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In the present work, we use a machine learning method to construct a high-dimensional potential
for tungsten disulfide using a charge equilibration neural-network technique. A training set of stoi-
chiometric WS2 clusters is prepared in the framework of density functional theory. After training the
neural-network potential, the reliability and transferability of the potential are verified by performing
a crystal structure search on bulk phases of WS2 and by plotting energy-area curves of two different
monolayers. Then, we use the potential to investigate various triangular nano-clusters and nanotubes
of WS2. In the case of nano-structures, we argue that 2H atomic configurations with sulfur rich edges
are thermodynamically more stable than the other investigated configurations. We also studied a num-
ber of WS2 nanotubes which revealed that 1T tubes with armchair chirality exhibit lower bending
stiffness. Published by AIP Publishing. https://doi.org/10.1063/1.5003904

I. INTRODUCTION

Recent developments of ab initio methods provide great
tools to investigate and simulate materials in different fields of
science.1–5 Although considerable improvement has happened
in the accuracy and reliability of these methods, they are only
suitable to investigate relatively small systems. If extensive
sampling of atomic configurations is needed, for example, in
the case of molecular dynamics or global optimization stud-
ies, the cost of calculations hinders the usage of such methods.
This limitation adds up to the intrinsic challenge in global opti-
mizations where the computational cost grows exponentially
with the number of atoms due the exponential increase in the
number of local minima. Therefore, scientists are pushed to
develop faster approximate methods to forge their way to a
bigger number of atoms.

As a solution to the above-mentioned issue, empirical
force fields are actively being revisited for various types of
systems and properties.6–9 Such potentials are usually in the
form of physically motivated functions, and the goal is to
find the corresponding parameters by fitting to experimental
or first-principles data. Employing these kinds of functions
limits the accuracy of the fitting process,10 and derivation
of the functional form of the potential is not easy, in gen-
eral. Replacing physical functions by purely mathematical
ones results in a potential that can reproduce the reference
data better. A large degree of freedom helps us to get a
closer fit; however, the transferability of the potential may be
deteriorated.

As an alternative way, machine learning techniques such
as artificial neural networks,11 Gaussian approximation poten-
tials (GAPs),12,13 Support Vector Machines (SVMs),14 and
Spectral Neighbor Analysis Potential (SNAP)15 have been
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extensively used to investigate a wide range of physical sys-
tems and properties.16–35 Among these methods, artificial neu-
ral networks, as the oldest machine learning approach, have
received more attention compared to others so far.36 The tech-
nique provides a class of flexible functions for constructing
mathematical potentials,37 and it has been used to construct
the potential energy surface of many atomistic systems.21–35

In this work, we adapt a neural network which has been suc-
cessfully used to construct the potential energy surface (PES)
of NaCl, CaF, TiO2, and ZnO nano-structures.31–34

The target material of the current study, tungsten disul-
fide, is a member of Transition Metal Dichalcogenide (TMD)
family which shares a layered structure in their bulk form.
Although lubrication properties at extreme conditions is the
conventional advantage of bulk TMDs,38 nano-structures of
TMDs have fascinating physical properties including superior
lubrication properties,39,40 photoluminescence,41 high capac-
ity for intercalation of ions,42,43 and nonlinear optical prop-
erties.44 These nano-structures exhibit great potential appli-
cations in mechanics,39,40 electronics and optoelectronics,45

optics,41 lithium ion batteries,42,43 fuel cells,46 and photon-
ics.47,48 As mentioned above, investigation of large nano-
structures of WS2 is not directly feasible by first-principles
methods. So, we will construct a neural-network potential to
perform large-scale simulation of WS2 nano-structures.

In the following, we start by introducing our method for
constructing the neural-network potential. Then, the reliabil-
ity and transferability of the constructed potential is veri-
fied, and finally the description of large scale WS2 triangu-
lar clusters and single-wall nanotubes within this potential is
presented.

