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Abstract:  8 

Iron (Fe) oxidation is a fundamental phenomenon that is scientifically significant and 9 

technologically vital. Despite substantial experiment research effort, accurate atomistic 10 

modelling of Fe oxidation remains elusive. This requires a reliable interatomic potential, 11 

which necessitates an extensive and representative first-principles dataset for training. 12 

However, Fe-oxygen (O) system is known for its structural and magnetic complexity, 13 

rendering the generation of high-quality dataset challenging. In this work, we propose the 14 

Perturbation Augmented Space group structure Sampling (PASS) method to generate 15 

representative dataset consisting of small-cell structures with less than 10 atoms. Based on 16 

PASS, we present a systematic approach to developing a transferable machine learning 17 

interatomic potential (MLIP) for Fe-O system adopting the atomic cluster expansion (ACE) 18 

framework. We thoroughly validate the accuracy and capability of the ACE potential across 19 

both pure Fe and Fe-O systems through bulk, surface, and interface properties. We showcase 20 

the formation of FeO-like structure in large-scale Fe oxidation simulation using the ACE 21 

potential. This work demonstrates that the PASS method yields an accurate and transferable 22 

MLIP which is capable of capturing the reactive complexity of oxide growth while remaining 23 

computationally practical for extended systems. 24 
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Iron oxidation, Space groups, Machine learning interatomic potentials, Molecular dynamics 26 

* Corresponding author: P.Dey@tudelft.nl (P. Dey) 27 



 

Page 2 of 32 

Introduction 28 

For decades, iron (Fe) oxidation has been a subject of substantial research effort due to its scientific 29 

significance and technological importance1. Scientifically, studying it not only helps understand 30 

Earth’s geochemical evolution2 but also provides insights into biological mechanisms, for example 31 

ferritins detoxification by catalyzing the oxidation of Fe2+ ions3. Technologically, as energy 32 

production can be obtained through the heat of Fe powders oxidation, it potentially enables a safe, 33 

stable and high-density energy storage technology4. Moreover, it is usually linked with detrimental 34 

corrosion, whose prevention is key to achieve sustainability and durability of materials5,6. 35 

Therefore, Fe oxidation has been extensively investigated by all kinds of experimental techniques, 36 

such as low-energy electron diffraction7,8, X-ray scattering9, and in situ environmental 37 

scanning/transmission electron microscopy10. From an atomistic perspective, oxidation involves a 38 

series of critical atomic-scale events11, including atomic adsorption, diffusion, and surface 39 

reconstruction. The combination of those crucial events poses a challenge to experimental studies, 40 

that is how to achieve three-dimensional atomic resolution for structural and chemical information 41 

in situ12. On the other hand, this challenge can be better tackled by atomistic modelling, especially 42 

molecular dynamics (MD) simulation, where structural and chemical information at the atomistic 43 

level, and thermodynamics and kinetics information can be obtained simultaneously13. 44 

 45 

Nevertheless, accurately modelling Fe oxidation is a challenging task due to the complexity of Fe-46 

oxygen (O) system. First of all, multiple Fe oxides can exist under different conditions14,15, with 47 

wüstite (FeO), hematite (Fe2O3), and magnetite (Fe3O4) being the most stable ones at different O 48 

concentrations. Furthermore, various crystal structures and different stoichiometries add up to the 49 

structural complexity. For instance, Fe2O3 has a corundum structure, while FeO has a rock-salt 50 

structure with non-stoichiometric characteristics because of its high vacancy defect concentration16. 51 

In addition to the structural variety, Fe oxides have distinctive magnetic orderings. FeO and Fe2O3 52 

exhibit antiferromagnetic arrangement of magnetic moments17,18, while Fe3O4 is ferrimagnetically 53 

ordered19. Consequently, due to the concurrent occurrence of multiple kinetic events of oxidation 54 

in combination with oxides’ structural and magnetic ordering complexity, a reliable, robust and 55 

transferable interatomic potential is imperative, i.e., the one which is capable not only of capturing 56 

the elementary reaction steps during initial oxidation but also of distinguishing between the 57 
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nucleation, growth and phase transformations among the various iron oxide phases during growth 58 

of the oxide layer. 59 

 60 

Notably, reactive force field (ReaxFF), due to the explicit usage of bond order in its functional 61 

form, is effective in describing the bond breaking and forming processes. This makes it quite 62 

suitable for the oxidation process simulation 20. Several ReaxFFs had been developed for the Fe-63 

O system21,22 and applied to study the oxidation process9,23. However, after comparing six ReaxFFs 64 

on the prediction of liquid Fe oxide properties, Thijs et al. found significant differences of 65 

properties obtained by them24. We previously benchmarked three ReaxFFs on their performance 66 

for O adsorption on Fe surfaces, which is the first yet quite important step in oxidation, but found 67 

that they had unsatisfactory descriptive capability, as the accuracy of the adsorption energy with 68 

regard to first-principles calculation is insufficient25. Therefore, a more accurate and broadly 69 

transferrable Fe-O interatomic potential is needed. 70 

 71 

For the past two decades, owing to the capability to learn from large data and the achieved near-72 

quantum accuracy, machine learning interatomic potential (MLIP) has attracted lots of 73 

attention26,27. Compared to empirical interatomic potentials, MLIPs do not have a pre-defined 74 

functional form. Instead, they use atomic descriptors (also called structural fingerprints) to encode 75 

the local atomic environments (LAEs). A number of atomic descriptors have emerged to capture 76 

the essential characteristics of LAEs, including atom-centered symmetry functions28, smooth 77 

overlap of atomic positions (SOAP)29, moment tensor30, and atomic cluster expansion (ACE)31. 78 

Despite the different varieties, the general development workflow is the same. After high-fidelity 79 

first-principles dataset is obtained, the LAEs are first encoded to be descriptors which are 80 

subsequently used as input to ML algorithm, while the configurations’ corresponding energies, 81 

forces, and stresses act as output to be reproduced. In this way, an MLIP is trained to learn the 82 

mapping from LAEs to potential energy surfaces (PES). In other words, MLIP training is 83 

essentially a regression process, establishing the critical link between LAEs and PES. 84 

 85 

For complex reactive systems, the limiting factor for getting an accurate and broadly transferrable 86 

