi and selected binary derivatives compared to
experiments from ref. (109). (B) Specific heat of TaTiVW-based alloys compared with experimental data from ref. (33), except for pure W, which is compared to ref. (43).
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Fig. 9. Computationally aided microstructure design. Predicted SFE (ysgg) across
the CrCoNi composition space at 500 K. The arrow indicates the compositional
path Cr,Coy5_y/2Nigs_x/, (With x < 80%), along which the SFE decreases signifi-
cantly. Trends such as this one can inform materials design.

The generality of the MBS approach is evidenced by its consistent
performance across a chemically diverse set of metallic alloys. These
include systems with different magnetic, electronic, and structural
complexity, all trained from datasets generated with the same consis-
tent first-principles workflow. MBS can be incorporated with negli-
gible computational cost into existing training pipelines to enhance
the performance of both MLPs and uMLPs without requiring model
architectural changes. Although RS or SQS has historically been the
default in many MLP training protocols that account for disordered
phases (48-50), our results demonstrate that MBS offers a more robust
and physically informed alternative and should be preferred in appli-
cations where transferability and error control are critical.
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Recent uMLP architectures—particularly those trained on chem-
ically diverse datasets—show promise for accurately capturing the
properties of materials across the compositional space (51-54).
However, the sheer breadth of their training data often obscures the
origins of their performance, underscoring the need for systematic
validation. In this context, the MBS training and test datasets intro-
duced here provide a valuable benchmark for evaluating the applica-
bility of uMLPs across the compositional space. In addition, we note
that our showcase of uMLPs in this work (Fig. 1) serves primarily
to reveal their systematic limitations in chemically disordered re-
gimes, not to claim architectural superiority. These models, although
promising for small-cell property prediction and materials screening,
remain too computationally expensive for the large-scale atomistic
simulations required to study processing, synthesis, and microstruc-
ture evolution. Specialized MBS-trained potentials, by contrast, re-
tain high accuracy across compositional and thermal conditions
while remaining tractable for simulations involving millions of at-
oms and long timescales. This capability is essential for computing
engineering-relevant quantities such as phase diagrams and deforma-
tion energetics, which demand extensive thermodynamic sampling
that current uMLP architectures cannot feasibly support.

The ability to reliably compute key materials properties across
compositions—from phase stability and thermophysical behavior
to microstructure energetics—hinges on the availability of accu-
rate and efficient interatomic models. Within this context, MBS
improves the practicality of MLPs for alloy design by enhancing
accuracy at fixed training set size, thereby reducing the data bur-
den typically associated with high-throughput property predictions.
These predictions are central to materials development; for example,
accurate free-energy predictions allow the construction of phase
diagrams that inform heat treatment protocols, whereas the SFE
guides assessments of deformation mechanisms. When combined
with uncertainty quantification, such predictions provide actionable
guidance for materials development. A promising future direction is
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the development of automated frameworks for high-throughput
phase diagram generation. Although our current approach achieves
accurate predictions of phase boundaries, it still relies on prior knowl-
edge of the relevant competing phases. Generative models (55) offer
a potential solution by autonomously proposing both stable and meta-
stable structures across compositional and structural landscapes.

It is essential to acknowledge, however, that the ultimate accura-
cy of the predicted properties remains bounded by the quality of
the reference data used to train the MLPs. The exchange-correlation
functionals used in DFT calculations in this work have well-known
limitations in their predictive accuracy (40, 41). Nevertheless, func-
tional development remains an active area of research, with recent
advances [e.g., ’2SCAN (56) and ML density functionals (57-59)]
offering improvements in physical accuracy. Higher-fidelity quan-
tum chemistry methods may provide an even more reliable founda-
tion for MLP training sets (60).

Crucially, even if a perfect electronic structure method was
available—capable of producing exact quantum mechanical results—
the methodological framework introduced here would remain in-
dispensable. High-accuracy reference data alone do not guarantee
generalization across chemical composition space, nor do they obvi-
ate the need for thoughtful sampling of chemical disorder during
training. The MBS approach offers a systematic path toward general-
izable and practically useful MLPs. Moreover, our findings suggest
that the current generation of functionals may already be sufficient
for property predictions of practical relevance, so long as the com-
positional and configurational diversity of the training data is care-
fully managed.

