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A B S T R A C T

Mechanochemistry and tribochemistry processes involve multiple physical/chemical interactions induced by
extreme conditions including molecular confinement, high temperatures and mechanical stress applied.
Simulating these processes by molecular dynamics is very challenging. While force fields fall short reproducing
the enhanced reactivity arising by quantum effects, ab initio molecular dynamics is severely limited by the
complexity of the systems of interest, their sizes, and the long-time scale on which relevant events take place. In
this work using an active learning approach, a landmark deep neural network potential has been developed
which reproduces the accuracy of ab initio interactions at the classical molecular dynamics computational cost
and permits to successfully simulate the tribochemical processes occurring at the interface between butyl gallate
molecules and iron substrates under tribological conditions. The simulations of the dynamics of the Fe-gallate
system when sliding under an imposed external load reveal the key atomistic mechanisms underlying the for-
mation of the friction reducing lubricant tribofilm and permit to characterize the tribological properties of the
explored systems, clearly exposing the shortcoming of reactive force field based approaches. The successful
development of neural network potentials, making it possible to push the limits of molecular dynamics marrying
accuracy with system sizes and long time scales, paves the route toward a new area in computational tri-
bochemistry.

1. Introduction

Mechanochemistry and tribochemistry are the terms that have been
widely used in recent decades to refer to the chemical transformation
activated by mechanical forces applied to the system. [1] While the
term mechanochemistry is a general description of mechanically in-
duced chemical reactions, a more specific term – tribochemistry – was
introduced later to denote the physico–chemical alterations experi-
enced at the solid–solid or solid–liquid interfaces during tribological
processes. Such alterations have a high impact on friction, wear and
lubrication of solids. [1,2] These phenomena are ubiquitous in our daily
life, from human biological organs [3] to nano/micro–elec-
tromechanical systems, [4,5] automotive, [6] manufacturing, [7] and
aerospace industries. [8,9] In accordance with its long history and
widespread applications, scientists are ever trying to understand fun-
damental mechanisms governing these events with an ultimate target of

controlling adhesion, friction, wear, improving the energy efficiency
and minimizing manufacturing/maintenance costs. However, a typical
tribomechanical process may involve several fundamental steps from
mechanical to physical and chemical transformation, governed by
many parameters such as the surface reactivity, the working stresses
and temperatures, the interaction with lubricant and environmental
molecules. The extreme conditions ruling tribochemistry and mechan-
ochemistry processes play a key role to initiate reactions and drive the
formation of the lubricating tribofilms. [2,10] These combinations pose
the greatest challenge for real–time experiments. Atomic scale insight
provided by computer simulations is a powerful tool that play an es-
sential role in fruitfully accessing information on kinetics, thermo-
dynamics and statistics of mechanochemical and tribochemical events
in situ.

Targeting on tribo–induced chemical reactions, the essential role of
tribochemical simulations stands or falls by the capability of describing
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bond forming and breaking events under harsh dynamics conditions.
Several atomistic simulation methods across scales from quantum me-
chanics to classical molecular dynamics (MD) have been applied to ac-
cess detailed information from mechanochemical and tribochemical
reactions. [11,12] However current atomistic tribochemical simulations
stand in between an accuracy versus efficiency dilemma. In fact, at the
atomic scale, ab initio molecular dynamics (AIMD) allows for an accurate
description of charge transfer and related chemical processes. AIMD has
been successfully used to describe tribochemical reactions between a
variety of lubricant molecules and substrates such as metals, [13]
oxides, [14–17] diamond, [18–20] silicates, [19,21] etc. The main
outcome of AIMD is to provide insights into local chemical events,
particularly on bond formation and breaking under harsh conditions.
[14–16,19] However, the expensive computational costs set a modest
limit for AIMD system sizes and simulation time scales. So far, it is still
impractical to apply AIMD method beyond small–scale reactive systems
of tribology, in particular for steel surfaces due to the increased com-
putational efforts required to properly describe iron at the quantum
level. Obtaining atomic–scale insights from larger scale models still rely
on MD simulations with interaction described by alternative force fields
(FF), e.g. using empirical [22,23] or reactive FFs. [24–29] The choice of
empirical FFs seemingly solves all issues with the simulation scales yet
leaves out biggest concerns regarding its accuracy and reliability. In-
stead, reactive FFs such as adaptive intermolecular reactive empirical
bond order (AIREBO), charge optimized many body (COMB), or ReaxFF
are considered a more suitable alternative since bond order is taken into
account with a bearable increase in the computational costs. However,
the lack of inter–atomic potentials and transferability for complex tri-
bological systems progressively limit the applications of ReaxFF MD
[26]. [30,31] Furthermore, the reactivity of molecules in harsh tribo-
chemical conditions is augmented by quantum effects that cannot be
properly included and reproduced within the constraints of these FF
parametrizations.

Recently, machine learning (ML) based potentials have been in-
tensively developed, [32–35] signifying a new prototype of atomistic
simulations in the last few years. ML potentials are developed based on
the data from high accurate quantum chemical methods such as DFT
based on two most common approaches: high–dimensional neural
networks (NN) and kernel–based methods. A proper–trained potential,
therefore, inherits the accuracy of quantum mechanics level with the
cost of classical simulations, which consequently addresses the question
of the accuracy and efficiency trade–off. The development of ML has
heralded the onset ML technology in atomistic simulations and
achieved unprecedented level of description for the dynamics of a
variety of material categories ranging from metallic bulk, [36–39] or-
ganic molecules, [40,41] and particularly more complex systems such
as surfaces/interfaces. [42–47] Recent successful applications of ML
potentials on describing surface/interface systems include proton
transfer at TiO2 and GaP(110)–water interfaces, [42,44,47] acid dis-
sociations at air–water interfaces, [45] or thermal transport across
copper–water interface. [43] These examples manifest the capability of
ML potentials for describing physical/chemical phenomena in complex
interfacial systems.

