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Machine learning interatomic potentials (MLIPs) with broad chemical flexibility are essential for
atomistic simulations of compositionally complex alloys, but their deployment in large-scale molecu-
lar dynamics requires a balance among accuracy, efficiency, stability, transferability, and uncertainty
quantification. Here, we benchmark two chemically scalable MLIP frameworks, neuroevolution po-
tential (NEP) and graph atomic cluster expansion (GRACE), for 16 elemental metals and their
multicomponent alloys. GRACE-FS shows higher training efficiency and generally better average
accuracy, chemical transferability, and finite-temperature robustness, whereas UNEP-v1 provides
substantially higher inference speed and remains competitive in selected stress and large-error met-
rics. We further show that chemical transferability is closely linked to high-temperature MD stability
in highly multicomponent environments and that ensemble-based uncertainty provides a more re-
liable error indicator than D-optimality for the heterogeneous systems considered here. Finally,
three-million-atom shock simulations demonstrate that UNEP-v1, combined with ensemble uncer-
tainty, enables uncertainty-aware simulations under extreme dynamic conditions, yielding robust
global spall-strength predictions while revealing model sensitivity in local damage pathways. These
results provide practical guidelines for selecting and deploying MLIPs in large-scale simulations of
multicomponent alloys.
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INTRODUCTION

Machine learning interatomic potentials (MLIPs) have
transformed atomistic modelling across metals [1, 2], al-
loys [3], and complex inorganic materials [4–7]. Founda-
tional developments began with Behler–Parrinello-type
neural network potentials (NNPs) [8] and Gaussian ap-
proximation potentials (GAP) [9, 10], and were subse-
quently extended by several influential frameworks, in-
cluding the spectral neighbor analysis potential (SNAP)
based on bispectrum descriptors, moment tensor poten-
tials (MTPs) as a systematically improvable polynomial
formalism [11], deep potential (DP) for scalable deep-
learning-based force fields [12], and the atomic cluster ex-
pansion (ACE) as a systematically organized body-order
expansion [13]. More recently, pretrained or universal
MLIPs, such as MACE [14], CHGNet [15], eqV2 [16],
SevenNet [17], and Orb [18], have further expanded
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elemental coverage and improved transferability across
broad classes of materials. These advances have substan-
tially improved both accuracy and generality. However,
many universal models rely on computationally inten-
sive equivariant graph or message-passing architectures,
which can make routine long-timescale molecular dynam-
ics (MD) at very large scales considerably more demand-
ing than with lighter-weight MLIP frameworks. As a re-
sult, despite their broad applicability and strong predic-
tive performance, current demonstrations of such models
have remained focused predominantly on molecular sys-
tems or materials simulations at moderate system sizes,
typically up to the order of tens of thousands of atoms
[19, 20].

Within this landscape, neuroevolution potential
(NEP) [21] offers a compact GPU-native route to balanc-
ing accuracy and throughput. NEP builds radial and an-
gular bases from Chebyshev and Legendre polynomials,
couples them to shallow neural networks, and trains with
natural evolution strategies in GPUMD [22]. The design
favors simple kernels, coalesced memory access, and low-
latency evaluation, enabling very high atom-step rates on
data-center and commodity GPUs. NEP has been used
for million-atom heat-transport simulations [23] and effi-
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cient path-integral MD [24] while remaining close to first-
principles fidelity. More recently, a universal variant,
NEP89, has been introduced for inorganic and organic
materials across 89 elements, delivering the same com-
putational efficiency for million-atom simulations [25].

Graph atomic cluster expansion (GRACE) is a re-
cently developed MLIP framework tailored for chemically
complex and multicomponent systems [26]. GRACE ex-
tends the ACE formalism by introducing graph-based ba-
sis functions that capture semi-local interactions while
preserving permutation, translation, and rotation invari-
ances. Recent work has trained foundational GRACE
models on some of the largest available materials datasets
( MPtrj [15], OMat24 [27] and Alexandria [28]), re-
porting a new Pareto frontier between accuracy and per-
atom computational cost [29]. In particular, the Finnis–
Sinclair-type variant (GRACE-FS) is highlighted for its
straightforward parallelization and capability for efficient
CPU-only inference, with reported timings indicating
favourable scaling in LAMMPS [30].

This context motivates a more practical question for
metals and alloys: which MLIP frameworks can simul-
taneously provide broad elemental scalability and gen-
uine feasibility for extreme-scale MD? In this regard,
NEP and GRACE-FS are particularly noteworthy. Un-
like many current universal MLIPs, which are primarily
demonstrated at system sizes up to tens of thousands
of atoms, both NEP and GRACE-FS are designed in a
way that makes million-atom simulations a realistic tar-
get. NEP has already shown this capability in large-scale
simulations via GPUMD, while GRACE-FS has emerged
as a promising alternative with a distinct algorithmic
design, favourable scaling, and efficient large-scale in-
ference. However, existing universal NEP (NEP89)
and GRACE-FS models (GRACE-FS-OAM or GRACE-
FS-OMAT) are not necessarily optimized for the spe-
cific metallic-alloy chemical space, defect configurations,
finite-temperature stability, and high-strain-rate defor-
mation processes considered here. Moreover, because
these universal models differ in training data, model set-
tings, and validation protocols, retraining and evaluat-
ing NEP and GRACE-FS within a common benchmark
framework is necessary for a controlled comparison. A
direct and protocol-consistent comparison between NEP
and GRACE-FS is therefore especially timely. Such a
comparison is important not only for clarifying their rel-
ative strengths in accuracy, efficiency, stability, and ex-
trapolation, but also for identifying what is required for
MLIPs to move beyond general-purpose accuracy and
toward production-scale simulations of compositionally
complex materials.

The scientific payoff is immediate for high-entropy ma-
terials, where chemically frustrated disorder and multi-
scale microstructures demand very large simulation vol-
umes. High-entropy alloys benefit from supercells that
capture short-range order, clustering, dislocation net-

works, and grain boundaries, often at scales beyond thou-
sands of atoms [3, 31–33]. High-entropy two-dimensional
materials [34] and high-entropy ceramics [35] similarly re-
quire both wide elemental coverage and large-scale sim-
ulations to probe phase stability, defect thermodynam-
ics, and transport. Related extreme-scale arenas include
additive-manufacturing thermal cycles, shock and impact
loading, radiation damage cascades, and nanocrystalline
grain growth, where million-atom domains are commonly
reported or strongly indicated [36, 37].
Against this backdrop, we present a comparative study

of NEP and GRACE-FS trained on a chemically diverse
dataset covering 16 elemental metals and their repre-
sentative alloys. We first evaluate their predictive ac-
curacy on training and test sets, together with finite-
temperature stability and computational efficiency. We
then examine the applicability of two uncertainty quan-
tification approaches for these models. To assess extrap-
olation behaviour, we systematically analyse how predic-
tion errors evolve with increasing chemical complexity.
In addition, both models are validated against a range of
physics-grounded properties, including elastic constants,
defect energetics, and deformation responses. Finally,
leveraging its superior computational efficiency, we em-
ploy NEP to perform a three-million-atom shock simu-
lation of a high-entropy alloy and analyse the associated
uncertainties.

