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ABSTRACT
This study evaluates the efficacy of three foundation potentials (FPs)—SevenNet, DPA, and Orb—in predicting selected properties

of several alloys and metals that are based on three elements: Co, Ni, and Ru. The analyzed systems comprise the face-centered

cubic (FCC) structured CoNiRu, Co2Ni2Ru, and pure Ni, as well as hexagonal close-packed (HCP) structured CoNiRu and

CoNiRu2. Properties include lattice parameters, elastic constants, and generalized stacking fault energies (GSFEs), assessed

at 0 and/or 300 K. Results are compared against density functional theory (DFT) data whenever available. We found that all

FPs typically forecast lattice parameters within 2.5% of DFT values at 0 K. At 300 K; both DPA and SevenNet largely successfully

capture the expected thermal expansion trend. Orb was excluded at 300 K due to lattice instability. For elastic constants, DPA

consistently captures thermal softening at elevated temperatures, while Orb and SevenNet exhibit potential-dependent discrep-

ancies. For GSFEs, DPA exhibits the closest alignment with DFT in both FCC and HCP structures, while Orb consistently shows

the poorest performance. By elucidating the respective strengths and limitations of FPs, our findings offer insights into the robust-

ness of these interatomic potentials for high-throughput screening and predictive modeling of alloys.

1 | Introduction

In the past two decades, multiprincipal element alloys (MPEAs)
have gained great attention as promising materials for extreme
environments, with potential applications in aerospace propul-
sion, gas turbines, nuclear energy systems, thermal protection
components, and high-temperature chemical processing equip-
ment [1]. Distinguished by the absence of a single dominant ele-
mental species, MPEAs are made up of three or more principal
elements that are dispersed randomly or near randomly through-
out a crystalline lattice [2]. Local compositional fluctuations and
noticeable lattice distortions are two features of MPEAs at the
atomic scale [3]. MPEAs have distinct deformation mechanisms,
microstructures, and physical characteristics that distinguish

them from the typical behavior of their constituent pure ele-
ments, according to both experimental studies [2, 4–7] and atom-
istic simulations [8–10]. Notably, some MPEA compositions
exhibit remarkable combinations of mechanical properties that
are uncommon in conventional materials, such as simulta-
neously increased yield strength and ductility [5].

The FCC CoCrFeMnNi MPEA—commonly known as the Cantor
alloy [2]—remains one of the most extensively studied MPEAs. It
exhibits excellent ductility and strong strain-hardening capabili-
ties, though its yield strength at room temperature remains modest
[11, 12]. These findings have driven ongoing research aimed at
enhancing mechanical performance through targeted alloy design.
This includes optimizing composition, tuning microstructures and
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nanostructures, promoting precipitation strengthening, and
evaluating the effects of grain size and operating temperature
on yield strength [13–17]. Wu et al. [18] demonstrated, through
a systematic study of phase stability and mechanical behavior
in equiatomic binary, ternary, and quaternary subsets of the
CoCrFeMnNi system, that certain alloys, such as CoCrNi and
CoCrFeNi, outperform the full five-component alloy in terms of
strength at room temperature. At cryogenic temperatures, these
alloys exhibit enhanced mechanical performance due to the acti-
vation of twinning-induced plasticity, a mechanism facilitated by
the reduction in intrinsic stacking fault energy (ISFE) with
decreasing temperature [19]. Notably, CoCrNi exhibits a lower
ISFE (18–22 mJ/m2 [20, 21]) compared with CoCrFeMnNi
(27–30 mJ/m2 [20, 22]), which promotes the development of a
dense network of nanotwins and enables transformation-induced
plasticity under high strain conditions [23].

Despite these insights, much of the existing research has
remained focused on modifying the elemental ratios within
the CoCrFeMnNi system, with limited exploration of alternative
elements. Motivated by the exceptional performance of CoCrNi
and the central role of lattice friction in strengthening mecha-
nisms for MPEAs [2, 24], Charpagne et al. [25] investigated
Co2Ni2Ru, showing that its low ISFE enables twinning-induced
plasticity and its high lattice friction promotes early twinning and
dense planar defects, leading to enhanced work hardening. Ru
was selected due to several advantageous attributes. While sev-
eral HCP elements could potentially tune the ISFE in this system,
Ru stands out due to its significantly larger atomic radius than
both Co and Ni, contributing to enhanced lattice friction, which
is a key strengthening mechanism in MPEAs, as well as a high
shear modulus of 173 GPa, substantially higher than that of Cr
(115 GPa [26]). The same experimental study also found that the
equimolar CoNiRu is an FCC/HCP dual-phase alloy. On the
modeling side, Su et al. [27] focused on the FCC phase of
the CoNiRu alloy, reporting stacking fault widths of screw and
edge dislocations using a density functional theory (DFT)-
informed phase-field model. Although this study provided impor-
tant atomistic insights, its scope was limited to the equimolar
composition and the FCC phase only.

Exploring additional compositions and phases systematically is
hindered by the complexity and high cost of experiments.
Atomistic simulations provide a powerful means to bridge this
gap, offering direct insights into defect energetics, lattice stability,
and deformation mechanisms. The primary component of atom-
istic simulations is the interatomic potential, which defines the
potential energy surfaces (PES) of atomic interactions within a
material system. In recent years, the emergence of machine
learning (ML) has introduced transformative possibilities for
developing interatomic potentials [28–31]. These models now
offer energy and force predictions with accuracy comparable
to that of DFT, while operating at a fraction of the computational
cost. This significant efficiency gain has enabled machine
learning-based interatomic potentials (MLIPs) to accelerate—
and in some cases, replace—conventional DFT calculations,
opening new possibilities for the rapid, in silico discovery and
design of complex materials [32].

The concept of MLIPs was first introduced by Blank et al. [33] in
1995, who developed a neural network framework for predicting

the PES. Later, in 2010, Bartók et al. [34] proposed the Gaussian
approximation potential (GAP) for modeling diamond. Unlike
traditional potentials, GAP does not rely on a predefined func-
tional form, making it well-suited for capturing complex and
high-dimensional energy landscapes. As systems grewmore com-
plex and the need for scalable solutions increased, models like
SchNet [35] and subsequently PhysNet [36] were introduced.
The progress in training MLIPs has been significantly enhanced
by decades of accumulated DFT calculations and the emergence
of extensive open-access materials databases. Notable examples
include the Materials Project [37], Open Quantum Materials
Database [38], AFLOWlib [39], Alexandria [40], and NOMAD
[41]. These repositories offer a broad spectrum of data covering
materials composed of nearly all elements and exhibiting diverse
crystal structures.

