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1 Introduction

To address the key challenges of carbon neutrality, it is impera-

Molecular dynamics simulation of nitrogen
diffusion in iron and iron nitrides using ab initio
data trained machine learning potentials

cd

Peijie Feng, (2@ Aditya Dilip Lele, ©2°¢ Minhyeok Lee, (2@ Yiguang Ju and

Yuji Suzuki (2 *2

Ammonia is receiving increasing attention as a hydrogen energy carrier and a green fuel for achieving
carbon neutrality. Combustors utilizing ammonia as a fuel are subject to “unwanted” surface nitriding,
which hardens and embrittles the metal walls of combustors. Predicting the nitridation rate and nitride
layer thicknesses with Fick's diffusion law requires temperature- and concentration-dependent nitrogen
atoms’ diffusion coefficients in the relevant iron and iron nitrides. Experimentally determining the
diffusion coefficients is challenging due to steep N-gradient, and concurrent phase transformations.
In this study, we calculated the nitrogen atom diffusion coefficients using molecular dynamics (MD)
driven by a machine learning interatomic potential (MLP). The MLP was trained on snapshots extracted
from ab initio molecular dynamics (AIMD) trajectories covering different temperatures and nitrogen
atom concentrations, and the contribution of each subset to the model's accuracy was quantified. The
results show that the MLP reproduces independently the calculated diffusion energy barriers obtained
using density functional theory (DFT) in a-, y-iron and y’-, g-iron nitrides. For g-iron nitride, the MLP-
(Fickian)
coefficients, enabling direct comparison with experiments. Our MLP-driven MD simulation delivers
diffusion coefficients approaching ab initio accuracy, enabling precise concentration- and temperature-
resolved modeling of nitrogen diffusion in iron and its nitrides. Arrhenius fitting to the 830-1500 K

driven MD-computed self-diffusion coefficient was converted into chemical diffusion

chemical diffusion coefficients reproduce the experimental activation energy and pre-exponential factor.
Extrapolation to 823 K, the temperature at which most of the experiments are performed, yields a
coefficient that falls within the experimental uncertainty. The present MLP-MD model will facilitate the
mechanistic understanding of iron surface nitridation and quantitative predictions of “unwanted” nitriding
of iron-based combustor wall materials induced by ammonia at high temperatures.

facilitate both the transportation and storage of ammonia.
Additionally, electrified “green” ammonia produced via renew-
able-powered water electrolysis™ and electrocatalysis®” could

tive to explore alternative energy carriers that can significantly
reduce global reliance on fossil fuels. Ammonia (NHj) is
increasingly recognized both as a hydrogen carrier and as a
direct fuel source due to its carbon-free nature." Ammonia
can be readily liquefied at room temperature under 0.9 MPa
and possesses an overall twofold volumetric H, density than
pressurized hydrogen at 70 MPa. These favorable properties
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position ammonia as a zero-carbon alternative to emissions-
intensive hydrocarbon fuels. Thus, to meet our increasing power
generation demand with fulfillment of carbon neutrality, direct
combustion of ammonia is becoming a promising solution
including internal combustion engines,®® gas turbines, and
industrial furnaces.'®"!

Combustors that are designed for burning hydrocarbon
fuels at high temperatures have typically employed stainless
steel. However, our recent study'> shows that austenite stain-
less steel used in such combustors suffers from cumulative
nitriding, which progressively modifies the surface chemical
composition, hardens and embrittles the steel, potentially
resulting in mechanical fractures during long-time operation.
Moreover, the “unwanted nitriding” results in surface modifications,
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accompanied by the enhancement of surface reactivity'>'* that
promotes the decomposition of ammonia (2NH; — 3H, + N).
These findings indicate that processes involving ammonia at
high temperatures exhibit significant surface reactivity. Conse-
quently, employing ammonia in ferrous combustors with
extended operational durations requires an understanding of
these surface effects.

In fact, nitriding is a conventional surface modification
treatment used to enhance the hardness and wear resistance
of iron-based materials. There are several nitriding approaches,
including gas, salt bath, fluidized-bed, and plasma nitriding."
Among these, gas nitriding is the most commonly used, and is
typically conducted at temperatures ranging 773-853 K (500-
580 °C) in gaseous ammonia over a period of a few tens of
hours."®” The gas-nitriding mechanism of ferrous materials
involves the absorption of ammonia onto the iron-based mate-
rial surface, decomposition to nitrogen and hydrogen atoms,
and diffusion of a small portion of the absorbed atoms into the
solid, whereas the majority of nitrogen and hydrogen atoms
recombine and desorb back into the gas phase. Once the molar
concentration of diffused atoms becomes high enough, the
material properties are modified.

The diffusion process can be modeled through Fick’s second

law:
o26) -0

ar Ox\  Ox

oCc 0 (
where C is the concentration of nitrogen element usually in
mass fraction, ¢ is time in [s], and x is the position below the
surface in [m]. D is the chemical diffusion coefficient of nitro-
gen atom in [m® s '], dependent on the concentration of
nitrogen element in iron nitrides and the temperatures at
which diffusion occurs. In the remaining text, “nitrogen’ refers
to the atomic or elemental nitrogen for conciseness. In classical
gas nitriding, the prediction of the nitrogen concentration
profile is accomplished by assuming that the diffusion coeffi-
cient is only dependent on the phase of different iron nitrides
and temperatures, irrespective of the concentration within each
phase of them."® However, a molecular dynamics study employing
modified embedded atom method (MEAM) potential suggested
that the influence of solute concentration on the diffusion coeffi-
cient of nitrogen in o-iron has been underestimated.'® A mere 1%
by weight concentration of interstitial nitrogen can lead to a
reduction of over 30% in the activation energy of the overall
diffusion coefficient."® Referring to the nitrogen—iron phase
diagram,® the constant diffusion coefficient assumption may
oversimplify the problem especially for ¢ and y’' phase iron
nitrides, since they can accommodate nitrogen in a wide range
of concentrations, e.g., roughly 4-11% weight percent for the
€ phase.

On the experimental side, direct measurement of the diffu-
sion coefficient at a prescribed nitrogen concentration has
significant challenges. The experimental determination of the
diffusion coefficient typically involves either weighing the
nitriding sample®' or tracking the compound layer growth
over time. These methods yield an averaged chemical diffusion
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coefficient that does not account for variations in local nitrogen
concentration. In ammonia-fueled combustion systems, such
as gas turbine combustors and industrial furnaces, the wall
materials are exposed to ammonia for extended periods under
various operating temperatures. For example, experiments con-
ducted with a micro gas-turbine that produces 50 kW of net
electrical power fueled by pure ammonia recorded combustor-
liner metal temperatures, ranging from approximately 500 to
1000 °C.>® Therefore, in order to obtain accurate predictions for
nitrogen profiles and layer thicknesses in these applications, a
concentration- and temperature-dependent diffusion coefficient
must be obtained.

Ab initio molecular dynamics (AIMD) calculations have been
employed to investigate diffusional characteristics of systems
such as Li-ion conductivity in solid electrolytes,>* lattice-vacancy
diffusions,?® and surface adsorbates’ diffusions and reactions.?®
However, most of these applications focus on processes with
approximately 0.2 eV activation barriers, which can be observed
in AIMD simulations with a system size of hundreds of atoms
on a timescale of hundreds of picoseconds. On the other hand,
the experimental apparent activation energy of nitrogen diffu-
sion in iron nitrides typically exceeds 10°> J mol™"', corres-
ponding to a minimum activation energy of 1.0 eV, leading to
slower reaction kinetics. These rare events associated with
higher activation energy are even harder to observe directly in
AIMD due to the formidable computational cost to model the
required longer simulation timescale. Although the constrained
MD method*”® and the biased potential method>**° have been
applied to accelerate the sampling of rare events, they require
meticulous selection of collective variables, which depend signifi-
cantly on the reactive system.