II. METHOD

Here we reiterate the charge equilibration via neural net-
work technique (CENT) which has been recently developed
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to construct interatomic potentials.31 In this technique, the
direct target of machine learning is not the total energy,
it is rather an intermediate physical quantity, namely, the
charge density, which is used to reproduce the total energy
and atomic forces of the system (which will be explained).
On the other hand, the distribution of the electronic charge
density is determined by interpolation of the short-range,
atomic environment-dependent electronegativities, which in
turn allows us to employ high-dimensional neural networks to
determine the long-range energy as the summation of atomic
energies.

A. The model

The total energy of a system containing N atoms is
described by31
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As mentioned earlier, our specific aim is to find a proper
charge density to describe the total energy and atomic forces
of the system; however, short-range interactions such as repul-
sion and covalent bonding are expected to be taken into account
implicitly by determining the charge redistribution on atoms
through atom-dependent electronegativities. The neural net-
work comes to play at this point to evaluate atomic charges,
qi, through determining functional dependence of χi; all other
parameters of charge density including the spherically sym-
metric Gaussian form, Gaussian width, and center of density
are fixed during the interpolation process. At the end, the
environment-dependent atomic charges, qi, which are implicit
functions of the atomic positions are determined in a way that
the state of the system after charge equilibration is described
correctly.31

It should be noted that this formalism has been suc-
cessfully applied to construct potentials for NaCl,31 CaF2,32

TiO2,33 and ZnO.34 Using a short range quantity, electroneg-
ativity, as the fitting parameter results in a less complicated
neural network which can be described by a smaller number
of nodes in the hidden layers.

B. Reference data

Reference data for training the potential consist of 3600
atomic clusters of WS2

49 which were prepared iteratively,
in the framework of Density Functional Theory (DFT), as
implemented in the all-electron, full-potential package, FHI-
aims.50 The starting point of set preparation was the 20 low-

est lying structures of (WS2)n clusters (n < 10) which are
reported recently.51 An initial neural-network potential was
prepared using this small training set and was used to predict
the structure of atomic clusters of slightly larger sizes. This
task was done by employing the intermediate CENT in the
minima hopping method of structure search.52 The energies
and atomic forces of the resulting clusters were determined
by DFT and added to the training set to fit a new potential.
This iterative procedure was repeated until clusters of size 99
were obtained. It is noteworthy to say that in every iteration
of adding new structures to the training set, symmetry func-
tions were employed to check whether clusters of the same
size are novel enough. In this way, we tried to avoid adding
extra weight to some specific configurations in the training
set.

We performed non-spin-polarized DFT calculations by
using the PBE (Perdew-Burke-Ernzerhof) formulation of gen-
eralized gradient approximation.53 In order to speed up the
self consistent procedure, a Gaussian broadening of 100 meV
was used for the occupation of electronic eigenstates, and rel-
ativistic effects were considered at a scalar relativistic level,
atomic ZORA.50 We repeated some parts of calculations with
a broadening of 10 meV and found that the maximum error in
the calculated total energies and atomic forces, due to broad-
ening, is less than 2 meV/at. and 50 meV/Å, respectively.
These values are small compared to the achievable root mean
square error (RMSE) of energy and forces; hence a Gaussian
broadening of 100 meV is expected to be safe for our calcula-
tions. Concerning accuracy issues, fixed default sets of “tight”
parameters were chosen for both W and S, in all calculations.
In the following, by “DFT calculations,” we mean DFT/PBE
calculations using the same parameter set as that of reference
data preparation calculations, unless explicitly stated.

After preparing the clusters of all sizes, small ones (num-
ber of atoms <30) were removed from the set because the
nature of their bonds is very different from that of the bulk,
compared to larger sizes. At the end, randomly chosen 90%
of all clusters were added to the “training set” and the rest
was added to the “validation set.” It should be noted that
none of the clusters in the training or validation set has
more than 500 meV/atom energy with respect to the bulk
WS2.

