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Universal machine learning interatomic potentials have emerged as efficient tools for materials
simulation, yet their reliability for elastic property prediction remains unclear. Here, we present a
systematic benchmark of four uMLIPs—MatterSim, MACE, SevenNet, and CHGNet—against first-
principles data for nearly 11 000 elastically stable materials from the Materials Project database. The
results show that SevenNet achieves the highest accuracy, MACE and MatterSim balance accuracy
with efficiency, while CHGNet performs less effectively overall. To further improve predictive quality,
we perform targeted fine-tuning on all four uMLIPs using strained configurations derived from 185
high-error materials. After fine-tuning, CHGNet exhibits the largest overall improvement, with an
average mean absolute percentage error reduction of about 23%, followed by MatterSim at around
21% and SevenNet at 18%, whereas MACE shows a performance degradation of roughly 14%. This
work provides quantitative guidance for model selection and data refinement, advancing uMLIPs
toward reliable applications in mechanical property prediction.

I. INTRODUCTION

Elastic properties [[l], as fundamental properties of ma-
terials, play an important role in governing their mechan-
ical behavior across a wide range of applications, from
structural engineering to lithium battery systems [2-4],
and related fields [5]. Accurate prediction of elastic con-
stants and their derived mechanical parameters, such as
bulk modulus, shear modulus, Young’s modulus, and
Poisson’s ratio, is a critical task of computational ma-
terials design [6]. Although the modern density func-
tional theory (DFT) [7-10] provides reliable and repro-
ducible predictions of elastic properties, such calcula-
tions are often associated with high computational costs
in high-throughput materials screening. Owing to this
computational bottleneck, the systematic exploration of
large chemical spaces is strictly constrained [L1], which in
turn hinders the efficient evaluation of elastic mechanical
properties and delays materials design and discovery.

In recent years, machine learning interatomic poten-
tials (MLIPs) [12-16] have rapidly emerged as important
tools in materials simulation, offering an effective balance
between the high accuracy of quantum mechanical cal-
culations and the efficiency of classical potentials. Gen-
erally, these models are obtained by learning interatomic
interactions from large-scale DFT data sets, and en-
able predictions with near-quantum accuracy while sub-
stantially reducing computational cost for crystal struc-
ture prediction [2, 17, 18], molecular dynamics simula-
tion [19, 0], and related tasks [21-23]. Recent advances
in graph neural networks, message-passing architectures,
and equivariant representations have greatly improved
the capabilities of MLIPs. These developments have
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led to the emergence of universal MLIPs (uMLIPs) [24-
27], which can accurately model a wide range of chemi-
cal compositions and crystal structures. However, accu-
rately predicting elastic properties requires a dependable
evaluation of the second derivatives of the potential en-
ergy surface (PES), which introduces stricter and qual-
itatively different challenges than those encountered in
predicting energies and forces.

So far, many efforts have been devoted to develop-
ing uMLIPs that improve the accuracy of energy, force,
and stress predictions [2§8]. For instance, previous studies
have shown that uMLIPs on the Matbench platform [29]
perform well in structural optimization, structure pre-
diction, and molecular dynamics simulations. However,
their reliability and effectiveness in predicting elastic
properties remain unexplored. This is because the re-
lationship between energy—force accuracy and second-
derivative precision is not straightforward, as elastic con-
stants are highly sensitive to slight variations in the cur-
vature of the PES, which are often difficult to capture
with conventional training strategy. Therefore, analyz-
ing the difference between the overall predictive accuracy
and property-specific performance of uMLIPs, and evalu-
ating their capability in mechanical property predictions,
is of great importance.

In this work, we conduct a systematic evaluation to
address the existing gap in crystal mechanical property
research. Specifically, we employ four universal ma-
chine learning interatomic potentials (uUMLIPs) — Crys-
tal Hamiltonian Graph Neural Network (CHGNet) [27],
MACE [30], MatterSim [31], and Scalable EquiVariance-
Enabled Neural Network (SevenNet) [32] — to calculate
the elastic properties of 10994 crystal structures from the
Materials Project database [11, B3-B§], and systemati-
cally compare the results with the DFT reference data
provided therein. We further quantify model perfor-


mailto:haidi@hfut.edu.cn

mance differences in key indicators such as shear mod-
ulus, bulk modulus, Young’s modulus, Poisson’s ratio,
and mechanical stability, as well as computational ef-
ficiency. Moreover, we introduce a targeted fine-tuning
scheme that augments uMLIP training with strained con-
figurations from high-error materials, enabling a direct
evaluation of how incorporating non-equilibrium data af-
fects mechanical predictive accuracy. Building on these
analyses, we propose evidence-based guidelines for the
suitable selection of uMLIPs and demonstrate that tar-
geted fine-tuning can further enhance their accuracy and
reliability in predicting elastic properties.

