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In my research group we design 
physical models for the simulation of 
molecular processes. The models are 
based on heterogeneous data, from 
both experiments and from high-level 
quantum chemistry. The aim is to 
build a model that can be used to 
study complex physical processes in 
both the gas- and the condensed 
phases. As a proof-of-principle, we 
have developed a model for alkali-
halide salts such as NaCl1 and used it 
to predict the melting temperature of 
these susbstances2 (Figure 1) among 
other things. In order to arrive at these models a Bayesian Monte-Carlo algorithm was used 
to perform simulations / optimizations in parameter space with the objective to reproduce 
known data. The algorithms are conceptually simple, however due to the large parameter 
space, extensive searching is needed. All of the projects deal with performing simulations 
and analyzing the results using computational science and mathematics in order to improve 
models for physics and chemistry. 
 

1. Sensitivity analysis in high-dimensional space (30 hp) 
In this project you will perform 
machine learning using Monte-Carlo 
parametrization simulations and 
analyze the results of the simulations 
in a high-dimensional parameter 
space. The simulations are performed 
many times and typically we aim to 
converge to reach a certain maximum 
“allowable” deviation 𝛘2	from 
reference data. For each such 
simulation a trajectory in parameter 
space is obtained containing many 
iterations (Figure 2). Each iteration 
corresponds to a 𝛘2	value	(not	
plotted).	The idea here is to find 
clusters of parameters that yield low 
𝛘2 values such that we can estimate 
uncertainties on the parameters. Since 
the parameters are highly correlated, individual correlations are not sufficient to describe 

 
Figure 1 Melting simulation with liquid on the left side and 
solid on the right side. As can be seen, the solid state is more 
ordered and therefore has a lower entropy than the liquid 
state. We can detect melting in simulations by storing the 
files containing the atomic coordinates as a function of time, 
and compressing each frame. The higher entropy in the liquid 
state files makes them harder to compress and therefore we 
can detect a phase change from checking the file size. 
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and nanosecond simulations for systems of thousands of
particles are still firmly out of reach for first principles MD
simulations. Therefore, accurate classical MD simulations
remain the most practical route to study properties such as
melting points of complex systems.

In a previous evaluation, Aragones et al. pointed out that
‘‘there is still room for improvement in the area of force-fields
for alkaline halides, given that so far most models are still
unable to describe a simple yet important property such as the
melting point’’.21 In the energy industry molten salts play an
important role for use as solvent, e.g. in the production of
aluminium9 or in pyroprocessing of nuclear waste,10 as heat
transfer medium,11 as thermal energy storage in concentrated
power plants,12,13 or as electrolyte in liquid metal batteries.14,15

In these applications, the melting point, Tm, is of particular
interest as it defines the minimal temperature at which the
salts can be used in the liquid state. Often eutectic salt mixtures
are used in industry, providing the advantage of a significantly
lowered melting point, and a direct liquid–solid phase transi-
tion thereby avoiding mixed phases, that is where solid and
liquid phase are present at the same time. In our latest
contribution we showed that our polarisable force field is
indeed able to accurately predict physicochemical properties,
such as the conductivity, of such a mixture.17

As an alternative to using polarisable models, Leontyev and
Stuchebrukhov22–25 introduced ions with effective charges that
are scaled down in order to mimic the electronic dielectric screen-
ing in condensed matter. Such models work in conjunction with
other effective-charge empirical models such as popular water
models. Fuentes-Azcatl & Barbosa explored this charge scaling
approach for some alkali halide ions (Na+, K+, Cl! and Br!) and
observed that in pure alkali halide salts the lattice energies are
significantly off (410%) despite correct crystal densities.26,27

The theory behind the melting of alkali halides, of both
single component and binary mixtures, was reviewed by
Galwey.3,28,29 In general, the structural changes that occur when
crystals melt are not known in detail, and the physical mechanism
is not properly understood.1–5 Indeed, little is known about the
spatial interrelationships of the components within the melt
formed at temperatures at and immediately above Tm.3 It is
pointed out that the knowledge of the molten state is incomplete,
including the relationships between thermodynamic properties
and structures.30 Using our new force field we were able con-
tribute to this issue, by directly connecting structural, dynamical
and thermodynamical properties in molten salts.16,17

Two main definitions have been used to investigate melting:4

(i) the melting point is considered to be the point where the Gibbs
free energy of the solid equals that of the melt; (ii) there are
characteristic changes in the solid as Tm is approached, e.g. the
formation of a critical concentration of Schottky defects.31–33

However, there is still no generally acceptable theoretical model
for melting or identification of the factors that control the
transformation of solid crystal to liquid melt.1,3