MLIP is no longer only the regression process, but the systematic generation of representative 87 

training dataset, which should cover a large and relevant configurational space. Conventionally, 88 
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researchers manually generate structures based on domain expertise, aiming at configurations that 89 

are expected to be sampled during MD simulations. For example, to train an MLIP for fracture 90 

simulation, Zhang et al. included highly strained configurations that may appear at crack tip 91 

according to anisotropic classical linear elastic theory32. Moreover, active learning is often utilized 92 

to generate structures in unexplored regions of the configurational space to enhance MLIP’s 93 

extrapolative capability33–35. Recently, random structure searching (RSS) has proven to be an 94 

efficiently automated approach for constructing training datasets by iteratively exploring the 95 

configurational space of materials36–38. To summarize, existing strategies either require prior 96 

knowledge about the material, depend on iterative active learning exploration procedures, or fail 97 

to systematically cover diverse LAEs in a controlled manner. Since crucial LAEs in oxidation 98 

encompass not only various stable oxides, but also strained, defective, interfacial, and non-99 

equilibrium configurations, existing strategies are inadequate for the Fe-O system. It is unfeasible 100 

to manually enumerate all the necessary configurations based on domain expertise. In addition, as 101 

iterative exploration cycles are required, active learning is not efficient, whereas it is challenging 102 

for RSS to accurately sample complex dynamical processes38. Notably, Poul et al. proposed the 103 

Automated Small SYmmetric Structure Training (ASSYST) strategy for constructing systematic 104 

training dataset, based on extensively exploring all possible space groups of crystal structures39,40. 105 

Its effectiveness was demonstrated by various tests on out-of-distribution structures (i.e., not 106 

explicitly considered in the training dataset). The strategy was first applied to elemental 107 

magnesium39 and further extended to multicomponent alloys40. 108 

 109 

In this work, we propose the Perturbation Augmented Space group structure Sampling (PASS) 110 

method, a symmetry-informed, perturbation-augmented, descriptor-based one-shot sampling 111 

strategy for building compact and diverse MLIP training dataset. Then, following the PASS 112 

workflow, we generate extensive and representative Fe-O dataset, composed of structures of less 113 

than 10 atoms. Next, based on the ACE framework, we develop an MLIP and subsequently validate 114 

it on various properties across pure Fe and Fe oxides to demonstrate its accuracy and transferability. 115 

Finally, we apply the ACE MLIP to study large-scale Fe oxidation, showcasing the formation of 116 

FeO-like oxide. By applying the sampling of small-cell structure LAE to the simulation of large-117 

scale oxidation for the first time, this work demonstrates that PASS is systematic, effective, and 118 

capable of enabling accurate and transferable MLIPs for chemically complex reactive processes. 119 
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 120 

Results 121 

The PASS workƲow 122 

A central bottleneck in MLIP development for complex reactive materials is representative dataset 123 

construction, which we try to solve by introducing PASS. PASS not only avoids iterative active 124 

learning exploration but also allows an ACE potential trained on small-cell structures to transfer 125 

to: (1) large structures, such as surfaces and interfaces; (2) application-relevant events, for example 126 

atomic diffusion and defect migration; and (3) complex reaction processes, for instance large-scale 127 

Fe oxidation. The essential ideas behind PASS are first generating a comprehensive configurational 128 

space and then selecting the most representative structures while simultaneously capturing both 129 

equilibrium and non-equilibrium configurations. Specifically, two consecutive steps are performed, 130 

namely dataset generation and descriptor-based selection, as shown in Fig. 1(a) and (b), 131 

respectively. 132 

 133 

 134 

Fig. 1. Overview of the PASS workflow for developing a transferable ACE potential for Fe-135 

O system. (a) Dataset generation. Space group structures are first generated using PyXtal and then 136 
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optimized through stepwise volume and full structural relaxation to obtain initial equilibrium 137 

configurations. Perturbed structures are subsequently generated from the relaxed structures 138 

through systematic rattle and stretch operations, introducing non-equilibrium LAEs. (b) 139 

Descriptor-based structure selection. The generated perturbed structures are encoded using high-140 

dimensional SOAP descriptors, projected into a 2D embedding space by principal component 141 

analysis (PCA), and selected by farthest point sampling (FPS) to retain the most representative 142 

structures while reducing redundancy. (c) ACE training. The DFT-labelled final dataset is used to 143 

train an Fe-O ACE potential. (d) Property validation. The trained ACE potential is further 144 

systematically validated on bulk, surface, and interface properties across Fe and Fe-O systems to 145 

assess its accuracy and transferability. 146 

 147 

Two parts of dataset, namely initial and perturbed structures, are constructed in the dataset 148 

generation step. The initial structures are obtained by stepwise relaxation of space group structures, 149 

following the protocols proposed by Poul et al.39,40, and the perturbed structures are constructed 150 

by applying perturbations (i.e., rattle and stretch) to the relaxed initial structures. As shown in Fig. 151 

1(a), PyXtal generates structures according to user-specified space groups with the maximum 152 

number of atoms and atomic compositions provided as input parameters. In this work, we set 10 153 

to be maximum number of atoms per structure for both Fe and Fe-O systems. Subsequently, the 154 

volumes of PyXtal structures are relaxed, leading to Volmin structures. Afterwards, Volmin 155 

structures are fully relaxed to form Fullmin structures. Note that for the purpose of obtaining 156 

equilibrium configurations in a less computational demanding way, the stepwise relaxation 157 

processes are performed at a lower density-functional theory (DFT) accuracy in terms of both 158 

energy and force convergence criteria and k-point density. Finally, all the structures (i.e., PyXtal, 159 

Volmin, and Fullmin) are collected, forming the initial set of structures for the final high-fidelity 160 

DFT labelling.  161 

 162 

Next, to generate perturbed structures, two separate actions are taken on Fullmin structures, i.e., 163 

rattle and stretch. As proposed originally40, the rattle is applied by changing atomic positions by 164 

normally distributed noise with a standard deviation of 𝜎rattle and then repeated ݊rattle times. A 165 

uniformly random strain matrix is coupled with random displacements in this action. The stretch 166 

is implemented ݊stretch times by changing cells using diagonal and off-diagonal entries. Note that 167 
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two strain modes are randomly selected i.e., 70% hydrostatic (diagonal) and 30% shear (off-168 

diagonal), with strain magnitudes ߳hydro and ߳shear, respectively.  169 

 170 

The first crucial element in the PASS method is to extensively sample the configurational space in 171 

a controlled way. Specifically, we apply a grid of perturbation parameters (i.e., 𝜎rattle, ߳hydro, and 172 ߳shear) to significantly increase the number of perturbed structures. The values of those parameters 173 

for both Fe and Fe-O systems are presented in Supplementary Table 1. To summarize, the space 174 

group structures are generated first, providing compact and diverse crystalline prototypes. Then, 175 

extensive perturbations are applied, aiming at generating non-equilibrium LAEs. In this way, a 176 

comprehensive configurational space is generated.  177 

 178 

The second crucial element in PASS method lies in the descriptor-based selection or sampling 179 

process, as shown in Fig. 1(b). After filtering out structures with unphysically short interatomic 180 

distances, high-dimensional SOAP descriptors are utilized to encode the perturbed structures’ 181 

