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Abstract

Electrostatic interactions between charged species play a prominent role in de-
termining structures and states of physical system, leading to important tech-
nological and biological applications. In coarse-grained simulations, accurate
description of electrostatic interactions is crucial in addressing physical phe-
nomena at larger spatial and longer temporal scales.

In this thesis, we implement ENUF method, an abbreviation for Ewald
summation based on non-uniform fast Fourier transform technique, into dis-
sipative particle dynamics (DPD) scheme. With determined suitable param-
eters, the computational complexity of ENUF-DPD method is approximately
described as O(N logN). The ENUF-DPD method is further validated by in-
vestigating dependence of polyelectrolyte conformations on charge fraction of
polyelectrolyte and counterion valency of added salts, and studying of specific
binding structures of dendrimers on amphiphilic membranes.

In coarse-grained simulations, electrostatic interactions are either explic-
itly calculated with suitable methods, or implicitly included in effective po-
tentials. The effect of treatment fashion of electrostatic interactions on phase
behavior of [BMIM][PF6] ionic liquid (IL) is systematically investigated. Our
systematic analyses show that electrostatic interactions should be incorporated
explicitly in development of effective potentials, as well as in coarse-grained
simulations to improve reliability of simulation results.

Detailed image of microscopic structures and orientations of [BMIM][PF6]
at graphene and vacuum interfaces are investigated by using atomistic simu-
lations. Imidazolium rings and alkyl side chains of [BMIM] lie preferentially
flat on graphene surface. At IL-vacuum interface, ionic groups pack closely
together to form polar domains, leaving alkyl side chains populated at in-
terface and imparting hydrophobic character. With the increase of IL film
thickness, orientations of [BMIM] change gradually from dominant flat dis-
tributions along graphene surface to orientations where imidazolium rings are
either parallel or perpendicular to IL-vacuum interface with tilted angles. The
interfacial spatial ionic structural heterogeneity formed by ionic groups also
contributes to heterogeneous dynamics in interfacial regions.
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1. Introduction

1.1 Computer simulations

Computer simulations have become one of the most important research tools in
modern science. The reason for this is that the theoretical description of nature
is expressed in mathematical equations, that can be solved exactly only in a
few cases. While in majority cases, one has to resort to approximations to ob-
tain predictions from theoretical models. These approximations may be either
analytical or numerical in nature. Since theory is the basis of comprehend-
ing nature, experiments provide the observations that are to be comprehended.
Therefore, it is essential to compare theoretical predictions against experimen-
tal results to verify the validity of theoretical models. At this point, approxi-
mate theories impose difficulties. The concrete effects of approximations are
often uncontrollable. In case of significant deviations between theories and
experiments, it is difficult to assess whether they are caused by the approxima-
tions or not. This means that the verification of approximate theories against
the experimental observations is rather unreliable.

Computer simulations serve as bridges between theory and experiments.
With the advent of digital computers, it becomes possible to solve complex
problems without having to rely on approximations. This is achieved by the
powerful capabilities of computers, allowing us to obtain exact solutions with
the used models. These exact results can be compared to predictions of ap-
proximate theories and thus serve as tests of theories. The other way round,
computer simulation results can be compared to experimental measurements
and thus serve as tests of adopted models. In this way, the comparison of theory
and experiments becomes more conclusive because the origin of discrepancies
can now explicitly be assigned to the approximations or to the models.

Another aspect of computer simulations, which is more pronounced to-
day, is to view themselves as computer experiments. A computer simulation
provides the connection between microscopic details of a model and macro-
scopic properties of interest. Sometimes it may be difficult or even impossible
to obtain measurements from an experimental setup, such as under extreme
conditions like high temperature or high pressure. The computers can function
as a virtual “laboratory”, where perfect control of all parameters is possible
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Figure 1.1: Schematic view of the relationship between theory, experiment, and
computer simulation.

and accurate “measurement” can be acquired. It is hence possible to probe the
properties of interest for a theoretical model in great detail, which in turn can
lead to a better understanding of the theory. There are many examples where
computer simulations have helped in elucidating the physical mechanisms of
complex systems, and the construction of new hypothetical models is inextri-
cably linked to their exploration by means of computer simulations. The close
relationship between theory, experiment, and computer simulation is shown in
Figure 1.1.

Today a variety of simulation methods exist, and strictly speaking, the term
computer simulation is much more ambiguous. Mathematically, a computer
simulation can be used to solve high dimensional integrals or multibody inter-
actions in real physical system. The two most important techniques are Monte
Carlo (MC) and Molecular Dynamics (MD) methods. The MC method is a
statistical approach for finding approximate solutions to problems by means
of random sampling, but it does not generate a real trajectory, and hence MC
method is unsuitable for evaluating dynamic properties of simulated system.
For this purpose, MD simulation is more appropriate because it performs a
numerical integration of real trajectory of simulated system.

Since MC and MD approaches are the two most basic simulation tech-
niques, a general description of the two methods is given in the following part
of this section.

1.1.1 Monte Carlo method

The invention of modern MC technique is associated with Enrico Fermi [1;
2], when he was studying the properties of the newly-discovered neutron in
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Table 1.1: A straightforward demonstration of the standard Metropolis algo-
rithm.

Generate initial microstate S and calculate corresponding potential U =U(S)
Modify microstate S to Stest and calculate test potential Utest =U(Stest)
If Utest <U then

S← Stest and U ←Utest

Else
Generate uniform random number 0≤ R≤ 1

If e−
Utest−U

kBT > R (kB: Boltzmann constant; T:temperature) then
S← Stest and U ←Utest

End if
End if
Repeat above procedure until the end condition is satisfied

1930s. It was further developed during 1940s by physicists working in the
nuclear weapons program at Los Alamos National Laboratory [3; 4]. This
technique is given its name by Nicholas Metropolis [5], in reference to the
famous casino in Monaco, considering the use of randomness and repetitive
nature of the sampling process. The first MC simulation was performed in
1960s on computer MANIAC [6], which was put into operation in March 1952
in Los Alamos National Laboratory.

The MC method performs integrations by stochastic sampling of phase
space, that is, configurations are generated randomly and used as support-
ing points for numerical integrations [2]. Beyond simple sampling, there is
usually a need to cover sample space according to a specific probability dis-
tribution function, which is called importance sampling. The most famous
and frequently used algorithm for importance sampling is the Metropolis algo-
rithm [6], originally published for specific case of Boltzmann distribution [6],
and later generalized to other distributions [7].

The standard Metropolis algorithm works by constructing a Markov chain,
which takes Boltzmann distribution as its equilibrium distribution, and a straight-
forward algorithm procedure is described in Table 1.1.

It is important to note that the simulation steps in MC technique are steps
in configuration space and there is no notion of “time” in MC simulation. Thus
the MC method is often used to compute ensemble average of simulated sys-
tem.

In addition to classical MC method where the Metropolis algorithm with
the Boltzmann distribution is used to obtain thermodynamic equilibrium prop-
erties, many other sampling approaches have been developed, such as Rosen-
bluth sampling method for polymers [8], umbrella sampling technique for esti-
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mating free energy differences [9], quantum MC method for solving electronic
structure properties [10], and kinetic MC method for simulating the time evo-
lution of natural processes with known rates [11].

The Metropolis algorithm of MC technique forms the basis of the Inverse
Monte Carlo (IMC) technique for reconstructing effective conservative poten-
tials in coarse-grained simulations [12; 13], which will be addressed in Chap-
ter 3.

1.1.2 Molecular Dynamics method

MD method, developed during 1950s and 1960s by the seminal papers of Alder
and Wainwright [14], and Rahman [15], is a simulation technique to express
dynamics of simulated particles by numerical integrating their equations of
motion under classical mechanics. The time evolution of a N-body system is
described by Newton’s equations of motion

∂ri

∂ t
=

pi

mi
,

∂pi

∂ t
= fi , (1.1)

where ri, pi, and mi are the position, momentum, and mass of the ith particle,
respectively. The force fi is given by the magnitude gradient of total potential
energy U with respect to the position of the ith particle

fi =−∇riU(r1,r2, · · · ,ri, · · · ,rN) . (1.2)

In practical MD simulations, a common example of interacting potential
is the Lennard-Jones (LJ) potential, which is adopted in earliest MD simula-
tions to describe behaviors of noble gas atoms interacting through attractive
Van der Waals force at long distance, and repulsive force at short distance re-
sulting from the overlap of electron orbits [15; 16]. The LJ potential is usually
described by

ULJ(r) = 4ε
[
(
σ
r
)12− (

σ
r
)6
]
, (1.3)

where ε determines the depth of the attractive potential well, and σ determines
the distance where the potential crosses zero and continues to positive infinity
at short distance, effectively determining the particle size in simulated system.

From Eq. 1.3, we know that the LJ potential has infinite range but asymp-
totically approaches zero at long distance. When putting suitable time integra-
tion algorithm into practice, the interaction potential is always truncated at a
carefully selected cutoff distance to achieve generous saving of computational
cost, discarding a large number of potential evaluations that would contribute
very little to total potential.
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Even if the cutoff distance technique significantly improves the computa-
tional efficiency in evaluating potentials, there still remains the necessity to
compute the distances between all particle pairs at each time step, to check
whether their distances are less than cutoff. A commonly used technique, the
Verlet neighbor list introduced by Verlet [16], provides considerable speedups
by keeping a list of “neighbors” for each particle. This list is updated with an
arbitrary interval of time steps determined beforehand.

The primary observations in classical MD simulations are macroscopic
thermodynamic properties, such as pressure, energy, and heat capacity. The
connection between microscopic descriptions of simulated system and macro-
scopic observations is provided by statistical mechanics. MD simulations gen-
erate a sequence of points in microscopic phase space as a function of time, so
that any computed averages are time averages of the simulated system. While
thermodynamic observations are defined in terms of ensemble averages, which
are taken over a large number of replicas of the simulated system. The link be-
tween these two averages is established by the ergodic hypothesis, assuming
that the average of an observable over time will be the same with its ensemble
average ⟨A⟩time = ⟨A⟩ensemble. This relation is based on the assumption that if
one allows the system to evolve long enough in time, the system will even-
tually pass through all possible microstates. In practice, this means that all
simulations should be performed over a sufficiently large amount of time steps
to sample a sufficient amount of the phase space.

