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Automated force field optimisation of small molecules using a gradient-based workflow package

Marco Hülsmanna1, Thomas J. Müllerb2, Thorsten Köddermana3 and Dirk Reitha*

aFraunhofer Institute for Algorithms and Scientific Computing (SCAI), Schloß Birlinghoven, 53754 St Augustin, Germany; bEduard-Zintl-
Institut für Anorganische und Physikalische Chemie, Technische Universität Darmstadt, Petersenstr. 20, 64285 Darmstadt, Germany

(Received 21 December 2009; final version received 4 August 2010)

In this study, the recently developed gradient-based optimisation workflow for the automated development of molecular
models is for the first time applied to the parameterisation of force fields for molecular dynamics simulations. As a proof-of-
concept, two small molecules (benzene and phosgene) are considered. In order to optimise the underlying intermolecular
force field (described by the (12,6)-Lennard-Jones and the Coulomb potential), the energetic and diameter parameters e and
s are fitted to experimental physical properties by gradient-based numerical optimisation techniques. Thereby, a quadratic
loss function between experimental and simulated target properties is minimised with respect to the force field parameters.
In this proof-of-concept, the considered physical target properties are chosen to be diverse: density, enthalpy of
vapourisation and self-diffusion coefficient are optimised simultaneously at different temperatures. We found that in both
cases, the optimisation could be successfully concluded by fulfillment of a pre-defined stopping criterion. Since a fairly
small number of iterations were needed to do so, this study will serve as a good starting point for more complex systems and
further improvements of the parametrisation task.

Keywords: force field development; numerical optimisation; gradient-based algorithms; molecular dynamics; Lennard-
Jones potential

1. Introduction

In the last decades, molecular simulation and force field

development have become indispensable in the field of

computational chemistry, as they are applicable to a large

variety of areas, such as thermodynamic properties of

fluids [1–7], mechanic properties of solids [8–10], phase

change phenomena [11–13], transport processes in

biologic tissue [14,15], protein folding [16–18], transport

processes in liquids [19–21], polymer properties by using

different length scales [22–25] or generic statistic

properties of soft matter [26].

A force field describes the intra- and intermolecular

interactions between the particles and has to be defined

such that the molecular model predicts a large number of

physical properties simultaneously and correctly. The

parameterisation of a force field for specific systems is a

challenge an its own, and in recent years, there has been

much effort to define and optimise force fields [27–35].

However, many practical approaches are based on

quantum mechanics and only optimise intramolecular

force field parameters and partial charges. As the

computational time increases with the size of the

molecular system, quantum mechanical methods fail in

the case of the optimisation of intermolecular force fields,

as in order to achieve this goal, a sufficiently large system

size is required. Therefore, the application of empirical

parameterisation methods has become more and more

important in the field of molecular simulation, wherein

some a priori selected physical properties are fitted to

experimental target data. Even though some scientific

groups have already dealt with this problem [36–46], a

unique way to solve it for arbitrary systems has not been

found yet. In fact, a trial-and-error investigation is still

often practised by computational chemists in spite of the

partial success of systematic optimisation strategies,

leading to sub-optimal force field parameters. In order to

overcome that situation, we find the usage of fast

numerical optimisation algorithms and the development

of automated optimisation procedures to be of prime

importance. The most significant contributions in this

regard shall be pointed out briefly.

Faller et al. [38] used the simplex algorithm by Nelder

and Mead [47] as iterative optimisation procedure in order

to detect a local minimum of a quadratic loss function

between simulated and experimental target data. The

simplex algorithm is quite robust with respect to noisy data

but its convergency is very slow. Furthermore, it is not

directed to the minimum and hence, in the first steps, it

strays in the parameter space. In the last steps, it starts to

hop around the local minimum. The simplex method
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delivered some very good results, predicting the density

and enthalpy of vapourisation of small molecules [34,38]

and acceptable results predicting radial distribution

functions of polymers [48], but it was always used at

one temperature only.

Some years later, Ungerer et al. [39] applied a

gradient-based method derived from a linear Taylor

expansion resulting in the solution of a linear equation

system (LES). First, the partial derivatives were

approximated by finite differences, and later, Bourasseau

et al. [40] developed a new method to evaluate the partial

derivatives. Their technique turned out to be more efficient

than the simplex algorithm, but it also has some

drawbacks: First, it is not clear a priori whether the

solution of the LES consists of positive, i.e. meaningful,

force field parameters, and second, the linearisation of the

Taylor expansion can in practice only be used close to the

minimum. Hence, the initial force field parameters must

already be chosen quite accurately. Third, the method

cannot be applied to underdetermined problems because

the LES is singular. In the case of some specific small

molecules, the method delivered very good results

predicting the density, enthalpy of vapourisation and

vapour pressure at different temperatures simultaneously,

but especially for larger molecules, the results were not

fully satisfying [40].

We wanted to revisit the parametrisation problem in

order to achieve a sustained improvement of the modelling

process. In order to do so, the overall problem is divided

and studied along the main problem sub-classes: the

development of a suitable program toolkit, the determi-

nation of the most efficient algorithm and the problem of

controlled noise handling. In this work, the performance of

our recently developed automated gradient-based optim-

isation workflow (GROW) is studied [49] for the first time

in real application scenarios. The implementation of

GROW contains a large number of efficient iterative

numerical optimisation algorithms such as steepest

descent and conjugate gradients (CGs) as well as

algorithms which also use Hessian matrices such as

Newton Raphson and trust region (TR). The main problem

with this kind of algorithms is the fact that it is not clear

how they can handle statistical noise, which is present in

all molecular simulations. Therefore, some mathematical

adjustment has to be made in order to deal with this

problem. In [50], a detailed assessment of algorithm

candidates was executed also with respect to noise.

Thereby, molecular simulations were replaced by fit

functions for vapour–liquid equilibrium (VLE) data [51],

and artificial noise was added to the calculated physical

properties. Doing so offered the possibility to exactly

control the noise level and, hence, execute a deterministic

test of the algorithms. It was practically proven that

iterative gradient-based algorithms – and, therefore,

GROW – can be applied to the optimisation of force

fields. In this work, GROW is applied for the first time to

real molecular simulations. The simulation tools inte-

grated in the workflow are the molecular dynamics (MD)

software packages GROMACS4 (version 4.0) andMoscito5

(version 4). The considered physical properties are density,

enthalpy of vapourisation and self-diffusion coefficient.

The two substances benzene and phosgene were

chosen for the following reasons: benzene is a simple

molecule due to its quite simple structure and the fact that

it is non-polar. Furthermore, benzene is symmetric with

only two chemically independent atom types. Hence, the

parameterisation of its force field was deemed to be a

relatively easy task. However, it is still challenging

because of the p-interactions. Phosgene is polar but at the

same time quite polarisable. This means that it can be

expected that the interaction surface of phosgene is

temperature dependent. Therefore, we chose this molecule

in order to test how GROW can deal with such kinds of

systems.