In conclusion, this work advances the development of MLPs by
addressing two persistent limitations: the absence of systematic strat-
egies for chemical sampling of disordered phases and the difficulty of
maintaining accuracy across broad compositional ranges. By intro-
ducing a chemical motif-based framework for training set construc-
tion and demonstrating its effectiveness across multiple alloy systems,
we provide a foundation for building MLPs that are both accurate
and robust—delivering reliable predictions across structures and com-
positions. This predictive performance, further supported by close
agreement with experimental data across a range of thermodynamic
and thermophysical properties, underscores the potential of MLPs
to transition from niche research tools to a core component of multi-
scale simulation pipelines in materials design.

MATERIALS AND METHODS

Sampling of chemical motifs

The MBS datasets are constructed using the rMC (61) algorithm to
generate atomic configurations that approximate a uniform proba-
bility distribution over chemical motifs, P*"8°'(M).

We begin with N chemically random supercells of sizen, X n, X n,,
constructed using a lattice parameter equal to the composition-
weighted average of the DFT-relaxed values of the pure elements at 0
K. The chemical composition C; of the supercells are selected to even-
ly span the concentration space. For example, in a binary system
A, B,_, with N =5, the initial supercells are chemically random solid
solutions with compositions x € {0,0.25,0.5,0.75,1 }.

The rMC simulation is run for Nyc intracell swap attempts, with
the acceptance probability for an atomic swap at step k given by
min |1, exp( — By  Ax?) | whereBy,, = (1+k)Band Ay* = y;, | — 13
with
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1 = Dys[PO M) || P (M)]

where Djs is the Jensen-Shannon divergence used to quantify the
difference between the current motif distribution P(M) and the tar-

get uniform distribution P®'8'(M) = L where Ny is the number

Nms
of unique motifs in an n-component system. At each step k, the mo-

tif distribution P® (M) is evaluated using our chemical motif iden-
tification framework (10, 16), which uses an E(3)-equivariant graph
neural network to classify local chemical environments. This frame-
work has been shown to capture the full spectrum of chemical mo-
tifs of alloys with up to five elements across the fcc, bee, and hep
crystal structures.

Sampling of thermal effects

To incorporate thermal expansion and vibrations, each supercell is
modified after the MBS using a strategy inspired by our prior works
(8, 10, 62).

To account for thermal expansion, supercells are isotropically ex-
panded using a linear expansion coefficient, corresponding to ther-
mal expansion at an effective temperature T.. Half of the supercells are
expanded to reflect thermal expansion at 300 K, and the other half at
0.9Te. After this thermal expansion, a random strain € uniformly drawn
from [— € min> emax] is also applied to each dimension isotropically.

To account for thermal vibrations, each atom is displaced by a
random vector drawn from a uniform distribution within a sphere.
To capture both low-temperature and high-temperature vibration-
al amplitudes, the maximum displacement is set proportional to
a X dy, /2, where ais uniformly sampled in the interval [(x o
and where d, | /2 is half of the nearest-neighbor distance.

The choice of the parameters (i.e., &, Te, Omin> and Oqy) is sSystem
specific and based on their chemistry, crystal structure, and dataset
intended use (e.g., training or test set).

‘min> “'max |

Training and testing datasets

This section details the datasets used to train and evaluate the MLPs
presented in this work. We start by describing the construction of
the training and test sets for CrCoNi used to generate the results
in Figs. 2 and 3.

The CrCoN:i test set used in Fig. 2 (and Fig. 4) consists of 351
configurations that sample the CrCoNi compositional space even-
ly across the ternary triangle; the chemical configuration of each
snapshot is random, i.e., these are random solid solutions. Each
snapshot is a 3 X 3 X 3 fcc supercell (108 atoms). Artificial ex-
pansions, atomic displacements, and strain were applied using
the following parameters: T, = 1800K, €,;, = —3%, €., = 3%,
o, = 0.01, and o, = 0.5.