MATERIALS AND METHODS

Training and test datasets

The datasets used in this work consist of three compo-
nents. First, the training dataset is taken from Ref. [38],
which covers 16 metallic elements (Ag, Al, Au, Cr, Cu,
Mg, Mo, Ni, Pb, Pd, Pt, Ta, Ti, V, W, Zr) and includes
only configurations of pure metals and binary alloys.
Second, we follow the testing protocol of Ref. [38],

which evaluates model transferability using public mul-
ticomponent datasets that extend well beyond the unary
and binary training domain. In particular, Song et al.
assessed force predictions on three independent datasets
containing 3-component, 4-component, and even up-to-
13-component structures, and further examined forma-
tion energies using ternary Materials Project structures
and GNoME structures ranging from 2 to 5 components.
These test data therefore provide a substantially broader
benchmark for evaluating model accuracy outside the
training distribution.
Third, to systematically probe chemical transferabil-

ity, we construct an additional benchmark dataset of
multicomponent alloys covering all compositional orders
from 2 to 16 elements. The dataset contains 800 struc-
tures in total, spanning the 8 possible levels of compo-
sitional complexity. For each order, structures are gen-
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erated with randomized elemental selections, concentra-
tions, and atomic arrangements, with the goal of cover-
ing as many distinct elemental combinations as possible
rather than exhaustively enumerating the full combina-
torial space. This design provides a systematic bench-
mark for evaluating how model performance changes as
the chemical complexity increases from binary to highly
multicomponent alloys. All structures are evaluated us-
ing density functional theory (DFT) calculations.

DFT calculations

DFT calculations are performed for all newly gener-
ated configurations using the Vienna ab initio simula-
tion package (VASP) [39]. The exchange–correlation in-
teractions are described by the Perdew–Burke–Ernzerhof
(PBE) functional [40], and electron–ion interactions
are treated using the projector-augmented-wave (PAW)
method [41]. An energy convergence criterion of 10−6 eV
is used for electronic self-consistency. The plane-wave
cutoff energy is set to 520 eV. Brillouin zone sampling
is performed using Monkhorst–Pack grids generated by
VASPKIT [42], with a consistent reciprocal-space density

of 2π × 0.03 Å
−1

.

Neuroevolution potential

The NEP models used in this work are identical to
the UNEP-v1 model ensemble reported in Ref. [38]. All
UNEP-v1 models and corresponding reference datasets
have been previously deposited in the Zenodo reposi-
tory https://doi.org/10.5281/zenodo.11533864 [43].
Therefore, the UNEP-v1 models were not newly trained
in the present work. The training cost and generation
number reported here follow the original UNEP-v1 train-
ing protocol, in which the primary model was trained
with a batch size of 10,000 structures for 1,000,000 gen-
erations using four A100 GPUs [38]. Accordingly, the
training-time comparison in this work should be in-
terpreted as a wall-time comparison between the pub-
lished UNEP-v1 training protocol and the GRACE
training protocol used here, rather than as a univer-
sal convergence-rate comparison between the two frame-
works.

The UNEP-v1 models were trained using the NEP4 ar-
chitecture [38] implemented in the GPUMD package [22]
to represent 16 elemental metals and their alloys. In
this framework, the total energy is decomposed into site
energies as U =

∑N
i=1 U

i. Specifically, NEP4 maps a de-
scriptor vector qi of a central atom i to its site energy U i

using species-dependent neural network (NN) parameters
wI (collectively denotes the weight and bias parameters)

for each atom type I:

U i =

Nneu∑
µ=1

w
(1)
µ,I tanh

(
Ndes∑
ν=1

w
(0)
µν,Iq

i
ν − b

(0)
µ,I

)
− b

(1)
I , (1)

which can be formally expressed as U i = N
(
wI ;qi

)
.

Notably, while using species-dependent parameters in-
creases the total number of trainable parameters, it does
not significantly increase the computational cost during
MD simulations because it only involves a selection of
the correct set of NN parameters for a given atom [38].

The training setup of UNEP-v1 utilized descriptor cut-
offs of 6 Å for radial components and 5 Å for angular
components, with angular terms extending up to five-
body interactions. The descriptors qi are constructed
from radial functions gn(rij) =

∑
k c

IJ
nkfk(rij), where the

expansion coefficients cIJnk are also trainable parameters
specific to the atom pairs (I, J).

These descriptors were constructed using 5 radial func-
tions expanded via 9 basis functions for both radial and
angular parts. The regression model for each species
employed a feedforward neural network with a single
hidden layer containing 80 neurons, resulting in a 35-
80-1 architecture per element. To accurately handle
high-energy short-range interactions, a Ziegler-Biersack-
Littmark (ZBL) potential [44] with a 2 Å cutoff was in-
corporated into the potential.

Beyond the primary model, the UNEP-v1 release in-
cludes an ensemble of 8 separate models. These were
generated by systematically varying the hyperparame-
ters, including the number of radial functions and the
number of neurons in the hidden layer (see Ref. [43] for
details), within the UNEP-v1 training input to ensure
statistical robustness and facilitate uncertainty estima-
tion across the chemical space of the 16 elemental metals
and their diverse alloys.

Graph atomic cluster expansion potential

The GRACE potential is an extension of the ACE po-
tential. In the ACE formulation, the energy of the system
of N atoms is decomposed into atomic contributions as
E = ΣiEi, where i = 1, ..., N . For each contribution, it
is represented by a function F of P atomic properties:

Ei = F(φ
(1)
i , ..., φ

(P )
i ). (2)

The atomic property has the form:

φ
(p)
i =

∑
ν

c(p)ν Biν , (3)

where c
(p)
ν is the expansion coefficients and Biν is the

basis functions. Generally, the function F is a nonlinear
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function, for example in the form of generalized Finnis-
Sinclair potential

Ei = φ
(1)
i +

√
φ
(2)
i . (4)

However, in the GRACE formulation, the decomposi-
tion of the system energy is not performed in the begin-
ning. First, the system energy is expressed as E = E(σ),
where σ = (r1, µ1, ..., rN , µN ) is the configuration de-
pending on the atomic positions ri and atom properties
µi such as the species or magnetic moments. After at-
taching single-particle basis functions to each atom, the
cluster basis functions Φαν are obtained from their prod-
ucts. Thereby, the system energy is represented by the
linear combination of the cluster basis functions

E =
∑
αν

JανΦαν(σ), (5)

where Jαν is the expansion coefficients. Then, the graph
topology of the configuration is considered for the sim-
plifications of the cluster basis functions. Specifically,
the clusters in the configuration are either star or tree
graphs, where directed edges and nodes correspond to
bonds and atoms, respectively. To resemble the decom-
position of system energy into atomic contributions, the
contribution of the graph-based cluster basis functions is
assigned to the root nodes, leading to the introduction
of atomic bases in the functional form of single-particle
basis functions. Next, the tree graphs are decomposed
into star graphs on different layers from the root node.
In this way, local ACE potentials could be defined on dif-
ferent layers so that the GRACE potential is evaluated in
a recursive approach. Finally, the atomic contributions
could be written as

Ei =
∑
k

λ
(µi)
k φ

(0)
ik , (6)

where φ
(0)
ik is local ACE potential.

