
Solute segregation in polycrystalline aluminum from hybrid Monte Carlo and molecular dynamics simulations
with a unified neuroevolution potential

Keke Song,1, 2 Jiahui Liu,1, 3 Shunda Chen,4, a) Zheyong Fan,5, b) Yanjing Su,1, 3, c) and Ping Qian1, 2, d)
1)Beijing Advanced Innovation Center for Materials Genome Engineering,
University of Science and Technology Beijing, Beijing 100083, China
2)Department of Physics, University of Science and Technology Beijing, Beijing 100083,
China
3)Corrosion and Protection Center, University of Science and Technology Beijing, Beijing 100083,
China
4)Department of Civil and Environmental Engineering, George Washington University, Washington,
DC 20052, USA
5)College of Physical Science and Technology, Bohai University, Jinzhou,
P. R. China

(Dated: 23 April 2024)

One of the most effective methods to enhance the strength of aluminum alloys involves modifying grain
boundaries (GBs) through solute segregation. However, the fundamental mechanisms of solute segregation
and their impacts on material properties remain elusive. In this study, we implemented highly efficient hybrid
Monte Carlo and molecular dynamics (MCMD) algorithms in the graphics process units molecular dynamics
(GPUMD) package. Using this efficient MCMD approach combined with a general-purpose machine-learning-
based neuroevolution potential (NEP) for 16 elemental metals and their alloys, we simulated the segregation
of 15 solutes in polycrystalline Al. Our results elucidate the segregation behavior and trends of 15 solutes
in polycrystalline Al. Additionally, we investigated the impact of solutes on the strength of polycrystalline
Al. The mechanisms underlying solute strengthening and embrittlement were analyzed at the atomistic level,
revealing the importance of GB cohesion, as well as the nucleation and movement of Shockley dislocations, in
determining the material’s strength. We anticipate that our developed methods, along with our insights into
solute segregation behavior in polycrystalline Al, will be valuable for the design of Al alloys and other multi-
component materials, including medium-entropy materials, high-entropy materials, and complex concentrated
alloys.

I. INTRODUCTION

Aluminum alloys are widely recognized for their ver-
satility in various structural applications due to their
lightweight nature (low density), high strength, and good
corrosion resistance1,2. Comprehensively understanding
and enhancing the structural properties of aluminum al-
loys is crucial for unlocking their vast potential in engi-
neering applications. Grain boundaries (GBs) are preva-
lent defects in metallic alloys that govern the macroscopic
strength of materials3–5. Solute segregation at GBs pro-
foundly impacts the structure, composition, and overall
properties of alloys, offering a promising avenue for de-
veloping materials with enhanced performance6–8. De-
spite considerable research on the effects of solute seg-
regation on GBs stability and strengthening 9–15, funda-
mental questions regarding the mechanisms and impacts
of solute segregation on material properties persist, pri-
marily due to the challenges associated with observing
segregation at the atomic level in situ.

Atomistic simulation methods, particularly ab ini-
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tio calculations based on quantum-mechanical density-
functional theory (DFT), have emerged as valuable tools
for understanding solute segregation behavior at GBs.
For instance, Wu et al. investigated the strengthening
effect of transition metals on a series of tungsten GBs,
revealing insights into their dependence on GB structure
and solute radius11. Additionally, Mahjoub et al. con-
ducted extensive DFT calculations to reveal the general
trend of segregation at GBs for a large number of solutes
in the periodic table10. Recently, Song et al. studied
the effects of the concentration of alloying elements in
Fe GBs on their strength, hydrogen atom trapping, and
hydrogen-induced embrittlement16.

However, DFT calculations are constrained by effi-
ciency limitations, restricting the analysis of solute atom
segregation to specific GBs while largely ignoring tem-
perature effects. In contrast, molecular dynamics (MD)
simulations with classical potentials allow for the ex-
ploration of larger structures while considering tem-
perature effects, providing valuable insights into real-
istic physical process17–20. Most previous works have
used the embedded-atom method (EAM) potential or
its extensions21,22, which often lack the desired accuracy,
particularly for alloys.