Traditionally, MLIPs were tailored to specific chemical systems,
restricting their transferability to elements that were not involved
during training. This landscape began to shift in 2022 with the
introduction of an MLIP for materials based on graph neural net-
works with three-body interactions (M3GNet) for 89 elements
in the periodic table [42]. This advancement marked the rise
of foundation potentials (FPs)—also known as the universal
MLIPs—a new class of models engineered to handle a broad
spectrum of chemistry and crystal structures with minimal
system-specific customization. Hajibabaei and Kim [43] demon-
strated the applicability of FPs in modeling solid electrolytes, in
which Li diffusivity across diverse ternary and quaternary crys-
tal systems was explored. Recently, Loew et al. benchmarked
seven state-of-the-art FPs—M3GNet, CHGNet, MACE-MP-0,
SevenNet-0, MatterSim-v1, Orb, and eqV2-M—evaluating their
performance in predicting phonon-related properties across
diverse materials systems [44]. Huang et al. [45] investigated
transfer learning within the CHGNet FP framework to improve
accuracy across fidelity levels. Their work highlights that proper
energy referencing and multifidelity learning are essential
for achieving reliable cross-functional transferability in next-
generation FPs.

Jakob et al. [46] evaluated the applicability of general-purpose
FPs such as M3GNet and MACE for structure prediction by con-
sidering the merits and flaws of these FPs for structural predic-
tion, particularly for end-to-end workflows beyond energy or
force prediction. Yu et al. [47] considered four graph-based
FPs in a manner that allowed for systematic evaluation and
emphasized cross-material transferability but omitted phase-
sensitive or defect-level accuracy tests. Focassio et al. [48] have
shown that pretrained models such as CHGNet, M3GNet, and
MACE frequently lack generalization in usability to surface or
defect environments, due to a lack of appropriate coverage of
out-of-domain in training data. Casillas–Trujillo et al. [49] found
similar limitations in predicting subtle energetic differences, such
as mixing enthalpies and volumes in binary alloys. Moreover,
Deng et al. [50] identified a systematic softening of the PES in
M3GNet, CHGNet, and MACE-MP-0 that was rooted in system-
atically underpredicted curvatures from biased near-equilibrium
training data, which led to systematically low predictions of ener-
gies and forces across high-energy configurations such as defects
and solid solution. Most existing validations of FPs focus broadly
on their predictive performance across a vast chemical landscape,
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typically assessing their accuracy in reproducing global energy
and structural trends over diverse material classes.

However, such broad-spectrum assessments often overlook criti-
cal nuances—specifically, they do not rigorously test whether
these potentials can reliably capture the defect-sensitive proper-
ties essential for modeling complex alloy systems—leaving a gap
as to whether the claimed universality of FPs meaningfully
extends to the fine-scale structural and mechanical descriptors
that dictate alloy deformation. Our study addresses this impor-
tant gap by rigorously examining whether state-of-the-art FPs
—deep potential with attention (DPA) [51], SevenNet [52],
Orb [53]—can reliably predict properties of the chemically com-
plex Co–Ni–Ru system. Three FPs are chosen because they span
the two dominant MLIP paradigms [54]: descriptor-based local
networks (DPA) versus SE(3)-equivariant graph message passing
(SevenNet and Orb). We include both SevenNet and Orb to
probe inductive-bias differences within the equivariant family.
SevenNet, derived from NequIP, adds parallelized message pass-
ing while retaining NequIP’s data efficiency, accuracy, and equiv-
ariant representations [55]. Orb couples smooth overlap of
atomic positions descriptors with a graph-based simulation
engine, providing a flexible and robust framework for complex
atomic interactions [56]. All three FPs provide mature open-
source stacks and public foundation checkpoints that cover
our target element set.

In this study, we benchmark these three FPs to compute basic
structural parameters, including lattice parameters and elastic
constants, as well as generalized SFE (GSFEs) for selected com-
positions at 0 and/or 300 K. The systems studied include FCC and
HCP structures: CoNiRu (FCC), Co2Ni2Ru (FCC), CoNiRu
(HCP), and CoNiRu2 (HCP), as well as pure Ni (FCC) as a refer-
ence system. The selections of CoNiRu2 and Co2Ni2Ru are sup-
ported by available experimental evidence [25]. Although
CoNiRu is not experimentally observed as a single-phase mate-
rial and thus does not possess direct practical relevance, both
FCC and HCP configurations were examined here due to their
potential theoretical relevance. By applying these FPs to structur-
ally distinct configurations, we aim to assess their consistency
and transferability across different phases and chemistries.
Where available, DFT results are used as benchmarks to evaluate
the performance of the FPs. This study does not attempt to rank
or definitively validate the potentials, but rather presents a com-
parative dataset that can inform future modeling efforts and
guide the selection of FPs based on specific structure and
composition.

We emphasize that this work focuses exclusively on chemically
random alloys; that is, neither chemical short-range ordering
(CSRO) nor site-preferential ordering is considered. That said,
numerous atomistic studies have demonstrated that CSRO can
affect structural and mechanical properties in MPEAs such as
CoCrNi [57, 58] and MoNbTa [59]. In particular, CSRO has been
shown to modify dislocation dynamics in MoNbTaW [60],
increase stacking fault energies in MoNbTi and TaNbTi alloys
[61], and enhance fracture toughness in CoCrNi [62]. In parallel,
several studies have investigated the influence of sublattice site-
occupancy behavior on the properties of MPEAs [63–65]. For
example, Zhang et al. [66] showed that incorporating site prefer-
ence via site-occupying fraction-based ordered configurations

markedly modifies thermodynamic and mechanical properties,
leading to lower energies, enhanced stability, and substantially
higher elastic moduli and hardness compared with random struc-
tures. Similarly, Chen et al. [67] reported for FCC CoNiV and
CoCrNi MPEAs that accounting for site preference significantly
alters atomic distributions, reduces configurational entropy,
modifies lattice distortion by 11%, and changes clustering char-
acteristics relative to random-alloy assumptions.

2 | Methodology

2.1 | Atomistic Simulations

Atomistic simulations are performed using LAMMPS [68]. All
initial atomistic structures are generated using Atomsk [69].
Table 1 summarizes the simulated materials, crystal structures,
temperatures, and FPs employed in this study.

2.1.1 | SevenNet

The SevenNet-0 potential [70] was employed in this study.
SevenNet is a framework based on a graph neural network
(GNN) architecture that predicts atomic energies and pressures
by representing atomic structures as graphs and learning inter-
atomic interactions through message-passing operations. This
flexible architecture eliminates the need for manual feature engi-
neering by learning hierarchical atomic representations directly
from raw atomic numbers and positions. As a result, SevenNet
can effectively model chemically diverse systems with high accu-
racy and transferability, making it well-suited for simulating a
broad range of materials systems [52].