2. Previous work

2.1 Optimisation task

In order to apply iterative numerical optimisation

procedures, we need to define the optimisation task in a

mathematical way. Hence, GROW [49] is aimed at

minimising the following quadratic loss function between

the calculated (e.g. from simulation) and target (e.g. from

experiment) data:

FðxÞ ¼
Xn
i¼1

wi

f
exp
i 2 f simi ðxÞ

f
exp
i

� �2

; ð1Þ

where x ¼ ðx1; . . . ; xNÞ
T [ RN is the force field parameter

vector, N is the number of force field parameters, n is the

number of physical properties considered in the optimis-

ation, f simi ðxÞ is the ith property dependent on the force

field parameters and f
exp
i is the respective target value. The

weights wi account for the fact that some properties may

be easier to reproduce than others. This loss function has to

be minimised with respect to x.

Optimising with respect to different properties at

different temperatures T from a temperature range T
simultaneously, we can express the loss function as

follows:

FðxÞ ¼
Xn
i¼1

X
T[T

wi;T

f
exp
i;T 2 f simi;T ðxÞ

f
exp
i;T

 !2

: ð2Þ

The gradient 7F and the Hessian matrix D 2F required

for the different gradient-based optimisation algorithms

are calculated at each iteration xk; k ¼ 0; 1; 2; . . . , via
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finite differences for the partial derivatives,

›f simi;T

›xj
ðxÞ ¼

f simi;T ðx1; . . . ; xj þ h; . . . ; xNÞ2 f simi;T ðxÞ

h

þOðhÞ;

i ¼ 1; . . . ; n; j ¼ 1; . . . ;N;

ð3Þ

starting from an initial force field parameter vector x0. The

latter must be situated in the sphere of influence of a – at

least – local minimum xopt, where 7FðxoptÞ ¼ 0 and

D2FðxoptÞ is positive definite. The force field parameters,

i.e. the components of the parameter vector x, are chosen

from a compact admissible domain, as they obey certain

boundary conditions. Hence, it must be guaranteed that the

local or global minimum of F is situated inside this

domain. Otherwise, it has to be increased afterwards.

2.2 Software tool GROW

The software tool GROW, whose implementation issues

are published in [49], enables the user to perform an

automated gradient-based iterative optimisation workflow

as given in Section 1. It is modularly constructed and

consists of a main control script, specific implementations

and secondary control scripts for each numerical

algorithm. Taken together, this machinery is able to

automatically optimise force fields and is extensible by

developers with regard to further optimisation algorithms

and simulation tools.

The implementation of GROW contains the numerical

optimisation algorithms given in Section 3 and acts as an

interface between optimisation and simulation providing

all necessary control routines for both tasks. On the

optimisation side, it starts with an initial parameter vector,

computes its loss function value, gradient and – if

required – Hessian via simulation and then evaluates a

pre-defined stopping criterion. If this criterion is fulfilled,

the actual force field parameters are taken as final and the

optimisation workflow terminates. Otherwise, the par-

ameters must be updated by the gradient-based optimis-

ation algorithm. In order to determine an adequate length

of the search direction and not to leave the admissible

domain, we had to apply a step length control method. For

descent methods, i.e. methods with the updating formula

xkþ1 ¼ xk þ tkd
k; ð4Þ

where d k is the actual descent direction and tk the step

length; the Armijo step length control turned out to be

suitable for the present problem. The Armijo step length tA

is defined as

tA ¼ max bl
Ajl ¼ 0; 1; . . . ;F xþ bl

Ad
� ��

# FðxÞ þ zAb
l
Ak7FðxÞ; dl

�
; ð5Þ

with 0 , bA, zA , 1. The Armijo step length only exists,

if d is a descent direction, but then, the convergency of the

whole optimisation algorithm is guaranteed to be

monotonous.

As bl
A !
l!1

0 and b1
A will already be very small in

relation to the range of the force field parameters due to the

boundary conditions, the resulting step length will be too

small so that no profit is drawn. Hence, the usual stopping

criterion 7FðxoptÞ ¼ 0 will not be fulfilled within a

reasonable amount of computation time. Therefore, the

authors decided to use the stopping criterion

FðxÞ # t; ð6Þ

with t . 0 as small as possible (e.g. 1023 or even smaller).

On the simulation side, there is a control script calling

the simulation tool, i.e. all preparation routines, the main

executable which manages the simulation itself and

collocates the trajectory, and the computation routines

writing out all considered physical properties into files.

These are read by the optimisation side of GROW and the

workflow continues. If properties at different temperatures

are considered, the required simulations have to be

executed in parallel. In this case, the optimisation side

calls a script distributing K jobs at K temperatures. A script

controlling the parallel environment and the simulation

control script are called K times. If m ¼ n=K physical

properties are considered, the result of each job consists of

m properties files. The K results are finally passed on to the

optimisation side in order to evaluate the loss function and

the stopping criterion. Figure 1 shows the optimisation and

the simulation side of GROW as well as their connections

in the case of parallel jobs at different temperatures.

2.3 Assessment of gradient-based algorithms

As the most time-consuming step depicted in Figure 1 is

the molecular simulation, efficient numerical algorithms

with low complexity were applied in order to accelerate

the convergency of the optimisation procedure. The

following numerical methods were chosen:

(1) Descent methods: xkþ1 ¼ xk þ tkd
k

† Steepest descent: d k ¼ 27FðxkÞ

† Newton Raphson: d k ¼ 2ðD 2FðxkÞÞ217FðxkÞ

† Quasi Newton: d k ¼ 2H21
k 7FðxkÞ. The approxi-

mation Hk of the Hessian is updated at every

iteration, which can be achieved by different

Quasi Newton methods.

† Powell symmetric Broyden

M. Hülsmann et al.1184

D
o
w
n
l
o
a
d
e
d
 
A
t
:
 
1
7
:
0
2
 
1
4
 
J
a
n
u
a
r
y
 
2
0
1
1



† Davidon Fletcher Powell

† Broyden Fletcher Goldfarb Shanno

(2) CG Methods: d kþ1 ¼ 27Fðxkþ1Þ þ bkd
k; d 0 ¼

27Fðx0Þ:
† Fletcher Reeves: bFR

k ¼ k7Fðxkþ1Þk
2
=k7FðxkÞk

2

† Polak Ribière: bPR
k ¼ k7Fðxkþ1Þ2 7FðxkÞ;7F

ðxkþ1Þl=k7FðxkÞk2

(3) TR methods: xkþ1 ¼ xk þ d k with the so-called TR

subproblem: d k ¼ d kðDÞ for some pre-defined step

length D. There are two ways to solve the

subproblem:

† Double dog leg algorithm (DD): geometric

approach

† Exact solution: eigenvalue decomposition of

Hessian

The algorithms and the Armijo step length control to

determine tk are described and discussed in detail in

[49,52].

