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Zinc dialkyldithiophosphate (ZDDP) remains one of the most effective antiwear additives, yet the
tribochemical mechanisms leading to its characteristic tribofilm formation have been debated for over
80 years. A molecular-level understanding of these reactions is crucial for designing environmentally
friendly alternatives with comparable performance. Although experimental studies have identified
the main constituents of the ZDDP tribofilm—namely FeS and a glassy Zn/Fe polyphosphate net-
work—the mechanistic details of its formation remain incomplete. Computational simulations offer a
unique means to probe these buried interface phenomena; however, density functional theory (DFT)
provides the required chemical accuracy only at prohibitive computational cost, while conventional
molecular dynamics (MD) lacks the necessary fidelity. To address this challenge, we developed the
first Machine Learning Potential (MLP) specifically tailored for modeling ZDDP tribofilm forma-
tion. Using this MLP, we investigated film growth on Fe interfaces of varying reactivity, including
Fe(110), Fe(210), Fe surfaces with asperities, and oxidized Fe. Our results reveal that the forma-
tion of linkage isomers through alkyl-chain transfer—described as S-to-O substitution within the
molecule—is a key step in generating the polyphosphate networks characteristic of ZDDP-derived
tribofilms. These simulations provide the first comprehensive, atomistically resolved picture of the

dynamic processes governing ZDDP tribofilm formation.

I. INTRODUCTION

For nearly eight decades, Zinc Dialkyldithiophosphates
(ZDDPs) have played a pivotal role as lubricant additives
in both industrial and automotive applications. These
molecules feature a reactive core composed of zinc, phos-
phorus, sulfur, and oxygen, with varying alkyl chains.
Their effectiveness arises from the formation of a protec-
tive tribofilm under high temperature and extreme tri-
bological conditions, a process that remains a subject
of continuing debate within the tribology community[1].
However, concerns about ZDDP’s environmental impact
are increasing, as its decomposition products can degrade
catalytic converters in vehicle exhaust systems and con-
tribute to harmful emissions[2, 3]. A deeper understand-
ing of tribofilm formation could therefore enable the de-
sign of alternative additives with a lower environmen-
tal footprint while maintaining or even enhancing per-
formance.

Structurally, ZDDP-derived tribofilms comprise a
sulfur-rich interfacial layer covered by zinc and iron phos-
phate compounds. The phosphate layer exhibits a com-
positional gradient, with short-chain phosphates near
the substrate and longer-chain polyphosphates closer to
the surface. Continuous rubbing leads to phosphate
chain shortening, which strengthens the film and im-
proves wear resistance[4]. Despite extensive investiga-
tion, the complex sequence of chemical and mechanical
steps that drive tribofilm growth remains only partially
understood. Current models suggest a multi-step mech-
anism involving[1, 5]: (i) adsorption of ZDDP molecules
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on ferrous surfaces via sulfur atoms; (ii) formation of
iron and zinc sulfide or sulfate species; (iii) alkyl trans-
fer reactions between oxygen and sulfur atoms, leading
to linkage isomer intermediates; (iv) polymerization of
phosphate units into zinc and iron polyphosphates; and
(v) gradual depolymerization and reorganization during
sliding.

As highlighted by Spikes in his recent review, which
summarizes two decades of research on ZDDP, several
key questions remain open[l]. These include: (i) the de-
tailed reaction mechanism leading from adsorbed ZDDP
to the initial sulfide layer, (ii) the molecular pathways
governing phosphate network formation, (iii) the chem-
ical and mechanical routes leading to film removal, and
(iv) whether the transfer of alkyl groups from oxygen
to sulfur, forming the di(thioalkyl)phosphate linkage iso-
mer, plays a key role in driving tribofilm formation.

While experimental approaches have provided impor-
tant insights, probing these atomic-scale mechanisms in
situ remains challenging. Computational methods such
as ab initio and reactive molecular dynamics simula-
tions have clarified the early adsorption, decomposition
and sulfur elimination steps, as well as providing evi-
dence for alkyl transfer, olefin elimination, and phos-
phate polymerization[6-11]. However, these approaches
are either computationally expensive or unable to accu-
rately capture bond formation and breaking at tribolog-
ical timescales. Consequently, a predictive atomistic pic-
ture of tribofilm growth is still lacking.

Another factor that significantly influences tribofilm
formation is the reactivity of the substrate. Surface com-
position, crystallographic orientation, and oxidation de-
termine how ZDDP molecules adsorb, decompose, and
react to form the initial sulfide layer[8, 9]. Similarly, the
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different surface energies of Fe(110) and Fe(210) facets
can alter adsorption energies and reaction barriers, influ-
encing both the nucleation rate and the chemical com-
position of the resulting film. These effects are crucial
for understanding how tribofilms develop under realistic
conditions, where surface roughness and oxidation dy-
namically evolve during sliding.