Recently, the development of machine learning potentials
(MLP, or machine learning force fields) has provided an oppor-
tunity to predict the potential energy surface (PES) with accu-
racy nearly comparable to quantum mechanical methods and
efficiency comparable to classical molecular dynamics (MD).*
MLP enables the simulation of atomic systems over signifi-
cantly larger scales and longer time spans as compared to
AIMD,** which offers a possibility to investigate reactive pro-
cesses with activation energies from approximately 0.5 eV** to
1.0 eV** while the associated uncertainties on the diffusion
barriers remain modest (roughly 0.04 eV to 0.15 eV relative to
ground-truth DFT values). Consequently, accuracy loss is mini-
mized compared with classical force field methods, which can
exhibit errors of up to 0.5 eV during the same process.**

However, training and validating a MLP is not trivial,
especially for reactive systems that undergo chemical bond
cleavage and formation, typically in the nitriding process.
Proper sampling of configurations and chemical space is
essential for building high-quality MLPs. In fact, advanced
sampling methods have been shown to effectively explore the
PES and enhance the predictability of MLPs for reactive and
diffusional systems. Notable methods include umbrella
sampling®® and metadynamics.*® But unlike gaseous reactions,
diffusion problems in solid-state materials involve reactants and
products that differ based on the local environments of the
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diffusing atoms, which is hard to formulate in reaction coordi-
nates. For example, in the interstitial solution of nitrogen in &
iron nitride, every two iron atoms offer an octahedral site that
can host one nitrogen atom,?” and the many possible arrange-
ments of neighboring nitrogen atoms create a rich variety of
local atomic environments. This diversity poses challenges
for sampling local environments of the diffusing atoms during
MLP training. Recently, another alternative, the active learning
method, has drawn significant attention.>>**?° Active learning
strategically samples conformations associated with high model
uncertainty, thereby requiring a minimal number of first-
principles calculations to achieve a prescribed threshold of
accuracy.

Besides the challenges in sampling, most MLPs are devel-
oped to achieve an accuracy of less than tens of meV per atom
in comparison with the ground-truth DFT energies on their test
datasets, thereby serving as a sanity check of the predicted
potential energy. However, low training and testing errors alone
are not a reliable indicator of the applicability of the MLP, given
the excellent interpolation achieved by ML algorithms against
the training data. Even if some macroscopic properties, such as
diffusion coefficient or conductivity, predicted by MLPs agree
well with experimental observations, this consistency should
not be interpreted as verification that these MLPs accurately
represent the underlying atomic-level mechanisms. Especially
for reactive potentials, without demonstration of the MLP’s
ability to reproduce the energy profile from the reactant to the
product through the critical transition state, as validated
against independent first-principles calculations, there are no
guarantees that the MLP will reliably predict reactions not
explicitly included in the training and testing data. Conse-
quently, there is a possibility that MLPs may fortuitously
approximate macroscopic measurements without faithfully
capturing microscale phenomena.

Among all classical potentials, the only available Fe-N
potential was developed using the modified embedded atom
method (MEAM),*® which is not validated for diffusion of
nitrogen in iron nitrides. On the other hand, MLPs have been
used to investigate Fe-N systems, such as N, dissociation on
body-centered cubic (BCC) iron (111) facet,*' ammonia crack-
ing on BCC iron (110) and (111) facets,*” and the diffusion of
nitrogen atoms along the (100) direction into the BCC iron
(110) facet.*® To the best of our knowledge, diffusion pathways
and barriers for nitrogen in iron nitrides have not yet been
studied using first-principles methods, nor has any MLP been
demonstrated to model such phenomena. Thus, this study
focuses on developing an MLP, independently validated for
predicting diffusion barriers and energy profiles consistent
with DFT calculations, with the goal of obtaining temperature-
and concentration-dependent diffusion coefficients that are
directly comparable with experimental observations.

This paper is arranged as follows: first, we describe the
methods used to generate AIMD snapshots as training data
using DFT, along with the methods used for training and
validation of the MLP. Then, we outline the calculation proce-
dure for determining diffusion coefficients from molecular
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dynamics simulations. In the results section, we first verify
the accuracy and validity of the MLP to model nitrogen diffu-
sion. Afterwards, we discuss the calculation of diffusion coeffi-
cients using this MLP and its comparison with existing
experimental data. Finally, we conclude our work by outlining
the key findings and observations from our analysis.

2 Methodology

The methodology in this study includes the generation of
training data, training of MLPs, validation of MLPs, and
calculation of diffusion coefficients. We first introduce the
atomic models and describe the DFT calculation setups used
to run AIMD and obtain the training data. The method for the
independent validation of the diffusional energy profiles using
a static DFT-based approach is also included. Then, we discuss
the MLP training setups. Finally, we present the method for
calculating the diffusion coefficient from MD simulations
using MLP.

2.1 MLP training data generation

2.1.1 Electronic structure theory. The periodic Kohn-Sham
DFT calculations are performed using Vienna ab initio
Simulation Package** ™’ (VASP version 6.4.1). The Perdew-
Burke-Ernzerhof (PBE) generalized gradient approximation®®
exchange-correlation (XC) functional is adopted. The standard
VASP projector augmented wave potentials®® (N 2s2p® and Fe
3d74s") are used to solve the self-consistency of electrons. The
Methfessel-Paxton method is used to smear the electronic
states near the Fermi level with a width of 0.1 eV. The van
der Waals D3 correction®® is added to better account for the
dispersion interactions. Spin-polarization is enabled to account
for the ferromagnetic structure of iron and iron nitrides, except
for FCC iron. In fact, the FCC iron exists in a paramagnetic
form," so neither a nonmagnetic or ferromagnetic DFT calcu-
lation is a good choice.’® This is because the paramagnetic state
comprises randomly disordered local magnetic moments.
However, in our preliminary AIMD run test of BCC iron, self-
consistent field with spin-polarization tends to diverge at
temperatures higher than 800 K within a few hundred femto-
seconds, resulting in insufficient sampling. Hirata et al*
suggested that the nonmagnetic state can be used to study
diffusion energy barriers of hydrogen in iron. Considering the
practical difficulties of sampling high-temperature conforma-
tions, the results related to FCC iron presented in this work are
calculated with non-spin polarized DFT calculations.

In all the DFT calculations, the electronic self-consistent
loop converges to a tolerance of 10 eV for energy. In DFT
calculations for structure relaxations, the wavefunctions in a
planewave basis set with a kinetic energy cutoff of 550 eV are set
to minimize the effect of Pulay stress, and a I'-centered k-point
spacing of 0.25-0.3 A~! is adopted. In calculations with fixed
volume supercells, the wavefunctions in a planewave basis set
with a kinetic energy cutoff of 450 eV are set, and the Brillouin
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zone is sampled by a 1 x 1 x 1 I'-centered k-point mesh to
facilitate efficient AIMD calculations.