The most important limitation of the MD technique is that the high com-
putational cost of doing atomistic simulation severely restricts the spatial and
temporal scales accessible by current technique, given the advanced computa-
tional resources available today. This limitation is one of the major motivations
for the continuing research in coarse-grained simulations with mesoscopic ap-
proaches, like lattice and off-lattice based methods. Dissipative particle dy-
namic (DPD) technique is a typical example of these off-lattice methods, and
will be introduced in Chapter 2.

1.2 Multiscale modelling of soft matter

Soft matter is a subfield of condensed matter comprising a variety of physi-
cal states that are easily deformed by thermal stresses or thermal fluctuations.
Synthetic and biological macromolecules, colloidal suspensions, gels, granu-
lar materials, and so on are classified under general term of soft matter. A
variety of processes and interactions originating from a wide range of length
and time scales determine striking properties of soft matter systems, where
the relevant energy scale is the thermal energy kBT , which is approximately
4.1×10−21J at room temperature. Unlike typical electronic energy measured
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in eV (1eV≈ 40kBT at T= 300 K), such low thermal energy gives rise to sig-
nificant conformational and structural fluctuations [17; 18].

The conformational entropy of a macromolecule is of the same order as
the intermolecular energy, and the interplay between them usually determines
relevant properties. Local, chemically specific interactions, such as attrac-
tion of certain units to surfaces or hydrogen bonding in aqueous environment,
are mainly responsible for conformational fluctuations, hydrodynamic interac-
tions and the formation of mesoscopic superstructures. Thus simulating soft
matter system means dealing with large spatial and/or conformational fluctua-
tions, making the equilibrium condition in many cases particularly difficult to
achieve [17–19].

Electrostatic interactions between charged groups constitute a prominent
factor in determining structures and states of soft matter system, which lead to
many important technological and biological applications [20; 21]. In industry,
for example, the stability of colloidal dispersions is often a desirable property
as in the case of paints and food emulsions. One way to stabilize colloidal sus-
pensions against coagulation or flocculation is to generate long-range repulsive
interactions between constituent colloidal particles by imparting permanent
like-charges onto these particles, or by grafting charged polymeric chains to
their surfaces and forming hairy particles or polymeric brushes [22]. Charged
macromolecules, or so-called polyelectrolytes, and their synthesis have also
attracted much attention since, due to their high water-solubility, they offer a
useful option in designing and processing environmentally and friendly ma-
terials [23]. Biological membranes are another complex and heterogeneous
objects, of which the membrane structural properties, e.g., rigidity, structural
stability, lateral phase transition and dynamic behavior, depend substantially
on electrostatic interactions [24].

Molecular simulations to soft matter problems that are addressed in wide
range of length and time scales demand for an equally wide range of simulation
methods at various levels of resolution [25]. Quantum chemistry methods are
used to describe electronic properties on a high resolution microscopic level,
but limited to short length and time scales. Classical atomistic force field meth-
ods, as well as other particle-based approaches are capable of sampling from
microscopic to mesoscopic scales. In particular, mesoscopic simulation meth-
ods are also able to access entropic effects of conformational fluctuations, yet
these approaches still fail to cover many macroscopic properties and phenom-
ena. For this reason, one needs to go beyond purely particle-based approaches
and use, for example, the Lattice Boltzmann (LB) [26] method or other meso-
scopic methods to include hydrodynamic effects. Figure 1.2 illustrates char-
acteristic numerical models for various length and time scales in soft matter
systems.
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Figure 1.2: Examples of characteristic numerical models for various length and
time scales relevant for soft matter systems.

Regarding soft matter systems, many interesting phenomena can be stud-
ied with a single numerical approach on a single level of resolution. However,
when it comes to a quantitative understanding of these systems, approaches
with a single level of resolution do not frequently suffice since the different
levels of resolution are more intimately interwoven. Multiscale simulations re-
fer to methods where different simulation hierarchies are combined and linked
to obtain an approach that simultaneously addresses phenomena or properties
of a given system at several levels of resolution and consequently on several
length and time scales. In multiscale simulations, the exchange of information
requires a high level of consistency between corresponding models [25; 27].

Simplified/generic coarse-grained models, which only account for a mini-
mal set of properties of molecules of interest, such as excluded volume, con-
nectivity and a few basic types of interactions, have since long been used and
are perfectly well suited to study generic properties of soft matter systems.
As an example, we consider a short polymer chain, C9H20, as shown in Fig-
ure 1.3. When we are interested in the reactivity of the carbon-hydrogen bond,
we need quantum chemistry calculations to determine the electronic structure
around atoms. On a higher level, we can neglect the electrons and hydrogen
atoms if we want to have information about conformational properties of such
polymer chain. Instead, we use a united atom model with an effective potential
to mimic the Van der Waals interaction between atoms. When we would like
to know how such polymer chain behaves in solvent, the exact conformation
is not of interest. A number of atoms are clustered into larger particles that
interact through soft potentials. When the individual polymer chain is not the
subject of interest, we can abandon the particle model. Instead, we use contin-
uum equation to calculate, for instance, the concentration of polymer chains in

27



Figure 1.3: Polymer C9H20 modelled by (a) full atoms, (b) united atoms, (c) soft
particles and (d) continuum models.

solution.
Since each model described above has its specific length and time scales,

all these models reduce the computational complexity at different content and
effectively allow for simulations at much larger length and longer time scales
than more detailed models. Good examples are the investigation of both static
and dynamic scaling properties of polymeric systems [28], as well as the elastic
properties of biomembranes [29; 30].

In multiscale simulations, where one wants to switch between different
resolution levels or use them next to each other, one has to go beyond scaled or
fitted parameters because the levels of resolution need to be linked should be
structurally and thermodynamically consistent. In order to link such coarse-
grained simulation results to real physical systems, on one side, this requires a
very careful development of coarse-grained model to avoid unphysical effects
upon changes between scales, and on the other side, one needs to devise inter-
action potentials, including conservative potentials and appropriate description
of electrostatic interactions, that play a key role behind the key phenomena and
dynamical processes in many of these complex systems.

1.3 Scope of this thesis

The modelling technique we mainly use in this thesis is the DPD method [31].
Two reasons make DPD suitable for our purposes. In the first place, DPD
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method is a mesoscopic fluid simulation technique. In one sense, the simu-
lated system can be interpreted as a coarse-graining of the fluid systems on a
physically significant length scale. Fluid particles are grouped together on this
length scale and all motions in smaller scales are ignored. Alternatively, DPD
method can be interpreted as a stochastic description of the macroscopic differ-
ential fluid equation on a smaller length scale. In this sense, DPD scheme can
bridge the gap between microscopic simulations and macroscopic approaches
involving the solution of fluid equation. At such level, many complex phenom-
ena in soft matter system are a combination of disparately scaled processes. On
the other side, since its introduction twenty years ago, several extensions have
been proposed for DPD method [31–35], but more theoretical aspects are still
under development, such as the accurate description of electrostatic interac-
tions in DPD scheme.

The remaining parts of the thesis after this introduction are organized as
follows.

Chapter 2 introduces the DPD technique. First, I give a review on the
chronological development trajectory of DPD method, and then a survey of
important theoretical aspects, including the original formulation proposed by
Hoogerbrugge and Koelman [36; 37], and then the refinement proposed by Es-
pañol and Warren [38]. Furthermore, the detailed description and implemen-
tation of electrostatic interactions in DPD scheme is presented. The chapter is
closed with a review of the main and typical applications of DPD method in
soft matter systems.

Chapter 3 presents two main coarse-graining procedures. The first one
is the thermodynamics based coarse-graining procedure, which relates the ef-
fective interaction parameters between different types of coarse-grained par-
ticles in DPD simulations to macroscopic measurements, such as solubility
data [39]. Such coarse-graining procedure is adopted to construct consistent
coarse-grained models of polyamidoamine (PAMAM) dendrimer and dimyris-
toyl phosphatidyl choline (DMPC) lipid molecules, and then to study the spe-
cific binding structures of dendrimers on bilayer membranes. The second one
is the structures based coarse-graining procedure, such as the IMC and the Iter-
ative Boltzmann inversion (IBI) methods [40], from which the effective tabu-
lated potentials in coarse-grained models are derived. These two inverse tech-
niques are applied on coarse-grained models of 1-butyl-3-methylimidazolium
hexafluorophosphate ([BMIM][PF6]) ionic liquid (IL), to systematically inves-
tigate the different treatment fashion of electrostatic interactions on the phase
behaviors of such ionic liquid in coarse-grained simulations.

Chapter 4 summarizes the two main contributions to this dissertation work.
In the first part, we implement the ENUF method, an abbreviation for

Ewald summation method based on the non-uniform fast Fourier transform
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(FFT) technique (NFFT), in DPD scheme to calculate the electrostatic interac-
tions at mesoscopic level. In a simple model electrolyte system, several ENUF-
DPD parameters are carefully determined. With these optimized parameters,
the ENUF-DPD method shows excellent efficiency and scales as O(N logN).
The ENUF-DPD method is then validated by investigating the effects of charge
fraction of polyelectrolyte, ionic strength and counterion valency of added
salts on polyelectrolyte conformations. The ENUF-DPD method are further
adopted to investigate the specific binding structures of dendrimers on bilayer
membranes, as well as corresponding permeation mechanisms. These two ap-
plications show that the ENUF-DPD method is very robust and can be used to
study charged complex systems at mesoscopic level.