GNN-IPs predict total energy and atomic forces using atomic
numbers and atomic positions. In the embedding layer, atomic

numbers initialize the node features hð1Þ. Atoms are connected
by edges if they are within a predefined cutoff distance rc.
Each edge feature evw encodes the distance and unit displacement
vector between atoms v and w. Node and edge features are gen-
erally treated as tensors.

The GNN architecture consists of a stack of message-passing
layers. Each message-passing layer updates node features by
aggregating messages from neighboring nodes and edges.
Following the final message-passing layer, a readout layer pre-
dicts atomic energies based on the final node representations.
Across a total of T message-passing layers, each layer t contains

TABLE 1 | Summary of simulated materials, crystal structures,

temperatures, and FPs used. Note that GSFEs are only calculated at 0 K.

Alloys Structures Temperature FPs

CoNiRu FCC and
HCP

0 and 300 K SevenNet, DPA,
and Orb

Co2Ni2Ru FCC

CoNiRu2 HCP

Pure Ni FCC
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two trainable functions: a message function Mt and an update
function Ut [71]:

mðt+ 1Þ
v =

X
w∈N ðvÞ

MtðhðtÞv , hðtÞw , evwÞ (1)

hðt + 1Þ
v =UtðhðtÞv ,mðt + 1Þ

v Þ (2)

where t= 1, 2, : : : ,T, N ðvÞ is the neighbor set of node v, and

mðt + 1Þ
v is the message gathered from N ðvÞ. The propagation of

node features across connected edges in each message-passing
layer is governed by the functions Mt and Ut . With every addi-
tional message-passing layer, the receptive field of GNN-based
interatomic potentials expands, as nodes iteratively incorporate
information from their neighboring atoms.

The total potential energy (E) of a system can be represented as
the summation of individual atomic contributions, while the
atomic forces are obtained from the negative gradient of the
energy:

E =
P

N
i= 1 Ei (3)

Fi = −∇riE (4)

where Ei and Fi denote the atomic energy and force associated
with atom i, respectively. The symbol N represents the total num-
ber of atoms in the simulation cell, and ∇i is the gradient opera-
tor with respect to the position vector ri.

2.1.2 | DPA

We use in this study the DPA-2 [51] model that was implemented
in the DeePMD-kit v3 [72], which is a package for constructing
MLIPs with near first-principles accuracy and atomistic effi-
ciency. It employs deep neural networks trained on reference
datasets, typically generated from DFT calculations, to represent
the PES and atomic forces. In the DPA framework, the energy of
an N-atom system and the force on individual atoms are repre-
sented by Equations (3) and (4).

The DPA model was developed to predict the atomic energy con-
tribution (Ei) based on z and r:

Ei =F Diðr, zÞð Þ (5)

where Di indicates the descriptor of atom i, The descriptor is a
smooth mapping from atomic numbers and coordinates to a
hidden representation invariant to translation, rotation, and per-
mutation. The atomic numbers are represented by the set
z= ðz1, z2, : : : , zi, : : : , zNÞ, and their corresponding atomic posi-
tions are denoted by r= ðr1, r2, : : : , ri, : : : , rNÞ. The fitting net-
work F is modeled by a standard multiple-layer perceptron
(MLP) composed of an energy-biasing layer:

F ðDiÞ= ebias MLPðDiÞð Þ (6)

The energy bias layer (ebias) adds a constant bias to the atomic
energy. In practical applications, the energy bias is determined
by a least-squares fitting of energies in the training data. Di is
expressed as

Di = concatðf 0i , f 2i Þ (7)

where f 0i and f 2i denote the single-atom representations of atom i.
The representation of f 0i is defined as:

f 0i =MLP one hotðziÞð Þ (8)

where the atomic number zi is converted into a one-hot
representation and embedded by an MLP. Then, the single-
atom representation is updated by the reprint (representa-
tion-initializer) layer that encodes the information of local con-
figuration, which is expressed by pair-atom representation g0ij
and h0ij:

f 1i = repinitðf 0i , g0ij, h0ijÞ (9)

In the meantime, f 2i is mapped from single-atom representation
and pair-atoms representations g0ij and h0ij with a multiple-layer

structure:

f 2i = repformer ∘ : : : ∘ repformer linearðf 1i Þ, linearðg1ijÞ, h1ijÞ
� �

(10)

where the single and pair-atom representations are updated by
repformer layers that are stacked 12 times. The “∘” in the equa-
tion above denotes the layer composition.

g0ij and h0ij are defined as:

g0ij = sðrijÞ (11)

h0ij = sðrijÞ×
xij
jrijj

,
yij
jrijj

,
zij
jrijj

� �
(12)

where sðrijÞ is the switched inverse distance function:

s rij
� �

=
wij

jrijj
, wij =w jrijj

� �
(13)

The switch function w is provided as:

w jrijj
� �

=
1 if rij<rcs
u3 − 6u2 + 15u− 10ð Þ+ 1 if rcs ≤ rij<rc
0 if rc ≤ rij

8<:
where rc is the cut-off radius, u= ðjrijj− rcsÞ=ðrc − rcsÞ and rcs<rc
is the starting point of the smooth switch. The presentations of g1ij
and h1ij are established in the same way as g0ij and h

0
ij, with the only

potential variation being the selection of the cut-off radius rc.

2.1.3 | Orb

Orb is built on a graph network simulator backbone with
smoothed graph attention. In this study, we use Orb-v2 [53].
Atomic configurations are represented as a periodic, cutoff graph:

G= V, E,Cð Þ

where nodes i ∈ V represent atoms (embedded from species only,
without absolute positions to preserve translational invariance)
and directed edges ði→jÞ ∈ E connect neighbors within a periodic
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boundary condition (PBC)-aware cutoff radius rc, determined by
the optional unit cell C ∈ R3× 3.

Edge features are constructed from the interatomic distance
rij = rj − ri and its radial basis expansion:

eij = rij, brij, RBF rij
� �� 	

,

RBFl xð Þ= exp −
x − μlð Þ2
σ2l

� �
, l= 1, : : : , p

(14)

where rij = jrijj and brij = rij=rij and RBF stands for radial basis

function.

The message-passing core, known as the processor in Orb, is
composed of T stacked message-passing layers, which update
node embeddings using attention-weighted, distance-smoothed
messages:

m tð Þ
i =

X
j∈N ið Þ

α tð Þ
ij ϕ tð Þ

e eij, h
tð Þ
i , h tð Þ

j

� �
,

h t + 1ð Þ
i =h tð Þ

i +ϕ tð Þ
v h tð Þ

i ,m tð Þ
i

� � (15)

where t is the layer index, hðtÞi the node (atom) embedding at layer

t, and ϕðtÞ
e and ϕðtÞ

v are learnable update functions. The attention
gates are defined as

α tð Þ
ij = σ w tð Þ⊤ϕ tð Þ

a eij
� �� �

1− rij
� 


rmaxÞp
� �

+|fflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
cutoff rijð Þ

(16)

where σð⋅Þ is the logistic function and ð⋅Þ+ = maxð⋅, 0Þ. The mul-
tiplicative cutoff guarantees continuity and locality near the cut-
off distance.

