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A B S T R A C T   

The continuous development and improvement of interatomic potential models for oxide glasses have made 
classical molecular dynamics a powerful computational technique routinely used for studying the structure and 
properties of such materials on a par with the more advanced experimental techniques. 

In this brief review, we retrace the development of the most used interatomic potential models from the 
earliest MD simulations up to now with a look at the possible future developments in this field due to the advent 
of the machine learning era and data-driven methods.   

1. Introduction 

Since its first application to the investigation of the structure of vit
reous silica in 1976, [1] classical Molecular Dynamics Simulations have 
become an effective and indispensable technique to study the complex 
atomic structure and the structure-properties relationships in glassy 
materials. Despite significant progress witnessed in the last decades, the 
application of MD simulations to study glasses and in particular multi
component systems still faces several challenges. 

In this short review, we will focus on the most critical ingredient of 
classical MD simulations: that is the interatomic potentials. Firstly, the 
ability to perform MD simulations of a particular glass composition is 
limited by the availability of the interatomic potential parameters for 
the interacting elements in the system. Secondly, the accuracy and 
validity of the results are largely determined by the quality of the 
interatomic potential model used and its parameterization. 

An alternative approach to overcome these limitations would be to 
resort to ab initio MD simulations in which the forces are obtained from 
accurate first principle calculations. [2] If the first principle theory used 
can adequately describe the chemical bonding in the system this 
approach is more general and can be applied to any glass system. 
However, the price to pay is the extremely high computational cost, 
which limits its applicability to relatively small systems (up to a few 
hundreds of atoms) for a short timescale (tens of picoseconds). For these 
reasons, this technique is mainly used to study the short-range structure 
and vibrational dynamics of systems for which reliable force fields have 
not been developed yet or when a higher accuracy must be reached. 

In the following sections, we will concentrate on the empirical force 

fields mostly used in the past, nowadays, and on the models that will be 
probably developed in the future. The discussion will be limited to the 
interatomic potential models for multicomponent oxide glasses. 

2. A historical overview of interatomic potentials models 

In atomistic computer simulations, the total potential energy (U) of a 
system containing N atoms is generally broken down into various terms, 
such as individual (Ui), pair (Uij), three-body (Uijk), and higher-order 
terms depending on the chemical-physical features of the system 
under study. 

U =
∑

i
Ui +

∑

i

∑

j>i
Uij +

∑

i

∑

j>i

∑

k>j>i
Uijk +… (1) 

The first term represents the effect of an external field on the ith atom. 
The second term represents the potential between the ith and jth atoms 
and the third term represents three-body interactions between three 
atoms. 

In the past 40 years, a multitude of interatomic potential models has 
been developed and applied to study the structure and properties of 
oxide glasses. In the following, the different force fields have been 
grouped based on three major models: i) the rigid ionic models; ii) 
polarizable models and iii) reactive force fields. 

2.1. The rigid ionic models 

In the early investigations carried out between 1976 and 1985, 
[1,3–9] it was common to approximate the total energy by using only 
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two-component terms based on the Born-Mayer-Huggins (BMH) poten
tials composed of a long-range Coulomb term and a short-range term to 
mimic the repulsion between electron charge clouds: 

Uij(r) =
qiqje2

r
+

(

1+
qi

ni
+

qj

nj

)

bije[(σi+σj − r)/ρij ] (2) 

In this expression, q is the charge on atoms i and j, e is the proton 
charge, n is the number of outer shell electrons, σ is a distance parameter 
characteristic of the ionic radius, and b and ρ are constants. In some 
cases, a modified BMH potential in which the Coulomb term is attenu
ated by an errfc function and the second short-range term is replaced by 
a term of the type Aije− r/ρij could be found. 

By using a functional form of this type, full formal charges (Si4+, O2−

etc.…) on the constituting ions but different potential parameters, 
Woodcock et al. [1] were the first to simulate the vitreous transition and 
structure of pure silica; Soules [3–5] simulated the structure of some 
sodium silicate, soda-lime glass, sodium borosilicate, sodium-potassium, 
and aluminosilicate glasses whereas Garofalini et al. [8,9] investigated 
the bulk and surface structure of vitreous silica and alkali silicate 
glasses. 

These simulations produced random network silicate structures as 
proposed by Zachariasen. [10] The sodium ions create non-bridging 
oxygens (NBOs) and occupy interstitial sites with a not well-defined 
coordination environment. Ribbons and sheets of regular BO3 triangles 
linked through apices made up the structure of vitreous B2O3. In boro
silicate glasses, the conversion of BO3 to BO4 units was observed with 
the addition of sodium ions whereas in sodium aluminosilicate glasses 
aluminum was always found to prefer four-fold coordination. [3] 

Despite the interesting results of these pioneering and fundamental 
works, the comparison with experimental measurements (X-ray and 
Neutron diffraction, RAMAN, and NMR spectroscopy), the high amount 
of over-coordinated silicon ions, and the irregular tetrahedral geometry 
of the SiO4 units found in MD-derived structures revealed that the co
valent nature of the Si-O bond was too strong to be neglected. As for 
borates and borosilicate glasses, no boroxol rings (planar 6-membered 
rings of B and O) have been observed with pair-wise interatomic 
models [3,5,11,12] as instead identified by the extremely sharp line at 
808 cm− 1 in the Raman spectrum [13] and quantified by neutron 
diffraction [14] and NMR experiments. [15] 

To the best of our knowledge, Feuston and Garofalini were the first to 
introduce three-body potentials for O-Si-O and Si-O-Si triplets of atoms 
to study pure silica and sodium trisilicate glasses in 1988. [16,17] 
Albeit, a few years before Sanders et al. [18] proposed the first shell- 
model potential with three-body terms for the O-Si-O angle it was 
applied to study α-quartz and other SiO2 polymorphs. In the subsequent 
two years, Vessal et al. [19] and Vashishta et al. [20] also proposed their 
three-body potentials for silica glass. The functional forms were all 
different. In the following, we report only the so-called Vessal-Amini- 
Leslie-Catlow (VALC) potentials because this was extensively used, in 
conjunction with cations-oxygens pair potentials developed for oxides 
by Lewis and Catlow [21] and minerals by Parker et al. [22], to study 
multicomponent oxide glasses in the subsequent years by Huang and 
Cormack, [23–25] Smith, Greaves and coworkers. [26–28] 

In the VALC model, the short-range interactions between different 
ions were modeled by a four-range Buckingham potential of the form: 

Uij(r) = Aije
−

rij
ρij rij < r1  

Uij(r) =
∑5

m=0
Amrm

ij r1 < rij < r2  

Uij(r) =
∑3

m=0
Bmrm

ij r2 < rij < r3  

Uij(r) = −
Cij

r6
ij

r3 < rij < rc (3) 

Where rc is the short-range cutoff, Aij, ρij and Cij are parameters that 
were determined by fitting to experimentally measured crystal struc
tures and properties and the others are constants to be determined to 
spline the function at r1, r2, and r3 making it continuous and derivable. 

Two different forms for the three-body interactions have been used 
with the above two-body potential to describe the O-Si-O and Si-O-Si 
angles, respectively: 

Uijk
(
rij, rik, θijk

)
=

1
4
AijkB2

ijke−
rij
ρ1 e−

rik
ρ2  

Aijk =
kijk

2(θ0 − π)2  

Bijk = (θ0 − π)2
−
(
θijk − π

)2 (4)  

Uijk
(
θijk

)
= kijk

[
ϑn

ijk

(
ϑijk − θ0

)2( ϑijk − θ0 − 2π
)2

−
n
2
πn− 1( ϑijk − θ0

)2
(π − θ0)

3
]

(5) 

With the adoption of the aforementioned potentials, the structures of 
silica glass and alkali silicate glasses obtained by MD simulations were in 
better agreement with experiments not only in terms of Si-O distances 
but also for the intra- and inter-tetrahedral angles. [16,19,20] Therefore, 
a great improvement was observed for the short range-order of oxide 
glasses. The investigations on binary alkali [23,24,26,27,29] and mixed 
alkaline silicate glasses [25,30,31] revealed a heterogeneous structure at 
the atomic level with the alkali-metal ions and non-bridging oxygens 
forming clusters and percolation channels within the silica matrix and 
thus corroborating the modifier random network model proposed by 
Greaves on the bases of EXAFS studies. [32,33] 