In the second part, we investigate the effect of different treatment fash-
ion of electrostatic interactions in coarse-grained model of [BMIM][PF6] IL
on structural quantities, charge density distributions, and dynamic properties.
Our analyses show that in coarse-grained simulations, the long-range electro-
static interactions between ionic groups are important and should be treated
explicitly to improve the reliability of simulation results. Furthermore, the
derived effective potentials for such coarse-grained model can be transferred
to DPD scheme for further applications, such as the self-assembly of ionic
surfactants in ionic liquids. Later, we continue our work to study the mi-
croscopic structures and orientational preferences of [BMIM][PF6] IL on a
neutral hydrophobic graphene surface and in IL-vacuum interface by perform-
ing atomistic simulations. At IL-graphene interface, the imidazolium ring of
[BMIM] cation lies preferentially flat on graphene surface, with its methyl
and butyl side chains elongated along graphene surface. In IL-vacuum inter-
face, with the increase of IL film thickness, the orientations of [BMIM] cations
change gradually from dominant flat distributions along graphene surface to
orientations where the imidazolium rings are either parallel or perpendicular
to IL-vacuum interface with tilted angles. The outmost layers are populated
with alkyl groups and imparted with distinct hydrophobic character. The ionic
structures of [BMIM][PF6] ion pairs in IL-graphene and IL-vacuum interfacial
regions are significantly different from each other and also from those in bulk
regions.

Finally, the outlook and possible directions for related future research en-
deavors are also presented as well.
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2. Dissipative Particle Dynamics

Although computer facilities have been subject to rapid improvement since
the pioneering simulations, machine performance still sets limitations in terms
of CPU time and memory requirements. This primarily restricts the size of
simulated system, e.g., the number of particles that can be handled with given
computational resources. The soft matter systems studied in this thesis typi-
cally consist of aqueous environments, in which the objects of interest, such as
colloids or polymers or even biological building blocks like micelles or mem-
branes, are dissolved in solution. These systems are especially much more
computationally demanding because the solvent has to be represented by a
large number of molecules. Furthermore, the interesting phenomena in soft
matter systems appear on spatiotemporal scales much larger than the motion of
individual solvent molecule. Therefore in conventional atomistic simulations,
a great deal of computing time is used for dealing with rather uninteresting
behavior.

For particular soft matter systems, the observed phenomena on macro-
scopic scale are fundamentally affected by corresponding microscopic struc-
tures. The presence of these disparate length scales poses a severe problem for
computer simulations. Numerical solvers for Navier-Stokes equation are in-
adequate because microscopic structures of the soft matter systems cannot be
incorporated properly. Atomistic simulations on the microscopic level are also
inappropriate, as overly long time simulations are necessary to study macro-
scopic phenomena. Equilibrium properties can, to some extent, be investigated
with MC simulations, but it is not straightforward to interpret dynamical is-
sues in this method. Therefore, much effort is devoted to develop new efficient
methods to bridge the gap between microscopic and macroscopic levels.

Mesoscopic simulation methods are proposed to overcome these problems
by modeling soft matter systems on intermediate or mesoscopic length scale
that can capture relevant physical properties. The formal foundation of meso-
scopic simulation techniques is the coarse-graining theory [41]. However,
many mesoscopic simulation methods are not strictly derived from rigorous
physical foundation, but they are constructed in a way that satisfies certain
conservation laws or symmetries that are essential for observable phenomena.

One of the first mesoscopic approach was the lattice gas automata (LGA)
introduced by Hardy, Pomeau and de Pazzis [42]. In this model, the con-
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Figure 2.1: Illustration of the LGA (left) and the DPD (right) models. In LGA,
particles move on a lattice and change their velocities according to certain colli-
sion rules. In DPD, dissipative particles have continuous positions and interact
through pairwise forces including conservative, dissipative and random forces.

stituent fluid particles move simultaneously from site to site on regular lattices,
which is schematically depicted in Figure 2.1. The evolution of the simulated
system is described by a set of collision rules for fluid particles, and corre-
sponding computational costs are reduced considerably compared to atomistic
simulations. Frisch, Hasslacher, and Pomeau proposed another LGA model
with hexagonal symmetry [43], which can describe vorticity and yield hydro-
dynamics in simulating typical fluid systems, and the macroscopic behavior
of the simulated system can be properly described by standard Navier-Stokes
equation [44].

In alternative LB approach [45], the lattice nodes are described by distribu-
tion functions. The evolution of simulated system is splitted into a propagation
phase, in which particle distributions are changed according to current motion,
and a collision phase, where particle velocities are adopted according to cer-
tain collision rules. Although the LB method is originally an extension of
the LGA model, LB equation can be directly derived from continuous Boltz-
mann equation. In this sense, a LB simulation provides a numerical solution
of Boltzmann equation.

The introduction of lattices in LGA and LB approaches causes two funda-
mental problems, that is, both Galilean invariance and isotropy are broken on
lattices. Although in some cases this can be cured by choosing suitable lattice
geometries, such as hexagonal lattice with sufficient rotational symmetry, this
remains in general a severe drawback of these methods. Furthermore, the in-
corporation of boundary conditions in LGA and LB simulations is not an easy
task, hence further extensions of LGA and LB methods to more complicated
systems can be rather cumbersome. The computational costs increase accord-
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ingly, and the simplicity of the model is more than counterbalanced [36].

Another technique to deal with phenomena at different scales is the Langevin
method [46], in which fast degrees of freedom are completely eliminated and
replaced by friction and stochastic forces. This is especially appealing for fluid
systems where structures of solvents are uninteresting. But unfortunately the
Langevin method is rather useless for complex fluid systems because it does
not produce correct hydrodynamics. The reason for this is that friction and
random forces do not conserve momentum, which is a basic requirement for
hydrodynamic behavior. As a consequence, Langevin dynamic method pro-
duces diffusive behavior but not hydrodynamics.

This chapter is devoted to the introduction of DPD method. DPD is, as the
name suggests, a particle based mesoscopic simulation method. A dissipative
particle is not identified with a physical fluid particle, but represents the center
of mass of a mesoscopic portion of fluids. DPD model does not suffer from
the drawbacks of previous methods, i.e., it satisfies Galilean invariance and
isotropy, and conserves momentum. A straightforward comparison between
DPD model and LGA model is illustrated in Figure 2.1.

Generally speaking, the DPD model is largely based on LGA model, Langevin
dynamics (Brownian dynamics) and MD method. DPD combines the advan-
tages of these methods and avoids their subtleties, which is done by introduc-
ing LGA-like time stepping into MD and then combining with Langevin-type
dissipative and random forces. Hence, one can use continuous variables for
particle positions and velocities and update them in propagation and collision
steps. The collisions are determined by pairwise additive forces between par-
ticles, which are considered to be soft and finite. In this way, the DPD model
gets rid of lattices while retaining the possibility to use a large time step in
integration. In order to achieve a detailed description at coarse-grained level,
the interparticle forces contain pairwise dissipative and random contributions,
which are mainly attributed to momentum conservation.

The DPD model has a number of advantages. First, the lack of lattices
yields Galilean invariance and isotropy, and in practice it is much less cum-
bersome to include boundary conditions than in lattice approaches. Second,
since DPD conserves momentum by construction, it is expected to produce
correct hydrodynamic behavior. Third, being a particle based method, DPD is
quite versatile with respect to addition of new model features. Complex fluid
structures can be modeled straightforwardly by introducing different particle
types with corresponding interactions. Further extensions are possible by in-
troducing internal variables for dissipative particles, such as internal energies
and charges. Therefore, the DPD model seems a very promising technique for
the simulation of complex fluids and soft matter systems.
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2.1 Brief history of Dissipative Particle Dynamics

The DPD method was originally proposed by Hoogerbrugge and Koelman in
1992 as a new method for simulating hydrodynamic phenomena at mesoscopic
level [36]. In the original contribution, the dissipative and random forces are
Langevin-like and do not conserve total energy of simulated system. Mean-
time, there is no expression relating DPD parameters to temperature of the
simulated system. This was established by Español and Warren in 1995 [38],
who derived the correct fluctuation-dissipation relation for friction and noise
terms in DPD scheme. Deriving Fokker-Planck equation corresponding to
DPD equations of motion, they obtained the condition under which the steady-
state solution satisfies Gibbs canonical ensemble with well defined tempera-
ture. It was observed in DPD simulation that discretization errors due to finite
length time steps lead to deviations from prescribed equilibrium temperature.

The sizable discretization errors did lead originally to a dependence of
equilibrium properties on time step, which have directed interest to the devel-
opment of improved numerical integration algorithms. Instead of conventional
Euler scheme, Groot and Warren [31] used a modified version of velocity-
Verlet algorithm, in which a tunable parameter is used to make a prediction
of new velocities. A self-consistent algorithm was put forward by Pagonabar-
raga, Hagen, and Frenkel [47], in which the updating of velocities is performed
such that final forces and velocities are constant. This is necessary since the
forces acting on a particle depend on the velocities of neighboring particles.
Gibson et al. [48] proposed an intermediate approach, which is basically an
extension of modified velocity-Verlet algorithm with an additional second up-
date of dissipative forces at the end of each integration step.

Another way to cope with the velocity dependence of dissipative force
was taken by den Otter and Clarke [49]. They exploit the analogy between
DPD model and stochastic dynamics to derive a modified leap-frog algorithm,
in which the relative strength of dissipative and random forces is described
by corresponding parameters. These parameters are determined in advance
by simulating a system for which the equilibrium properties are known to be
consistent.

A completely different approach was formulated by Lowe [50], in which
dissipative and random forces are abandoned at all, but retaining the key fea-
ture of momentum conservation. The simulated system is integrated only with
conservative force and then thermalized to prescribed temperature with an An-
derson thermostat. This method is named as Lowe-Andersen (LA) method [51],
which is an alternative to DPD method and is also Galilean invariant. The
LA method frees the algorithm from the requirement of a self-consistent solu-
tion and makes it possible to control dynamical properties of simulated system
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much easier.
Several of the above described integration algorithms in DPD scheme have

been extensively tested and compared with respect to their performances [52;
53], which has shed some light on the integrator-induced artificial effects in
complex system simulations.