The decoder, which is the readout module that maps the final

node embeddings hðTÞi from the processor to physical outputs,
produces global energy, per-atom forces, and stress through light-
weight MLP heads:

E=ϕE
1
N

X
i

h Tð Þ
i

 !
, f i =ϕF h Tð Þ

i

� �
, σ =ϕσ

1
N

X
i

h Tð Þ
i

 !
(17)

Unlike conservative MLIPs, Orb does not compute forces as gra-
dients of the energy but predicts them directly in one forward
pass. To ensure physical consistency, corrections are applied:
First, the net force is removed:

bf i = f i −
1
N

XN
j= 1

f j (18)

and for non-periodic systems, a minimal-norm correction δf i is
added to enforce zero net torque:

f
�
i =bf i + δf i,

δf = arg min
δf if g

X
i

kδf ik2 subject to
X
i

δf i = 0,X
i

ri × δf i = −
X
i

ri × bf i
(19)

This architecture combines local distance-based smoothing with
attention-driven anisotropy, producing a transferable MLIP that
is continuous, translationally invariant, and efficient for large-
scale simulations.

2.2 | DFT Calculations

We use DFT calculation data as benchmark for our FP calcula-
tions. Table 2 summarizes existing DFT data utilized in this
study, all of which were performed at 0 K.

For a better benchmark, we have performed newDFT calculations
at 0 K in this work. Our new DFT data include the lattice param-
eters and elastic constants of HCP CoNiRu, HCP CoNiRu2, and
FCC Co2Ni2Ru, as well as the ISFE of FCC Co2Ni2Ru. All DFT
simulations were carried out using VASP [74, 75]. All calculations
were performed under constant-pressure conditions, allowing
simultaneous relaxation of the atomic positions, lattice parame-
ters, and cell volume. The Methfessel–Paxton smearing scheme
[76] with a width of 0.05 eV was applied to handle partial occu-
pancies. A plane-wave energy cutoff of 551.98 eV was used for
the basis set, and the Brillouin zone was sampled using an 11 ×
11 × 11 Monkhorst–Pack k-point grid [77]. Exchange-correlation
interactions were described within the generalized gradient
approximation using the Perdew–Burke–Ernzerhof functional [78].
Projector-augmented wave pseudopotentials [79, 80] distributed
with VASP version 6.4.3 were employed for all elements. Electronic
self-consistency was achieved when the total energy difference
between successive iterations was smaller than 10−4 eV/atom,
and ionic relaxation was performed until the largest residual force
on any atom was below 10−3 eV Å−1. Upon full relaxation, the
resulting configurations were well-converged and structurally sta-
ble, with no evidence of long-range atomic distortions.

2.3 | Basic Structural Parameters

We have calculated the lattice parameters and elastic constants at
0 and 300 K.

At 0 K, a relaxation-based approach was used to determine the lat-
tice parameter of each material. The process begins by constructing
a unit cell with an initial lattice parameter, and then the cell is
relaxed under the condition that all three normal stress components
reach zero. Finally, the equilibrium lattice parameter, a0, is calcu-
lated from the volume of the fully relaxed unit cell [81]. At 300 K,
the pre-relaxed 0 K structures were used as initial configurations.
Each system was equilibrated under isothermal–isobaric (NPT)
conditions, allowing both atomic positions and cell dimensions

TABLE 2 | Existing DFT data for FCC CoNiRu and pure Ni.

Alloy Lattice parameter, Å Elastic constants, GPa GSFE, mJ/m2

FCC CoNiRu [27] a0 = 3.624 C∗
11 = 404.43, C∗

12 = 165.85, C∗
44 = 147.03 USFE= 376.41 ISFE= 44.56

Pure Ni [73] a0 = 3.519 C∗
11 = 278.87, C∗

12 = 158.83, C∗
44 = 132.18 USFE= 289 ISFE= 144.50

Advanced Intelligent Discovery, 2026 5 of 14
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to relax simultaneously. After achieving thermal equilibrium, the
time-averaged cell dimensions were extracted from the simulation
outputs to determine the equilibrium lattice parameter. The
obtained values inherently account for the effects of thermal expan-
sion at 300 K [59].

At 0 K, the stiffness tensor C is obtained using the stress–strain
method to evaluate the elastic constants [82]. At 300 K, the Born-
matrix method was used to calculate the elastic constants [83].

At each temperature, the effective elastic constants for FCC
materials are calculated by:

C∗
11 =

C11 +C22 +C33

3
(20)

C∗
12 =

C12 +C13 +C23

3
(21)

C∗
44 =

C44 +C55 +C66

3
(22)

In the meantime, the effective elastic constants for HCPmaterials
are calculated by:

C∗
11 =

C11 +C12

2
(23)

C∗
12 =C12 (24)

C∗
13 =

C13 +C23

2
(25)

C∗
33 =C33 (26)

C∗
44 =

C44 +C55

2
(27)

2.4 | GSFE

All GSFE calculations were performed at 0 K. For slips on {111}
planes in FCC crystals and those on basal planes in HCPmaterials,
ISFE is identified as a local minimum on the GSFE curve, while
the unstable SFE (USFE) the smaller local maximum [73, 84, 85].

In this study, GSFE curves are generated by rigidly displacing the
upper half of the simulation cell relative to the lower half in a
specified crystallographic direction within a given slip plane.
Displacements are applied incrementally over one periodic unit
length, equivalent to the magnitude of the Burgers vector b for a
full dislocation. Within a given alloy, the GSFE curve can vary
between different parallel slip planes due to fluctuations in the
local atomic environment [86–88]. To ensure statistical reliabil-
ity, we compute GSFE curves on at least 10 different slip planes
for each MPEA system [27, 59].

3 | Results and Discussion

3.1 | Lattice Parameter

Figure 1 presents the calculated lattice parameters for the FCC
and HCP systems at 0 and 300 K using three FPs. For each HCP

alloy, we have presented two lattice parameters, including the
hexagonal base length a0 and the height of the conventional unit
cell c; for each FCCmaterial, only a0 is presented. As discussed in
Section 2.2, DFT reference data are available only at 0 K. Overall,
all three FPs predict FCC and HCP lattice parameters with good
fidelity. At 0 K, errors with respect to DFT are consistently below
2.5%, with Orb performing best for HCP systems and DPA pro-
viding the most consistent description of FCC materials. At
300 K, both DPA and SevenNet reproduce the expected thermal
trends, although subtle potential-dependent differences are evi-
dent in the HCP phases.

