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ABSTRACT 

We present MS25, a benchmark dataset for evaluating machine learning interatomic potentials 
(MLIPs) across diverse materials-relevant systems including MgO surfaces, liquid water, zeolites, 
a catalytic Pt surface reaction, high-entropy alloys (HEAs), and disordered Zr-oxides. Five MLIP 
architectures (MACE, NequIP, Allegro, MTP, and Torch-ANI) are trained and tested, focusing not 
only on traditional metrics (energies, forces, and stresses) but also explicitly validating derived 
physical observables such as lattice constants, volumes, and reaction barriers. We find that most 
models reach comparable accuracy on standard error metrics across the simple systems, although 
equivariant MLIPs offer 1.5-2X improvements over non-equivariant MLIPs in energy and force 
error for structurally complex or compositionally disordered environments such as HEAs and Zr–
O systems. Our analysis highlights that low errors in energy and force predictions do not guarantee 
reliable observables, emphasizing the necessity of explicit validation. We demonstrate limitations 
in cross-framework transferability, as models trained on one zeolite framework (CHA) fail to 
reliably generalize to predictions of structurally distinct frameworks (e.g., MFI). Size-extensive 
tests show some dependence on system size for MgO resulting from forced periodicity. The HEA 
and Zr-O datasets are identified as challenging tests for future benchmarks and MLIP model 
architecture developments as they show significant differentiation in error between MLIP 
architectures and are still relatively difficult at 1000 training images. Moving forward, we 
recommend benchmarking efforts shift their focus from marginal accuracy improvements in 
energy and force errors toward identifying and understanding model failure modes, assessing 
transferability rigorously, and how their errors affect observable predictions. For researchers 
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looking to choose an MLIP architecture, we suggest selecting equivariant MLIP architectures if 
the complexity of the system is a challenge. For simple materials problems, auxiliary features such 
as integration with molecular dynamics engines, trade-offs between computational dataset 
generation cost vs. MLIP inference speed, and framework integration may play a more important 
decision factor than small differences in error metrics that are unlikely to matter for production 
level research.  
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INTRODUCTION 

Understanding materials properties allows for the development of more performant solutions for 
applications including, but not limited to catalysis,1-4 sensors,5-7 or solar cells8-10. Such 
understanding often requires an accurate representation of the potential energy surface (PES)11-14 
that encodes information about static energy-based quantities (e.g., thermodynamic stability,15, 16 
chemical barriers,17-19 and binding energies20-22) or is used to derive quantities from the dynamics 
of the system (e.g., vibrational entropy,23 density,24 and diffusion rates25). Density functional 
theory (DFT) has been the workhorse of computational research in recent decades and an accurate 
PES may be constructed, but at a considerable computational cost that limits what problems can 
be studied within reasonable timescales.26-29  

Machine learning interatomic potentials (MLIPs) have recently become important as a method of 
extending the length and time scale of electronic structure theory-based simulations30-35 while 
achieving near-DFT accuracy at a fraction of the computational cost. MLIPs circumvent the need 
for expensive quantum chemical calculations by fitting the PES using DFT reference data and thus 
open up new avenues for more realistic modeling of complex materials and materials properties, 
which typically require larger time- and length-scales.  

Choosing an MLIP model among the rapidly increasing number of published models is a 
surprisingly formidable task given the wide variety of available MLIPs. Several software packages 
are freely available,36-47 and it is also becoming increasingly difficult even for experienced 
practitioners to assess performance and follow all the technical details of MLIP development. 
Thus, various reviews, perspectives, and tutorials have been published to survey state-of-the-art 
MLIPs.48-54 Benchmark studies34, 35, 55-60 have aimed to compare different MLIP architectures for 
similar model systems;61-67 however studies are often limited to specific applications and are 
currently dominated by molecular systems68-70.  

We envision that materials modeling can benefit even more from the advent of MLIPs than small 
molecule chemistry, as materials are more compositionally complex, and systems investigated are 
larger. However, most benchmarks published have been focused on either the predictions of 
electronic properties of small molecules or molecules for which the potential energy surface can 
be fully explored ab initio. On the other hand, focused benchmarks for specific materials has been 
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limited as most benchmarks relevant to materials science are designed for foundational model 
development across the entire periodic table. The development of the MPTrj dataset,71 which 
contains structures from the Materials Project72, is a great initiative but suffers from having an 
overly diverse set of structures. As such, the MPTrj is an ideal dataset for foundational models73, 

74 but does not allow for testing the accuracy of MLIPs trained from scratch on more specific 
systems as it does not contain enough configurations relevant to applications such as HEAs or 
disordered oxides.  While foundational model datasets are becoming more diverse (higher 
composition, surfaces, non-equilibrium structures, etc.) they cannot replace specialized datasets 
that explore the entire potential energy surface to be investigated. Therefore, new benchmark 
datasets need to be developed75 that will allow method developers to showcase the performance of 
their new methods and for practitioners to test their capabilities and be informed on new 
developments in a comparative manner.  

In this work, we provide MS25, a benchmark dataset consisting of a variety of materials-related 
test systems representative of biomaterials, porous materials, condensed solid and liquid phases, 
reactive surfaces, metallic alloys, and oxide materials as shown in Figure 1. We start with a model 
of an oxide surface using MgO(100)76 as an example to analyze how well clean surfaces can be 
simulated at high and low temperature77. A liquid phase water system is then modeled as water is 
a material relevant to various problems. To analyze a porous material, we simulate multiple zeolite 
frameworks such as CHA, MFI, LTA, and BEA78. Catalysts represent a large class of materials 
and as such we simulate a reaction on the surface of Pt(111) as a test of material properties / 
reactivity, rather than focusing on the simulation of the material structure itself. We also study a 
FeNiCrCoCu alloy79 as high entropy alloys have become more commonly modeled 
computationally80-82. Finally, we look at a previously published Zr-O dataset83 which we found 
challenging due to the generally disordered, amorphous structure and the highly diverse chemical 
environment around Zr. We benchmark the NequIP39, Allegro84, MACE85, Torch-ANI40, and 
MTP45 MLIPs. Beyond commonly studied metrics such as energy, force, and stress errors, we also 
evaluate errors in lattice constants, bulk modulus, energy decomposition analysis, and transition 
state energies. The more advanced properties provide insights into error cancellation and 
systematic errors86, 87 which simple metrics cannot provide.88-90 Finally, we compare the inference 
speeds of the error-optimized MLIP models.  
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Figure 1. Example structures for (a) MgO(100), (b) Water, (c) CHA and similar zeolites, (d) 
Chemical Reaction, (e) High entropy alloy (HEA), and (f) amorphous Zr-oxide structures in 
accordance with the datasets presented in this work. The colors are shown at the bottom of the 
figure as a legend. 

COMPUTATIONAL METHODS 

Here we describe the methodology behind the presented benchmark. We begin with a description 
of the training data generation (in this work or as reported in previous literature as appropriate) for 
each presented system. We then describe the dataset processing and MLIP training procedures. 
Finally, we provide additional information on our analysis methods given the trained MLIPs and 
the errors regarding the respective datasets or observable metrics. 