Further investigations clarify several fundamental aspects of the DPD model
and lead to rigorous theoretical justifications of DPD method. By applying
projection operator technique, Español [54] derived the hydrodynamic equa-
tions for mass and momentum density fields. Therefore, the connection of
fluid viscosity coefficients to DPD parameters, i.e., the friction coefficient and
the noise amplitude, is clarified. It was further discussed in which temperature
range a Newtonian fluid is valid and when non-Newtonian responses would
arise. Groot and Warren [31] discussed the useful parameter ranges of soft
conservative potentials and mapped the model parameters onto Flory-Huggins
theory for polymers, as well as the suitable choice of friction coefficient, noise
amplitude and time step.

Marsh and coworkers [55] analyzed several theoretical aspects of DPD
model. The Fokker-Planck-Boltzmann equation for DPD model was derived,
and was shown to obey a H-theorem that guarantees the existence of a unique
equilibrium condition. From the Fokker-Planck-Boltzmann equation, the macro-
scopic evolution equation was obtained using the Chapman-Enskog method [56].
Thereby, explicit expressions for thermodynamics and transport properties were
obtained. Analytical results for static and dynamic properties were compared
with numerical simulations showing sizable differences between simulated and
predicted results.

Since its introduction and first theoretical support, several extensions have
been proposed for DPD model. An energy conserving extension of DPD model
was independently developed by Avalos and Mackie [32], and Español [33],
to mimic energy transport and heat flux phenomena. All particles get an ad-
ditional variable for internal energy, which is coupled to dissipative forces be-
tween interacting particles, and a fluctuation-dissipation relation ensures the
correct equilibrium distribution. Later, Español addressed the particle volume
as a model variable to construct a thermodynamically consistent model [57].
The energy conserving variant of DPD was used to study the thermal pro-
cesses, such as heat conduction [58], phase change [59], and transport proper-
ties [60].

Another limitation of DPD model is the rigid thermodynamic behavior of
DPD fluid, determined by the form of conservative force. The parabolic soft-
core pair potential results in an equation of state (EOS) with fixed quadratic
density dependence, which is quite different from the EOS of a real fluid. Pag-
onabarraga and Frenkel [34; 61] formulated a density functional form for DPD
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scheme, which was called multibody dissipative particle dynamic (MDPD)
model in following works. MDPD differs from its predecessors in the defi-
nition of the conservative force. Rather than assuming a force depends only
on interparticle separation, the conservative force in MDPD model is made
additionally dependent on instantaneous local particle density, which in turn
depends on all the other neighboring particle positions. This effectively makes
the conservative force in MDPD model a multibody force, and hence the name
of this approach. The MDPD model allows one to prescribe thermodynamic
behavior of a DPD fluid beforehand, and is able to mimic thermodynamics of
an arbitrary realistic fluid. However, the model has been derived under the
assumption of no particle correlates and provides at best qualitative accuracy
for strong nonideal systems, which are of most practical interest. Later, Trofi-
mov et al. [62] added a correction for particle correlations in strong nonideal
systems, and hence the MDPD method can be adopted to model vapor-liquid
coexistence phenomena. Meantime, the thermostatting force was also criti-
cally adjusted [63].

A combination of DPD model and MC technique was proposed by Smit
and coworkers [64]. In this way, efficient sampling schemes can be applied,
like the Gibbs ensemble technique or configurational bias MC technique, to
simulate phase equilibria and calculate free energy differences. The DPD-MC
approach was further developed for polymer-solvent mixture [65], in which,
however, only the soft repulsive force is adopted. Such modification, rigor-
ously speaking, is not exclusively a characteristic type of DPD model.

In 2003, Groot [35] incorporated the electrostatic interactions into DPD
scheme. He coupled all charged particles to local electrostatic fields and ex-
plicitly solved their near and far field electrostatic interactions between charge
density distributions by using a variant of particle-particle particle-mesh (PPPM)
approach. As the charge density distributions in simulated system are affected
by hydrodynamic flow, this method provides a natural coupling between elec-
trostatic interactions and fluid motion. Simulation results demonstrate that
this method is reasonably efficient in capturing important features of electro-
static interactions at mesoscopic level. In an alternative approach, González-
Melchor et al. [66] adopted traditional Ewald summation method and Slater-
type charge density distribution in DPD simulations. This method allows a
standard approach to calculate electrostatic energy and force of charge density
distributions. Although the inclusion of charge density distribution does not
directly increase computational cost in Ewald summation itself, this method
becomes computationally more demanding than the PPPM method adopted by
Groot.

The versatility of DPD model and its theoretically justified properties make
it an appealing method for coarse-grained simulation of complex systems.
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However, as DPD is an ad-hoc construction, it is not a-priori clear how the
concept of a dissipative particle can be related to microscopic degrees of free-
dom. This deficiency has been solved through a derivation of DPD-type equa-
tion from microscopic parameters via rigorous and systematic coarse-graining
procedure [41]. There are basically two approaches of coarse-graining for
DPD scheme, namely Voronoi fluid particles and a variant of smoothed par-
ticle hydrodynamics. Voronoi fluid particles were introduced by Flekkøy and
Coveney [67] to define dissipative particles as cells on Voronoi lattices with
variable sizes. The equations of motion for these particles are rigorously de-
rived from microscopic dynamics and lead to equations very similar to con-
ventional DPD method [68; 69]. The similarity between DPD and smoothed
particle hydrodynamics, which was originally developed in astrophysical con-
texts, was pointed out [70] and corresponding formalism was worked out by
Español [71]. Both fluid particle models link coarse-graining equations of mo-
tion to microscopic dynamics. This establishes a microscopic foundation of
those fluid particle models, and since DPD equations are very similar, this also
provides a sound justification for DPD model.

This short historical overview is certainly far from being exhaustive. The
organization of these materials and the selection of cited references strongly
reflect the author’s personal view on DPD model. Of course, there have been
many more contributions to this field, and the choice made here does not imply
any rating, but only reflects fundamental aspects of DPD method.

2.2 Original formulation by Hoogerbrugge and Koelman

DPD was introduced in 1990s as a novel scheme for mesoscopic simulations
of complex fluids [36; 37]. This particle-based approach evolves the simulated
system by using Langevin equation, a stochastic differential equation describ-
ing Brownian motion in conservative potential, a viscous force and a noise
term, the latter two of which account for the omitted degrees of freedom. The
original DPD model is described by

∂ri

∂ t
= vi , mi

∂vi

∂ t
= fi , (2.1)

where ri, vi, and mi are the position, velocity, and mass of particle i, respec-
tively. The total force fi acting on dissipative particle i normally consists of
three parts

fi = ∑
j ̸=i
(FC

i j +FD
i j +FR

i j) , (2.2)

where FC
i j, FD

i j, and FR
i j represent the conservative, dissipative, and random

forces between interacting particles i and j, respectively.
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Figure 2.2: The comparison of the LJ potential, the purely repulsive WCA po-
tential and the soft potential in DPD method.

The conservative force is described as

FC
i j = f C(ri j)ei j , (2.3)

where f C(ri j) is a repulsive scalar function determining the form of conserva-
tive interaction. ri j = ri−r j is the distance between particles i and j, ri j = |ri j|
its magnitude, and ei j = ri j/ri j as the unit vector from particles i to j. In liter-
ature, the repulsive scalar function is frequently taken as a soft repulsion with
the form

f C(ri j) =

{
αi j(1− ri j/rc) (ri j ≤ rc)

0 (ri j > rc)
, (2.4)

where αi j is the maximum repulsion parameter between particles i and j, and rc

the cutoff distance, which is usually adopted as the unit of length in simulations
for easy numerical handling.

Compared to the LJ potential, the conservative force adopted in DPD method
is soft repulsive force, and hence allow for large time step in integration. For
a better comparison, the LJ potential, the Weeks-Chandler-Anderson (WCA)
potential (also known as truncated and shifted LJ potential at its minimum) and
DPD potential are shown in Figure 2.2.

The dissipative and random forces are given by

FD
i j = −γω(ri j)(ei j ·vi j)ei j , (2.5)

FR
i j = σω(ri j)θi jei j , (2.6)
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where γ and σ are parameters determining the strength of dissipative and ran-
dom interactions. vi j = vi− v j is the velocity difference between particles i
and j. θi j is a randomly fluctuating variable, which is uniformly distributed be-
tween 0 and 1 with zero mean and unit variance. The ω(ri j) is a non-negative
weight function, and is customary in literature to have the form

ω(ri j) =

{
1− ri j/rc (ri j ≤ rc)

0 (ri j > rc)
, (2.7)

which was introduced as a simple choice by Hoogerbrugge and Koelman in
original work [36].

One important consequence of DPD formulation is that all interactions are
pairwise additive and satisfy Newton’s third law, leading both linear and an-
gular momentum being conserved [36]. The other important fact is that all
three forces depend only on relative positions and relative velocities making
the model Galilean-invariant. The satisfaction of these conditions makes DPD
a consistent coarse-grained model particularly appealing for the study of soft
matter systems at mesoscopic level, so that it has gained substantial support in
literature, which lead the way for rigorous theoretical analysis of its hydrody-
namic and thermodynamic properties and its further development.

2.3 Theoretical refinement by Español and Warren

Despite the original DPD model can qualitatively describe some thermody-
namic properties of colloidal suspensions [37], there is no theoretical justifi-
cation that DPD model has correct hydrodynamic behavior until the under-
taking by Español and Warren [38], formulating first Fokker-Planck equation
to study equilibrium properties of DPD fluid, and by Español [54], deriving
macroscopic hydrodynamic variables from a microscopic description.