Despite the successes of ML methods in atomistic simulations in
many fields, to the best of our knowledge, no ML–based molecular
dynamics simulations have been published with a study of chemical
reactions in the fields of tribochemistry or mechanochemistry. This is
due to the fact that unlike homogenous systems, the training of a ML
potential for tribological model is not a trivial task. The difficulties of
training a proper potential for tribochemistry arise from the complex
reaction paths of tribological systems and unconventional mechanism
of activation in a dynamic environment driven by multiple concurrent
factors. [2,10]

In this work, we present the protocol adopted to train a NN based
potential for tribochemical systems from the data obtained from ab
initio calculations. We will from now on refer to this model as BG-

DNN15. The process includes the data generation, training, active
learning approach, and validation to build reliable potentials for ato-
mistic simulations of tribochemistry. Specially, we applied the method
for constructing a ML–based model to study the friction reduction
mechanisms of gallate molecules, a new class of green lubricant ad-
ditives [48] that include one aromatic ring with hydrocarbon chains of
different length. These compounds are being experimentally tested for
their properties in reducing friction coefficients and wear rates thanks
to their ability to form lubricious self-assembled monolayers (SAM).
Butyl gallate (BG) with a chain of 4 C atoms was selected in this work as
representative of the gallate molecule group and the Fe (110) surface
was used as the metal substrate as locally it may represent the native
steel surface often exposed in experimental tribo–tests. [49]

The paper is organized as follows. In the section Results
“Adsorption of butyl gallate molecules on the Fe (110) surface” we
begin describing by ab-initio DFT calculations the adsorption of BG
molecules on the iron surface, then detail the structures implemented in
the training database and the implementation of training with an active
learning procedure in the section Results “Data Generation and
Training of the BG-DNN15 potential model”. The validation of the
ML potential model is detailed in the section Results “Training Results
and Validation of the BG-DNN15 potential model” and then we
assess its qualities and merits by comparison with AIMD simulations in
the section Results “Validation in tribological conditions”, high-
lighting the shortcomings of ReaxFF potential model when used under
harsh conditions. Finally applying the trained NN potential model we
predict how the butyl gallate self-assembled monolayer reduces friction
at the Fe-Fe interface in the section Results “Tribological properties
calculated by DPMD simulations”. In the section “Discussion” the
tribochemical reactions and their role in the setup and stability under
increasing load of the lubricious butyl gallate self-assembled monolayer
are critically reviewed and we conclude by outlining further research
directions to be explored with the help of the BG-DNN15 potential.

2. Methods

2.1. Ab initio calculations for data production

The ab initio calculations were performed using spin–polarized
density functional theory (DFT) implemented in VASP package version
6.3.2. [50] The projector–augmented wave (PAW) method was used for
the interaction between electrons and ions. The exchange and correla-
tion functional was described by the general gradient approximation
(GGA) with the Perdew–Burke–Ernzerhof (PBE). [51] The convergence
threshold of the electronic self–consistent (SCF) loop were set at 10 5

eV. Brillouin zone was sampled at the gamma point and the plane–wave
expansion of the electronic wave function was truncated by setting the
cutoff energy to 450 eV. The DFT–D2 method of Grimme [52,53] was
adopted to account for the Van der Waals (vdW) dispersion interactions
between aromatic molecules.

To generate the initial data set used for the training of the initial ML
potential, configurations were generated by means of AIMD simulations
performed in the NVT ensemble at different temperatures of 300 K,
500 K, 1000 K, 2000 K, and 3000 K, with a timestep of 1.0 fs used to
integrate the equations of motion. The systems were equilibrated at the
given temperatures over a period of time of ∼3 ps. Energies and forces
from all configurations extracted from the AIMD simulations were
further refined by performing additional SCF calculations.

2.2. Ab initio molecular dynamics in tribological conditions

To perform the AIMD simulations under tribological conditions we
used a modified version of the Quantum Espresso package [57,58]
which allows to impose at the interface a lateral sliding at constant
velocity while removing excess heat to control the substrate tempera-
ture. The code has been successfully used for studying the
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tribochemistry of different systems, including metal–lubricant inter-
faces. [21] The electronic parameters were set to be equivalent to those
used in the DFT and AIMD simulations with VASP, with ultrasoft
pseudopotentials used to describe the core electrons of the system. The
GGA with PBE [51] method was used as the exchange–correlation
functional. The plane–wave basis set was used to expand the electronic
wave function with cutoff energies of 30 Ry for the wave function and
240 Ry for the charge density, respectively. The gamma point was used
for the Brillouin zone sampling. The semi–empirical correction by
Grimme (D2) [52,53] was adopted to account for the vdW dispersion
interactions between aromatic molecules. The Verlet algorithm with a
timestep of 20 a.u. (∼1 fs) was used to integrate the movement of
atoms in the system. An external force corresponding to a typical tri-
bological load of 1 GPa was applied along the z–direction and a con-
stant temperature of 300 K was imposed to the iron substrates. During
the sliding the system was first equilibrated 1 ps with the topmost layer
of the upper iron slab moved along the X direction with a constant
velocity of 200m/s with respect to bottom-most layer of the lower iron
slab. The simulations were then carried on for further duration of 5 ps.
More details about the simulation of sliding using the modified
Quantum Espresso code can be found in our previous publications.
[20,54]

2.3. Molecular dynamics simulations

For the system of 6 BG molecules confined between two Fe sub-
strates, simulations with imposed sliding under a 1 Gpa load were
performed at a constant temperature of 300 K with Lammps [55] using
the ReaxFF force field of Shin et al. [56] The MD simulations were
performed with a timestep of 0.05 fs for as long as 100 ps, with struc-
tures extracted at every 1 ps to be selected as candidate configurations
to be included in the initial data set for the training. Further details
about the setting of the MD simulations with ReaxFF can be found in
Supporting Information.

Molecular dynamics simulations with the BG-DNN15 potential
model were performed with Lammps [55] at different applied loads
ranging from 0.5 GPa to 2 GPa, in the NVT ensemble at 300 K using
separate Nosé-Hoover thermostats for each of the iron slabs. Tribolo-
gical conditions were simulated imposing a fixed relative velocity be-
tween the uppermost and the bottom-most layer of iron atoms. All
calculations were performed with a time step of 0.1 fs to ensure a
correct integration of the atomic trajectories in the strong repulsive
force region. This, together with our specific active learning sampling,
was sufficient to avoid the insurgence, particularly while simulating
under imposed sliding, of unphysical configurations due to known
shortcomings of ML-based methods in describing very short-distance
interactions without having to resort to additional empirical terms. [57]
During the simulations, the atomic configurations of the system were
collected at every 10 fs along the trajectories obtained from the DPMD
runs.