Oxide Surface Training Data 

An oxide surface dataset is created by modeling an MgO(100) surface at a size of 2x2 and 4x4 for 
size extensivity tests. VASP(version 6.3.2)91-94 calculations are performed at the PBE-D395, 96 level 
of theory with the developer-recommended VASP PAW potentials (version 54)92 for Mg and O. 
An energy cutoff of 400 eV, gaussian smearing with 0.1 eV width, and dipole corrections in the z-
direction are utilized. 

For our MD simulations, the Nose-Hoover thermostat(chain length of 1, characteristic time of 100 
fs for the thermostat)97 is used to partially equilibrate the system at temperatures between 300 and 
1200 K with a 2.5 fs timestep in the NVT ensemble. We choose to use 2x2x4 and 4x4x4 MgO 
slabs, with the bottom two layers fixed to approximate a bulk structure. Monkhorst-Pack98 gamma-
centered K-point grids are chosen to be (3, 3, 1) and (1, 1, 1) for the 2x2x4 and 4x4x4 supercells 
respectively. Training data is sampled at a frequency no shorter than 25 fs to ensure data is 
uncorrelated. The 2x2 MgO(100) dataset will be herein referred to as just “MgO with “MgO 2x2” 
and “MgO 4x4” being referred to for the 2x2 and 4x4 datasets respectively, when both datasets 
are being discussed.  
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Water Training Data 

A water dataset is created by modeling bulk water in an orthogonal cell with 64 and 192 water 
molecules for size extensivity tests. CP2K(version 2024.1)99 calculations are performed at the 
RPBE-D3(0)100 level of theory with the GTH-PBE101 potentials and the DZVP-MOLOPT-SR-
GTH102 basis sets for hydrogen and oxygen. An energy cutoff of 1200 Ry is applied to ensure 
energy, forces, and stresses are well converged as we have previously observed issues with training 
on the typical lower energy cutoffs. The orbital transform (OT) method103 is applied with an energy 
gap of 0.05 eV and a step size of 0.1. No occupational smearing is applied since it is not supported 
in the OT mode. Only the gamma k-point is sampled as the system sizes are large enough to not 
require additional k-points.  

MD simulations are run using the Langevin thermostat104 (0.05 fs-1 gamma) with a time step of 0.5 
fs in the NVT ensemble at a temperature of 300 K at a distribution of volumes to ensure stresses 
are sampled properly. To reduce the correlation of the structures, we train an Allegro MLIP on 
DFT data coming from MACE-MP-0(Medium) generated105 structures to create an approximate 
MLIP which is then used to sample structures for the training set sampled at a frequency no shorter 
than 30 ps apart. DFT single-point calculations are then performed on sampled structures and form 
the final dataset reported in this benchmark. The 64-water dataset will be herein referred to as just 
“Water” with “Water-64” and “Water-192” being referred to for the 64 and 192 molecule datasets 
respectively, when both datasets are being discussed. 

Zeolite Training Data 

A zeolite dataset is created by modeling a CHA zeolite framework and an extended dataset is 
created by modeling FAU, LTA, and MFI frameworks as well. CP2K(version 2024.1)99 
calculations are performed at the RPBE-D3100 level of theory with the GTH-PBE101 potentials and 
the DZVP-MOLOPT-SR-GTH102 basis sets for silicon and oxygen. An energy cutoff of 1000 Ry 
is applied to ensure energy, forces, and stresses are well converged as we have previously observed 
issues with training on the typical lower energy cutoffs. The orbital transform (OT) method103 is 
applied with an energy gap of 0.05 eV and a step size of 0.1. No occupational smearing is applied 
since it is not supported in the OT mode. Only the gamma k-point is sampled as the system sizes 
are large enough to not require additional k-points.  

MD simulations are run under Langevin104 dynamics (0.05 fs-1 gamma) with a time step of 2 fs in 
the NVT ensemble at a temperature of 300 K at a distribution of volumes to ensure stresses are 
sampled properly. We first obtained the experimental CHA structure from the IZA Structure 
Commission database of zeolite structures and doubled the primitive cell along each axis to form 
a supercell. To reduce the correlation of the structures, we train an Allegro MLIP on DFT data 
with rattled displacements to create an approximate MLIP which is then used to sample structures 
for the training set sampled at a frequency no shorter than 50 ps apart. DFT single-point 
calculations are then performed on sampled structures and form the final dataset reported in this 
benchmark. To assess the transferability of the models, we also provide a similarly generated 
extended dataset of FAU, LTA, and MFI structures to evaluate the ability of MLIPs to predict 
other frameworks. The main and extended datasets will be herein referred to by their framework 
names (CHA, FAU, LTA, MFI) in the following text and figures. 

Chemical Reaction Training Data 
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A chemical reaction dataset is created by modeling a reaction of methane C-H bond cleavage on a 
Pt(111) surface without explicitly sampling the exact transition state. VASP(version 6.3.2)91-94 
calculations are performed at the PBE-D495, 106 level of theory with the developer-recommended 
VASP PAW potentials (version 54)92 for Pt, C, and H. An energy cutoff of 400 eV, gaussian 
smearing with 0.2 eV width, and dipole corrections in the perpendicular (Z) direction are utilized 
in MD simulations. The Nose-Hoover thermostat(chain length of 1, characteristic time of 20 fs for 
the thermostat)97 is used to partially equilibrate the system at temperatures between 300 and 1000 
K with a 0.5 fs timestep in the NVT ensemble. The 4x4x4 Pt slab is used as a substrate for the 
binding of methane, with the bottom two layers of Pt fixed to approximate a bulk structure. The 
Monkhorst-Pack98 K-point grid is chosen to be (2, 2, 1).  

As we wish to get images representative of the reaction coordinate without directly exploring the 
transition state, we perform Blue Moon-based17 MD simulations. In the Blue Moon method, the 
bond distance is constrained along a reaction coordinate and we choose to break the C-H bond of 
methane. The bond length constraint is enforced by the SHAKE107 algorithm as implemented in 
VASP. Training data is sampled at a frequency no shorter than 10 fs to ensure data is uncorrelated. 
The C-H bond breaking dataset will be herein referred to as “Reaction” in the following text and 
figures. 

High Entropy Alloy (HEA) Training Data 

A HEA dataset is created by forming a diverse composition of 5 transition metal elements whereby 
the dataset difficulty comes from the diverse chemical environments within the alloy material. 
Embedded Atom Model108, 109 calculations are performed in LAMMPS using the FeNiCrCoCu-
with-ZBL potential79 which considers interactions up to 5.804 Å for Fe, Ni, Cr, Co, and Cu. 
Configurations are generated with a distribution of compositions with each element representing 
at least 10% of the system, with the remaining composition being chosen randomly and uniformly.  