The main results of these studies are that, unlike the conservative force FC
i j,

the dissipative force FD
i j and random force FR

i j cannot be independent but must
be coupled together through a fluctuation-dissipation relation, which leading
Eqs. 2.5 and 2.6 as

FD
i j = −γωD(ri j)(ei j ·vi j)ei j , (2.8)

FR
i j = σωR(ri j)θi jei j . (2.9)

with conditions

ωD (r) =
[
ωR (r)

]2
,

σ 2 = 2γkBT . (2.10)
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For simplicity, the weight functions are usually selected as functions that de-
crease linearly or quadratically till zero at cutoff distance rc, which are similar
in form to the conservative scalar function and expressed as

ωD (r) =
[
ωR (r)

]2
=

{
(1− r/rc)

2 (r ≤ rc)
0 (r > rc)

. (2.11)

The conditions in Eq. 2.10 are necessary to ensure dissipative force drains
energy from system and random force provides system with energy, leading
these two counteracting forces coupled together to form a thermostat and keep
thermodynamic equilibrium conditions of simulated system in canonical en-
semble.

One of the original ideas of DPD model is to use soft potential for conser-
vative interaction so that one can use a large time step in integration. However,
this is not strictly necessary, and actually it turns out that a large time step may
be responsible for sizable discretization errors in measured variables. As a
matter of fact, the DPD model has two different advantageous aspects, the soft
conservative potential on one hand and the thermostat on the other hand, both
of which are completely independent. It is no problem to use the LJ poten-
tial as conventional interaction in coarse-grained simulations, if the time step
is chosen accordingly, leading the DPD model to a profile unbiased thermo-
stat with Galilean invariance, isotropy and momentum conservation, which is
especially useful in non-equilibrium simulations [72].

In practical applications, the DPD thermostat can be replaced by the LA
thermostat [51]. With a probability of Γ∆t (Γ is a constant bath collision pa-
rameter, and ∆t the time step), a new relative velocity (ṽi j · ei j) is generated.
The new velocities between interacting particles i and j, v′i and v′j, are updated
from old velocities, vi and v j, and described as{

v′i = vi +
1
2 ei j

[
ṽi j−vi j

]
· ei j

v′j = v j− 1
2 ei j

[
ṽi j−vi j

]
· ei j

. (2.12)

As the LA thermostat generates new velocities directly from a correct Maxwell
distribution, system temperature is rigorously controlled. The LA method
shows moderate efficiency, is Galilean invariant, and can get a high Schmidt
number. Furthermore, a linear combination of the LA thermostat and the
Nosé-Hoover thermostat was shown to achieve similar range of Schmidt num-
bers [73].

2.4 Implementation of electrostatic interactions

In the original DPD model, one critical advantage is the soft repulsive nature
of conservative potential, which enables us to integrate the equations of motion
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with large time step. However, such advantage restricts the direct incorporation
of electrostatic interactions in DPD model. The main problem is that dissipa-
tive particles carrying opposite point charges tend to collapse onto each other,
forming artificial ionic clusters due to the stronger electrostatic interactions
than soft repulsive conservative interactions.

In order to avoid such unphysical phenomena, point charges at the center of
dissipative particles should be replaced by charge density distributions meshed
around particles to remove the divergency of electrostatic interactions between
point charges at r = 0. Herein, a Slater-type charge density distribution is
considered with the form

ρe(r) =
q

πλ 3
e

e
−2r
λe , (2.13)

in which λe is the decay length of charge q. The integration of Eq. 2.13 over
the whole space gives the total charge q.

The electrostatic potential field ϕ(r) generated by a Slater-type charge den-
sity distribution ρe(r) can be obtained by solving Poisson’s equation

∇2ϕ(r) =− 1
ε0εr

ρe(r) , (2.14)

in which the variables ε0 and εr are the permittivity of vacuum space and the
dielectric constant of water at room temperature, respectively. In spherical
coordinates, the Poisson’s equation becomes

1
r2

∂
∂ r

(
r2 ∂

∂ r
ϕ(r)

)
=− 1

ε0εr
ρe(r) . (2.15)

By solving Poisson’s equation, the electrostatic potential field ϕ(r) can be an-
alytically expressed by

ϕ(r) =
1

4πε0εr

q
r

(
1− (1+

r
λe

)e
−2r
λe
)
. (2.16)

The electrostatic energy between two charge density distributions i and j
is the product of the total charge density distribution i and the potential field
generated by distribution j at position ri

UE,DPD
i j (ri j) = qiϕ j(ri)

=
1

4πε0εr

qiq j

ri j

(
1− (1+

ri j

λe
)e
−2ri j

λe
)
. (2.17)

The electrostatic force on charge density distribution i is the negative of the
derivative of the potential energy UE,DPD

i j respect to its position ri

FE,DPD
i (ri j) = −∇iU

E,DPD
i j (ri j)

=
1

4πε0εr

qiq j

(ri j)2

{
1−

(
1+

2ri j

λe

(
1+

ri j

λe

))
e
−2ri j

λe

}
.(2.18)
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By defining dimensionless parameter r∗ = r/rc as the reduced center-to-
center distance between two charge density distributions and β = rc/λe, re-
spectively, the reduced electrostatic energy is given by

UE,DPD
i j (r∗i j) =

1
4πε0εr

qiq j

rcr∗i j

{
1−

(
1+β r∗i j

)
e−2β r∗i j

}
, (2.19)

and corresponding electrostatic force is expressed as

FE,DPD
i (r∗i j) =

1
4πε0εr

qiq j

(rcr∗i j)
2

{
1−

(
1+2β r∗i j(1+β r∗i j)

)
e−2β r∗i j

}
. (2.20)

Compared to the electrostatic energy and force between two point charges
at atomistic simulations, we can clarify that the electrostatic energy and force
between two Slater-type charge density distributions in DPD simulations are
scaled with corresponding correction factors as{

BU = 1−
(
1+β r∗

)
e−2β r∗

BF = 1−
(

1+2β r∗(1+β r∗)
)

e−2β r∗ . (2.21)

The similarities between electrostatic energies/forces in atomistic simula-
tions and counterparts in DPD simulations imply that once we get electrostatic
energies/forces between point charges at atomistic simulations, from which the
electrostatic energies/forces between Slater-type charge density distributions
in DPD simulations can be directly rescaled with corresponding correction
factors.

Groot [35] first adopted a variant of PPPM approach to treat separately
the near field and far field Poisson’s equations on regular grids. This method is
reasonably efficient in capturing important features of electrostatic interactions
at mesoscopic level. González-Melchor and coworkers [66] directly adopted
standard Ewald summation method to calculate electrostatic interactions be-
tween charge density distributions in DPD simulations, which is supposed to
be much more computational demanding than the PPPM method adopted in
Groot’s work. Herein, we implement the ENUF method, an abbreviation for
Ewald summation based on non-uniform fast Fourier transform technique, in
DPD scheme to calculate the electrostatic interactions at mesoscopic level.

In a cubic simulation system with volume V = L3, N charged particles
carrying partial charge qi at position ri interact with each other according to
the Coulomb’s law. The total electrostatic energy of such system is described
as

UE,MD(ri j) =
1

4πε0εr

†

∑
n

∑
i

∑
j≥i

qiq j

|ri j +nL|
, (2.22)
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where n = (nx,ny,nz), and nx, ny, and nz are integer numbers. The sum over n
takes into account periodic images, and symbol † indicates that self-interaction
terms are omitted when n = 0.

In standard Ewald summation method, the electrostatic energy in Eq. 2.22
is decomposed into three contributions [4; 74]

UE,MD(ri j) =
1

4πε0εr

{ †

∑
n

∑
j≥i

qiq j

ri j +nL
erfc

(
α|ri j +nL|

)
+

2π
V ∑

k ̸=0

e−k2/(4α2)

k2 S(k)S(−k)− α√
π

N

∑
j

q2
j

}
, (2.23)

with

S(k) =
N

∑
i=1

qie−ık·ri and k =
2π
L

n . (2.24)

The first, second, and last terms in the bracket on the right-hand side of Eq. 2.23
correspond to electrostatic energies from real space, reciprocal space and self-
interaction contributions, respectively. The α is Ewald convergence parameter
and determines the relative convergence rate between real and reciprocal space
summations, and k the magnitude of vector k.

With such decomposition, both real and reciprocal space contributions are
short-ranged. Choosing suitable value of α , the real space summations extend
no longer than the cutoff distance, and can be expressed as

UE,MD,R(ri j) =
1

4πε0εr
∑

i
∑
j>i

qiq j

ri j
erfc(αri j) . (2.25)

The calculation of reciprocal space summations is usually treated with the
FFT technique [75–77], which can strongly reduce the computational com-
plexity. Replacing parameter k with n in structure factor S(k), and then nor-
malizing particle positions xi = ri/L, the structure factor in Eq. 2.24 is changed
to another function form S(n) as

S(k) =
N

∑
i=1

qie−ık·ri =
N

∑
i=1

qie−
2πı
L n·ri =

N

∑
i=1

qie−2πın·xi = S(n) . (2.26)

Recasting reciprocal space electrostatic energy in terms of Fourier compo-
nents, the second term of Eq. 2.23 can be expressed with

UE,MD,K =
1

4πε0εr

1
2πL ∑

n̸=0

e−(πn)2/(αL)2

n2 S(n)S(−n) . (2.27)
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Comparing to the transposed NFFT form

f̂kfkfk =
N−1

∑
j=0

fff je−2πıkkk·xxx j , (2.28)

we can find that the structure factor in Eq. 2.26 and the transposed NFFT form
in Eq. 2.28 have similar structures. Suppose that q j is substituting fff j, structure
factor S(n) is then a three-dimensional case of transposed NFFT form. By
viewing structure factor S(n) as a trigonometric polynomial f̂ff n, the reciprocal
space electrostatic energy can be rewritten as

UE,MD,K =
1

4πε0εr

1
2πL ∑

n̸=0

e−(πn)2/(αL)2

n2 | f̂ff n|2 . (2.29)

From the definition of structure factor in Eq. 2.26, we know that the struc-
ture factor S(n) is just a complex number for fixed vector n. Thus the reciprocal
space electrostatic energy in Eq. 2.27 can be expressed by real and imaginary
parts of structure factor S(n) as