C. Potential parameters

It was mentioned that the neural network is used to
determine the atom-dependent electronegativities in Eq. (1);
however, there are two other atom dependent parameters in this
model, namely, Gaussian width and hardness, which are fixed
during the training process. These parameters were scanned
over proper ranges to minimize the RMSE in total energy
and atomic forces. Regarding the neural network parame-
ters, we found it reliable to use two hidden layers with
3 nodes in each one, as well as a total number of 70 sym-
metry functions,54 including 16 radial and 54 angular ones,
with the cutoff radius of 6.35 Å for both species. The
optimized values for Gaussian width of electronic charge
densities are 0.58 Å and 0.76 Å for all W and S atoms,
respectively, and the corresponding optimized hardnesses are
4.63 eV and 9.25 eV. Using these optimized parameters,
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we could achieve an RMSE of 22 meV/at. in total energy
and 820 meV/Å in forces with respect to the reference
data (validation set). After training, the electronegativity of
each atom is determined independently; however, the aver-
age values of this quantity for tungsten and sulfur atoms
are �19 eV/elementary charge and 7.1 eV/elementary charge,
respectively.

III. ACCURACY AND TRANSFERABILITY

In order to check the accuracy and transferability of the
constructed CENT, we performed two broad structures’ search
on bulk WS2: the first one by using full potential DFT cal-
culations and the second one by employing the candidate
CENT.

The structure search within DFT was performed by using
an evolutionary algorithm, developed by Oganov and oth-
ers,55–57 which features local optimisation, real-space repre-
sentation, and flexible physically motivated variation opera-
tors. 40 generations of bulk structures were investigated with
40 structures in each generation, except for the first generation
which contained 100 structures; 40% of the population of each
generation were generated by heredity, 20% by soft mutation,
20% by lattice mutation, and 20% were “randomly” added,
except for the first generation which consisted of “random”
structures (by “random,” we mean structures with randomly
chosen space groups, including P1). 2, 3, 4, 5, and 7 formula
units were considered in the unit cell, and the energy calcu-
lations and geometry relaxations of the trial structures were
done in the framework of full-potential DFT as implemented
in FHI-aims.50

The three lowest lying “distinct” structures of our
extensive structure search were 2H-WS2, 1T-WS2, and the
orthorhombic structure in Fig. 1(c). The last two structures are
around 0.91 and 1.55 eV per formula unit (fu) less stable than
2H-WS2, respectively. By the term “distinct,” we point to the
fact that although different types of stacking with very close
total energies were found in the structure search, we did not
report them here because, in the absence of proper dispersion
interaction terms, they are not reliable. It is generally accepted
that the stacking type of layered structures is controlled by
the weak van der Waals (VdW) interactions.58 Because of the
absence of a VdW interaction term in the potential of Eq. (1),
we did not include any dispersion interaction term within our
DFT calculations.

For the CENT structure search on bulk WS2, we employed
the minima hopping method by considering 2, 4, 6, and 8 for-
mula units in the unit cell. It should be emphasized that this
structure search on a periodic system was done with a potential
that is trained on non-periodic atomic clusters; hence, in addi-
tion to accuracy, this part of the calculations may also address
the transferability of the constructed CENT. It is promising
that the best found structure in all unit cells is a layered con-
figuration of atoms very similar to that of 2H-WS2, with space
group P63/mmc. The second “distinct” output of our CENT
structure search is an orthorhombic lattice with space group
Immm, which coincides with the third lowest energy struc-
ture within our DFT structure search. The cohesive energies
of the 2H and orthorhombic monolayers of WS2 within the

FIG. 1. (a) The first, (b) the second, and (c) the third lowest lying
structure found for bulk WS2 by employing DFT and evolutionary
algorithm.

CENT are 7.13 eV/at. and 6.73 eV/at., respectively, which
are around 0.15 eV/at. and 0.03 eV/at. less than what DFT
predicts. The bond lengths and angles of these structures
also differ only less than 1% from the corresponding DFT
predictions.

Our minima hopping structure search was not able to find
1T-WS2, and because of some technical limitations, we were
not able to perform evolutionary algorithm structure search
by using the candidate CENT. However, we found that our
CENT predicts a cohesive energy of about 6.91 eV/at. for
the 1T phase of WS2, which is only 0.06 eV/at. less than
the corresponding DFT value. Moreover, this cohesive energy
lies between the cohesive energies of 2H and orthorhombic
phases within the CENT; hence, we conclude that the con-
structed CENT correctly describes the energy and stability
order of the lowest energy structural isomers of WS2 mono-
layers, with an error of about 2% in the cohesive energies,
compared with the accurate full-potential DFT results. These
results show also proper transferability of the model poten-
tial, as it can predict the periodic behavior of the system,
even though it was trained on a set of (non-periodic) atomic
clusters.