A Nose-Hoover chain110 (chain length of 3, characteristic time of 100 ps for the thermostat and 
200 ps for the barostat) with a time step of 1.5 fs is used to equilibrate the system under NPT 
conditions between temperatures of 600 and 1200 K and at a pressure of 1 atm. Training data is 
sampled from configurations at least 5 ps apart to eliminate correlation between datapoints and 
across an even distribution of temperatures. The HEA dataset will be herein referred to as “HEA” 
in the following text and figures. 

Zr-O Training Data 

A dataset of the Zr-O65 chemical space was generated in a previously published work to evaluate 
the effectiveness of data generation methods such as molecular dynamics, rattling, and contour 
exploration for amorphous Zr-containing oxides83. VASP(version 5.4.4) calculations were 
performed at the PBE level of theory with the developer-recommended VASP PAW potentials 
(version 52)92 for Zr (Zr_sv) and O. An energy of cutoff of 500 eV is utilized in the data generation, 
which utilizes random structure generation, MD based structure generation, and dimer search 
structure generation. The original dataset is then filtered (from 120,068 structures to 10,000) to 
remove all structures containing only oxygen and bias towards lower force structures as the 
original dataset explores structures with much higher force than is typically required in standard 
MLIP work. The dataset samples the entire space of Zr-O compositions at varying cell volumes. 
The amorphous Zr-O dataset will be herein referred to as “Zr-O” in the following text and figures.  
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Training Data Post-Processing 

10,000 images are selected for MLIP data for all systems. The data is then split into 1000 training 
images, 80 validation images, and 8920 test images to form a split of data to be used for MLIP 
training. Additionally, the training data is then split into 50, 100, 200, 400, 600, 800, and 1000 sets 
of images to determine the effect of training data size on model accuracy. As the number of training 
images increases, new data is added to the previous training set to simulate the growth of the 
dataset. By generating the data in an additive manner, we ensure any changes in model 
performance (as a function of training set size) should be based on the addition of new data and 
not the removal or substitution of specific data points. The data splitting procedure is then repeated 
twice to allow for 3 replicates of training, validation, and test set data which are referred to as “Set 
1”, “Set 2”, and “Set 3”. In the main text we report the results solely from Set 1, which provides a 
realistic example of the run-to-run variance, whereas we report Set 2 and Set 3 in the 
supplementary information (SI). The radial cutoffs for each training data set are presented in Table 
1, which were chosen as the minimum radial cutoff that gave reasonable errors via initial testing. 
Radial cutoff must be kept consistent between architectures as it controls the amount of 
information available to the MLIP for predictions, but more accurate MLIPs may be possible with 
larger cutoffs or faster MLIPs with smaller cutoffs.   

Table 1. The radial cutoffs for each dataset which are supplied to the MLIPs and kept constant. 

Parameter MgO Water CHA Reaction HEA Zr-O 

Radial Cutoff (Å) 6 6.5 5 6 5.5 6 
 



9 

 

NequIP Training Procedure 

The NequIP MLIP software package is used to train MLIP from atomistic data, to infer them for 
error analysis, and to perform MD simulations within LAMMPS (pair_nequip). NequIP models 
are trained with system-dependent Lmax, batch size, neural network widths, number of layers, 
polynomial cutoff, and radial cutoff as seen in Table 2. Models with NequIP are executed using 
LAMMPS (12 December 2023 – Development, CUDA 12.0, PyTorch 2.0.1) for performance 
predictions on a 40GB A100 GPU. The training procedure is kept fixed: 1) The first phase uses a 
learning rate of 0.01 with an annealing learning rate schedule111 and force loss is set to 10X higher 
than energy loss, 2) The second phase uses a learning rate of 0.001 with a plateau scheduler to 
converge errors with no change in loss definitions, 3) A final phase uses a learning rate of 0.0002 
with a plateau scheduler while changing the energy loss to be 15x the force loss. The 3-phase 
training procedure has been derived to allow for the best model to be trained within 24 hours on a 
single GPU. The 24-hour limitation is applied to other models to help normalize computational 
efficiency in training, but the time limitation was chosen arbitrarily as a breakpoint where we 
generally observe models are converged across all codes. When stresses were available, the 
stresses were also trained, and the stress loss was set to 3x higher than the original energy loss 
coefficient. Hyperparameter scans are performed by random search, which is refined in stages to 
find ideal parameters based on the error of the test set of Set 1 as trained on 1000 training points. 
Loss functions are optimized in an empirical manner to balance error between energy, force, and 
stress for NequIP and the same approach is applied towards MLIPs of other architectures described 
later. Details of the training procedure and hardware specs may also be viewed in the included 
inputs within the SI and Zenodo repository referenced at the end of this manuscript.  

Table 2. The NequIP hyperparameters are optimized for the systems of interest. Hyperparameters 
have been optimized by a multi-stage random search except for radial cutoff, which was 
predetermined before training. The hyperparameters of the Water (64 vs 192) and MgO (2x2 vs 
4x4) MLIPs are not adjusted for training as such they are not distinguished in the table. 

Parameter MgO Water CHA Reaction HEA Zr-O 

Lmax 2 2 2 2 1 2 

Interaction 
DNN 

Layers 
2 4 3 3 2 3 

Interaction 
DNN 
Width 

64 48 48 48 48 48 

Radial 
DNN 
Width 

48 96 32 32 64 80 

Radial 
DNN 

Layers 
3 2 3 1 1 1 

Input 
Features 64 48 16 48 48 48 
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Polynomial 
Cutoff 8 32 8 8 40 24 

Stress 
Included FALSE TRUE TRUE FALSE TRUE FALSE 

Batch Size 2 2 1 2 2 1 

 

Allegro Training Procedure 

The Allegro module based on NequIP is utilized for training MLIPs but the same training 
procedure is used as when training standard NequIP models. System-dependent parameters include 
Lmax, tensor layers, interaction layers, latent layers, neural network width, polynomial cutoff, 
radial cutoff, and several input features as found in Table 3. Models with Allegro are executed 
using LAMMPS (12 December 2023 – Development, CUDA 12.0, PyTorch 2.0.1) for 
performance predictions on a 40GB A100 GPU. When stresses were available, the stresses were 
also trained and the stress loss was set to 100X higher than the original energy loss coefficient. 
Hyperparameter scans are performed by random search, which is refined in stages to find ideal 
parameters based on the error of the test set of Set 1 as trained on 1000 training points. Details of 
the training procedure and hardware specs may also be viewed via included inputs within the SI 
and Zenodo repository referenced at the end of this manuscript.  

Table 3. The Allegro hyperparameters are optimized for the systems of interest. Hyperparameters 
have been optimized by a multi-stage random search except for radial cutoff, which was 
predetermined before training. The hyperparameters of the Water (64 vs 192) and MgO (2x2 vs 
4x4) MLIPs are not adjusted for training as such they are not distinguished in the table. 