2.4. Training of the potential model with deepMD-kit

The ML potential was trained using the DeepMD–kit package with the
DeepPot–SE (Deep Potential–Smooth Edition) model. [35] The package
is written in the Python/C++ languages interfaced with TensorFlow
[58] to perform the neural network training based on evaluation of
atomic energies and forces. The model includes two networks, i.e., the
embedding network and the fitting network. The size of the embedding
network was set to (25, 50, 100), and the size of the fitting network was
set to (240, 240, 240). The cutoff radius was set to 6.0 Å, and the de-
scriptors decayed smoothly from 0.5 to 7.0 Å. The initial learning rate
was set to 0.001 at the beginning of the training process to achieve a final
value of 1 × 10−8. The total numbers of training batches are 1 × 106 for
the training in the initial iterations and the active learning process and
1.5 × 106 for the production of the final model.

To effectively improve the ML potential, additional data was gen-
erated through an active learning approach as proposed by Zhang et al.
[59] At each iteration, four models were trained using the same input
setups but starting with different random seeds. To explore new con-
figurations to enrich the data sets, deep potential molecular dynamics
simulations were performed with the first model taken as reference,
collecting the atomic configurations of the system at every 10 fs along
the obtained trajectories. The DPMD simulations were performed under
sliding condition for a duration of ∼10–125 ps after a short equilibrium
of 10 ps under the loads of 0.5 1.0, 1.5, and 2.0 GPa at 300 K. During the
DPMD simulations, the force acting on each atom at the collected
configurations was evaluated by all four models. The maximum stan-
dard deviation of the atomic forces ( f

max ) was evaluated as a criterion
for the convergence of the neural network training:

= f fmaxf i i i
max 2 (1)

where, fi is the force acting in atom ith, fi is the average value taken
from four models. A structure is considered as a candidate if the max-
imum standard deviation falls in the range of < <low

f
highmax , while

those with <f
lowmax are considered correct structures, and those with

>f
highmax can be highly unphysical configurations and classified as

failed structures. The satisfied candidates taken from the sliding pro-
cesses were selected and subjected to DFT calculations to obtain the
energies and forces and included into the data sets. The training with
new four models was repeated until a very small portion of structures
are identified as candidates. Due to the complexity of the interfacial and
sliding systems and extreme condition simulations, the forces exerted in
the systems are also high. Thus, in our work, the candidates were se-
lected if f

max is in between < <0.15 0.5f
max . The lower threshold is a

typical value to select candidates in active learning method, [44,46]
while the upper value is set to be as high as 0.5 considering the high
absolute values of forces sampled from OH bond stretching. Under
tribological condition, more untrained configurations were explored as
the simulation time gets longer, and the typical DPMD run of 10–20 ps
is not sufficiently long to make sure that the candidates are enough
representatives. Thus in the last 2 iterations, longer DPMD runs of
125 ps were performed, and only the configuration with the highest

f
max at every 200 fs was considered as the candidate. This approach

resulted very effective in reducing the number of highly correlated
configurations and allowed sampling new representative candidates
that permitted to obtain stable MD runs for as long times as required.

Since this active learning process focused on the improvement of the
interfacial interaction between the iron surface and the BG molecules,
to reduce the computational cost from the Fe substrates, the two out-
ermost layers of each Fe slab of the selected candidates were removed
for the DFT calculations of energies and forces. The reduced system still
includes enough chemical components to fully represent the atomic
environments for Fe–BG sliding models.

3. Results

3.1. Adsorption of butyl gallate molecules on the Fe (110) surface by first
principles

The interaction between the BG molecule and the iron surface is a
complex function of the molecular orientation and coverage, with sig-
nificant differences in the behavior of the isolated molecule compared
with ordered structure of the self-assembled monolayer. The char-
acterization of the adsorption of the BG molecules on the Fe (110)
surface was performed by first-principles calculations, in order to pro-
vide us with some initial idea about favorable adsorption sites and re-
levant geometries to be adopted in building the ML models.

First, one BG molecule was positioned in a supercell, with lateral
dimensions ×14.20 12.05 Å 2, on the Fe (110) surface at different ad-
sorption sites and molecular orientations (perpendicular and parallel).
For such a low coverage, the most stable configuration is given by the
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parallel orientation to the surface, i.e. the one with the atoms of the
carbon ring on top of Fe atoms (Fig. 1a), which has a corresponding
adsorption energy of –3.90 eV. This configuration maximizes chemical
bonding between the surface and the atoms of the molecule, i.e. the
number of Fe–O and Fe–C contacts, while the atoms in the hydrocarbon
tail only contribute through their short-range van der Waals interac-
tions. The Fe–C and Fe–O bond lengths range from 1.96 Å to 2.20 Å,
which are well inside the range of strong chemical interaction. As a
result, the aromatic ring is distorted, while the physical interaction
keeps the hydrocarbon tail intact at ∼3.2 Å – 3.4 Å from the iron sur-
face. Even when trying to start a single BG molecule adsorption with an
initial perpendicular orientation, the optimization ends up with the
molecule down in the parallel configuration, similar to the previous case
but in different, slightly higher, minima. Interestingly, we found that
we could obtain a local minimum with the perpendicular configuration
for a single BG molecule adsorption at the expense of letting two H
atoms detach from the two OH bonds which were closer to the iron
surface (Fig. 1b). These H atoms chemisorb independently on the iron
surface and the overall adsorption energy for such a process is -3.45 eV,
still higher than the lowest one for the parallel case with the intact
molecule but as we shall see with a non-negligible probability in
standard conditions at 300 K. This dissociative adsorption can be stable
perpendicularly by forming multiple Fe–O bonds when the O1 and O2
atoms move to the 3- fold (3 F) sites of the Fe (110) surface. Similarly, H