Notably, compared to the ACE potential, the GRACE
potential does not impose an explicit limit on the number
of chemical elements to be parameterized. This is due to
the modification of its radial basis function to include
pairwise chemical dependence, resulting in the vanish-
ing of the chemical index into the entries of the expan-
sion coefficients. In addition, GRACE models of differ-
ent complexities are used in this study, namely GRACE-
FS, GRACE-1L, and GRACE-2L. The difference between
them is in the range of the message passing. Specifically,
the GRACE-FS model is similar to Finnis-Sinclair-type
ACE model but with chemical embedding to parameter-
ize unlimited number of elements, while GRACE-1L and
GRACE-2L represent one-layer and two-layer models, re-
spectively.

In this study, we employ the GRACE-FS framework
to train MLIP models with different levels of complex-
ity, quantified by their parameter counts. Following the

gracemaker definitions [26], we consider small, medium,
and large variants, denoted as GRACE-FS-S, GRACE-
FS-M, and GRACE-FS-L, respectively. To further probe
the role of architectural design, we additionally train a
more complex graph-based model, GRACE-2L, within
the same GRACE framework. A uniform cutoff radius
of 6 Å is adopted for all models. Beyond the primary
model, we also train 10 additional GRACE-FS-M mod-
els for high-quality uncertainty quantification.

Uncertainty quantification

We use ensemble learning and D-optimality to estimate
the prediction errors of our MLIPs on unseen atomic con-
figurations. The ensemble method quantifies uncertainty
using the maximum deviation of predictions across mul-
tiple models [45]. Additionally, we use D-optimality with
the MaxVol algorithm [46] to compute an extrapolation
grade for structures relative to the reference dataset.
Ensemble-based uncertainty quantification is applied

to both the UNEP-v1 and GRACE-FS models, with 8
models used for each case. For D-optimality based un-
certainty quantification, NEP tool sets [47] gives out-of-
memory errors on 16-element dataset (>100,000 struc-
tures). Therefore it is only applied to GRACE-FS models
with gracemaker.
Following Ref. [45], we define the estimated uncertain-

ties for individual atoms (UF,atom) and entire configura-
tions (UE,cfg, UF,cfg) as the maximum deviations across
the ensemble:

UE,cfg = max
k

|Ek
j − ⟨Ej⟩| , (7)

UF,atom = max
k

|Fk
i − ⟨Fi⟩| , (8)

UF,cfg = max
i∈j

(max
k

|Fk
i − ⟨Fi⟩|) , (9)

where k = 1, . . . ,K indices the MLIP models, Ek
j and Fk

i

are the individual model predictions, and ⟨Ej⟩ and ⟨Fi⟩
are the ensemble averages. We compare these uncertain-
ties to their respective ground-truth DFT errors:

eE,cfg = |EDFT
j − ⟨Ej⟩| , (10)

eF,atom = |FDFT
i − ⟨Fi⟩| , (11)

eF,cfg = max
i∈j

|FDFT
i − ⟨Fi⟩|. (12)

Simulation and visualization packages

LAMMPS [30] and GPUMD [22] are used for large-
scale MD simulations. To evaluate the computational
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efficiency of the new GPUMD version, we perform in-
ference speed tests using GPUMD-v5.0. OVITO is em-
ployed for the visualization and analysis of atomic struc-
tures [48].

RESULTS

Training performance of MLIPs

We begin by comparing the training performance of
UNEP-v1 and GRACE-FS-M in Fig. 1. The error dis-
tributions for energy, force, and stress in Fig. 1(a–c)
are broadly similar for the two models. GRACE-FS-
M shows a slightly heavier tail in the force distribu-
tion and more pronounced high-error tails for energy
and stress. In terms of mean absolute error (MAE),
GRACE-FS-M yields slightly lower errors for energy
(10.42 meV/atom) and force (99.11 meV/Å) than UNEP-
v1 (11.10 meV/atom and 111.08 meV/Å, respectively),
whereas UNEP-v1 gives a lower stress MAE (0.45 GPa
versus 0.51 GPa). The root-mean-square errors (RMSEs)
show a similar overall trend for force, with GRACE-FS-M
again slightly outperforming NEP (159.14 versus 171.90
meV/Å), but they also reflect the stronger sensitivity
of RMSE to the high-error tails: for energy and stress,
the RMSEs of GRACE-FS-M (21.02 meV/atom and 2.52
GPa) exceed those of UNEP-v1 (17.13 meV/atom and
1.18 GPa), consistent with the broader tails in the corre-
sponding error distributions. Overall, the two models ex-
hibit comparable training accuracy, with GRACE-FS-M
performing slightly better in the average energy and force
errors, and UNEP-v1 showing better robustness against
large energy and stress outliers.

Training efficiency shows a much sharper contrast.
As shown in Fig. 1(d), UNEP-v1 required ten days on
four A100 GPUs to complete 1,000,000 generations [38],
whereas GRACE-FS-M converged within one day on a
single A100 GPU in fewer than 2,000 epochs. Under the
reported training protocols, this corresponds to an ap-
proximately 40-fold difference in wall time, highlighting
a major practical advantage of GRACE-FS-M for model
development and active-learning iteration.

To examine the effect of model complexity, we further
consider GRACE-FS-S, GRACE-FS-L, and the two-layer
graph-based model GRACE-2L. The numbers of parame-
ters and training errors are listed in Table I, and the cor-
responding test errors are given in Table II. The test set
from Ref. [38] contains pure metals and alloys under di-
verse deformation states. All GRACE-FS models contain
fewer parameters than UNEP-v1, whereas GRACE-2L is
substantially larger.

For all models, the energy errors on the test set are
higher than those on the training set, indicating a clear
generalization gap. This trend is seen in both MAE
and RMSE, suggesting not only a shift in the average

prediction error but also a deterioration in the larger-
error regime on unseen configurations. This suggests
that training only on pure metals and binary alloys is
insufficient to fully represent the more complex chemi-
cal environments in the test set. Within the GRACE-FS
series, increasing model size leads to modest reductions
in both MAEs and RMSEs for energy and force, with
smaller changes for stress. GRACE-FS-M and GRACE-
FS-L both outperform UNEP-v1 in the MAEs of energy
and force on the training and test sets, whereas NEP
yields somewhat lower stress MAEs than all GRACE-
FS variants. A similar trend is observed for the force
RMSE, for which GRACE-FS-M and GRACE-FS-L re-
main lower than UNEP-v1. By contrast, for energy and
stress, the RMSEs of the GRACE-FS models are not uni-
formly lower than those of UNEP-v1, indicating that al-
though GRACE-FS improves the average predictive ac-
curacy, UNEP-v1 remains more robust to a subset of
larger errors in these quantities.

The ensemble-level statistics further support a more
nuanced comparison between UNEP-v1 and GRACE-FS-
M, as summarized in Appendix Table III. For the MAE
values, GRACE-FS-M generally exhibits lower ensemble-
averaged errors and smaller model-to-model variations
than UNEP-v1, especially for energy and force, indicat-
ing more consistent average predictive accuracy across
the committee models. However, the RMSE values do
not follow the same uniform trend, since RMSE is more
sensitive to a small number of large-error configurations.
Therefore, while GRACE-FS-M provides more stable av-
erage accuracy, UNEP-v1 remains competitive in the
large-error regime for some quantities, particularly en-
ergy and stress.