Parameter MgO Water CHA Reaction HEA Zr-O 
Lmax 1 2 2 3 2 2 

Interaction  
DNN 

Layers 
2 2 3 2 2 4 

Interaction  
DNN 
Width 

48 128 128 128 96 64 

Tensor  
DNN 

Layers 
3 3 4 3 2 2 

Latent  
DNN 

Layers 
3 5 4 4 3 4 

Input  
Features 64 48 32 96 32 16 

Polynomial 
Cutoff 16 16 32 8 8 8 
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Stress 
Included FALSE TRUE TRUE FALSE TRUE TRUE 

Batch Size 1 1 1 1 4 1 

 

MACE Training Procedure 

MACE85 v0.3.7 was utilized for training MLIPs to infer and evaluate test errors, with the MACE 
LAMMPS (28 Mar 2023 – Development, CUDA 12.2, PyTorch 2.1.0) interface employed for 
speed benchmarking through molecular dynamics (MD) simulations on a 40GB A100 GPU. The 
training process was divided into two distinct phases: 

Phase 1: Energy and force loss coefficients were set to 1 and 20, respectively. The initial learning 
rate was fixed at 0.01 and controlled using an on-plateau scheduler based on validation loss, with 
a patience of 50 epochs and a reduction factor of 0.8. 

Phase 2: Activated via the `--swa` option, this phase utilized a larger energy loss coefficient 
compared to Phase 1.  Force and stress loss coefficients were maintained at 1 and 10, respectively, 
using the "universal" loss function with a Huber delta value of 0.01. 

Grid searches were conducted on the 600 training points split of Set 1 to identify optimal 
hyperparameters, which were subsequently applied across all splits of all datasets (Table 4). The 
hyperparameters evaluated included: (1) lmax (0,1,2), (2) the number of channels (64, 128, 256), 
(3) batch size (2, 8), and (4) the second phase energy coefficient (100, 10000). For datasets with 
stresses, a separate grid search over (1) the first phase stress weight (0,1,10,100), and (2) the second 
phase stress weight (0,1,10,100) was also conducted building on the best parameters obtained from 
the first grid search. To balance computational efficiency, each hyperparameter trial was limited 
to 500 epochs. The optimal parameters were identified based on the lowest loss on the validation 
set. 

To manage varying time constraints (from 1.2 hours for the 50-datapoint split to 24 hours for the 
1000-datapoint split), we scaled the number of training epochs based on our best hyperparameter 
configuration.  We fixed the ratio of stage 1 to stage 2 epochs as 0.8:0.2. Training was stopped 
when the number of epochs was reached. 

Details of the training procedure and hardware specs may also be viewed via included inputs within 
the SI and Zenodo repository referenced at the end of this manuscript.  

Table 4. MACE hyperparameters optimized for the systems of interest. See main text for details 
of hyperparameter tuning.  

Parameter MgO 
(2×2) 

MgO 
(4×4) 

Water 
(64) 

Water 
(192) CHA Reaction HEA Zr-O 

lmax 1 1 1 1 1 1 2 2 

Number of 
channels 128 128 64 32 64 256 64 256 
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Batch size 2 2 2 2 2 2 8 8 

Phase 1 
stress weight 10 10 0 0 0 - 10 0 

Phase 2 
energy 
weight 

10000 10000 10000 10000 10000 10000 1 1 

Phase 2 
stress weight 1 1 100 100 1 - 10 100 

Number of 
epochs 2200 650 1100 500 2100 1700 2600 3100 

E0s No No Yes Yes No No Yes Yes 

 

ANI Training Procedure 

The TorchANI40 package was used to train ANI neural networks based on the modified Behler and 
Parrinello symmetry functions (BPSFs)112, for inference and error analysis. The LammpsANI113 
package was used to provide an interface for LAMMPS (29 Oct 2020 – Development, CUDA 
12.2, PyTorch 2.1.0) for performing MD simulations on a 40GB A100 GPU. Training was 
performed with the ADAM114 optimizer, where the initial learning rate was set to 0.001 and 
controlled by an on-plateau scheduler based on the validation loss with a patience of 100 and a 
decay factor of 0.5.  

Grid searches were conducted on the 600 training points split of Set 1 to identify optimal 
hyperparameters, which were subsequently applied across all splits of all datasets (Table 5). The 
hyperparameters evaluated included: (1) NN architecture, where we tuned a varying number of 
hidden layers (3–6) with different number of neurons per layer (Table 6), (2) batch sizes (2, 8), 
and (3) force coefficients (0.5, 1.0, 2.0). To balance computational efficiency, each hyperparameter 
trial was limited to 500 epochs. The optimal parameters were identified based on the lowest loss 
on the validation set. While ANI is capable of predicting atomic stresses, we omitted stress training 
because the default training script lacks built-in functionality for this feature. 

To manage varying time constraints (from 1.2 hours for the 50-datapoint split to 24 hours for the 
1000-datapoint split), we scaled the number of training epochs based on our best hyperparameter 
configuration. Training was stopped when either (1) the learning rate becomes smaller than the 
early stopping learning rate (1E-5) or (2) when the number of epochs allocated for training was 
reached. 

Details of the training procedure and hardware specs may also be viewed via included inputs within 
the SI and Zenodo repository referenced at the end of this manuscript.  

Table 5. The optimized ANI hyperparameters used for the systems of interest. Hyperparameters 
have been optimized using the procedure outlined in the text. 

Parameter MgO 
(2×2) 

MgO 
(4×4) 

Water 
(64) 

Water 
(192) CHA Reaction HEA Zr-O 
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NN 
architecture 

160-128-
96-64-32-

16 

160-128-
96-64-32-

16 

160-
128-96 

160-
128-96 

192-
96-32 

160-128-
96-64-32-

16 

160-
128-96 

192-
160-128 

Batch size 2 2 8 8 2 2 2 8 

Force 
coefficient 2 2 2 2 0.5 0.5 2 2 

Number of 
epochs 2700 700 700 180 800 3800 800 10000 

 

Table 6. ANI architectures tested for hyperparameter tuning. 

Architecture Number of Hidden 
Layers 

160-128-96 3 
192-160-128 3 
192-96-32 3 

192-160-128-96 4 
160-128-96-32 4 

160-128-96-64-32 5 
160-128-96-64-32-16 6 

 

MTP Training Procedure 

The MTP45 MLIP v2 software package was used to train MTPs for inference. To perform speed 
benchmarking with MD simulations, the LAMMPS (2 Aug 2023 - Update 1, CUDA 12.2, PyTorch 
2.1.0) MLIP interface was employed on an AMD EPYC 7713 64-Core Processor. MTPs were 
trained in a single stage with a fixed energy and force loss coefficients of 1 and 0.02/N, 
respectively, where N is the average number of atoms in each image of the dataset.  