LAEs. Consequently, the structural characteristics can be systematically quantified, enabling a 182 

convenient comparison between LAE differences. Next, principal component analysis (PCA) is 183 

adopted to reduce the high-dimensional descriptor space to a 2D embedding space. Finally, farthest 184 

point sampling (FPS) method is used to select the most representative structures and thus avoid 185 

redundancy. 10,000 structures are chosen for pure Fe and Fe-O systems, respectively. Combined 186 

with the initial structures (i.e., PyXtal, Volmin, and Fullmin), a structure pool is now established 187 

and will eventually be labelled with high-fidelity DFT to form the final training dataset. The 188 

composition of the final training dataset is shown in Table 1. Note that PASS method is only 189 

applied to obtain Fe and Fe-O structures following the procedures described above. For the O part, 190 

we directly adopt structures from existing datasets, including OQMD41,42 and OMat2443. 191 

 192 

Table 1. Composition of the final training dataset. 193 

System Subset Number of structures 

Fe 

Initial 3,063 

Perturbed 10,000 

Fe-O Initial 3,802 
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Perturbed 10,000 

O 

OQMD 33 

OMat24 1,193 

Total 28,091 

 194 

Generation of extensive and representative dataset 195 

The purpose of PASS is not simply to enlarge the training dataset, but to construct a compact and 196 

representative one that spans a broad range of physically relevant LAEs. The initial space group 197 

structures provide chemically and crystallographically diverse equilibrium configurations, while 198 

the systematic and extensive rattle and stretch perturbations introduce non-equilibrium LAEs 199 

potentially associated with defective, strained, and transition state configurations. Then, 200 

descriptor-based selection removes redundancy by selecting structures that are maximally 201 

separated in the reduced SOAP descriptor embedding space. Therefore, the final dataset is 202 

designed to balance diversity and efficiency such that it retains representative LAEs without 203 

relying on manually designed oxidation pathways or iterative active learning exploration cycles.  204 

 205 

 206 
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Fig. 2. Diversity and representativeness of final dataset for Fe-O system. (a) Distribution of 207 

atomic energy as a function of nearest neighbor distance, with data points colored by O content 208 

and accompanying histogram showing the structure count, illustrating the energetic and geometric 209 

diversity of the generated configurations. (b) Formation enthalpy of the final dataset as a function 210 

of O atomic percentage, showing broad coverage of the Fe-O compositional space, including pure 211 

Fe, Fe-O, and pure O structures. (c) PCA projection of SOAP descriptors for pure Fe, compared 212 

with existing Fe datasets including Meng-202144, Rinaldi-202445, and Zhang-202332. Each point 213 

represents one structure-level SOAP average. The small-cell PASS dataset covers the LAE space 214 

sampled by these application-specific (e.g., deformation and fracture) datasets. (d) PCA projection 215 

of SOAP descriptors for Fe-O, compared with existing Fe-O datasets (i.e., Liang-202516, OMAT24 216 

Fe-O43, and OQMD Fe-O41,42) and representative structures (i.e., Fe oxide slabs46 and interfaces47). 217 

Each point represents the LAE of an individual atom. The broad coverage indicates that the small-218 

cell PASS dataset contains diverse LAEs relevant to bulk oxides, surfaces, defects, and interfaces. 219 

 220 

Figure 2 illustrates the diversity and representativeness of the final dataset for the Fe-O system 221 

generated following the PASS method. As shown in Fig. 2(a), the distribution of the atomic energy 222 

with respect to nearest neighbor distance is displayed, along with O content and structure count. 223 

Due to the filtering process, the minimum atomic distances in Fe and Fe-O systems are 1.8 and 1.6 224 

Å, respectively. This ensures that all configurations are physical, i.e., not overly distorted. In 225 

addition, the atomic energy can be observed to distribute in a wide range, indicating that a broad 226 

region of the energy landscape is covered, which is formed by including both equilibrium and non-227 

equilibrium configurations. Furthermore, data points with different O content are widely scattered, 228 

meaning that diverse Fe-Fe, Fe-O, and O-O coordination environments are included, indicative of 229 

quite distinctive configurations being generated. Then, the formation enthalpy of all structures as 230 

a function of the atomic percentage O content is shown in Fig. 2(b). A large compositional space 231 

is covered by the final dataset, including pure Fe, Fe-O systems, and O structures.  232 

 233 

To demonstrate that the small-cell PASS dataset is representative of larger and more complex 234 

structures in application-relevant events such as fracture and oxidation processes, it is vital to 235 

compare the LAEs with those of existing datasets regarding various applications. Atomic 236 

descriptors enable both phase classification and detection of point defects and interfaces48. To this 237 
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end, the SOAP descriptor is used to represent the LAEs of both Fe and Fe-O systems, followed by 238 

PCA performed for dimension reduction to ensure a clearer visual comparison. Figure 2(c) and (d) 239 

display the LAE comparison between PASS dataset and chosen ones for Fe and Fe-O systems, 240 

respectively. Note that for pure Fe system each point stands for the LAE of the whole structure, 241 

while for Fe-O system each point is the LAE of individual atom.  242 

 243 

For the Fe system, three existing datasets are chosen for comparison, i.e., Meng-202144, Rinaldi-244 

202445, and Zhang-202332. Meng et al. developed a neural network interatomic potential for the 245 