As a further accuracy and transferability check, we con-
sidered uniformly strained monolayers of 2H- and 1T WS2 by
using DFT and CENT calculations. The obtained energy of
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FIG. 2. Energy-area curves of monolayers of 2H- (green) and 1T-WS2 (blue)
evaluated by the CENT (circles) and DFT (squares).

the strained monolayers as a function of the unit cell area is
plotted in Fig. 2. It should be noted that atomic positions in
the strained structures were accurately relaxed. It is seen that
the equilibrium lattices and the energy differences around the
equilibrium are safely described within the CENT, compared
with DFT, although the curvature of the plots within the CENT
is somewhat underestimated, indicating softer atomic bonds in
the CENT. Therefore it is expected that the vibrational proper-
ties of these structures are not well described by the CENT. In
this regard, we calculated the phonon band structure of mono-
layer of 2H-WS2 in the framework of force constant method
by using DFT and CENT and presented the results in Fig. 3.
The results confirm the dynamical stability of the predicted
structure within both the CENT and DFT. We observe that the
phonon band structure within the CENT is in general agree-
ment with DFT although the CENT phonon frequencies are
about 20%–30% less than the DFT ones. The overall conclu-
sion is that the constructed CENT are accurate enough for
calculating equilibrium energy and comparing stability of 2H-
and 1T-WS2 based nano-structures; however, investigation of
the vibrational properties of these systems requires a more
accurate CENT.

FIG. 3. Phonon band structure of 2H-WS2 calculated by (left) DFT and
(right) CENT.

IV. APPLICATIONS

We are now in a position to make use of the constructed
potential in simulation of some large scale nano-structures
of tungsten disulfide. The selected target nano-structures are
based on the monolayers of 1T- and 2H-WS2, which are
the two lowest lying phases of this material. It should be
noted that in the output of the structure searches mentioned in
Sec. III, there is no structure between these two phases, which
indicates that 1T is the most feasible meta-stable phase of a
WS2 sheet. In other words, since other atomic configurations
have much higher energies than 2H-WS2, they are less proba-
ble to be detected in experiment. Hence we focus on these two
phases, prepare the initial atomic positions, and investigate
them using the CENT. It is noteworthy to say that triangular
clusters and nanotubes of WS2 are prepared by cutting and
rolling the corresponding monolayers, respectively.

A. Triangles

The fascinating applications of TMD nano-clusters, men-
tioned in Sec. I, are usually observed in the form of triangles
of 2H-TMD, in experiments.41,59–61 Hence, in this section, we
employ the constructed CENT to investigate 2H- and 1T-WS2

triangles. In contrast to 2H triangles, to the best of our knowl-
edge, 1T triangles are not yet synthesized, most-likely because
of the considerable energy difference between this phase and
the most stable phase (2H). Therefore, first we need to consider
the feasibility of the investigated 1T-triangles. In this regard,
we picked the 1T-triangle of size 3, with formula W6S22, as
a prototype and computed its vibrational spectrum by using a
full-potential DFT method. We found no imaginary vibrational
frequency in this cluster, indicating dynamical stability of the
system. Therefore, the investigated 1T triangles are expected
to be feasible, in principle, although a practical way for syn-
thesis of these systems is not yet discovered. Fortunately, there
are some promising solutions for synthesis of 1T-WS2 nano-
structures, for example, 1T-WS2 sheets were synthesized via
charge transfer from the organic component of a lithium com-
pound (typically butyl lithium) to the 2H-WS2 sheets.62 It is
also found that exfoliation of the bulk 1T-WS2 sheets gives
rise to the 1T planar slices with random and irregular geome-
tries.46,63 Therefore, the presented results and discussions on
1T-WS2 triangles serve as a reliable theoretical prediction of
some feasible nano-structures which may be synthesized in
the near future.