3.1.1 | FCC Materials

Using SevenNet, a0 for FCC CoNiRu and pure Ni were calculated
using cells including 6,750 atoms at both 0 and 300 K. For
Co2Ni2Ru, a larger cell including 11,664 atoms was utilized.
On the other hand, DPA and Orb simulations employed uni-
formly larger cells, including 20,328 atoms for FCC structured
CoNiRu, Co2Ni2Ru, and pure Ni at both temperatures. All sim-
ulations for HCP-structured CoNiRu and CoNiRu2 were per-
formed using cells comprising 20,800 atoms, irrespective of the
FP employed.

For the FCC alloys at 0 K, all three FPs reproduce the DFT lattice
parameters within � 2.5%. In FCC CoNiRu, the smallest devia-
tion from the DFT value (a0 = 3.624 Å [27]) was obtained using
SevenNet, which overestimates a0 by 0.38%. DPA and Orb
yielded errors of −0.62% and +0.49%, respectively. At 0 K,
our DFT calculation for FCC-structured Co2Ni2Ru yielded a lat-
tice parameter of 3.58 Å, which closely matches the experimental
value of 3.59 Å obtained from X-ray diffraction [25]. DPA pro-
duced the closest agreement with DFT (3.58 Å) with an error
of −0.44%, while Orb and SevenNet overestimated a0 by
0.58% and 2.32%, respectively. For pure Ni, all FPs showed good
agreement with DFT (3.519 Å [73]), with Orb providing the most
accurate prediction (0.14% error), followed by DPA and SevenNet
with −0.36% and −0.45% deviations, respectively.

At 300 K, Orb did not preserve lattice stability in the examined
materials and was consequently excluded from the analysis at
this temperature. A direct comparison to DFT was unachievable
due to the lack of reference DFT data. Nevertheless, both DPA

FIGURE 1 | Calculated lattice parameters of FCC alloys, HCP alloys,

and pure Ni at 0 and 300 K.
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and SevenNet effectively replicate the anticipated thermal expan-
sion characteristics of FCC alloys. For CoNiRu, the lattice param-
eter increased by 0.32% with DPA and 2.28% with SevenNet in
comparison to their 0 K values. In Co2Ni2Ru, the expansions
recorded were 0.11% (DPA) and 1.06% (SevenNet), whereas for
pure Ni, the two FPs predicted increases of 0.29% and 0.37%,
respectively.

Figure 2 shows the lattice parameters predicted by the SevenNet
for FCC CoNiRu and FCC Co2Ni2Ru over system sizes ranging
from �2000 to �30 000 atoms at 0 and 300 K. The values remain
essentially size-independent, with variations of only �0.10% and
�0.36% for CoNiRu and �1.9% and �1.8% for Co2Ni2Ru at 0 and
300 K, respectively. This confirms that SevenNet produces stable
lattice parameter predictions that are insensitive to supercell size,
at least for these two materials.

3.1.2 | HCP Materials

For the HCP systems, the basal length a0 predicted by FPs at 0 K
agrees closely with DFT. In CoNiRu, Orb provided the most accu-
rate prediction, underestimating the DFT value (2.596 Å) by only
0.63%, followed by SevenNet (−1.00%) and DPA (−1.26%). In
CoNiRu2, where the DFT value is 2.645 Å, Orb achieved the
smallest error (−1.16%), while DPA and SevenNet underesti-
mated it by −1.48% and −1.40%, respectively. All three FPs
therefore reproduce HCP a0 within 1.5% of DFT.

For HCP CoNiRu, the DFT-calculated c lattice parameter was
4.126 Å. Among the FPs, DPA provided the most accurate predic-
tion at 0 K with c= 4.1167 Å (−0.23% deviation), followed by
SevenNet (4.1683 Å, + 1.02%) and Orb (4.1929 Å, + 1.62%).
For HCP CoNiRu2, the DFT result of 4.159 Å was also well repro-
duced, with DPA again showing the best agreement (4.1493 Å,
− 0.23%), while SevenNet (4.2264 Å, + 1.62%) and Orb (4.2455 Å,
+ 2.08%) slightly overestimated the value. At 300 K, no stable
lattice configurations were obtained for Orb; hence, its results
are not reported. DPA and SevenNet predicted c= 4.1506 Å
(+ 0.82%) and 4.1147 Å (− 1.29%), respectively, for CoNiRu, indi-
cating minor thermal changes relative to 0 K. The negative ther-
mal expansion predicted by SevenNet suggests limitations in its
ability to accurately capture the temperature dependence of the
lattice parameter, whereas DPA correctly predicted the positive

thermal expansion. In contrast, CoNiRu2 exhibited thermal
expansion, with c increasing to 4.2118 Å (+ 1.51%) for DPA
and 4.2411 Å (+ 0.35%) for SevenNet.

3.2 | Elastic Constants

First, we note that Orb exhibited poor results in predicting elastic
constants for all materials at 0 K, on top of the fact that its elastic
constants at 300 K are unobtainable due to the lattice instability
at finite temperatures. For example, Orb significantly underesti-
mates the mechanical stiffness of pure Ni, predicting a bulk mod-
ulus of only 2.36GPa at 0 K—an unphysically low value compared
with the DFT-calculated elastic constants (C∗

11 = 278.87 GPa,
C∗
12 = 158.83 GPa, and C∗

44 = 132.18 GPa) [73]. Consequently, this
section focused exclusively on the results derived from the
SevenNet and DPA models.

3.2.1 | FCC Materials

Figure 3 presents the calculated single-crystal effective elastic
constants (C∗

11, C
∗
12, and C∗

44) of FCC CoNiRu, Co2Ni2Ru, and
pure Ni at 0 and 300 K. Results are compared against DFT at
0 K where available.