The CrCoNi MBS and RS training sets used to train the MLPs
in Fig. 3 were designed to highlight the predictive differences be-
tween potentials trained using these two approaches. Each dataset
consists of 66 configurations spanning the CrCoNi ternary compo-
sition space evenly. Each snapshot is a 3 X 3 X 3 fcc supercell con-
taining 108 atoms. The MBS dataset was generated by applying the
MBS procedure to the RS structures to enhance motif diversity, us-
ing Ny = 1,069,200 and B, = 100. To retain force information dur-
ing training while isolating chemical effects, a small thermal noise
perturbation was applied uniformly to all systems (a = 0.05). No
strain augmentations were included. All structures were isotropi-
cally expanded to a thermal expansion of 300 K.

min max
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The CrCoNi test sets used in Fig. 3B were designed to represent
a range of artificial SRO configurations in CrCoNi to avoid biases
associated with using MLP-specific SRO configurations. Five datas-
ets were created, each consisting of 66 3 X 3 X 3 fcc supercell con-
taining 108 atoms, evenly spanning the ternary compositional space.
No strain augmentations or thermal noise were applied to isolate the
effect of chemistry on the test errors. All structures were isotropi-
cally expanded to a thermal expansion of 300 K. To introduce arti-
ficial SRO into the systems, rMC simulations were performed to
enforced targeted amounts of SRO, quantified by a scalar measure of
SRO called the total amount of order, defined as

o= Z |(xij|
ij

where o denotes the first nearest-neighbor Warren-Cowley parame-
ter for pair ij (Eq. 7). Each of the five datasets corresponds to a distinct
target value of o, representing varying degrees of chemical ordering.

Next, we describe the complete datasets used to train the MLPs
for the AuCu, AuPt, CrCoNi, and TaTiVW systems. These MLPs were
used to generate the results in Figs. 4 to 9. These datasets were de-
signed to capture a broad range of thermodynamic and structural
conditions across all four material systems.

The AuCu training dataset is composed of 202 3 X 3 X 3 fcc super-
cells, each containing 108 atoms, evenly spaced across the binary
compositional space, and with two cells per composition. The systems
were constructed using MBS with N, = 1,000,000 and £, = 100.
Artificial expansion, thermal noise, and strain were applied to each
system using the parameters: T, = 1650K, €, = —3%, €,,,, = 3%,
o = 0.01, and o, = 0.5. No stoichiometric compounds (i.e., or-
dered intermetallics) were included because none were expected
(from experimental phase diagrams) in the temperature and compo-
sition range used in our simulations. Additional configurations of the
pure elements were included, with additional 76 2 X 2 X 2 fcc super-
cells (32 atoms each) generated for each element. Artificial expan-
sion, thermal noise, and strain were applied using the following
parameters: TA" = 1337K, T" = 2041K, e, = —5%, €, = 5%
Oin = 0.0l and o, = 0.6.

The AuPt training dataset follows the same construction strate-
gy as the AuCu dataset but with different parameters during: T, =
2100K, €., = =3 %, €0 = 3%, Oy, = 0.01, and ar,,, = 0.5.

The CrCoNi training dataset is composed of 702 3 X 3 X 3 fcc
supercells (each containing 108 atoms), 702 4 X 3 X 3 hcp supercells
(each containing 144 atoms), and 351 4 X 4 X 4 bcc supercells (each
containing 128 atoms). The supercells are evenly spaced across the
ternary compositional space, with two supercells per composition
for the fcc and hcp structures. Each of the fec, hep, and bee datas-
ets was optimized using MBS, with f, = 100 and N, = 1,895,400,
Nove = 2,021,760, and N,y = 898,560, respectively. Artificial ex-
pansion, thermal noise, and strain were applied to each using the
following parameters: T, = 1800K, €,,,, = =3 %, €., = 3%, Oy =
0.01, and a,,,,, = 0.5. The dataset also includes pure elements, as well
as the following stoichiometric compounds (i.e., ordered interme-
tallics): L1,, L1y, L1;, and B, for all pairs of elements, and CrNi,
(space group Fd3m) and CrgCo, (space group P4,nm). Twelve con-
figurations of each (pure elements and intermetallics) were gener-
ated as 3 X 3 X 3 supercells. Thermal noise was applied using the
same parameters as in the MBS datasets.

