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Evaluating moment tensor potential in Ag–Cu alloy: Accuracy, transferability,
and phase diagram fidelity
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A Moment Tensor Potential (MTP) has been developed for the Cu–Ag binary alloy and its accuracy,
transferability, and thermodynamic fidelity evaluated. The model was trained on a diverse dataset encompassing
solid, liquid, and interfacial configurations derived from density functional theory (DFT) calculations. Bench-
marking against experiment and DFT data demonstrated significant improvements over the widely used classical
Embedded Atom Method (EAM) potential, particularly in predicting defect energetics, surface properties, and
the eutectic phase diagram. Despite a slight underestimation of Ag’s melting point, the MTP model achieved
consistent accuracy across elemental and binary systems without direct fitting to high-temperature phase tran-
sitions. The predicted eutectic temperature and composition were found in close agreement with experimental
observations. These results establish MTP as a robust framework for modeling immiscible metallic systems and
pave the way for its integration into large-scale atomistic simulations where both fidelity and generalizability are
essential.
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I. INTRODUCTION

The copper–silver (Cu–Ag) alloy system has been the fo-
cus of sustained interest due to its unique combination of
immiscibility in the solid state and eutectic formation in the
liquid phase [1–3]. This system has been widely studied for
its applications in electronics, catalysis, and soldering, where
phase behavior and surface diffusion critically influence ma-
terial performance [2]. The relatively large lattice mismatch
between Cu and Ag, approximately 12%, has rendered this
system an archetype for exploring heteroepitaxial growth, in-
terface energetics, and atomic transport phenomena [4,5]. As a
result, the Cu–Ag binary alloy has served as a benchmark for
testing interatomic potential models and simulation method-
ologies across length scales.

To model the interatomic interactions in the Cu–Ag sys-
tem, the Embedded Atom Method (EAM) [6,7] has been
widely employed, including a parametrization specifically
constructed to reproduce the thermodynamic and structural
properties of both elements and their binary mixtures [8].
Using a physically motivated functional form and a limited
number of fitting parameters, a potential using the EAM for-
malism has been shown to capture essential features such
as cohesive energies, lattice constants, and elastic moduli
with moderate success [9]. However, its transferability to
surface and defect-related properties remains limited. As
demonstrated by [10], the EAM potential significantly un-
derestimates surface and stacking fault energies, particularly
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in low-coordination environments where directional bonding
becomes important. To address these deficiencies, the surface
EAM (SEAM) [10] was introduced by incorporating angular
corrections into the EAM framework, thereby improving sur-
face energetics while retaining the computational efficiency
of EAM. Nevertheless, the improved surface accuracy came
at the cost of reparametrization and limited generalizability
across complex alloy configurations, underscoring the inher-
ent limitations of fixed functional forms.

In recent years, machine learning interatomic potentials
(ML-IAPs) have emerged as a compelling alternative capa-
ble of bridging the accuracy of density functional theory
(DFT) with the scalability of classical potentials [11–17]. In
ML-IAPs, the form of the potential energy surface is not
assumed a priori but is instead inferred from data using
local atomic environment descriptors that are invariant to
rotation, translation, and permutation [18]. Methods such as
the Moment Tensor Potential (MTP) [19], Gaussian Approx-
imation Potential (GAP) [20], and high-dimensional neural
network potentials (NNPs) [15] have been developed to this
end. Among them, MTP has been recognized for its favor-
able trade-off between accuracy and computational cost [13].
The MTP framework constructs rotationally covariant ten-
sor descriptors and systematically contracts them into scalar
invariants, allowing flexible and complete representations of
atomic interactions [21–24].

In this study, a MTP has been constructed for the Cu–Ag
binary system with the goal of accurately capturing ther-
modynamic properties across the solid and liquid phases.
Special emphasis has been placed on the reproduction of
the binary phase diagram, which exhibits a eutectic point at
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approximately 1052 K and a composition near 28.1 at.% Cu
[2]. The phase diagram belongs to a simple eutectic type with
complete immiscibility in the solid state and limited solubility
in the liquid, making it a stringent benchmark for assessing
interatomic potentials. The EAM model [9] has been able
to qualitatively reproduce the overall shape of the phase di-
agram but deviates in the predicted eutectic temperature and
composition due to insufficient resolution of subtle entropic
and enthalpic contributions near the solid–liquid coexistence
region. Accurate prediction of the eutectic point requires a
potential that simultaneously captures the energetics of disor-
dered liquid structures and the delicate free energy differences
between solid phases, which has traditionally posed a chal-
lenge for fixed-form empirical models.

By contrast, the MTP developed in this work has been
trained on a diverse dataset incorporating solid, liquid, and in-
terfacial configurations, enabling accurate interpolation across
phase boundaries. The predicted eutectic point is found to
be in close agreement with experimental data, reflecting the
MTP’s ability to resolve fine features in the free energy
landscape. In addition, improvements are observed in key
defect and surface properties, including the generalized stack-
ing fault energy (GSFE) of Ag and the surface energies
of both Cu and Ag. Although the melting point of Ag is
slightly underestimated by approximately ≈100 K, the MTP
consistently outperforms the EAM reference model across
multiple property classes. These findings support the use of
machine-learned interatomic potentials as versatile tools for
high-fidelity modeling of phase stability and interfacial phe-
nomena in binary metallic systems.