atoms are adsorbed at the most favorable 3 F sites at the Fe-H distances
of ∼1.76–1.79 Å (Fig. 1b–c). Although, for the single isolated molecule,
the parallel adsorption of the intact BG molecules remains the most
favorable, as the coverage increases the geometrical optimization sug-
gests that stable minima for the perpendicular adsorption configuration
can be achieved from the co-adsorption of at least two (Fig. 1d) or more
BG molecules. The molecules are adsorbed in a stable configuration on
the surface by forming Fe–O chemical bonds between topmost adjacent
Fe atoms of the surface (Fig. 1d-f) and two of the three oxygen atoms
bonded to the C-ring. In the relaxed configuration the hydrogen atoms
of the two OH group remain bonded to oxygen, forming Fe–OH–C
bridges with Fe–O bond lengths of 2.20 – 2.31 Å, which are slightly
weaker than those found for the parallel configuration. The hydro-
carbon tails are relatively far from the iron surface and free to stand
upright. This perpendicular adsorption configuration is also stabilized by
the formation of hydrogen bonds between adjacent molecules (Fig. 1f).
As the number of BG molecules per nm2 increases, the adsorption en-
ergy per molecule becomes more negative and reaches a maximum
when 6 BG molecules are adsorbed in the given supercell in an ordered
fashion (Fig. 1g), corresponding to a coverage of 3.51 molecules/nm2.
The calculated average adsorption energies per molecule (Eads/mol) are
shown in Fig. 1h, where one can observe a steadily decrease with in-
creasing number of molecules, from a value (Eads/mol) = 1.12 eV
with two BG per supercell to a value (Eads/mol) = 1.59 eV with six BG

Fig. 1. Geometrical optimization of BG adsorption on the Fe (110) surface: side (a) view of one BG molecule, side (b) and top (c) views of dissociative adsorption of
one BG molecules, side (d) view for two BG molecules and side (e-f) views for six BG molecules adsorbed on the Fe (110) surface, (g) top view of the oxygen
chemisorption sites at the highest molecular coverage. (h) adsorption energy per molecule (Eads/mol) as a function of coverage. The dotted green box in (f) marks the
region where inter–molecular hydrogen bonding occurs. Only the oxygen atoms bonded to the Fe surface of the molecules are visualized in (g). Color assignment
applied throughout this work: Fe (blue), C (gray), O (red), and H (light pink).

Fig. 2. AIMD and MD simulation models for
generating the data for the initial NN potential.
(a) bulk Fe, (b) 6 BG molecules, (c) Fe (110)
surface, (d) 6 BG molecules adsorbed on Fe
(110) surface (Fe-6BGads), and (e) model with
6 BG molecules confined in between the two Fe
(110) slabs (Fe-6BG) used for molecular dy-
namics simulations at equilibrium and in tri-
bological conditions.
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molecules per supercell. This result suggests that when used as lu-
bricant additives we can expect the BG molecules to likely organize
themselves in a self-assembled monolayer, which becomes more stable
as the surface density of BG molecules gets higher until a maximum
coverage of the above given order is reached. Since for the parallel
stacking of molecules in the given supercell area only the molecule
closer to the iron surface can form direct Fe–C and Fe–O, there is no
equivalent energy gain with increasing molecular density, and our
findings overall confirm that the formation of an ordered BG monolayer
is favored in the explored conditions. This is in agreement with the
complete match of the XPS signal with the formation of Fe–O–C bridges
found experimentally [49] for the adsorption of fatty acids containing
two oxygen atoms at the head groups on iron oxide surface. [49,60–62]

3.2. Data generation and training of the DNN potential model

The DNN potential was trained using the DeepMD–kit package with
the DeepPot– SE (Deep Potential–Smooth Edition) model [35] and to
effectively improve the NN potential, additional data was generated
through an active learning approach as proposed by Zhang et al. [59]
We started the initial training of the NN potential with data generated
from short trajectories generated by AIMD simulations for the bulk Fe,
the Fe (110) surface, the bulk molecule, and the Fe-6BG interface sys-
tems (Fe-6BGads) which are presented in Fig. 2a-d:

• Bulk Fe (Fig. 2a): a × ×4 4 4 supercell containing 128 bcc Fe atoms
with experimental density.

• Fe (110) surface (Fig. 2b): a ×3 5 supercell containing 4 Fe layers,
120 atoms in total.

• Bulk BG (Fig. 2c): 6 molecules (180 atoms) in a cubic box with L=
12.76 Å. The initial configuration and the volume of the system were
determined by first running a DFT full relaxation including the cell
parameter.

• Fe (110)–6BGads (Fig. 2d): 6 BG molecules perpendicularly ad-
sorbed on the 4 at.–layer Fe (110) surface (300 atoms). The initial
orientation of the six BG molecules adsorbed on the Fe (110) surface
were determined by the DFT geometrical optimization as previously
described.

In order to generate highly diverse structures for the NN training
the AIMD simulations were performed at several different tem-
peratures (300 K, 500 K, 1000 K and 2000 K) and at different den-
sities, corresponding to 0.85, 0.9, 1.0, 1.05 times the experimental
density for the bulk Fe system or the DFT optimized density for the
bulk BG system. The AIMD simulations generated a total of ∼55200
configurations.

We were ultimately interested in exploring the tribological proper-
ties of the gallates molecules when used as additives to form on the
surface a SAM that can play a favorable role in reducing friction and
wear between iron surfaces. Therefore, for simulations in tribological
conditions we choose as prototype the confined model depicted in
Fig. 2e, which is composed by a molecular monolayer that contains six
BG molecules (180 C, H and O atoms in total) confined in between two
Fe (110) surfaces (Fe-6BG). Each iron slab has a thickness of 4 at.–layers
and corresponds to a ×5 3 supercell containing 120 Fe atoms, resulting
in a total number of 420 atoms in the system. The MD simulation of
sliding conditions was performed using Lammps [55] with the inter-
actions described by a reference ReaxFF force field. [56] The simulation
was performed under a 1 GPa load at a temperature of 300 K for 100 ps.
The initial configurations for this model were taken from the DFT op-
timized configurations of the BG molecules adsorbed on the Fe (110)
surface. Atomic configurations selected from the generated trajectory at
every picosecond were then used to obtain energies and forces at the
DFT level, performing static for self-consistent calculations to produce
an additional number of ∼100 configurations.