A promising concept is that linkage isomers, alter-
native molecular forms of ZDDP obtained via S-to-O
substitution, may play a central role in tribochemi-
cal reactivity[6, 7, 12]. These isomers, denoted LI1-
ZDDP and LI2-ZDDP (one and two S-to-O substitu-
tions, respectively), are more stable than the parent
ZDDP molecule and they display distinct dissociation
pathways and bonding patterns under load. Our calcu-
lations demonstrated that such isomerization stabilizes
phosphate and phosphite groups, suggesting a potential
influence on tribofilm nucleation and growth[12].

Building on these insights, the present study com-
bines density functional theory (DFT) calculations and
machine learning molecular dynamics (ML-MD) simula-
tions to investigate ZDDP and its linkage isomer LI2-
ZDDP confined between Fe interfaces under realistic
tribological conditions of load, temperature, and slid-
ing. Machine Learning Potentials are developed through
our Smart Configuration Sampling (SCS) active-learning
protocol[13], which is specifically designed for tribology,
and employs an iterative process to produce a complete
DFT dataset (and train a potential) that captures the
wide variety of tribological phenomena for the chosen
system and conditions. This approach enables chemi-
cally accurate yet computationally efficient simulations
of tribochemical reactions at scales significantly larger
than those accessible by ab initio methods. By com-
paring ZDDP with its LI2-ZDDP linkage isomer across
Fe interfaces of different reactivity (Fe(210), Fe(110),
and oxidized surfaces), we directly explore how molecu-
lar isomerization and substrate reactivity affect tribofilm
formation mechanisms and polyphosphate growth rates,
thereby addressing several outstanding questions identi-
fied in the literature.

II. METHODS
A. MLP training

This work employs two machine learning potential
(MLP) architectures: MACE [14][15], selected for its ex-
cellent accuracy (at the price of higher computational
cost), and DeePMD-kit [16] (with the se_e2_a descriptor),
whose high computational efficiency makes it particularly
suitable for large-scale molecular dynamics (MD) simu-
lations. The most crucial aspect to build accurate MLPs
is the ab initio (DFT) dataset used to train them, which
should contain a large amount of diverse and independent
atomic configuration (with the associated DFT energies
and forces) to extensively cover the configuration space

that will be explored during MD simulations.

The first stage of this study involved the construction
of an initial dataset to train a preliminary version of the
MLP, required as starting point in the active learning
framework. To generate the atomic structures for the ini-
tial dataset, we performed MD simulations in LAMMPS
[17] using the pretrained universal neural network po-
tential CHGNet[18], producing long time-scales trajec-
tories to be sampled and computed at the DFT level.
In this phase, we considered the following systems: (i)
ZDDP molecules and ZDDP isomers in a periodic box
at temperatures ranging from 100 K to 5000 K, and (ii)
ZDDP and ZDDP isomers molecules interacting with an
Fe(110) slab at temperatures between 100 K and 1400 K.
The use of elevated temperatures facilitated sampling of
high-energy configurations, which are essential for con-
structing a robust training dataset that produces stable
potentials even in harsh tribological conditions. Trajec-
tories from these simulations were subsequently sampled
to extract the most diverse and uncorrelated configura-
tions, for which energies and forces were computed with
DFT using the plane waves code of Quantum ESPRESSO
(version 7.3)[19-21]. Specifically, we performed spin-
polarized calculations with a kinetic energy cutoff for
the wave functions of 60 Ry, and a cutoff for charge
densities of 480 Ry. The exchange-correlation func-
tional was described using the generalized gradient ap-
proximation (GGA) within the Perdew-Burke-Ernzerhof
(PBE) parametrization[22]. We used PAW (Projector
Augmented-Wave) pseudopotentials and included a gaus-
sian smearing with a 0.00735 Ry width. Finally, dis-
persion interactions were included using the Grimme-D3
correction scheme|[23].