The TaTiVW training dataset is composed of 572 2 X 2 X 2 fcc
supercells (each containing 32 atoms), 572 4 X 3 X 3 hcp supercells

(1)

min max
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(containing 144 atoms), and 572 3 X 3 X 3 bec supercells (each con-
taining 54 atoms), evenly spaced across the quaternary composition-
al space, with two supercells per composition for the fcc, bec, and
hcp structures. Each of the fcc, hep, and bee datasets was optimized
using MBS, with B, = 100 and N,y = 1,000,000, N, = 660,000,
and N,y = 1,000,000, respectively. Artificial expansion, thermal
noise, and strain were applied to each with parameters: T, = 3700K,
€min = —3%, €pax = 3%, 0y, = 0.01, and o, = 0.5. The dataset
also includes pure elements, as well as the B, intermetallics for all
element pairs. For the pure elements, a total of 76 2 X 2 X 2 super-
cells were generated in fcc, bee, and hep structures for each element.
Artificial expansion, thermal noise, and strain were applied to each
system with parameters: T7® = 3293K, TV = 3695K, T"! = 1941K,
TY =2183K, €yin = =5% €pax = 5% Upyip = 0.01, and = 0.6.
Twelve systems of each intermetallic were generated as 3 X 3 X 3 su-
percells. Thermal noise was applied using the same parameters as in
the MBS datasets.

Density functional theory

The Vienna ab initio simulation package [VASP (63-67), version
6.2.1] was used to perform collinear spin-polarized DFT calcula-
tions. The Perdew-Burke-Ernzerhof [PBE (68)] exchange-correlation
functional and projector-augmented wave (69) pseudopotentials
(version potpaw.PBE.54) were used for all systems, except for AuPt,
where local density approximation [LDA (70, 71)] was used instead
because it yields a lattice parameter in better agreement with experi-
ment than PBE.

For the test set shown in Fig. 2, we used the Materials Project
static calculation parameters (MPStaticSet) as implemented in py-
matgen to ensure consistency with the uMLPs, which were trained
on first-principles data with similar settings.

For the rest of the datasets, however, the valence configurations
used in pseudopotentials were as follows Cr: 3p®3d°4s!, Co: 3d*4s!,
Ni: 3d%4s2, Au: 5d"°6s, Pt: 5d°6s!, Cu: 3d'°4s!, Ta: 5pS5d*6s!, Ti: 3s>
3pS3d°4s!, V: 3s23p93d*4s!, and W: 5s25p®5d°6sL. For the AuPt, CuAu,
CrCoNi, and TaTiVW systems, electronic states were sampled us-
ing Monkhorst-Pack meshes 0f 9 X 9 X 9,8 X 8 X 8,9 X 9 X 9, and
14 X 14 X 14, respectively, for 4-atom fcc unit cells. In addition, in
the CrCoNi, and TaTiVW systems, electronic states were sampled
using Monkhorst-Pack meshes of 12 X 9 X 9 and 14 X 14 X 14, re-
spectively, for 4-atom hcp unit cells. For bee unit cells with 2 atoms,
meshes of 12 X 12 X 12 and 15 X 15 X 15 were used. For larger su-
percells, the k-point density was scaled inversely with the real-space
supercell size (e.g., a 3 X 3 X 3 fcc CrCoNi supercell was sampled
using a 3 X 3 X 3 mesh). A second-order Methfessel-Paxton smear-
ing scheme was used, with widths of 0.26, 0.12, 0.10, and 0.15 eV,
and plane-wave energy cutoffs of 350, 450, 430, and 500 eV, respec-
tively. Spin polarization was included only for calculations involv-
ing the CrCoNi system. For all systems, the energy threshold for
self-consistency and the force threshold for structure relaxation
were10™> eV and 0.02 eV /A, respectively.