Tuning of additional hyperparameters was conducted via grid search using Set 1 of each dataset 
and shown in Table 7. To avoid an exponential increase in possible combinations, parameters were 
optimized in a sequential manner across multiple stages, keeping the from previous stages fixed. 
The stages involved tuning of: (1) levmax (18, 20, 22, 24, 26) and (2) radial basis size (8, 12). For 
datasets with stresses, a separate grid search over the stress coefficients (1E-1, 1E-2, 1E-3, 1E-4, 
1E-5, 0) was also conducted, building on the best parameters obtained from the first grid search. 
To balance computational efficiency, each hyperparameter trial was limited to 1000 epochs. The 
optimal parameters were identified based on the lowest loss on the validation set. 

To manage varying time constraints (from 1.2 hours for the 50-datapoint split to 24 hours for the 
1000-datapoint split), we scaled the number of training epochs based on our best hyperparameter 
configuration. For the smallest 50-datapoint split, we halved the epoch count, as we observed non-
linear training behavior where smaller datasets required disproportionately longer per-epoch 
processing time per image. Training was terminated when either: (1) the change in the loss fell 
below the threshold of 0.001, or (2) the number of epochs allocated for training was reached. 
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Details of the training procedure and hardware specs may also be viewed via included inputs within 
the SI and Zenodo repository referenced at the end of this manuscript.  

Table 7. MTP hyperparameters optimized for the systems of interest. See main text for details of 
hyperparameter tuning.  

Parameter MgO 
2×2 

MgO 
4×4 

Water 
64 

Water 
192 CHA Reaction HEA Zr-O 

levmax 26 26 20 20 26 26 26 26 

Radial 
Basis Size 8 8 12 12 8 12 8 8 

Stress 
Coefficient 0 0 1E-5 1E-5 0 - 1E-4 1E-5 

Number of 
epochs 3000 550 1800 500 1800 3000 900 5000 

 

Error Equations 

For error analysis we define the Mean Absolute Error (MAE) and Residual Square Mean Error 
(RMSE) by equations 1 and 2. n represents the number of values to compare, ݕ௜  represents the 
predicted quantity, and ݕపෝ  represents the actual quantity. ݕ௜ and ݕపෝ  may be vectors in the case of 
forces or stresses, in which case they are flattened to multiple scalars prior to computing errors 
such that the error is computed component-wise. 

ܧܣܯ  =  ଵ
௡

 ∑ ௜ݕ| − పෝ|௡ݕ
௜ୀଵ  (1) 

ܧܵܯܴ  =  ටଵ
௡

 ∑ ௜ݕ) − పෝ)ଶ௡ݕ
௜ୀଵ  (2) 

 

RESULTS AND DISCUSSION 

We have computed errors for all MLIPs architectures studied (NequIP, Allegro, MACE, MTP, and 
ANI) for MgO, Water, CHA, Reaction, HEA, and Zr-O datasets and present our results for 
analysis. We start with an analysis of general energy, force, and stress errors across all datasets. 
To highlight training efficiency regarding dataset size, we present what we call a “data training 
rate” based on a general observation that accuracy tends to scale in a log-log fashion in literature115-

117 and use the slope to directly compare different MLIP architectures. We then focus on more 
specific tests of size extensivity by MLIPs, observables, and transferability to other frameworks. 
Inference speeds follow to provide additional insight into how the different architectures perform 
in terms of computational efficiency. For clarity, all results provided are taken from “Set 1”, but 
additional plots can be found in the supplementary information for “Set 2” and “Set 3”. 

Energy, Force, and Stress Errors 
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To evaluate the accuracy of the MLIPs, all datasets are evaluated regarding their predictions of 
energy, force, and stress in the test set of data that has not been seen during the training of the 
model. We note that all predictions of force and stress are inferred conservatively in the MLIPs by 
computing the derivative of energy with respect to position or the cell respectively. We also 
distinguish precision (noise) error from accuracy error which latter is due to the choice of the level 
of theory. Precision is concerned only with the chosen level of theory’s ability to produce 
systematic (but not necessarily correct) predictions of energy, force, and stress. We note that 
energy, force, and stress errors are limited by the precision (noise) of DFT simulations; however, 
precision is largely controlled by simulation convergence with respect to energy. Typical DFT 
convergence (as seen in this work) is performed to the sub-meV scale, whereas MLIPs provide 
total energy errors that are often above 10 meV given a 100-atom system and 0.1 meV/atom error. 
Thus, we think there is significant room for improvement in the current predictions of MLIPs and 
data precision (noise) is not the limiting factor in any of the datasets. Here we use the MAE as our 
desired metric for the energy, force, and stress as the error metric is used for the loss function in 
training. Figure 2 shows the error heatmaps across the datasets in this work for 100 and 1000 
training points to demonstrate the improvements in error due to an order-of-magnitude change in 
data. 

 
Figure 2. Training errors for 100 (a) and 1000 (b) training structures. Errors are shown in units of 
meV/atom, meV/Å, meV/Å2

 for energy, force, and stress, respectively, and colored with the 
inferno matplotlib mapping on a log scale for ease of comparison. 

Figure 2 demonstrates very generally that all architectures tend to perform within less than an order 
of magnitude of each other for a given dataset, with some datasets being generally more difficult 
and a couple outliers that we address in the following text. The MgO, Water, CHA, and Reaction 
MLIPs show errors on their respective datasets below the desired thresholds for typical DFT 
studies (2.5 meV/atom and 35 meV/Å)118, 119, while HEA and Zr-O are on the high end of error 
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thresholds we consider acceptable for MLIPs based on literature (5 meV/atom and 50 meV/Å)90, 

120, 121.  

The HEA dataset is a classical simulation with a large compositional space, indicating that MLIPs 
are unable to learn the mathematical formulation of the EAM potential which underlies it. The 
EAM potential is simple relative to more typical DFT simulations and as such it tests the MLIP's 
ability to learn simple functional forms in diverse local chemical environments. It is notable that 
EAM potentials are very easily learned by MLIPs with just one or two elements, such that they are 
used as training examples in documentation122. While the forces are predicted within 35 meV/Å, 
except for MTP (Force MAE: 189 meV/Å), energies are generally all 4-5X larger than the 
mentioned threshold of 2.5 meV/atom. The MTP models are particularly interesting to highlight 
here as the model trained on just 100 points predicts a force error (Force MAE: 117 meV/Å) which 
is just 61% of the larger training set. The failure of MTP to improve indicates MTP based MLIPs 
are more sensitive to high elemental composition spaces than other MLIPs and that the 
interpolation between training points is less stable. For the other architectures, the choice of MLIP 
architecture appears mostly inconsequential. The difficulty of the HEA dataset was surprising to 
us as we expected the simple form of the EAM potential to be learnable, but easy training and low 
errors were not observed using tested MLIPs. It is possible that the EAM potential energy surface 
is simple enough that a deep learning potential is unneeded and we suggest that simpler kernel 
based models are considered in future work as they may perform better for this task. 