3.3. Data sampling by active learning method

All the configurations generated from the adsorption study, from the
AIMD simulations and from the ReaxFF-driven MD simulations were
used to train BG-DNN1, the initial, first iteration of the NN model. With
the BG-DNN1 potential model a number of ML-driven molecular dy-
namics (DPMD) simulations were performed for the system described in
Fig. 2e, first at the relatively low loads of 0.5 and 1.0 GPa. Due to the
limited inclusion of configurations from sliding simulations, the BG-
DNN1 model was found to describe very poorly the dynamics under
imposed relative sliding of the opposite iron surfaces, resulting, after a
time duration of few picoseconds, in a collapse of the system into
jammed unphysical structures. Random configurations were selected
from the meaningful part of the trajectories produced with a number of
attempted DPMD runs, independently started using different initial
configurations. The energies and the forces for these selected config-
urations were then calculated at the DFT level, and these new data
structures were added to the training dataset. Repeating the training
with the augmented dataset resulted in an improvement of the second
iteration of the NN potential model, which was then used to perform
further DPMD simulations. After iterating this procedure several times,
we obtained the BG-DNN8 potential model that was finally able to
perform sliding simulations at different pressures for longer time
durations, always producing stable structures.

Starting with this latest iteration for the NN potential model we
switched to the active learning method [59] using four parallel models
to accelerate the learning rate and to improve the quality of the trained
model, after further enriching the training dataset with new config-
urations selected in accordance with the following considerations (see
Section Methods). The sampled data from the initial AIMD runs and
from the DPMD runs in the active learning method mostly fall in or
around the local minimum of the chemical reactions and only partially
explore the global potential energy surface. In the AIMD simulations at
high temperature (1000 – 2000 K), OH bond dissociations occur and the
oxygen atom strongly bonds to Fe. This dissociation occurs sponta-
neously at even lower temperatures for several OH bonds in the systems
thanks to the catalytic strength of the iron surface. However, it is worth
mentioning that the interpolation in DeepMD-kit can severely under-
estimate kinetic barriers of chemical reactions. [63] Thus, despite of the
good agreement between the predicted data from the NN potential and
the ab initio data we did find that, under load, the DPMD simulations
produced more dissociative events than those observed in the AIMD
simulations, probably due to the lack in the training set of sufficient
states properly sampling the energy barriers along the transition paths.
To improve this situation, starting from the model with 6 BG molecules
adsorbed on the Fe (110) surface that corresponds to a total of 12 OH
bonds at the interface, as shown in Fig. 2d, we generated an additional
set of 1000 artificial structures by applying random displacements to H
and O atoms to specifically perturb targeted OH-bonds. In each struc-
ture, the OH bonds were randomly stretched from the equilibrium
distance to make sure to sample structures different enough from the
nearest local minima. Finally, the corresponding energies and forces
were obtained by DFT calculations and added to the training set for BG-
DNN10 at the beginning of the 10th iteration.

The active learning process generated a total number of 25300
configurations, making a final number of ∼ 80600 configurations, 90%
of which were randomly chosen for the training while the remaining
10% were used for the validation.

3.4. Training results and validation of the BG-DNN15 potential model

Root–mean–square errors (RMSEs) of the energy and forces for each
structure in the datasets are presented in Figure S1a–b as a function of
training steps for the training and for the validation datasets. The re-
sults reveal both the RMSEs of the energy and the RMSEs of the forces
converge well after ∼1 × 106 step. The averaged RMSEs estimated
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over the last 5 × 105 steps of the validation dataset are 1.91× 10–3 eV
for the energy and 0.088 eV/Å for the forces, respectively. This in-
dicates that the NN potential model was properly trained with values
for the errors typical of surface and interface systems. [43,44] Parti-
cularly, we obtained comparable values in the learning curves between
the training and the validation sets, which confirms no overfitting ex-
perienced during the training. To check the convergence of the four NN
models during the active learning process, the distribution of the
maximum standard deviations of the predicted atomic forces were es-
timated. The f

max was estimated from the configurations collected at
every 2.5 fs from the DPMD simulations of three main systems in-
cluding the bulk BG, the bulk Fe, and the Fe–6BG sliding systems for
250 ps using the final version BG-DNN15 potential. For the Fe–6BG
systems, the sliding simulations were performed at 300 K at three dif-
ferent load pressures including 0.5, 1.0, and 1.5 GPa. An excellent
convergence was obtained for the bulk Fe system with the f

max dis-
tributed below 0.05 eV/Å, as expected being this a homogenous bulk
system for which it is easier to obtain a good agreement among the NNs.
For Fe–6BG and bulk BG systems, the f

max is distributed below 0.6 eV/
Å while the peak of the distribution is 0.1 eV/Å (see Figure S1c-d in the
Supporting Information). Quantitatively, the percentage of configura-
tions that have > 0.15f

max eV/Å is only 1.78%, indicating a good
agreement among the neural networks. This is an impressive result
considering the long 250 ps timespan of simulation under harsh con-
ditions for such a complex tribological system.

To better characterize the ability of the BG-DNN15 potential to re-
produce the ab initio data, the energies and forces predicted by DPMD
were individually compared with those obtained from ab initio calcu-
lations for the bulk Fe, the BG molecules, and the Fe–6BG confined
systems. The comparison was performed on validation data which was
not included in the training set. [42,43]

As shown in Fig. 3, for both energies and forces RMSEs, the BG-
DNN15 potential exhibits excellent agreement with the ab initio data in
all the investigated systems. Deviations for the energy and the forces
(Fig. 3c–d) are mostly distributed from –0.005–0.005 eV for the energy,
and within the –0.2–0.2 eV/Å range for the forces, respectively.