Mixed alkali silicate glasses have been also studied in detail by mo
lecular dynamics simulations to understand the microscopic origin of 
the mixed alkali effect (MAE) on ionic diffusivity. [31,34] In general, the 
observation was that albeit the different types of alkali-metal ions are 
rather randomly distributed with respect to one another within the 
alkali-metal-rich regions, their local structure (coordination environ
ment) and site potentials are rather different. As a result, alkali ions 
preferentially jump only to like-ion sites and the MAE has been attrib
uted to the blockage of preferred migration paths in mixed-alkali com
positions (see Fig. 1). [35] 

To better reproduce the B-O-B angle and hopefully also the formation 
of boroxol rings in borates and borosilicates glasses Hirao and Soga [36] 
applied an attractive potential with an exponential form to the B-B in
teractions whereas Inoue et al. [37] included a three-body interaction 
for O-B-O and B-O-B angles by putting a ghost atom with a positive point 
charge on the centroid of both the BO2 and B2O triangles. The latters 
observed boroxol rings, even if with a lower amount (22.5% of boron 
atoms were engaged in boroxol rings) with respect to experiments (that 
ranges between 60 and 80%). [14,15] Despite this quantitative 
disagreement the results were encouraging since they showed that 
structures with boroxol rings could be reproduced by introducing three- 
body potentials. This was due to a better reproduction of the B-O-B 
angles which were distributed around 120◦ in contrast to 160◦

encountered when pair potentials were used. In the wake of these works, 
Takada et al. [38] first and Cormack and Park [39,40] later developed 
and applied coordination dependent partial charge models with three- 
body interactions producing a higher number of boroxol rings (up to 
53% of boron atoms engaged in such superstructural units in v-B2O3). 
However, the side effect was the significant underestimation of the 
density. On the contrary, when the simulations were performed keeping 
the density fixed at the experimental value a lower amount of boroxol 
rings formed and four-fold coordinated boron atoms were observed in 
the simulations. 
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Until the end of the 80s, the parameters of the functional forms used 
to describe the interatomic interactions were derived empirically from 
atomic properties or by fitting against experimental data (crystal 
structures or correlation functions). However, the development of effi
cient software for quantum mechanical calculations soon allowed the 
production of reference data on cluster models of silica structures 
leading to the first QM-derived force-fields for silicates. 

To the best of our knowledge, Tsuneyuki et al. [41] proposed the first 
QM-derived parameters in 1988 by fitting the Potential Energy Surface 
of model clusters of silica computed at the Hartree-Fock level of theory. 
They adopted a rigid ionic potential characterized by the sum of a 
Buckingham and a coulomb pair potentials: 

Uij(r) =
qiqje2

r
+Aije− r/ρij −

Cij

r6 (6) 

To describe the partial covalence of the Si-O bond partial charges of 
2.4 and − 1.2e were assigned respectively to Si and O. This model is 
known by the acronyms of the authors: TTAM. 

A few years later, van Beest et al. [42] showed that cluster calcula
tions could not reproduce well the crystalline structure and properties of 
silica polymorphs and the inclusion of such macroscopic experimental 
data was fundamental. The well-known BKS potentials, which share the 
same functional forms and partial charges of the TTAM one, were then 
proposed. 

These two potentials were widely used to study silica glass by many 
authors. [43–54] It was found that both potentials could reproduce 
fairly well the structure and several thermo-mechanical properties of 
various silica polymorphs and silica glass. A benefit of the employment 
of partial charges to model the partial covalence of the Si-O bond was 
the ability of both models to reproduce well the intratetrahedral O-Si-O 

angle without the necessity of including three-body terms. The elastic 
constants were also in excellent agreement with experimental data with 
respect to the previous potentials that used formal charges and three- 
body interaction terms. However, the lack of any term accounting for 
lone pairs in the oxygen ions and their polarizability is probably the 
main cause for the overestimation of the intertetrahedral Si-O-Si angle. 
Albeit the BKS potential performed better, both potentials were not able 
to reproduce well the vibrational density of states (VDOS) in the com
plete IR spectrum. [55] It must be said that successive studies have 
shown that none of the simple rigid ionic models (comprising the ones 
developed later) can reproduce well the complete range of the vibra
tional spectrum. [56] This might be due to the lack of important 
polarizability effects [56–58] or simply because information on the 
VDOS was not taken into consideration during parameter fitting. 

Despite their wide use, these potentials were not extended to 
multicomponent oxide glasses but were mainly used to study unary and 
binary oxide glasses. The TTAM potentials were extended to alkali sili
cate glasses by Habasaki et al. [59–61] using the same cluster approach 
and exploited by Heuer et al. [62–64] to study the structure, clustering, 
and dynamics of lithium ions in silicate glasses. Instead, the BKS po
tentials were extended to simulate the structure and dynamics of sodium 
silicate glasses. [65–67] 

In the early 2000s, the knowledge acquired from the previous works 
on the benefits of using partial ionic charges was exploited to develop 
two sets of rigid ionic potentials models for multicomponent oxide 
glasses. 

The first force field that appeared in the literature was developed by 
D.M. Teter. To the best of the corresponding author's knowledge, the 
original set of potentials was never published by Teter but communi
cated personally to Du and Cormack, which then modified and 

Fig. 1. The picture shows the percolation channels formed by the alkali polyhedra (Na = yellow, K = grey) in mixed Na, K silicate glasses with compositions 
22.7Na2O–77.3SiO2 (a), 11.35Na2O-11.35K2O-77.3SiO2 (b) and 22.7K2O–77.3SiO2 (c). Panel (d) shows typical adjacent K and Na polyhedral forming bottleneck 
structures for the mobility of the two ions, which have different coordination environments. The picture has been taken from ref. [35]. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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extensively used them starting from 2003. [68–77] Teter's potentials are 
based on the pairwise terms reported in eq. 6 and used partial charges 
consistent with the BKS and TTMA potentials, that is, the charge of 
oxygen is − 1.2e and the cation charges scale proportionally from their 
formal charges to ensure charge neutrality of the overall system (Si: 2.4, 
P: 3.0, Al: 1.8, Ca: 1.2, etc). Following Du and Cormack's works the 
parameters have been modified by fitting on crystals and at the final 
potentials published until 2012 could cover silicates, phosphates, and 
aluminosilicates systems containing alkaline (Li, Na, K), earth alkaline 
(Ca, Sr) and rare earth (Y, La, Er, Eu, Ce) cations. Du and Cormack also 
developed a set of potentials to simulate hydroxyl groups in the bulk and 
on the surface of the glass surfaces. The complete set of potentials 
developed up to 2015 is reported in ref. [78] 

Lately, Deng and Du also developed composition-dependent pa
rameters to reproduce the partitioning between BO3 and BO4 units in 
borate and borosilicate glasses. [79] In particular, the Aij parameter of 
the Buckingham functional form is a function of the maximum value of R 
(=[Na2O]/[B2O3]]), K (=[SiO2]/[B2O3]), and N4 (the fraction of BO4 
units) estimated by the Dell-Bray-Xiao model [80] for the glass of in
terest. This model has been shown to perform well in a wide range of 
compositions [81] but, as it will be discussed later on, it does not 
reproduce well the B-O-B bond angle distributions and the formation of 
superstructural features in borate glasses [82] as all the pair potentials 
models used in the 80s and discussed above. [3,5,11,12] 

When the corresponding author of this manuscript started his Ph.D. 
internship in 2005 at the University of Modena and Reggio Emilia, he 
was asked to simulate the structure of phosphosilicate bioactive glasses 
to complement experimental data produced by internal collaborators 
and understand their properties. At that time, in our research group, we 
were still using models with full formal charges developed by Vessal and 
others described above, which however did not include P-O parameters. 
Therefore, since we were not able to find a completely self-consistent set 
of parameters for our systems of interest we decided to fit our own set of 
parameters. It must also be noted that a year before (during the holidays 
of 2004) the corresponding author worked for a few months in a com
pany that produces polymeric film packages performing, among all, a lot 
of mechanical testing experiments on different polymeric formulations. 
This convinced him of the importance in the industry of such properties 

and thus of the necessity of a set of parameters able to reproduce well 
also the elastic properties of multicomponent glasses. 