First, we focus on FCC CoNiRu. At 0 K, DFT reports C∗
11 = 404.43

GPa, C∗
12 = 165.85 GPa, and C∗

44 = 147.03 GPa [27]. DPA system-
atically overestimates these values, predicting C∗

11 = 427.62 GPa
(+ 5.74%), C∗

12 = 237.25 GPa (+ 43.06%), and C∗
44 = 178.56 GPa

(+ 21.49%) with a cell consisting of 20,328 atoms. SevenNet, on
the other hand, underestimates C∗

11 (321.23 GPa, − 20.58%) and
C∗
44 (79.95 GPa, − 45.61%), while overpredicting C∗

12 (191.06 GPa,
+ 15.17%) with a comparatively smaller cell of 6750 atoms. At
300 K, DFT data are unavailable. For CoNiRu, the SevenNet-
based simulations were performed using a cell containing
11,664 atoms, whereas DPA used a significantly smaller cell with
only 2,178 atoms at 300 K. SevenNet yields C∗

11 = 227.79 GPa,
C∗
12 = 228.53 GPa, and C∗

44 = 114.52 GPa, with strong softening
in C∗

44 (− 42.9%) and C∗
11 (− 29.1%), but a significant increase

in C∗
12 (+ 19.6%). In the meantime, DPA shows a consistent reduc-

tion to C∗
11 = 320.29 GPa, C∗

12 = 192.47 GPa, and C∗
44 = 142.05 GPa,

corresponding to decreases of 25.1%, 18.9%, and 20.5%, respec-
tively, relative to its 0 K values.

FIGURE 2 | SevenNet-based lattice parameters of FCC CoNiRu and

Co2Ni2Ru at 0 and 300 K with varied supercell sizes.

FIGURE 3 | Calculated elastic constants of FCC alloys and pure Ni at

0 and 300 K.
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Next, we focus on FCC Co2Ni2Ru, for which no DFT reference
is available, but large discrepancies between the two FPs are
evident. The SevenNet-based simulations were performed using
a consistent cell size of 11,664 atoms at both 0 K and 300 K. In
contrast, DPA used a larger cell with 20 328 atoms at 0 K but a
much smaller cell of 2,178 atoms at 300 K. SevenNet predicts
C∗
11 = 303.41 GPa, C∗

12 = 135.90 GPa, and C∗
44 = 100.45 GPa,

whereas DPA predicts much higher values of C∗
11 = 434.23

GPa, C∗
12 = 228.10 GPa, and C∗

44 = 163.88 GPa. At 300 K,
SevenNet shows a weak-to-moderate temperature dependence,
yielding C∗

11 = 292.11 GPa (− 3.7%), C∗
12 = 185.04 GPa (+ 36.1%),

and C∗
44 = 115.73 GPa (+ 15.2%) compared to its 0 K predictions,

while DPA exhibits pronounced softening, with C∗
11 = 212.45

GPa, C∗
12 = 139.67 GPa, and C∗

44 = 92.64 GPa, corresponding to
decreases of 51.1%, 38.8%, and 43.5%, respectively.

Last, we discuss results of FCC pure Ni. At 0 K, DFT provides
C∗
11 = 278.87 GPa, C∗

12 = 158.83 GPa, and C∗
44 = 132.18 GPa [73].

SevenNet employed a consistent cell size of 6,750 atoms at both
0 K and 300 K. In contrast, DPA simulations were conducted
using a 20,328-atom cell at 0 K and a reduced 2,178-atom cell at
300 K. SevenNet yields C∗

11 = 291.65 GPa (+ 4.58%), C∗
12 = 185.13

GPa (+ 16.56%), and C∗
44 = 116.21 GPa (− 12.09%). In compari-

son, DPA slightly overestimates C∗
11 (303.01 GPa, + 8.66%) but

underestimates both C∗
12 (136.22 GPa, − 14.23%) and C∗

44

(99.66 GPa, − 24.58%), showing overall worse agreement with
DFT than DPA. At 300 K, DFT data are not available, but
SevenNet gives C∗

11 = 270.87 GPa, C∗
12 = 181.93 GPa, and

C∗
44 = 106.27 GPa, while DPA predicts C∗

11 = 261.77 GPa,
C∗
12 = 162.33 GPa, and C∗

44 = 117.56 GPa. Both FPs capture the
expected thermal softening, with DPA showing strongerelative
reductions in C∗

11 (− 13.6%) and C∗
44 (− 17.6%) than SevenNet.

3.2.2 | HCP Materials

Figure 4 shows the calculated single-crystal effective elastic con-
stants (C∗

11, C
∗
12, C

∗
13, C

∗
33, and C∗

44) for the HCP CoNiRu and
CoNiRu2 alloys at both 0 K and 300 K. Again, no elastic constant
data exist for Orb because (i) its predictions are too low at 0 K and
(ii) it results in unstable lattices at 300 K.

At 0 K, DFT predicted the elastic constants of HCP CoNiRu as
C∗
11 = 377.03 GPa, C∗

12 = 188.45 GPa, C∗
13 = 137.2 GPa,

C∗
33 = 424.69 GPa, and C∗

44 = 114.31 GPa. Compared with these,
DPA showed an overestimation in all components except C∗

44,
with deviation percentages of +19.4% for C∗

11, +24.9% for C∗
12,

+47.7% for C∗
13, +20.6% for C∗

33, and a moderate underestimation
of − 15.6% for C∗

44 with discrepancies of −3.8% for C∗
11, +39.9% for

C∗
12, +78.3% for C∗

13, +25.5% for C∗
33, and −25.2% for C∗

44. These
trends highlight that while DPA captures the overall stiffness
trends better, SevenNet suffers from inconsistent directional
predictions.

At 300 K, DFT results were not available, so the thermal response
was inferred by comparing each FP’s predictions to their respec-
tive 0 K values. The DPA model exhibited modest reductions of
less than 10% across all elastic constants (−0.1% for C∗

11, −9.8% for
C∗
12, −8.9% for C∗

13, −9.7% for C∗
33, and −9.1% for C∗

44), indicating
good thermal stability. In contrast, the SevenNet model showed
pronounced softening, with decreases of −24.1%, −26.3%,

−33.4%, −35.3%, and −32.6% for C∗
11, C

∗
12, C

∗
13, C

∗
33, and C∗

44,
respectively. These results suggest that DPA is more robust in
capturing temperature-dependent behavior, whereas SevenNet
tends to lose stiffness accuracy at elevated temperatures.

A similar comparison was carried out for the HCP CoNiRu2 alloy.
At 0 K, DFT calculations yielded C∗

11 = 409.68 GPa, C∗
12 = 203.82

GPa, C∗
13 = 143.67 GPa, C∗

33 = 473.58 GPa, and C∗
44 = 130.02 GPa.