Fe-H system44, from whose training dataset we extracted the configurations containing only Fe 246 

and mark them as Meng-2021. A large variety of configurations is included in Meng-2021, 247 

consisting of self-interstitial atoms (SIA), vacancies, surfaces, and dislocations. To 248 

comprehensively sample both atomic positions and magnetic moments, Rinaldi et al. generated 249 

extensive Fe configurations associated with various properties (e.g., elastic constants, phonon, and 250 

transformation path)45, which we mark as Rinaldi-2024. Based on anisotropic classical linear 251 

elastic theory, Zhang et al. generated structures representative of the large deformations at crack 252 

tip32, here marked as Zhang-2023. As can be seen in Fig. 2(c), Rinaldi-2024 has more structural 253 

diversity than Meng-2021, while Zhang-2023 occupies a large configurational space uncovered by 254 

the others, especially corresponding to the highly strained crack-tip configurations. Compared to 255 

the three datasets, the LAEs in our dataset (marked as SPG Perturbed) could represent those 256 

complex configurations (e.g., vacancies and dislocations) in various applications (e.g., fracture and 257 

tensile stretch). Furthermore, LAEs in SPG Perturbed dataset are even more widespread and 258 

diverse, which may be related to more complex structures such as transition states. The comparison 259 

not only demonstrates small-cell PASS dataset’s outstanding representativeness but also shows its 260 

superior structural complexity.  261 

 262 

For the Fe-O system (see Fig. 2(d)), three other important datasets along with several 263 

representative structures are included for comparison. Liang et al. employed deep learning 264 

methods to train an Fe-O interatomic potential, with training dataset focusing on the defective FeO 265 

structures as well as various FeO surfaces16, referred to as Liang-2025. In addition, Fe-O structures 266 

are extracted from both OQMD41,42 and OMat2443 datasets. OQMD contains equilibrium or near-267 

equilibrium commonly occurring Fe-O crystal structures, while OMat24 consists of diverse non-268 
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equilibrium atomic configurations. Including those two datasets enables a more general LAE 269 

comparison beyond that of defective FeO dataset of Liang et al. Moreover, since the interfacial 270 

transformations among Fe, FeO and Fe3O4 are essential to the Fe oxidation process49, Fe3O4 slabs46 271 

and complex interfaces47 between Fe and Fe3O4 are also included. As can be seen in Fig. 2(d), 272 

OMAT24 Fe-O covers more space than OQMD Fe-O, indicating its inclusion of non-equilibrium 273 

configurations. Fe3O4 slabs and complex interfaces are observed to occupy distinct regions of the 274 

configurational space due to their different LAEs, demonstrating the ability of atomic descriptors 275 

in identifying diverse LAEs. As clearly shown in Fig. 2(d), the Fe-O system’s LAEs in SPG 276 

Perturbed dataset not just cover the configurational space of all other datasets but also extend 277 

beyond it, owing to the extensive perturbations. This clearly demonstrates the representativeness 278 

and diversity of the final dataset. 279 

 280 

Systematic validation of the ACE MLIP for pure Fe 281 

As shown in Fig. 1(c), the ACE framework is adopted for MLIP training. It should be noted that 282 

we do not explicitly include magnetic degrees of freedom in the training process. To simplify, we 283 

use ferromagnetic (FM) ordering for Fe element in all DFT calculations for labelling the final 284 

dataset. The parameterized ACE potential yields the mean absolute training errors of 31.89 285 

meV/atom and 120.52 meV/Å for energy and force, respectively. As schematically illustrated in 286 

Fig. 1(d), to verify the accuracy and demonstrate the transferability of the ACE potential, a series 287 

of validation tests are subsequently performed in a progressive manner, starting from 288 

thermodynamics to kinetics and from pure Fe to Fe-O system, covering structural, mechanical, 289 

and chemical properties. 290 

 291 
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 292 

Fig. 3. Validation of the ACE potential for structural and mechanical properties of pure Fe. 293 

(a) Equation of state curves for body-centered cubic (BCC) and face-centered cubic (FCC) Fe 294 

predicted by the ACE potential and compared with DFT reference data. Ferromagnetic (FM) and 295 

antiferromagnetic (AFM) orderings are used in the corresponding DFT calculations for BCC and 296 

FCC Fe, respectively. (b) Temperature-dependent equilibrium lattice parameters of BCC and FCC 297 

Fe predicted by the ACE potential and compared with experimental data, showing the ability of 298 

the ACE potential to reproduce lattice thermal expansion. The experimental data is taken from Ref. 299 

50. (c) Bain path energy profiles as a function of the c/a ratio. The ACE potential prediction is 300 

compared with DFT calculations using both FM and AFM settings, assessing whether a geometry-301 

based ACE potential captures the structural energetics associated with the BCC-FCC 302 

transformation pathway. (d) Rigid body separation energy curves for BCC Fe (100) and (110) 303 

planes predicted by the ACE potential. The results are compared with DFT reference data taken 304 

from Ref. 51. (e) Traction-separation curves obtained from the derivative of the energy-separation 305 

curves, providing a measure of the normal stress during cleavage. The results are compared with 306 

DFT reference data taken from Ref. 51 (DFT-1) and Ref. 32 (DFT-2). (f) Generalized stacking 307 

fault energy profiles for BCC Fe on the (110) and (112) planes along the <111> slip direction 308 

predicted by the ACE potential and compared with DFT reference data, validating the accurate 309 

description of shear deformation. The DFT reference data is taken from Ref. 52. 310 
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 311 

We start the validation by comparing pure Fe structural properties. Figure 3(a) shows the 312 

comparison of the equation of states for both body-centered cubic (BCC) and face-centered cubic 313 

(FCC) Fe phases obtained by DFT and the ACE potential. Note that FM and antiferromagnetic 314 

(AFM) orderings are considered in DFT calculations for BCC and FCC Fe phases, respectively. A 315 

good agreement can be found for both the Fe phases, except for the large volumes of FCC Fe 316 

where a slight deviation is observed. Then, the equilibrium lattice parameters at finite temperature 317 

obtained by ACE potential are shown in Fig. 3(b), in comparison with experimental data50. The 318 

ACE potential can well capture the influence of temperature and accurately describe the lattice 319 

thermal expansion of both the phases. 320 

 321 

The Bain path model is widely used to study the martensitic transformation in steel53, in which 322 

BCC Fe changes into FCC Fe (or vice versa) via a continuous tetragonal distortion (i.e., changing 323 

the c/a ratio). The comparison between atomic energy with respect to the varied c/a ratio predicted 324 

by the ACE potential and calculated by DFT is shown in Fig. 3(c). Note that both FM and AFM 325 

orderings are applied to the same structures in DFT calculations. AFM ordering is 326 

thermodynamically favored for the c/a ratio ranging from approximately 1.4 to 1.6, which 327 

corresponds to FCC-like phase, while FM ordering is favored outside this range. Although the 328 

ACE potential does not explicitly consider magnetic degrees of freedom, the Bain path test 329 

provides an important assessment of whether a geometry-based MLIP trained under a fixed 330 

magnetic setting can still reproduce the structural energetics associated with phase transformation. 331 

The comparison with FM and AFM DFT reference curves shows that the ACE potential accurately 332 

describes the BCC region and captures the qualitative change in the energy landscape near the 333 

FCC-like region, illustrating that the structural component of the phase transformation is captured. 334 

 335 

Next, we validate the ACE potential by testing its predictions of mechanical properties. For BCC 336 