MLP model training

The MLPs for all alloy (AuCu, AuPt, CrCoNi, and TaTiVW) were
trained using the performant implementation of the ACE (28) frame-
work via the python-ace package. Models construction followed
the general body-ordered ACE formalism with increasing correlation
order and included both one-body and many-body terms. The global
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neighbor list cutoff radius was set to 5.3/5.3/5.0/5.5A for each system,
respectively. We used a Chebyshev-based radial basis (ChebExp-
Cos) and a smooth cosine cutoft function, with radial supports rang-
ing from1.75/1.75 /1.75/1.5A t0 5.3/5.3 /4.75/5.5A, and a spline bin
width of 0.001 A. Angular and radial resolutions were controlled us-
ing body-order—specific parameters. For unary contributions, we used
{ max = [0,3,2,1,1,01([0,4,3,2,2,1] for TaTiVW) and n,,,4 = [15,6,3,2,2,1]
(120,8,4,3,3,2] for TaTiVW) across body-orders 1 to 6. For two-body
to five-body interactions, we used { .. = [0,2,2,1,1] ([0,3,3,2,2] for
TaTiVW) and n,4 = [15,3,3,2,1] ([20,4,4,3,2] for TaTiVW). Each el-
ement’s basis was limited to a maximum of 700 functions (1000 for
TaTiVW). For the density embedding, we used a shifted and scaled
Finnis-Sinclair-type functional (FinnisSinclairShiftedScaled), pa-
rameterized using a two-channel density and internal parameters
[1,1,1,0.5] per element.

The training process minimized a combined force and energy
loss function with regularization. Specifically, we applied both L,
and £, regularization penalties of 1078 /1078 /1078 /107" to the model
coefficients and used a damping factor k = auto/auto/0.1/0.05 to
weight the energy contributions. Optimization was performed us-
ing a Broyden-Fletcher-Goldfarb-Shanno (BFGS) optimizer with
a maximum of 1400/1400/1400,/2000 iterations and a hierarchical
body-order fitting schedule (ladder_type: body_order; ladder_step:
25/25/25/15). We used a batch-wise evaluation scheme with an ini-
tial batch size of 400, which was adaptively reduced during training
to improve memory efficiency if needed.

Free energy
The free energy in Fig. 3C was computed by accounting for the vi-
brational and configurational contributions.

For the vibrational contributions we used the nonequilibrium
Frenkel-Ladd (FL) method (72) implemented in the large-scale
atomic/molecular massively parallel simulator [LAMMPS (73)]. This
method estimates the free energy of a solid by performing a dynam-
ic interpolation between the system Hamiltonian Hj and a reference
Einstein crystal Hg, according to

H(\) =(1-MHy+AHg, A€0,1] )

where A is a time-dependent switching parameter. The free energy
is obtained by combining the results from forward and backward
switching paths

Fo=Fg+ %(Wf::d_wit;:vd) +8Fcy 3)
where Fg is the known analytic free energy of the Einstein crystal,
S8Fcy accounts for the fixed center-of-mass constraint, and Wifr‘“r’d and
Wibr:Vd are the irreversible work contributions from the forward and
backward paths, respectively.

All molecular dynamics simulations used a timestep of 1 fs and
were performed using the velocity-Verlet integration algorithm with
a Langevin thermostat with a damping constant of 0.1 ps. Each tra-
jectory included a 10-ps equilibration period followed by 100 ps of
switching in both the forward (A:0 — 1) and backward (A:1 — 0)
directions. The switching was carried out using the fix ti/spring
command in LAMMPS, with the function 2 polynomial form to re-
duce dissipation. The Einstein crystal’s spring constant k were set to
2.5 eV/A®, Each free energy value was averaged over five forward
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and backward switching trajectories. Final values were reported as
the average over all runs, and statistical uncertainties were estimated
as the SEM.