Similarly, Zr-O is a hard dataset for all architectures (Energy MAE: 4-13 meV/atom and Force 
MAE: 55-190 meV/Å) to train on but the equivariant MLIPs are seen to perform best. The 
difficulty of the Zr-O dataset comes from the highly disordered structures coming from contour 
exploration83 and high temperature MD for a starting structure which was randomly generated. We 
attribute the Zr-O improvements by equivariance, particularly for MACE (Energy MAE: 5.21 
meV/atom and Force MAE: 55 meV/Å), to the improved descriptors of equivariant MLIPs which 
may capture the disordered structures appearing in the dataset better than the non-equivariant 
descriptors. The HEA and Zr-O datasets as such represent particular difficulties in MLIPs which 
can be explored by architecture developers. For example, the HEA dataset failure at the classical 
level of theory indicates that a DFT based dataset would likely benefit from augmentation by a 
physical model such as EAM as a physics based underlying potential would greatly simplify the 
interactions the MLIP must learn. The EAM potential would supply the majority of the repulsive 
or attractive interactions, with the MLIP only needing to learn deviations from the classical 
potential similar to previous literature on MLIP augmentation123. 

In the remaining datasets, we note all models perform within our expectation for energy errors not 
just at 1000 training images as previously described, but even at 100 training set structures as seen 
in Figure 2a. The observation that 100 training images is often sufficient indicates that a large 
number of systems relevant to materials science are likely well described by modern MLIP 
architectures, which aligns well with our observation that MLIPs are becoming routine for use 
across materials science32, 49, 50, 87, 124 and the development of foundational models in all types of 
architectures105, 125-129.  

Data Training Rates 

While the models are similar in terms of error, we further check if the accuracy of models as a 
function of the number of training points (50, 100, 200, 400, 600, 800, 1000) shows any trends 
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with the architectures explored. Plots of the error with regard to training points on a log-log scale 
are presented in the SI similar to previous literature117, 130. An approximately linear relationship is 
observed in general and a linear fit with the slope of the line serves as a “data training rate” 
describing the rate of improvement. The data training rates are presented in Table 8. An example 
of how a model trains as a function of training set size is presented in Figure 3. Due to the nature 
of log-log plots, the slope of the fit line is dimensionless and as such the absolute value should not 
be overinterpreted when comparing between systems or error metrics.  

Table 8. The data training rates of each MLIP for energy, force, and stress. Energy, force, and 
stress is labeled in columns E, F, and S respectively. We note that the fit line is dimensionless. 

  MgO Water CHA Reaction HEA Zr-O 
 

  E F E F S E F E F E F S E F  

MACE 0.695 0.391 0.086 0.110 0.020 1.495 0.188 0.838 0.492 0.050 0.519 0.322 0.875 0.541  

MTP 0.451 0.268 0.154 0.053 0.025 0.098 0.036 0.317 0.136 0.040 0.219 0.026 0.489 0.639  

NequIP 0.063 0.059 0.103 0.004 0.160 0.167 0.161 0.167 0.188 0.066 0.126 0.048 0.876 0.370  

Allegro 0.093 0.096 0.118 0.014 0.133 0.127 0.052 0.818 0.629 0.051 0.662 0.065 0.893 0.362  

ANI 0.139 0.270 0.105 0.069 0.002 0.091 0.038 0.493 0.313 0.010 0.046 0.021 0.639 0.242  

 

 

Figure 3. Training errors in force for CHA in a linear (a) and log-log (b) scale. As the number of 
training points increases, the error decreases non-linearly and follows an approximately log-log 
relationship. Additional plots for all systems are shown in the SI.  

While the models are observed to be similar at 1000 training points in most cases, the data training 
rates in Table 8 indicate that model performance varies greatly system to system in terms of 
training data efficiency. We observe an example of how training progresses in Figure 3, where we 
can see clearly that the 2 best models are equivariant and learning at relatively similar rates, while 
the non-equivariant models and Allegro learn at lower rates and higher initial errors. Upon 
conversion of Figure 3a to a log-log scale (seen in Figure 3b) and computing the effective learning 
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rate, we see that MACE has the highest data learning rate (0.188) and ANI and MTP have the 
lowest data learning rates (0.038 and 0.036, respectively).  

The relative ordering of data learning rates is dataset dependent and also depends on the quantity 
analyzed. Zr-O gives data learning rates for energy from best to worse in the following order: 
Allegro, NequIP, MACE, ANI, MTP. In contrast, the data learning rates for force from best to 
worst are in the following order: MTP, MACE, NequIP, Allegro, ANI. The observation that 
learning rates are similar across MLIP types (equivariant vs. non-equivariant) is different from 
some literature which reports that equivariant models are more data efficient.87, 117, 131 However, 
the idea of equivariant model data efficiency is related to training on a fixed number of training 
images typically and does not signify the rate of improvement. Instead, we note that the similarity 
in training learning rates between equivariant and non-equivariant indicates that non-equivariant 
models start at a higher error rather than improve slower, thus why they appear less data efficient 
by the common definition. As equivariant MLIPs tend to be slower to train and infer than non-
equivariant MLIPs, discussed later in this work, model distillation132, 133 from equivariant MLIPs 
to non-equivariant MLIPs is promising as the amount of data presented to the non-equivariant 
MLIP can be greatly increased.  

System Size Cross Validation 

Modern MLIPs are size-extensive in their properties (unless they include global descriptors such 
as GDML134, 135) as predictions are made on a per-atom basis.84, 136-139 In this section, we show 
energy, force, and stress errors resulting from similarly transferring between system sizes for the 
water system (64 molecules vs. 192 molecules) and the MgO system (2x2 cell vs. 4x4 cell) as seen 
in Figure 4 for 1000 training points. While size-extensivity does not strictly apply to forces 
directly, the forces or stresses may also deviate from their expected values if the potential energy 
surface changes as a function of system size. In general, we refer to errors in force as a function of 
size as size-extensivity in this work.  

 
Figure 4. Training errors for the cross-validation of water (64 vs 192 molecules) and MgO (2x2 
vs 4x4) with 1000 training points. Errors are shown in units of meV/atom, meV/Å, meV/Å2

 for 
energy, force, and stress, respectively, and colored with the inferno matplotlib mapping on a log 
scale to ease comparison. 

Consideration of size extensivity is particularly important, as it is common in the literature to train 
a model on smaller systems and then extrapolate to larger systems that are never directly trained 
or verified via DFT simulations. Interestingly, the expected size-extensive property of MLIPs is 
not fully observed in this work as seen in Figure 4. Increasing the system size for MgO from 2x2 
to 4x4 degrades predictions of energy and force ranging from 2X to 15X worse, with less error 
observed in the reverse direction. The lack of size-extensivity is concerning as localized MLIPs 
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that predict on a per-atom basis were developed largely to solve the size extensivity issue. The 
Allegro model is an outlier (9.9 meV/Å for 2x2 to 4x4) in the MgO tests and generally shows size 
extensivity for MgO as transferring to a different size system does not affect error.  