II. METHODOLOGY
A. Dataset Construction and Analysis

In this work, we collected 10,994 structures with
reported elastic properties from the Materials Project
database. Among them, 10,871 structures were mechan-
ically stable at the DFT level, and these were used as
our benchmark dataset. In Fig. ﬂ(a), we present the dis-
tribution of elements. The nonmetals such as B, C, N,
and O, main-group metals like Li and Mg, and transi-
tion metals including Ni, Cu, Zn, and Ti appear most
often. Heavy and radioactive elements are rare. From a
crystallographic perspective (see Fig. [l(b)), the dataset
covers seven crystal systems. Cubic structures are the
most common (23%), followed by tetragonal (20%) and
orthorhombic (19%). Trigonal and monoclinic systems
make up 16% and 12%, while hexagonal (7%) and tri-
clinic (3%) systems are less frequent. In total, 169 space
groups are represented, giving wide crystallographic di-
versity. Finally, from the distribution of the number of
atoms in Fig. m(c), we find that most structures have
fewer than 20 atoms per unit cell, with 5-10 atoms be-
ing the most typical, and structures with more than 30
atoms are_uncommon.

In Fig. E, we present the distribution of the band gap,
formation energy, and basic mechanical properties of the
dataset, showing that these quantities exhibit a broad
and diverse distribution. The statistical analysis shows
that 3,248 materials (29.9%) are semiconductors or insu-
lators, with an average band gap of 0.69 eV, while the
remaining 7,623 materials (70.1%) are metallic. For the
semiconductor subset, as illustrated in Fig. El(a), the ma-
jority of structures possess negative formation energies
(mean: -0.90 + 0.98 eV/atom) and energy above hull
values (mean: 0.03 + 0.10 eV/atom) close to zero, in-
dicating good thermodynamnic stability. Regarding me-
chanical properties in Fig. P(b), the dataset shows that
the bulk moduli range from 0.33 to 491.33 GPa (mean:
104.41 £ 73.73 GPa), shear moduli from 0.45 to 525.42
GPa (mean: 50.93 £ 44.22 GPa), and Poisson’s ratios
from -0.48 to 0.80 (mean: 0.29 + 0.07). Overall, the
dataset demonstrates strong representativeness in elec-
tronic, thermodynamic, and mechanical domains, pro-

viding a reliable sample for evaluating elastic properties
in real materials.

B. Brief Description of Evaluated uMLIPs

In this work, four state-of-the-art uMLIPs were se-
lected for comprehensive evaluation based on their elastic
applications.

In CHGNet [27], the total potential energy is expressed
as

Etot = Z LgOgOLQ ogoLl(vE4)) (1)

?

where L1, Lo, and L3 are successive linear transforma-
tions, and ¢ is a nonlinear activation function (typically

the SiLU function). The vector v£4) represents the fi-
nal latent feature of atom 4, obtained after four message-
passing layers that aggregate both local bonding environ-
ments and longer-range structural correlations. Through
this hierarchical transformation, each atomic environ-
ment is mapped to a high-dimensional representation
that captures the coupling between geometric and elec-
tronic degrees of freedom. The total energy Fiot is then
constructed as a smooth, differentiable function of all
atomic positions, ensuring physical consistency between
predicted energies, forces, and stresses. CHGNet en-
hances this framework by embedding charge information
into the latent space via magnetic moment constraints,
which effectively incorporate electronic-structure effects
into the learned potential. This charge-informed repre-
sentation enables the model to distinguish between dif-
ferent ionic states and electronic configurations, a capa-
bility essential for accurately describing materials where
charge redistribution and orbital occupancy govern struc-
tural stability, phase behavior, and transport properties.
MACE [B0] advances interatomic potential modeling
by combining the systematic completeness of Atomic
Cluster Expansion (ACE) with the higher-order equiv-
ariant message passing of modern graph neural net-
works. Unlike conventional message-passing neural net-
works that primarily encode two-body interactions and
rely on deep stacking to capture higher-order correla-
tions, MACE constructs explicit many-body messages
within each layer through a hierarchical expansion,

mgt) :Zul(Uft)QUj(t)) + Z Uz(Uft)W]('?»Uj(‘i)) +...
J J1,J2
+ Z ul,(agt); 0'](:), . ,aj(i))

j17...,ju

(2)

) is the message received by atom ¢ at layer ¢,

where m,
‘71@ = (ri,zi7h§t)) denotes its geometric, chemical, and
latent state, and u, are learnable tensorial functions en-
coding correlations up to body order (v+1). This formu-
lation embeds the full hierarchy of local many-body inter-

actions directly into each message-passing step, making
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FIG. 1. Crystal structure analysis of the dataset. (a) Periodic table heatmap indicating element occurrence. (b) Sunburst

plot illustrating the distribution of crystal systems and space groups, with integers placed at the outer margins representing
the corresponding space-group numbers. (c) Histogram of atom counts per unit cell.

the representation both equivariant under E(3) trans-
formations and systematically improvable by increasing
the correlation order v. As a result, MACE achieves
the accuracy of high-order ACE potentials with only two
network layers, while maintaining linear scaling, GPU-
friendly parallelism, and full physical symmetry. This fu-
sion of traditional many-body theory and modern equiv-
ariant learning enables MACE to deliver quantum-level
precision and computational efficiency, bridging the gap
between explicit many-body potentials and scalable neu-
ral force-field architectures.