UE,MD,K =
1

4πε0εr

1
2πL ∑

n̸=0

e−(πn)2/(αL)2

n2

{
Re

(
S(n)

)2
+ Im

(
S(n)

)2
}

=
1

4πε0εr

1
2πL ∑

n̸=0

e−(πn)2/(αL)2

n2

{
|∑

i
qi cos(

2π
L

n · ri)|2

+ |∑
i

qi sin(
2π
L

n · ri)|2
}
. (2.30)

Similarly, the reciprocal space electrostatic force on particle i is the neg-
ative derivative of the potential energy UE,MD,K respect to its position, and is
described as

FE,MD,K
i = −∇iUE,MD,K

= − 1
4πε0εr

1
2πL ∑

n̸=0

e−(πn)2/(αL)2

n2

(
4πqi

L
n
)

{
− sin(

2π
L

n · ri)∑
j

q j cos(
2π
L

n · r j)

+ cos(
2π
L

n · ri)∑
j

q j sin(
2π
L

n · r j)

}

=
1

4πε0εr

2qi

L2 ∑
n̸=0

n
e−(πn)2/(αL)2

n2

{
sin(

2π
L

n · ri)Re
(
S(n)

)
+ cos(

2π
L

n · ri)Im
(
S(n)

)}
. (2.31)
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Since the structure factor S(n) is just a complex number for fixed vector n,
the expression in the bracket of Eq. 2.31 can be written as imaginary part of a
product

sin(
2π
L

n · ri)Re
(
S(n)

)
+ cos(

2π
L

n · ri)Im
(
S(n)

)
= Im

{
e

2π
L ın·riS(n)

}
. (2.32)

Following this expression, Eq. 2.31 can be expressed with

FE,MD,K
i =

1
4πε0εr

2qi

L2 ∑
n̸=0

n
e−(πn)2/(αL)2

n2 Im
{

e
2π
L ın·riS(n)

}

=
1

4πε0εr

2qi

L2 Im
{

∑
n ̸=0

n
e−(πn)2/(αL)2

n2 S(n)e
2π
L ın·ri

}
=

1
4πε0εr

2qi

L2 Im
{

∑
n ̸=0

ĝne2πın·xi

}
, (2.33)

in which ĝn = n e−(πn)2/(αL)2

n2 S(n) with n ̸= 0.
Again, by comparing to the conjugated NFFT form

fff j = ∑
kkk∈IM

f̂kfkfke2πıkkk·xxx j , (2.34)

we can specify that Eq. 2.33 can be considered as a three-dimensional case of
conjugated NFFT form.

Assuming ĝ0 = 0, we can reformulate Eq. 2.33 into Fourier terms

FE,MD,K
i =

1
4πε0εr

2qi

L2 Im
{

∑
n∈IM

ĝne2πın·xi

}
=

1
4πε0εr

2qi

L2 Im(gi) . (2.35)

Thus, one can calculate the reciprocal space electrostatic force on particle i
using conjugated NFFT based on the structure factor S(n) obtained from trans-
posed NFFT.

From above equations, it is clear that by using suitable NFFT techniques,
the reciprocal space summations of both electrostatic energies and forces be-
tween point charges in atomistic simulations can be calculated from the ENUF
method. The calculated electrostatic energies and forces are then rescaled with
corresponding correction factors, as shown in Eq. 2.21, we can get the electro-
static energies and forces between Slater-type charge density distributions in
DPD simulations.
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Figure 2.3: Electrostatic potential and force between two charge density distri-
butions in DPD scheme are calculated from the ENUF and Ewald summation
methods. For a better comparison, the standard Coulombic potential and force,
both of which diverge at r = 0, and the typical conservative potential and force
in standard DPD method are also included. Both the electrostatic potential and
the electrostatic force expressions are plotted for two equal sign charge density
distributions.

In the limit of r∗i j→ 0, the reduced electrostatic energy and force between
charge density distributions are, respectively, described by

lim
r∗i j→0

UE,DPD
i j (r∗i j) =

1
4πε0εr

qiq j

rc
β , (2.36)

lim
r∗i j→0

FE,DPD
i j (r∗i j) = 0 . (2.37)

It is clear that the adoption of Slater-type charge density distribution in
DPD simulations removes the divergence of electrostatic interactions at r∗i j = 0,
which means that both electrostatic energy and force are characterized with
finite quantities. By matching the maximum electrostatic energy between
charge density distributions at r∗i j = 0 with Groot’s work [35], we can de-
duce β = 1.125. For particular coarse-graining scheme, such as a four-to-one
coarse-graining procedure adopted in our work, the length unit rc can be di-
rectly derived as rc = 7.829Å. From the definition of β = rc/λe, we can get
λe = 6.954 Å, which is consistent with the electrostatic smearing radii used in
González-Melchor’s work [66].

Figure 2.3 shows the representation of reduced electrostatic energy and
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force with respect to relative distance between charge density distributions.
Both electrostatic energy and force are calculated using ENUF-DPD method
and standard Ewald summation method with Slater-type charge density distri-
butions. The standard Coulombic potential and corresponding force are also
included for a better comparison, both of which do diverge at r = 0. The
positions of the maximum of electrostatic energy and force are basically the
same, but the maximum values of electrostatic energy and force calculated
from ENUF-DPD method are slightly smaller than that calculated from stan-
dard Ewald summation method within an acceptable statistical error. Compar-
ing to the standard Coulombic potential and corresponding force, both ENUF-
DPD and Ewald summation methods can give indistinguishable energy and
force differences beyond r ≥ 3.0rc. Hence, ENUF-DPD method can capture
essential characteristics of electrostatic interactions at mesoscopic level.

Combining electrostatic force FE,DPD
i and soft repulsive conservative force

FC
i gives the total conservative force FC∗

i on particles i in DPD simulations. The
total conservative force FC∗

i , together with dissipative force FD
i and random

force FR
i , as well as the intramolecular bonding force FS

i for polymers and
surfactants, act on dissipative particles and evolve the whole simulated system
toward equilibrium conditions before taking statistical analysis. The details of
the update scheme for ENUF-DPD method in single integration step are shown
in Table 2.1.

2.5 Typical applications of Dissipative Particle Dynamics

The DPD method has been applied to a wide range of complex systems. One
of the first applications is the simulation of colloidal suspensions [37]. Col-
loidal particles are constructed by freezing fluid particles, typically spheres
or ellipsoids, inside certain region and moving those particles as rigid objects
through surrounding fluids. This idea was pioneered by Hoogerbrugge and
Koelman [37] and has been explored in more detail by Boek and cowork-
ers [78]. At lower volume fractions, the shear thinning curves of spherical
particles compare very well with experimental results. While at higher vol-
ume fractions, somewhat inconsistent results are observed, which are mainly
attributed to the soft nature of conservative force [79]. In simulations, solvent
particles are expelled from the regions between colloidal particles, leading to
the appearance of depletion forces [78], which are unphysical and due solely
to discrete representation of continuum solvents. Such problem can eventually
be solved by careful and judicious selection of dissipative and random forces.

Further, DPD method is used to simulate polymer systems. Polymer chains
are constructed by connecting several dissipative particles with Hookean or
finitely extensible nonlinear elastic springs [80]. Using different types of parti-
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Table 2.1: The modified version of velocity-Verlet algorithm for ENUF-DPD
method in single integration step.

♠ v0
i ← vi +λ 1

m

(
FC∗

i ∆t +FD
i ∆t +FR

i

√
∆t
)

♠ vi← vi +
1
2

1
m

(
FC∗

i ∆t +FD
i ∆t +FR

i

√
∆t
)

♠ ri← ri +vi∆t
♠ Calculate FC

i {r j},FD
i {r j,v0

j},FR
i {r j} and FS

i {r j}
♠ Calculate FE,DPD

i and UE,DPD

♡ Calculate FE,MD,R
i and UE,MD,R

♡ Calculate FE,MD,K
i and UE,MD,K

♣ S(n) = f̂ff n← ∑N
i=1 qie−2πın·xi (using transposed NFFT)

♣UE,MD,K ← ∑n ̸=0 f (n)S(n)S(-n)
♣ ĝn← n e−(πn)2/(αL)2

n2 S(n)
♣ gi← ∑n∈IM ĝne2πın·xi (using conjugated NFFT)
♣ FE,MD,K

i ← Im(gi)
♡ Calculate UE,MD,SI (Self-interaction energy)
♡UE,DPD← BU(UE,MD,R +UE,MD,K−UE,MD,SI)

♡ FE,DPD
i ← BF(FE,MD,R

i +FE,MD,K
i )

♠ FC∗
i ← FC

i +FS
i +FE,DPD

i

♠ vi← vi +
1
2

1
m

(
FC∗

i ∆t +FD
i ∆t +FR

i

√
∆t
)

cles, one can construct linear diblock copolymers [81] and multiblock copoly-
mers with varied architectures [82; 83]. DPD works for polymers starting
with dilute polymer solutions [80; 84], which are modeled by a set of polymer
chains interacting with a sea of fluid particles. Depending on solvent quality,
which can be varied by fine tuning solvent-solvent and solvent-polymer in-
teractions [84], static scaling property of polymer conformation and dynamic
scaling behavior of relaxation time are properly described by the Rouse-Zimm
model [85]. Rheological properties of such system show a good agreement
with known kinetic theory results [86; 87].

In polymer melt system, one successful application of DPD method is the
microphase separation of block copolymers [81; 88], which allows to discuss
the pathway to equilibrium state. This pathway is strongly affected by hydro-
dynamic interactions [89]. At this point, DPD model serves as a good bench-
mark for the simulation of polymer systems.