GRACE-2L achieves substantially lower MAEs for all
three target properties, especially on the test set, indi-
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FIG. 1. Benchmarking the accuracy and efficiency of UNEP-
v1 and GRACE-FS-M potentials. Error distributions for (a)
energy, (b) forces, and (c) virial stress are compared alongside
(d) the computational cost (wall time) required for training.
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TABLE I. Mean absolute errors (MAE) and root-mean-square errors (RMSE) of energy (E), force (F ), and stress (S) for
different MLIPs on the training set.

MLIPs UNEP-v1 GRACE-FS-S GRACE-FS-M GRACE-FS-L GRACE-2L

# of Parameters 70,401 9,312 17,824 28,592 1,289,704
EMAE (meV/atom) 11.10 11.81 10.42 9.30 3.29
ERMSE (meV/atom) 17.13 23.75 21.02 18.93 14.09
FMAE (meV/Å) 111.08 103.85 99.11 95.95 55.15
FRMSE (meV/Å) 171.90 168.59 159.14 153.73 88.15
SMAE (GPa) 0.45 0.53 0.51 0.50 0.35
SRMSE (GPa) 1.18 2.46 2.52 2.64 4.74

cating the benefit of increased model expressivity and a
more flexible graph-based message-passing architecture.
Its RMSEs are also generally reduced for energy and
force relative to UNEP-v1 and the GRACE-FS models,
supporting improved overall transferability, although the
stress RMSE remains comparatively high on the training
set, suggesting that a small number of large stress errors
still persist. However, its parameter count is more than
an order of magnitude larger than that of UNEP-v1 and
far exceeds those of the GRACE-FS models. Since the
primary goal of this work is to compare UNEP-v1 and
GRACE-FS as practically deployable MLIPs for chemi-
cally complex, large-scale simulations, the most relevant
conclusion is that GRACE-FS provides slightly better
average accuracy for energy and force than UNEP-v1,
whereas UNEP-v1 retains an advantage in stress predic-
tion and in limiting some large energy and stress outliers.

Uncertainty quantification

We next examine the uncertainty of the two MLIPs us-
ing ensemble learning and D-optimality approaches. The
test dataset from Ref. [38] is used for the uncertainty
quantification (UQ) analysis. The Spearman’s correla-
tion (ρ) is used to measure the quality of UQ analy-
sis. Fig. 2(a-d) show that using ensemble discrepan-
cies of UNEP-v1 and GRACE-FS-M models can give
good estimation of errors for unknown atomic environ-
ments. GRACE-FS ensembles exhibit the higher cor-
relation than UNEP-v1 ensembles, potentially because
the UNEP-v1 utilize varying model sizes while GRACE-
FS-M maintains consistency across models. Notably, for
both UNEP-v1 and GRACE-FS-M ensembles, the cor-
relation between force error and UQ is stronger when
evaluated on a per-structure basis (Fig. 2(b) and (d))
than on a per-atom basis (Fig. 2(a) and (c)).

In contrast, the D-optimality results shown in Fig. 2(e,
f) exhibit poor correlations between force errors and γ
values at both the structural and atomic levels. In par-
ticular, the commonly used threshold of γ = 1 fails to re-
liably distinguish atoms or structures with low prediction
errors, indicating that D-optimality is less reliable for un-

certainty quantification in the present heterogeneous 16-
element benchmark. This behavior is consistent with our
recent findings on the impact of data heterogeneity on
uncertainty quantification [49]. Because the training set
spans diverse structural motifs, including severe plastic
deformation and free surfaces, as well as 16 elements and
their binary alloys, the global descriptor boundary can
appear broad while some local regions remain sparsely
sampled. Under such conditions, D-optimality primarily
characterizes extrapolation relative to the outer bound-
ary of the sampled descriptor space, but may miss local
atomic environments that lie inside this boundary yet are
insufficiently represented in the training set.

Computational efficiency across different scales

We next evaluate the computational efficiency of the
MLIPs, which is critical for enabling extra-large-scale
MD simulations. The performance of UNEP-v1 is bench-
marked on both GPU (NVIDIA H100 and A100) and
CPU platforms on the Snellius cluster, the national su-
percomputer of the Netherlands. CPU calculations are
carried out on a dual-socket system equipped with AMD
EPYC 9654 processors (192 cores in total).

For a fair comparison with the CPU implementa-
tion of GRACE-FS-M, all CPU benchmarks are per-
formed using 192 cores. This configuration is chosen
to match the computational cost of approximately one
H100 GPU-hour on the Snellius system, where CPU and
GPU nodes are charged at comparable rates. The re-
sulting performance comparison therefore reflects a cost-
normalized evaluation rather than a direct hardware-to-
hardware comparison. In addition, to further disentan-
gle the effects of hardware platform and model architec-
ture, we benchmarked the Kokkos-accelerated implemen-
tation of GRACE-FS-M on both CPU and GPU plat-
forms. Specifically, the CPU results correspond to the
double-precision CPU implementation running on 192
CPU cores, whereas the GPU benchmarks were per-
formed using the single-precision Kokkos GPU imple-
mentation on NVIDIA A100 and H100 GPUs. The use of
single precision for the GRACE-FS-M GPU benchmarks
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TABLE II. Mean absolute errors (MAE) and root-mean-square errors (RMSE) of energy (E), force (F ), and stress (S) for
different MLIPs on the test set from Ref. [38].

MLIPs UNEP-v1 GRACE-FS-S GRACE-FS-M GRACE-FS-L GRACE-2L

EMAE (meV/atom) 24.44 20.07 19.89 18.94 11.54
ERMSE (meV/atom) 57.99 62.97 55.85 68.00 64.61
FMAE (meV/Å) 114.24 102.13 98.98 95.23 62.00
FRMSE (meV/Å) 260.09 424.51 408.41 457.09 334.00
SMAE (GPa) 0.67 0.65 0.62 0.61 0.37
SRMSE (GPa) 2.13 3.07 2.47 2.86 2.18
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FIG. 2. Uncertainty quantification for UNEP-v1 and GRACE-FS-M potentials. (a, b) Uncertainty estimates for UNEP-v1
using ensemble learning at the atomic and structural levels, respectively. (c-f) Uncertainty estimates for GRACE-FS-M using
(c, d) ensemble learning and (e, f) the D-optimality criterion, each shown at the atomic and structural level.

ensures consistency with the GPUMD implementation
used for UNEP-v1, which is also run in single precision.