In [50], the authors entirely focused on the best choice

of the optimisation algorithms, which were assessed using

a simple molecular model, which is reasonable for

numerous real fluids. It is based on the quadrupolar two-

centre Lennard-Jones (LJ) potential and hence, it is only

valid for LJ fluids consisting of two centres with a

quadrupolar moment. As an example, nitrogen was taken.

The considered physical properties could be computed in a

very fast way because molecular simulations were

replaced by the fit functions for VLE data developed by

[51]. Please note that in [50], no simulations had to be

performed and the best and most efficient algorithm could

be identified by carrying out a detailed algorithm

assessment. In order to mimic molecular simulation runs

as realistically as possible, artificial noise was added to the

calculated physical properties, i.e. uniformly distributed

random numbers within a certain interval around the actual

calculated property. The properties used for the assess-

ment were saturated liquid density, enthalpy of vapourisa-

tion and vapour pressure on the vapour–liquid coexistence

curve. In total, there were eight different optimisation

tasks considering different combinations of properties at

only one and six different temperatures with and without

artificial noise. Furthermore, the shape of the loss function

(2) was studied and it was found that it has the form of a

steep rain drain leading to difficulties for the gradient-

based algorithms. This was another argument for the

choice of the stopping criterion 6. Parameter t was

different for each optimisation task and it was determined

using the steepest descent method as a reference method:

whenever the Armijo step length control did not converge

within 100 iterations, a small upper bound for the current

loss function value was chosen for t.

The results of the detailed assessment were the

following: the quasi Newton methods and the solution of

the TR subproblem by a DD algorithm turned out not to be

suitable for the present optimisation tasks, as the matrices

involved in those methods were not symmetric positive

definite, and at some iteration steps even singular. The

steepest descent, the Newton Raphson, the Fletcher

Reeves, the Polak Ribière and the TR method with an

exact solution of the subproblem mostly fulfilled the

respective stopping criterion within a reasonable number

of iterations, regardless of the presence of noise. However,

the Newton Raphson method often used the steepest

descent direction, as the Hessian was not symmetric

positive definite in most cases.

The CG methods and the TR method with exact

solution of the subproblem were found to be the best

numerical optimisation algorithms, as they led to the best

results in most cases and were very robust with respect to

noise. The TR method converged within less iterations

than the CG methods, but it needs more function

evaluations due to the calculation of the Hessian. Some

further improvements were performed in order to state

how close to the minimum these methods can get. In the

case of all optimisation tasks, the results could be

improved significantly by one of the three methods.

So, it was concluded that gradient-based numerical

optimisation algorithms are suitable, even if there is noise

in the function to be minimised. It is recommended to start

with a steepest descent method in order to reach a

neighbourhood of the minimum as early as possible. Then,

a CG method should be applied and afterwards – as it is

too time-consuming before because of the Hessian

(New) parameters
Distribution of
parallel jobs

Parallel
environment

control

Files containing
physical properties

Read properties

Evaluation

Bad
Good

Final parameters

Optimisation
control

Simulation
control

Preparation

Simulation

Properties comp.

Figure 1. GROW as an interface between optimisation and
simulation in the case of parallel jobs at different temperatures:
on the left side, the optimisation control is performed. If the
stopping criterion is not fulfilled, the actual parameters are passed
on to a distribution control script submitting parallel jobs at
different temperatures. After the execution of a parallel
environment control script, a simulation control script is called
performing all necessary preparations, the simulation itself, and
the computation of the properties to be optimised. The latter are
written into separate files which are read by the optimisation
control script. After the evaluation of the loss function, the
workflow continues.
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computations – the TR method with an exact solution of

the subproblem is applied. Only at the last step, one can

test the Newton Raphson method because this is the most

efficient one in domains which are situated extremely close

to the minimum and in which the Hessian can be assumed

to be positive definite. Furthermore, it is part of the TR

algorithm to use a Newton Raphson step when the radius of

the TR is very small and the minimum is situated inside.

The assessment of the numerical optimisation

algorithms was a practical proof that gradient-based

algorithms can be used for such kinds of optimisation

tasks. Hence, they are ready for the application to

molecular simulations. In this paper, the first results are

shown using MD simulations performed by GROMACS

and Moscito.

3. Simulation details

3.1 Potential and force field parameters

Various intermolecular potentials are available to describe

interactions in fluids. In order to test the gradient-based

methods and to obtain a more consistent potential model,

we decided to test only one widely used intermolecular

potential consisting of the (12,6) – LJ and the Coulomb

potential. The LJ potential contains two parameters for

each atom or group of atoms, i.e. force centre, namely the

energetic parameter e and the diameter parameter s. Let rij
be the distance between two force centres. Then, the LJ

potential has the following form:

ULJðrijÞ¼ 4e ij
sij

rij

� �12

2
sij

rij

� �6
" #

; ð7Þ

where e ij and sij are combinations of e i and e j, and si and

sj, respectively, according to the Lorentz-Berthelot

mixing rules:
e ij ¼

ffiffiffiffiffiffiffiffi
e ie j

p
; ð8Þ

sij ¼
1

2
ðsi þ sjÞ: ð9Þ

To take electrostatics into account, the common

Coulomb potential was applied:

UCoulðrijÞ¼
qiqj

4pe0rij
; ð10Þ

where qi and qj are the partial atomic charges, rij is their

distance and e0 ¼ 8:854 £ 10212 Fm21, the permittivity of

vacuum.

Intramolecular potentials are the standard harmonic

potentials for bond lengths, angles and dihedrals, which

are often equal to 0 as the linear constraint solver for

molecular simulations algorithm [53] is used in order to

perform MD with constraints. In the case of benzene, the

bond lengths, angles and dihedrals are fixed, and in the

case of phosgene, only the bond lengths obey constraints.

Torsional angles only appear in benzene, as in phosgene

not more than three force centres exist.

In this work, the force field parameters to be optimised

are e and s for each force centre. In the case of phosgene,

the partial atomic charges are Mulliken charges obtained

from a quantum mechanical geometry optimisation via

Gaussian 036 with a HF/STO-3G base set. For benzene,

bond lengths, angles, force constants and charges were

taken from the optimised potentials for liquid simulations

optimised potentials for liquid simulations (OPLS) force

field [36] (also the torsional angles) and from [54] for

phosgene, except the charges and the force constants for

the bond angles, which were taken from the Gromos 43A1

force field [55].