Fe, brittle fracture is the dominant failure mechanism, which happens in the form of cleavage32. 337 

As cleavage occurs on the plane with maximum normal stress, it is essential to evaluate the normal 338 

stress. To this end, the rigid body separation is performed for BCC Fe (100) and (110) planes, and 339 

the resulting energy-separation curves are shown in Fig. 3(d). In addition, DFT reference data 340 

taken from Ref. 51 is added to enable a clear comparison. The universal binding energy relation 341 
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of BCC(100) plane aligns well with DFT results, while for BCC(110) plane slight deviation from 342 

DFT calculations is observed, which is also found in Ref. 32. Additionally, BCC(100) and 343 

BCC(110) surface energies are calculated from Fig. 3(d) and obtained to be 2.60 and 2.42 J/m2, 344 

respectively, matching well with DFT obtained values of 2.54354 and 2.49554 J/m2. Then, as shown 345 

in Fig. 3(e), the traction-separation (T-S) curves are obtained by taking the derivative of the energy-346 

separation curves52. The general trends match with DFT reference data51 (i.e., DFT-1). In addition, 347 

the maximum normal stresses for BCC(100) and BCC(110) planes are found to be close to the 348 

DFT results of 32.6832 and 34.6232 GPa (DFT-2, marked by blue and green triangles, respectively). 349 

Although local minima are present, the T-S curves are quite smooth compared to those of 350 

benchmarked MLIPs in Ref. 52. Moreover, the generalized stacking fault (GSF) energy is crucial 351 

for understanding nanoscale plasticity, ideal shear strength, and how crystalline materials 352 

deform55,56. Thus, it is beneficial to add GSF profiles in the validation. Figure 3(f) shows the GSF 353 

energy of BCC(110) and BCC(112) planes slipping along <111> direction as predicted by the ACE 354 

potential, in comparison with DFT reference data52. The ACE potential can distinguish the shear 355 

deformations on the two planes, obtaining unstable (i.e., maximum) stacking fault energies close 356 

to the DFT results. 357 

 358 

Table 2. Validation of the ACE potential for point defects and surface formation energetics 359 

in pure Fe, in comparison with DFT and two MLIPs for pure Fe (i.e., Gaussian 360 

approximation potential (GAP)54 and moment tensor potential (MTP)57). 361 

Property ACE DFT GAP54
 MTP57

 

Vacancy formation energy (eV)     

mono-vacancy 1.89 2.2254, 2.18457
 2.26 2.161 

di-vacancy 1NN 3.80 4.2454, 4.23157
 4.41 4.124 

di-vacancy 2NN 3.68 4.2054, 4.16157
 4.30 4.063 

di-vacancy 3NN 3.83 4.4554, 4.39657
 4.55 4.308 

di-vacancy 4NN 3.73 – 4.48 – 

di-vacancy 5NN 3.78 – 4.47 – 

SIA formation energy (eV)     

T site 4.30 4.7954, 4.54857
 4.75 4.87 
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O site 4.94 5.5854, 5.33357
 5.53 5.267 

<100> 4.79 5.4854, 5.20657
 5.47 5.115 

<110> 4.04 4.3754, 4.09457
 4.21 4.282 

<111> 4.47 5.1354, 4.83357
 4.90 4.919 

Surface energy (J/m2)     

BCC(100) 2.60 2.54354, 2.52557
 2.547 2.543 

BCC(110) 2.42 2.49554, 2.52457
 2.499 2.543 

BCC(111) 2.92 2.75254, 2.71457
 2.756 2.723 

BCC(211) 2.74 2.62954
 2.612 – 

“NN” represents nearest neighbor, “2NN” refers to the second nearest neighbor, and beyond. “T” 362 

and “O” stand for tetrahedral and octahedral, respectively. The notation “< >” specifies the exact 363 

geometric orientation and configuration of the SIA defect. 364 

 365 

Next, we validate the ACE potential’s capability of describing various defects. The vacancy, SIA 366 

and surface formation energies are calculated, with the corresponding results being presented in 367 

Table 2. To ensure a better comparison, two MLIPs specially trained for pure Fe, namely GAP54 368 

and MTP57, are selected along with corresponding DFT data from the literature. The ACE potential 369 

can well predict the energetics of various defects, showing matching qualitative trends with DFT 370 

and GAP54 and MTP57 findings. Remarkedly, none of the relevant configurations is explicitly 371 

included in the training dataset, thereby demonstrating the superior transferability of the ACE 372 

potential developed in this work. 373 

 374 

Systematic validation from thermodynamics to kinetics for Fe-O  375 

Since the accurate description of Fe-O system is significantly crucial in oxidation simulation, it is 376 

of vital significance to evaluate whether the ACE potential can capture the essential characteristics, 377 

such as structural properties of various oxides. In addition, as the ACE potential is trained on small-378 

cell structures, the transferability to larger systems also needs to be validated. Therefore, we next 379 

focus on validating the ACE potential’s capability of capturing the thermodynamics and kinetic 380 

properties of Fe-O system, as well as its transferability to complex structures and critical events. 381 

 382 
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Firstly, the ACE potential is used to predict the structural properties of common Fe oxides, namely 383 

FeO, Fe2O3, and Fe3O4. Bienvenu et al. adopted ACE framework to train an MLIP on various 384 

phases present in the experimental Fe-O phase diagram, with magnetism explicitly considered in 385 

an Ising-like manner58. We add this MLIP into comparison and hereafter refer to it as ACE-386 

Bienvenu to distinguish with our ACE potential. As shown in Table 3, our ACE potential can 387 

describe those typical Fe oxides’ structural properties as accurate as DFT (+U) results, with 388 

performance as good as ACE-Bienvenu. It is noteworthy mentioning that neither the structures nor 389 

the magnetism of the studied oxides (i.e. FeO, Fe2O3, and Fe3O4) are explicitly represented in the 390 

training dataset of our ACE potential, again demonstrating the effectiveness of the PASS method. 391 

Additionally, the formation enthalpies exhibit the same qualitative trend as the DFT (+U) results, 392 

indicative of our ACE potential capturing the correct thermodynamics. 393 

 394 

Table 3. Lattice constants (a for cubic lattice, a and c for hexagonal lattice), bulk modulus B, 395 

and formation enthalpy ઢࢌࡴ  of Fe and representative Fe oxides predicted by our ACE 396 

potential, DFT, and other MLIP (marked as ACE-Bienvenu)58. DFT reference data is taken 397 

from Ref. 58. The values in the parentheses are the results of DFT calculations with U 398 

correction. Lattice constants, bulk modulus, and formation enthalpy are in the units of Å, 399 