The results, summarized in Fig. 3, demonstrate a sub-
stantial performance advantage for the GPU-accelerated
UNEP-v1 over GRACE-FS-M. For pure Cu, the H100
GPU reaches a peak inference speed of 29.4 million
atoms per step per second (Matom·step/s) at 2.05 mil-
lion atoms, compared with 0.503 Matom·step/s for the
double-precision GRACE-FS-M CPU implementation on
192 CPU cores, corresponding to a cost-normalized
speedup of about 58×. At the same system size, the A100
achieves 15.4 Matom·step/s, which is still more than 30×
faster than the CPU reference. For the chemically more
complex Al31Cr6Cu22Ni32V9 HEA, the H100 attains a
peak speed of 19.7 Matom·step/s at 256 thousand atoms,
whereas the double-precision GRACE-FS-M CPU imple-
mentation reaches 0.571 Matom·step/s, yielding a cost-
normalized speedup of about 34×. The A100 reaches 10.6
Matom·step/s for the same HEA system, maintaining a

clear advantage over the CPU-based reference.

We further benchmarked the single-precision Kokkos
GPU-accelerated implementation of GRACE-FS-M on
A100 and H100 GPUs to disentangle the effects
of hardware platform and model architecture. For
pure Cu, GRACE-FS-M reaches only about 0.73–0.74
Matom·step/s on H100, while UNEP-v1 reaches 29.2–
29.4 Matom·step/s at large system sizes, corresponding
to an approximately 39–40× speed advantage even when
both models are run on H100 GPUs in single precision.
For the HEA system, GRACE-FS-M reaches about 0.76–
0.78 Matom·step/s on H100, whereas UNEP-v1 reaches
19.2–19.7 Matom·step/s, corresponding to an approxi-
mately 25–26× speed advantage. These results show that
the large performance gap cannot be attributed simply to
CPU versus GPU hardware, but primarily reflects differ-
ences in model architecture, computational complexity,
and implementation efficiency.

The scaling behavior of UNEP-v1 and GRACE-FS-M
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FIG. 3. Computational speed comparison between UNEP-v1 and GRACE-FS-M for (a) pure Cu and (b) the Al31Cr6Cu22Ni32V9

HEA. UNEP-v1 is evaluated on A100 and H100 GPUs, whereas GRACE-FS-M is benchmarked using its double-precision CPU
implementation on 192 CPU cores and its single-precision GPU implementation on A100 and H100 GPUs.

also differs significantly. GRACE-FS-M shows nearly
system-size-independent throughput over the tested
range on both CPU and GPU platforms, suggesting that
Kokkos GPU acceleration changes the absolute speed but
not the overall scaling trend. By contrast, UNEP-v1
exhibits a clear increase in GPU throughput with in-
creasing system size and reaches peak performance for
systems containing hundreds of thousands to millions of
atoms. This contrast indicates that the favorable scaling
of UNEP-v1 is not simply a generic GPU effect, but arises
from the combination of its lower computational com-
plexity and efficient GPUMD implementation, which bet-
ter amortizes GPU parallelization overhead at large sys-
tem sizes. This makes UNEP-v1 particularly well suited
for extra-large-scale molecular dynamics simulations.

A direct comparison between GPUs further shows that
H100 consistently outperforms A100 for UNEP-v1, with
an advantage of about 1.74–1.91× for Cu and 1.81–1.99×
for the HEA, depending on system size. Given that
the H100 is only about 1.5× more expensive than the
A100 on the Snellius cluster, it also delivers a superior
performance-to-cost ratio for UNEP-v1. Therefore, the
combination of UNEP-v1 accelerated on an H100 GPU
emerges as the most powerful and cost-effective compu-
tational pathway for extra-large-scale MD simulations of
complex material systems in this work.

MD Simulation stability

To ensure a consistent stability comparison between
GRACE-FS-M and UNEP-v1, all MD stability tests were
performed using double-precision LAMMPS calculations
for both potentials. The neighbor-list settings were kept
identical, with neighbor 2.0 bin and neigh modify

every 1 delay 0 check yes, to avoid numerical differ-

ences arising from different neighbor-list update proto-
cols. For each potential, six ensemble models were eval-
uated, and the maximum energy drift during the NVE
stage was summarized using the ensemble mean, mini-
mum, and maximum values.

We evaluate the MD stability of the two MLIPs at
different temperatures by adapting the procedure from
Ref. [50]. For each system, we first perform a 10 ps
NVT simulation at the target temperature, followed by a
100 ps NVE simulation to monitor the total energy drift.
A non-zero energy drift reflects numerical errors of the
potential and its implementation, since the total energy
should be conserved in an ideal NVE ensemble. In ad-
dition to energy conservation, we also examine whether
the simulated structures retain their structural integrity
after finite-temperature MD.

The results for monolayer goldene are shown in
Fig. 4. For both MLIPs, the ensemble-averaged max-
imum energy drift increases gradually from 300 K to
approximately 1300 K, indicating comparable energy-
conservation behavior at low and moderate tempera-
tures. At higher temperatures, however, UNEP-v1 shows
a sharper increase in the maximum drift, reaching 6.11×
10−3 meV/atom at 1500 K, whereas GRACE-FS-M re-
mains below 2.22×10−3 meV/atom. This difference is ac-
companied by different structural responses. The goldene
monolayer starts to lose its structural integrity at 1400 K
in the UNEP-v1 simulations, while GRACE-FS-M pre-
serves the monolayer up to 1400 K and collapses only
at 1500 K. Thus, the abrupt increase in the UNEP-v1
energy drift coincides with the onset of structural insta-
bility.

Previous DFT-based AIMD simulations reported that
monolayer goldene remains structurally stable at 1400
K over a 10 ps simulation window [51]. Although this
AIMD reference is much shorter than the present 100
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ps NVE stability test, it suggests that the GRACE-
FS-M prediction is more consistent with the available
first-principles evidence in this temperature range. Nev-
ertheless, without longer-time finite-temperature DFT
simulations or experimental reference data near 1400–
1500 K, we do not assign definitive physical correctness
to either prediction. Instead, this result should be in-
terpreted as a model-dependent difference in predicted
finite-temperature structural stability.

We next assess the two MLIPs on more complex
multicomponent alloys. The first case is the quinary
Al31Cr6Cu22Ni32V9 alloy with chemical short-range or-
der (CSRO), which was previously studied in Ref. [38].
Using this CSRO-containing structure as the initial con-
figuration, we evaluate the energy conservation of both
MLIPs over the same temperature range. As shown in
Fig. 5(a), GRACE-FS-M exhibits a smooth and moder-
ate increase in the ensemble-averaged maximum energy
drift, from 1.00×10−3 meV/atom at 300 K to 1.23×10−2

meV/atom at 3000 K. In contrast, UNEP-v1 remains rea-
sonably stable at low and moderate temperatures but
shows a much stronger increase at high temperature,
with the ensemble-averaged drift reaching 1.01 × 10−1

meV/atom and the maximum value reaching 2.02×10−1

meV/atom at 3000 K. Thus, for the quinary alloy, UNEP-
v1 exhibits a pronounced loss of energy conservation un-
der extreme-temperature conditions, whereas GRACE-
FS-M remains comparatively stable.