Therefore, as done by Teter, we chose to use partial charges 
following the experience of the BKS potential but to describe the short- 
range interactions using a Morse function instead of the Buckingham 
one. We preferred the Morse function because of the more straightfor
ward effect of the parameters on the potential curve (rij influences the 
minimum position, Dij the depth of the well, and aij the curvature). A 
repulsive contribution of the form Bij/r12 was also added to prevent 
atomic collapse at high temperatures and pressures. The functional form 
was 

Uij
(
rij
)
=

qiqje2

rij
+Dij

[(
1 − e− aij(rij − r0

ij)
)2

− 1
]

+
Bij

rij
12 (7)  

where Dij, aij and rij
0 are the parameters for the i-j pairs of the Morse 

function, and Bij is the parameter of the repulsive term acting at short 
distances. 

The potential (often referred to as the Pedone or PMMCS potential) 
was parameterized to reproduce the experimental crystal structures and 
elastic constants of oxides, silicates, and aluminosilicates. [83] The 
complete set of parameters covers the elements highlighted in yellow in 
the periodic table reported in Fig. 2. Subsequently, we included the 
parameters for studying Vanadium [84] and Gallium [85] containing 
glasses and also the hydroxyl groups on silica surfaces [86], which are 
compatible with the hydroxyl-SPC water intermolecular parameters 
developed by Hassanali et al. [87] 

The availability of parameters for a large number of cations-oxygen 
pairs and its ability to predict the mechanical properties fairly accurately 
have made it a popular choice for the study of the structure and prop
erties not only of multi-component oxide glasses but also crystalline 
materials and oxide nanoparticles. [88–96] 

In 2007, Guillet and Sator [97] published another simple force-field 
purposely developed for investigating the thermodynamics, structure, 
and transport properties of silicate melts made up of the nine geologi
cally most abundant oxide components (SiO2, TiO2, Al2O3, FeO, Fe2O3, 
MgO, CaO, Na2O, and K2O). The Guillet-Sator (GS) FF shares the same 
functional form as the BKS, TTMA, and Teter ones but employed 

Fig. 2. Elements of the periodic table covered by the PMMCS (yellow and red), and BMP (green and red) potentials. The parameters of the PMMCS potential of the 
yellow elements are compatible with the parameters for the B, Al, Si, and P used in the BMP potential. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 
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different partial charges consistent with a charge of − 0.945e for O. 
The potential parameters have been determined by constraining the 

MD simulations to reproduce at best the density at zero pressure and the 
structure of a selected set of 11 natural silicate melts covering a large 
range of compositions (from felsic to ultramafic). As for the Teter and 
PMMCS FFs described above, it was assumed that cation–cation in
teractions are governed only by electrostatics (no short-range in
teractions have been included). 

This model has been mainly used in the field of earth sciences to 
model magmatic melts [98,99] in order to find a relationship between 
macroscopic properties (molar volume) and microscopic structure (co
ordination of atoms) and dynamics as a function of the melt composition 
and pressure [100] but it has been also applied to aluminosilicate 
glasses. [101,102] In 2011, Kieu et al. [103] developed an empirical 
potential for sodium borosilicate glasses starting from the GS force field, 
using variable boron-oxygen interaction parameters. A few years ago, 
Wang et al. [104] also extended the GS potential to sodium and calcium 
borosilicate glasses. However, albeit this model is able to reproduce the 
BO4 and BO3 partitioning in borate and borosilicate glass with R < Rmax 
(approximately 0.5–0.6) it fails above this value. [81] Again, no boroxol 
rings are observed in the generated structures. 

Another interesting interatomic potential model is the one developed 
in 2018 by Sundararam et al. [105,106] which is known as the SHIK 
potential (from the authors Sundararam-Huang-Ispas-Kob). The SHIK 
potential has been firstly parameterized for pure silica and then 
extended to alkaline and alkali-earth silicate, aluminosilicate, borate, 
and borosilicate glasses. [107] 

It is a pairwise interatomic potential in which the long-range elec
trostatic interactions are evaluated by means of the Wolf truncation 
method [108], whereas the Buckingham functional form is used for the 
short-range interactions: 

Uij
(
rij
)
= UW

ij

(
rij
)
+Aije

−
rij
ρij −

Cij

rij
6 +

Dij

rij
24 (8)  

where 

UW
ij

(
rij
)
= zizj

[
1
rij
−

1
rW

cut
+

(
rij − rW

cut

)

(
rW

cut

)2

]

(9) 

rcut
W is the cutoff for Coulomb interactions. The cation charges are 

fixed, whereas the oxygen charge depends on the glass composition. 
The parameters of the FF have been determined to reproduce the pair 

distribution functions evaluated by ab initio MD simulations of melts of 
silicate [105,106] and aluminosilicate [106] systems at high tempera
ture and were widely used by the inventors to study fracture mecha
nisms and elastic properties in sodosilicate glasses. [109,110] 

Of course, the availability of all the aforementioned interatomic 
potentials has boosted the application of MD simulations to study the 
structure and properties of oxide glasses in a wide range of 
compositions. 

The main limitation of all the rigid ionic models described so far is 
the poor reproduction of the Qn distributions (Q stands for quaternary 
species whereas n is the number of Bridging Oxygens bounded in the first 
coordination sphere) of silicon species in silicate glasses, which are 
broader than the experimental ones. As it will be recalled in the next 
section on the polarizable interatomic models, Tilocca was the first to 
realize that improved Qn distributions were obtained by employing the 
core-shell model proposed by Dick and Overhauser [111]. 

The simulation of solid-state NMR spectra of several spin active 
species (29Si, 11B, 17O, 27Al, etc.…) of multicomponent oxide glass 
structures produced with the rigid ionic models and the shell model 
using the MD-GIPAW approach that we have proposed together with 
Charpentier [112–114] demonstrated that the latters were more reliable 
and in agreement with experiments. [89,114–121] 

The shell model not only reproduced better the Qn distribution but 
also narrower Si-O-Si bond angle distributions centered at smaller 

angles. Indeed, several theoretical investigations had already revealed 
that a direct correlation between the 29Si isotropic chemical shift and the 
Si-O-T bond angle (T = Si, Al, B) existed. [89,122] This suggested that 
there could be a correlation between the bond angle distribution and Qn 

species distributions. Moreover, Lodesani et al. [102] showed that 
among the PMMCS, SHIK, Teter, GS, and core-shell model only the latter 
was able to reproduce correctly the Mixed Alkali Effect on ionic con
ductivity of sodium potassium aluminosilicate glasses. This was attrib
uted among other structural features to the narrower inter-tetrahedra Si- 
O-Si angle that translates to the formation of larger rings and percolation 
channels accommodating the alkaline ions with respect to the rigid-ion 
model. Within such channels, sodium and potassium seem to locate 
randomly but in different local environments obstructing each other 
mobility when they are equally mixed. Another intriguing behavior 
observed was that the ionic conductivity of potassium aluminosilicate 
glasses was higher than that of sodium aluminosilicate ones only at high 
temperatures. This was also attributed to the formation of larger rings 
which are more flexible and can expand more easily at high tempera
tures with respect to the smaller ones. The rigid ionic models evaluated, 
developing different (larger and broader) bond angle distributions and 
ring size distributions were not able to reproduce the right trend of the 
ionic conductivity. 

To overcome these limitations and also to resolve some issues in the 
PMMCS potentials observed during the years (overestimation of the 
density) [123] we revisited recently the original model by including i) a 
T-O-T (T = Si and P) three-body interactions, described by screened- 
harmonic functional forms (see eq. 11 in the next section); ii) Si-Si, Si- 
Al, Si-P, Al-Al, and P-P repulsive interactions; and iii) refining Li-O, K-O, 
and P-O pair-wise parameters using DFT reference data. [124] The new 
FF, named BMP (from Bertani-Menziani-Pedone), reproduces density, 
structure (Bond Angle Distributions, Qn species), and properties of sili
cates, aluminosilicate, phosphate, and phosphosilicate glasses signifi
cantly better than the original model as shown in Fig. 3. 

Recently, our new FF has been also extended [126] to borate and 
borosilicate glasses by developing a composition-dependent model to 
compute the D parameter of the B-O pair interaction. It has been applied 
to a wide range of glass compositions and tested on experimental data 
such as the fraction of BO4 (N4), density, non-bridging oxygen (NBO) 
speciation, neutron diffraction spectra, 11B, 29Si, and 17O MAS NMR. 
Fig. 4 reports a comparison of the percentage of BO4 units in borate 
glasses, neutron structure factors, and 11B MAS NMR spectra in boro
silicate glasses obtained with the BMP and other interatomic potentials 
available in the literature. Although the B-O-B angle distribution is 
narrower than the pair-wise potentials described above it is centered at 
130◦ and thus only a negligible amount of boroxol rings are observed in 
MD-derived structure of v-B2O3. 