Actually, i.e. in the mathematical sense, the potential

parameters cannot be assumed to be independent from

each other, as stated by [56]. Some of them are correlated

or anticorrelated. Therefore, assuming independence

anyway leads to inaccuracies in the total force field.

However, a force field is an approximation of reality and

its main advantage is its explicability. The origins of the

parameters should differ from each other because the

course of action should be traceable, explainable and

reproducible. Any interdependences between parameters

make the force field much more complex, which is not

desired, as the computation of a force field as an

approximate model must be fast and comprehensible.

Moreover, especially for intramolecular forces, many

state-of-the-art approaches exist leading to reliable

parameters. Hence, the optimisation via GROW must

begin when such methods fail.

Table 1 shows the initial force field parameters s and e

for the three molecules considered in this work, which

were taken from the OPLS and the Gromos 43A1 force

field in the case of benzene and phosgene, respectively.

3.2 System configurations

The systems simulated in this work are isothermal–

isobaric ensemble of benzene (500 particles) and phosgene

(750 particles). The explicit simulation conditions for each

system are summarised in Table 2. Vapour pressure is

computed by the Antoine equation indicated in the NIST

Chemistry Webbook [57]:

log10ðPÞ ¼ A2
B

T þ C
; ð11Þ

where the coefficients A, B and C are calculated from data

generated by [58] in the case of benzene. In the case of

phosgene, Equation (11) was used as well, whereas the

corresponding data were generated by [59].

M. Hülsmann et al.1186
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Electrostatic interactions were computed using the

particle mesh Ewald summation method with a real space

cutoff of 0.9 nm and a mesh spacing of approximately

0.12 nm and fourth-order interpolations [60]. For benzene

both Coulomb and LJ interactions 1–4 interactions are

multiplied by a factor of 0.5. Temperature control was

achieved using a Nosé–Hoover thermostat [61,62] and

pressure control using the Rahman–Parrinello barostat

[63,64] with coupling times tT ¼ 0:5 ps and tp ¼ 0:2 ps,

respectively.

3.3 (Pre-)equilibration and production

An MD simulation workflow, as depicted in Figure 2, has

to be organised well in order to provide successful

simulations and accurate approximations of the

considered physical properties, which are calculated via

thermodynamic averages over a certain time period.

Therefore, the system has to be equilibrated, i.e. specific

physical properties are not allowed to be subject to high

changes over time. This in turn means that their trend may

not increase or decrease with time and that their

oscillations must be bounded as strictly as possible.

Within GROW, an MD simulation workflow using

GROMACS is constructed as follows:

(1) First of all, a local minimum of the potential energy

hyper surface is determined, in order to keep the

potential energy low already from the beginning. This

is done by 2000 iterations of a steepest descent

algorithm implemented in GROMACS.

Table 1. Initial force field parameters for the two considered substances, benzene and phosgene.

Substance Atom q (C) m (u) s (nm) e (kJ/mol)

Benzene Carbon (C) 20.1150 12.0110 3.5500 0.2929
Hydrogen (H) 0.1150 1.00787 2.4200 0.1256

Phosgene Carbon (C) 0.3027 12.0110 0.3361 0.4059
Oxygen (O) 20.1362 15.9948 0.2626 1.7250

Chlorine (Cl) 20.0833 35.4530 0.3470 1.2556

The parameters were taken from the OPLS force field [36] and the Gromos 43A1 force field [55] in the case of benzene and phosgene, respectively. Only the LJ parameters s and
e were considered within the optimisation.

Optimisation

Actual parameter
vector x

Loss function
value F(x)

Pre-equilibration

Production run

Equilibration
cycle

(time window)

Eq.-crit.
fulfilled?

Yes

No

Equilibration

Energy minimisation

Pre–pre-equilibration

Figure 2. Construction of an MD simulation workflow using
GROMACS for a parameter vector x within GROW: first, the
potential energy surface is minimised so that the energy is not too
high already at the beginning; second, a canonical ensemble pre-
pre-equilibration is performed which is long enough to guarantee
that the system will not enter into the gas phase; third, an
isothermal–isobaric ensemble pre-equilibration is executed to
move the system closer to equilibrium. Fourth, the equilibration
is activated: in each equilibration cycle, a simulation is performed
through a time window of a user-defined length and specified
properties are monitored. When the equilibration criterion is
fulfilled for each of these properties, the system is considered as
equilibrated, and the considered physical properties are
calculated within a production run which can be significantly
shorter than an equilibration cycle. The loss function value FðxÞ is
computed by means of the properties and passed on to the
optimisation procedure.

Table 2. System settings for the two considered substances,
benzene and phosgene.

System parameter Benzene Phosgene

Number of molecules 500 750
Temperature range (K) 303 235.65

313 243.15
323 250.65

258.15
265.65
273.15
280.65

Pressure range (bar) 0.16 0.12
0.25 0.18
0.32 0.27

0.39
0.55
0.75
1.01

Pre-pre-equilibration: number of steps 10,000 10,000
Pre-pre-equilibration: step length (ps) 0.002 0.002
Pre-equilibration: number of steps 250,000 50,000
Pre-equilibration: step length (ps) 0.002 0.002
Equilibration cycle: number of steps 250,000 50,000
Equilibration cycle: step length (ps) 0.002 0.002
Number of equilibration cycles: 1 1
Production run: number of steps 500,000 50,000
Production run: step length (ps) 0.002 0.002
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(2) Before the actual system equilibration is started,

some previous simulations have to be performed for

reasons of precaution so that a successful equili-

bration is guaranteed. Especially in the case of

simulations on the vapour–liquid coexistence curve

or if the temperature is so high that the considered

substance is nearly a gas, a sort of pre-pre-

equilibration has to be performed in order to make

sure that the system does not become gaseous. This is

done by quite a small number of canonical steps so

that the box volume is kept constant. Dependent on

the substance, the time step can also be reduced, e.g.

by a factor of 10, so that big molecular jumps are

avoided and the system is monitored much more

accurately.

(3) A pre-equilibration is performed for the conventional

reasons as stated for example by [2]: as the system is

assumed to be far away from equilibrium at the

beginning, there has to be a simulation before, which

takes it closer to equilibrium. This is also important

because the starting configuration consists of a

crystalline structure, as the initial box is a cube. For

the small molecules considered in this work, the pre-

equilibration is not crucial after having performed the

pre-pre-equilibration already. However, as this cannot

be generalised, it is performed anyhow. Whenever

GROW is applied to larger molecules such as ionic

liquids or polymers, pre-equilibration will be a very

important step in order to save computation time. The

size and the number of time steps has to be defined by

the user. In the case of the three substances

considered in this paper, both variables were equal

to the ones used for equilibration.