The resulting initial dataset, comprising 710 frames,
was later expanded by incorporating additional systems
through our group’s Strategic Configuration Sampling
(SCS) active learning framework, whose workflow is ac-
curately described in Ref. [13]. The software enables the
simultaneous execution of the active learning procedure
across multiple systems. This capability allowed us to
incorporate a broad range of systems relevant to ZDDP
tribofilm formation, including:

e diverse ZDDP molecules, such as linkage iso-
mers (obtained through S-to-O exchange within
the molecule [12]), oxidized derivatives (obtained
through S-to-O substitution [12]), and molecules
with different terminal groups (e.g., methyl, pri-
mary butyl, secondary butyl);

e various Fe-based substrates, including bulk phases,
crystalline surfaces (e.g., (110), (210), (100)), defec-
tive surfaces with vacancies and steps, Fe surfaces
partially passivated with oxygen (25% coverage),
and also interacting with Os and HoO molecules to
explore spontaneous surface oxidation;

e bulk compounds representative of species com-
monly identified in ZDDP tribofilms, namely
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ZIIS7 ZIIO, ZHFGQ(PQO7)2, Zn2P207, an(PO4)2,
FePOy, and FeSs. For these systems, a melt-quench
protocol was applied during the exploration stage
to generate amorphous bulk structures; then vac-
uum in the z direction was added to each generated
bulk to sample also the corresponding surfaces;

e combined systems consisting of ZDDP molecules
interacting with the aforementioned substrates un-
der tribological conditions.

The active learning protocol was initially carried out us-
ing DeePMD MLPs, and MACE was used for the final
iterations involving oxides, to produce a final dataset
(16590 structures) that comprises all the aforementioned
systems. Overall, three neural network potentials were
employed for the molecular dynamics simulations: (i) a
DeePMD-kit model (from now on referred to as DP),
trained on an earlier version of the dataset that does
not contain iron oxides, (ii) a MACE model (referred
to as MACE), trained on a later version of the dataset
that contains more structures for each system (and a
few iron oxides-related structures), and (iii) a fine-tuned
MACE model (referred to as MACE-FT), based on the
pretrained universal potential MACE-MATPES-PBE-0
[24] [25] and trained by multi-head finetuning on the lat-
est version of our dataset which includes a larger amount
of iron oxides-related configurations. Each of these po-
tentials were validated against the DFT reference data.
In particular, we assessed their accuracy in two ways:
with ”physical” tests (dissociation energies, isomerization
energies, and reaction barriers over a few notable reac-
tion pathways), and ”synthetic” tests, checking the agree-
ment between predicted and reference DFT forces over
the dataset through parity plots (both against their own
training datasets, and the final dataset). All these tests
can be found in the Supplementary Information (SI).

B. Molecular Dynamics Simulations

Once the reliability of our trained MLP was assessed,
we performed different sets of molecular dynamics simu-
lations. To do so, we used the LAMMPS [17] software,
which supports the use of both MACE and DeePMD-kit
potentials as force fields.

‘ external load

sliding velocity

Fe

o o

FIG. 1: One of the system used for molecular dynamics
simulations.

The simulated systems, an example of which is de-
picted in Fig. 1, consisted of different size and orientation
of Fe slabs intercalated with a molecular layer composed
either of normal ZDDP molecules or LI2-ZDDP link-
age isomers, obtained by double S-to-O exchange within
the molecule[12]. The initial positions of the molecules
within the interfacial region were obtained by random
packing using the Packmol code [26].

In particular, four different surface geometries were
considered:

e Fe(110): this is the most stable (lowest surface
energy) Fe surface orientation. We used a cell
size of 5.73 nm  5.26 nm  9.47 nm, containing
250 molecules within an interface of two specular
Fe(110) slabs (1.15 nm thick), for a total of 14030
atoms.

e Fe(210): representative of a more reactive, rougher
iron surface. We used a cell size of 5.76 nm  5.15
nm  9.50 nm, containing 250 molecules within an
interface of two specular Fe(210) slabs (1.25 nm
thick), for a total of 13230 atoms.

e FeOx oxidized Fe(210) surface: a pseudo-
amorphous oxide layer was included by sponta-
neous passivation from a mixture of Oy and H,O
through molecular dynamics simulation (details are
reported in the SI). We used a cell size of 11.50
nm 5.15nm  12.50 nm, containing 500 ZDDP
molecules within an interface of two specular oxi-
dized Fe(210) slabs ( 1.50 nm thick, with a 0.7
nm surface oxide layer), for a total of 30885 atoms.

* large scale geometry with a Fe tip: this aims to sim-
ulate an asperity on the upper slab, with Fe(110)
as the main surface and Fe(210) on the sides. The
counter surface (lower slab) is Fe(110). The cell
size is 20.93 nm  4.87nm  25.56 nm, containing
700 molecules for a total of 99348 atoms.