The MatterSim potential [@] is a large-scale,
symmetry-preserving machine-learning force field that
combines the M3GNet architecture with a periodic-aware
Graphormer backbone. Each atomic structure is repre-
sented as a graph G = (Z,V,R,[L,S]), where atomic
nodes Z carry feature vectors v;, edges V' connect atom
pairs (i,7) within a cutoff radius 7., R = {r;} are
atomic coordinates, and [L,S] encodes the global lat-
tice and thermodynamic state. In the M3GNet message-

passing block, each edge feature e;; represents the bond
between atoms i and j, including pairwise information
such as chemical type and interatomic distance r;; =
|lri — r;ll. To incorporate three-body geometry, e;; is
refined through a spherical-Bessel / spherical-harmonic
expansion of its neighboring environment:

€ij = Zje(
' 3)

where r;; = r; — r; and 0;, denotes the angle between
bonds e;; and e;;; the functions j, and Yé0 correspond to
spherical Bessel functions and spherical harmonics with
roots zgp,
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is a smooth cutoff ensuring continuity at r., and W, b are
learnable weights and biases. The intermediate term é;;
aggregates angular information from neighboring atoms

)WO(QM)@O(vaHbv)fc(||7“ij D fe(llranll)



Count

150

100

50
o0l

Band Gap (eV)
Energy above hull (eV/atom)

Shear Modulus (GPa)

Poisson's Ratio

; ;. %
P g
oA
g
. ‘;"
oS oy
i+ 2
A

2 &
(a) Formation Energy (eV/atom)

10' B
(b) Bulk Modulus (GPa) Count

FIG. 2. Scatter plot of formation energy versus band gap, color-coded by the energy above hull. Marginal histograms illustrate
the distribution of formation energies and band gaps. (b) Elastic property correlations. Scatter plot of bulk modulus versus
shear modulus (log scale), color-coded by Poisson’s ratio. Marginal histograms show the distributions of bulk and shear moduli.

k, and the updated edge feature e;j is obtained through
nonlinear mixing:

el = eij + g(Waéij + ba) ® o(Wiéy; + b1)

(4)
where o is the sigmoid activation and g(z) = zo(x).
Here, e;; encodes pairwise interactions, €;; introduces
three-body angular geometry, and egj forms the re-
fined many-body bond embedding passed to the next
layer. Built upon these physically grounded descriptors
and extended with long-range, periodic-aware attention,
MatterSim achieves robust generalization and order-of-
magnitude accuracy improvements over previous univer-
sal machine-learning force fields, trained on more than 17
million first-principles structures spanning diverse com-
positions and_thermodynamic conditions.

SevenNet [@] (Scalable EquiVariance-Enabled Neural
NETwork) follows the atom-decomposed energy formal-
ism widely used in machine-learned interatomic poten-
tials. This locality ensures that the computational cost
scales linearly with the number of atoms, O(N), enabling
large-scale molecular dynamics with thousands to mil-
lions of atoms. At each message-passing layer t, atomic
features are updated by

nE =S (0 1D, o),
wGN(U)
hsjt-i_l) _ Ut(hsjt)a m1(}t+1)), (6)

where M; and U; are learnable equivariant mappings
that propagate geometric information between atoms

(5)

while preserving rotational and permutational symme-
try. The edge feature et} is constructed from the rela-
tive displacement vector 74, = r, — 1, and encodes both
its magnitude and orientation, ensuring proper transfor-
mation under three-dimensional rotations. SevenNet ex-
tends the NequlP architecture by reorganizing its forward
and reverse communication for efficient spatial domain

decomposition.

C. Elastic Property Calculations

The second-order elastic constants (Cj;) were calcu-
lated using the stress-strain method [&ﬁ According
to Hooke’s law, the relationship between stress o;; and
strain €x; with Voigt notation can be expressed as:

[oF) :Cijgj (Za] = {172a3747576}) (7)
The elastic tensor components are determined by apply-
ing systematic deformations to the equilibrium crystal
structure and computing the resulting stress response.
Based on the model-predicted stress and applied strain,
the elastic constants C;; are obtained through linear fit-
ting.

For structure optimization and elastic-property calcu-
lations, we employ the Atomic Simulation Environment
(ASE) , @F and Pymatgen [@] The FIRE algo-
rithm [43] is used for energy minimization and the Fretch-
CellFilter [@] is applied to preserve space group symime-
try during relaxation. The force convergence criterion



was set to 0.1 eV/ Afor structure relaxation, ensuring me-
chanical equilibrium before strain application.