(4) An equilibration cycle consists of a time window of a

user-defined length. During the simulation over this

time window, specific physical properties are

monitored and tested for equilibration. These always

include the potential energy as recommended by [2].

If the density belongs to the physical properties to

optimise, it is monitored as well. In the case of the

enthalpy of vapourisation, the monitored property is

the non-bonded energy consisting of the LJ and the

Coulomb potential (Equations (7) and (10), respect-

ively). The diffusion coefficient is not integrated in

the equilibration process, as it can only be determined

retroactively. This means that it is computed by

averages over a certain time. It cannot be computed at

a specific time step. Integrating the diffusion

coefficient into equilibration would lead to a huge

amount of computation time.

The equilibration criterion is formulated as

follows: Let X be one of the properties mentioned

above and m¼ kXl its (real) thermodynamic average.

Let M be the total number of time steps within a

simulation. It can be proven in a straightforward way

that the quadratic error function between the

approximation ð1=MÞ
PM

i¼1Xi, where

Xi; i ¼ 1; . . . ;M, is independent samples, and m

is equal to the standard deviation of X divided by
ffiffiffiffiffi
M

p
:

1

M

XM
i¼1

Xi 2 m

 !2* +
¼

sMðXÞffiffiffiffiffi
M

p : ð12Þ

The standard deviation sðXÞ can be estimated by

the approximation

sMðXÞ <
1

M 2 1

XM

i¼1
Xi 2

1

M

XM

i¼1
Xi

� �2

;

and hence, the following equilibration criterion is

taken:

s
~MðXÞ # ~t

1

~M

X~M
i¼1

Xi; ð13Þ

where ~M is the size of the time window. It is more

efficient to use ~M instead of M because otherwise

another equilibration cycle may be started needlessly,

as the equilibration criterion may not be fulfilled only

because the initial values of X are involved in the

calculation. The multiplication by ð1=M̃Þ
P ~M

i¼1Xi is

due to the fact that the criterion must be defined

relatively and not absolutely. The tolerance parameter

~t depends on the specific property. Thereby, it is

important to know which amount of noise in the case

of which property can be tolerated by the gradient-

based algorithms. Please note that the amount of

noise in the simulation data can be measured by the

quadratic error function (12). According to [50], ~t ¼

0:005 was set for the density and ~t ¼ 0:01 for all

energies.

Please note that the Xi; i ¼ 1; . . . ;M, must be

statistically independent from each other. The

independence can be measured by means of the

autocorrelation function of X. See [2] for more

details. However, in this application, where equili-

bration is only understood as the accuracy of the

thermodynamic averages, it is sufficient to take a

sample at each 1000th time step. Hence, instead of

Xi; i ¼ 1; . . . ;M, only M=1000 samples are

involved in the average calculations.

(5) When the equilibration criterion (13) is fulfilled for

all properties, the production run can start in order to

compute the physical properties to be optimised. This

phase of the simulation workflow does not need to be

very long, as the system is already equilibrated,

except in the case of the diffusion coefficient, which

is determined by a sufficiently long simulation in the

production phase. The final properties are calculated
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via averages over a few time steps only. Note again

that the properties Xi involved in the average

calculation must be independent.

Please note that this kind of simulation workflow does

not depend on the simulation tool. It can also be

constructed with other simulation tools than GROMACS.

The number of time steps, the time step lengths and the

number of equilibration cycles until equilibrium was

reached are indicated in Table 2.

3.4 Experimental and simulated physical properties

As already mentioned, the physical properties considered

were density (r in kg/m3), enthalpy of vapourisation (DvH

in kJ/mol) and self-diffusion coefficient (D in 1025 cm2/s).

For the two substances, experimental data on the vapour-

liquid coexistence curve were taken. Hence, the exper-

imental densities considered here are the saturated liquid

densities r1. Please note that the molecular models created

by the isothermal–isobaric ensemble MD simulations do

not necessarily produce accurate VLE data. Hence, the

density is generally denoted by r. In the case of benzene,

density and self-diffusion coefficient were considered.

Experimental values were obtained from [65]. For

phosgene, density and enthalpy of vapourisation were

optimised simultaneously. The following nonlinear

regression formula was taken for the experimental density

of phosgene, which is valid at P ¼ 1 atm:

rðTÞ ¼ aþ bT þ cT 2: ð14Þ

The regression coefficients a, b and c were determined

by [66]. The fact that equation (16) is only valid at air

pressure is not problematic, since the influence of the

isothermal compressibility on the density is negligible, as

it is less than 1023%. Hence, the error on the density will

be in the same order of magnitude as the statistical noise in

the simulation data and it is not necessary to perform

separate simulations for the density at P ¼ 1 atm. The

enthalpy of vapourisation of phosgene was calculated by a

combination of the Clausius–Clapeyron equation and the

Berthold state equation taken from [59]:

DvHðTÞ ¼ RT 2 dlnP

dT
12

9PTc

128PcT
12 6

T2
c

T 2

� �� 	

2
PVm;c

RT
;

ð15Þ

where R ¼ 8.3146 J mol21 K21 is the ideal gas constant,

Tc ¼ 455K the critical temperature, Pc ¼ 56 atm the

critical pressure, and Vm,c ¼ 69.2 cm3 is the molar critical

volume. Pressure P is computed by the Antoine equation

(11). Please note that for both density and enthalpy of

vapourisation, conversions had to be carried out in order to

get the correct units.

After the production runs, we computed the simulated

values for r, DvH and D are computed as thermodynamic

averages over the production time, which are denoted by

k· · ·l. The density is simply computed by

r ¼
ml

kV ll
; ð16Þ

where ml is the mass and V l the volume of the liquid phase.

The computation of r is performed by a program

implemented in GROMACS, as well as by the non-bonded

energy terms from equations (7) and (10). The enthalpy of

vapourisation is then approximated by

DvH < 2
kUnbl
NMol

þ RT ¼ 2
kULJ þ UCoull

NMol

þ RT ; ð17Þ

as it is assumed that the contribution of the gas phase is

negligible, and NMol stands for the number of molecules

within the system. Equation (17) is evaluated after the

simulation phase by GROW.

For the self-diffusion coefficient, separate simulations

were performed by MOSCITO, which also computed D

using the Einstein relation:

D ¼
1

6
lim
t!1

d

dt
krðtÞ2 rð0Þl2; ð18Þ

where rðtÞ is the position vector of the centres of mass of

the system of particles at time step t, and krðtÞ2 rð0Þl2 is
the mean square displacement. The latter can only be

computed after a certain time window, as it is a

thermodynamic average. The self-diffusion coefficient is

then calculated by fitting the curves indicating how large is

the distance of a molecule from its original position by

regression lines. The average of the slopes of these lines

divided by 6 equals D.