Specifically, the average root–mean squared errors of the energy and
atomic force components predicted by the BG-DNN15 model with re-
spect to DFT were 2.8×10−3 eV/atom and 9.1×10−2 eV/Å, respec-
tively. It is worth mentioning that despite the inclusion of OH dis-
sociated configurations in the training datasets results in a very large
range of values for the forces, from –40–40 eV/Å, nevertheless, the
small error values for forces and energy clearly manifest that the
trained NN potential has successfully achieved the required accuracy.
[43,44]

3.5. Validation in tribological conditions: Effects of load

Extreme tribological conditions are always associated with high
loads. To investigate the performance of the BG-DNN15 potential model
under loading condition, the system was first subjected to geometrical
optimization under typical tribological loads, with values ranging from
0.5 GPa up to 2.0 GPa to explore the behavior of the interfacial dis-
tance, one important property that can be measured in computational
tribology, useful to assess the lubricant ability to maintain the gap
between two sliding surfaces.

The optimized z widths of the gap at 0K between the two Fe slabs,
estimated as the average vertical separation between the iron atoms of
the layer at the two interfaces are presented in Fig. 4. The results reveal
that, as expected, such interfacial distance z gradually reduces as the
applied load increases. Not only the tendencies are qualitatively fully
matched when comparing the BG-DNN15 potential and the DFT results,
but also their magnitudes are well reproduced. In fact, the differences,
ranging from 0.17 to 0.34 Å, between the average values listed in
Table 1 correspond to less than 3% of the DFT values.

3.6. VAlidation in tribological conditions: Effects of sliding, comparison of
dpmd Vs aimd and reaxff

To fully validate the BG-DNN15 potential in tribological conditions, it
is essential to compare the systems under dynamic and loading condi-
tions. We performed sliding simulations for the Fe–6BG system under

Fig. 3. Comparison of the RMSEs for the energy (a) and the forces (b) calculated from the validation data by DPMD and DFT for the three main systems used to train
the BG-DNN15 potential. The inserts show the Fe–6BG system on a finer scale. Histogram distribution of the RMSEs between DPMD prediction and DFT calculations
for the energy (c) and for the forces (d).
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sliding in tribological conditions (Fig. 2e) by AIMD with a modified
version of the Quantum Espresso package [57,58] and repeated them
with an identical initial setup by DPMD simulations using the final
converged BG-DNN15 potential model with the LAMMPS package [55]
interfaced with DeepMD–kit and finally by MD using the reference Re-
axFF model [64]. An external force corresponding to a typical tribolo-
gical load of 1 GPa was applied along the z–direction. The simulations at
constant temperature of 300 K included 5 ps of thermalization and 5 ps of
sliding starting from the same initial conditions, i.e. same atomic posi-
tions and velocities. During the sliding the topmost layer of the iron slab
was constrained to move along the positive direction of the x-axis with a
constant velocity of 200m/s. The results were collected and used as the
reference for the validation of the NN potential.

In Fig. 5 we show that both the interfacial distances and the lateral
friction forces calculated from the parallel AIMD and DPMD simulations
during the sliding at 1 GPa share the same dynamical behavior, fluc-
tuating with very similar amplitudes on very similar time scales.

Overall, with a much lower computational cost, the BG-DNN15 po-
tential has retained the DFT accuracy in all studied conditions.

A close comparison of AIMD vs DPMD and, together, vs ReaxFF is
made possible by calculating the radial distribution functions (RDFs) of
the most relevant atomic pairs. From Fig. 6a–b it is evident that there is
an excellent agreement between AIMD and DPMD for the Fe-Fe RDFs
and all the RDFs pairing C, O and H atoms from the BG molecules. For
all the smaller valued RDFs pairing atoms at the interface (Fig. 6c), the
first two peaks show again a very good agreement between the AIMD
and the DPMD results, with only a very minor deviation at distances
involving atoms far from the interface. Given the length of the simu-
lations and the total number of atoms involved, the AIMD and DPMD
RDFs are fully consistent within the associated statistical fluctuations,
and we conclude that the BG-DNN15 potential accurately reproduces
the underlying Fe–BG chemical interactions.

The Fe–O RDF first peaks at 2.25 Å (Fig. 6c), is suggesting that
strong chemical bonds are formed between Fe and O atoms, in the
expected range of Fe–O interfacial bonds. [65,66] As it can be seen in
Fig. 6d–e, identical atomic configurations are established at the inter-
face between Fe and BG molecules after the relaxation at 1 GPa both
with DFT and with the BG-DNN15 potential. In marking contrast, the
visually different atomic configuration in Fig. 6 f is the one obtained
when the interactions are described by the ReaxFF force field. The
corresponding peak of the RDF for Fe–O pair is predicted at 3.02 Å by
ReaxFF (Fig. 6c), which is too large value for supporting the possibility
of Fe–O covalent bonds. Thus, with ReaxFF the main character of the
the BG molecule adsorption on the Fe surface remains physical even
under the relatively high 1 GPa load indicating that ReaxFF fails to
describe accurately the tribochemical reaction consisting in the dis-
sociation of O–H bonds and the formation of Fe–O bonds. After dis-
sociating, the hydrogen atom also adsorbs on the Fe surface by forming
Fe–H bonds (Fig. 6g–h), as it is demonstrated by the small peak cen-
tered at ∼1.8 Å in the Fe–H RDF, which can be associated with the
presence of a number of adsorbed hydrogen atoms. These results con-
firm that the BG-DNN15 potential correctly carries out the essential
bonding information not only inside the BG molecular layer but also at
the interface between Fe atoms and the BG molecules, while the se-
lected ReaxFF model does not.

3.7. DPMD Simulations of tribological properties

DPMD simulations of the tribological performance of the butyl
gallate monolayer were performed for systems containing 6, 54 and 72
molecules confined between two Fe substrates, with applied load
pressures from 0.5 GPa up to 2.0 GPa. MD simulations for the smaller
confined system (Fe-6BG) were started with the same setup pictured in
Fig. 2e and used to run the initial ReaxFF MD and the DPMD simula-
tions within the active learning process. The larger (Fe-54BG/Fe-72BG)
systems were constructed with the same molecular geometry and

Fig. 4. Comparison of the interfacial distance as a function of applied load
measured after the geometrical relaxation performed under load, with
Quantum Espresso (DFT) and LAMMPS (DPMD).