GPa, and eV/atom, respectively.  400 

System Property ACE DFT (+U)58
 ACE-Bienvenu58

 

BCC Fe 

a 2.846 2.83 (2.95) 2.84 

B 171 188 (123) 165 

FeO 

a 4.296 4.26 (4.31) 4.29 

B 164 195 (164) 181 Δܪ௙ −1.57 −0.91 (−1.43) −0.95 

Fe2O3 

a 4.995 5.02 (5.07) 4.98 

c 13.513 13.90 (13.90) 14.06 

B 168 172 (191) 156 Δܪ௙ −2.00 −1.30 (−1.81) −1.30 

Fe3O4 
a 8.259 8.40 (8.47) 8.40 

B 156 172 (191) 165 
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Δܪ௙ −1.93 −1.29 (−1.75) −1.29 

 401 

Next, to validate the transferability to larger and complex structures, it is necessary to evaluate the 402 

ACE potential’s performance on relevant configurations. To this end, the geometry optimizations 403 

of the studied Fe oxides in both bulk and surface forms are conducted by DFT (without U 404 

correction). Note that their magnetic moments are set according to the respective ground state 405 

magnetism. Since the interfacial configurations are valuable in oxidation simulation and FeO is 406 

formed initially at high-temperature oxidation49, two interface structures between Fe and FeO (i.e., 407 

Fe(100)||FeO(100) and Fe(110)||FeO(111)) are additionally generated, calculated, and then added 408 

into the comparison. All the relaxation trajectories are extracted, and the corresponding energies 409 

are predicted by the ACE potential. Figure 4(a) displays the atomic energies predicted by the ACE 410 

potential alongside DFT reference values, confirming that the ACE potential captures well the 411 

energetics of diverse configurations. 412 

 413 

 414 

Fig. 4. Validation of the ACE potential for thermodynamics and kinetic properties of Fe-O 415 

system. (a) Comparison of atomic energies between DFT calculations and ACE potential 416 

predictions for relaxation trajectories of Fe oxide bulks, surfaces, and Fe/FeO interface structures, 417 

assessing the transferability to larger and more complex configurations. (b) Comparison of atomic 418 
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energies between DFT calculations and ACE potential predictions for oxidation-relevant 419 

configurations, including O adsorption on BCC Fe surfaces and O dissolution in BCC Fe. (c) 420 

Temperature-dependent diffusion coefficients of O in BCC Fe predicted by our ACE potential and 421 

compared with experimental data taken from Ref. 59. (d) Fe vacancy formation energies in FeO 422 

and Fe3O4 predicted by the ACE potential and compared with DFT reference data. (e) Fe vacancy 423 

migration barriers in FeO obtained from climbing image nudged elastic band (CINEB) calculations 424 

by DFT, our ACE potential, and ACE-Bienvenu. (f) Fe vacancy migration barriers in Fe3O4 425 

obtained from CINEB calculations by DFT, our ACE potential, and ACE-Bienvenu. The 426 

comparison evaluates the ability of the ACE potential to capture kinetic barriers of vacancy 427 

diffusion in Fe oxides. 428 

 429 

In addition to the description of oxides, it is also essential for the ACE potential to accurately 430 

describe the application-relevant critical events. The oxidation process begins with O adsorption 431 

on the Fe surface, followed by O dissolution into the bulk and subsequent diffusion. It is beneficial 432 

to incorporate these relevant configurations into the comparison. Therefore, the DFT results for O 433 

adsorption on various BCC Fe surfaces at different coverages from our previous study are used as 434 

critical configurations25. Then, we perform DFT calculations of O dissolution at both octahedral 435 

and tetrahedral sites, together with the energy barrier along the diffusion path between those sites. 436 

As can be seen from Fig. 4(b), though no related configurations are included in the training dataset, 437 

the prediction by the ACE potential matches well with the energies obtained by DFT, thereby 438 

indicating the superior transferability of our ACE potential. Furthermore, as shown in Fig. 4(c), 439 

the diffusivity of O in the BCC Fe bulk is simulated and the resulting diffusion coefficients are 440 

compared with experimental study59, where a good agreement and consistent trend can be observed. 441 

 442 

Finally, to further validate our ACE potential’s ability to describe kinetic behaviors, we evaluate 443 

the vacancy diffusion barriers in FeO and Fe3O4 oxides. First, as shown in Fig. 4(d), the Fe vacancy 444 

formation energies are obtained for both FeO (mono- and di-vacancy) and Fe3O4 (mono-vacancy) 445 

by our ACE potential and DFT. Although the ACE potential underestimates the absolute formation 446 

energies, it qualitatively captures the thermodynamic properties of the system, as indicated by the 447 

consistent trend with regard to DFT. It should be noted that the ground state magnetic orderings of 448 

both oxides are explicitly treated in the DFT calculations. Then, the Fe vacancy diffusion barriers 449 
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for both FeO (Fig. 4(e)) and Fe3O4 (Fig. 4(f)) are obtained by both our ACE potential and DFT 450 

using climbing image nudged elastic band (CINEB) method. The 2NN diffusion path and 451 

octahedral Fe vacancy moving in (001) plane are considered for FeO and Fe3O4, respectively. The 452 

ACE-Bienvenu, developed by explicitly considering the most relevant defects in oxides, is 453 

therefore worth comparing to. It can be seen from Fig. 4(e) and (f) that our ACE potential performs 454 

similarly as the ACE-Bienvenu and shows a comparable trend with respect to DFT. 455 

 456 

Application to large-scale oxidation simulation 457 

By comparing the small-cell PASS dataset with the existing ones, it can be deduced that our final 458 

dataset is both extensive and representative. After a systematic validation, our ACE potential is 459 

demonstrated to be accurate and transferable, capable of capturing both thermodynamics and 460 

kinetic properties. Consequently, it is essential to assess the ability of the ACE potential to capture 461 

complex reaction processes. Therefore, the ACE potential is further applied to study large-scale 462 

BCC Fe surface oxidation. 463 

 464 

 465 

Fig. 5. Large-scale BCC Fe surface oxidation simulation using the ACE potential. (a) Final 466 

configuration after 1 ns high-temperature oxidation of the BCC Fe (100) surface. Three regions 467 
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are identified along the Z direction: an oxide layer near the surface (region Ⅰ), an intermediate 468 

region containing O atoms dissolution in Fe (region Ⅱ), and an underlying BCC Fe bulk region 469 