Surprisingly, while MACE performs well for almost all other tests in this work, often giving 
slightly better results than other MLIPs, it produces an error 3X larger than Allegro in this case. 
We think the failure of size extensivity is due to the forced periodicity and the MgO system is 
simply too small for the radial cutoff we have chosen. The presence of periodic images of an atom 
in its own radial cutoff results in the model learning periodic descriptors which do not exist in the 
larger system or may be ill defined. When MLIPs do not see periodic images within their radial 
cutoff, the failure of size extensivity is mitigated naturally and no unphysical periodicity is trained 
into the model. We note however that reducing the radial cutoff itself is not an ideal solution as 
this likely harms the learning process instead of the error introduced by size extensivity. For the 
water system, we observe size extensivity for all models where errors are indistinguishable across 
all tests. The success of the Water MLIPs may indicate that size extensivity is a larger issue in 
systems with forced periodicity, such as MgO, and that the water systems are already large enough 
at 64 waters to not have any forced periodicity induced due to system size or cell size. However, 
the size-extensive behavior of the MLIPs appears acceptable here, as errors stay below the DFT-
quality threshold (2.5 meV/atom and 35 meV/Å) except for the MgO 2×2 to 4×4 case. As such, 
we recommend extra ca<:Lution in training from exceptionally small systems where the radial 
extents of an atom are on the same scale as the cell dimensions. We recommend testing for size 
extensivity not only for benchmarking studies but also as part of a general workflow to verify that 
potentials do not contain errors showing strong size dependence that would lead to unphysical 
results.  

Analysis of Observable Errors 

Another important test of transferability is the ability to perform well in more complex tasks such 
as those involving multiple model inference steps, which can benefit from the phenomenon of 
error cancellation. Figure 5 highlights trends for chosen observables for each system: lattice 
constant error for HEAs, volume errors for CHA, and forwards barrier errors for Reaction.  

Equation of state tests are performed on 200 HEA structures using the trained MLIPs to determine 
the ideal lattice at various compositions. Equation of state tests are also performed on the CHA 
structure using the trained MLIPs to determine the ideal volume of the CHA structure. Equation 
of state analysis is performed in both cases using a Murnaghan140 fit of energies and lattices 
sampled at ± 10% of the EAM volume and fit using the Atomic Simulation Environment (ASE) 
equation of state module141. The Reaction dataset MLIPs are used to perform a Nudged Elastic 
Band142-144 (NEB) calculation to compare with the same NEB calculated at the DFT level of theory. 
We compare the forward barrier of the reaction as given by the NEB spline fitting. The NEB is 
performed with default parameters taken from ASE starting from the DFT pathway as a starting 
guess to minimize the effect of the geometry optimizer and assisting in converging to the closest 
local minimum to the DFT pathway, if it is favorable. We note that some MLIP potentials were 
unstable for convergence of the NEB and in this case the point is marked with an open circle in 
Figure 5. 
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Figure 5. The CHA volume error (a), methane dissociation forward reaction barrier (b), and HEA 
lattice constant error (c) are shown. The CHA volume error is given as a percentage, methane 
dissociation barrier in eV, and HEA lattice constant in Å. Open circles represent failed NEB 
convergence for the reaction barrier tests. 

The observable tests in Figure 5 largely indicate that the error we obtain in the energy, forces, and 
stresses does not fully correlate with the error of observable predictions of a given system; for 
example, CHA is trained to a stress error of ~6-7 meV/Å2 but produces good predictions of volume 
between -0.5% and 1% error. The reverse is observed for the Reaction dataset where ~0.2 
meV/atom errors are achieved, but the reaction barrier can be predicted at an error of ±0.06 eV 
which will be discussed in detail later in this section.  

The poor correlation of error metrics to observables is well known in previous literature88, 145, but 
not always tested for benchmark datasets as observable tests are not as straightforward in all cases. 
Additionally, we see that relatively high errors in literature (>100 meV/Å) can sometimes result in 
observables such as entropy predicted within 2% of the ground truth146, demonstrating high energy 
or force errors can still produce useful predictions in some cases. All models appear to produce 
the same error consistently across all tested numbers of training points (CHA and Reaction) or 
produce seemingly random errors (HEA), but the error predictions are consistent in nature 
regardless of MLIP architecture. For example, regardless of the difficulty of the CHA dataset for 
the different architectures they all produce a volume error (Figure 5a) of less than 1% with ANI 
surprisingly producing the best prediction as a non-equivariant MLIP while being the worst 
predictor of energy and force as seen in Figure 2.  

Similarly, all methods converge to similar barrier errors (Figure 5b) within ±0.06 eV of the actual 
barrier of 0.74 eV. While the barrier error may appear acceptable on a per atom basis (1.4 
meV/atom), it represents an error of an order of magnitude in reaction rate at room temperature. 
We note, however, that parameter fitting for microkinetic models is often performed over a broader 
range147-149 and this level of error may be negligible when evaluating reaction rates that are being 
fitted. As such, we consider the reaction barrier test to be a challenge and a potential failure of all 
MLIPs even though the energy/atom and corresponding barrier errors appear acceptable.  

Finally, the HEA lattice constant error is shown in Figure 5c and ranges from acceptable errors of 
<0.05 Å to completely unreasonable and unphysical errors of >3.5 Å. As the lattice constant should 
be approximately 3.6 Å for most structures, the error indicates predictions are of either fully 
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collapsed systems or exploded in many cases similar to well-known failure modes observed in 
MLIPs under MD conditions or in geometry optimizations. The existence of MLIPs for all 
architectures which provide good predictions of lattice constant (see 800 training points for 
MACE, MTP, and Allegro or 1000 training points for NequIP and ANI) indicate that there is a 
non-systematic problem in the architectures that results in unstable potentials, but it is inconsistent 
and changes on a run-to-run basis.  

Zeolite Transferability 

As the structure of a zeolite can inform an MLIP about other frameworks in principle, we probe 
the transferability of the CHA dataset MLIPs to an extended test set of MFI, FAU, and LTA zeolite 
frameworks in Figure 6.  

 
Figure 6. Training errors for the transferability of zeolite frameworks with 1000 training points, 
going from CHA to FAU, LTA, and MFI. Errors are shown in units of meV/atom, meV/Å, meV/Å2

 
for energy, force, and stress, respectively, and colored with the inferno matplotlib mapping on a 
log scale to ease comparison. 

Analysis of zeolite transferability suggests that energies are the hardest to predict, forces can be 
problematic for some frameworks, but stresses are predicted fairly reliably. We note that zeolite 
transferability results may be influenced by optimization processes or loss functions as energy, 
force, and stress are optimized concurrently as forces and stresses are produced by an automatic 
differentiation of energy in all tested MLIPs. MLIPs calculating forces and stresses by automatical 
differentiation of energy are known as conservative and non-conservative MLIPs may be a 
potential solution for future work if lower errors are favored over the conservative restriction. For 
example, CHA’s best MLIP across all architectures achieves an error of just 0.05 meV/atom for 
MACE but increases by at least an order of magnitude for all other frameworks, although still 
within our acceptable range (2.5 meV/atom and 35 meV/Å).  