Once the elastic tensor is obtained, the bulk modu-
lus, shear modulus, Young’s modulus, Poisson’s ratio and
other derived mechanical properties can be calculated.
In this work, all derived mechanical properties are Voigt-
Reuss-Hill average values via MechElastic [44] analysis
module. The Young’s modulus E and Poisson’s ratio v
are obtained based on the bulk modulus K and shear
modulus G as follows:

IKG
E= 3K +G’ )
3K - 2G
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ITII. RESULTS AND ANALYSIS
A. Model Performance Analysis

In this section, we systematically evaluate the perfor-
mance of different uMLIP models in predicting elastic
properties and classifying material stability, using DFT
results as the reference. By incorporating both distribu-
tional comparisons and point-wise analyses, the models
are assessed from the perspectives of global trends and lo-
cal accuracy. Furthermore, we also analyzed the stability
classification results to provide a comprehensive picture
of model applicability in elasticity-related tasks.

As shown in Fig. B, we compare the distributions of
bulk, shear, and Young’s moduli and Poisson’s ratio ob-
tained from DFT and from the four uMLIP models.
Throughout this paragraph, values given in parenthe-
ses denote mean model predictions. Overall, all models
reproduce the macroscopic DFT trends, but systematic
deviations remain in their absolute magnitudes. For the
bulk modulus, the DFT mean is 104.1 GPa, while the
model means lie in the range 100-115 GPa, indicating
robust performance in capturing volumetric compressibil-
ity. In contrast, discrepancies are more pronounced for
the shear and Young’s moduli: the DFT means are 47.3
and 122.5 GPa, whereas CHGNet yields the lowest val-
ues (28.6 and 77.5 GPa), systematically underestimating
rigidity; MACE (58.2 and 148.1 GPa) and SevenNet (56.3
and 143.9 GPa) overestimate both moduli, reflecting a
tendency to over-enhance stiffness; MatterSim (50.8 and
130.5 GPa) gives intermediate results that remain closest
to the DFT benchmarks. For Poisson’s ratio, the DFT
mean is 0.291: CHGNet substantially overestimates it
(0.371), implying artificially high ductility, MACE and
SevenNet slightly underestimate it (0.279 and 0.282),
and MatterSim (0.294) is nearly indistinguishable from
DFT. Taken together, these distributions indicate that,
while all models capture the overall elastic trends, no-
table systematic biases persist, particularly for the shear
and Young’s moduli and for Poisson’s ratio.

To enable quantitative evaluation, we present point-
wise comparisons of the primary elastic properties in
Fig. @ For the bulk modulus, SevenNet and MACE ex-
hibit the highest consistency with DFT, achieving cor-
relation coefficients of approximately R ~ 0.94 and
mean absolute errors (MAE) around 15 GPa, outper-
forming both CHGNet (R = 0.909) and MatterSim
(R = 0.924). For the shear modulus, MACE attains
the highest correlation (R = 0.896), followed by Seven-
Net (R = 0.895), while MatterSim yields intermediate
accuracy (R = 0.847) and CHGNet remains significantly
weaker (R = 0.546). Regarding the Young’s modulus,
MatterSim yields the mean closest to DFT, but in this
correlation-centric assessment MACE attains the higher
correlation (R = 0.901) than MatterSim (R = 0.860);
SevenNet is lower (R = 0.791), and CHGNet remains
the weakest (R = 0.546). For the Poisson’s ratio, a dif-
ferent trend emerges: MACE and MatterSim achieve sig-
nificantly higher correlations (R ~ 0.65) than CHGNet
(R = 0.301) and SevenNet (R = 0.374), indicating their
robustness in capturing ratio-type properties. Overall,
MACE and SevenNet alternate in leading performance
depending on the property considered, while Matter-
Sim also exhibits consistently reliable behavior, achiev-
ing mean values closest to DFT and competitive corre-
lations across most properties. The relative superiority
of these models remains task-dependent, reflecting the
varying accuracy of current universal machine-learning
interatomic potentials across different elastic property
regimes.

Beyond elasticity, stability classification provides an-
other essential benchmark for evaluating model perfor-
mance. Fig. f compares the stability predictions of the
four uMLIPs against DFT references. SevenNet and
MACE achieve the highest performance, with accura-
cies of 98.3% and 98.1%, respectively, and F1 scores
approaching 0.99, reflecting well-balanced capability in
identifying both stable and unstable materials. Matter-
Sim ranks closely behind, while CHGNet reaches only
93.4% accuracy, significantly lower than the others and
showing a higher rate of missed unstable samples. The
confusion matrix analysis further indicates that both
MACE and SevenNet exhibit consistently high precision
(= 0.997) and recall (>0.98), underscoring their robust-
ness and reliability in large-scale stability screening tasks.
Cross-model agreement analysis indicates strong overlap,
with more than 10,700 materials consistently classified
by both MACE and SevenNet in line with DFT. This
highlights their superior generalization ability in stabil-
ity classification across diverse material systems.