2.2. The polarizable interatomic models 

The interatomic potentials presented so far made use of rather simple 
functional forms not accounting explicitly for polarization effects, 
charge redistribution during dynamics, and bond breaking. 

Regarding the inclusion of polarization, two models were available 
in the 90s. The shell model approach devised by Dick and Overhauser 
[111] and widely used in lattice dynamics calculations of points defects 
and structures of oxides and inorganic materials, [21,127,128] and the 
Polarizable Ionic Model proposed by Madden and Wilson. [129] 

In the core-shell model, the Born-Mayer ionic model is still used but 
the most polarizable ions (O2− in oxide systems) are split between a core 
bearing almost all the mass and a positive charge, X, and a shell bearing 
a negative charge, Y (X + Y = Q, the formal charge). The core and shell 
of the polarizable ions are screened from Coulomb interactions and 
coupled by a harmonic spring potential of the form: 

Uc− s(r) =
kc− s

2
(rc− s)

2 (10) 
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Where k is the force constant of the spring and rc-s is the distance 
between core and shell. Usually, the charge splitting and the spring 
constant are determined to reflect the polarizability of the anions. [130] 
The total energy is made up of pair potentials (where the short-range 
interactions between shells are modeled with a Buckingham potential, 
while long-range core-core, core-shell, and shell-shell electrostatic in
teractions are modeled with a Coulomb potential) and three-body terms 
for the proper description of intra-tetrahedral O-T-O angles (θijk

0 =

109.7◦). A screened harmonic potential (eq. 11) is used most of the 
times: 

U
(
θijk

)
=

kb

2

(
θijk − θ0

ijk

)2
• exp

(

−
rij

ρb
−

rik

ρb

)

(11) 

Despite the success of this model in studying dielectric properties and 
defects in oxide ceramics it was not used to simulate oxide glasses until 
2006. [131] Tilocca et al. extended the Sanders and Catlow Si-O and O-O 
potentials to study sodium and soda-lime silicate glasses [131] and the 
bioactive glasses of the soda-lime phosphosilicate family. [132–134] As 
already anticipated, the structure of glasses simulated with this 
approach was found to be in better agreement with NMR experiments in 
terms of Silicon and Phosphorous Qn distribution with respect to the 
rigid ionic model. [135] This model was later extended and used in our 
group to study mixed oxyhalide glasses, [130] Mg-, Ga- and Ce- 
containing bioactive glasses, [85,136–139], and sodium-calcium 
aluminosilicate glasses. [115,116,140] We found that the simulated 

solid-state NMR spectra of spin active nuclei (such as 17O, 29Si, 27Al, 31P, 
etc.…) using structural models generated using the shell model were in 
good agreement with experimental counterparts because of the better 
Qn and T-O-T bond angle distributions (T = network former ions). 
Recently, Stevensson et al. [125] extended this model for borate and 
borosilicate glasses finding that it accurately reproduces boron coordi
nation in a wide compositional space without resorting to composition- 
dependent B-O parameters. [82,141,142] As for the formation of bor
oxols and other superstructural units we noticed a small amount of them 
with respect to that expected experimentally. [126] 

Despite the great improvements provided by the inclusion of polar
izability this model has not been as widely employed as one could 
expect. This is probably due to the high computational cost required to 
perform MD simulations. Two approaches can be used: the dynamical 
and the relaxed shell model. In the first approach, a fraction (x) of the 
atomic mass (m) is applied to the shell and its movement is described by 
the classical equation of motion as for the other particles in the systems. 
The mass of the shell is chosen to ensure that the natural frequency of 
vibration ν of the harmonic spring 

v =
1

2π

[
k

x(1 − x)m

]1/2

(12)  

is well above the frequency of the whole atom in the system in order to 
avoid the effective exchange of kinetic energy between the core-shell 
units and the remaining systems. This also requires the employment of 

Fig. 3. (a) Correlation plot between the experimental and calculated densities of alkali silicates, aluminosilicate, Na, Ca- phosphate, and phosphosilicate glasses 
investigated in ref. [124] using the PMMCS (green symbols) and the BMP (red symbols) potentials. (b) Comparison of the Si-O-Si Bond Angle Distributions in v-silica 
computed using different interatomic potentials with the experimental one extracted from 29Si NMR experiments; [122] (c) Percentage of Q3 species as a function of 
Na2O content in binary sodium silicate glasses; (d) trends of the Q0 species for phosphorous in phosphosilicate glasses with different network connectivity (average 
number of Bridging Oxigens per silicon atom) for BMP, PMMCS and CS parameterizations by Stevensson et al. [125]. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.) 
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timesteps at least 1 order of magnitude smaller than that used for the 
rigid ionic model. Instead, in the relaxed shell model, the shell positions 
are minimized after each MD step. This allows for using longer timesteps 
but still extra steps are necessary to equilibrate the shell positions. Aside 
from the additional computational cost, the dynamical shell approach is 
more difficult to manage, simulations in the NVT ensemble and rescaling 
the velocities of the shell every few steps are usually necessary to avoid 
temperature explosion and the escape of the shell from its core. Beyond 
these computational problems, it must be emphasized that the current 
parameterizations are not accurate to model important properties such 
as density and mechanical properties [124] but this is because the pa
rameters have been fitted using only information on the structure of 
crystals. 

The Polarizable Ionic Model (PIM) allows to explicitly account for 
the many-body polarization effects [143]. This model is composed of 
four terms: electrostatic (charge-charge), overlap repulsion, dispersion, 
and polarization. The first three terms are two-body terms and the 
dispersion one is made by dipole-dipole and dipole-quadrupole in
teractions, with a short-range correction obtained with Tang-Toennies 
damping functions. [144,145] The polarization term includes dipolar 
and quadrupolar contributions and the charge-dipole and charge- 
quadrupole interactions are also corrected for the short-range penetra
tion using Tang-Toennies damping functions. The full functional forms 
are complex and would require a lot of space to be reported and 
described. Therefore, we remand the interested reader to more specific 
manuscripts. [129,146–149] The main advantage of this model is the 
better reproduction of the dipole induction by the coulomb and short- 
range interactions with respect to the core-shell one. The polarization 
effect can, in fact, be parameterized unambiguously by ab-initio 

electronic calculations. The PIM approach has not been widely applied 
for the simulation of oxide glasses due to its complex nature which 
makes it very complicated to be parameterized and it has not been 
extended to many elements, lacking in transferability. Furthermore, the 
majority of the most used MD programs (Dl_Poly [150], LAMMPS [151], 
…) do not allow to use this model. To our knowledge, the applications 
were limited to the simulation of SiO2 [58,152], GeO2 [153], B2O3 
[154], and Na-borosilicate [149] amorphous systems leading to a good 
computation of vibrational spectra and allowing to stabilize the for
mation of boroxol rings in B2O3, producing ~33% of rings, better than 
other force fields. 

2.3. Reactive force-fields 

The potential models described in the previous paragraphs can be 
used to simulate the structure and several bulk properties for glass ox
ides of many compositions. 

However, they are not suitable to investigate the chemical reactivity 
of these systems, due to the invariability of the potential parameters on 
the chemical environment and the simplicity of the functional forms, 
which cannot describe accurately bond breaking and forming. The ac
curate description of reactions' events requires the use of ab-initio sim
ulations, which are quite expensive computationally. 

Albeit in the last years we have witnessed a huge improvement in the 
computational power and efficiency of algorithms, ab-initio molecular 
dynamic (AIMD) simulations are still limited to systems of modest size 
(few hundreds of atoms) and short time length (hundreds of ps). 

Reactive potentials were developed to overcome these shortcomings. 
The main ingredient of the models proposed is the dependency of the 

Fig. 4. (a) Percentage of BO4 units as a function of the ratio R = [Na2O]/[B2O3] for borate glasses; (b) neutron structure factors for the 0.8Na2O – 3.8SiO2 –B2O3 glass 
and (c) 11B MAS NMR spectra of the 1.36Na2O – 3.07SiO2 – B2O3 glass obtained using different interatomic potentials. 
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covalent terms by bond orders or coordination states, which are 
computed on the fly at each step of the simulations based on the pair 
bond distances. Therefore, the molecular connectivity can change, 
mimicking the quantum mechanical potential energy surfaces, which 
are typically used in the fitting of the parameters. 