II. METHODOLOGY

A. Training database

A training dataset with controlled variation was con-
structed to represent the relatively simple atomic envi-
ronments characteristic of Cu–Ag alloys. First-principles
calculations were performed using the Vienna Ab ini-
tio Simulation Package (VASP) [25], version 6.3.2. The
Perdew–Burke–Ernzerhof (PBE) exchange-correlation func-
tional within the generalized gradient approximation (GGA)
[26] was employed. The Brillouin zone was sampled using
a Monkhorst–Pack k-point mesh with a spacing finer than
2π × 0.01 Å−1. The plane-wave basis was defined with a
kinetic energy cutoff of 520 eV. Gaussian smearing with a
width of 0.2 eV was applied to facilitate Brillouin zone in-
tegration. Electronic self-consistency was achieved when the
total energy difference between iterations fell below 10−6 eV,
and ionic relaxation was performed until the maximum force
on any atom was less than 0.01 eV/Å.

Following prior work [24,27], the dataset includes strained
configurations of FCC Cu and Ag with lattice distortions up
to 15% in order to accurately reproduce elastic constants. Ad-
ditional high-symmetry polymorphs—including BCC, HCP,
A15, β-Sn, hexagonal ω (C32), simple cubic (SC), and di-
amond cubic (DC)—were incorporated to ensure that the
correct ground-state structures are robustly favored by the po-
tential. For pure elemental systems, supercells of various sizes
were constructed, incorporating random atomic displacements

up to 0.5 Å and isotropic box size perturbations of ±5%
to mimic thermal fluctuations and volumetric expansion. Re-
laxed configurations of surface slabs, generalized stacking
faults (GSFEs), monovacancies, and interstitial defects were
also included to improve defect transferability.

For binary structures, ordered intermetallic compounds
were included despite the experimental immiscibility of Cu
and Ag in the solid phase, in order to prevent the potential
from artificially stabilizing unphysical ground states. Solid so-
lution configurations were generated by introducing Cu atoms
into Ag lattices and vice versa at various concentrations, with
atomic perturbations and box strains applied analogously to
those in the pure-element datasets. This approach ensures
thermodynamic consistency and robustness across the com-
positional and structural landscape of the Cu–Ag system.

The final Ag–Cu MLIP training database comprises a di-
verse and well-balanced set of atomic configurations designed
to enable robust potential fitting across both elemental and
alloyed environments. It includes pure Ag and Cu structures,
as well as Ag–Cu alloys, spanning a range of crystallographic
types and physical phenomena. Key categories include ther-
mally perturbed FCC and BCC/HCP supercells, sheared unit
cells, gamma-surface (GSFE) configurations, isolated atoms,
free surfaces, and point defects. Notably, over 2400 configura-
tions are dedicated to perturbed FCC alloys to ensure accurate
interpolation across concentration ranges. The dataset covers
both relaxed and thermally excited atomic environments, pro-
viding a foundation for accurately modeling energy, force, and
stress behavior under varied thermomechanical conditions.

The dataset is publicly available at the authors’ GitLab
repository. A supporting Python wrapper is also provided for
converting the database into formats compatible with other
transferable training frameworks.

B. Moment tensor potential training

The MTP framework has been successfully applied to a
broad range of material systems, including elemental metals
and multicomponent alloys [21,22]. Within this formalism,
the local atomic environment is described using moment ten-
sors Mμ,ν , defined as

Mμ,ν (ni ) =
∑

fμ(|ri j |, zi, z j ) ri j ⊗ · · · ⊗ ri j, (1)

where ni characterizes the chemical identity and spatial ar-
rangement of neighboring atoms around the ith atom. The
vector ri j denotes the relative position from atom i to atom
j, while zi and z j indicate their atomic types. The radial
dependence is captured through the basis functions fμ, and
angular information is encoded via the rank-ν tensor product
of ri j . The accuracy and computational efficiency of the po-
tential are governed by two key parameters: the cutoff radius
(rcut), which defines the interaction range, and the maximum
expansion level (levmax), which controls the number of basis
tensors and thus the expressiveness of the model. The latter is
typically set as an even integer between 2 and 28.

Following recent work by [24], a systematic grid search
was performed to optimize the MTP hyperparameters. Ex-
pansion levels ranging from 16 to 20 and cutoff radii from
5.0 to 6.0 Å (in 0.1 Å increments) were explored. For each
parameter set, 20 independent MTP models were trained with
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FIG. 1. Visualization of the Cu–Ag MLIP training database com-
position across simulation types and elemental content.

randomized initial weights, resulting in a total of 600 trained
models. From this ensemble, the 50 models with the low-
est root mean squared error (RMSE) in energy per atom
were selected for detailed evaluation. These models were
benchmarked against key physical properties, including elas-
tic constants, GSFE, and melting points of pure elements.

The optimal model was identified at levmax = 16 with a
cutoff radius of rcut = 5.9 Å. This configuration yielded ac-
curate predictions for elastic constants, GSFE, and melting
points across both Cu and Ag. The final MTP exhibited an en-
ergy RMSE of 0.008 eV/atom, a force RMSE of 0.018 eV/Å,
and a stress RMSE of 0.127 GPa. During training, the loss
function weights were set to we = 1 for energy, w f = 0.01 for
forces, and ws = 0.001 for stress components. This weight-
ing scheme was designed to prioritize energy accuracy while
ensuring that force and stress information contributed mean-
ingfully to the optimization process.