2.1.2 Atomic models for AIMD. To generate the training
data, we considered 10 different structures by referring to the
materials project database:>* 2 iron structures related to the
nitriding application (Table 1, ID 01 and 02) and 8 iron nitride
structures that have been observed in experiments (Table 1, ID
03-10). The selected systems cover the iron nitrogen phase
diagram® from 0-33% of nitrogen molar concentration, with
two FeN systems (Table 1, ID 09 and 10) to provide extra
information for training a robust MLP. Since the hexagonal
close-packed structure (HCP) iron exists only under extremely
high pressures,”® which are irrelevant to the current operating
conditions in ammonia combustors, HCP iron is not included.
The conventional cell is relaxed with the atomic-force compo-
nent convergence tolerance of 0.02 eV A™",

The conformations used to train the MLP in this work are
those generated from AIMD runs using the following initial
structures. Supercells for AIMD are constructed based on the
relaxed conventional cells as detailed in Table 1, resulting in a
total of 10 initial conformations. They are constructed to ensure
a minimum cell periodicity is two times larger than the cutoff
radius of MLP (in this work, 7cycofr = 5.0 A). Within the specified
cutoff radius, each atom uniquely exhibits a distinct local
atomic environment, ensuring that no two atoms share iden-
tical neighbors. Subsequently, these supercells constructed
directly from conventional cells are subjected to a random
nitrogen atom addition or removal in their octahedral site, as
shown in Table 1 in column “AIMD with N add/removal”. For
pure BCC iron (ID 01), either one or two nitrogen atoms are
introduced into the octahedral sites formed by iron atoms,
creating a supercell composed of 250 iron atoms plus either
1 or 2 nitrogen atoms. This is because the solubility of nitrogen
in BCC iron can be as small as 0.1 wt%.*° Similar operations are
performed for FCC iron (ID 02), but with two or four additions
of nitrogen atoms. For iron nitrides (ID 03-08), two (or four
for ID 06) nitrogen atoms are randomly subtracted from or
added to the octahedral site, each of them generating a unique
supercell. For iron nitrides (ID 08 and 09), no addition or
removal of nitrogen atoms is performed, due to the extremely
high nitrogen contents that are not expected to be achieved
during exposure to ammonia at high temperatures. By slightly

Table 1
formulas correspond to the materials' IDs in Materials Project database>*
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modifying the nitrogen concentration in each of these eight
supercells, a degree of freedom on the nitrogen concentration
can be explored by MLP in its local environment. The confor-
mations are subsequently relaxed, in total adding 16 initial
conformations for AIMD.

Since iron nitride is generated on the bulk iron, the lattice of
iron nitride cannot be fully relaxed but is slightly compressed.
Resembling the residual stress hardening effect, the high
hardness of iron nitrides is attributed in part to the constrained
or skewed cell, where the cell size is smaller than that of the
relaxed ones. To address this, we introduce another degree of
freedom in the cell volumes related to energies; an additional
20 conformations are constructed by scaling the lattice con-
stant 5% smaller or 5% larger (3% for ID 06). The initial
conformations undergo relaxation of their atomic positions
with the cell size held constant, while the convergence toler-
ance for the atomic-force component is set at 0.02 eV A™.

2.1.3 AIMD setups. Employing the initial relaxed confor-
mations constructed as in Section 2.1, we run AIMD at various
temperatures using an NVT ensemble with a Nosé-Hoover
thermostat. For the initial conformations directly constructed
from the conventional cells, AIMD simulations are conduc-
ted at 500, 1000, and 1500 K, as shown in Table 1, column
‘AIMD@Temp [K]'. The timestep for the AIMD simulations is
set to 1 fs for temperatures of 500 K and 1000 K, and reduced to
0.5 fs for 1500 K. Regardless of the timestep, each run consists
of 1000 steps. For the initial conformations related to the
addition or vacancy of nitrogen atoms, we perform an AIMD
run at 1000 K with a timestep of 1 fs for 500 steps, which is
detailed in Table 1, column ‘AIMD with N add/removal’. For the
initial conformations related to expanded and compressed cell
size, we perform an AIMD run at 1000 K with a timestep of 1 fs
for 200 steps, which is detailed in Table 1, column ‘AIMD with
lattice constant’. No diffusion events involving nitrogen atoms
hopping from one octahedral site to another were observed in
any of the performed AIMD simulations.

2.2 DFT calculations for independent validation of MLPs

Despite achieving high training accuracy, MLPs are not guaran-
teed to have similar accuracies for data not explicitly included
in the training. Thus, validation should include independent,
application-relevant quantities.>” We use nitrogen diffusion

Iron and iron nitride assumed in this study and AIMD simulation conditions for training input. The codes begin with “mp” after the chemical

Atoms Minimum AIMD with AIMD with
ID C(N) wt% Fe:N cell size AIMD@Temp [K] N add/removal Exp./Comp.
01 Fe (mp-13) 0.00% 250:0 15.0 A 500, 1000, 1500 +1/2 N +5%
02 Fe (mp-lSO) 0.00% 108:0 10.9 A 500, 1000, 1500 +2/4 N +5%
03 FegN (mp-555) 3.03% 432:54 16.7 A 500, 1000, 1500 +2 N +5%
04 Fe,N (mp-535) 5.88% 256:64 14.8 A 500, 1000, 1500 +2 N +5%
05 FesN (mp-1804) 7.69% 384:128 15.9 A 500, 1000, 1500 +2 N +5%
06 Fe ;N5 (mp—27908) 9.43% 288:120 12.7 A 500, 1000, 1500 +4 N —5%/+3%
07 Fe,N (mp-248) 11.11% 162:81 12.7 A 500, 1000, 1500 +2 N +5%
08 Fe,N (mp-21476) 11.11% 144:72 12.7 A 500, 1000, 1500 None +5%
09 FeN (mp-12120) 20.00% 64:64 10.0 A 500, 1000, 1500 None +5%
10 FeN (mp-6988) 20.00% 256:256 16.8 A 500, 1000, 1500 None +5%
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barriers as an independent DFT benchmark: our training
trajectories contain no nitrogen hopping, so these barriers
are out-of-distribution for the MLP. Moreover, because diffusion
coefficients depend exponentially on the migration barrier, cap-
turing the nitrogen diffusion barriers is essential for predicting
transport properties.

To compute the diffusion barriers on the minimum energy
path, climbing image nudged elastic band (CI-NEB) calcula-
tions are performed using the VTST tools*®**° in conjunction
with VASP. The diffusion pathways of one additional nitrogen
atom from an octahedral site to another adjacent one are
computed in BCC iron (ID 01), FCC iron (ID 02), ¥’ iron nitride
(ID 04), and ¢ iron nitride (ID 05 and 06). The atomic models
are built based on the initial supercells used to run AIMD at
multiple temperatures, with the only difference being the
addition of an interstitial nitrogen, considering the lattice
symmetry. The cell size is kept constant, and the convergence
tolerance for the atomic-force component is set at 0.02 eV A™*
for all images. The spring constant between the images is set as
5.0 eV A% It should be noted that the diffusion pathways
calculated by DFT in this study are comprehensive but not
exhaustive, due to the diversities associated with the local
environment of the diffusing nitrogen mentioned in Section 1.
Thus, the diffusional energy profiles obtained here serve as
ground truths for validating MLPs and provide a quantitative
assessment of some of the possible diffusion barriers in various
iron nitrides. The CI-NEB calculations were likewise conducted
with the present MLP and the MEAM®® in the large-scale
atomic/molecular massively parallel simulator (LAMMPS)®
release 2Aug2023, using identical force-convergence tolerances
and spring constants.

2.3 Training machine learning potentials

We employ DeePMD-kit®*~®* version v3.0.0b0 to construct the
MLP. DeePMD-kit exploits the idea of Behler-Parrinello-type
MLP,** where the energy of each atom within a structure is
predicted by accounting only for the neighbors within a pre-
scribed cutoff radius by a neural network. These individual
energy predictions are then summed to determine the total
energy of the structure.