The first form of bond order potential was proposed by Tersoff [155] 
for silicon: the covalent interaction was described by a Morse potential, 
where the bond strength parameter was dependent on the local envi
ronment. This model was capable of reproducing different silicon 
structures, including specific features of the surfaces. Despite the room 
for improvement, this functional form was considered capable of 
capturing the essential physics of covalent bonding and provided a 
starting point for subsequent developments in reactive force fields 
[156]. 

Huang and Kieffer [157] developed a coordination dependent 
charge-transfer three-body potential characterized by the dynamical 
redistribution of atomic charges which controls the extent of charge 
polarization in covalent bonds; two and three-body interactions 
dependent on the degree of covalency and the actual coordination 
numbers of the atoms involved during the interaction. They investigated 
the structural and thermomechanical properties of crystalline and 
amorphous SiO2 and B2O3 within different T and P regimes reproducing 
accurately the coordination changes of the Si and B under pressure. 
[157–159] To the best of our knowledge, this model was not extended to 
multicomponent oxide glasses nor to include water interactions. 

Garofalini and coworkers pioneered the field of reactive simulation 
at the silica-water interface by developing a dissociative multibody 
potential, with both pair and three-body terms, for the study of silica and 
silica/water interaction. [16,160,161] With their potentials, they were 
capable to elucidate the hydroxylation of the surface, which involves 
water adsorption, siloxane bond breaking, and silanol formation. [160] 
Successively, with a newly developed dissociative water model, [162] 
they found a concentration of Si-OH groups comparable with the 
experimental values. [163] In the same work, they observed the for
mation of hydronium ions from water interacting with silica, in agree
ment with the results from AIMD simulations. A more recent and refined 
potential was then used to elucidate the proton diffusion on amorphous 
silica/water interphase, differentiating the lifetime of the protonated 
species H3O+, SiOH, SiOH2

+ and Si-(OH+)-Si, and finding a faster proton 
diffusion on the silica than in bulk water, in agreement with electro
chemical studies. [164] The same potential was adopted to study the 
silica surface dissolution in water, by characterizing the hydrolysis of 
the different Qn species with the associated barriers, which were found 
to lie near the low-end of the experimentally measured range. The study 
found that the rate-limiting steps were the transition from species Q3 to 
Q2 and from Q2 to Q1, and the key factors in regulating the different 
barriers were the degree of distortion of the tetrahedral units and the 
accessibility of water molecules to the reaction sites. [165] 

Among the reactive potentials developed so far, the ReaxFF model, 
originally developed by van Duin and coworkers for the study of hy
drocarbons in 2001, [166] is quickly spreading in the glass science 
community to study the first stages of glass dissolution in water and the 
structure of the alteration gel formed at silica surfaces upon its inter
action with water. [167,168] 

In ReaxFF the energy of the system is partitioned in the sum of partial 
energy contributions, as shown in eq. 13: 

Esystem = Ebond +Eover +Eunder +Eval +Etors +Epen +Econj +EvdWaals +ECoulomb

(13) 

The first 5 terms are all dependent on the bond order and are 
respectively the terms for the bonding (Ebond), the over-coordination 
(Eover), the under-coordination (Eunder), the valence angle (Eval), and 
the torsional angle (Etors). System-specific terms include a penalty 
contribution (Epen) for systems with cumulated dienes, and a stabilizing 
conjugation contribution (Econj) to the energies for systems with 

conjugates ones. Then, the non-bonding contributions are described by 
the remaining terms: the Pauli's repulsion and the dispersion attraction 
energies are included in the van der Waals term (EvdWaals), and the 
electrostatic interactions are described by the Columbian one (ECoulomb). 

The analytic functional forms are quite complex and are not reported 
here for the sake of simplicity. The interested readers can refer to the 
original paper. [166] 

We report here only the functional forms used to compute the bond 
order which is calculated on the fly, at each step of the simulation, from 
the interatomic distances using the following equation: 

BOij = BOσ
ij +BOπ

ij +BOππ
ij

= exp
[

pbo1

(
rij

rσ
0

)pbo2
]

+ exp
[

pbo3

(
rij

rπ
0

)pbo4
]

+ exp
[

pbo5

(
rij

rππ
0

)pbo6
]

(14) 

BO is the bond order (it should not be confused with Bridging- 
Oxygens) between the atom pair i and j which is partitioned in sigma 
and pi greek bonding type contributions (the latter are neglected in 
oxides), rij the interatomic distance, r0 is the parameter for the equilib
rium bond length, and the pbo terms are other empirical parameters 
[169]. 

The non-bonding interactions are computed between all atomic pairs 
of the system, including the bonded pairs, to avoid discontinuities in the 
energy during the dissociation/formation of bonds. Additionally, atomic 
charges are computed dynamically adopting the Electron Equilibration 
Method (EEM) approach, [170] which makes it possible, at least in 
principle, to describe redox reactions or charge separation processes. 

The first reactive potential of interest for oxide glasses was first 
developed for the study of silicon-silicon oxide interfaces. [171] The 
parameters were fitted using a quantum mechanical training set of 
structures, energy barriers for the Si-O bond-breaking, and the equation 
of states for the crystalline phases of Si and SiO2. 

The structure of silica glass and its properties such as the elastic 
constants and self-diffusion computed with ReaxFF have shown to be in 
good agreement with experimental data. [172] 

The most interesting applications of reactive force fields for the study 
of reactivity of oxide glasses involve the simulation of the silica/water 
interface and the properties and reactions occurring at the alteration 
layer at the glass surface that forms following glass hydroxylation, 
dissolution, and re-precipitation phenomena. Other phenomena of huge 
interest occurring in presence of water are the ionic exchange, crack 
propagation, and the chemical and mechanical polishing of glass 
surfaces. 

The first water-silica glass investigation performed with ReaxFF 
provided a similar description of the hydroxylation of the silica surfaces, 
but no siloxane hydrolysis was reported [173]. Instead, a Grotthuss–like 
mechanism of diffusion of the proton in the glass network was observed. 
In subsequent studies, the Si/O/H ReaxFF potential parameters were 
refined including in the fit also the energy barriers of the hydroxylation 
reaction of strained and not strained Si-O structures computed at the 
DFT level providing improved results. [174,175] An example of the 
mechanism observed for the hydroxylation of a strained siloxane bond is 
shown in Fig. 5. 

ReaxFF parameterizations of Si/O/H were further tested on the DFT 
energies of the hydroxylation of silica nanoparticles of different sizes 
and amounts of hydroxyls. The energetics at high and intermediate 
degrees of hydroxylations were well reproduced, whereas worse results 
were found at the lower degree. [176] 

Mahadevan et al. [177] compared the Garfolini reactive potential 
with the first ReaxFF parameterization for Si/O/H finding that the 
former describes generally better the properties of amorphous silica, 
water, and the silica/water interface, despite adopting a simpler po
tential. At the time of the comparison the new and more accurate 
parametrization of the ReaxFF for water [178] was available, but not 
used. 

Since its success, the Mahadevan and Garofalini reactive potential for 
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water and silica was further extended to describe sodium, aluminum, 
and calcium silicates. [179–181] 

Similarly, also ReaxFF was further parametrized to describe sodium 
silicate, [182–184] aluminosilicates [185], and their interaction with 
water. [184] 

ReaxFF-MD simulations have been extensively carried out in the last 
years by Du's group to investigate key steps in the formation of the 
alteration layer at the glass surfaces in water, such as silica dissolution 
and silica-gel formation [167,168], the leaching from sodium silicate 
[186] and sodium aluminosilicate glasses, [183,187,188] and the water 
induced fracture. [189–191] 

Fig. 6 shows the interfacial models that consist of bulk silica, nano
porous hydrated silica gel, and bulk water constructed by Rimzsa and Du 
in one of their first investigations of the silica gel structure and dy
namics. [167] They observed an increase in Si–O network connectivity 
with time in the gel region as a consequence of the cross-linking of 
siloxane bonds in the gel and the dissolution of less connected [SiO4] 
groups into the water region. The polymerized silica gel was suggested 
to passivate the glass surface and regulate the transport of ions and 
further glass dissolution. 