The contrast becomes stronger in the random 16-
element alloy, as shown in Fig. 5(b). GRACE-FS-
M maintains small and smoothly varying energy drift
across the entire temperature range, with the ensemble-
averaged drift remaining below 7.75 × 10−3 meV/atom
even at 3000 K. By contrast, UNEP-v1 shows much larger
drift values and broader model-to-model variation in the
16-element alloy, with the ensemble-averaged drift reach-
ing 2.46 × 10−1 meV/atom at 2000 K and the maxi-
mum drift approaching 9.43 × 10−1 meV/atom. These
results indicate that the high-temperature instability of

(a) (b)

(c)

GRACE-FS 

at 1500 K

NEP 

at1400 K

Initial goldene

FIG. 4. Thermal stability of monolayer goldene assessed
by MD simulations. (a) Maximum energy drift as a func-
tion of temperature. (b, c) Atomic snapshots after finite-
temperature simulations, showing the different structural re-
sponses predicted by the two MLIPs at high temperature.

UNEP-v1 is strongly amplified by increasing chemical
complexity, whereas GRACE-FS-M remains robust from
the quinary alloy to the 16-element alloy.

A key observation from these multicomponent systems
is therefore not simply that high temperature increases
energy drift, but that the influence of elemental complex-
ity is highly model-dependent. GRACE-FS-M maintains
small and smoothly varying energy drift in both the five-
component and 16-component alloys, indicating good nu-
merical robustness as chemical complexity increases. In
contrast, UNEP-v1 becomes much less stable in the 16-
element alloy, exhibiting substantially larger ensemble-
averaged drift and maximum drift values than in the
quinary alloy. This difference is likely associated with
their different levels of chemical extrapolation capability,
which will be examined in more detail in the next sec-
tion. These ensemble results suggest that GRACE-FS-
M is more robust for high-temperature MD simulations
of multicomponent alloys, whereas UNEP-v1 should be
used with caution under chemically complex and ther-
mally demanding conditions.

Transferability of MLIPs and augmented
GRACE-FS

The applicability of MLIPs to multicomponent alloys
remains a critical open question, as current models are
trained exclusively on unary and binary systems. To sys-
tematically assess and compare the accuracy of leading
MLIPs, we introduce a novel benchmark dataset designed
for maximum compositional diversity. This dataset com-
prises eight distinct systems, ranging from 2 to 16 ele-
ments. For each system size, we generated 100 random
configurations with varying elemental compositions and
atomic perturbations. The performance of each potential
is evaluated by comparing its predictions against high-
fidelity, single-point DFT calculations.

Fig. 6 presents a comparative analysis of the UNEP-
v1, GRACE-FS-M, and GRACE-2L models, revealing a

(a) (b)

HEA16

Al31Cr6Cu22Ni32V9

FIG. 5. Thermal stability of multicomponent alloys assessed
by MD simulations. The maximum energy drift is plotted for
(a) the Al31Cr6Cu22Ni32V9 alloy with chemical short-range
order (CSRO) and (b) a random 16-element alloy across a
range of temperatures.
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clear performance hierarchy: GRACE-2L is the most ac-
curate, followed by GRACE-FS-M, with UNEP-v1 ex-
hibiting the highest errors. This result is striking be-
cause all models are trained on datasets containing only
unary and binary systems, yet they generalize to mul-
ticomponent environments with substantially different
accuracy. This immediately suggests a strong depen-
dence on model architecture. To quantitatively inves-
tigate this architectural dependence, we trained an aug-
mented model, GRACE-FS-M-A, by supplementing the
original training data with our newly generated multi-
component structures. These newly generated datasets
span configurations ranging from 2 to 16 elements, re-
flecting increasing chemical complexity. The results show
a clear trend. While data augmentation reduces the error
of the baseline GRACE-FS-M, its performance remains
inferior to GRACE-2L. This suggests that the limitation
of GRACE-FS-M is not simply due to a lack of data,
but is also related to its architectural design, which con-
strains its ability to capture complex multi-element inter-
actions. Therefore, the superior performance of GRACE-
2L, achieved without any multicomponent training data,
provides an important insight: for the prediction of com-
plex multicomponent systems, a more expressive model
architecture is important for high-fidelity extrapolation
and can be more effective than targeted data expansion
alone.

This chemical-transferability trend is also consistent
with the MD stability results in Fig. 5(b), where UNEP-
v1 shows much larger energy drift than GRACE-FS-M
in the 16-element alloy. This suggests that limited chem-
ical extrapolation capability may affect not only static
prediction accuracy, but also the robustness of finite-
temperature MD simulations in highly multicomponent
environments. A plausible origin of the different chem-
ical extrapolation behavior is the distinct way in which
chemical species are encoded and information is shared
across elemental combinations in the two architectures.
In UNEP-v1, the species-dependent neural-network pa-
rameters and pair-dependent descriptor coefficients may
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FIG. 6. Assessing the chemical transferability of different
MLIPs. Prediction errors for (a) energy and (b) forces (re-
ported as MAE and RMSE) are evaluated on additional DFT
datasets of multi-element systems, ranging from 2 to 16 com-
ponents.

make the model more sensitive to chemical combinations
that are absent from the unary and binary training data.
By contrast, GRACE-FS-M incorporates chemical em-
bedding within an ACE-like Finnis–Sinclair form, which
may enable smoother information sharing across differ-
ent elemental pairs and multicomponent local environ-
ments. This architectural difference may partly explain
the stronger chemical transferability of GRACE-FS-M
observed here, although further controlled studies are
needed to isolate its precise origin and to guide future
improvements of NEP models.

Validation of MLIPs for key properties

We next evaluate the accuracy of the MLIPs in pre-
dicting key mechanical properties of pure metals, with
all reference DFT data obtained from Ref. [38]. Fig-
ure 7(a) presents a parity plot of the elastic constants
for 16 metals. All MLIPs capture the general trends
well, with GRACE-FS-M and UNEP-v1 showing com-
parable errors. The augmented GRACE-FS-M-A model,
however, demonstrates a marked reduction in error. For
more localized defects, the advantages of the GRACE
models become more pronounced. As shown in Fig. 7(b,
c), GRACE-FS-M provides a more accurate prediction
of both the monovacancy formation energy and surface
energy than UNEP-v1. Furthermore, data augmentation
yields consistent improvements, with GRACE-FS-M-A
achieving the highest accuracy. Finally, we probe the
complex energy landscape of a screw dislocation in BCC
tungsten (W) (Fig. 7(d)). While the UNEP-v1 model
underestimates the Peierls barrier, the GRACE-FS mod-

(c)

(a) (b)Elastic constants Monovacancy formation energy

Surface formation energy (d) Screw dislocation Peierls barrier

UNEP-v1 UNEP-v1

UNEP-v1

UNEP-v1

FIG. 7. Assessment of MLIP accuracy in predicting funda-
mental mechanical properties. The MLIP-predicted (a) elas-
tic constants, (b) vacancy formation energy, (c) surface en-
ergy, and (d) screw dislocation Peierls barrier are plotted
against their respective DFT values.
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els slightly overestimate it; critically, all models yield re-
sults close to the DFT reference.

These results collectively demonstrate two key find-
ings: first, the GRACE-FS-M architecture inherently
provides superior accuracy for mechanical property pre-
diction, particularly for defect properties, compared to
UNEP-v1. Second, the systematic use of data augmenta-
tion (GRACE-FS-M-A) consistently enhances accuracy,
even for properties not explicitly included in the aug-
mented dataset. This suggests that the augmented data
may improve the regularity and coverage of the learned
potential energy surface, although the precise origin of
this improvement requires further controlled ablation.