DPA again overpredicted most values, with deviations of +9.9%
for C∗

11, +15.5% for C∗
12, +41.0% for C∗

13, +8.2% for C∗
33, and an

underestimation of −25.8% for C∗
44. In contrast, the SevenNet

model exhibits larger discrepancies of −26.9%, −9.8%, −34.7%,
−49.6%, and −74.8%, indicating significant underestimation, par-
ticularly in C∗

33 and C∗
44. While both models maintain mechanical

stability, DPA more accurately captures the DFT-predicted ani-
sotropic elastic response of HCP CoNiRu2. At 300 K, DFT data
were unavailable; therefore, the thermal response was analyzed
by comparing each potential’s 300 K predictions to its 0 K values.
The DPA model shows only minor variations, with changes of
+6.3% for C∗

11, −13.8% for C∗
12, −11.7% for C∗

13, −0.3% for C∗
33,

and −1.6% for C∗
44, indicating strong thermal stability and con-

sistent elastic behavior across temperatures. In contrast, the
SevenNet potential displays a less systematic trend, with devia-
tions of −4.2%, +14.7%, +89.9%, +38.1%, and +26.2% for C∗

11, C
∗
12,

C∗
13, C

∗
33, and C∗

44, respectively. The pronounced fluctuations,
especially in C∗

13 and C∗
33, suggest that SevenNet becomes less

reliable under thermal perturbation, while DPA more accurately
preserves the intrinsic stiffness characteristics of HCP CoNiRu2
at elevated temperatures.

3.3 | USFE

Figure 5 illustrates the mean USFEs computed by the three FPs
at 0 K. Particularly for the two FCC alloys, the distributions of
USFE across different slip planes are shown in Figures 6
and 7. DFT values, when available, are displayed for comparison.

3.3.1 | FCC Materials

For FCC CoNiRu, the DFT value for mean USFE is 376.41 mJ/m2

[27]. DPA projects a somewhat higher USFE of 394.32 mJ/m2,
which amounts to a 4.8% overestimation. While SevenNet pro-
vides the lowest prediction of 200.35 mJ/m2, underestimating

FIGURE 4 | Calculated elastic constants of HCP alloys at 0 and 300 K.
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by 46.8%, Orb underestimates the USFE at 280.99 mJ/m2, which
corresponds to a −25.4% deviation from DFT. The histogram in
Figure 6 highlights these trends: DPA’s distribution is centered
near the DFT reference with a narrow spread, whereas Orb and
SevenNet shift significantly toward lower energies.

For FCC Co2Ni2Ru, there is no DFT benchmark available.
However, a significant divergence among FPs is observed.

DPA produces the highest mean USFE at 523.48 mJ/m2, followed
by Orb at 369.40 mJ/m2 and SevenNet at 177.17 mJ/m2. The
histograms in Figure 7 clearly show the distinct clustering of pre-
dictions, with DPA capturing the upper limit and SevenNet indi-
cating considerably lower USFE. The challenge of consistent
GSFE prediction in chemically complex systems and the neces-
sity of reference-level validation are underscored by the variation
among the three FPs, which exceeds 340 mJ/m2.

For pure Ni, the DFT-calculated USFE at 0 K is 289 mJ/m2 [73].
Among the FPs, DPA predicts a value of 266.05 mJ/m2, which
underestimates the DFT reference by approximately 8.0%. The
Orb model yields a slightly lower value of 170.63 mJ/m2, corre-
sponding to a larger deviation of about 40.9%. In contrast,
SevenNet produces 253.49 mJ/m2, underestimating the DFT
result by 12.3%. Overall, DPA exhibits the closest agreement with
DFT, while Orb significantly underpredicts the USFE.

3.3.2 | HCP Materials

For HCP CoNiRu, DFT data is also unavailable. DPA predicts the
USFE at 442.22 mJ/m2, Orb indicates 270.42 mJ/m2, and
SevenNet presents the lowest value at 207.04 mJ/m2. This trend
agrees with that in FCC materials, where DPA typically forecasts
higher USFEs while SevenNet exhibits lower values. The dispar-
ity between DPA and SevenNet in this system exceeds 235 mJ/
m2, signifying substantial model reliance in forecasting basal-
plane fault energy in HCP structures.

For HCP CoNiRu2, for which DFT reference data is also unavail-
able, a comparable trend is noted. DPA achieves the greatest
USFE of 620.24 mJ/m2, followed by Orb at 297.01 mJ/m2 and
SevenNet at 190.97 mJ/m2. All results consistently point to that
DPA forecasts elevated USFEs while SevenNet predicts reduced
ones.

3.4 | ISFE

Figure 8 displays the mean ISFE values computed by the three
FPs at 0 K. Particularly for each of the two FCC alloys, the dis-
tributions of ISFE among different slip planes are shown in
Figures 9 and 10. DFT values are utilized as benchmarks, if appli-
cable, to evaluate the accuracy of the FP predictions.

3.4.1 | FCC Materials

For FCC CoNiRu, DFT predicts that the mean ISFE is
−44.56 mJ/m2, while the ISFE values range from approximately
−300 to +150 mJ/m2 [27]. Among the FPs, DPA offers a partial
reproduction of the negative ISFE tail, although it underesti-
mates the extremes; the mean ISFE value is −39.77 mJ/m2, exhib-
iting a variance of 10.7% with respect to DFT. Conversely, Orb
(2.36 mJ/m2) and SevenNet (5.92 mJ/m2) yield erroneous positive
mean ISFE value, failing to replicate the fault instability identi-
fied by DFT. In terms of the distribution, Orb and SevenNet yield
narrow, unimodal peaks near 0–20 mJ/m2, missing the broad,
asymmetric spread in DFT; in other words, these two models fail
to capture faulting diversity, limiting their fidelity in modeling
defect energetics.

FIGURE 5 | Calculated mean USFE of FCC alloys, HCP alloys, and

pure Ni at 0 K.

FIGURE 6 | Distribution of USFE values of FCC CoNiRu. Those

based on DFT were previously published as Su et al. [27].

FIGURE 7 | Distribution of USFE values of FCC Co2Ni2Ru.
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For FCC Co2Ni2Ru, the DFT calculation of ISFE was computed
from 60 different slip planes, with the mean value being
−43.11 mJ/m2. The distribution predominantly spans from −120
to a few mJ/m2. Among the three FPs, DPA provides the best
qualitative overlap, particularly in reproducing some negative
ISFE values. However, its mean ISFE value is −101.89 mJ/m2,
resulting in a deviation of approximately 136.2% with respect to
DFT. On the other hand, Orb and SevenNet remain confined to
narrow distributions centered near zero, significantly diverging

from the DFT-predicted spread. In terms of the mean ISFE value,
SevenNet offers a closer-than-DPA approximation at 3.21 mJ/m2,
though it still deviates by 107.4% from the DFT reference. The
Orb model predicts a similar mean ISFE value of −0.65 mJ/m2,
corresponding to a deviation of 98.5%.

For FCC pure Ni, the DFT prediction is 144.50 mJ/m2. DPA
approximates this at 97.14 mJ/m2, resulting in a discrepancy
of −32.8%. SevenNet exhibits a significantly greater deviation
with a prediction of 18.20 mJ/m2, whereas Orb forecasts an erro-
neous negative value of −83.15 mJ/m2, diverging from DFT by
more than −150%.