In this paper, we utilize the highly accurate and effi-
cient machine learning potential, UNEP-v1, recently de-
veloped by Song et al.23 as a general-purpose unified neu-
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roevolution potential (NEP)24–26, for 16 elemental metals
and their alloys (Ag, Al, Au, Cr, Cu, Mg, Mo, Ni, Pb, Pd,
Pt, Ta, Ti, V, W, Zr), to investigate solute segregation in
polycrystalline Al. It has been shown that UNEP-v1 out-
performs the EAM potential by Zhou et al.27 for various
physical properties23. To facilitate our investigation, we
develop an efficient implementation of the hybrid Monte
Carlo and molecular dynamics (MCMD) method closely
integrated with the NEP model in the gpumd package28.
Employing this method, we systematically study the dis-
tribution of 15 solutes in polycrystalline Al. Our analysis
reveals that Ag, Au, Cu, Mg, Pb, Pd, and Pt in polycrys-
talline Al tend to fully segregate at GBs, while Ni, Ta,
and Zr exhibit partially segregation at GBs. Addition-
ally, we observe that Cr, Mo, V, W, and Ti do not segre-
gate at GBs, with Ti precipitated as BCC TiAl within the
crystal lattice. Subsequently, we investigate the impact
of solute segregation on the strength of polycrystalline
Al. Our findings indicate that Pd and Pt significantly
enhance the strength of polycrystalline Al. Furthermore,
we analyze the mechanisms underlying the strengthening
and embrittlement associated with solute segregation in
polycrystalline Al at the atomistic level, shedding light
on the crucial role of grain boundary cohesion, as well as
the nucleation and movement of Shockley dislocations, in
determining the strength of polycrystalline Al.

II. COMPUTATIONAL DETAILS AND
STRUCTURAL MODELS

A. The unified neuroevolution potential for 16
elemental metals and their alloys

We employ the UNEP-v123 machine learning potential
model based on the NEP24–26 approach as implemented
in the gpumd package28. UNEP-v1 serves as a general-
purpose potential for 16 elemental metals (Ag, Al, Au,
Cr, Cu, Mg, Mo, Ni, Pb, Pd, Pt, Ta, Ti, V, W, Zr) and
their alloys. As demonstrated by Song et al.23, it outper-
forms the EAM potential by Zhou et al.27 across various
physical properties such as elastic constants, surface for-
mation energy, vacancy formation energy, melting point,
phonon dispersions, while maintaining comparable com-
putational speed. For the first time, the UNEP-v1 ma-
chine learning potential enabled 100-million-atom atom-
istic simulations of alloys with ab initio accuracy using
only eight A100 GPUs23.

B. Building the initial polycrystalline Al model

We utilized the Voronoi algorithm as implemented
in atomsk29 to construct the initial polycrystalline Al
model (Fig. 1). The model contains 6 grains in a cu-
bic simulation cell, each side of 20 nm, totalling 490 000
atoms. To release the atomic stress in the GB regions, a
series of MD simulations were conducted using gpumd28

with the UNEP-v1 machine learning potential23. These
simulations included a heating process of 200 ps from
300 to 400 K, an annealing process of 200 ps from 400
to 300 K, and finally, an equilibration process of 100 ps
at 300 K. These MD simulations were performed in the
NpT (constant number of atoms, pressure, and temper-
ature) ensemble with a zero isotropic target pressure and
an integration time step of 1 fs. To study solute segrega-
tion, we randomly substitute 1% Al atoms by the solute
atoms, before doing the MCMD simulations as described
below.

FIG. 1. Snapshot of the initial pure polycrystalline Al mi-
crostructure obtained from MD annealing simulation. Green,
red, and black spheres represent atoms with local bonding
features resembling FCC, HCP, and BCC (very rare) struc-
tures, respectively. Gray spheres represent atoms at the GBs.

C. An efficient MCMD approach implemented
in GPUMD

MCMD proves to be an effective approach for achieving
optimal chemical ordering at specific temperatures. In
our study, we use the canonical MCMD (NiV T ensemble)
to investigate the segregation of solute in polycrystalline
Al, where Ni is the number of atoms for species i. This
canonical Monte Carlo (MC) ensemble can be realized
by swapping atom pairs with different species. For each
MC trial, we randomly pick two atoms of different spices
and swap their identities, including masses and velocities.
The swap is accepted with the probability

P = min

{
1, exp

(
−∆U

kBT

)}
, (1)
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where ∆U is the change in potential energy due to the
trial swap. In MCMD, the MC and MD simulations are
executed alternately. Specifically, we conduct 100 MC
trials (regardless of acceptance) after every 100 MD steps.