The vibrational contribution to the free energy of random solid
solutions (Fggss) was obtain by applying this procedure to chemically
random solid solutions. Meanwhile, for the vibrational contribution
of thermally equilibrated solid solutions (Fgss) the chemical con-
figurations used were obtained from the final step of Monte Carlo
simulations with the acceptance probability for an atomic swap
at any given step min|1, exp(—BAE)|, where B~ = kT, kg is the
Boltzmann constant, and AE = E; — E; with Ey the energy after the
atomic swap and E; the energy before it. These Monte Carlo simula-
tions were initialized from chemically random 14 X 14 X 14 super-
cells (10,976 atoms) using lattice parameters adjusted for thermal
expansion. Each simulation ran for 25 Monte Carlo steps per atom.

The configurational contribution to the free energy is — TS_, .
where the configurational entropy was computed using the pair ap-
proximation within the cluster variation method (CVM) (74)

St = ksN | @w=1) YL(x) =w Y L{yy) +w=D|  (a)
i ij

where N is the number of lattice sites. The variable x; is the probabil-
ity of finding species i at a site, and y;; is the probability of finding
species i and j on a nearest-neighbor pair. The factor w is half
the coordination number (equal to 6 for fcc lattices). The function
L(x) = xInx — x is used to express the entropy terms compactly.

Phase diagrams

The phase diagrams in Fig. 5 were computed using a multicell Mon-
te Carlo method within the semigrand isobaric ensemble, obtained
by adapting the MC? algorithm (29, 75-77) to operate within the
semigrand ensemble. This approach models coexisting phases in
distinct simulation cells under a shared chemical potential differ-
ence Ap, which enables equilibrium between coexisting phases to
emerge naturally, without interfacial energy penalties. A key advan-
tage of this approach is the natural equilibrium stopping condition
provided by the semigrand isobaric ensemble: Phase equilibrium is
achieved when all coexisting phases have equal semigrand poten-
tials at the imposed Ap. This thermodynamic criterion ensures that
the system has reached true equilibrium once each cell minimizes its
semigrand free energy, which provides a robust and unambiguous
determination of phase boundaries.

For each temperature point, two or more simulation cells were
initialized with different crystal structures (fcc and bec for CrNi; fec
and sigma or sigma and bcc for CrCo; fcc only for AuPt) to repre-
sent potentially coexisting phases. Each cell contained 8 X 8 X 8 unit
cells for fcc and bec structures (2048 atoms for fcc and 1024 atoms
for bec) or 4 X 4 X 4 unit cells for the sigma phase (1920 atoms) and
was subject to periodic boundary conditions in all directions. The
cells equilibrated under identical temperature T, pressure P = 0, and
chemical potential difference Ap = py — p, conditions.

Within each cell, semigrand Monte Carlo moves were per-
formed by randomly selecting atoms and attempting to change
their chemical identity (e.g., Cr — Ni or Ni — Cr). The acceptance
probability for these transmutation moves followed the Metropolis
criterion

Pacc=min{1,exp[—ﬁ(AE—Ap-ANB)]} (5)
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where AE is the change in potential energy, p = 1/kyT, and ANy is
the change in the number of B-type atoms.

To capture vibrational contributions, short molecular dynamics
trajectories were performed between Monte Carlo cycles using a
Nosé-Hoover thermostat and barostat (damping parameters of 100
timesteps) with a timestep of 0.001 ps. Each Monte Carlo cycle con-
sisted of N attempted transmutations (where N is the number of
atoms) followed by 10 molecular dynamics steps.

Phase fraction moves were implemented to allow virtual mass
transfer between cells without physical particle exchange. Small per-
turbations to the phase fractions A¢ were proposed and accepted

according to
} (6)

where €, is the semigrand potential per atom of phase i, Quy is the
minimum among all phases, and N is the total number of atoms in
the system.

For each temperature, the appropriate Ap value was determined
using a parallel grid search to achieve equal semigrand potentials be-
tween coexisting phases. Simulations were equilibrated for 100,000
Monte Carlo cycles, followed by 50,000 production cycles (1,000,000
and 500,000 molecular dynamics steps, respectively). Phase compo-
sitions were extracted by averaging over the production period, with
error bars calculated as the SEM.