The ideal equilateral 2H-triangles may have two kinds of
edge structures: W-edge and S-edge. Accurate experimental
observations indicate that in equilateral triangles of 2H-MoS2,
Mo- and S-edges are covered by extra S atoms.59 In triangles
with more than 5 Mo atoms per edge, 100% covered Mo-
edge (naming convention of Lauritsen et al.59) is found to
be the most stable edge configuration, while in the smaller
triangles, 100% or 75% covered S-edges are more feasible.
Hence, we adopt 100% covered W (W100) and S (S100) edges
in our theoretical study. In the case of 1T-triangles, there is no
difference between W100 and S100 edges, so just S100 edge
will be addressed.

In the following, we refer triangles by their edge type
and the number of W-atoms on the edge (n). We cut various
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FIG. 4. Relaxed configuration of the 1T-S100 triangle of size 10.

W100 and S100 2H-WS2 and S100 1T-WS2 triangles from
the corresponding 2D sheets and relaxed them by using the
trained CENT. In order to verify the reliability of the CENT
relaxed structures, we employed DFT to compute the residual
atomic forces of small triangles (n ≤ 9). As mentioned earlier,
the RMSE of the constructed CENT forces is 820 meV/Å, and
we found DFT residual atomic forces less than 300 meV/Å, in
all cases. In addition, the difference between DFT and CENT
total energies is less than the RMSE of CENT energies so that
they are consistent as well.

In the case of 1T triangles, although the starting configu-
ration was always an ideal planar structure, we observed that
the relaxed configuration is slightly curved, at all sizes. The
curved structure of the triangle of size n = 10, as a prototype, is
shown in Fig. 4. The curvature of the 1T-triangles decreases as
n increases, however, raised (out of plane) corners persist even
in very large triangles. We verified this structural deformation
by direct DFT calculations on small (n ≤ 6) 1T-S100 triangles.
This deformation is attributed to the unbalanced distribution
of terminal S atoms on the two edge sides of the 1T-S100 trian-
gles. As a result of that, terminal S atoms on one side are denser
and hence produce a positive strain along the corresponding
edge side which gives rise to the observed curvature. Thus,
supposing that the phase transformation of a 2H-triangle to a
1T one is feasible, the resulting cluster will not be planar and
corners become raised.

In order to compare the stability of the triangles, we calcu-
lated binding energy, free energy, and second order difference
in free energy of triangles. In spite of low probability of occur-
rence of 1T-WS2 triangles, this system will not be omitted in
the following discussions. The binding energy (per atom) is
defined as follows:

Eb =
nW EW + nSES − Etot

nW + nS
, (3)

in which EX is the energy of the corresponding free atoms,
and the number of X atoms (nX ) can be found in Table I.
The calculated binding energies (presented in Fig. 5) approach
to the sheet cohesive energy at large sizes, in all cases, and
S100 2H-WS2 triangles always have larger binding energies
than others. Since the investigated triangles have different sto-
ichiometries, the binding energy may not be used to compare

TABLE I. The number of S and W atoms in various triangular clusters.

System nW nS

1T-S100 n(n + 1)/2 n(n + 4) + 1
2H-S100 n(n + 1)/2 (n + 1) (n + 2)
2H-W100 n(n + 1)/2 n(n + 5)

FIG. 5. Binding energy per atom of the three types of WS2 triangles as a
function of n. The dashed line shows the cohesive energy per atom of an ideal
2H-WS2 sheet.

the stability of different systems. The reason is that the num-
ber of atoms in the denominator of Eq. (3) is not the same for
different triangle types (Table I); as a result, the triangle which
has more S-atoms in each size has a smaller binding energy per
atom. In order to address the stability of systems with different
stoichiometries, the following free energy is employed:

γ =
1

3L
[GTRI − µW nW − µSnS], (4)

where 3L is the total edge length of the triangle, nX and µX

are the number and chemical potential of X-atoms, and GTRI is
the Gibbs free energy of the triangle. This free energy is very
similar to a surface free energy which is successfully used
to address the relative stability of non-stoichiometric surfaces
in the framework of ab initio atomistic thermodynamics.64

There, it is justified that at moderate temperatures, the entropic
contributions to the Gibbs free energy have minor effects in
determining the relative stability of various surfaces which are
in thermodynamic equilibrium with the original bulk material,
and the DFT total energies are sufficient for comparing surface
free energy of these systems,