We chose the descriptor of deep potential smooth edition
(DeepPot-SE) and cutoff radius reueorr = 5.0 A, with atom type
embedding disabled. The descriptor embedding network is
composed of three layers with sizes 30, 60, and 120 neurons,
respectively, and the axis neuron count is set at 16. The multi-
layer perceptron used for fitting the local energy consists of
three layers, each containing 220 neurons. The hyperbolic
tangent (tan £) activation function was applied for each hidden
layer, and the ResNet architecture without timestep is adopted.
The loss function is built with perfectors on energy and force
starting from 0.02 and 1000, respectively, and all decay to 1 at
the end of the training. The learning rate starts at 0.001 and
decays exponentially to 3.5 x 10™ %, The model is trained over a
total of 10° batches, with a batch size of 1 due to the large
supercell, using the Adam optimizer.®® Further increasing
the training steps does not yield obvious improvement in the
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validation error. For more detailed information on the deep
potential-smooth edition framework, readers are encouraged to
refer to the documentation provided with the DeePMD-kit.®®

2.4 Determine the diffusion coefficient

2.4.1 Molecular dynamics (MD) simulation using MLP and
calculation of self-diffusion coefficient. We first compared the
classical potential (MEAM) developed by B. J. Lee et al.,* with the
MLP developed in this work in terms of predicting cell volume to
energy relations and the nitrogen diffusional barriers. Finally,
MLP was used to drive a series of nanosecond-level MD
simulations to obtain the diffusion coefficient of e-iron nitride.

The atomic model used for running MD to calculate the
diffusion coefficient is constructed from the supercell detailed
in Section 2.2. The supercell of Fe;,Ns, with four nitrogen
atoms added, is selected to represent e-iron nitride with a
nitrogen content of 9.72 wt%, a compound frequently observed
in gas nitriding experiments.®” This configuration also corre-
sponds to the nitrogen concentration at the surface in our
previous flame nitriding experiments.'> We constructed a lar-
ger supercell by scaling the original supercell dimensions by
factors of 3, 3, and 4 along the a, b, and c lattice vectors’
direction, respectively. This results in a supercell measuring
56.1 A x 56.1 A x 50.8 A and consisting of 14 832 atoms in total,
including 10368 iron and 4464 nitrogen atoms. MD simula-
tions were performed at temperatures higher than the classical
gas nitriding temperature, ranging from 1000 to 1500 K, with
an increment of 100 K, to obtain an efficient estimation
through ensemble averaging.

MD simulations of the nitrogen diffusion in the ¢ iron nitride
were performed using LAMMPS® (2Aug2023). The DeePMD pair
style was used to drive MD with MLP, which was developed by
the DeePMD-kit. A binning algorithm was used to create the
neighbor list, and a 1.0 A skin distance was incorporated. The
equations of motion were integrated using a 1.0 fs timestep,
chosen to facilitate a fair comparison across different tempera-
tures while maintaining the stability of the simulation. Fe and
N atom masses were set to 55.845 and 14.0068 p, respectively.

The diffusion coefficients can be computed through two
main types of MD simulations. First, the equilibrium MD,
which employs the Stokes-Einstein-Sutherland equation®®®°
or the Green-Kubo relations,”””" operates without external driving
forces and provides an estimation of the self-diffusion coefficient.
Second, the non-equilibrium MD, utilizing the color-diffusion
method”” determines the same self-diffusion coefficient by impos-
ing an external body force on the solute to mimic the chemical-
potential gradient. Some non-equilibrium MD”*”* directly imposed
a concentration gradient, therefore yielding the chemical (Fickian)
diffusion coefficient rather than the self-diffusion coefficient. Since
all non-equilibrium MD simulations require an external driving
force, they can facilitate the observation of mass transportation of
slow species, particularly at low temperatures. However, capturing
anisotropic diffusion in solid solutes requires directional computa-
tions and separate atomic models depending on the crystal
symmetry.”> We therefore adopted the most straightforward
approach - equilibrium MD using Stokes-Einstein-Sutherland
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68,69 _ since the diffusion coefficients of interest occur

equation
at high temperatures, where they can be effectively observed
through equilibrium MD simulations.

We conducted the simulation using an NPT ensemble
initially for 20000 fs at the target temperature, allowing the
supercell’s volume to stabilize. Following the NPT simulation,
an NVT ensemble was employed to perform simulated anneal-
ing to randomize the supercell further. This involves elevating
the system temperature from the target temperature to 1500 K
over 20000 fs, maintaining it at 1500 K for another 20 000 fs,
and finally cooling it to the target temperature over 20 000 fs.
The temperature was ramped linearly during the heating and
cooling process using the Nosé-Hoover’®”” thermostat, and
this method was consistently employed to control the tempera-
ture in all MD simulations presented in this work. Following
the simulated annealing, equilibrium molecular dynamics
simulations using the NVT ensemble were maintained to
further run the system at the target temperature. Simulations
above 1000 K were performed for over 1.25 ns, those at 1000 K
for over 3 ns, and those at 830 K for 6 ns. Simulation data were
archived every 100 fs for subsequent analysis.

The Stokes-Einstein-Sutherland equation
calculate the self-diffusion coefficient from MD trajectories as:

6869 is used to

1 .. d
Dy seir = ﬁ}g}}c EMSD

The mean squared displacement (MSD) is defined by
MSD = lzN: |rai(t) = -(0)\2
- N ol ol 9

i=1

where D, . is the self-diffusion coefficient, t is the time, d, is the
dimensionality (equals to 3 in this study for three-dimensional
diffusion), N is the total number of atoms, r is the position, and
o is the x, y or z Cartesian coordinates of the atomic center of
mass. We discard a conservative burn-in window before MSD
fitting, which is no more than half of the total simulation time for
each run, detailed in the SI (Table S4). In practice, a weak
dependence of the selection of r, for the temporal slope of the
MSD is observed. Therefore, instead of performing a single long
MD simulation, four separate MD simulations are performed at
each target temperature, each initialized with a different random
distribution of velocities. This approach is used to adequately
sample the phase space and estimate the ensemble average of the
diffusion coefficient obtained.

Since the self-diffusion coefficient is a tensor, the diagonal
components are averaged using the following equations for
comparison with polycrystalline iron-based materials that do
not exhibit orientation preference.

1
Dself =3

3(Dx,self + D}gself + Dz,self)

2.4.2 Thermodynamic factor to relate self-diffusion
coefficient to chemical diffusion coefficient. Since the Stokes—

Einstein-Sutherland equation was derived to formulate Brownian
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motion without a concentration gradient of solute, the flux of
particles can be formulated as:

J=-

D;;Clvﬂfv
where Dgr represent the self-diffusion coefficient that can be
obtained through the present MD simulation by calculating MSD.
; is the chemical potential of the diffusing component i, J is the
flux of particles. R is the gas constant, T'is the temperature, and ; is
the concentration of component (i) at which the self-diffusion
oceurs.

The diffusion coefficient is defined under a concentration
gradient,

.] = _DVCZ‘,

where J is the diffusion flux, D is the chemical (Fickian)
diffusion coefficient, and c¢; is the concentration of solute.
If the gradient of the total concentration is small,

Ve; = crVx;

where ¢y is the total concentration and x; is the molar fraction
of component (7). When a diffusion flux is at the steady state,
we obtain

Dseiperx;

J=-
RT

Vi, = —DerVyx;

Again, at a small gradient of other factors (temperature or
pressure) influencing p;,

Vi,

VX,'

~ i
Gx,-

Thus, the relation between Dg.r and D is given by the
thermodynamic factor ¢ as”’

D X 8,ui

Dgr  RT Ox;

= ¢.