Table 1
Interfacial distances measured after the relaxation of the Fe–6BG model by DFT
and DPMD under loads.

Load 0.5 GPa 1.0 GPa 1.5 GPa 2.0 GPa

z (DFT) 11.98 Å 11.80 Å 11.68 Å 11.39 Å
z BG DNN( 15) 11.81 Å 11.55 Å 11.34 Å 11.17 Å

Difference 0.17 Å
(1.42%)

0.25 Å
(2.12%)

0.34 Å
(2.99%)

0.22 Å
(1.93%)

Fig. 5. Comparison of the resistive forces (a) and interfacial distance (b) predicted by DPMD and AIMD simulations of the sliding of the Fe–6BG system at 1 GPa and
300 K.
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coverage and their dynamics integrated for long times in order to obtain
a better statistic for the properties characterizing the frictional process.
The 54 (72) BG molecules were distributed over the Fe (110) surface in
a supercell with lateral dimensions 42.60 Å ×36.15 Å (42.60 Å
×48.20 Å). The size of the Fe-54BG (Fe-72BG) system corresponds to a
number of atoms equal to 3780 (5040) in total, 2160 (2880) of which
are Fe atoms (Fig. 7).

In order to impose a normal pressure with values of 0.5, 1.0, 1.5,
and 2.0 GPa, a corresponding constant external vertical force was ap-
plied on each atom of the topmost atomic layer of the upper Fe slab,
while keeping fixed the positions of the atoms of the bottom-most
atomic layer of the lower Fe slab. Independent Nosé Hoover thermo-
stats with a damping parameter of 10 fs were applied to the group of
atoms forming the three inner layers of each Fe slabs with the same
reference temperature T=300 K, while the temperature of the mole-
cular layer was not controlled. Both systems were equilibrated for
100 ps under the applied load. After that, the dynamics under imposed
lateral sliding with a velocity of the topmost Fe atoms fixed at 0.5 Å/ps
was integrated for up to 1 ns of dynamics. For each system averages
were taken, after reaching stationary conditions, on the final 600 ps of
the dynamical trajectory under sliding in tribological conditions.

Fig. 8 a–c shows the dynamical behavior of the interfacial distance
between the two Fe surfaces in each of the systems at three different
load values. During the sliding, the interfacial distances, after an initial
adjustment, fluctuate around a stable value, which is reached somewhat
later for the systems at the higher 1.5 GPa and 2.0 GPa loads. Overall,
the stability of the BG SAM layer is very well maintained up to the
2.0 GPa load.

The resistive, friction, force per atom was evaluated averaging the
atomic forces on the iron atoms which were subjected to either velocity
or position constraints, i.e. the topmost and the bottom-most Fe atoms.
The values are converted to GPa units using the cell area. Fig. 8 d–f and
Table 2 show that in the 0.5 – 2.0 GPa load range, thanks to the pre-
sence of the BG-molecule SAM anchored on the lower Fe surface, the
friction force is dominated by the van der Waals interactions between
the upper iron surface and the hydrocarbon chains of the BG molecules
and is therefore reduced to very low values, compared to the case of
bare Fe surfaces. The resistive forces increase slightly with increasing
applied loads, while the opposite occurs for the interfacial separation
between the two Fe slabs with decreasing z distances. Such decrease at
higher loads in the separation between the two slabs, i.e., in the height
of the SAM, accompanied by the friction increase is in an agreement
with the general trends in tribological experiments.

The same tendencies were observed in the three different size sys-
tems. The average interfacial distance as a function of applied load
shows an excellent agreement among the systems, with a maximum
deviation in the z of ∼0.16 Å between the Fe-6BG and the Fe-54BG
systems at 2 GPa (Table 2). The friction forces of the Fe-54BG and of the
Fe-72BG systems are fully consistent between themselves for all loads,
while the corresponding values are slightly higher for the Fe-6BG
system, although still within the error bars which are relatively large for
these smaller systems despite the long averaging simulation time. This
result highlights the importance of using systems sizes large enough in
the simulations, with increasing size much more effective than in-
creasing time to obtain better statistics for the frictional properties.

Finally, the behavior of the Fe-54BG system was investigated to
explore the effects of varying the applied sliding velocity. As it can be

Fig 6. (a–c) RDF of atomic pairs in the Fe–6BG system obtained during the thermalization at 300 K and 1 GPa for 4 (10) ps. Snapshots of the Fe–6BG configurations
after the relaxation at 1 GPa by AIMD (d), DPMD (e), and ReaxFF (f). Snapshots of the OH bond dissociation and the Fe–H bond formation between at the Fe–BG
interface during the thermalization of the Fe–6BG system at 1 GPa and 300 K: (g) by AIMD at 0.3 ps and (h) by DPMD at ∼3 ps. In (d-h) snapshots the Fe atoms of the
upper substrate have been removed for clarity and dashed lines show hydrogen bonding. Atom color codes as for Fig. 1.

Fig. 7. A snapshot of the Fe-72BG system after relaxation at 1.0 GPa load where
the BG SAM is stabilized by the Fe-O bond formation at the interface.
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seen in Fig. 9 there is no significant dependence of the interfacial
distance from the value of the imposed sliding velocity, a finding
which is consistent with the contemporary only mild increase of the
resistive forces at higher velocities. The system remains in the low
friction conditions and show a consistent monotonic behavior with
respect to the variation of the applied load at all values of the ve-
locities. Table 3