A 90:10 train–validation split was used to facilitate
model convergence and prevent overfitting. All training and
model assessments were conducted using the MLIP pack-
age [28]. Molecular dynamics simulations were performed in
LAMMPS [29], and atomic structure visualization and trajec-
tory analysis were carried out using OVITO [30], which was
also used to generate figures presented in this work.

Figure 1 schematically summarizes the total number of
simulations performed for the different structures. To assess
the scalability of the MTP relative to a classical potential,
benchmark simulations were conducted to compare computa-
tional performance against the EAM potential by [9] (for the
remainder of the text, it will be referred to as EAM). Figure 2
presents a log–log plot of the average computational time per
molecular dynamics (MD) step as a function of the number of
atoms, ranging from 2048 to 131 072 atoms of Cu–25%Ag.
Each simulation was conducted on a single compute node
comprising 128 processor cores. Each timing corresponds to
a fixed trajectory length of 5000 MD steps. The MTP results
are shown in red, and the EAM results are shown in black,
with linear fits overlaid as dashed lines to highlight scaling
behavior.

At the smallest system size (2048 atoms), the EAM model
achieves a time per step of approximately 0.000 51 s/step,
while the MTP model requires around 0.004 96 s/step, indi-

FIG. 2. Log–log plot of computational time per MD step (NPT
ensemble at 300 K) versus number of atoms for MTP (red) and EAM
(black) in a Cu–25%Ag system. Each data point represents a 5000-
step simulation performed on a single node with 128 processor cores.
Dashed lines indicate linear fits, confirming near-linear scaling for
both models.

cating a performance overhead of nearly 10x. This relative
cost remains consistent across all tested system sizes. For the
largest system benchmarked (131 072 atoms), EAM simula-
tions proceed at approximately 0.0183 s/step, whereas MTP
requires 0.1834 s/step—again showing a consistent order-of-
magnitude increase in time per step.

Despite this disparity in absolute timing, both models
exhibit linear scaling behavior on the log–log plot, with fit-
ted slopes close to unity. This observation confirms that the
computational cost grows proportionally with system size,
suggesting that the parallelization and data locality of both
implementations remain efficient even at large scales. Impor-
tantly, the consistent scaling slope indicates that the MTP’s
additional computational cost arises from its descriptor eval-
uation and basis expansion complexity, rather than from poor
algorithmic scaling.

Overall, while MTP incurs a 10x computational penalty
relative to EAM, its linear scaling and accuracy gains make it
a viable choice for medium- to large-scale simulations where
high fidelity is required, especially in modeling properties like
stacking faults, surfaces, and phase transitions that are not
captured at DFT accuracy by classical potentials.

III. RESULTS

A. Force validation

Forces were evaluated by differentiating the total energy
with respect to atomic positions, as defined by

�fi = −∂E

∂�ri
,

and compared directly against ab initio forces obtained from
DFT calculations. The MTP model was trained using energy,
force, and stress components, enabling the construction of an
efficient yet physically meaningful training set. The resulting
force RMSE values were 0.017 eV/Å for pure Ag, 0.022 eV/Å
for pure Cu, and 0.014 eV/Å for the Ag–Cu alloy system.
These values demonstrate excellent agreement between MTP
predictions and DFT reference data across both unary and
binary configurations.
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FIG. 3. Comparison of MTP-(top row) and EAM- (bottom row) predicted force norms with DFT reference values for pure Ag, pure Cu,
and the Ag–Cu alloy. Each point corresponds to the magnitude of force on an atom in a given configuration.

Figure 3 presents scatter plots comparing the norms of pre-
dicted and DFT-calculated atomic forces for each system. The
alignment of data points along the diagonal reflects the high
accuracy of the MTP in reproducing force magnitudes across a
wide range of local environments. This validation confirms the
model’s suitability for dynamic simulations, where accurate
force prediction is critical for capturing processes such as
diffusion, defect migration, and thermally activated transi-
tions. Achieving low force RMSEs in both elemental and alloy
systems provides a solid foundation for reliable atomistic
modeling within the broader Cu–Ag compositional space.

B. Cold curve

To evaluate the accuracy and physical reliability of differ-
ent interatomic potentials, we computed and compared the
cold curves—total energy as a function of atomic volume—
for elemental Cu and Ag using the MTP and EAM potentials.
These curves are shown in Fig. 4, which highlights key differ-
ences in behavior across a range of volumes, including those
corresponding to substantial compressive strains.

The EAM potential, as expected, yields smooth paraboli-
clike energy–volume (E–V) curves with minima located near
the equilibrium atomic volumes for both Cu and Ag. The
behavior is consistent with classical potential models, which
are typically designed to maintain physical plausibility across
a relatively broad range of thermodynamic states [18].