In addition, analysis of the computational efficiency for
elastic property evaluations, as shown in Fig. 51|, reveals
that MACE achieves the best overall performance, with
an average processing time of 1.132 seconds per struc-
ture and the lowest standard deviation of 0.061 seconds.
CHGNet follows closely, with an average of 1.212 sec-
onds per structure. MatterSim has an average process-
ing time of 1.853 seconds per structure but exhibits high
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Distributions of (a) bulk modulus, (b) shear modulus, (¢) Young’s modulus, and (d) Poisson’s ratio, computed as

Voigt—Reuss—Hill (VRH) averages from DFT and the four uMLIP models. Each violin plot shows the overall distribution, with
blue and red dashed lines marking the median and mean, and short lines denoting the extrema.

standard deviation of 0.710 seconds, likely influenced by
material complexity. Due to its large number of parame-
ters, SevenNet has the highest computational cost, with
an average processing time of 2.770 seconds per structure,
2.4 times that of the fastest model.

B. Systematic Error Analysis

To gain deeper insight into the systematic biases of
different machine-learning potentials in predicting elastic
properties, this section conducts a comprehensive evalua-
tion by combining relative error distributions with mean
absolute percentage error (MAPE). The joint analysis of
boxplots and heatmaps reveals both the bias patterns in
individual property predictions and the overall perfor-
mance trends across models.

Fig. H presents the relative error distributions of the
four uMLIPs with respect to DFT values across var-
ious elastic descriptors and the values in parentheses
in this paragraph correspond to median relative er-
rors. CHGNet exhibits pronounced systematic deviations
across most properties. In bulk modulus predictions, it
shows a median error of —2.61%, indicating a tendency
toward underestimation, whereas MACE and SevenNet
display slight overestimations (4.16% and 2.88%, re-
spectively), and MatterSim remains close to zero bias
(—1.98%). For the shear modulus and Young’s mod-
ulus, CHGNet strongly underestimates both (—48.02%
and —44.20%), in sharp contrast to the overestimations
observed for MACE (13.83% and 12.43%) and Seven-
Net (9.79% and 8.89%), while MatterSim again yields
nearly symmetric distributions (—2.12% and —2.24%).
For Poisson’s ratio, CHGNet systematically overesti-
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mates (27.25%), opposite to the mild underestimations
of MACE (—4.35%) and SevenNet (—3.40%), whereas
MatterSim remains almost unbiased (0.70%). The
bulk/shear ratio further highlights CHGNet’s strong pos-
itive bias (77.05%), while the other models show val-
ues close to zero. CHGNet also shows especially high
variability in anisotropy metrics, suggesting instability
in capturing complex anisotropic behavior. For Cauchy
pressure, CHGNet exhibits a systematic positive bias,

whereas the others lean toward negative deviations. The
large deviations in the predicted anisotropy and Cauchy
pressure mainly reflect the high sensitivity of these quan-
tities to small differences among elastic constants. In
this work, most materials exhibit a relatively small de-
gree of elastic anisotropy, with a DFT average of 1.97.
The Cauchy pressure, being a difference quantity defined
as (C12 — Cy4), has a DFT average value of 17.9 GPa,
which is much smaller than the bulk and Young’s mod-
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(b) Pairwise stability-agreement matrix, showing the percentage

of materials assigned the same stability outcome across model pairs. Stability was determined using reported elastic stability

flags or Born mechanical stability criteria.

ulus that are generally on the order of 100 GPa. Con-
sequently, even moderate relative errors in the stiffness
components can lead to large percentage deviations in
these derived quantities, indicating that further devel-
opment of uMLIPs to improve their accuracy in elas-
tic property predictions is essential. Finally, in Debye
temperature predictions, CHGNet again underestimates
(—25.89%), while MACE (6.55%) and SevenNet (4.89%)
perform closer to DFT, and MatterSim achieves the most
balanced performance (—0.69%). Overall, CHGNet dis-
plays consistent systematic biases across multiple prop-
erties, whereas MACE, MatterSim, and SevenNet yield
more symmetric, near-zero error distributions, reflecting
higher robustness.

To provide a clearer comparison of overall perfor-
mance, Fig. [ summarizes the MAPE values of different
models across all elastic properties. It is evident that
CHGNet systematically yields the highest error levels,
with an average MAPE of 71.8%, underscoring its struc-
tural deficiencies in elastic property prediction. In con-
trast, SevenNet consistently achieves the lowest error,
with an average MAPE of only 27.53%, highlighting its
superior overall accuracy. Further analysis reveals that
differences among models are relatively small for bulk
and Young’s modulus, whereas much larger discrepan-
cies arise in the bulk/shear ratio, universal anisotropy
index and Cauchy pressure—properties closely linked to
mechanical stability and anisotropy. Particularly note-
worthy is that CHGNet’s MAPE exceeds 90% for these
metrics, reflecting structural limitations in capturing the
complex couplings within elastic tensors. While MACE
and MatterSim outperform CHGNet, their overall accu-

racy remains inferior to SevenNet, reinforcing the conclu-
sion that SevenNet exhibits stronger generalization capa-
bility in modeling the nonlinear interdependencies among
elastic properties.