4. Results

In the two following subsections, practical results

concerning simulation and optimisation of the two

considered molecules, benzene and phosgene, are

indicated, respectively. Please note that in all cases, the

goal was to fulfill the stopping criterion FðxÞ # 1023

(Table 3).

4.1 Benzene

Figure 3 shows the different simulation parts mentioned in

Section 3 in the case of benzene at T ¼ 303K. The LJ

parameters used within the simulations are the initial ones

indicated in Table 2. Two different physical properties are

plotted, which are necessary to decide whether the system

is equilibrated or not, according to the equilibration

criterion (13), i.e. the density (Figure 3(a)) and the
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potential energy (Figure 3(b)). For the former, only the

pre-equilibration, the equilibration and the production

phase are indicated because within the pre-pre-equili-

bration, the density is constant. For the latter, the energy

minimisation and pre-pre-equilibration phase are very

short, as benzene is the simplest system considered in

this work and the time needed for equilibration is the

shortest. It can be seen that after strong deviations and

oscillations at early time steps, both time series reach a

zero trend with small deviations, which can be considered

as an equilibrated state. Table 4 shows the simulation

results of the initial LJ parameters from Table 2, i.e. the

simulated and experimental values for rl and D at three

different temperatures. The mean absolute percental

error (MAPE) over all temperatures between experi-

mental and simulated data is 0.81% for rl and 22.05%

forDwith a loss function value of 0.1463. Hence, the value

of D is still very poor and needs to be improved by all

means.

Table 5 shows the optimisation results for benzene

obtained by three iterations of the steepest descent method.

The decrease of the loss function was in Oð1022Þ.

Thereby, the MAPE on the diffusion coefficient decreased

drastically (by a factor 1021) and the MAPE on density

was increased only marginally. Following the idea

described in [49], the optimisation workflow was

interrupted after a certain number of Armijo step length

control iterations, because the resulting small enhance-

ment is not worth the much higher amount of computation

time. Here, the workflow was stopped after 10 Armijo

iterations. As the stopping criterion has not been fulfilled,

a subsequently applied Polak Ribière method was tried

which did not improve the results. Then, a final trial was

performed by decreasing the gradient discretisation

parameter h from 1022 to 1023 in Equation (3). The idea

behind this was that the loss function, could be smoother in

a neighbourhood of the minimum, so that the gradient

might be calculated more accurately than in steep domains

of the loss functions where the amount of noise is so high

that by calculating the gradient with a small h the

algorithm gets stuck in a local minimum produced by

the oscillations due to statistical noise. For more details,

cf. [49]. As none of these trials led to success,

s ¼ 0.3447 nm and e ¼ 0.2882 kJ/mol, i.e. x ð2Þ in

Table 5, are considered as the optimal LJ parameters

for benzene. Figure 4 shows the development of rl
(Figure 4(a)) and D (Figure 4(b)) within the optimisation

workflow performed with GROW over the considered

0 500 1000 1500 2000

Time (ps)

750

800

850

900

950(a)

(b)

ρ 
(k

g 
m

–3
)

Pre-equilibration
Equilibration
Production

0 500 1000 1500 2000

Time (ps)

12000

14000

16000

18000

20000

22000

U
po

t (
kJ

 m
ol

–1
)

Pre–pre-equilibration
Pre-equilibration
Equilibration
Production

Figure 3. (a) Density and (b) potential energy within the
different simulation phases of benzene at T ¼ 303K with the
initial LJ parameters indicated in Table 2. In the case of rl, only
the pre-equilibration, equilibration and production are plotted.
Both properties can be considered as equilibrated at a very early
stage.

Table 3. Origin of experimental values for the two considered
substances, benzene and phosgene.

Substance Property Origin of experimental values

Benzene r, D From the literature [65]
Phosgene r Non-linear regression formula (14),

Coefficients calculated by [66]
DvH Combination of Clausius–

Clapeyron equation
and Berthold state equation
taken from [59]

Table 4. Simulated and experimental physical properties for
benzene.

T
(K)

Sim. rl
(kg/m3)

Exp. rl
(kg/m3)

Sim. D
(1025 cm2/s)

Exp. D
(1025 cm2/s)

303 873.28 869.00 1.88 2.45
313 859.89 875.00 2.26 2.87
323 847.77 846.00 2.64 3.37

Note: The simulated ones were obtained with the initial LJ parameters from Table 2.
The MAPE on rl is 0.81% and onD is 22.05%. The value of the loss function is 0.1463.
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temperature range: although the densities get marginally

worse, all experimental values of rl and D are reproduced

very well by GROW, although the stopping criterion has

not been fulfilled (Table 6).

4.2 Phosgene

In the case of phosgene, three different optimisation tasks

were solved starting with the same initial LJ parameters

for each of them (see Table 1). These tasks differed in the

number of temperatures considered for the simultaneous

optimisation. The gradual improvements of the different

optimisation workflows are shown in Table 7 (optimis-

ation task 1: T ¼ 280.65K), Table 8 (optimisation task 2:

T ¼ 280.65K and T ¼ 273.15K) and Table 9 (optimis-

ation task 3: all seven temperatures specified in Table 2).

All three setups converged towards a minimum of the loss

function and the stopping criterion was fulfilled in the case

of optimisation tasks 1 and 2. For optimisation task 3, the

Armijo step length control did not converge after 30

iterations at x ð12Þ. The optimal LJ parameters discussed so

far are indicated in Table 10 for all three optimisation

tasks. In Figure 5, plots of density (Figure 5(b)) and

enthalpy of vapourisation (Figure 5(a)) versus the

temperature for different LJ parameters including the

optimal ones are shown. A good agreement with the

experimental data is shown.

The more the target values were taken into account, the

more the iterations were required, each of which needed

more individual simulations as well. Restarting GROW

with preliminary LJ parameters from an optimisation
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Figure 4. (a) Development of density and (b) diffusion
coefficients within the optimisation workflow over the
considered temperature range. The OPLS parameters produce
diffusion coefficients which are situated below and far away from
the experimental ones. After the first optimisation step, the
parameters get closer but higher. Within three iterations performed
with GROW, the diffusion coefficients are very close to
experimental ones. However, the densities get marginally worse.

Table 5. Optimisation results for benzene: within only two iterations of the steepest descent method, the loss function was improved by
two orders of magnitude.

Iteration LJ Pars. MAPE on rl MAPE on D Gradient Norm of gradient Loss function

0 0.3550 0.81% 22.05% 17.0692 18.9660 0.1463
0.2929 8.2676

1 0.3424 0.85% 7.77% 29.9735 11.6433 0.0205
0.2868 26.0080

2 0.3447 0.85% 2.15% 22.7582 3.2193 0.0017
0.2882 21.6602

Note: The MAPE on the diffusion coefficient is one tenth of the original one, whereas the density has fallen off in quality a little. As the Armijo step length control did not
converge after 10 iterations and no further improvements were achieved, the LJ parameters of the second iteration, i.e. x ð2Þ, are considered as optimal.