(region Ⅲ). (b) Layer-resolved Fe and O atomic composition profiles along the Z direction. The 470 

horizontal dashed line indicates atomic composition of 50%, while the vertical dashed lines mark 471 

the approximate boundaries between three regions. The near-equal Fe and O contents in region Ⅰ 472 

suggest the formation of an FeO-like oxide layer. (c) Normalized radial distribution functions 473 

(RDF) of the extracted oxide layer (region Ⅰ) compared with the RDF of DFT-relaxed FeO, 474 

including Fe-O, Fe-Fe, and O-O pair correlations. The agreement in peak positions indicates that 475 

the short-range order of the oxide layer is FeO-like. (d) First-shell coordination number analysis 476 

of the final configuration. The coordination number distribution distinguishes the BCC Fe bulk, O 477 

dissolution in Fe, and FeO-like oxide layer, further supporting the structural characterization of 478 

the formed oxide. 479 

 480 

The simulation process is described in detail in Methods section. Figure 5 displays the final 481 

configurations of the oxidation process and illustrates the analysis of the formed oxide layer. Firstly, 482 

the final configuration in the oxidation process is shown in Fig. 5(a), where three different regions 483 

can be clearly visualized, separated by two blue dashed lines. The formation of an oxide layer can 484 

be clearly seen in region Ⅰ, O dissolution in BCC Fe is visible in region Ⅱ, while the pure Fe bulk 485 

remains intact in region Ⅲ. The concurrent appearance of these three regions demonstrates that 486 

the ACE potential can simultaneously capture the formation of oxides and oxide/Fe interfaces, O 487 

diffusion into the Fe bulk, and high-temperature Fe dynamics, highlighting its strong transferability. 488 

 489 

Since FeO forms at 873 K, we analyze the oxide layer composition to verify the ACE potential’s 490 

capability to capture this phase. The final configuration is scanned along the Z direction and the 491 

composition at each Z value is calculated as the atomic ratio of Fe and O elements. The 492 

compositions in regions I and II are displayed in Fig. 5(b), where the vertical dashed line between 493 

regions I and II indicates the onset of the oxide layer (the region to the right of the vertical line 494 

corresponds to the oxide) and the horizontal dashed line in region I indicates the 50% atomic ratio. 495 

With Z values increasing, O concentration starts to increase due to the inward diffusion of O atoms 496 

to region II, but at a relatively low level. Then, it suddenly increases to around 50% at Z larger 497 

than 30 Å, indicating the formation of the oxide layer. Notably, the Fe and O concentrations are 498 
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nearly equal across region I with both close to 50%, indicating the formation of a stable oxide, 499 

likely FeO. 500 

 501 

Next, to further probe the structure of the oxide layer, region I is extracted and the corresponding 502 

radial distribution function (RDF) curve is obtained. For comparison, the FeO structure is 503 

geometrically optimized by DFT, and the corresponding RDF is obtained as well. The comparison 504 

between the two RDF curves is shown in Fig. 5(c). Note that the curves are normalized to ensure 505 

a better visualization of the comparison. The main Fe-O, Fe-Fe, and O-O peak positions of the 506 

formed oxide layer are consistent with those of the FeO DFT reference. The agreement of the first 507 

Fe-O peak indicates the formation of Fe-O nearest neighbor bonds, while the corresponding Fe-Fe 508 

and O-O correlations suggest that the cation and anion sublattices in the oxide layer resemble those 509 

of FeO. Compared with the DFT-relaxed FeO structure, the RDF peaks of the simulated oxide 510 

layer are broader, which is expected for a finite-temperature oxidation product containing 511 

structural disorder, surface effects, and possible point defects. Since the RDF curves are 512 

normalized for comparison, the analysis focuses mainly on peak positions rather than peak 513 

intensities. Together with the near-equal Fe and O composition, the RDF results indicate that the 514 

dominant local structure of the oxide layer is FeO-like rather than a perfect crystalline FeO phase. 515 

 516 

Finally, to quantify the local atomic structure, the first-shell coordination numbers are calculated 517 

and displayed in Fig. 5(d). A clear difference in coordination number can be seen between Fe bulk 518 

(region Ⅲ and Ⅱ) and the oxide layer (region I). Region Ⅲ mainly contains Fe atoms with 519 

coordination number close to 8, indicative of the ideal BCC lattice. In region Ⅱ, the dissolution of 520 

O atoms reduces the coordination number of Fe atoms to 6 or 7, while an O coordination number 521 

of 6 indicates that O atoms occupy octahedral sites, in agreement with the DFT result. In region I, 522 

the majority of Fe atom has coordination number of 5 or 6, matching with that of defective FeO 523 

with one O vacancy or perfect FeO. 524 

 525 

To briefly summarize, the large-scale oxidation simulation demonstrates the practical 526 

transferability of the ACE potential from training dataset of small-cell structures to an extended, 527 

chemically evolving Fe-O system. The formation of an O-rich oxide layer, together with the inward 528 

diffusion of O atoms, indicates that our ACE potential captures the early-stage coupling between 529 
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surface adsorption, diffusion, and oxide growth. The layer-resolved composition profile shows that 530 

the oxide layer region approaches an Fe to O atomic ratio close to that of FeO, while the RDF of 531 

the extracted oxide layer reproduces the main Fe-O, Fe-Fe, and O-O features of DFT-relaxed FeO 532 

structure. These results suggest that the short-range ordering in the oxide layer is predominantly 533 

FeO-like under the simulated high-temperature conditions. 534 

 535 

Discussion 536 

We propose the PASS method for building representative MLIP dataset of small-cell structures in 537 

a single step. The extensive validation tests and large-scale oxidation simulation demonstrate the 538 

effectiveness of PASS method. To the best of our knowledge, this work provides the first 539 

demonstration of a space group based small-cell structure sampling and training strategy for a 540 

transferable MLIP applied to large-scale and chemically complex Fe surface oxidation. 541 

 542 

PASS generates training dataset comprising of small-cell structures in the one-shot way. This 543 

avoids the heavy computational cost of extending dataset using iterative active learning 544 

explorations. Additionally, training MLIP on the small-cell structures is advantageous, as it reduces 545 

the computational cost for the DFT calculations, thus allowing higher-fidelity DFT labelling. The 546 

most essential point is that MLIP learns the critical link from LAEs to PES, so small-cell structures’ 547 

diversity can transfer to large and complex systems if the relevant LAEs are covered. The 548 

effectiveness of PASS can be attributed to the fact that it generates a broad range of LAEs, and the 549 

perturbation samples non-equilibrium configurations relevant to complex structures (e.g., defects 550 

and interfaces) and critical processes (e.g., adsorption and diffusion). Nevertheless, the active 551 

learning strategy may still be useful for targeted refinement, especially for rare oxidation events 552 

or highly defective interfaces, where uncertainty quantification plays a vital role60. In addition, due 553 

to the size of small-cell structures, long-range interactions are inevitably neglected. 554 