For long polymer chains with complicated intra- and inter-molecular in-
teractions span over larger spatial and longer temporal scales, the existence
of spatial topological constraints of mutual uncrossing polymer chains has a
great effect on dynamic properties of simulated polymer melt system [90].
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The original DPD model is unable to simulate entanglements due to the soft
conservative potential between dissipative particles that inevitably results in in-
terpenetration between dissipative particles and bond crossing among polymer
chains [85]. In order to avoid such limitation, several successful attempts have
been developed to solve particle interpenetration and bond crossing problems
in DPD simulations. Pan and Manke [91] introduced the segmental repulsive
forces between the points of nearest contact of the polymer chains to reduce
the frequency of bond crossing. Liu et al. [92] added a rigid core to each dissi-
pative particle by modifying the form of the conservative force in DPD model,
so that all dissipative particles could not penetrate each other. Then a simple
geometry constraint was imposed to extremely reduce the possibility of bond
crossing. Zhu et al. [93] proposed a highly coarse-grained model which takes
single polymer chain as a highly coarse-grained dissipative particle, which in-
teracts with other particles (polymer chains) with ultra-soft potential. In such
a high coarse-graining level, the creation and disappearance of entanglements
between moving particles (polymer chains) are taken as stochastic events. This
newly proposed model not only reflects the characteristics of polymer entan-
glements, but also correctly simulates the dynamic properties, such as the shear
viscosity and the mean-square displacement of the center of mass of dissipa-
tive particles (polymer chains). Although there is no specific molecular details
in such coarse-grained model, an obvious benefit of this model is the feasible
coarse-grained simulations at larger length and longer time scales with com-
parable less computational labor.

Immiscible binary DPD fluid mixture is modeled by assuming two types of
dissipative particles [94; 95]. Unequal particles repel each other more strongly
than equal particles thus favoring phase separation. The dynamic behavior of
this immiscible binary fluid mixture, such as oil and water, is investigated in a
systematic way [94; 96]. Starting from a random initial condition representing
a miscible phase at high temperature, such system is then suddenly quenched.
Domain growth is characterized with universal scaling laws, and a crossover
from diffusive to inertial hydrodynamic regime is observed.

Distinct interfacial region between immiscible phases is characterized with
high interfacial tension and can be stabilized with the addition of surfactant
molecules, which form a monolayer in interfacial region with hydrophobic
moieties pointing into organic phase, and hydrophilic moieties settling in water
phase. The effect of surfactant structure on interfacial tension [97; 98] and
bending modulus [99; 100] of the monolayer, as well as film rupture [101] are
also investigated in corresponding DPD simulations.

When the organic phase is absent, surfactants or amphiphiles self-assemble
into bilayer membranes, which are representatives of many biological systems.
Depending on amphiphile structures and temperatures, the bilayer membranes
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form various phases, such as flat gel phase, tilted gel phase, rippled phase, and
interdigitated phase [102; 103]. Moreover, by introducing small molecules
into bilayer membranes, such as alcohol [103] and cholesterol [104], these
small molecules embed inside bilayer membranes and may induce structure
changes of the bilayer membranes, which subsequently affect the functions of
intrinsic membrane proteins.

At last, I conclude with some other applications of DPD model in fluid
dynamics, such as thin film evolution [105], drops or macromolecules break-
up under shear [106; 107], and rheological properties of polymers grafted onto
walls [108; 109].
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3. Coarse-graining procedures

As discussed in Chapter 1, many interesting phenomena in soft matter systems
occur on much larger scales than those that can be simulated even with the
most powerful supercomputers in atomistic details. The main factors limit-
ing the accessible length and time scales are the number of particles in sim-
ulated systems, leading to expensive evaluation of forces, and a suitable time
step in integration, which should be consistent with the slowest relaxations
in simulated system. Simplifying the representation of simulated system, i.e.,
constructing a coarse-grained model, can help in overcoming both issues. A
simpler representation generally has less particles, the hence force evaluation
becomes less expensive. Meanwhile, coarse-grained interactions are typically
smoother, simplifying the energy landscape and allowing larger time step in in-
tegration, which leads to feasible long time simulations in terms of simulation
steps.

Naturally, the speedup comes at a price: details on small length and short
time scales are lost, and it is not clear how well coarse-grained model is able
to reproduce the behavior of underlying atomistic system. To minimize such
problem, systematic approaches for constructing coarse-grained models from
available data are needed. Data from atomistic simulations provide a good
starting point for constructing a coarse-grained model, but other approaches
based on experimental quantities are also possible, even more assumptions
and approximations are needed. The focus of this chapter is adopting detailed
data from atomistic simulations and experimental measurements, to construct
coarse-grained models and derive corresponding effective interaction parame-
ters between coarse-grained particles.

3.1 Thermodynamics based coarse-graining procedure

The basic character of a mesoscopic simulation method is that it could cor-
rectly reproduce physical properties of a real system beyond certain length and
time scales. In DPD simulation, dissipative particles do not represent atoms
but liquid elements or a group of molecules. This requires particular mapping
procedure between microscopic system and coarse-grained model.

For single component fluid, such as water, some important thermodynamic

51



properties should be described correctly by DPD model [31]. Herein, the com-
pressibility of water is used as valuable reference parameter to deduce effective
interactions between DPD fluid particles. The dimensionless reciprocal com-
pressibility is defined as

κ−1 =
1

ρkBT κT
=

1
kBT

(
∂P
∂ρ

)T , (3.1)

where κT is liquid isothermal compressibility with

κT =− 1
V
(
∂V
∂P

)T,N . (3.2)

For single component fluid at sufficient large density, the EOS of such DPD
fluid is described as

P = ρkBT +0.1αkBT ρ2 , (3.3)

which leads dimensionless reciprocal compressibility in Eq. 3.1 to

κ−1 = 1+0.2αρ/kBT . (3.4)

For water at room temperature (298 K), the dimensionless compressibility
takes the value κ−1 = 15.98. For particular coarse-graining scheme with Nm

water molecules coarse-grained into one dissipative particle, the repulsion pa-
rameter between these dissipative particles is described by

αii =
(Nmκ−1−1)kBT

0.2ρ
. (3.5)

The reduced number density ρ = 3 is usually adopted in DPD simulations
to maximize the computational efficiency, thus repulsion parameter between
dissipative particles can be estimated from particular coarse-graining scheme
adopted in corresponding simulations. αii = 25kBT and ρ = 3 are widely used
in DPD simulations.

The repulsion parameters αi j between different types of dissipative parti-
cles in a fluid mixture are further defined in DPD simulations. Groot and War-
ren [31] mapped DPD parameter αi j to Flory-Huggins parameter χi j, which
is used in polymer chemistry to describe the interaction between polymer
segments [90]. The Flory-Huggins lattice theory presents a generic thermo-
dynamic model for polymer solutions, in which particles representing either
polymer segments or solvents are restricted on lattices. The internal energy is
described as a perturbation from ideal mixing, i.e., only the excess energy over
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pure components is taken into account. For a binary system, the mixing free
energy per lattice site is expressed as

Fmix

kBT
=

ϕA

NA
lnϕA +

ϕB

NB
lnϕB +χϕAϕB , (3.6)

where NA and NB are number of segments per A and B polymer, respectively,
and ϕA and ϕB are volume fractions of A and B components with ϕA +ϕB = 1.
In Eq. 3.6, the first two terms capture the combinatorial entropy of mixing,
which always favor mixing but are not too large. The Flory-Huggins inter-
action parameter χ represents the effective interactions between A and B seg-
ments. When χ is positive and larger than critical value, mixture will separate
into two phases.

From the EOS in Eq. 3.3, one can get following relation for DPD fluid

ρkBT +0.1αkBT ρ2 = P =−(∂F
∂V

)T =−V
∂ fv

∂V
− fv = ρ

∂ fv

∂ρ
− fv , (3.7)

where fv is the free energy per volume. Dividing both sides by ρ2 and follow
an integration, we can obtain the free energy per volume for single component
DPD fluid as

fv

kBT
= ρ lnρ +0.1αρ2 + c1ρ . (3.8)

For a binary DPD fluid system, fv can be similarly written as

fv

kBT
= ρA lnρA +ρB lnρB +0.1αAAρ2

A +0.1αBBρ2
B

+0.2αABρAρB + c1ρA + c2ρB . (3.9)

Assuming that αAA = αBB = α and ρA +ρB = ρ are constant, Eq. 3.9 can be
expressed as

fv

ρkBT
= ϕA lnϕA +ϕB lnϕB + lnρ(ϕA +ϕB)

+0.1
(

αρ− 2αρAρB

ρ
+

2αABρAρB

ρ

)
+ c1

= ϕA lnϕA +ϕB lnϕB +0.2(αAB−α)ϕAϕBρ + c , (3.10)

in which ϕA = ρA/ρ . By defining χ = 0.2ρ(αAB−α), Eq. 3.10 turns to be

fv

ρkBT
= ϕA lnϕA +ϕB lnϕB +χϕAϕB + c . (3.11)
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One can see from Eq. 3.11 that the free energy per volume is very similar
to the Flory-Huggins type free energy per site as shown in Eq. 3.6. Groot
and Warren [31], and later AlSunaidi and coworkers [110] determined a linear
relation between χ and ∆α by fitting the interfacial properties of binary fluid
mixture at varied number densities as follows

χ =


(0.286±0.002)(αAB−α) (ρ = 3)
(0.488±0.002)(αAB−α) (ρ = 4)
(0.689±0.002)(αAB−α) (ρ = 5)

. (3.12)

The mapping scheme between Flory-Huggins parameter χi j and DPD re-
pulsion parameter αi j establishes a solid foundation for DPD model. For a
complex fluid system, once Flory-Huggins parameter χi j between different
components is known, one can easily derive corresponding DPD repulsion pa-
rameter αi j. In practice, the parameters χi j can be obtained via different meth-
ods, for example from the solubility data, which are readily obtained from
experimental measurements.