Table 6. Simulated and experimental physical properties for
phosgene at seven different temperatures.

T
(K)

Sim. rl
(kg/m3)

Exp. rl
(kg/m3)

Sim. DvH
(kJ/mol)

Exp. DvH
(kJ/mol)

235.65 1963.64 1502.80 38.12 26.69
243.15 1955.95 1486.92 37.71 26.30
250.65 1947.26 1470.71 37.27 25.92
258.15 1932.10 1454.17 36.71 25.55
265.65 1923.89 1437.32 36.27 25.17
273.15 1911.12 1420.14 35.81 24.80
280.65 1900.88 1402.64 35.35 24.42

Note: The simulated ones were obtained with the initial LJ parameters from Table 2.
Here, three optimisation tasks are considered, at one (280.65 K), two (273.15 K,
280.65 K) and all seven different temperatures, respectively. The MAPEs on density
are 32.88%, 31.90% and 33.06%, and on enthalpy, they are 42.96%, 42.22% and
44.68%. The values of the loss function are 0.2926, 0.5600 and 2.1675.
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workflow at lower temperatures allowed a significant total

speedup. As the number of time steps of the production run

was quite low (50,000 ps), the optimal LJ parameters of

optimisation task 2 were taken as initial parameters for a

further optimisation with a longer production run

(2,50,000 ps). Please note that at the beginning of the

optimisation, a high accuracy of the simulated physical

properties is not crucial because of the high amount of

statistical noise. Hence, a speedup may be achieved by

reducing the simulation time at the beginning and

increasing it again in the neighbourhood of the minimum.

Table 11 shows further improvements obtained by this

approach. So the stopping criterion was also fulfilled for

optimisation task 3.

Comparing the loss function values of the three

optimisation tasks, we could identify an increase of this

value with an increasing number of temperature values,

i.e. target values, which correlates with the number of

terms in the loss function (1). This has been observed in

[50] as well. Focusing on the other hand on the benchmark

of the different physical properties to be optimised, i.e.

considering the MAPE on r and DvH, we could observe

that the ratio between these two was shifted considerably

during the iterations. The enthalpy of vapourisation and

the density started roughly with the sameMAPE but one of

the densities decreased much faster. This ratio was

conserved until the end of the optimisation indicating that

the density was much easier to fit than the enthalpy of

vapourisation.

Finding a good agreement with the target properties in

different optimisation tasks does not necessarily lead to

identical LJ parameters. The six optimised LJ parameters

of the different optimisation tasks differ from 0.2% ðsOÞ to

12.2% ðeOÞ. The most similar parameters were obtained

for chlorine parameters. In this case, a deviation of 2% for

s and 1% for e was achieved. This gives the hint that

Table 7. Optimisation results for phosgene at T ¼ 280.65K:
within 15 iterations of the steepest descent method, the loss
function was improved by three orders of magnitude.

Iteration
MAPE
on rl

MAPE
on DvH

Norm of
gradient

Loss
function

0 32.88% 42.96% 5.35 0.2926
1 25.05% 40.70% 5.20 0.2284
2 18.16% 37.32% 3.89 0.1723
3 12.51% 33.23% 3.12 0.1261
4 7.85% 29.71% 3.08 9.4 £ 1022

5 4.68% 25.29% 2.06 6.6 £ 1022

6 1.19% 22.49% 1.64 5.1 £ 1022

7 0.23% 19.72% 1.31 3.9 £ 1022

8 1.59% 17.56% 1.08 3.1 £ 1022

9 2.12% 16.29% 1.05 2.7 £ 1022

10 4.53% 11.92% 1.15 1.6 £ 1022

11 5.40% 6.51% 0.96 7.2 £ 1022

12 3.71% 6.09% 0.70 5.1 £ 1023

13 1.23% 5.42% 0.40 3.1 £ 1023

14 0.31% 3.75% 0.27 1.4 £ 1023

15 0.36% 1.09% 0.07 1.3 £ 1024

Note: The MAPEs on density and enthalpy of vapourisation were improved drastically
and may already be situated within error bars caused by statistical noise. For reasons of
brevity, the LJ parameters and the gradient are not indicated. As the stopping criterion
Fðx ð15ÞÞ # 1023 was fulfilled, the LJ parameters of the 15th iteration, i.e. x ð15Þ ¼
s

ð15Þ
C ;sð15Þ

O ;sð15Þ
Cl ;eð15ÞC ;eð15ÞO ;eð15ÞCl


 �
T
¼ð0:24818;0:21626;0:39596;0:38681;1:71429;

1:22114ÞT, are considered as optimal.

Table 8. Optimisation results for phosgene at two temperatures:
within 14 iterations of the steepest descent method, the loss
function was improved by three orders of magnitude.

Iteration
MAPE
on rl

MAPE
on DvH

Norm of
gradient

Loss
function

0 31.90% 42.22% 10.91 0.5600
1 23.40% 38.52% 9.37 0.4063
2 16.84% 35.09% 7.56 0.3030
3 11.49% 31.98% 4.75 0.2310
4 8.58% 28.81% 4.41 0.1808
5 6.56% 24.19% 4.11 0.1254
6 0.74% 17.95% 2.44 6.5 £ 1022

7 0.50% 14.87% 2.50 4.4 £ 1022

8 0.10% 12.30% 1.95 3.0 £ 1022

9 0.43% 9.89% 1.15 2.0 £ 1022

10 0.08% 8.21% 1.06 1.3 £ 1022

11 0.38% 6.53% 0.86 8.6 £ 1023

12 0.52% 5.05% 0.73 5.2 £ 1023

13 0.45% 2.97% 0.46 1.8 £ 1023

14 0.32% 0.88% 0.12 1.9 £ 1024

Note: The MAPEs on density and enthalpy of vapourisation were improved
drastically. For reasons of brevity, the LJ parameters and the gradient are not indicated.
As the stopping criterion Fðx ð14ÞÞ # 1023 was fulfilled, the LJ parameters of the
14th iteration, i.e. x ð14Þ ¼ s

ð14Þ
C ;sð14Þ

O ;sð14Þ
Cl ;eð14ÞC ;eð14ÞO ;eð14ÞCl

� �
T
¼ð0:25380;0:20525;

0:39741;0:38423;1:71577;1:22092ÞT, are considered as optimal.

Table 9. Optimisation results for phosgene at seven tempera-
tures: within 12 iterations of the steepest descent method, the loss
function was improved by three orders of magnitude.