C. Fundamental Limitations and the Impact of
Fine-Tuning

The limited performance of current uMLIPs in elas-
tic property prediction can be partially attributed to
training datasets dominated by equilibrium configura-
tions, which do not provide sufficient coverage of strained
states that are important for learning accurate mechani-
cal responses. Fine-tuning [@] provides a practical route
to mitigating such systematic biases. To evaluate this
strategy, we constructed a targeted fine-tuning dataset
comprising 185 materials with the largest baseline er-
rors, together with DFT-computed energies of their de-
formed structures, thereby explicitly introducing non-
equilibrium information into the training domain. The
DFT calculation settings are detailed in the Support-
ing Information. Fine-tuning on this targeted dataset
yields well-controlled training mean absolute errors
(MAEs): CHGNet achieved energy/force/stress MAEs
of 24.089 meV /atom, 26.831 meV /A, and 1.960 meV /A3;
MACE obtained 6.17 meV /atom, 26.38 meV/A, and 5.67
meV /A3, MatterSim reached 17.89 meV/atom, 9.574
meV/A, and 0.836 meV/A3; and SevenNet yielded 1.692
meV /atom, 5.101 meV /A, and 0.528 meV /A3,

All four uMLIPs—CHGNet, MACE, MatterSim, and
SevenNet—were fine-tuned on this dataset. The updated
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(a)—(h) Distribution of relative errors (%) for CHGNet, MACE, MatterSim, and SevenNet compared with DFT

reference values across eight elastic properties. Each boxplot shows the median (blue dashed line), mean (red dashed line),
interquartile range (colored box), and the overall error range (short lines marking the extrema), with outliers omitted for clarity.

The horizontal dashed line denotes zero error.

potentials were then reassessed on the same 185 materi-
als. Fig. and Fig. display heatmaps of the MAPE
before and after fine-tuning, while Fig. and Fig.

present the corresponding distributions of relative errors.
To quantify these effects, Table ﬂ summarizes the relative
change in MAPE, defined as the difference between the
fine-tuned MAPE and the original MAPE, normalized
by the original value. CHGNet shows the largest im-
provement, with an average MAPE reduction of 23.2%,
followed by MatterSim at 20.7% and SevenNet at 18.0%.
In contrast, MACE’s average MAPE increases by 13.8%,
indicating a less favorable response to the added defor-
mation information. Pronounced improvements occur
for the two dimensionless ratios—the Poisson’s ratio and
the bulk-to-shear modulus ratio—whose MAPE reduc-

tions exceed 40% for CHGNet, MatterSim, and Seven-
Net. In comparison, the six dimensional elastic constants
(e.g., bulk modulus, shear modulus, Young’s modulus)
typically show more modest reductions around 10-20%,
highlighting a differential sensitivity to the inclusion of
strained configurations. Table [[I reports the correspond-
ing interquartile ranges (IQR), showing that fine-tuning
leads to IQR reductions in seven of the eight elastic prop-
erties for CHGNet, and in all eight properties for both
MatterSim and SevenNet. By contrast, MACE shows
IQR reduction in only two properties and increased dis-
persion in the remaining six. These results demonstrate
a clear difference in fine-tuning consistency among the
four uMLIPs. For CHGNet, MatterSim, and SevenNet,
the simultaneous improvements in both MAPE and IQR
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FIG. 7. MAPE heatmap for elastic properties predicted
by CHGNet, MACE, MatterSim, and SevenNet relative to
DFT reference values. The properties analyzed include bulk
modulus, shear modulus, Young’s modulus, Poisson’s ratio,
bulk/shear ratio, universal anisotropy index, Cauchy pres-
sure, and Debye temperature. Darker colors indicate higher
errors, with values annotated in each cell.

across all eight mechanical quantities indicate a coherent
propagation of the energy—force—stress refinements into
uniformly improved elastic responses. This reflects a high
degree of physical consistency, where the optimization of
the fundamental quantities translates directly into better
predictions of derived mechanical observables. In con-
trast, the inconsistent behavior of MACE—improving in
only a subset of properties while degrading in others—
suggests weaker coupling between its learned potential-
energy surface and its strain-dependent responses, point-
ing to limited fine-tuning consistency and reduced ro-
bustness to strained configurations. Such behavior illus-
trates that fine-tuning not only reduces systematic bias
for CHGNet, MatterSim, and SevenNet but also yields
more stable and concentrated error distributions. The
degradation in MACE’s performance may reflect over-
fitting or architectural sensitivities that warrant further
investigation.