The MTP predictions demonstrate not only excellent
agreement with EAM near equilibrium volumes, but also ex-
hibit superior physical fidelity under volumetric compression.
Notably, despite being trained only up to 15% compression,

FIG. 4. Cold curves for Cu and Ag predicted by MTP and EAM.
While both agree near equilibrium, MTP shows physically consistent
energy rise under compression despite lacking training data below
85% volume, highlighting its robustness in extrapolation. MTP pre-
dicted energies for Ag and Cu are offset by approximately 0.15 and
0.22 eV/atom, respectively, relative to the zero-energy reference.
This discrepancy arises because, in DFT, the total energy of an
isolated atom is not set to zero. The MTP inherits this reference offset
as it attempts to match the DFT isolated-atom energies.
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TABLE I. Comparison of material properties of Ag and Cu predicted by SEAM [10], EAM [9], and MTP, alongside experimental and DFT
values. Cohesive energy (Ecoh) is reported in eV; lattice constants (a) in Å; elastic constants (Ci j) in GPa; structural energy differences (�E ) in
meV; and point defect energies—including vacancy formation energy (Evac), vacancy migration energy (Em), octahedral (Eocta), and tetrahedral
(Etetra) interstitials—are in eV. The vacancy formation volume (�v) is given relative to the equilibrium atomic volume (�0). Surface energies
(Esur f ) and stacking fault energies (γs f ) are presented in mJ/m2. Experimental and DFT references are provided in the footnotes; unless
otherwise noted, DFT data are from the present study.

Ag Cu

Property SEAM EAM MTP DFT Expt. SEAM EAM MTP DFT Expt.

Ecoh 2.85 2.85 2.57 2.60 2.96c 3.32 3.54 3.57 3.61 3.49c

a 4.09 4.09 4.15 4.15 4.086a 3.49 3.61 3.63 3.63 3.62a

C11 116.06 124.24 112.90 100.5b,113.55 122a 119.43 169.89 178.99 174.96b,178.99 169a

C12 88.31 93.87 81.03 85.25b,84.24 92a 89.85 122.61 123.64 121.57b,123.64 122a

C44 44.48 46.42 44.12 39.16b,41.34 45.5a 49.65 76.19 79.55 76.45b,79.55 75.3a

Evac 4.07 1.10 0.78 1.03g,0.73 1.10f 4.35 1.27 0.98 1.09e,1.06 1.27d

�v/�0 0.67 0.68 0.69 – 0.94i 0.67 0.70 0.72 – 0.78i

Em 0.92 0.655 0.625 – 0.66f 0.93 0.689 0.754 – 0.71f

Etetra 4.11 4.11 3.46 3.89g,3.44 – 6.07 3.60 3.74 3.72e,3.78 –
Eocta 3.49 3.49 2.89 2.38g,2.95 – 5.87 3.18 3.32 3.33e,3.40 –
Esur f (100) 940 940 858 820g – 1018 1345 1437 1486e –
Esur f (110) 1017 1017 898 870g – 1128 1475 1517 1571e –
Esur f (111) 862 862 739 760g – 928 1239 1283 1329e –
γus f 〈112̄〉(111) 118.59 118.24 97.88 92.01b,100.4h,91.54 – 123.19 163.26 165.94 160.52b,163.7h,154.99 –
γis f 〈112̄〉(111) 14.74 14.63 19.48 14.49b,17.8h,17.26 – 30.03 44.01 40.43 41.83b,38.5h,41.69 –
�EFCC→BCC 0.033 0.033 0.033 0.027 – 0.030 0.034 0.036 0.032 –
�EFCC→HCP 0.004 0.004 0.005 0.003 – 0.006 0.007 0.008 0.008 –
�EFCC→SC 0.400 0.327 0.307 0.326 – 0.279 0.448 0.459 0.458 –
�EFCC→ω 0.078 0.064 0.086 0.060 – 0.051 0.077 0.077 0.072 –
�EFCC→A15 0.105 0.087 0.063 0.091 – 0.053 0.087 0.086 0.097 –
�EFCC→DC 0.967 0.798 0.798 0.777 – 0.784 0.989 1.017 1.021 –
�EFCC→βSn 0.291 0.237 0.224 0.237 – 0.201 0.314 0.311 0.319 –

aExpt. [32].
bDFT [33].
cExpt. [34].
dExpt. [35].
eDFT [36].
fDFT [3].
gDFT [37].
hDFT [38].
iExpt. [9].

the MTP cold curves do not display unphysical behavior out-
side the training domain. Instead, they show a monotonically
increasing energy profile under compression, consistent with
the expected rise in short-range repulsive forces as atomic
distances decrease.

This is in stark contrast with some neural network po-
tentials (NNPs) reported in the literature [31], which have
occasionally demonstrated nonphysical behavior, such as de-
creasing energy under high compression, when extrapolated
beyond their training set. Such behavior arises from the over-
flexibility and lack of physical priors in purely mathematical
regression models.

The observed robustness of the MTP potential can be
attributed to its systematic polynomial basis, which, while
flexible, retains structural constraints that help preserve physi-
cal trends such as short-range repulsion and energy convexity.
This makes MTP a more predictively stable and physically
informed choice for simulations involving moderate to high
compressive strains.

C. Basic properties

Table I summarizes a range of material properties for
Ag and Cu as predicted by the EAM and MTP potentials,
alongside experimental measurements and DFT reference
data. The EAM potential was primarily fitted to experi-
mental observations, whereas the MTP potential was trained
on DFT-calculated datasets. Despite its relatively simple
analytical form and small number of fitting parameters,
EAM demonstrates impressive accuracy in predicting cohe-
sive energy, lattice parameters, elastic constants, and point
defect formation energies—particularly for Cu. However,
EAM exhibits notable deviations in properties that are
highly sensitive to electronic structure, such as surface en-
ergies and stacking fault energies, especially in the case
of Ag. In contrast, MTP shows significantly better agree-
ment with DFT across these quantities, including γus f , γis f ,
and surface energies for various low-index crystallographic
planes.
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CuAg

FIG. 5. Phonon dispersion relations for Cu and Ag predicted by EAM and MTP potentials, shown alongside DFT reference data.