Another interesting application of ReaxFF in the context of glass 
reactive studies is the simulation of the chemical mechanical planari
zation (CMP), a process of smoothing of the surfaces which exploits the 
combined action of mechanical abrasion and tribochemical reactions 
during the friction between surfaces. Many studies have been performed 
adopting silica glass as either abrasive material or as the surface to be 
polished, investigating the effects of the humidity, the contact pressure, 
and the presence of chemicals such as H2O2 on the efficiency of the 
process, typically evaluated by the number of atomic species removed by 
the abrasive surface. [192–195] 

Albeit ReaxFF is a powerful tool to simulate glass reactivity some 
limitations have been observed. Firstly, most of the libraries available 
have not been parametrized for simulating the melt phases and the glass 
structures generated are usually of worse quality with respect to that 

obtained with the rigid ionic potentials described above. For example, 
several tests performed in our group (whose results have never been 
published) showed that aluminum coordination in aluminosilicate 
glasses is badly reproduced with all the ReaxFF parameterizations 
available at the time of writing. Moreover, it has been shown in several 
studies that at high temperature molecular oxygen is formed and persist 
also at lower temperature affecting the final structure. [196] This 
problem can be avoided by deactivating the bond-order O-O during the 
annealing process. [196] 

Another limit of the ReaxFF lies in the methodology to compute 
atomic charges. The EEM method, [170] in fact, works well to describe 
chemically reasonable structures near the equilibrium [197,198], but it 
may result in unrealistic charge distributions for geometries far from the 
equilibrium, as can be encountered when generating the glasses struc
tures from melt phases of the glasses and in the quenching. 

Another issue is the incorrect description of dispersion interactions. 
This is probably due to the fact that ReaxFF parameters are typically 
trained on DFT data obtained with functionals which usually un
derestimates or neglects the London forces, the attractive component in 
vdW interactions. 

Albeit these contributions might be less important for the bulk 
structure of oxide glasses they can play a role in the surface reactivity. 
Remedies to this problem, other than the use of more accurate ab-initio 
training datasets, is the introduction of corrective terms into Reaxff for 
the description of long-range London interactions only, such as the low- 
gradient correction (Reaxff-lg). [199] 

A major issue in the application of ReaxFF to oxide based glasses is 
the lack of extended parameterizations for multicomponent glasses. 
Most of the ReaxFF parameters are trained on the crystalline structures 
of single component oxides, not even on amorphous phases, possibly 
limiting the transferability to the glass phase or to extended regions of 
compositions. The situation is even more involved for multivalence 
species such as B, P, V, Ce, etc.… 

All these problems make the development of ReaxFF libraries of 

Fig. 5. Snapshots of the hydroxylation reaction of an adsor
bed water molecule at 1500 K on a nano-silica structure, as 
reported in Yeon and van Duin [174]. The color code use grey 
for Si, white for H, red for O atoms not bonded to H, and blu 
for O atoms bonded to H. It is shown, starting from a water 
molecule adsorbed on a Si of strained ring structure (a), the 
transfer of H to a bridging oxygen (b), which is first proton
ated (c), then the Si-O bond breaks, to form two vicinal sila
nols (d). Reprinted (adapted) with permission from Yeon and 
van Duin.[174]Copyright {2016} American Chemical Society. 
(For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this 
article.)   
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potentials to describe the chemistry of multicomponent glasses an 
extremely demanding task. 

3. Practical considerations on force-fields parameterizations 

The development of force fields (functional forms and parameters) is 
a quite complex task and should be approached following several steps 
and more importantly taking into proper consideration the peculiarity of 
the systems and properties that one wants to simulate. On the basis of 
the final aim of the force fields, one should first choose the proper 
interatomic potential model and functions or propose new ones. For, 
example, if the final aim is to reproduce the dielectric properties of the 
materials the rigid ionic model is clearly not a good choice since ionic 
polarizability is fundamental to reproduce it. Analogously, if the interest 
is the chemical reactivity of glass surfaces a bond-breaking model is 
mandatory whereas if the interest is on the structure and elastic prop
erties the rigid ionic model with proper functional forms is sufficient. 

Having defined the model and the functional forms, the following 
step is to obtain its parameters among which the ionic charges are 
included. This step can be succeeded by fitting them to reproduce known 
experimental or ab initio data. In the former case, we usually talk about 
empirical fitting. 

Despite the choice of the reference data this step consists of the 
minimization of a cost function quantifying the distance of the results 
(observables) obtained with a set of parameters with the target ones. 

A typical cost function is the sum of squares function F defined as 
follows: 

F =
∑M

i=1
wi
(
fi,obs − fi,MM

)2 (15) 

Where M is the total number of observables used during fitting, wi is a 

weighting factor for each observable and fi, obs and fi, MM are the target 
(experimental or QM-computed) and the MM-computed observables, 
respectively. 

Any computable property of a crystal, cluster, or amorphous struc
ture could be used. Obviously, the structural properties are mandatory 
since the property calculations must be carried out on the right struc
ture. Therefore, generally, the structure (lattice vectors and positions) of 
crystalline solids are used and other properties such as elastic constants, 
dielectric and piezoelectric constants, lattice energy, vibrational fre
quencies, or dynamic properties can be added if available. 

The reproduction of these quantities ensures the right reproduction 
of the stable minima and related curvatures present in the potential 
energy surface of the system of interest. The position and depth of the 
potential well largely determine bond length, density, and defects for
mation energy, while the shape of the minimum affects atomic vibra
tions and elastic moduli. 

Empirical fitting is usually distinguished in the conventional and 
relaxed fitting. In the former, the forces on the experimental atomic 
structure are minimized (they should be zero) and the properties are 
computed on the experimental/reference structure. However, this 
method is not adequate because reducing the forces does not guarantee a 
good optimized structure since the displacement in geometry optimi
zation (with the Netwon method) is given by the gradients multiplied by 
the inverse hessian matrix and if forces are small but the inverse hessian 
is much higher the displacements on the geometry can be very high 
leading to erroneous structures. 

To solve this problem and to succeed in obtaining the right structure 
and good properties computed in the MM optimized geometry as it 
should be, the so-called ‘relaxed’ fitting method introduced by Gale 
[200] in 1996 can be performed. In this case, the accuracy of a potential 

Fig. 6. Snapshots of evolving gel–water interface and 
dissolved silica in the water region for the Silica-Gel- 
Water (SGW) model structures generated by Rimsza 
and Du. [167] SGW-n models have been obtained by 
using different annealing temperatures (300, 500, 
700, and 900 K). Colors: oxygen (red), silicon (yel
low), and hydrogen (white). MD simulations 1 ns 
long reveal a gradual growth of the gel region into 
the water, resulting in the dissolution of silica into 
the water from the gel, while the dense silica remains 
intact at these temperatures and time ranges. 
Reprinted (adapted) with permission from Rimsza 
and Du. [167] Copyright {2017} American Chemical 
Society. (For interpretation of the references to 
colour in this figure legend, the reader is referred to 
the web version of this article.)   
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model is evaluated from the displacements of the optimized structure 
away from the experimental configuration. The structure is therefore 
optimized at every step of the parameter optimization and the dis
placements of structural parameters are calculated instead of the energy 
gradients [83]. Moreover, it is possible to fit to many structures at the 
same time, to improve the transferability of the fitted variables and 
minimize errors [200]. 

It is worth to discuss how to choose the weighting factors appearing 
in eq. 15 since their variation leads to an infinite number of possible 
solutions of the minimization problem which are equally valid from the 
mathematical point of view but not from the physical one. Therefore, 
one of the fundamental skills of a good force-field developer is to know 
how to choose appropriate and sensible weighting factors. The criteria to 
follow are:  

1) if the fitting is performed on experimental data, the weights should 
be inversely proportional to the uncertainty in the measured value.  

2) the weighting factors should be inversely proportional to the 
magnitude of the observable squared. This ensures a more balanced 
fit, that is, all values are fitted on an equal footing, regardless of 
units. In other words, they should be chosen so that the contribution 
to the overall error of the individual observables used in the cost 
function is approximately the same. 

Most of the potential models (especially the earlier ones) were usu
ally parameterized by fitting to experimental data [1,16,49,83,97]. 

The limitations of this approach derive from the availability of large 
datasets for both structure and properties and the uncertainty associated 
with the measured properties. Therefore, this approach is limited to 
crystalline bulk structures since the atomic positions for amorphous 
structures are not available. 

Moreover, since the majority of the experimental data are usually 
measured at room temperature when the system fluctuates only near the 
minimum of the potential energy surface the parameters might not be 
transferable at higher temperatures where the system can explore 
different regions of the PES. 