These findings confirm that targeted fine-tuning with
non-equilibrium configurations provides an effective and
physically consistent route for improving the mechan-
ical predictive capability of CHGNet, MatterSim, and
SevenNet, whereas MACE shows limited and inconsis-
tent gains.
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IV. DISCUSSION
A. Implications for Materials Design Applications

The benchmark and fine-tuning results discussed above
provide clear guidance for selecting suitable uMLIPs ac-
cording to specific application requirements. For tasks
requiring highly accurate predictions of elastic proper-
ties, SevenNet should be prioritized; although its compu-
tational cost is somewhat higher, it offers more reliable
performance. For high-throughput screening workflows,
MACE and MatterSim strike a favorable balance between
accuracy and efficiency, making them better suited for
large-scale applications. While CHGNet shows compar-
atively weaker overall performance, it remains a viable
option for simulations involving magnetic systems, where
its specialized capabilities can be advantageous.

Systematic bias patterns observed across all models
warrant careful consideration in practical applications.
In particular, consistent tendencies toward underestima-
tion or overestimation of elastic modulus highlight the
need for bias-correction strategies. For quantitative ma-
terials design, it is recommended that final results be val-
idated against high-accuracy DFT calculations to ensure
reliability.

B. Future Directions

As demonstrated in our fine-tuning study, incorpo-
rating strained configurations into the training process
can effectively improve the predictive accuracy of uM-
LIPs for elastic properties, underscoring the importance
of dataset diversity. Future developments should focus
on systematically incorporating deformed structures into
training datasets, for instance through active learning
strategies that aim to improve mechanical property ac-
curacy [46]. For elastic property predictions within spe-
cific chemical spaces, constructing domain-specific fine-
tuning [2§] datasets and adapting pretrained models ac-
cordingly could effectively mitigate systematic biases in
those regions.

Improving computational efficiency remains essential
for the broader adoption of uMLIPs in materials design
workflows. Although current models deliver significant
speedups compared to DFT, computational demands re-
main high when scaling to datasets containing hundreds
of thousands of materials. Further optimization is there-
fore critical. Future developments should focus on de-
veloping hybrid frameworks that couple large-scale, low-
cost screening with targeted high-accuracy calculations
to ensure both efficiency and reliability in practical ap-
plications.
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TABLE I. Relative percentage change in the MAPE of eight elastic properties for the four uMLIPs after fine-tuning.

Property CHGNet (%) MACE (%) MatterSim (%) SevenNet (%)
Bulk Modulus K 11.8 -5.2 -16.5 -2.7
Shear Modulus G -5.3 -14.6 -15.5 -5.7
Young’s Modulus E -9.2 -9.9 -18.2 -4.5
Poisson’s Ratio v -56.6 18.4 -42.4 -48.5
Bulk/Shear Ratio -55.4 89.4 -39.8 -41.3
Universal Anisotropy Index -31.6 37.6 -11.8 -13.9
Cauchy Pressure -22.4 -1.0 -9.6 -18.6
Debye Temperature -17.1 -4.3 -11.3 -9.1
Average -23.2 13.8 -20.7 -18.0

TABLE II. IQR of the relative error for eight elastic properties before and after fine-tuning. Arrows indicate whether the IQR

decreases () or increases (1).

Property

CHGNet (%)

MACE (%)

MatterSim (%)

SevenNet (%)

Bulk Modulus K

Shear Modulus G

Young’s Modulus E
Poisson’s Ratio v
Bulk/Shear Ratio
Universal Anisotropy Index
Cauchy Pressure

Debye Temperature

236.2 — 242.4 (1)
231.1 — 213.7 (])
272.7 — 236.6 (])
69.4 — 29.0 (1)
88.2 = 53.0 (1)
146.4 — 144.9 (1)
174.1 — 134.0 (})
99.5 — 78.9 (1)

268.7 — 250.4 (})
227.1 — 236.0 (1)
251.0 — 258.5 (1)
36.1 — 52.4 (1)
51.5 — 104.2 (1)
127.1 — 162.2 (1)
80.1 — 147.4 (1)
85.2 = 99.9 (1)

270.6 — 208.6 (1)
249.4 — 193.9 (])
267.6 — 217.1 (])
46.2 = 20.6 (1)
60.8 — 35.5 (1)
116.6 — 113.2 (1)
138.2 = 125.6 (1)
91.4 — 77.0 (1)

262.6 — 260.2 (1)
232.4 — 219.9 (})
258.6 — 241.9 (])
37.5 — 19.5 (1)
54.2 — 28.8 (1)
127.2 — 119.7 ({)
145.4 — 116.0 ({)
86.6 — 81.6 ()

V. CONCLUSIONS

Our benchmark study establishes the first systematic
evaluation framework for applying uMLIPs to elastic
property prediction, validated across nearly 11,000 crys-
talline materials. The results demonstrate clear differ-
ences in model suitability: SevenNet delivers the highest
overall accuracy, MatterSim and MACE achieve a favor-
able balance between accuracy and computational effi-
ciency, while CHGNet, constrained by its architectural
design, performs relatively less effectively. These results
provide quantitative, evidence-based guidance for select-
ing suitable uMLIPs in mechanical property calculations,
ensuring that model performance is properly matched to
application requirements.