For structural energy differences between competing crys-
tal phases (e.g., FCC → BCC, HCP, SC, etc.), both EAM
and MTP show good correspondence with DFT, suggesting
reasonable transferability across phase space. Overall, while
EAM offers efficient and accurate predictions for bulk and
point-defect properties, MTP achieves superior fidelity to
DFT, particularly for surface- and fault-related energetics, al-
beit with higher computational cost. Quantitatively, the RMSE
computed across all available properties with respect to DFT
is 46.01 for EAM and 15.99 for MTP.

D. Phonon dispersion

Phonon dispersion curves provide critical insight into the
vibrational and thermodynamic behavior of crystalline ma-
terials. In this study, phonon dispersion relations for Cu and
Ag were computed using the EAM and MTP potentials and
compared against DFT reference data as shown in in Fig. 5.
Phonopy [39] was used to generate symmetry-allowed atomic
displacements and construct harmonic force constants from
the forces obtained with the MTP in LAMMPS. Phonon
frequencies and band structures were then obtained directly
from the dynamical matrix constructed by phonopy. For com-
parison, DFT phonons were calculated using the standard
phonopy–VASP interface: displaced supercells were gener-
ated by phonopy, forces were obtained from VASP, and the
harmonic force constants were extracted with phonopy to
produce the phonon dispersion curves.

The MTP potential shows excellent agreement with DFT
across all high-symmetry directions in the Brillouin zone.
Both the longitudinal and transverse acoustic branches are
accurately captured, especially near the 
-point, where the
slopes of the acoustic modes correspond to elastic constants.
Furthermore, MTP accurately reproduces the curvature and
energy levels of zone-boundary phonons.

In contrast, the EAM potential, though able to reproduce
the overall shape of the dispersion relations, exhibits minor
discrepancies. The transverse acoustic branches are gener-
ally softened near the zone boundaries, particularly in Ag,
suggesting a systematic underestimation of shear stiffness.
Additionally, deviations in the longitudinal acoustic branch
and the flattening of higher-frequency modes indicate limited
transferability of EAM to vibrational properties.

To quantitatively assess the accuracy of the potentials,
RMSE were computed between the predicted phonon fre-
quencies and the DFT reference data. For Ag, an RMSE
of 0.0458 cm−1 was obtained using MTP, which is less

than half the RMSE of 0.1050 cm−1 obtained using EAM.
A similar trend was observed for Cu, where RMSE val-
ues of 0.0624 cm−1 and 0.1624 cm−1 were found for MTP
and EAM, respectively. The reduced RMSE values across
both elements suggest that MTP provides a more accurate
representation of the harmonic force constants and exhibits
improved transferability for modeling vibrational and thermo-
dynamic properties.

E. Stacking fault and gamma surface

In order to evaluate the accuracy and transferability of
MTP for Ag and Cu, its predictions of generalized stacking
fault energies on the FCC {111} plane were compared to
DFT and EAM potentials. The key stacking fault energies
considered include the unstable stacking fault energy (γUSF),
intrinsic stacking fault energy (γISF), the aligned stacking fault
energy (γASF), and the peak GSFE value along the 〈110〉 di-
rection (γp110). These values are derived from energy surfaces
sampled along the 〈112〉 and 〈110〉 crystallographic direc-
tions.

As shown in Fig. 6, the MTP reproduces the qualitative and
quantitative features of the DFT-calculated GSFE surface for
both Ag and Cu. The overall energy landscape—including the
location of energy maxima and minima—is captured far more

MTP EAM

Ag

Cu

FIG. 6. 2D GSFE surface plots on the FCC {111} plane for Ag
and Cu using MTP (left) and EAM (right). Displacements are along
〈112〉 and 〈110〉 directions.
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FIG. 7. γ line of GSFE energy curves for Ag and Cu along the 〈112〉 and 〈110〉 directions on the {111} plane. MTP and EAM predictions
are compared with DFT benchmarks.

accurately by MTP than by the EAM potential, which tends
to exaggerate fault energies and smooth out critical features.
Figure 7 further illustrates the γ -line GSFE curves along both
〈112〉 and 〈110〉 directions. Quantitatively, the MTP model
predicts γUSF, γISF, and γASF within 2% to 8% of the DFT
values for both elements. In contrast, the EAM model exhibits
discrepancies of up to 30%, particularly in γASF and γp110

for Ag.
These findings echo the conclusions of [33], who em-

phasized that the shape and accuracy of the GSFE surface
critically affect dislocation core dissociation, stacking fault
widths, and overall plastic deformation mechanisms in FCC
metals. Their work demonstrated that Cu and Ag closely fol-
low ideal FCC behavior, with displacements to γUSF and γISF

aligning well with hard-sphere expectations.
In this context, current MTP potential achieves DFT-level

fidelity while retaining the computational efficiency needed
for large-scale simulations. which makes it a robust tool for
studying dislocation dynamics, twinning, and deformation in
FCC systems, as guided by the DFT-informed insights of [33].