We adopted Frisk’s two-sublattice model’® to formulate
the chemical potential p; of e-iron nitride, in the expression
Fe,(N,Va), where a and ¢ are parameters to describe the
component with the following conventions. In the first sub-
lattice, iron atoms form an HCP structure with octahedral sites.
In the second sublattice, octahedral sites accommodate either
nitrogen (N) or vacancy (Va). For g-iron nitride, a=1 and ¢ = 0.5,
indicating that, at the maximum nitrogen concentration, each
iron atom accommodates 0.5 nitrogen atoms, corresponding to
Fe,N (Table 1, ID 07). Because this phase is above the convex
hull, it will spontaneously transfer into another phase of Fe,N
(Table 1, ID 08),”° known as -iron nitride.

For one molar formula unit of Fe,(N,Va),, the Gibbs energy
is modeled as

Gm = }’NG%S;N + yVaGO}Ie;Va + CRT(yN In YN+ Iva lnyVa)

+ YNYVa [L%C:N,Va + Lll:c:N,Va (N = J’Va)]
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where G, is the Gibbs energy. yx and yy, are the site fraction of
N and Va in the second sublattice and are related to each other
by ¥x + Yva = 1. G2en and Giewa are the reference energies
related to the enthalpy of the most stable state at 298.15 K,
while their contribution is zero after the derivative. L° and L*
are the regular and subregular interaction parameters.

From the definition of chemical potential,

 9Gy
K = 6N,

For one molar formula unit of Fe,(N,Va),, Ny can be written
as yn/c. Considering yv, is also related to yx, we can derive the
chemical potential of nitrogen uy

1 (aGM - 8GM)
i ¢ 8yN 8yVa

] ] IN
N = ZG(]):e:N - ;Gge:Va + RTIH(

1
Iy + ZLFe:N,Va (Pva — IN)
a

1
+ ELll:e:NﬁVa [ZyNyVa - (.VN - yVa)2:| .

In the interstitial diffusion problems, since the interstitial
component has little contribution to the total volume,***° the
concentration variable (i) is used instead of the molar fraction
in the thermodynamics factor:

u; Oy,
RT (91/!,'7

14,':)6,'/5 Xjs

where u; is the concentration variable and x; is the component
forming the first sublattice with significant contribution to the
total volume. For one molar formula unit of Fe,(N,Va),, the
concentration variable of nitrogen is

¢ =

Note that yy + Yva = 1, we derived the thermodynamics factor
¢ as
—cRT — 2bun (L%C:N_V,d +3LL, N va (2bun — 1)) (bux — 1)
c¢RT (bun — 1)

b=
@)

where b = a/c. The latest thermodynamics data (L° and L")
for iron-nitrogen system estimated by H. Du®' is employed in
this study.

3 Result and discussion: machine
learning potentials
3.1 Training the machine learning potentials

We used the snapshots of AIMD described in Section 2.1 to
train the MLPs. Given the small timesteps used in the AIMD
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simulations, the training configurations over consecutive time-
steps are geometrically and energetically similar. Hence, to
make sure that the training data contains a wide range of
configurations, we employed subsampling of the AIMD data.
For each continuous AIMD run, 20% of the snapshots were
randomly sampled, ensuring that the training data conforma-
tions are not geometrically and energetically similar. Of these
sampled conformations, 80% were used for training and 20%
used for validation. Given the additional CI-NEB calculations
and subsequent diffusion analysis, we did not utilize a test
dataset. We observed that, in some of the AIMD simulations
conducted at 1500 K, less than 10% of the SCF calculations did
not converge. For each of these steps, both the subsequent
step and the preceding step were discarded before subsampling
to minimize error propagation. This non-convergence would
not affect the present MLP training, as the AIMD simulations
themselves are not directly used for any statistical estimations.

The conditions employed to run AIMD are detailed in Table 1.
After subsampling, there are mainly 5 groups of datasets:
(1) 500 K, (2) 1000 K, (3) 1500 K, (4) addition or removal of
nitrogen atoms (shortened as add/removal N), and (5) expansion
or compression of the cell size (shortened as Exp./Comp.).
A detailed training data description is provided in SI (Tables S1-
S3). To systematically assess the training accuracy and the validity
of the MLPs, we trained four different MLPs with the same
hyperparameters and initialization described in Section 2.3. For
each MLP, MLP[500 + 1000 + 1500 K] refers to the MLP trained
with the data generated under 500, 1000, and 1500 K, while
MLP[all] simply refers to the MLP trained with all groups of data.

3.2 Validation of the machine learning potentials

Validation of the MLPs have been carried out primarily through
mean absolute errors (MAEs) on the training and validation
sets. Typical MAEs for well-converged MLPs exhibit ~0.005 eV
for energies and ~0.05 eV A™* for forces.®” However, these
values depend on dataset size and diversity, so they reveal only
interpolation skill. To validate transferability to diffusion pro-
blems at finite temperature, besides the MAEs, we also tested
the predicted lattice constants, energy-volume relations, and
diffusion barriers using the present MLP, and compared them
with those obtained through DFT. The barrier conformations
are absent from the training data and therefore form the
strictest benchmark.

3.2.1 Validation of energies and forces. Fig. 1 presents the
mean absolute error (MAE) of 3 MLPs evaluated on 4 groups of
the validation dataset. “All” represents the MLP trained with
the entire dataset for three different temperatures (i.e., 500 K,
1000 K, and 1500 K), addition/removal of N, and expansion/
compression of cell size.

Comparing the MLP[500 + 1000 + 1500 K] with MLP[500 +
1000 K], the inclusion of high temperature data of 1500 K
proves to be overall favourable. As shown from the test dataset
of 1500 K, incorporating high temperature data facilitates the
prediction of system energies and forces at high temperature.
In addition, it also enhances the prediction accuracy of system
energy for different nitrogen concentrations not included in the
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Fig. 1 (a) Energy and (b) force mean absolute error (MAE) on 4 groups of validation data, tested on 3 MLP models.

training of both MLP[500 + 1000 K] and MLP[500 + 1000 +
1500 KJ; the inclusion of high-temperature data improves the
accuracy for the test dataset involving the addition and removal
of nitrogen atoms (add/remove N). Incorporating training data
for the addition and removal of nitrogen atoms (add/remove N)
further improves the prediction error of system energy from
around 4 to 2 meV atom™ ". On the other hand, the accuracy in
the atomic force predictions remains unchanged.

By comparing the MLPs tested using the volume expansion/
compression (Vol-Exp/Comp) dataset, it is found that the high
temperature data at prescribed volume does not effectively
improve the accuracy of cell volume-to-energy relations. The
tested MAE of energy is kept as high as over 40 meV atom™ .
Although using the high-temperature data improves the MAE of
force, the poor performance of the prediction on energy
remains noteworthy, thus necessitating the explicit inclusion
of DFT data for different cell volumes.

In terms of the overall performance, the MLP[all] model
reached MAE of less than 5 meV atom™ " and the root mean
square error (RMSE) of approximately 8 meV atom ' (not
shown here). We observed that the largest atomic force is up
to 13 eV A" in the training dataset. The tested MAE on atomic
force is less than 0.15 eV A~ as shown in Fig. 1b, and the RMSE
of the atomic force is also less than 0.15 eV A™' (not shown
here). The MAE is slightly larger than that of the previous
MLP study®® targeting reactive process in the gas phase (MAE ~
0.12 eV A™"), and the RMSE is slightly smaller than the results
obtained for a reactive process in Fe-C alloys®* (RMSE ~
0.17 eV A™"). validation of the MLP against the AIMD reference
data is provided in the SI. Energy and force parity plots are
shown in Fig. S3 and S4, respectively. Quantitative test errors
are summarized in Tables S5-S8 (force MAE/RMSE in Tables S5,
S6 and energy MAE/RMSE in Tables S7 and S8).