Comprehensive analyses of systematic biases further
reveal common limitations among current uMLIPs, in-
cluding the consistent under- or overestimation of elas-
tic modulus and a training-data bias toward equilibrium
configurations. Our fine-tuning results, incorporating
strained configurations into model training, show that
even limited data augmentation can effectively mitigate
such biases and enhance model robustness. CHGNet,
MatterSim, and SevenNet show uniform improvements
across nearly all mechanical quantities, indicating co-
herent and physically consistent fine-tuning behavior,
whereas MACE displays smaller and more variable gains.
Building on these insights, we identify several promising
directions for future development, such as incorporating
strained structures through active learning, implement-
ing property-specific fine-tuning protocols, and establish-

ing systematic error-correction schemes. We anticipate
that such advances will further improve the reliability
of uMLIPs for quantitative and high-throughput materi-
als design, while also laying the groundwork for the next
generation of universal interatomic potentials.
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Appendix: Supporting Information

The Supporting Information provides DFT computa-
tional details together with supplementary benchmarking
analyses for the four uMLIPs evaluated in this work.

DFT Computational Details

All deformed configurations were computed using den-
sity functional theory (DFT) [9] within the Vienna Ab
initio Simulation Package (VASP) [47, #§]. The Perdew—
Burke-Ernzerhof (PBE) generalized gradient approxima-
tion [49] and projector augmented-wave (PAW) [50] pseu-
dopotentials were employed. To ensure strict consistency
with the standardized Materials Project workflow, we

14

adopted the same computational parameters: a plane-
wave cutoff energy of 520 eV, electronic convergence set
to 107% eV, and a I'-centered Monkhorst-Pack k-point
mesh [51] generated with 1000/(number of atoms per
cell) k-point. Spin polarization was enabled for all ma-
terials. For each strained configuration, a single-point
DFT calculation was carried out to obtain total energies,
forces, and stresses for use in fine-tuning the uMLIPs.

Supplementary Figures

Fig. @ compares the processing-time distributions
of the four uMLIPs for elastic-property calculations.
Figs. e@ and compare the mean absolute percent-
age errors for eight elastic_properties before and after
fine-tuning. Figs.ﬁ and present the corresponding
relative-error distributions.
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Processing Time Distribution Across ML Models
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FIG. S1. Processing time distribution comparison across uMLIPs for elastic-property calculations. Each boxplot shows the
median (solid line), mean (dashed line), and interquartile range (colored box), with short lines marking the extrema of the
non-outlier data. Outliers were filtered using a z-score method (factor = 3.0) during preprocessing and are not displayed.

Mean Absolute Percentage Error (MAPE) Heatmap
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FIG. S2. MAPE heatmap for elastic properties predicted by CHGNet, MACE, MatterSim, and SevenNet relative to DFT
reference values before fine-tuning, for the selected 185 materials with high prediction errors. The properties analyzed include
bulk modulus, shear modulus, Young’s modulus, Poisson’s ratio, bulk /shear ratio, universal anisotropy index, Cauchy pressure,
and Debye temperature. Darker colors indicate higher errors, with values annotated in each cell.
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Mean Absolute Percentage Error (MAPE) Heatmap
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FIG. S3. MAPE heatmap for elastic properties predicted by CHGNet, MACE, MatterSim, and SevenNet relative to DFT
reference values after fine-tuning, for the selected 185 materials with high prediction errors. The properties analyzed include
bulk modulus, shear modulus, Young’s modulus, Poisson’s ratio, bulk /shear ratio, universal anisotropy index, Cauchy pressure,
and Debye temperature. Darker colors indicate higher errors, with values annotated in each cell.
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Poisson's Ratio (v)
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(a)-(h) Distribution of relative errors (%) for CHGNet, MACE, MatterSim, and SevenNet compared with DFT
reference values across eight elastic properties for the selected 185 materials with high prediction errors before fine-tuning.
Each boxplot shows the median (blue dashed line), mean (red dashed line), interquartile range (colored box), and the overall
error range (short lines marking the extrema), with outliers omitted for clarity. The horizontal dashed line denotes zero error.
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(a)-(h) Distribution of relative errors (%) for CHGNet, MACE, MatterSim, and SevenNet compared with DFT

reference values across eight elastic properties for the selected 185 materials with high prediction errors after fine-tuning. Each
boxplot shows the median (blue dashed line), mean (red dashed line), interquartile range (colored box), and the overall error
range (short lines marking the extrema), with outliers omitted for clarity. The horizontal dashed line denotes zero error.