For validation purposes, the predictions were compared to those
of experimental data from refs. (78-85) as compiled by ref. (86) for
CrNij, from refs. (87-92) as compiled by ref. (93) for CrCo, and from
refs. (94-100) as compiled by ref. (101) for AuPt. Predictions are
also compared to CALPHAD phase diagrams of CrNi (102), CrCo
(103), and AuPt (104) as compiled by the ASM Alloy Phase Diagram
Database (12).

Pacc = min{ 1, exp [_BNtot X Z (Ql - Qmin) ' A(pi

Melting temperature
The melting temperatures in Fig. 6 were computed using the phase-
coexistence method (30).

A total of 196,608 (fcc) and 200,000 (bcc) atoms were used to con-
struct the initial crystal-liquid interface structure. At the center of the
simulation box, 25% of the atoms formed an fcc slab (16 X 16 X 16
unit cells with its orthogonal axes oriented along the[112],[111], and
[110] directions). For the bcc structure, 67% of the atoms formed a
bece slab (20 X 28 X 60 unit cells with its orthogonal axes oriented
along the ﬁlo], [001], and [110] directions). The remaining 75%/33%
of atoms, representing the liquid phase, were randomly distributed in
the regions above and below the slab, occupying the same x-y cross-
sectional area and distributed along the[110] normal. The simulation
cell dimensions reflected the equilibrium lattice constant of the fcc or
bec phase and the average density of the liquid at the corresponding
temperature. Periodic boundary conditions were applied in all three
spatial dimensions.

The crystalliquid system was equilibrated through a multistage
procedure. First, the liquid atoms were relaxed for 100 steps (using
the conjugate gradient algorithm) whereas the atoms in the solid
slab remained fixed. Subsequently, the liquid region was equilibrat-
ed for 2 ps at the target temperature. This was followed by a 2-ps
equilibration of the solid region at 0.95X the target temperature.
In the final stage, the liquid atoms were further equilibrated for 2 ps
at the relevant temperature and zero pressure along the direction

Sheriff et al., Sci. Adv. 12, eaea9951 (2026) 19 June 2026

normal to the crystal-liquid interface. The Nosé-Hoover thermo-
stat and/or barostat was used for all equilibration procedures de-
scribed above.

The phase-coexistence simulations were conducted for 300 ps
using a timestep of 2 fs. Temperature and pressure were controlled
using a Nosé-Hoover thermostat and barostat with zero pressure
maintained along the direction normal to the crystal-liquid inter-
face, whereas the box dimensions parallel to the interface were held
fixed. To prevent center-of-mass drift, the total linear momentum of
the system was reset to zero every 2 ps, and temperature calculations
excluded the center-of-mass velocity.

Simulations were performed at multiple temperatures, spaced by
increments of 20 K around the estimated melting temperature. At
each temperature, the interface velocity was determined by measur-
ing the rate at which liquid atoms converted to solid atoms, using
the polyhedral template matching (PTM) method (105, 106) with a
root mean square deviation cutoft of 0.15 to identify liquid and solid
atoms. Following an initial 20-ps equilibration period, the number
of liquid phase atoms was sampled every 2 ps. The melting tempera-
ture was identified as the temperature at which the net crystal-liquid
interface velocity was zero.

For validation purposes, the predictions were compared against
experimental data from refs. (32, 33).

Warren-Cowley parameters
SRO was quantified using the Warren-Cowley parameters (34),
defined as

P(A[B)

CA

opp =1~ (7)
where p(A|B) is the conditional probability of finding an A-type atom
in the first nearest-neighbor shell of a B-type atom, and c, is the
concentration of A-type atoms in the system.