To assess the transferability of the MTP beyond the struc-
tures included in the training database, the solute effects on
the GSFE for Ag and Cu with dilute solute concentrations
are calculated. The GSFE calculations were performed us-
ing an orthogonal simulation cell with dimensions 1 × 1 × 6,
oriented along the [112̄], [11̄0], and [111] directions, respec-
tively. A half crystal was rigidly sheared along either the [112̄]
or [11̄0] slip directions in the {111} plane.

A single solute atom (Cu in Ag, or Ag in Cu) was placed di-
rectly within the fault plane. Because the fault plane contains
four atoms in the 1 × 1 cross-sectional area, the substitution
corresponds to a local solute concentration of 25% within the
slip plane. A schematic of the simulation geometry is shown
in Fig. 8(a).

The GSFE curves for both pure elements and solute-
modified configurations are shown in Fig. 8(b). The unstable
stacking fault energy γUSF, intrinsic stacking fault energy
γISF, antiphase fault energy γASF, and the peak shear stress
barrier γp for each configuration are summarized in Table II.
Across all systems, the MTP reproduces the DFT values and
the solute-induced trends with high fidelity, while the EAM
potential exhibits significantly larger deviations, especially for
the γASF and γp values.

These comparisons demonstrate that the MTP captures
solute-specific modifications to the local bonding environment

TABLE II. Comparison of DFT, MTP, and EAM GSFE values
(in mJ/m2) for Ag and Cu along different slip directions with and
without 25% solute in the fault plane.

System Fault Type DFT MTP EAM

Ag γUSF 92 98 119
γISF 17 19 15
γASF 454 443 577

Ag γp 288 289 369
Ag+1Cu γUSF 83 90 107

γISF 27 35 8
γASF 526 507 588

Ag+1Cu γp 334 334 393
Cu γUSF 155 166 163

γISF 42 40 45
γASF 811 795 780

Cu γp 491 484 487
Cu+1Ag γUSF 66 76 74

γISF 26 33 20
γASF 512 516 541

Cu+1Ag γp 313 317 330
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FIG. 8. (a) Schematic illustration of the orthogonal simulation cell used for GSFE calculations. The cell is oriented along the [112̄], [11̄0],
and [111] directions with a 1 × 1 × 6 supercell. The upper half of the crystal is rigidly sheared relative to the lower half along either the [112̄]
or [11̄0] directions in the {111} slip plane. A single solute atom (Cu in Ag or Ag in Cu) is placed directly within the fault plane, which contains
four atoms per 1 × 1 interfacial unit, corresponding to a local solute concentration of 25% in the fault plane. (b) GSFE curves for Ag and
Cu along the [112̄] and [11̄0] slip directions in the (111) plane. DFT, MTP, and EAM results are shown for both the pure elements and the
solute-modified configurations (Ag + 25% Cu and Cu + 25% Ag). The MTP accurately reproduces the DFT GSFE profiles and solute-induced
shifts in γUSF, γISF, γASF, and γp, whereas the EAM potential shows larger deviations, especially for high energy fault states.

near stacking faults, despite the absence of GSFE structures
with solutes in the training database. This behavior is consis-
tent with prior observations in Ti–Al–V MTP potential [24],
where the model similarly reproduced solute-modified fault
energetics through interpolation of solid-solution data.

F. Thermal expansion and melting point

Thermal expansion behavior of FCC Ag and Cu was com-
puted using a molecular dynamics approach in which atoms

in a 4000-atom cubic supercell (10 × 10 × 10 unit cells,
each containing four atoms) were allowed to move around
their equilibrium positions, while the simulation volume was
allowed to fluctuate under a zero-pressure condition (NPT en-
semble). As shown in Fig. 9, the results demonstrate excellent
agreement with experimental data [40].

The melting temperature Tm was computed using a 64 000-
atom supercell containing a solid–liquid interface, following
the methodology described in [27] as shown in Fig. 10.
While ab initio predictions for Cu [41] and Ag [42] tend

FIG. 9. Linear thermal expansion of (a) Ag (relative to 300 K) and (b) Cu (relative to 0 K), computed using the NPT ensemble with the
EAM potential. Experimental reference values are relative to different temperatures based on the available data sources, taken from [40].
Arrows indicate the experimental melting points Tm.
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CuAg

FIG. 10. Melting points of pure elements computed using the MTP potential. Experimental, ab initio, and EAM reference values are taken
from [40–42], and [9], respectively.

to slightly underestimate the melting temperature, the EAM
potential—explicitly fitted to reproduce experimental melt-
ing points—achieves high accuracy. In contrast, the MTP
potential was trained only on thermally perturbed atomic con-
figurations without direct fitting to melting data. Nevertheless,
MTP yields melting points in good agreement with ab initio
results. For Ag, the MTP-predicted melting point is approxi-
mately 100 K lower than the experimental value, indicating
that MTP is reproducing the physics captured by ab initio
calculations rather than aligning precisely with experiment.
This underprediction of melting temperatures by DFT is not
uncommon and may be due to the poor prediction of the
cohesive energy or the absence of finite temperature electronic
effects [43].