For each MC trial swap, evaluating the change in po-
tential energy, ∆U , can be achieved by at least two ap-
proaches. A straightforward approach involves recalcu-
lating the potential energy of the entire system after each
attempted swap (regardless of whether the swap is ac-
cepted) and comparing it with the potential energy be-
fore the swap, which can be retrieved from the previ-
ous accepted MC trial. Usually, forces and stresses are
also calculated along with energy calculation in this ap-
proach. Consequently, one MC trial in this approach
nearly matches the computational cost of a MD step.
With an equal ratio for MC and MD simulations, MCMD
is thus twice as costly as pure MD for completing the
same number of MD steps. This is the approach adopted
by lammps30 for a general potential model.

A more efficient approach is to leverage the locality
properties of the potential model and calculate site en-
ergies only for atoms that are affected by the attempted
swap. In the worst-case scenario, where the two atoms
to be swapped are widely separated, we still only need
to calculate the site energy for about 4M atoms, where
M is the average number of neighbors for one atom. The
factor of 4 comes from the two atoms (a factor of 2)
before and after the swap (another factor of 2). The
computational cost for one MC trial in this approach is
thus independent of the number of atoms N in the sys-
tem. In this study, where N = 490 000 and M ≈ 60, the
computational cost of one MC trial is only about 0.05%
of that for one MD step. With an equal ratio for MC
and MD simulations, this MCMD approach is nearly as
fast as pure MD for completing the same number of MD
steps. In other words, the MC part is nearly free in this
approach when N ≫ M . This is the approach we imple-
mented in gpumd28 during the course of this study. A
sample input script for performing MCMD simulation in
gpumd is provided in Appendix A.

D. Tensile loading

During dynamic tension, uniaxial tensile strain was ap-
plied at a constant strain rate of 108 s−1 by continuously
scaling the atomic coordinates and box dimension along
the y direction. Throughout the simulation, the NV T
ensemble was simulated at 300 K with the integration
time step set to 1 fs. Atomic configuration and disloca-
tion analysis were performed using the Open Visualiza-
tion Tool31. A sample input script for performing tensile
loading simulation in gpumd is given in Appendix B.

FIG. 2. (a) Potential energy versus MCMD simulation time
for Mg solute segregation in polycrystalline Al, using MCMD
methods implemented in GPUMD and LAMMPS. Insets il-
lustrate the distribution of Mg atoms in the 2-nm-thick slices
(xy plane, z-axis range 10 to 12 nm) extracted from the equi-
librated structures obtained from MCMD simulations. (b)
Computational speed comparison between GPUMD (utiliz-
ing a single Nvidia Tesla V100 GPU) and LAMMPS (utiliz-
ing 96 intel Xeon-Platinum 8260 CPUs). Note: The GPU and
CPU resources mentioned above are of comparable price. The
MCMD approach implemented in GPUMD demonstrates a 4x
speedup compared to LAMMPS. Utilizing a single RTX4090
GPU (which is even lower in price) can further enhance the
speedup to about 10x (not shown here), attributed to the effi-
cient GPU implementation and the nearly cost-free MC part
in the MCMD algorithm in GPUMD.

III. RESULTS AND DISCUSSION

A. Comparison of MCMD methods
implemented in GPUMD and LAMMPS

Before applying the MCMD method we implemented
in gpumd28 to systematically study solute segregation
in polycrystalline Al, we first evaluate its performance
compared to the implementation in lammps30, using Mg
solute as an example. Both algorithms produced equiva-
lent physical results, as evidenced by the nearly identical
time evolution of the potential energy shown in Fig 2
(a). Furthermore, the configurations of Mg segregation
at the GBs are also highly consistent between the two
algorithms, as indicated in the insets of Fig 2 (a).

Regarding the computational efficiency (Fig 2 (b)), the
NEP model as implemented in gpumd achieves a speed
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of about 7.9 × 106 atom-step/second in MD simulations
using a single V100 GPU. In contrast, the NEP model as
implemented in lammps reaches a speed of only about
3.3×106 atom-step/second, using 96 Intel Xeon Platinum
8260 CPUs. When using MCMD with an equal ratio
for MC and MD simulations, the gpumd implementa-
tion achieves nearly the same speed as in pure MD simu-
lations, while the lammps implementation experiences
an almost halved speed. These timings are expected
according to our analyses in Sec. II C. It is notewor-
thy that the GPU and CPU resources mentioned above
are of comparable price. The MCMD approach imple-
mented in gpumd demonstrates a 4x speedup compared
to lammps. With a single RTX4090 desktop GPU (which
is even lower in price) or a single A100 GPU, the speedup
is about 10x (not shown here).