γ =
1

3L
(Etot − nW µW − nSµS). (5)

Since our clusters are large enough, the central region is
very similar to an ideal sheet of WS2, and the following equi-
librium condition may be imposed between atomic chemical
potentials and an ideal sheet of WS2: µW + 2µS = Esheet

tot .
Moreover, we set the reference of the chemical potentials to
the calculated free atom energies to achieve

γ =
1

3L
(Eb − (Esheet

b − 2µS)nW − µSnS). (6)

By plotting the free energy of the triangles as a function
of chemical potential of sulfur, we may address the relative
stability of the systems at different thermodynamics condi-
tions. It is noteworthy to say that different thermodynamics
conditions affect the free energy through changing chemical
potentials. The obtained phase diagram is presented in Fig. 6.
In practice, the accessible region of the phase diagram is lim-
ited by the formation of relevant sulfur poor and sulfur rich
phases in the system; a maximum of µS (�4.06 eV) corre-
sponds to the formation of crown-like S8 cluster (sulfur rich
phase), while its minimum (�5.09 eV) happens when a pure
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FIG. 6. Phase diagram. Free energy of triangles as a function of chemical
potential of sulfur (µS). The shaded region shows the allowed physical val-
ues of µS . There are four lines (n = 5, 10, 15, and 20) of the same color,
each of which belongs to a single type of triangle. The highest line of
each color belongs to n = 5, and the lowest line of each color belongs to
n = 20.

tungsten crystal is formed (sulfur poor phase). In should be
noted that these values were taken from DFT calculations. In
order to make the phase diagram more clear, only four size
representatives (n = 5, 10, 15, 20) for each type of triangles
were plotted in the diagram. It is obvious that in the whole
allowed region of µS values, the S100 2H-WS2 triangles pos-
sess lower free energies than 1T-S100 and 2H-W100 triangles,
irrespective of their size. Hence, we conclude that in contrast
to the MoS2 triangles which are mainly observed with fully
covered Mo-edges, WS2 triangles seem to favor fully covered
S-edges.

In order to estimate the abundance of the triangles at differ-
ent sizes, we should investigate the second order differences of
γ at different values of the sulfur chemical potentials. However,
the obtained phase diagram of Fig. 6 shows that the γ plots are
nearly parallel and no crossing happens in the allowed region;
hence, focusing free energy and its second order difference at a
specific value of µS (middle of the allowed region,�4.57 eV) is
sufficient for comparing the relative stability of different sizes
of triangles. Figure 7(a) shows the resulting free energies as a
function of size. The overall trend of S100 triangles of 1T- and
2H-WS2 is the drop of γ by increment of the cluster (edge) size.
However, it is interesting that in the case of 2H-W100 triangles,
a shallow minimum is visible at n = 13, which indicates a more
relative stability of this size compared with the neighboring
sizes. For more accurate comparison of the relative stabili-
ties, the second order difference of free energy is calculated as
follows:

δ2γ = γ(n + 1) + γ(n − 1) − 2γ(n). (7)

Figure 7(b) shows the obtained δ2γ plots for different tri-
angles. It implies that smaller sizes, with large positive δ2γ
values, have higher probability to be detected in the exper-
iment. It also shows that all the “S-edge 100%” cases of
2H-(WS2)n triangles (up to n = 20) have a positive δ2γ value,
meaning that they are relatively stable. However, the W100
configuration of 2H-WS2 and S100 configuration of 1T-WS2

FIG. 7. Calculated free energy of triangles (a) and its second order difference
(b) as a function of n.

triangles possess negative values at n = 11, 12, 14, 15, 17 and
n = 10, 14, 16, 17, 19, respectively.

B. Nanotubes

As one of the first discovered Inorganic Fullerenes (IFs) by
Tenne et al.,65 tungsten disulfide nanotubes exhibit mechani-
cal stability66 and solid-state lubrication properties39 that have
made them a suitable candidate to use in various industries
including power generation, heavy industry, and mining and
maybe in jet engines and medical devices.67 In this section, we
use the trained CENT to relax the geometries and to calculate
the strain energy of zigzag (n,0) and armchair (n,n) single-
wall nanotubes (n < 30) constructed from 1T- and 2H-WS2

sheets. Initial tubes were prepared by rolling the WS2 mono-
layer in a way that the curved distance between two adjacent
W-atoms is preserved, in the curvature direction. A vacuum
of 10 Å was used in the x and y directions. The arrange-
ment of atoms in these systems, after relaxation, is sketched in
Fig. 8.