G. Convex hull of Ag–Cu ordered structures

The ordered structures included in the training database
were characterized through construction of the 0 K con-
vex hull of the Ag–Cu binary system. Chemically decorated
variants of common intermetallic prototypes—including L12,

L10, B2, B32, C14, C22, C1, D019, D022, D023, B33, and
related structures—were employed, providing broad coverage
of relevant ordering motifs across the composition range.
Formation energies for each structure were evaluated using
DFT, the trained MTP, and a representative EAM potential.
A detailed comparison is presented in Table III for Ag con-
centrations between 20% and 80%. The resulting convex-hull
plot (Fig. 11) demonstrates that the MTP reproduces the DFT
stability landscape with high fidelity, accurately capturing
ground states, relative phase ordering, and the curvature of
the formation-energy trend. In contrast, the EAM potential
exhibits larger deviations, particularly near equiatomic com-
positions where several prototypes are overstabilized.

H. Binary phase diagram

Accurately modeling the Ag–Cu system across varying
concentrations is essential for capturing its complex thermo-
dynamic behavior. A reliable interatomic potential must not
only reproduce key material properties but also predict phase

TABLE III. Comparison of DFT, MTP, and EAM energies for various structures at different Ag percentages.

Structure Type Ag(%) DFT MTP EAM Structure Type Ag(%) DFT MTP EAM

MoNi4 (D1a) 20 59 60 66 NaTl (B32) 50 192 152 196
Ni3Sn (D019) 25 71 74 88 CrB (B33) 50 222 161 184
AuCu3 (L12) 25 68 71 83 NiAs (B81) 50 432 397 524
AlCu2Mn (L21) 25 74 74 88 AuCu (L10) 50 91 97 118
Al3Ti (D022) 25 73 72 87 CMCM 60 92 95 120
Al3Zr (D023) 25 66 71 85 Al3Os2 60 83 85 75
Ni3Ti (D024) 25 71 73 86 InNi2 (B82) 67 174 177 230
Fe2P (C22) 33 87 83 92 CaF2 (C1) 67 490 293 380
Cu2Sb (C38) 33 202 197 236 MgZn2 (C14) 67 55 55 73
InNi2 (B82) 33 120 119 163 CrSi2 (C40) 67 129 133 161
CaF2 (C1) 33 283 280 423 Fe2P (C22) 67 161 161 186
MgZn2 (C14) 33 86 93 84 Cu2Sb (C38) 67 157 156 52
CrSi2 (C40) 33 123 125 144 Al3Ti (D022) 75 78 81 109
Al3Os2 40 76 79 85 Al3Zr (D023) 75 74 81 102
CMCM 40 89 92 105 Ni3Ti (D024) 75 79 80 94
CoU (Ba) 50 233 96 118 Ni3Sn (D019) 75 79 80 94
CsCl (B2) 50 108 111 118 AuCu3 (L12) 75 76 81 96
AuCd (B19) 50 96 97 100 AlCu2Mn (L21) 75 80 81 109
AuCd (B19′) 50 105 109 116 MoNi4 (D1a) 80 65 67 82
FeSi (B20) 50 199 167 210
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FIG. 11. Convex hull of Ag–Cu alloys, showing formation energies predicted by DFT, MTP, and EAM potential across varying Ag
compositions.

transitions as a function of temperature and composition. The
MTP successfully captures the phase behavior of the Ag–Cu
alloy up to high Ag/Cu concentrations, as modeled using the
semi-grand-canonical Monte Carlo (SGCMC) method [24]
implemented in LAMMPS.

In SGCMC simulations, the system is initialized with
pure Cu or Ag equilibrated at a specified temperature and
chemical potential (μ). The LAMMPS SGCMC fix employs
the Metropolis acceptance criterion [44], which includes a
chemical potential difference term, �μ. At each molecular
dynamics timestep, ten attempts are made to swap a Cu
atom with an Ag atom, with swaps accepted according to
the Metropolis algorithm [45]. Each simulation involves 2048
atoms and runs for 100 ps. The same procedure is followed
for Ag-rich and Cu-rich phases.

Simulations were conducted at temperatures of 800, 850,
900, and 950 K. Figure 12 presents the resulting hysteresis
loops. The chemical potential difference for a given composi-
tion and temperature, �μ(cAg, T ) is related to the Gibbs free
energy, g(cAg, T ) by

�μ(cAg, T ) = −∂g(cAg, T )

∂cAg
. (2)

By integrating the chemical potential as a function of con-
centration, the relative free energy of any two compositions
can be determined. However, due to the considerable hys-
teresis, the integration must be restricted to either side of
the transition. By determining the relative free energy of the
pure phases, which is accomplished through the Frenkel-Ladd
method [46], the relative free energy can be calculated for
any stable concentration. The common tangent method is