The Warren-Cowley parameters in Fig. 7 were obtained by ther-
mally equilibrating solid solutions using Monte Carlo simulations
(described in the Materials and Methods section “Free energy”)
as follows. Chemically random 10 X 10 X 10 supercell structures of
4000 atoms were generated with lattice parameters that account for
thermal expansion. Each simulation ran for 50 Monte Carlo steps
per atom and 20 independent simulations were performed for each
temperature and concentration. A total of 1000 configurations were
saved evenly along the entire Monte Carlo trajectory, and the last 50
saved configurations of each simulation were used to compute the
average Warren-Cowley parameters with the WarrenCowleyParam-
eters OVITO modifier (107). The error bars in Fig. 7 represent the
SEM, evaluated using 20 independent simulations.

For validation purposes, the predictions were compared against
experimental data from refs. (35-38, 108).

Thermal expansion

Lattice parameters in Fig. 8A were computed using molecular dy-
namics simulations with LAMMPS (73). For each composition, we
generated random solid solutions with an fcc crystal structure in
supercells of 20 X 20 X 20 unit cells. The initial lattice parameter was
set t0 3.526 A. The system was evolved for 100 ps in the NPT en-
semble using a Nosé-Hoover thermostat and barostat with damping
parameters of 0.1 and 1 ps, respectively. A 2.5-fs timestep was used,
and periodic boundary conditions were applied in all dimensions. Sim-
ulations were performed at temperatures ranging from 0 to 1500 K

110f 14

9202 ‘67 2unf uo 3I0°00UaIds" Mmm//:sd)y Woiy papeoumod



SCIENCE ADVANCES | RESEARCH ARTICLE

in increments of 100 K. The lattice parameters were computed from
the time-averaged simulation cell dimensions, excluding the first
half of each simulation to ensure equilibration.

For validation purposes, the predictions were compared against
experimental data digitized from ref. (109).

Specific heat

The specific heat (c,) in Fig. 8B was computed using molecular
dynamics simulations performed with LAMMPS (73). Simulations
were performed in the isothermal-isobaric (NPT) ensemble with a
Nosé-Hoover thermostat and barostat, using a timestep of 0.001 ps.
The system was maintained at zero pressure, with damping param-
eters of 1 ps for both the thermostat and barostat. At each tempera-
ture, the system was equilibrated for 30,000 timesteps (30 ps), and
the enthalpy was recorded every 50 steps. The specific heat c, at each
temperature was determined via linear regression on the enthalpy
versus temperature data, using a window of +3 temperature points.
Only the second half of each simulation was used in the analysis to
ensure equilibration.

For validation purposes, the computational results were com-
pared against experimental data digitized from ref. (33). In the case
of pure tungsten, our results were benchmarked against the stan-
dard NIST data (43), which uses the Shomate equation

(®)

where t = T /1000 K, and the coefficients (A, B, C, D, and E) are
temperature range dependent, specifically optimized for the inter-
vals of 298 to 1900 K and 1900 to 3680 K.

cp=A+Bt+Ct2+Dt"’+t£2

Stacking-fault energy

The (111) SFE (ys in Fig. 9) was computed as follows. First, ther-
mally equilibrated solid solutions at 500 K were generated at each
composition via Monte Carlo simulations (as described in the Ma-
terials and Methods section “Free energy”). Chemically random
14 X 8 X 6 supercells of 4032 atoms were generated with coordinate
axes aligned with the [110], [ITZ], and [lﬁ] directions. After adjust-
ing the lattice parameters for thermal expansion, each simulation
ran for 50 Monte Carlo steps per atom. The periodic boundary con-
ditions along the [lﬁ] direction were then removed, and the system
was relaxed by minimizing the potential energy at a fixed volume
while holding the atoms in the top and bottom close-packed planes
at their initial positions. An intrinsic stacking fault was introduced
between two (lﬁ) planes, followed by a second relaxation under
the same conditions. The SFE was determined by computing the
energy difference between the relaxed structures before and after
introducing the fault and dividing it by the cross-sectional area of
the supercell in the [lm direction. The energy values were calcu-
lated for all 18 (111) planes in the final configurations of each Monte

Carlo simulation. yg in Fig. 9 corresponds to the mean of these
18 values.
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