3.2.2 Validation on the cell volume to energy relations.
To validate the trained MLPs, we conducted static DFT calcula-
tions on cell sizes that were significantly expanded or com-
pressed relative to the fully relaxed ones. This validation also
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aims to evaluate the limitations of the MLPs, despite being
trained on the Vol-Exp/Comp dataset. The results are shown in
Fig. 2, where the energy per atom as a function of compressed
and expanded lattice constants is compared among predictions
by MLP[all], MLP[500 + 1000 + 1500 K, add/remove N], classical
MEAM potential, and DFT. The MLP is different from the
classical method (the MEAM or the Lennard-Jones potential)
in that it does not have a prescribed relation to formulate the
bond length to energies. Thus, MLPs lack prior knowledge of
the relationship between cell volume and energy. When the
simulated system experiences significant strain, such as
that induced by temperature or stress, the local environments
may not be well-represented by the training data. This limita-
tion can lead to large deviations, as shown by the discrepancies
observed in MLPs[500 + 1000 + 1500 K, add/remove N]
compared with DFT.

However, as also shown in Fig. 2, adding a small dataset
accounting for the cell volume to energy relationship (Vol-Exp./
Comp.) significantly enhances the ability of the MLP to predict
a concave-upward relationship. The smooth concave-upwards
profile also prevents the system from becoming trapped in
the incorrectly predicted local minima (e.g., MLP[500 + 1000 +
1500 K, add/remove N] in Fig. 2(a), a/acq = 0.925).

3.2.3 Validation on lattice constants. Table 2 summarizes
the lattice constants obtained using MLP[all], MEAM, and DFT
for validating the ability of the trained MLPs to reproduce the
DFT-computed lattice constants. The MEAM potential consis-
tently overestimates the lattice constant, while MLP[all] shows
more accurate predictions. Although not presented in Table 2,
it is noteworthy that even MLP[500 + 1000 K] can predict the
same lattice constants as MLP[all], provided there is a good
initial guess for the lattice constants. Otherwise, it will converge
to an incorrect local minimum, as discussed in Section 3.2.2.
A large discrepancy between MEAM and DFT is observed for the
FCC iron (ID 02), as the MEAM potential predicted the lattice
constant of FCC iron in its ferromagnetic state, while both DFT
and MLP calculations are based on non-magnetic states.
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Fig. 2 Compressed and expanded cell lattice constants to energy relation in (a) y-Fe; FCC iron, (b) y'-Fe4N iron nitride and (c) e-Fe;,Ns iron nitride.

Table 2 Lattice constants calculated by MLP[alll, MEAM, and DFT, unit in A

Crystal system

DFT

MLP[all]

MEAM

1 Fe Cubic a=b=c=2.799 a=b=c=2.834 a=b=c=2.864
(mp12)

2 Fe Cubic a=b=c=3.419 a=b=c=3.432 a=b=c=3.619
(mp-150)

3 FegN Tetragonal a=b=5.612 a=b=5.588 a=b=5.652
(mp-555) c=6.185 c=6.123 c=6.246

4 Fe,N Cubic a=hb=c=3.755 a=hb=c=3.760 a=b=c=3.792
(mp-535)

5 Fe;N Hexagonal a=b=4.618 a=>b=4.606 a=>b=4.635
(mp-1804) ¢ =4.247 c=4.279 c=4.289

6 Fe ;N5 Trigonal a=b=9.353 a=5b=9.321 a=b=9.497
(mp-27908) ¢ =4.230 ¢ =4.269 ¢ =4.342

7 Fe,N (mp-248) Trigonal a=4.271 a=4.304 a=4.350

b =4.716 b =4.732 b =4.794
¢ =5.430 ¢=5.421 ¢=5.494

8 Fe,N Orthorhombic a=>hb=4722 a=b=4.726 a=>b=4.800
(mp-21476) ¢ =4.245 c=4.277 c=4.323

9 FeN Cubic a=hb=c=4.211 a=b=c=4.200 a=b=c=4.254
(mp-6988)

10 FeN Hexagonal a=b=2711 a=b=2730 a=b=2738
(mp-12120) c=4.934 ¢ =4.962 c=4.947

3.2.4 Independent validation on predicting diffusion
energy barriers. Fig. 3-7 illustrate the diffusion barriers calcu-
lated by the CI-NEB method>®**® with MLP and MEAM using
LAMMPS. Only a single nitrogen atom was considered to
diffuse between two adjacent octahedral sites. Regardless of
the potential used (MLP, MEAM, or DFT), the CI-NEB calcula-
tions are performed independently using the same initial guess
for the reaction path, which is obtained through linear inter-
polation between the initial and the final state relaxed via DFT
calculations. The atomic models are visualized by VESTA.*®
Although no diffusion events involving nitrogen atoms hopping
from one site to another were observed in the training data, the
present MLP accurately reproduces the PES of DFT and signifi-
cantly outperforms the MEAM potential on predicting both
diffusion barriers and the energy profiles along some of the
possible diffusion paths. These paths are selected to represent
the local environment of the diffusing nitrogen atoms with the
highest possible diversity across various forms of iron and iron
nitrides.

This journal is © the Owner Societies 2026

Nitrogen diffusion was calculated in a 5 x 5 x 5 supercell
constructed from the o-Fe (ID 01, BCC) conventional cell.
As shown in Fig. 3a, we simulated the diffusion of a single
nitrogen atom within the supercell from one octahedral site to
another adjacent site, representing diffusion in a diluted
solution. MLP[500 + 1000 K] trained only with low-temperature
data roughly duplicates the energy profile, but there is a discre-
pancy at the transition state. The discrepancy is reduced when the
training data are added. Although the prediction of MLP agrees
well with the DFT calculation in a relatively low energy range (0 eV
to 0.4 eV), MLP[all] still underestimates the diffusion barrier by
approximately 0.05 eV at the transition state. The MEAM potential
gives a sharper profile than DFT, but predicts the diffusion
barriers nearly identical to those from DFT in this case.

As shown in Fig. 4, nitrogen diffusion was calculated in a
4 x 4 x 4 y-Fe (ID 02, FCC) supercell. Because the path
is symmetric,”> only the segment from the octahedral site
(reaction coordinate equals 0) to the tetrahedral site (reaction
coordinate equals to 1) was evaluated illustratively shown

Phys. Chem. Chem. Phys.
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(b) Diffusion barrier calculated in 4 x 4 x 4 super cell of y-Fe conventional cell, with one nitrogen atom addition and diffusing.

o Diffusing N

Fig. 5
calculated in 4 x 4 x 4 super cell of y'-Fe4N conventional cell, with one

in Fig. 4a. The MLP[500 + 1000 K], which is trained on the low-
temperature data, significantly underestimates the barrier as
shown in Fig. 4b. By adding the 1500 K, add/remove-N, and
Vol-Exp/Comp dataset, the energy profile progressively
approaches the DFT value in the low energy range (<1.5 eV)
but still underestimated the diffusion barrier by 0.24 eV. The
MLPJ[all] model correctly captures the tetrahedral local mini-
mum. On the other hand, MEAM fails to capture the local
minimum, underestimates energies near the octahedral site,
and overestimates the barrier by 0.26 eV.

Nitrogen diffusion in y’-Fe,N (ID 04) iron nitride was calcu-
lated with a 4 x 4 Xx 4 supercell as shown in Fig. 5.

Phys. Chem. Chem. Phys.
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(a) Illustration of diffusion path calculated in y’'-Fe4N iron nitride, from one octahedral to an adjacent octahedral site. (b) Diffusion barrier

nitrogen atom addition and diffusing.