These results emphasize the challenges that current FPs face in
capturing the complex fault energy landscape of MPEAs, with
none of the models well matching DFT.

3.4.2 | HCP Materials

For HCP CoNiRu, where DFT data are unavailable, DPA predicts
an ISFE of 66.98 mJ/m2, followed by SevenNet at 15.07 mJ/m2

and Orb at 1.27 mJ/m2.

For HCP CoNiRu2, for which DFT data also do not exist, DPA
predicts the highest ISFE at 173.90 mJ/m2, while SevenNet
and Orb yield significantly lower values of 28.90 mJ/m2 and
−27.25 mJ/m2, respectively, with Orb again misrepresenting
the sign.

4 | Conclusion

This study systematically assessed three FPs—SevenNet, DPA,
and Orb—for predicting selected properties of Co–Ni–Ru-based
MPEAs and pure Ni. The properties investigated encompass
lattice parameters, elastic constants, USFEs, and ISFEs, with
comparisons to DFT values wherever available.

All FPs exhibited reasonably precise predictions of lattice param-
eters, with errors typically under 2.5% at 0 K. Orb demonstrated
superior performance for HCP structures at 0 K, but DPA consis-
tently correlated better with DFT for FCC alloys at 0 K. Both DPA
and SevenNet captured the expected thermal expansion behav-
ior, exhibiting increased lattice parameters at 300 K relative to
0 K, while Orb was excluded from the simulations due to its lat-
tice instability at 300 K.

For FCC structured systems, the elastic constants at 0 K show
clear deviations between DPA, SevenNet, and DFT benchmarks.
For FCC CoNiRu, DPA overestimated all three constants
(C∗

11, C∗
12, C∗

44), with particularly large errors in C∗
12, while

SevenNet severely underestimated C∗
11 and C∗

44 and moderately
overpredicted C∗

12. At 300 K, both models reflected expected soft-
ening trends, although SevenNet showed more pronounced drops
in C∗

11 and C∗
44, and an unusual increase in C∗

12. DPA, by contrast,
maintained more consistent reductions across all constants. In
FCC Co2Ni2Ru, where no DFT data are available, DPA predicted
significantly stiffer elastic behavior than SevenNet at 0 K. As tem-
perature increased, SevenNet exhibited moderate variation with
some stiffening in C∗

12 and C∗
44, while DPA underwent dramatic

FIGURE 8 | Calculated mean ISFE of FCC alloys, HCP alloys, and

pure Ni at 0 K.

FIGURE 9 | Distribution of ISFE values of FCC CoNiRu. Those based

on DFT were previously published as Su et al. [27].

FIGURE 10 | Distribution of ISFE values of FCC Co2Ni2Ru.
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softening—dropping over 40% in all components. For pure Ni,
both models captured general elastic trends reasonably well,
but DPA underestimated C∗

12 and C∗
44, while SevenNet produced

closer agreement with DFT, particularly for C∗
11 and C∗

12. At ele-
vated temperature, both FPs predicted thermal softening, with
DPA showing stronger reductions in C∗

11 and C∗
44 than

SevenNet. Overall, DPA tends to overpredict stiffness at low tem-
peratures but shows stronger temperature dependence, while
SevenNet offers better agreement for some components but suf-
fers from inconsistent trends under thermal perturbation.

For HCP structured systems, DPA generally overestimated the
elastic constants of CoNiRu at 0 K, with a large deviation in
C∗
13 and moderate underestimation of C∗

44 from DFT results.
SevenNet, in contrast, severely underestimated C∗

11 and C
∗
44 while

overpredicting C∗
12 and C∗

13, indicating inconsistent performance.
At 300 K, DPA showed stable thermal behavior with less than
10% reduction across constants, while SevenNet exhibited sub-
stantial softening, particularly in C∗

13, C
∗
33, and C∗

44. For CoNiRu2,
DPA again overestimated most constants at 0 K and showed good
temperature stability at 300 K, especially for C∗

44, which changed
by only −1.6%. SevenNet data were unavailable for this case.
Overall, DPA provided more consistent and reliable predictions
across both alloys and temperatures, whereas SevenNet showed
greater variability and limited applicability.

Significant variation in USFE predictions is observed across the
FPs. For FCC CoNiRu and pure Ni, DPA shows the closest agree-
ment with DFT, while SevenNet tends to significantly underpre-
dict and Orb falls somewhere in between. This pattern holds
across both FCC and HCP structures, where DPA consistently
forecasts higher fault energies, SevenNet predicts lower values,
and Orb shows variable performance. The discrepancies become
even more pronounced in chemically complex alloys like
Co2Ni2Ru, where model predictions diverge widely. For HCP
CoNiRu and CoNiRu2, where DFT data is unavailable, DPA con-
sistently predicts the highest USFEs, SevenNet the lowest, and
Orb lies in between.

ISFE predictions across FCC and HCP systems reveal further
inconsistencies among FPs. For FCC CoNiRu, DPA closely aligns
with the DFT reference, while Orb and SevenNet fail to capture
the fault instability, incorrectly predicting positive values. In FCC
Co2Ni2Ru, all models deviate significantly from the DFT-based
mean, with DPA overestimating and both Orb and SevenNet
underperforming, highlighting the difficulty of modeling stack-
ing faults in chemically complex alloys. For pure Ni, DPA mod-
erately underestimates the ISFE, SevenNet underpredicts
severely, and Orb incorrectly outputs a negative value. In HCP
systems, where DFT data are unavailable, the same trend per-
sists: DPA consistently predicts the highest ISFEs, while
SevenNet and Orb yield much lower values, with Orb again mis-
representing the sign in CoNiRu2. These results underscore the
model-dependent nature of ISFE predictions and the challenge of
achieving accurate fault energy estimation in MPEAs.

For GSFE overall, DPA exhibited the most accurate correlation
with DFT in both USFE and ISFE estimations. Conversely, Orb
and SevenNet frequently misrepresented the sign or amplitude of
ISFE, particularly in HCP systems.

Taken together, our findings emphasize that although FPs offer
substantial promise for modeling MPEAs, their quantitative reli-
ability varies significantly across property classes and potential
types. This study provides a baseline for evaluating FPs in
MPEAs, underscoring the need for systematic validation before
deployment in predictive simulations of plasticity and defect
behavior. Our work highlights that the selection of FPs might
result in substantial disparities, even in the prediction of basic
material properties such as elastic constants. Future work could
include finite-temperature DFT benchmarks for HCP systems
and investigation of additional defect energetics such as vacan-
cies and twin boundaries. Dynamic simulations involving dislo-
cations or deformation can further assess the transferability of
FPs under realistic conditions.
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