 555 

Compared to the ASSYST strategy proposed by Poul et al.40, PASS takes advantage of the 556 

expressive ability of atomic descriptors to represent the LAEs. This makes it convenient to 557 

compare structural differences and further select the most representative structures. It is 558 

demonstrated by Qi et al. that featurization of the configuration space could be used to help develop 559 
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reliable MLIPs61. It is also worth mentioning that in addition to RSS, Subramanyam and Perez also 560 

make use of random initial configurations, maximizing their information entropy to diversify the 561 

dataset for MLIP training62. In comparison, PASS not only makes sure that the MLIP is symmetry-562 

informed by taking space group structures instead of random structures, but also ensures that the 563 

broad range of LAEs are generated in a controlled manner by applying a mesh of perturbations. 564 

 565 

It is worthwhile noting that the current ACE MLIP does not explicitly consider magnetism and 566 

thus is not a spin-aware interatomic potential. Instead, it should be interpreted as a structurally 567 

transferable and computationally practical interatomic potential trained on a highly systematic, 568 

oxidation-agnostic, small-cell dataset under a fixed magnetic setting. Consequently, its 569 

applicability is limited in regimes where magnetism strongly influences energetics and kinetics. 570 

For example, the FM to paramagnetic phase transition in BCC Fe depend on both spin and lattice 571 

degrees of freedom. In addition, the ACE MLIP also cannot simulate high-temperature spin 572 

fluctuations and magnetic disorder above the Curie or Néel temperatures. Its transferability comes 573 

from the extensive structural sampling and systematic validation, but future work could 574 

incorporate magnetic descriptors with explicit spin degrees of freedom, spin-labelled datasets, or 575 

separate magnetic treatment of oxidation states. 576 

Methods 577 

Dataset generation and selection 578 

The pyiron integrated development environment (IDE) is adopted as the dataset generation 579 

platform63,64. Firstly, the initial space group structures are generated by the PyXtal package65. After 580 

the stepwise relaxation is complete, the rattle and stretch perturbations are applied to Fullmin 581 

structures using the ASSYST40 tool implemented in pyiron IDE. To encode the LAEs, the SOAP 582 

descriptor29,66 is adopted, as implemented in the DScribe package67,68. The parameters ݎcut = 7, 583 ݊max = 12, ݈max = 4, and 𝜎 = 0.3 are used for constructing the SOAP descriptor. 584 

 585 

DFT calculations 586 

Collinear spin-polarized DFT calculations are performed using VASP69,70 at T = 0 K71,72. The 587 

interactions between the valence electrons and the ionic core are described using the projected 588 
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augmented wave (PAW) method73. The generalized gradient approximation (GGA) in the Perdew-589 

Burke-Ernzerhof (PBE) form is adopted for exchange-correlation energy74. The Brillouin zone is 590 

sampled by the ߁-centered k-point mesh, with a consistent k-point spacing of 0.2 Å–1. The Gaussian 591 

method is used to treat fractional occupancies with the Fermi surface smearing width of 0.05 eV. 592 

A cutoff energy of 520 eV is chosen for plane-wave basis set. The convergence criteria of the 593 

energy for the electronic self-consistency loop and the force for the ionic relaxation loop are set to 594 

10–6 eV and 0.01 eV/Å, respectively. The diffusion barriers are obtained by performing CINEB 595 

calculations75, where the intermediate images are linked by a spring constant of 5 meV/Å2. 596 

 597 

MLIP training and validation 598 

The ACE MLIP is trained by employing the PACEMAKER package76–78. The Finnis-Sinclair-type 599 

non-linear embedding function is adopted for both Fe and O elements. The simplified spherical 600 

Bessel functions are used as the radial basis functions. We use 800 B-basis functions per element, 601 

leading to 4,448 parameters. A global cutoff of 6 Å is used for neighbor list construction. The 602 

force-to-energy weight ratio in the loss function is set to 10–2. Both L1- and L2-regularization 603 

coefficients are set to 10–8. The parameters are optimized by the Broyden-Fletcher-Goldfarb-604 

Shanno (BFGS) algorithm for 4,000 steps. Most validation tests are conducted in a workflow based 605 

on Atomic Simulation Environment (ASE) package79. We use the FIRE algorithm80 with a force 606 

convergence criterion of 5×10−2 eV/Å in all calculations where structural optimization is needed. 607 

 608 

MD simulations 609 

All MD simulations are performed using Large-scale Atomic/Molecular Massively Parallel 610 

Simulator (LAMMPS)81. For the diffusivity of O atoms in Fe bulk, a 10×10×10 BCC supercell 611 

containing 2,000 Fe atoms is created, with 20 O atoms randomly inserted. Periodic boundary 612 

conditions are applied in all three directions. The system is relaxed at each temperature for 10 ps, 613 

followed by another 500 ps of production run. Isothermal-Isobaric (NPT) ensemble and canonical 614 

ensemble (NVT) ensemble with a timestep of 0.5 fs are adopted in relaxation and production run, 615 

respectively. The diffusion coefficients are obtained by fitting the mean square displacement of O 616 

atoms to the Einstein relation. For the Fe surface oxidation simulation, BCC(100) surface is 617 

selected and a 12×12×24 supercell is created, amounting to 3,456 Fe atoms. Then, 400 O2 618 



 

Page 25 of 32 

molecules are randomly distributed on top of the surface. During the oxidation simulation, periodic 619 

boundary conditions are adopted in both X and Y directions, while fixed boundary condition is 620 

applied along the Z direction, with both the top and bottom simulation box being set to be reflective 621 

walls. The atoms in three bottom layers of Fe slab are fixed so as to mimic the surface condition. 622 

Before the oxidation, the O2 molecules and Fe slab are relaxed at 300 K in the NVT ensemble for 623 

100 ps, respectively, so as for O2 molecules randomly distributed over the surface and the initial 624 

configuration to be reasonable. In the oxidation process, the timestep is set to 1 fs and the 625 

temperature of the entire system is regulated at a constant 873 K by Nosé-Hoover heat bath 626 

method82,83 for 1 ns. Open Visualization Tool (OVITO)84 is utilized for all the visualizations. 627 

 628 

Data availability 629 

Data will be made available upon reasonable request. 630 

 631 

Code availability 632 

The files for the ACE MLIP will be publicly available once the manuscript is accepted. 633 
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