A key validation of the MLIPs involves their applica-
tion to the finite-temperature deformation of complex,
multicomponent systems. For this purpose, we subject
two representative high-entropy alloys (HEAs), a FCC
Ni-Cu-Pd-Pt-Ag-Au alloy and a BCC V-Cr-Mo-Ta-W-
Ti alloy, to tensile loading at a strain rate of 109 s−1 up
to 35% strain. The resultant defect evolution, analyzed
via common neighbor analysis (Fig. 8(a, b)), reveals dis-
tinct, complex deformation mechanisms. The FCC HEA
develops local BCC- and HCP-like environments, accom-
panied by the formation of unidentified defects. In con-
trast, the BCC HEA experiences severe plastic deforma-
tion, generating a high density of defects and forming
systemic boundaries at the maximum strain. The abil-
ity to capture such intricate behavior provides a strin-
gent validation for the MLIPs. As shown in Fig. 8(c, d),
the GRACE-FS models achieve significantly lower energy
and force errors than UNEP-v1 for both HEAs. Further-
more, all potentials exhibit higher accuracy in the FCC
structure than in the BCC structure. These results col-
lectively demonstrate that the GRACE-FS architecture

(c) (d)

(a) (b)FCC Ni16.66Cu16.66Pd16.66Pt16.66Ag16.66Au16.7 BCC V16.40Cr16.40Mo16.40Ta17.18 W 16.40 Ti17.22 

ε=21% ε=28% ε=35%

ε=0% ε=7% ε=14%

ε=21% ε=28% ε=35%

ε=0% ε=7% ε=14%

UNEP-v1 UNEP-v1

FIG. 8. Performance evaluation of MLIPs for simulating the
tensile testing of HEAs. (a, b) Snapshots of defect structures
(e.g., phase transitions, stacking faults) during deformation
for FCC and BCC crystal structures, respectively. (c, d) The
accuracy of the MLIPs is quantified by RMSE for (c) energy
and (d) force predictions compared to reference DFT calcu-
lations.

provides a more robust and reliable framework for sim-
ulating the mechanical response of chemically complex
systems, with a particular advantage in capturing the
challenging deformation pathways of BCC alloys.

Shock simulations and uncertainty analysis

We next employ the UNEP-v1 ensemble to inves-
tigate the shock response of the high-entropy alloy
Al10Cr10Cu35Ni35V10 via non-equilibrium MD (NEMD)
simulations. The simulation cell, containing 3 million
atoms with dimensions of 18 × 18 × 110 nm3, is sub-
jected to an impact velocity of 0.8 km/s along the [100]
crystallographic direction. The shock loading is applied
for 10.0 ps using the “ensemble wall mirror” method in
the GPUMD package [52], followed by a 35.0 ps relax-
ation period to observe subsequent deformation and fail-
ure mechanisms. Owing to their high computational de-
mand, GRACE-FS potentials are deemed unsuitable for
such application.
Figure 9(a-c) presents the evolution of density, stress,

and temperature during the shock process, as simulated
by the primary UNEP-v1 model from Ref. [38]. The
UNEP-v1 model properly captures the dynamic response
of these quantities throughout both the shock compres-
sion and release stages, including wave propagation, re-
flection, and interaction. A spall fracture is initiated at
approximately 30 ps, marked by a sharp drop in density
(Fig. 9(a)) and a concurrent temperature increase (Fig.
9(c)). The spall strength, defined as the maximum ten-
sile stress experienced by the material, is determined to
be 16.69 GPa for this primary model. To assess model
uncertainty, the spall strength was calculated using four
additional UNEP-v1 models from the ensemble, yielding
values of 17.07, 17.70, 17.47, and 16.76 GPa. The stan-
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FIG. 9. Shock-induced spallation in Al10Cr10Cu35Ni35V10.
Temporal evolution of (a) density, (b) stress, and (c) temper-
ature from the primary UNEP-v1 model. The arrows indi-
cate the spallation, and the calculated spall strength (σsp) is
marked in (b). Corresponding spatial profiles of (d) density,
(e) stress, and (f) temperature at 45 ps, comparing results
across the five-model UNEP-v1 ensemble.
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dard deviation across all five models is 0.39 GPa, repre-
senting an uncertainty of only∼2.3% relative to the mean
value of 17.14 GPa. This low ensemble spread supports
the robustness of the predicted spall strength under the
present loading condition. In contrast, Fig. 9(d-f) shows
the spatial distributions of these quantities at the sim-
ulation end time (45 ps) for all five UNEP-v1 models.
These snapshots reveal non-negligible deviations in crit-
ical regions, particularly in the density and temperature
profiles within the spall zone.

We next analyze the microstructure evolution and fail-
ure mechanisms. Figure 10(a) presents the sequence from
the main UNEP-v1 model. By the end of the shock stage
(10 ps), a dense dislocation network has formed. Subse-
quently, void nucleation occurs at the right end of the
sample by 30 ps, leading to complete fracture into two
parts by 45 ps. The temporal evolution of the total dis-
location length across the five-model UNEP-v1 ensemble
is shown in Fig. 10(b). All models exhibit a consistent
trend: a sharp increase in dislocation density occurs be-
fore 10 ps, followed by a plateau between 10–18 ps. A
rapid decrease then follows, nearly vanishing by 26 ps.
Beyond 30 ps, the dislocation length increases once more,
peaking around 34 ps before declining again. Despite this
qualitative agreement, significant quantitative deviations
are observed between the models, particularly during the
10–18 ps plateau, where the maximum dislocation length
varies considerably. This variability in microstructural
evolution underlies the spatial deviations in temperature
and density observed in the spall region in Fig. 9(d–f),
highlighting that while the global spall strength is robust,
the local damage microstructure is more model-sensitive.

We further note that, although UNEP-v1 exhibits se-
vere energy drift at 3000 K in the long-time NVE sta-
bility tests, the local temperature reached during the
present shock-spallation simulation remains below 2000
K. As shown in Fig. 9(c), the maximum local temper-
ature near the shock front and spall region lies within
the temperature range where UNEP-v1 does not show
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FIG. 10. Microstructural evolution during shock simula-
tion. (a) Temporal evolution of defect structures. The first
panel shows dislocation lines extracted using the Dislocation
Extraction Algorithm (DXA), whereas the subsequent pan-
els show defects identified by Common Neighbor Analysis
(CNA). (b) Temporal evolution of the total dislocation length
for five different UNEP-v1 models.

catastrophic energy drift in Fig. 5(a). In addition, the
shock-loading stage lasts only 10 ps, much shorter than
the 100 ps NVE stability test, which further reduces the
likelihood that the long-time high-temperature drift ob-
served at 3000 K dominates the present shock response.
Nevertheless, the use of NEP under more extreme shock
conditions should be treated with caution, especially if
the local temperature approaches the range where high-
temperature energy drift becomes significant. Beyond
this stability consideration, the ensemble results also re-
veal a distinction between global and local uncertainty.
Since the UNEP-v1 models used here are taken from the
published ensemble, the present simulations do not al-
low us to rigorously separate parametric uncertainty aris-
ing from different model initializations or hyperparame-
ters from epistemic uncertainty associated with limited
training coverage of high-strain-rate nonequilibrium en-
vironments. However, given that the original UNEP-v1
training dataset was not specifically optimized for shock
loading, the observed model-to-model variations in lo-
cal density, temperature, and dislocation evolution likely
indicate larger uncertainty in local microstructural path-
ways than in the global spall strength. The small en-
semble variance in spall strength should therefore not be
interpreted as equally small uncertainty in all local atom-
istic fields. We also note that a comparable GRACE-FS
shock simulation at the same scale is computationally
impractical in the present work, while a substantially
reduced-size GRACE-FS simulation would not provide
a direct validation of spallation behavior because shock-
wave propagation, void nucleation, and damage evolution
are strongly affected by simulation size and geometry.