Despite these limitations, empirical fitting is still widely used and 
most of the potential models discussed above (Du, Guillot and Sartor, 
PMMCS and BMP, and most of the core-shell potentials) exploited this 
approach. 

The fitting on quantum mechanical data became increasingly 
important at the end of the 1990s in deriving potentials [41,42], thanks 
to the availability of several quantum mechanical codes based on den
sity functional theory which made possible the computation of the 
structure and properties of molecules, materials, and surfaces for which 
experimental data are not available. 

In earlier works, the fitting was performed against ab initio calcu
lations of small clusters and the parameters used to study SiO2, GeO2, 
and B2O3 glasses [41,154,201,202]. However, the parameters were not 
able to reproduce well bulk structures and properties and thus, in several 
cases, the inclusion of experimental bulk properties data was still 
necessary [42]. This problem was overcome by exploiting periodic DFT 
calculations to compute structure and properties (elastic constants and 
frequencies) as we have done in the past for silica polymorphs and their 
surfaces or hydroxyapatite. [57,203] 

Car-Parrinello [204] (CPMD) and Born-Oppenheimer MD (BOMD) 
simulations [205] can provide very accurate data on the local structure 
and electronic properties of silicate glasses and for this reason, they are 
nonetheless very useful to provide ab initio data on the short-range local 
structure of glasses, which are difficult to obtain experimentally. 

Indeed, some potentials for former oxides only, are fitted on some ab 
initio MD simulations on bulk systems such as the CHIK potential [206], 
developed by Carrè et al. firstly on silica and then extended to oxide 
glasses by Sundararam et al. [105,106]. 

The SHIK potential [105,106] has been parametrized using the radial 
distribution functions of the liquid silicates computed from BOMD 

including also experimental data on properties such as the Young 
modulus, density, and (for borates) the percentage of the BO4 units of 
the glass. 

In the conclusion of this section, we would like to discuss the 
methods used to minimize the cost function. 

Being an optimization problem the usual BFGS [207] or the 
Levenberg-Marquardt algorithms [208] can be used when the analytical 
or numerical derivative of the sum of square function with respect to the 
force-fields parameters are available, 

When this is not the case machine learning methods can be exploited. 
For example, Bayesian optimization [209,210] has been used in several 
recent works. This is a machine learning-based approach that tolerates 
stochastic noise in function evaluation and that quickly optimizes a 
black-box objective function over a continuous domain of fewer than 20 
dimensions. 

The first step is to evaluate the objective function with respect to an 
initial space-filling experimental design that often consists in choosing 
random and uniform points within a defined domain. Secondly, a sur
rogate function for the objective that quantifies the uncertainty using 
Gaussian Process Regression [211] (GPR) is built. Thirdly, an acquisition 
function is defined from this surrogate, and it is used to decide where to 
sample the next point. The last step is the evaluation of the real objective 
function and the update of the surrogate one. The process is iteratively 
repeated a number of times decided by the user. Examples of this new 
approach are given by Liu et al. [210] for silica in 2019, Urata et al. 
[213] for lithium borate and borosilicate glasses in 2022, and, by Bertani 
et al. [126] for borate and borosilicate glasses. 

4. Future developments: Machine-Learning FFs 

In the last decade, the development of efficient Machine Learning 
algorithms and the availability of a large mole of data has led to a 
pervasive application of data-driven techniques to several societal and 
scientific fields and, of course, computational materials science has not 
been immuned to it. Therefore, at the present state, it seems that the 
development of future force fields will be based on such techniques. 

The idea of implementing machine learning methods in molecular 
dynamics simulations derives from the necessity of performing simula
tions with ab initio accuracy, but at the cost of a classical simulation. 

In this respect, ML methods are emerging as indispensable tools for 
1) efficient and autonomous parameterization of FFs with known or pre- 
defined functional forms, and 2) directly learning the FF functional from 
the available high-fidelity AIMD and establishing a configuration-to- 
energy or force mapping. 

The first approach has been already mentioned at the end of the 
previous section and consists in the parameterization (optimization of 
the parameters) of a simple functional form exploiting machine learning 
algorithms. One of the first examples of this approach in computational 
glass science has been provided by Liu et al. [212], who in 2019, opti
mized a simple 2-body interaction Buckingham potential for vitreous 
silica exploiting Gaussian Process Regression (GPR) [210,211] and the 
Bayesian Optimization (BO) approach [209,210]. In 2021, Christensen 
et al. [214] exploited the Particle Swarm Optimization (PSO) [215] al
gorithm to parameterize the same simple force field used by Liu et al. for 
vitreous silica. PSO is a stochastic population-based optimization 
method that mimics the behavior of bird flocking and that does not need 
gradient information. The PSO and GPR-BO FFs were observed to 
perform similarly. A different approach has been used by Yeon et al. 
[185], again in 2021, to develop an Mg/Al/Si/O reactive force field for 
magnesium aluminosilicate glasses. They exploited a Genetic Algorithm 
(GA) [216], coupled with an Artificial Neural Network (ANN) 
[217,218]. The GA mixes initial random parameters to obtain a new 
generation from which the best parameter's set is used to continue the 
dynasty and form a new generation. The ANN reads the GA results and 
improves the efficiency lowering the computational cost of the heuristic 
research by predicting the parameters and passing them to the GA. This 
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approach is proven to speed up the fitting of the parameters. Yeon et al. 
stated that 6 days were needed to train their FF on 500 CPUs. 

Albeit, MD simulations with pre-defined functional forms continue to 
remain attractive owing to their 1) computational efficiency and 2) 
physical basis which imparts predictability and transferability for such 
models the poor flexibility in the simple functional form is one of the 
critical challenges which prevent their parameterization against large 
datasets of forces on atoms or energy at diverse configurations of the 
systems. 

A more challenging application of ML algorithms is to predict 
directly energy and/or forces by exploiting their large flexibility. A 
schematic and generic flowchart of the supervised approach employed 
to devise i) Machine Learning (ML-) Potentials [219] and/or ii) Machine 
Learning FFs [220] is reported in Fig. 7. The general scheme is similar 
and it is composed of several steps: 1) generation of the QM dataset; 2) 
fingerprinting or featurization in which the atomic environment is 
encoded in numerical descriptors with proper physical and mathemat
ical properties (permutational, rotational, and translational invariance); 
3) training of the ML model and 4) validation of the model against un
seen data. A deep description of these steps is reported in the recent 
reviews by Unke et al. [221] and Behler. [219]. 

The choice and optimization of the descriptors are crucial steps in the 
generation of a ML potential or FF. They encode the local environment of 
the atoms, within a predefined cutoff, into numerical vectors that can be 
read by the ML algorithm. The direct employment of the atomic co
ordinates is not possible because they are not invariant with respect to 
permutation, rotation, and translation. The easiest way to comply with 
these mathematical rules (that derive from the invariance of the energy 
with respect to these symmetrical operations) is to set a local framework 
on each atom and use the local coordinates of the neighbors. [222,223] 
These descriptors have the advantage of preserving all neighbor infor
mation, but they show an intrinsic non-smoothness as the continuous 
change in atom positions can give a discontinuous change of the atom 
numbering, the local frame, and consequently the local coordinates. 
[224] Often, the local environment (local coordinates) is embedded into 
more complex vectors or matrices using radial and/or angular expansion 
to generate smooth descriptors. [224,225] They allow maintaining the 
neighbor information introducing smoothness. This comes at the price of 

more complex (and therefore computational expensive) descriptors. 
Examples of smooth descriptors are the symmetry functions from Behler 
and Parrinello (BPSF) [226,227] or the Smooth Overlap of Atomic Po
sitions (SOAP) from Bartok et al. [228,229] 

We specify that the nomenclature ML-potentials is usually used to 
refer to models that learn and predict the total energy of the entire 
system and consider the force calculations as secondary to energy cal
culations. [222,223,225,226,230,231] The total energy of the system is 
assumed to be composed of additive atomic contributions which are 
mapped through high-dimensional neural networks using atomic- 
centered structural descriptors (Atomic Centered Symmetry Functions, 
ACSF, as BPSF, [226,227] SOAP, [229,228] Coulomb Matrix (CM) 
[232], etc) computed with a certain cutoff. This approach allows to 
preserve the extensibility of the total energy and is based on the 
assumption that the energy of an atom only depends on its atomic co
ordinate and local environment. The latter assumption is clearly an 
approximation of the more complex nature of atomic interactions 
defining the system's energy which does not take into account non-local 
and non-addictive terms. In particular, long-term effects (mainly 
deriving from Coulomb interactions) can be present and causes devia
tion from the local dependence assumption. For homogenous materials, 
these effects rapidly decrease when increasing the atomic distance and a 
sufficiently large cutoff allows satisfying the assumption. [224] 
Different methods have been proposed to handle the long-range in
teractions, [233–237] but there is still a lack of a widely accepted 
technique. 