B. Segregation of solute in polycrystalline Al

Using the developed MCMD algorithm in gpumd, we
systematically simulated 15 binary systems where 1% of
the Al atoms in the initial polycrystalline Al structure
were randomly selected and substituted by one of the fol-
lowing species: Ag, Au, Cr, Cu, Mg, Mo, Ni, Pb, Pd, Pt,
Ta, Ti, V, W, and Zr. After 5 million MD and MC steps,
the potential energies for all binary systems are well con-
verged, and the atomic configurations can be regarded as
fully equilibrated. Examination of the equilibrium con-
figurations reveals diverse segregation behaviors for the
15 species in polycrystalline Al, which can be broadly
categorized into the following four categories:

• Category 1 (7 species): Ag, Au, Cu, Mg, Pb, Pd,
Pt (Figs. 3(a)-3(g)). For these species, the solute
atoms all segregate to the GBs.

• Category 2 (4 species): Ni, Ta, Zr, Mo (Figs. 3(h)-
3(k)). For these species, the solute atoms partially
segregate to the GBs while remaining partially in
the grains.

• Category 3 (3 species): Cr, V, W (Figs. 3(l)-3(n)).
For these species, the solute atoms are more or less
randomly distributed in the system.

• Category 4 (1 species): Ti (Fig. 3(o)). In this case,
the solute atoms precipitate within the grains.

From the above four segregation behaviors, we can see
that the segregation concentration of Ag, Au, Cu, Mg,
Pb, Pd, and Pt solutes in polycrystalline Al is equal to
or greater than the initially set 1% atomic ratio. Among
them, Mg and Cu have also been experimentally32–35 and
theoretically36–39 verified. The segregation concentration
of Ni, Ta, Mo and Zr is less than the initially set concen-
tration of 1%. The observation that Ti does not segregate
at GBs aligns with DFT calculations40. The precipita-
tion of TiAl within the crystal is plausible, as TiAl metal-
lic compounds are known to be stable and have been ex-
tensively studied41–43. This is expected to influence the

properties of the Al alloy. It is noteworthy that Pb seg-
regation in polycrystalline can cause lattice expansion by
0.4%, while other solutes affect the lattice within 0.05%.
Even if all Pb atoms segregate to the GBs, the polycrys-
talline material will still expand, significantly affecting
its strength. In the GB region, atomic arrangement dif-
fers from the bulk, resulting in the formation of loose and
compressed sites due to atomic distortions. These sites
offer ample opportunities for the segregation of solutes of
varying sizes.
Given that our model surpasses the size calculated by

DFT, the GB region provides a complex and more re-
alistic environment that better reflects the solute segre-
gation behavior. This aspect offers valuable insights for
future simulations of solute segregation in polycrystalline
Al and for the experimental design of solute segregation
components in Al alloys.

C. Impact of solute segregation on the
strength and deformation mechanism of
polycrystalline Al

The relationship between tensile strength and strain of
polycrystalline Al with various solutes is shown in Fig 4
(a). It is evident from the figure that Pt, Pd, Ta, Zr,
Cr, V, Mo, Ti enhances the tensile strength of poly-
crystalline Al, whereas the remaining solutes reduce its
strength. Strengthening solute (for Pt, Pd, and Zr) not
only enhances the strength of polycrystalline Al but also
enhances the maximum tensile strain. Since Ti Cr, V,
Mo, and W do not segregate at GBs, they will not be
discussed further.
Fig 5 displays snapshots of pure polycrystalline Al un-

der different deformations. Polycrystalline Al deforma-
tion goes through three stages. Initially, within the strain
range of 0-4.9%, the material exhibits elastic deforma-
tion. In the strain range of 4.9-8.3%, dislocations and
stacking faults are emitted from the GBs. And at 8.3%
strain, cracks initiate at the GB and then propagate along
the GB.
Fig 5 (a) shows the 1/6⟨112⟩ Shockley dislocations and