DISCUSSION

MLIPs enable near-DFT accuracy at orders-of-
magnitude lower computational cost, which is partic-
ularly valuable for compositionally complex materials
where multicomponent chemistry governs defect for-
mation, deformation, and failure. In this work, we
performed a controlled comparison of UNEP-v1 and
GRACE-FS for 16 elemental metals and their multicom-
ponent alloys, focusing on the practical requirements for
large-scale MD simulations: accuracy, computational ef-
ficiency, finite-temperature stability, chemical transfer-
ability, and uncertainty quantification.
Our results reveal a clear trade-off between infer-

ence speed and predictive robustness. UNEP-v1 ex-
hibits a substantial advantage in computational through-
put, reaching approximately 40 times higher inference
speed than GRACE-FS-M in large-scale MD simulations.
This makes UNEP-v1 particularly attractive when sys-
tem size, simulation timescale, or sampling efficiency is
the primary bottleneck. By contrast, GRACE-FS-M
shows higher training efficiency, better average energy
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and force accuracy, stronger chemical transferability, and
more stable energy conservation in high-temperature MD
simulations. Therefore, rather than identifying a single
universally superior model, the present results suggest
that the two frameworks occupy complementary posi-
tions. GRACE-FS-M is preferable when accuracy, chem-
ical extrapolation, and finite-temperature robustness are
the main requirements, whereas UNEP-v1 is preferable
when million-atom throughput and long-time MD sam-
pling are the limiting factors.

These findings also have important implications for
developing MLIPs for multicomponent systems, includ-
ing high-entropy alloys, high-entropy ceramics, and com-
positionally complex two-dimensional materials. Previ-
ous work suggested that training on unary and binary
structures can already provide a reasonable description
of high-entropy alloys [38]. Our results partly support
this view: the unary-plus-binary strategy is an efficient
starting point because it greatly reduces the combinato-
rial chemical space while still yielding nontrivial accuracy
for multicomponent environments. However, the system-
atic increase in prediction error for structures containing
three or more elements indicates that unary and binary
data alone are generally insufficient to guarantee robust
transferability in truly high-order chemical environments.
Therefore, although unary and binary datasets provide
a useful foundation, incorporating ternary and higher-
order configurations remains important for improving re-
liability in realistic multicomponent applications.

Importantly, the amount of higher-order training
data required is architecture-dependent. The chemical
transferability benchmark shows a clear hierarchy, with
GRACE-2L outperforming GRACE-FS-M, and GRACE-
FS-M outperforming UNEP-v1. This trend suggests that
model architecture can partly reduce, although not elim-
inate, the need for exhaustive multicomponent training
data. More expressive architectures may share chemi-
cal information more effectively across elemental com-
binations, thereby improving extrapolation from unary
and binary environments to higher-order alloys. This
conclusion is consistent with recent progress in univer-
sal MLIPs, such as MACE and eqV2, where expres-
sive equivariant architectures have enabled high accuracy
across broad compositional spaces, in some cases even
without system-specific fine-tuning [53]. At the same
time, the present results emphasize that broad elemental
coverage alone is not sufficient: finite-temperature sta-
bility, chemical extrapolation, and uncertainty behavior
must also be tested explicitly before deploying MLIPs in
demanding MD simulations.

Finally, it is important to emphasize the distinct ad-
vantage of the NEP framework. Although the training
of UNEP-v1 is relatively slow, a limitation that future
gradient-based training algorithms may help address [54],
its inference efficiency in GPUMD is exceptional. This ef-
ficiency provides substantial practical flexibility: one can

simulate larger systems, access longer timescales, per-
form broader ensemble sampling, or use more physically
relevant strain rates than would be feasible with more
computationally expensive MLIPs. In the present work,
this capability enables three-million-atom shock simula-
tions of a prototypical FCC high-entropy alloy. The en-
semble results show a small spread in the predicted spall
strength, supporting the robustness of this global observ-
able under the present loading condition. Nevertheless,
the ensemble variations in local density, temperature, and
dislocation evolution indicate that local atomistic path-
ways under shock loading remain more uncertain than
the global spall strength. Thus, while NEP’s exceptional
speed enables million-atom shock simulations that are
currently impractical with GRACE-FS, future studies fo-
cused on local shock-induced mechanisms may require
training data specifically enriched with high-strain-rate
nonequilibrium configurations.
Overall, this study highlights that deploying MLIPs for

multicomponent alloys is not only a question of achiev-
ing low static test errors. Reliable large-scale simula-
tions require a balanced assessment of accuracy, speed,
chemical transferability, finite-temperature stability, and
uncertainty quantification. In this sense, GRACE-FS
and UNEP-v1 provide complementary routes: GRACE-
FS offers stronger robustness and transferability, while
UNEP-v1 offers exceptional throughput for extreme-scale
MD. Future MLIP development for compositionally com-
plex materials should therefore combine architecture-
aware chemical representation, targeted higher-order
training data, systematic finite-temperature stability
tests, and ensemble-based uncertainty quantification.

CONCLUSION

In summary, this work presents a controlled bench-
mark of the UNEP-v1 and GRACE-FS MLIP frame-
works for 16 elemental metals and their multicompo-
nent alloys. The results reveal a clear accuracy–efficiency
trade-off. GRACE-FS offers higher training efficiency,
better average accuracy, stronger chemical transferabil-
ity, and improved finite-temperature stability, whereas
NEP provides exceptional inference speed and therefore
enables molecular dynamics simulations at the million-
atom scale. We further show that chemical transferabil-
ity is closely connected to high-temperature MD stability
in highly multicomponent environments, highlighting the
importance of architecture-dependent chemical represen-
tation for reliable simulations of complex alloys. For un-
certainty quantification, ensemble-based uncertainty pro-
vides a more reliable error indicator than D-optimality in
the present heterogeneous dataset. Finally, the NEP en-
semble enables three-million-atom shock-spallation sim-
ulations of a high-entropy alloy, yielding robust global
spall-strength predictions while also revealing larger un-
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certainty in local damage pathways. These findings
demonstrate that reliable deployment of MLIPs for mul-
ticomponent alloys requires the joint consideration of ac-
curacy, speed, transferability, stability, and uncertainty,
and provide practical guidance for selecting MLIP frame-
works for large-scale simulations under extreme condi-
tions.
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