In comparison with the y-Fe, the metal lattice remains FCC,
but the lattice nitrogen deflects the path of diffusion away from
the tetrahedral site. Prediction of MLP[500 + 1000 K] matches
DFT below 0.75 eV but overpredicts the barrier. Similarly,
adding more training data yields a barrier essentially identical
to DFT. MEAM significantly overestimates the energy profile
and gives a barrier 0.5 eV higher than DFT. None of the
potentials reproduces the energy plateau observed near the
transition state in DFT.

Fig. 6 and 7 show the predictions of N diffusion in &-Fe;,N5
(2 x 2 x 3 supercell) and e-Fe;N (3 x 3 x 3 supercell).
The octahedral start and end sites of diffusion are shown in
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Fig. 6 (a) Illustration of octahedral sites in e-Fe;,Ns. Diffusion barrier calculated in 2 x 2 x 3 super cell of e-Fe1,Ns conventional cell, with one nitrogen

atom addition and diffusing (b) from O1 to O2, (c) from O1 to O3, (d) from

Fig. 6a and 7a. Every nearest-neighbor hop of an added nitro-
gen atom was calculated, within an HCP layer (Fig. 6b, d, and
7¢) and across layers (Fig. 6¢ and 7b). The MLP[500 + 1000 K]
closely reproduces the DFT barriers. Adding more training data
yields minor improvements for in-layer hops but slightly
degrades the accuracy of cross-layer predictions. MLP[all] still
overestimates the barrier by 0.15 eV as shown in Fig. 6¢c and
0.23 eV in Fig. 7b. Again, the MEAM potential significantly
overestimates both the energy difference between different
octahedral sites and the activation barriers of all calculated
pathways in the e-iron nitride.

In summary, MLPs reproduce nitrogen diffusion barriers in
iron and iron nitrides well, even though no diffusional con-
formations were included in training. The validated diffusion
barriers exhibit a maximum error of 0.24 eV (in y-Fe of 2.32 eV
barrier) for the best performing MLP, whereas the MEAM
potential exhibits a maximum error up to 2.74 eV (in &-Fe;,N;
of 2.75 eV barrier). Errors in the predicted barrier are therefore
larger than the MAEs as described in Section 3.2.1, but remain
moderate. A model trained on the low-temperature data (500 K
and 1000 K) already closely follows DFT in most systems.
Adding 1500 K, add/remove N, and Vol-Exp./Comp. consistently
provides improvement. Energy wells are predicted accurately,
but some transition states are still under- or overestimated. It is
probably because those geometries are absent in the training.
This gap could potentially be improved by a more advanced

This journal is © the Owner Societies 2026

O3 to O4.

sampling method, such as meta-dynamics. Importantly, the CI-
NEB optimizations were performed independently with DFT,
MLP, and MEAM, all initialized with identical images and
subjected to the same convergence criteria. The converged
MLP[all] pathways closely reproduced the DFT minimum
energy paths, capturing not only the barrier heights but also
the overall shapes of the energy profile along the reaction
coordinates. This shows that the learned PES provides suffi-
ciently accurate forces to drive the optimizer to the same saddle
points and local minima rather than merely matching single-
point energies. This geometry-level agreement, achieved without
any diffusional conformations in the training set, constitutes
a stringent validation of MLP transferability. Such equivalent
pathway comparisons—identical starting images, optimizer, and
tolerances across methods—are rarely reported in the MLP
literature, yet are crucial for validating true transferability beyond
single-point energies. In contrast, MEAM systematically con-
verged to markedly overestimated barriers.

The possible reasons of MEAM’s barrier discrepancy is dis-
cussed below. Because the Fe-N MEAM potential*® was fitted
mainly to equilibrium properties (heats of formation and lattice
constants of iron nitrides), it is well constrained near stable
minima but not necessarily in the migration saddle-point
(bottleneck) region that governs diffusion barriers. Moreover,
finite-temperature diffusivities can be influenced by anharmo-
nic vibrational contributions to both the migration free energy
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Fig. 7 (a) lllustration of octahedral sites in e-FesN. Diffusion barrier calculated in 3 x 3 x 3 super cell of e-FesN conventional cell, with one nitrogen atom

addition and diffusing (b) from O2 to O2 upper, (c) from O1 to O2.

and prefactor, which are not explicitly constrained by such
equilibrium fitting. This is consistent with recent work high-
lighting the importance of higher-order anharmonicity in high-
temperature lattice dynamics and transport.®

3.3 Thermodynamic factor for diffusion coefficient

To enable comparison between the self-diffusion coefficient
obtained from the MLP driven MD and the chemical (Fickian)
diffusion coefficient measured experimentally, we calculated
the thermodynamic factor for a typical iron nitride system,
as described in Section 2.4.1. Since the chemical potential is an
extensive quantity, the calculation is performed based on
the unscaled supercell rather than the one build for the MD
simulations in Section 2.4.

As introduced in Section 2.4.1, for e-iron nitrides, a = 1 and
0.5, thus b = a/c = 2. The system includes additional
4 nitrogen atoms per supercell, which is constructed from a
2 x 2 x 3 arrangement of the conventional cell. The resulting
supercell consists of 288 iron and 124 nitrogen atoms, therefore
Yn = 124/144. The concentration variable of nitrogen is then
un = cyn/a = 124/288. With the thermodynamics data for € iron
nitride from H. Du,**

c =

Llenva = 10012 — 19.9853-T

Lienva = —9446.0 + 9.3471-T

Phys. Chem. Chem. Phys.

Plugging the Lie.xva, Lenvas ¢, b and uy into eqn (1), we
derived the thermodynamic factor for e-iron nitride containing
9.72 wt% nitrogen as

4331.17
¢ =7.089 4+~

Table 3 presents the estimated thermodynamic factor for the
¢-iron nitride described above at 1500 K, 1000 K, and 830 K. The
thermodynamic factor is greater than unity, indicating strong
solute-solute (N-N) repulsions when the nitrogen weight
percent is as high as 9.72 wt%.

3.4 Prediction of diffusion coefficient on g-iron nitride

Self-diffusion coefficients were ensemble-averaged over four
independent MD runs using MLP[all] at each temperature, as
described in Section 2.4.1. The Pearson correlation coefficients
obtained from linear regression of MSD versus time at each
temperature were greater than 0.999 for temperatures above
1300 K, exceeded 0.997 at 1200 K and 1100 K, and remained
higher than 0.99 at 1000 K, demonstrating good linearity.
However, the correlation coefficients estimated at 830 K were
0.787, 0.796, 0.802, and 0.340 for the four independent runs,
respectively, indicating relatively poor statistical sampling even
with a 6 ns simulation. Their standard deviations were

This journal is © the Owner Societies 2026
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Table 3 Calculated thermodynamic factor of a 2 x 2 x 3 super cell of
e-Fe oNs conventional cell with 4 nitrogen atoms addition; corresponding
nitrogen weight percent 9.72 wt%

1500 K
9.98

1000 K
11.42

830 K
12.31

Temperature
Thermodynamic factor (dimensionless)

propagated to log(D), and converted to 95% confidence inter-
vals with Student’s statistics®” (v = 3). Multiplying the averaged
self-diffusion coefficients by the thermodynamic factors,
obtained in Section 2.4.2 and III.C, yielded the chemical diffu-
sion coefficients plotted in Fig. 8. The computed MSD, along
with the self-diffusion coefficients and the thermodynamic
factors at each temperature, are available in the SI (Table S4
and Fig. S1). As introduced in Section 2.4.1, MSD was computed
using a single time origin for each trajectory and averaged over
four independent runs. A sensitivity test using multiple time
origins (up to 1000 origins at 1000 K) produced smoother MSD
curves but did not significantly reduce the uncertainty of the
MSD slope (and diffusivity) when temporal correlation was
accounted for via block bootstrap; the dominant uncertainty
arose from variability across independent runs.