stacking faults in pure polycrystalline Al at a strain of
4.9%. In the process of material deformation, disloca-
tions emitted from the GBs play a decisive role44–47. Dis-
location nucleation and propagation serve as the primary
mechanisms for accommodating system stress. The slip
and interplay of dislocations inside the grains facilitate
stress redistribution throughout the plastic deformation
phase.
When the strain reaches 8.3%, cracks are formed, as

shown in Fig 5 (c), and the tensile stress reaches a maxi-
mum of 4.5 Gpa. In Fig 5 (b), before crack formation, no
defect formation and movement is observed in the crack
initiation area. This indicates weak GB cohesion, lead-
ing to intergranular cracking before the maximum stress
value for defect nucleation. As strain increases, cracks
propagate along the GB, ultimately resulting in material
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FIG. 3. Distribution of solute atoms in the 2-nm-thick slices (xy plane, z-axis range 10 to 12 nm) extracted from the equilibrated
structures obtained from MCMD simulations. (a-g) for Ag, Au, Cu, Mg, Pb, Pd, Pt (Category 1: Fully segregated to GBs);
(h-k) for Ni, Ta, Zr, Mo (Category 2: Partially segregated to GBs); (l-n) for Cr, V, W (Category 3: Random distribution); and
(o) for Ti (Category 4: Precipitation within the grains).

fracture.

To further investigate the impact of solute segregation
on the strength of polycrystalline Al, Pt and Pb were
selected due to their significant influence on its strength.
However, the influence of Mg solute remains contentious
in DFT studies, with conflicting findings on whether
Mg strengthens or embrittles GBs36,38,48,49. Neverthe-
less, our analysis in Fig 4 reveals that Mg indeed em-
brittles polycrystalline Al, consistent with experimental
observations50. In Fig 6, snapshots of Mg, Pt and Pb
solute segregation in polycrystalline Al under different
strains are presented.

In Fig 6(a), we observe that the strain (5.3%) for
Shockley dislocation nucleation is greater than that of
pure polycrystalline Al (4.9%), as illustrated in Fig 5.
This can be attributed to the hindrance of dislocation nu-
cleation and movement by Mg segregation at the GB due
to its large size. As shown in Fig 4 (b), the stress of Mg is
greater than that of pure Al in the same strain (range 0-
5.3%); however, once dislocations are emitted, the stress
curves overlap in the strain range of 5.3-7.5%. Moreover,
Mg may reduce the charge density at the GBs39, and Mg-
Al bond weakens the GB cohesion, leading to premature
cracking of the GBs.

Unlike Mg, Pb promotes the formation of Shockley dis-
location, as shown in Fig 6(i). In MCMD simulations, Pd
atoms segregate from the bulk to the GB, leading to a

decrease in the system’s energy. Due to the significantly
larger size of Pb compared to Al, the segregation of Pb
at the loose positions of the GB still causes expansion
of both the GB and the system, increasing local stress
at the GB. Consequently, this lowers the cohesion at the
GB and provides a driving force for the nucleation of dis-
locations. This size effect was also discussed at Ni and
Ag GB51, consistent with our findings. In addition, Pb
is also a well-known embrittling element9, which signifi-
cantly reduces the cohesion of GBs and further promotes
the nucleation of cracks at GBs, as depicted in Fig 6(k).

In contrast, Pt acts as a strengthening solute9. When
Pt segregates at Al GBs, it increases the cohesion of
GB, thereby raising the stress required for dislocation
nucleation and emission from the GBs, as illustrated in
Fig 6(e). When the stress for crack nucleation at the GBs
exceeds the stress for dislocation and stacking fault nucle-
ation and emission from the GB, dislocation nucleation
and movement occur prior to crack formation during the
tensile process. As depicted in Fig 6(f), before crack nu-
cleation, the movement and transformation of Shockley
dislocations (1/6⟨112⟩ Shockley to 1/6⟨110⟩ stair-rod dis-
location) are observed in the crack area. The formation
of the stair-rod dislocation marks the onset of plastic in-
stability and indicates that cracks or holes will form47,52.
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FIG. 4. (a) Tensile strength as a function of solutes. Blue spheres represent the tensile strength of the polycrystalline binary
systems, displayed on the left Y-axis, while red diamonds represent the corresponding strain at the tensile strength of the
polycrystalline system, indicated on the right Y-axis. Blue dashed line and red dashed line correspond to values of pure
polycrystalline Al, respectively. (b) The stress-strain curves for Al, Mg, Pb, and Pt.