4. Discussion

To further investigate the structural changes in the system in re-
sponse to tribological conditions, we have analyzed the RDFs of the
interfacial atomic pairs, comparing the results separately collected in
the first 20 ps of the thermalization and in the last 20 ps of the sliding,
under loads of 1.0 GPa and 2.0 GPa. The results in Fig. 10 clearly
shows structural changes associated with the modifications of the in-
terfacial bonding which are represented by the different heights of the
first peak of the RDFs. Particularly at 1.0 GPa, the peak at ∼1.7 Å in
the Fe–H RDF is substantially enhanced, indicating the detachment of
H atoms from the molecular OH bonds and their subsequent adsorp-
tion on the Fe surface. Particularly, one can see that at the same time
the distance of the first peak in the Fe–O RDF decreases from ∼2.17 Å

to ∼2.08 Å, i.e. the OH bond dissociation is accompanied by the
transformation of Fe–OH bonds into shorter Fe–O bonds, together
with the establishment of Fe–O–C bridges. This process is in line with
the DFT predicted result shown in Fig. 1c and plays a critical role to
stabilize the SAM. [60] Finally at 2.0 GPa (Fig. 10b), one can observe a
high degree of H dissociation and Fe–O–C bond formation already
present during thermalization (Fig. 10c), indicating that the more
severe condition facilitates OH dissociation. The sliding leads to a
more pronounced presence of these events as shown by sharper peaks
of Fe–O and Fe–H RDFs. Meanwhile, the Fe–C peaks remain almost
unchanged up to 2 GPa, which confirms the stability of the SAM
packing as upright configurations. In the one nanosecond simulations
under sliding conditions, no Fe-O bond breaking was observed. This
can be explained by the fact that the BG layer is chemisorbed onto the
lower surface with stable Fe–O chemical bonds while there are only
weaker van der Waals interactions between the hydrocarbon chains of
the BG layer and the atoms of the upper iron surface. This weak in-
teraction is not enough to make it probable in the given timeframe to
observe Fe–O bond breaking at the lower surface, where the BG SAM
is tightly packed adsorbed on the Fe substrate, leaving no vacant space
for the molecules to move horizontally on the surface. This result
confirms the stability of the BG SAM, which is an important feature for

Fig. 8. Interfacial distance as a function of sliding time in Fe–6BG (a), Fe–54BG (b) and Fe–72BG (c) systems. Interfacial distance (d) and resistive force (e) as a
function of applied load. The resistive force as a function of interfacial distance (f).

Table 2
Results for the Fe–Fe separate distance z between top and bottom iron layers, and the average friction force Fx per area for Fe-6BG, Fe-54BG and Fe-72BG
systems.

Load z /Å F /GPax

Fe–6BG Fe–54 BG Fe-72BG Fe–6BG Fe–54 BG Fe-72BG

0.5 GPa 11.952 12.005 11.977 0.015 0.010 0.009
1.0 GPa 11.590 11.569 11.559 0.024 0.015 0.013
1.5 GPa 11.250 11.248 11.202 0.026 0.019 0.018
2.0 GPa 11.107 10.949 10.991 0.023 0.022 0.020
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friction reduction. Furthermore, on the longer times one can see the
diffusion of detached hydrogen atoms into the Fe substrate (Fig. 10d),
occurring under sliding conditions (see also Video S1 in the
Supporting Information). However, the process only contributes with
a minor effect on frictional properties which are governed by the in-
teraction of the hydrocarbon tails with the upper Fe substrate. [62]

Supplementary material related to this article can be found online at
doi:10.1016/j.commt.2024.100005.

In conclusion, in this work we show how, for the first time, a deep
neural network potential has been trained to accurately describe, with
the same “quantum accuracy” attained at the DFT level but with the

much lower computational cost of classical MD, the tribochemical dy-
namics of a model system in which a new class of eco-friendly lubricant,
i.e. gallate molecules is used as an additive for reducing friction be-
tween two ideal iron surfaces sliding under load. One key aspect behind
the efficiency as lubricant additive of the BG molecules unveiled by our
simulations can be identified in the strong anchoring of the BG mole-
cules to the iron surface which leads to the formation of strong Fe-O-C
bridges made possible by hydrogen dissociation from OH bonds close to
the iron surface. Hints at such a possibility came initially from our static
DFT adsorption calculations and its enhancement in tribological con-
ditions was duly confirmed by the extensive DPMD simulations with the

Fig. 9. (a) Average friction force Fx per area and (b) Fe–Fe interfacial separations z as a function of sliding velocity.

Table 3
Results for the Fe–Fe separate distance z between top and bottom iron layers, and the average friction force Fx per area as a function of sliding velocity for Fe-
54BG system.

Load
Velocity

z /Å F /GPax

0.5 GPa 1.0 GPa 1.5 GPa 2.0 GPa 0.5 GPa 1.0 GPa 1.5 GPa 2.0 GPa

25 [m/s] 11.992 11.589 11.270 10.936 0.014 0.016 0.018 0.020
50 [m/s] 12.005 11.569 11.248 10.949 0.010 0.015 0.019 0.022
75 [m/s] 12.004 11.566 11.254 10.982 0.013 0.018 0.028 0.029
100 [m/s] 11.994 11.581 11.231 10.963 0.016 0.020 0.025 0.038
150 [m/s] 11.995 11.581 11.261 10.993 0.027 0.052 0.063 0.075

Fig. 10. RDF of interfacial pairs of the
Fe–72BG system averaged during (a) the first
20 ps of thermalization and (b) the last 20 ps of
the sliding at 1.0 and 2.0 GPa. (c) Snapshots of
the configurations of the Fe-72BG system at
100 ps of the thermalization (c) and at 1 ns of
the sliding at 2 GPa. The dotted green line in
(d) highlights a region where hydrogen atoms
are visible while diffusing into the Fe substrate.
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trained NN potential model. On the contrary, we found that this me-
chanism simply cannot be reproduced in simulations using reactive
force-fields as it does not occur even under harsh conditions in sliding
simulations under loads. With such strong anchoring stabilizing the
structure of the SAM, low friction arises from the resulting weak,
mainly van der Waals, interactions between the hydrocarbon chains
and the opposed iron surface.

To successfully train the BG-DNN15 potential model from ab initio
data, it has been essential to include in the active learning procedure
configurations generated under very harsh tribological conditions, and
to perform a number of additional validation tests by direct comparison
with AIMD simulations on a small-scale model system before con-
ducting long time simulations with large system by DPMD using the
trained potential model. Our work indicates that neural network-based
potentials can be practically applied to study reactions in complex tri-
bological systems, providing atomistic insights that can greatly enhance
the comprehension of real-time experiments. We plan to expand the
current BG-DNN15 model to explore the effects of the lubricant mole-
cule chain length and the related mechanisms underlying friction and
wear reductions for the gallate class of green lubricant additives.
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