We observed that the uncertainty is minimized at 1300 K,
with larger values at both higher and lower temperatures. Above
1300 K, the uncertainty increases because the PES was trained
only up to 1500 K. Below 1300 K, the uncertainty increases
because the phase space is sampled less comprehensively.
The limited number of diffusion events at these temperatures

Temperature [K]
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W0t en N e =] > o
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=
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References:
Exp Ref8  ----- Extrapolated Ref 89
ExpRef90  ----- Extrapolated Ref 90
Exp Ref91  ----- Extrapolated Ref 91
This work:

O DPdriven MD  ===== Linear fitting of MD

Fig. 8 Calculated chemical diffusion coefficient of -iron nitride; corres-
ponding nitrogen weight percent 9.72 wt%. In comparison with experi-
mental works (refers to the main text).
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introduces statistical errors, particularly in the diffusion prop-
erties derived from averages over sampled configurations.
A detailed discussion about the error at low temperatures is
provided in the SI. It is noted that we did not observe the finite
size effect (shown in Fig. S2), which has been reported in
the MLP-driven MD-based diffusion coefficient computation of
liquid.®® The diffusion coefficient obtained from a system
with 3906 atoms was consistent with that of 13 888 atoms from
1300 to 1500 K, despite greater fluctuations in the MSD.

The calculated chemical (Fickian) diffusion coefficient of the
e-iron nitride as a function of temperature is shown by the
Arrhenius plot in Fig. 8. The experimental data in previous
studies® " are also shown for comparison. The temperature
range in previous experiments is represented by solid lines,
while dashed lines correspond to the extrapolated data. Extra-
polating results from low to high temperatures should have
higher uncertainty, as the solute’s mobility is limited at low
temperatures.

We performed weighted linear regression, using the inverse
of the variance of each point as the weighting factor. The fitted
Arrhenius expression is D = Aexp(—E./RT), where D is the
chemical (Fickian) diffusion coefficient, A is the pre-
exponential factor, E, is the activation energy, R is the gas
constant, and T is the absolute temperature. The fitted results
are shown in Table 4. The activation energy obtained in this
work is consistent with the experimental result obtained by
Lakhtin and Kogan.’® The pre-exponential factor is slightly
larger than that reported by Lakhtin and Kogan.”®

Using the Arrhenius expression, the diffusion coefficient at
823 K, where most gas nitriding experiments are conducted, is
computed as shown in Table 5. The prediction in this work is in
reasonable agreement with the experimental data.

As part of estimating the error, this study is compared with
prior research that calculated diffusion of nitrogen in BCC
iron using the MEAM potential at 0.23-1.5 wt% nitrogen
concentration.'® The standard deviation of the computed diffu-
sion coefficient in that study was 7% of the mean value at 1173
K, while in this study, the standard deviation is 7.1% of the
mean value at 1200 K. This suggested present study has a
reasonable error range when estimating diffusion coefficient
through ensemble averaging. In another previous research
examining the diffusion of carbon in cementite (Fe;C), the
MD-computed diffusion coefficients were approximately an
order of magnitude smaller than the experimental value.””> By
contrast, the present study shows smaller discrepancies that
fall nearly within the experimental error range, which is attrib-
uted to the better overall accuracy of our MLP. Taken together,
these results demonstrate that this work achieves a better

Table 4 Activation energies (E) and pre-exponential factors (A) of diffu-
sion coefficient of nitrogen in g-iron, comparing experimental studies with
this work

Ref. 89 Ref. 90 Ref. 91 This work
E[10° Jmol™"] 0.935 1.547 1.209 1.569
Als™] 210 x 107 7.45 x 107° 1.38 x 10°° 1.96 x 10~*
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Table 5 Diffusion coefficient of nitrogen in ¢ iron at 823 K, comparing
experimental studies and this work

@823 K (550 °C) Ref. 89 Ref. 90 Ref. 91 This work

D107 m?s™ "] 2.436 1.128 2.950 2.166

computational accuracy and shows a good agreement with
experimental data, which is often challenging to obtain in
MD simulations due to the approximations and simplifications
inherent in atomic models.

To the best of our knowledge, this is the first MLP trained
and validated to capture nitrogen diffusion across diverse Fe-N
phases (o-Fe, y-Fe, y'-FeyN, &-Fe;N/Fe,Ns). Its fidelity was
established through independent like-for-like CI-NEB pathway
matching and energy-to-volume curves. Training drew on 8640
energy/forces-labeled snapshots (128-512 atoms each) span-
ning 500-1500 K, nitrogen atom addition/removal, and large
volumetric strains. Given this scope, we defer broader para-
metric sweeps to future work. This MLP will serve as the
foundation for mapping concentration/temperature-dependent
nitrogen transport behavior in Fe-N systems.

4 Conclusions

We have developed a machine-learning interatomic potential
(MLP) trained by the DFT data for molecular dynamics (MD)
simulation of Fe-N systems and demonstrated the ability of the
MLP-MD approach to predict the nitrogen atom diffusion rate
in iron and iron nitrides. The results show that the machine-
learning potential is accurate not only for predicting energy and
forces against the training and testing data, but also for the
diffusional profile related to the physical diffusion process
of interest — an aspect often overlooked in previous studies.
In addition, the MLP-MD model can well-reproduce the experi-
mentally measured chemical diffusion coefficients of nitrogen
in e-iron nitride. Specifically, the following conclusions have
been derived.

- Incorporating problem-specific structural diversity into the
training data is essential for constructing a robust machine-
learning interatomic potential. Adding high-temperature con-
figurations to the low-temperature baseline clearly reduces
both energy and force prediction errors at high temperature
and even improves extrapolation to unseen nitrogen contents.
Introducing explicit N-addition/removal snapshots further
halves the energy MAE from 4 to 2 meV atom ™', although the
atomic force MAE remains unchanged. By contrast, high-
temperature data alone fail to capture the cell-volume-energy
relationship. Therefore, a dedicated volume-expansion/com-
pression dataset is required to suppress these errors. The
present composite dataset provides a good balance across
thermodynamic, compositional, and volumetric perturbations,
leading to overall MAE below 4.1 meV atom ™.

- The classical MEAM potential fails to predict the diffu-
sional profile and significantly overestimates the barriers. The
present MLP significantly outperforms the MEAM potential.

Phys. Chem. Chem. Phys.
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- MD simulations using the present MLP yield nitrogen
atoms’ diffusivity in e-iron that quantitatively agree with experi-
mental data. Specifically, the Arrhenius analysis provides an
activation energy of 1.57 x 10> J mol ' and a pre-exponential
factor of 1.96 x 10~ * s, both consistent with reported values.
The predicted diffusion coefficient at 823 Kis 2.17 x 10~ m>s™",
lying within the uncertainty interval of the experimental data,
significantly outperforming earlier atomistic studies that under-
predicted the diffusion coefficient by an order of magnitude.

Although the effects of phase morphology, grain boundaries,
lattice dislocations and point defects in iron nitrides are not taken
into account in the present study, the quantitative agreement of
the present results with the experimental data indicates that the
diffusion of nitrogen atoms’ in &-iron nitrides should be primarily
governed by the interstitial diffusional properties within the lattice
over the existing experimental temperature range.

The present findings underscore the superior transferability
and quantitative accuracy of the present MLP for nitrogen
atoms’ diffusion in iron nitrides, paving the way for predicting
concentration- and temperature-dependent diffusion coeffi-
cients in Fe-N systems based on ab initio data.
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