Instead, the nomenclature ML-FFs (Neural Networks or Kernel Ridge 
Regressions) is used for those models that directly predict the atomic 
forces by using vector structural descriptors as fingerprints of the atomic 
environments. The advantage of using the second approach is that the 
forces are true QM observables within the Born-Oppenheimer approxi
mation, they can be calculated analytically at a low additional cost and a 
single calculation provides 3 N (N = number of atoms) QM observables 
(forces) instead of a single one (total energy). However, it is worth 
noting that nowadays several codes like DeepMD [223] employ the 
partitioning of the energy in atomic contributions but including also the 
forces in the training sets beyond energy. Another benefit of a direct 
reconstruction of the forces is that it avoids the amplification of error 

Fig. 7. Schematic representation of the supervised learning flowchart to generate ML interatomic potentials or ML Force-Fields. (ANN: Artificial Neural Networks, 
KRR: Kernel Ridge Regression, SVM: Support Vector Machine, GPR: Gaussian Process Regression). 
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estimations due to the application of the derivative operator but as a 
consequence energy conservation is not guaranteed, leading to the 
impossibility of running simulations in the micro-canonical ensemble 
(NVE). 

The development of reliable ML-FFs or potentials hides several dif
ficulties that have to be overcome. Firstly, the robustness of the ML 
models is strongly dependent on the number of diverse atomic config
urations used in the training set and thus proper care must be devoted to 
widely exploring the PES of the system of interest. Enhanced sampling 
techniques and high temperatures AIMD simulations are usually used to 
generate a robust dataset for molecular systems or monocomponent 
solids. The development of transferrable FFs for multicomponent oxide 
glasses is also hampered by the enormous dimensionality of the 
compositional space since an infinite number of glass compositions can 
be generated by mixing more than two oxides. Different structural fea
tures are present depending on the glass composition. For example, 
Fig. 8 shows that adding Na2O in silica glass leads to quite different Qn 

distributions suggesting that ML-FFs or potentials trained on a silicate 
glass with a low amount of Na2O where only Q4 and Q3 species are 
present will probably not be transferable to silicate glasses with high 
content of sodium oxide dominated by Q1 and Q0 species. The situation 
becomes even more complex for glasses with mixed network formers 
and/or modifiers. 

ML techniques are inherently non-extrapolative methods and thus if 
during MD simulations the system explores configurations on which it 
has not been trained unpredictable results are produced. Therefore, 
clustering techniques should be used during MD simulations to measure 
the similarity of the instantaneous configuration with respect to those 
used during the training of the model and eventually re-train it on the 
fly. [238] Secondly, the transferability of the model to multicomponent 
systems requires the employment and optimization of weighted ACSFs 
[239] instead of the conventional ACSFs which describe different com
binations of elements using separate functions and thus leading to a 
combinatorial explosion (the size of each atomic descriptor scales as n(n 
+ 1) where n is the number of atomic species). New approaches, like the 
application of graph or convolutional neural networks, can overcome 
this limitation and further efforts are needed to facilitate the extension 
of the fitted potentials to new systems [240–243]. 

Albeit these approaches have been mainly examined to predict en
ergy and forces for organic molecules [240,242,244] they are being 
increasingly used in the last few years also to accelerate MD simulations 

of oxide glasses. In 2020, Balyakin et al. [245] developed a neural 
network potential (NNP) for liquid silica using the DeepPot-SE [225] 
package implemented into the DeepMD [223] code. They trained a 
feedforward neural network [246] using more than 2,000,000 ab initio 
structures containing 96 atoms at different temperatures, obtaining a 
very good reproduction of the structure and dynamical properties of 
liquid silica. In 2022, Urata et al. [247] developed a NNP for silica, 
borosilicate glasses without modifiers, and fluorine-doped borosilicate 
glasses. They obtained good results in structure reproduction, even if 
undesired artifacts were observed at high temperatures during the dy
namics. Again in 2022, Erhard et al. [248] used the Gaussian Approxi
mation Potential (GAP) [231] framework to train a ML-potential for 
silica. They added in the training set liquid, glassy, and crystalline SiO2 
structures and some Si and O isolated dimers and clusters. Even if the 
simulations are very slower with respect to classical force fields, they 
can well reproduce amorphous and crystalline properties such as density 
(even at different pressure), X-ray diffraction pattern, phonon dispersion 
of α-quartz, and phase diagram but they lack in the reproduction of the 
medium range order of amorphous silica. In the same year, Batzner et al. 
[242] trained graph neural network [249] based interatomic potentials 
for various systems, including amorphous Li4P2O7, a promising material 
for lithium transport in lithium-ion batteries [250], obtaining a very 
good prediction of forces, energies, and structural data. 

Concerning the ML-FF, in 2018 Li and Ando [251] constructed linear, 
NN, and mixture [252] models for the prediction of forces in amorphous 
SiO2 improving the prediction of the ring statics and vibrational density 
of states as shown in Fig. 9. 

In 2019, Mailoa et al. [253] trained a neural network for direct 
covariant force (DCF) prediction obtaining good results on amorphous 
Li4P2O7. More recently, in 2021, Park et al. [241] trained a graph neural 
network to reproduce the forces on atoms in the same material (and 
Al2O3-HF system) outperforming the DCF. 

5. Final remarks 

In this review, we have retraced the development of interatomic 
potentials for oxide glasses from the earlier investigations to the latest 
developments and applications. From this discussion and the number of 
works found in the literature, it is clear that the classical interatomic 
potentials based on the rigid ionic model with simple functional forms 

Fig. 8. Qn distributions as a function of Na2O content in sodium silicate glasses.  

Fig. 9. Vibrational Density of States of SiO2 glass computed with DFT (black 
curve), ML-FF (red dashed curve), and BKS potential (blue dot curve). The 
picture was taken from ref. [251]. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.) 
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still dominate. They are the most used potentials for oxide glasses and 
they will continue to be the most applied for several reasons. Being 
usually composed of simple physics-based functional forms with a few 
parameters, they require fewer reference data and they are more easily 
parametrized with respect to the other models (polarizable and reactive 
FFs) and more efficient and easily transferable to compositions for which 
they have not been directly trained. Indeed, the libraries provided by 
Du's and Pedone's groups can cover a wide range of elements of the 
periodic table showing good transferability and accuracy allowing the 
self-consistent simulation of oxide glasses on a wide range of composi
tional space. On the contrary, the limited flexibility of the functional 
forms does not allow them to reproduce all the phase space of the system 
but only the low temperature structures. For the same reason, they are 
not trained against forces or energies but rather on structures and 
properties near the minima of interest and they are not suitable for the 
simulations of reactions. 

Reactive force fields and ML-FFs are mandatory in these cases but 
their development and application is still limited. Much effort should be 
devoted to their extension to multicomponent oxide glasses since the 
actual applications were focused only on simple one or two component 
systems. 

ML-FFs/potentials allow to simulate chemical-physical properties of 
molecules and condensed phases with QM accuracy in a fraction of the 
computational time required by high-level calculations but they are still 
2–3 orders of magnitude more costly than empirical FFs (this is mainly 
due to the fingerprinting step) and they are not extrapolative techniques 
(since there is no physics in the model) and thus they are applicable to 
only the system for which they have been trained. Finally, the accuracy 
depends on the quality and dimension of the dataset used in training. 
This is a very time-consuming step and it is improbable that one research 
group alone will develop a transferable ML-FFs covering a wide 
compositional space as the rigid ionic potentials discussed above. 
Therefore, we think that a worldwide cooperative effort should be 
devoted to the generation of consistent quantum mechanical datasets. 
That is, a standard theoretical level (DFT functionals, pseudopotentials, 
etc) and procedure should be defined for simulating multicomponent 
oxide and non-oxide glasses. However, we are aware that this will be 
probably difficult to pursue also because of the continuous de
velopments and improvements of the quantum mechanical methods. 
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