In all the simulations, the bottommost Fe layer was
fixed whereas the remaining atoms were divided into
groups corresponding to lower/upper Fe slabs and con-
fined molecules. Temperature control was applied sep-
arately to the Fe substrates and molecular layer using
Nosé-Hoover thermostats. Two independent, same-T
thermostat regions placed at the cell boundaries, spa-
tially separated from the shearing interface, have been
employed. Only these boundary “reservoirs” are ther-
mostatted; the interfacial slab evolves according to the
standard Newton’s equations of motion with imposed ex-
ternal load and constrained constant relative velocity for
the outmost iron layers.

For the flat Fe(110) and Fe(210) surfaces the MACE
potential was used, while we employed the MACE-FT
model and the DP model for the oxidized Fe(210) and
the large scale tip geometry, respectively.

To obtain further insights into the characteristic of
linkage isomers, we performed an ab initio molecular dy-
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namics simulation of a 1A 15A 18 A box contain-
ing 2 LI2-ZDDP molecules at 450 K temperature for 3
ps. We used the same computational parameters of the
DFT calculations for the dataset; the integration of the
equation of motions was performed through the Verlet
algorithm with a timestep of 1.45 fs, using the Bussi-
Donadio-Parrinello (SVR) thermostat [27] to control the
temperature.

Finally, Nudged Elastic Band (NEB) calculations [28]
have been performed to evaluate the energy barriers
across di erent transition states observed in the molecu-
lar dynamics simulations. We used the NEB module of
Quantum Espresso, again with the aforementioned com-
putational parameters, including 10 images (two xed ex-
trema and 8 optimizable), with a force threshold of 0.05
eV/ A on the elastic band and enabling climbing image.

I1l.  RESULTS AND DISCUSSION
A. Testing of MLP's Accuracy

To assess the accuracy of the machine learning poten-
tials (MLPs) developed in this work, we generated parity
plots comparing atomic forces predicted by the models
against ab initio reference data. The parity plots ob-
tained for the MACE MLP are enclosed in the Supple-
mentary Information, in Fig. S1. For most systems in
the training dataset, the agreement between MLP forces
prediction and DFT forces is excellent, as the major-
ity of the force values cluster tightly around the diag-
onal, with only minor deviations at higher force magni-
tudes. Larger deviations are obtained for Fe surfaces,
which contain defects and steps, either manually intro-
duced or resulting from the high temperatures and pres-
sures of the simulations from which they were sampled.
In these non-equilibrium geometries, subtle changes in
magnetic ordering or spin polarization can lead to sig-
ni cant variations in local forces, making them inher-
ently more challenging both at the DFT level itself and
in training the MLP. A more detailed discussion on this
is included in the Sl. However, even considering these
larger discrepancies, the resulting root-mean-square er-
ror (RMSE) on the predicted forces falls well within the
widely accepted range of 0.15-0.5 e\A for reliable in-
teratomic potentials, con rming that the models capture
the relevant physics with good delity[29, 30]. The active
learning cycle allowed the dataset to progressively sample
diverse atomic environments, spanning both equilibrium
and non-equilibrium regions, which further enhanced the
robustness of the trained potential. These results in-
dicate that the SCS-generated potential can reproduce
reference-level forces with su cient accuracy to be used
in large-scale molecular dynamics simulations beyond the
reach of direct ab initio methods. An extended compar-
ison on the accuracy of the three MLPs (DP, MACE,
MACE-FT) employed in this work is reported in the Sl,
with comparison of predicted force errors on the DFT

dataset (Fig. S2), and on a few notable reaction pathways
by recomputing energies resulting from NEB calculations
performed with DFT (Fig. S4 and Fig. S5). To further
assess the reliability of our MLPs, we benchmarked dis-
sociation and isomerization energies against referenab
initio data. Table | summarizes the calculated isomer-
ization and dissociation energies obtained with density
functional theory (DFT) and the three machine learning
potentials. The con gurations used for the three disso-
ciative pathways correspond to those presented in our
previous work Ref.[9]. For the isomerization energies, we
considered the single and double S-to-O substitutions,
corresponding to the LI1-ZDDP and LI2-ZDDP struc-
tures described in Ref.[12]. A summary of the consid-
ered con gurations is also reported in the Sl, Fig. S3.
Di erently from all the other MLP tests, in this case we
relaxed the structures with each MLP instead of simply
calculating the static energy.

DFT DP MACE MACE-FT
LI1-ZDDP -0.15 0.28 -0.07 -0.13
LI2-ZzDDP -0.16 1.05 0.06 -0.06
Dissociation 1 -5.40 -6.03 -5.11 -
Dissociation 2 -6.89 -7.14 -6.36 -6.64
Dissociation 3 -10.92 -11.59 -10.73 -10.72

TABLE I: Test of MLP models accuracy on isomerization
energies for the two linkage isomers (LI1-ZDDP and
LI2-ZDDP) with respect to the normal ZDDP molecule, and
dissociation energies for three dissociative con gurations of
the normal ZDDP, represented in Fig. S3.