IV. SUMMARY AND CONCLUSIONS

In conclusion, we have successfully implemented a
canonical-ensemble MCMD algorithm in gpumd, demon-
strating its accuracy and unprecedented efficiency.
Leveraging this efficient MCMD algorithm, we investi-
gated the segregation behavior of 15 solutes in polycrys-
talline Al employing a general-purpose unified UNEP-v1
machine-learned potential for 16 elemental metals and
their alloys23. Our findings reveal distinct segregation
patterns, with Ag, Au, Cu, Mg, Pb, Pd, Pt fully segre-
gated at GBs, while Ni, Ta, Mo and Zr partially segre-
gated at GBs. Notably, Cr, V, W and Ti do not segregate
at the GBs, with Ti precipitating in the form of a BCC
TiAl structure within the crystals.

Furthermore, uniaxial tensile tests on 15 binary poly-
crystalline Al alloys demonstrate a significant reinforce-
ment effect by Pt and Pd, whereas Pb induces substan-
tial embrittlement. Through the analysis of microstruc-
ture, dislocation nucleation, and crack nucleation, it was
found that during the deformation process of polycrys-
talline Al, GBs play a pivotal role in determining its me-
chanical properties, and solute segregation significantly
impacts the GBs structure and cohesion, thereby affect-
ing dislocation and crack nucleation, ultimately leading
to strengthening or embrittlement of polycrystalline Al.

Our efficient MCMD approach, coupled with unified
neuroevolution potential in GPUMD, not only furnishes
valuable tools for accurately and efficiently simulating so-
lute segregation and chemical ordering in alloy systems,
but also offers insights for future simulations and theoret-
ical guidance for the design of polycrystalline alloy ma-
terials. We expect that our developed methods will also

prove valuable for investigating a wide range of multi-
component materials, including medium-entropy mate-
rials, high-entropy materials, and complex concentrated
alloys.
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Appendix A: Input parameters for MCMD
simulations in GPUMD

MCMD simulations with NEP models can be con-
ducted using the gpumd executable in the gpumd
package28. The parameters controlling the simulations
are specified in the run.in input file. Below is an ex-
ample of the contents of the run.in input file for one
system. The keyword mc invokes the MC trials during
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FIG. 5. Snapshots of 2-nm-thick slices for pure polycrystalline
Al under different strains: (a) 4.9% (yz plane, x-axis range
0.8 to 2.8 nm), (b) 8.0% (xy plane, z-axis range 11 to 13 nm),
(c) 8.3% (xy plane, z-axis range 11 to 13 nm), and (d) 8.5%
(xy plane, z-axis range 11 to 13 nm). Green spheres represent
FCC atoms, red spheres represent HCP atoms, and blue line
represents 1/6⟨112⟩ Shockley dislocation, purple line repre-
sents 1/6⟨110⟩ stair-rod dislocation. Gray spheres represent
atoms at the GBs.

the MD simulation. The parameter canonical indicates
that the MC ensemble is canonical, conserving the num-
ber of atoms for each species. The parameters 100 100
mean performing 100 MC trails after every 100 MD stesp.
The parameters 300 300 denote maintaining the temper-
ature in the MC trials at 300 K.

# setup
potential nep.txt
velocity 300

# MCMD simulation
ensemble npt_mttk temp 300 300 iso 0 0
time_step 1
mc canonical 100 100 300 300
dump_thermo 100
dump_exyz 50000
dump_restart 10000
run 5000000

Appendix B: Inputs for tensile loading
simulations in GPUMD

Tensile loading simulations with NEP models can also
be performed using the gpumd executable in the gpumd
package28. The relevant contents of the run.in input
file are provided below. Tensile loading is initiated by

the keyword deform, with a deformation speed of 2 ×
10−5 Å/fs, corresponding to an engineering strain rate
of 108 s−1 for a system with a linear size of 200 Å. Due
to an implementation restriction in gpumd, the deform
keyword can only be effective by using an NpT ensemble.
Therefore, we used a very large relaxation time for the
barostat to effectively convert the NpT ensemble into the
NV T ensemble intended for use.

# tensile loading simulation
ensemble npt_scr 300 300 100

0 0 0 100 100 100 1e10
time_step 1
deform 0.00002 0 1 0
dump_thermo 100
dump_exyz 1000
dump_restart 10000
run 3000000
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