In the case of multi-walled nanotubes, because of the
absence of a weak interaction term in the CENT, the weak
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FIG. 8. Top and side views of the investigated nanotubes.

interaction between adjacent tubes is not described reli-
ably; so, this potential may not be used to simulate multi-
walled tubes. On the other hand, in contrast to a single-
walled carbon nanotube, a WS2 nanotube is composed of
three atomic layers, and the inner S-atoms are closer to each
other, compared to outer S-atoms. Thus, after structural relax-
ation of atomic positions, we found that interior W-S bonds
are compressed while the exterior ones are stretched. Fur-
thermore, the transverse W–W bonds (perpendicular to the
tube direction) are stretched, compared with the longitudinal
W–W bonds.

Strain energy, which is defined as the energy difference
between a WS2 unit in the tube and in the ideal sheet, is
a measure of the work needed to roll up a layer to a tube.
Figure 9 illustrates the strain energy (per atom) of 1T- and
2H-WS2 nanotubes as a function their outer radius. Bending
stiffness (β) of different WS2 tubes was calculated by fitting
the corresponding strain energy (Estr) data presented in Fig. 9
to the formula Estr = β/R.68 The calculated β values are in
the range of 23.66–27.32 eVÅ2/at. which are consistent with

FIG. 9. Strain energy (per atom) as a function of tube radius for armchair
(blue) and zigzag (green) 1T-WS2 nanotubes and armchair (violet) and zigzag
(orange) 2H-WS2 tubes. The corresponding values for CNTs are plotted in
the red line.

those of MoS2.69 Armchair 1T-tubes possess the lowest stiff-
ness and zigzag 2H ones have the highest. Moreover, stiffness
values imply that zigzag tubes are more tolerant than armchair
ones under external pressure, in general; however, the values
are not very different.

In order to make comparison with carbon nanotubes
(CNTs), we have also added the strain energy of CNTs con-
sidering stiffness of βCNT = 2.2 eVÅ2/at.69 (one can find
different values of βCNT in the literature, but all of them are of
the same order of magnitude). It is evident that compared to
CNTs, WS2NTs deform less under an external pressure. This
higher value of β of WS2NTs is attributed to their three-layer
wall, which needs more mechanical work to be bent, compared
to monolayer wall of CNTs.69 Supposing that a multi-walled
WS2NT is a superposition of single-walled tubes, one expects
to see a higher β value in measurements on multi-walled
WS2NTs because bending of a few tubes possessing the same
bending stiffness requires more energy compared to a single
tube.

V. CONCLUSION

In this paper, we constructed a high-dimensional neural-
network potential based on the CENT scheme for WS2,
employing a recently developed method.31 The required train-
ing set to build the potential was prepared by density functional
theory in the form of stoichiometric atomic clusters of WS2.
We showed that although the potential was fitted on atomic
clusters, it can predict the (layered) bulk structure of WS2 cor-
rectly, in a structure search using the minima hopping method.
This confirms the transferability of the CENT. Moreover, we
found it accurate enough to reproduce bond lengths, angles
between bonds, and cohesive energy. Based on these verifica-
tions, we used the CENT to investigate different triangles and
nanotubes of 1T- and 2H-WS2.

We found that 1T-WS2 triangles become curved after
relaxation; although the curvature tends to zero for larger tri-
angles, the raised corners persist to exist even for very large
cases. On the other hand, by calculation of the phase diagram,
2H-WS2 triangles with 100% covered S-edges were shown to
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be the most stable triangles among other investigated cases. In
the case of nanotubes, calculation of bending stiffness of WS2

nanotubes revealed that tungsten disulfide has almost the same
bending characteristic as molybdenum disulfide; and zigzag
tubes showed more resistance against bending, compared to
armchair ones.
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