For determining the melting points computationally we
choose the so-called liquid–solid direct coexistence method
(Fig. 1).34–36 Other applicable methods would be e.g. free energy

calculations or the Hamiltonian Gibbs–Duhem integration.21,37

These different methods were tested by Aragones et al. on alkali
halides, and shown to give consistent results. Regarding the
liquid–solid coexistence method, a starting configuration has
to be set up where the solid crystal is in direct contact with its
melt (Fig. 1). The liquid–solid coexistence box is then simulated
using constant pressure simulations at different temperatures.
Depending on the temperature, the system evolves either to
become a crystal or a melt. The different salts are simulated in a
wide range of temperatures around the experimental melting
point to determine the melting point of the force field, Tm,ff. It
is determined here by the average of the highest temperature
where the salt is still a solid and the lowest temperature where
the salt is a melt. In order to evaluate the final phase (i.e. solid
or liquid) of the simulated salt boxes that were run for 5 ns at
each temperature, both diffusion coefficients and radial dis-
tribution functions were evaluated for the last 100 ps. Using the
diffusion coefficients it was determined whether the salt was
liquid or solid, while the radial distribution function allowed us
in addition to investigate the solid’s crystallinity (i.e. whether
the crystal structure was stable). For more details the reader is
referred to the ESI.† Recently, Martiniani et al. proposed an
information-theoretic approach to detect phase transitions
from the size of a compressed trajectory file.38 The rationale
for this is that a solid is more ordered than a liquid and
therefore compression algorithms should be able to decrease
file size more. We tested this approach on the final structure
files of our WBK coexistence simulations and confirmed that
the method yielded the same results as the diffusion test
described above (see ESI,† Fig. S1).

For the evaluation of the melting points of alkali halides
with a fcc structure at high temperature (i.e. all alkali halides
except CsBr and CsI), we employed our polarisable force field
(called WBK, Wang-Buckingham)6 and a non-polarisable force
field due to Joung & Cheatham,39 dubbed JC (the variant that is
compatible with TIP3P water40 was used). Our results are
compared to literature results from Aragones et al.21 who tested
three force fields for NaCl (JC (SPC/E-compatible), Smith–Dang
(SD),41,42 and Tosi–Fumi (TF43)). In that work, the salt-specific
TF parameters were applied for eleven alkali halides (LiF, LiCl,
NaF, NaCl, NaBr, KF, KCl, KBr, RbF, RbCl and RbBr). Joung &
Cheatham presented three sets of ion-specific parameters for
the AHs, which are compatible with the water models TIP3P,40

Fig. 1 Section of a NaCl liquid–solid coexistence simulation box at the
interface.
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Figure 2 Results from Monte-Carlo simulation in parameter space, 
each line corresponding to the electronegativity of a specific 
chemical atom-type. 

 



the total variance in 𝛘2 as a function of the parameters3. In addition to cluster analysis, you 
will perform sensitivity analyses by systematically altering parameters and checking the 𝛘2	
values,	and	in	this	way	establish	an	estimate	of	the	error	in	the	observable	of	interest.	
The	final	aim	of	this	project	is	to	get	robust	error	estimates	in	the	parameters.	
	
Requirements:	fluent	in	Python	or	R,	Linux,	English,	mathematics	and	statistics.	Good	to	
have	as	additional	knowledge:	C++,	cmake,	basic	chemistry	and	physics,	Swedish. 
 

2. Re-design webserver for chemists (15 hp) 
The http://virtualchemistry.org website is a popular site for computational chemists where 
my group provides models and input data for molecular simulations4. The website data is 
supplied by an SQLite database of about 70 Mb which is processed using a combination of 
Ajax and PHP. Javascript is used for interactive plots and, using a third-party plugin, to 
visualize molecules. In addition, we have designed another website to provide further inputs 
for molecular simulations, this one is called “gentop” which stands for “generate molecular 
topology”. It is written in Angular and embedded in a Docker container. The goal of this 
project is to redesign the Virtual Chemistry server and incorporate the Angular functionality 
into it. The whole new website should be stored in the docker environment for portability. 
 
Requirements: some experience with Javascript, Angular, PHP, Linux, English, Docker. 
Good	to	have	as	additional	knowledge:	basic	chemistry	and	physics,	Swedish.	
 

3. Implement Langevin Integrator with Polarizable Particles (30 hp) 
Molecular simulations are typically performed in a way to mimic experimental conditions. 
That means we need to control the temperature and pressure in a simulation, in a similar 
way as we would in a laboratory experiment. Algorithms for this have been developed and 
implemented in many codes. Here the idea is to implement a combination of polarizable 
models1, and the Langevin method for integrating the atomic motions into the OpenMM 
software (http://openmm.org). This software is very flexible and supports both Python code 
for proofs of principle, as well as optimized code for CPU and GPU.  
 
Requirements: experience with Python, C++, Cuda, Linux, English. Good	to	have	as	
additional	knowledge:	basic	chemistry	and	physics,	Swedish,	OpenCL.	
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