In particular, MFI is observed to be exceedingly difficult for the MLIPs to transfer to. MFI 
transferability issues are likely due to the larger rings present in MFI (10 membered rings) vs CHA 
(8 membered rings) which contain unseen bond angles. LTA contains largely 8 membered rings, 
giving it some similarity to CHA. FAU on the other hand has 12 membered rings, which makes it 
surprising that the MLIP transfers well. One reason for the success of CHA to FAU transferability 
may also be the more cage-like nature of CHA and FAU, whereas MFI has one dimensional 
channels that are not cage-like.  

In terms of force error, it is clear that MACE performs best, only increasing by a factor of 2 for 
the FAU and LTA and a factor of 3.5 for MFI. As the errors were already lower for MACE than 
any other framework for CHA, the transferability to MFI is within the DFT-like acceptable error 
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threshold (35 meV/Å). Our transferability results indicate that only MACE produces acceptably 
transferable zeolite results, but caution should be applied when considering transferability from 
other frameworks as our results may be specific to the frameworks chosen in this work. When 
looking at stress errors, confusingly the FAU is predicted more accurately (~4 meV/Å2) than the 
CHA is (~6.5 meV/Å2). All architectures also produce similarly changing stress errors error 
relative to the CHA error. The stress errors we observe indicates to us that stress errors are not as 
sensitive to transferability tests.  

Inference Speed Tests 

The inference speed of all MLIPs is tested using LAMMPS for a representative system of the 
dataset being inferred. The relative speed of each model in kAtoms/sec is shown in Figure 7. Treat 
the reported numbers with caution as different CPU / GPU hardware may influence obtained 
results considerably, as well as results can be strongly affected by improvements in the model 
inference calculations via PyTorch or internally to the package. As a result, results are only 
representative of the versions of code used in this work and we encourage readers to use the newest 
versions if they wish to perform similar speed analysis for their systems.  

 
Figure 7. The inference performance of the MLIPs for each system and each architecture as 
trained. All codes are evaluated via LAMMPS and measured in terms of kAtoms/sec to account 
for differences in the size of each system. A100s are used in all cases to provide GPU acceleration. 
Treat the reported numbers with caution as different CPU / GPU hardware may influence obtained 
results considerably.  

The performance tests in Figure 7 demonstrate a simple relationship between the different MLIP 
architectures with performances ranging from 1,000 katoms/s to 20,000 katoms/s. The equivariant 
MLIPs are typically within 10% of the speed of the other equivariant models, while the non-
equivariant models are often double the performance. MTP is the fastest MLIP we tested with ANI 
being second. We then observe that MACE is often the next fastest MLIP if an equivariant MLIP 
is desired. While Allegro was designed for high performance with parallel GPUs150, the systems 
tested here would not benefit from multi-GPU acceleration and we do not evaluate it here. As such 
the Allegro framework is not significantly faster than NequIP in any case, remaining within 5% of 
the NequIP performance in all cases except Water.  
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We can however produce faster or slower potentials for a given MLIP at the expense or benefit of 
accuracy, but we have chosen to prioritize accuracy in this work. For example, we can train non-
equivariant models of NequIP and these will be faster than our equivariant models. The inference 
performance shown here is indicative of our chosen hyperparameters and we stress that system 
size, software versions, and hardware can all affect the performance observed. Additionally, our 
systems are still sized around typical DFT sizes (<500 atoms) and the inference speeds are likely 
to increase as the systems grow and GPU resources can be leveraged more effectively. With that 
considered, we suggest that equivariant models must improve in inference speed if they wish to 
become the undisputable choice for researchers utilizing MLIPs as time and resource constraints 
of model inference must be considered and weighed against dataset generation costs and accuracy. 

CONCLUSIONS 

This benchmark highlights the strengths and current limitations of machine learning interatomic 
potentials (MLIPs) across a diverse set of materials science-relevant systems. We find that, for 
well-optimized models, the modern MLIPs in this work (MACE, NequIP, Allegro, Torch-ANI, 
and MTP) yield comparable errors in energy, forces, and stress in the studied simpler tests (MgO, 
Water, CHA, and Reaction) with the HEA and Zr-O showing a reduction in error (1.5 – 2x 
improvement) for equivariant MLIPs.  

Our results also reveal that elemental complexity and structural disorder, particularly in the HEA 
and Zr–O datasets, remain difficult for small training sets (<1000 structures). The HEA dataset 
relies on a simple underlying classical potential, which suggests there is difficulty in learning even 
a simple potential if given a complex enough local chemical environment. Size-extensivity tests 
underscore the importance of verifying this property explicitly, even in MLIPs that should be 
extensive by design. Observables derived from MLIPs can be unreliable even with small increases 
in per-atom error, reinforcing the need to test not just energies and forces, but the actual physical 
quantities of interest. We think observables in MLIP-based simulations must be assumed to be 
incorrect until tested and as many testable observables should be confirmed during production 
level research involving MLIPs, unlike DFT where we assume the observables are correct 
inherently. Importantly, we find no clear advantage in data efficiency or observable errors between 
equivariant and non-equivariant models. This suggests that further benchmarking should move 
beyond small differences in loss curves and target systems where model architectures fail to 
reproduce key behaviors. Semi-classical potentials (e.g., EAM151, Tersoff152, ReaxFF153) may be 
particularly useful for this purpose, either as baselines or augmentation tools, due to their stronger 
links to observables and forced physical behavior. For researchers looking to choose an MLIP 
architecture, we suggest selecting equivariant MLIP architectures if the complexity of the system 
is a challenge but for simple materials problems auxiliary features such as integration with 
molecular dynamics engines, trade-offs between computational dataset generation cost vs. MLIP 
inference speed, and framework integration may play a more important decision factor than small 
differences in error metrics. 

Going forward, benchmarking new MLIPs should prioritize the following aspects identified in this 
work: (i) transferability tests to out-of-distribution datasets and to confirm expected properties 
such as size extensivity, (ii) hard datasets where failure modes emerge and differences between 
MLIPs are significant, and (iii) validation of observables rather than assuming correct predictions 
from energy/force agreement alone. The identification of the HEA and Zr-O datasets as difficult 
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datasets that appear to favor equivariant MLIPs suggests these downloadable datasets should be 
used for future work on benchmarking developments around equivariance (or the lack thereof) and 
new architectures. Development of similarly difficult datasets that encompass a wide range of 
compositions and at various levels of theory (classical, semi-empirical, DFT) will benefit the MLIP 
development community. Simple and low complexity systems appear to be a solved problem for 
MLIPs in general as we reach a typical energy error of ~0.2 meV/atom and ~30 meV/Å with just 
1000 training images when the elemental composition does not change, implying these MLIPs 
would be usable for production level research projects. We strongly recommend reframing the 
benchmark goal in MLIP work: not to rank model architectures by small and often insignificant 
differences in error, but to instead identify in what modeling space (material, composition, and 
complexity) and why the architectures fail as this will be critical for developing robust, transferable 
MLIPs for real-world applications. 
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