It is worth noting that the DFT energies reported here
di er slightly from those shown in the reference, due to
minor variations in the computational setup employed.
The two isomerizations (LI1-ZDDP and LI2-ZDDP) ex-
hibit small energy dierences at the DFT level, with
values of {0.15 and {0.16 eV, respectively. The DP
model signi cantly overestimates the isomerization ener-
gies, predicting them to be thermodynamically less stable
than regular ZDDP, particularly for LI2-ZDDP, whereas
both MACE and MACE-FT yield results much closer to
the DFT reference, with MACE-FT being the only one
that correctly predicts both as more thermodynamically
stable.

For the dissociation reactions, all machine learning
models qualitatively capture the energetic trends pre-
dicted by DFT. The DP model tends to slightly over-
bind, leading to more exothermic dissociation energies
(by roughly 0.3{0.6 eV), while MACE achieves better
guantitative agreement across all cases. The ne-tuned
MACE-FT model shows the best overall correspondence
with DFT, particularly for Dissociation 2 and 3, where
deviations are below 0.3 eV. For dissociation 1, the
MACE-FT value is not reported, as a further dissociation
occurred, making the direct comparison not applicable,
but this is not regarded as an issue given the extremely
low dissociation barriers that are involved in these pro-
cesses.
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FIG. 2: Final snapshot of MD simulation of Fe(110)-Fe(110) interface with ZDDP (a) and LI2-ZDDP (b) at 2 GPa load and
450 K and 50 m/s sliding velocity after 30 ns, highlighting clusters containing Zn,S,Fe (left) and Zn,P,0,Fe (center), with
planar-averaged atomic density (right).

B. E ect of Substrate Reactivity and Linkage
Isomers on Tribo Im Formation

Zinc dialkyldithiophosphate (ZDDP) is known to form
protective tribo Ims on a wide range of surfaces, from fer-
rous substrates to ceramics. The strength and durability
of these tribo Ims, however, depend strongly on the un-
derlying substrate. Furthermore, numerous phenomena
in uence the rate and stability of tribo Im growth, lead-
ing to a complex interplay of factors that are often chal-
lenging to disentangle experimentally. In this work, we
investigate the in uence of di erent substrates on ZDDP
tribo Im formation.

We rst examined the most energetically stable Fe
surface, namely Fe(110). To assess the e ect of en-
hanced surface reactivity, we then simulated Fe(210)
surfaces. These simulations were performed using the
MACE model. Next, to explore geometric e ects, we
simulated a large-scale Fe interface featuring an asper-
ity. Due to the size of this system, nearly 100,000 atoms,
we employed the DP model, which provides lower com-
putational costs while maintaining reasonable accuracy.
Finally, to evaluate the impact of surface chemistry, we
included oxidized Fe surfaces. As simulations of Fe ox-
ides are particularly challenging, we used the MACE-FT
model, which was ne-tuned on our dataset starting from
a pretrained universal potential. Although the ne-tuned
model has a higher computational cost compared to the

P-O-P O-Fe-O‘Zn-O-Zn Zn-S-Zn

Fe(110)-N 0 6 89 191
Fe(110)-LI2 82 11 19 184
Fe(210)-N 0 3 43 297
Fe(210)-LI2 76 79 20 179
Fe tip-N 1 42 6 624
Fe tip-LI2 262 111 26 385
FeOx -N 22 - 21 153
FeO,-LI2 65 - 37 146

TABLE II: Number of A-B-C bonds at the end of the MD
simulation for the di erent surface-molecule combination.
Normal (N) ZDDP does not form polyphosphate networks
(P-O-P) on non-oxidized Fe, while LI2-ZDDP forms large
Zn/Fe polyphosphate clusters with O atoms bridging Fe/Zn
cations to the phosphate network. For the oxidized surface, a
small amount of polyphosphates in observed also for normal
ZDDP. Both normal and LI2 ZDDP form ZnS, in larger
amount for normal ZDDP compared to LI2. The horizontal
lines separate the di erent groups of simulations that are not
directly comparable in absolute values due to the di erent
system sizes and number of molecules. For oxidized surfaces,
the O-Fe-O bond count was not reported as not meaningful
since those bonds are also present in the oxide layers.

MACE model trained from scratch (due to the larger
cuto radius of the pretrained potential), we used it to
ensure higher delity.
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