then used to determine the transition concentrations at each
temperature. Figure 13 presents a sample free energy curve at
900 K. The Cu-rich to Ag-rich phase boundaries are observed
at Ag concentrations of 0.8%, 1.1%, 1.5%, and 2.0% at 800,
850, 900, and 950 K, respectively. The reverse Ag-rich to
Cu-rich boundaries are found at 95.0%, 94.0%, 92.5%, and
90.0%, respectively, indicating a narrow composition win-
dow for phase coexistence.For the solidus and liquidus lines,
the simulation setup begins with a two-phase configuration
consisting of solid and liquid regions of the alloy, prepared
similarly to the pure element melting simulations. A planar
solid–liquid interface is equilibrated at a fixed temperature
while systematically varying the chemical potential difference
(�μ) between Cu and Ag atoms. As shown in Figs. 14(a)
and 14(b), the direction of interface motion was monitored
to identify the equilibrium �μ value corresponding to zero
net movement—indicating thermodynamic coexistence. For
each �μ increment, 50 000 MC steps per atom were per-
formed, and the equilibrium point was determined within an
uncertainty of ±0.01 eV/atom. Once the equilibrium �μ was
obtained at a given temperature, a separate MC simulation was
run under this condition to sample the stable compositions
of the coexisting solid and liquid phases. These simulations,
also spanning 50 000 MC steps, yielded the composition of
the solidus and liquidus phases at each temperature, as shown
in Figs. 14(c) and 14(d). This method ensures a consistent
and accurate determination of phase boundaries across alloy
compositions.

After performing simulations at various temperatures and
compositions across the phase diagram, the eutectic behavior
of the Ag–Cu system was reevaluated using the developed
MTP. The results demonstrate a significant improvement

800 K 900 K850 K

C
A
g

C
A
g

C
A
g

FIG. 12. Hysteresis loops obtained from SGCMC simulations of the Ag–Cu alloy at 800, 850, 900, and 950 K, indicating phase transitions
between Cu-rich and Ag-rich phases.
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FIG. 13. Free energy versus Ag concentration at 900 K, with
phase coexistence identified by the common tangent construction.

in the prediction of the eutectic point compared to EAM
potential Fig. 15. Previously EAM estimated the eutectic
temperature to be approximately 935 K, with a eutectic com-
position of 0.46 (atomic fraction of Ag), and solubility limits
for Cu in Ag and Ag in Cu of 0.03 and 0.937, respectively.
These values deviate notably from experimental measure-
ments, which place the eutectic temperature at 1053 K, the
eutectic composition at 0.601, and the solubility limits at
0.049 and 0.860 [40].

By contrast, the current MTP model was specifically
trained to more accurately capture thermodynamic properties
relevant to high-temperature behavior, including eutectic tran-
sitions. Using this model, the eutectic temperature was found

to be 1000.84 K, with a eutectic composition of 0.57. The
solubility limits were determined to be 0.035 for Cu in Ag and
0.885 for Ag in Cu. While the eutectic temperature predicted
by MTP remains slightly below the experimental value, it
represents a substantial improvement over the EAM predic-
tion and shows strong agreement with values obtained from
ab initio methods, which are known to slightly underestimate
melting points of noble metals such as Ag.

IV. CONCLUSION

The present study demonstrates that MLIPs, specifically
the MTP, can bridge the longstanding trade-off between ac-
curacy and efficiency in modeling phase behavior and defect
properties of binary metallic systems. Through systematic
training on a DFT-informed dataset encompassing bulk, de-
fected, and interfacial environments, the MTP model was
shown to significantly outperform the classical EAM po-
tential, especially in capturing energetics sensitive to local
structural heterogeneity such as stacking faults and surfaces.
A key strength of the MTP lies in its robustness across config-
urations it was not explicitly trained on. Despite the absence
of direct fitting to phase diagram data or melting behavior, the
predicted eutectic temperature and composition closely match
experimental benchmarks. This underscores the extrapolative
reliability of the MTP’s descriptor-based formalism, which
systematically encodes atomic interactions while preserving
physical symmetries. Unlike neural-network-based MLIPs,
MTP does not suffer from instability under high compression
or extrapolative breakdown, as demonstrated by its accurate
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Ag : 26%
Cu: 74%

Ag : 83%
Cu: 17%

Equilibrated liquid at 1193 K,

Equilibrated  liquid at 1052 K,
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FIG. 14. Snapshots from MC simulations used to determine the solidus and liquidus lines for Ag–Cu. (a) and (b) Interface evolution as a
function of �μ at fixed temperature. (c) and (d) Equilibrated alloy compositions corresponding to solidus and liquidus points at the melting
temperature.
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FIG. 15. Calculated and experimental [40] phase diagram of the
Cu–Ag system. Filled markers represent compositions obtained from
SGMC simulations in the solid phase region. Open markers denote
values derived from solid–liquid interface simulations used to deter-
mine melting behavior.

cold curves and phonon spectra. Importantly, the inclusion
of pure-element and binary configurations in the training
process did not compromise the fidelity of unary properties.

This suggests that the MTP framework can be systemati-
cally extended to multicomponent alloys without degrading
baseline elemental accuracy—a limitation often observed in
overfitted empirical models. With a training protocol that in-
corporates physical priors and thermodynamic diversity, the
model generalizes well across phase space and retains trans-
ferability from elemental systems to concentrated alloys. The
demonstrated ability to model eutectic behavior, solid–liquid
transitions, and stacking fault energetics with DFT-level fi-
delity establishes MTP as a scalable and physically grounded
approach for next-generation alloy simulations. Future ex-
tensions to ternary or quaternary systems appear feasible,
provided that training sets are similarly comprehensive. Thus,
MTP offers a viable path toward reliable, extensible, and
thermodynamically consistent MLIPs for metallic systems.

The supplemental information presents the atomistic dislo-
cation core structures of Ag and Cu [47].
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