Iteration
MAPE
on rl

MAPE
on DvH

Norm of
gradient

Loss
function

0 33.06% 44.68% 8.52 2.1675
1 31.62% 37.34% 37.48 1.6803
2 23.82% 34.98% 31.70 1.2472
3 17.55% 32.30% 25.26 0.9492
4 2.73% 19.09% 9.35 0.2631
5 3.35% 14.63% 6.41 0.1600
6 2.80% 11.24% 4.76 9.7 £ 1022

7 2.68% 8.51% 3.79 5.8 £ 1022

8 2.19% 6.41% 2.79 3.4 £ 1022

9 1.33% 4.41% 1.89 1.7 £ 1022

10 0.91% 2.74% 1.17 7.8 £ 1023

11 0.76% 1.46% 0.64 3.6 £ 1023

12 0.71% 1.29% 0.17 2.1 £ 1023

Note: The MAPEs on density and enthalpy of vapourisation were improved
drastically. In order to speed up the optimisation process, the 10th iteration of
optimisation task 1 was taken for x ð4Þ . For reasons of brevity, the LJ parameters
and the gradient are not indicated. As the Armijo step length control did not
converge after 30 iterations, the LJ parameters of the 12th iteration, i.e. x ð12Þ ¼
s ð12Þ

C ;sð12Þ
O ;sð12Þ

Cl ;eð12ÞC ;eð12ÞO ;eð12ÞCl

� �T
¼ð0:27155;0:23388;0:40498;0:39136;1:71689;

1:23150ÞT, are considered as optimal.
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chlorine has the most dominating LJ parameters in the

current optimisation setups.

Another aspect influencing the optimal parameters is

the choice of the target values. As a given force field

cannot be perfect, parameterisation generally takes place

at a chosen reference state. Altering these conditions may

lead to inaccuracies in the predictions of the optimised

force field. In the given setup, the reference state is clear

for the optimisation with only one target temperature.

Comparing the results of the optimisation at seven

temperatures shows that the best agreement is found at

the centre of the target values space (cf. Figure 5), which

indicates that optimal calculation is achieved at a

temperature of T < 258K. This shift in the actual

optimisation temperature influences the final parameters,

cf. Figure 6.

The figure shows another feature of the optimisation:

with the current simulation setup and the variation of these

variables, it is obviously not possible to model a phosgene

system over a wide temperature range. Optimisation

showed what it can do at best. For further improvements,

the model itself has to be evaluated. This includes the

optimisation of different and more variables (e.g. partial

charges), the consideration of other potentials or even

other optimisation techniques.

5. Conclusion

In this work, the automated GROW was applied for the

first time to molecular simulations. Before, the practical

problem of providing a suitable program toolkit and the

scientific problem to choose an efficient mathematical

optimisation algorithm were treated separately. The main

objective of this study was to utilise GROW in a first real

application situation, especially characterised by the fact

that unpredictable statistical noise would severely

influence the course of the optimisation. Thereby, MD

simulations were performed using the open-source soft-

ware tools GROMACS and Moscito for each function

evaluation within the optimisation workflow. During the

optimisation procedure, a quadratic loss function had to be
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Figure 5. (a) Development of density and (b) enthalpy of
vapourisation within the optimisation workflow performed by
GROW (optimisation task 3). The Gromos 43A1 parameters
produce properties which are situated far away from the
experimental ones, whereas the properties obtained by a
simulation with the optimal LJ parameters from Table 10 are
very close to experimental ones.

Table 10. Optimal LJ parameters in the case of phosgene for the three different optimisation tasks: 1 means one temperature, 2 means
two temperatures and 3 means seven temperatures.

Optimisation task sC (nm) sO (nm) sCl (nm) eC (kJ/mol) eO (kJ/mol) eCl (kJ/mol)

1 0.24818 0.21626 0.39596 0.38681 1.71429 1.22114
2 0.25380 0.20525 0.39741 0.38423 1.71577 1.22092
3 0.27155 0.23388 0.40498 0.39136 1.71689 1.23150

Table 11. Further optimisation results for phosgene at seven
temperatures achieved by a longer production run.

Iteration
MAPE
on rl

MAPE
on DvH

Norm of
gradient

Loss
function

0 1.20% 2.03% 1.58 6.9 £ 1023

1 0.77% 1.42% 0.57 2.2 £ 1023

2 0.65% 0.68% 0.25 8.9 £ 1024

The initial LJ parameters were the optimal ones from optimisation task 2 (see Table
10). Within only two iterations of the steepest descent method, the loss function was
improved again by one order of magnitude. The MAPEs on density and enthalpy of
vapourisation were improved as well. For reasons of brevity, the LJ parameters and
the gradient are not indicated. As the stopping criterion Fðx ð2ÞÞ#1023 was fulfilled,
the LJ parameters of the second iteration, i.e. x ð2Þ ¼ s

ð2Þ
C ;sð2Þ

O ;sð2Þ
Cl ;e

ð2Þ
C ;eð2ÞO ;eð2ÞCl

� �
T
¼

ð0:24846;0:20142;0:39833;0:38309;1:7155;1:2190ÞT; are the optimal LJ par-
ameters for phosgene achieved in this work.
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minimised. That the function contained the relative errors

between simulated and experimental physical properties.

The target properties considered in this work were the

density, the enthalpy of vapourisation and the self-

diffusion coefficient at different temperatures. The force

field parameters to be fitted were the LJ parameters s

and e, while the partial charges were pre-defined by

quantum chemical calculations. The systems chosen were

isothermal–isobaric ensemble of the small molecules

benzene and phosgene, which were simple enough for

the first application but challenging enough to say that the

results achieved are precious not only from the

mathematical but also from the physical point of view.

Different optimisation tasks were considered with

different physical properties and at different temperatures.

The stopping criterion selected in this work was that the

loss function reached some specified threshold t (here,

t ¼ 1023). In most cases, this stopping criterion was

fulfilled within a few iterations only, starting with LJ

parameters from standard force fields. This shows the high

performance of the gradient-based methods implemented

in GROW. Hence, it could be proven that GROW is

applicable to molecular simulations and can also handle

the statistical noise appearing in the simulation data. The

two main drawbacks are the quite high number of

simulations required at each iteration (at least N þ 1, i.e.

one for the iteration itself and N for the gradient plus the

evaluations required for the Armijo step length control)

and the strong dependence on the initial force field

parameters. Therefore, future work will focus on the

augmentation of efficiency and the conceptual design of a

global optimisation workflow which finds suitable initial

parameters for GROW situated in the sphere of influence

of a global minimum. Furthermore, scientifically and

industrially more challenging substances will be con-

sidered in order to develop new force fields of high

importance for both the scientific community and the

industry. In this regard, different potential parameters, e.g.

partial atomic charges, will also be included in the

optimisation and different optimisation techniques will be

considered.
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