A good example of the successful application of DPD method on surfactant
and biomolecule systems was illustrated by Groot and Rabone [39], who first
adopted DPD method to study complex behavior between polyethylene oxide
(PEO) surfactants and phosphatidylethanolamine lipid membrane. For lipid
molecule, triplet of methyl groups are coarse-grained into one tail particle,
whereas the glycerol head group is described by three particles. While for
PEO surfactant, 1.5 EO segments are grouped together as one particle.

The pertinent χ-parameters between dissipative particles are determined
by matching relevant thermodynamic data of corresponding groups to Flory-
Huggins model. The conservative interaction parameter between hydrocar-
bon and water, derived from solubility data of hexane, heptane, and octane
in water, is expressed as χhydrocarbon−water ≈ 6.0, which appears to be rela-
tively independent of temperature. The second χ-parameter to match is the
one between PEO and water. Based on the fact that PEO and water mix in
almost all ratios at room temperature but not mix ideally at higher temper-
ature, one can start from their demixing temperature, then extrapolate the
temperature dependent χ-parameter back to room temperature. Following
this routine, the interaction parameter between PEO and water is estimated
as χPEO−water ≈ 0.30± 0.04. The third Flory-Huggins parameter to fit is
χPEO−hydrocarbon. To estimate the χ parameter between PEO and hydrocar-
bon, only sparse experimental data is available. Since an EO group consists of
2/3 of hydrocarbon and 1/3 of oxygen, one can intuitively assume that the χ
parameter between hydrocarbon and EO is 1/3 of that between hydrocarbon
and water, that is χPEO−hydrocarbon = 2.0. The coarse-grained particles repre-
senting lipid head groups contain more oxygen than EO does and also possess
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Figure 3.1: Schematic drawing of the various lipid bilayer phases: (a) Lc phase,
(b) Pβ ′ phase, (c) Lβ ′ phase, (d) Lβ phase, and (e) Lα phase.

partial charges, therefore they are treated as solvent particles.
With these parameters, Groot and Rabone constructed tensionless lipid bi-

layer membrane and found that the area per lipid molecule and membrane
structures obtained from DPD simulations match quantitatively well with atom-
istic simulation results and experimental observations reported in the liter-
ature. Furthermore, they investigated the cell membrane damage, morphol-
ogy change and rupture induced by the presence of nonionic PEO surfactants.
These simulations indicate that the area of a pure lipid bilayer can be increased
after the adsorption of PEO surfactants. The inclusion of surfactants consid-
erably reduces both the extensibility and the maximum stress that the bilayer
can withstand.

Another good example is reported by Smit and coworkers, who considered
coarse-grained models of DMPC lipid molecule at different coarse-grained
levels [111]. By matching the area per lipid molecule and the hydrophobic
thickness of DMPC bilayer membrane with corresponding experimental val-
ues, they refined effective interaction parameters between different species.
Based on specific coarse-grained model, they investigated the lipid membrane
phase behavior as a function of temperature, head group interactions, and tail
lengths [112; 113]. At low values of head-head repulsions, the bilayer mem-
branes undergo transitions from sub gel phase Lc via flat gel phase Lβ to fluid
phase Lα by increasing temperatures (see Figure 3.1). For higher values of
head-head repulsions, the transition from Lc to Lα phase occur via tilted gel
phase Lβ ′ , and sometimes rippled phase Pβ ′ appears during transition, de-
pending on the length of hydrophobic tail. Moreover, by introducing small
molecules into bilayer membranes, such as alcohol [103; 114] and choles-
terol [104] molecules, these small molecules can be absorbed inside the bilayer
membranes and their adsorption may induce structure changes of membranes,
which subsequently affect the functions of intrinsic membrane proteins.
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Figure 3.2: Schematic representation of mesoscopic model of DMPC lipid
molecule.

3.1.1 Mutual consistent coarse-grained models of lipid and dendrimer
molecules

In our second work, we adopt a four-to-one coarse-graining scheme [110] with
Nm = 4 and ρ = 4. The former parameter means four water molecules are
coarse-grained into one dissipative particle, leading the volume of single par-
ticle being approximately 120 Å

3
. The latter parameter means there are 4

dissipative particles in the volume of r3
c , which gives length unit as

rc = 3.107 3
√

ρNm = 7.829Å . (3.13)

Following relations in Eq. 3.12, the conservative interaction parameters be-
tween different types of dissipative particles are determined by αi j ≈ αii +
2.05χi j with αii = 78.67kBT .

Schematic representation of mesoscopic model of DMPC lipid molecule
is shown in Figure 3.2. Briefly, the coarse-grained model of DMPC lipid
molecule is consisting of a hydrophilic head group and two hydrophobic tails.
The head group contains three consecutively connected hydrophilic particles,
and the top two of them carry zwitter-ionic charges +1 and −1, respectively.
Each tail includes four consecutively connected hydrophobic particles that are
connected with springs and three-body potentials. The volumes of these dissi-
pative particles, as shown in Table 3.1, are directly related to the effective sizes
of corresponding atomistic groups and calculated from experimental data of
corresponding chemical compounds.

The Flory-Huggins parameters χ between different types of dissipative
particles are related to their chemical identities and solubility data in wa-
ter [39], as shown in Table 3.2. With such-determined interaction parame-
ters, the coarse-grained model of DMPC lipid molecule can properly give the
surface tension of amphiphilic membrane. For a tensionless DMPC bilayer
membrane, the typical projected area is approximately 0.655 nm2 per lipid
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Table 3.1: Detailed volume information of coarse-grained models of DMPC
lipid, PAMAM dendrimer and water molecules.

Chemical groups Volume Name
DMPC lipid molecule

N-(CH3)
+
3 ≈ 140Å

3
LN+

CH2-CH2+ 1
2 PO−4 ≈ 110Å

3
LP−

CH2-COO-CH2 ≈ 130Å
3

LO0

CH2-CH2-CH2-CH2 ≈ 120Å
3

LC0

PAMAM dendrimer
CH2-NH+

3 > 75Å
3

PN+

N-(CH2)3 ≈ 140Å
3

PN0

CH2-C(O)-NH-CH2 ≈ 130Å
3

PC0

Counterion — P−

Solvent
4H2O ≈ 120Å

3
W

Table 3.2: The Flory-Huggins parameters χi j between different types of dissipa-
tive particles. Counterions of positively charged dendrimer terminal groups are
labeled as P−.

χ PN+ PN0 PC0 P− W LN+ LP LO0 LC0

PN+ 0.0 — — — — — — — —
PN0 4.0 0.0 — — — — — — —
PC0 2.0 2.0 0.0 — — — — — —
P− 0.0 4.0 4.0 0.0 — — — — —
W -0.5 6.0 4.0 -0.5 0.0 — — — —
LN+ 0.0 2.0 1.0 0.0 -0.5 0.0 — — —
LP 0.0 2.0 1.0 0.0 -0.5 0.0 0.0 — —
LO0 2.0 2.0 0.0 2.0 0.4 0.5 0.5 0.0 —
LC0 8.0 2.0 4.0 8.0 8.0 8.0 8.0 3.0 0.0

molecule, which is quite close to the value of 0.636 nm2 calculated from atom-
istic simulations [115].

Mutual consistent coarse-grained model of PAMAM dendrimer is pro-
posed and based on the same volume criteria. Figure 3.3 shows a schematic
picture of coarse-grained model of the 1st generation PAMAM dendrimer.
Three types of dissipative particles are adopted to represent different chemical
moieties of PAMAM dendrimer, which facilitate us to distinguish nodes and
branches of the interior parts of dendrimer, hence such coarse-grained model
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Figure 3.3: Mapping of the 1st generation PAMAM dendrimer chemical moieties
onto coarse-grained model.

can capture some essential features of real PAMAM dendrimer. The terminal
particles of PAMAM dendrimer are hydrophilic and carry partial charge +1,
while others are hydrophobic and neutral particles.

Larger generations of PAMAM dendrimers are constructed by repeating
corresponding particles with similar structures. The volumes and effective
interaction parameters between different types of dissipative particles, which
are also determined from their chemical moieties, are shown in Table 3.1 and
Table 3.2, respectively. With these determined interaction parameters, such
coarse-grained model can properly describe the conformational properties of
real PAMAM dendrimers.

3.2 Structures based coarse-graining procedure

In DPD simulations, the procedure of determining interaction potentials in
biomolecular simulations is by no means unique. One might use explicitly
defined analytical expressions as effective potentials to describe interactions
between coarse-grained particles, such as the LJ potential adopted in MAR-
TINI force field [116]. For cases where the simulations are intended to ac-
curately replicate properties of particular systems and there is no appropriate
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theoretical models for corresponding potentials, the conservative potentials for
use in DPD simulations should be constructed so that they can reproduce the
structural properties of reference system that will be studied.

Most techniques for the derivation of conservative potentials use radial
distribution function (RDF) as input information, and are theoretically based
on the Henderson theorem [117], stating that “for a given system under given
conditions of temperature and density, two pair potentials which give rise to
the same RDF cannot differ by more than an additive constant”. This assures
that, once a potential reproducing the input RDF is obtained, it is unique, but
usually in practice it cannot guarantee that such unique potential will be found.

The RDF, also known as the pair correlation function, is an important ob-
servable that characterizes local fluid structures. It is based on the conditional
probability density of finding some other particles situated at a distance r from
current particle

ρ(r) = ⟨∑
i

δ (r− ri)⟩ , (3.14)

where δ (r) is delta function and i runs from 1 to N, the number of particles in
simulated system. The RDF in a system is the ratio of average number density
of particles at a distance r from any given particle within a spherical shell of
volume 4πr2 to average number density in simulated system (N/V )

g(r) =
V
N

⟨∑i ∑ j ̸=i δ (r−ri j)⟩
N

4πr2

=
V

4πr2N2 ⟨∑
i

∑
j ̸=i

δ (r− ri j)⟩ . (3.15)

By definition, any deviation of g(r) from unity reflects the correlations between
particles due to inter-particle interactions.

The RDF plays an important role in liquid state theories. For instance, the
average of any quantity that depends on pair distances ri j can be expressed as
an integral over g(r)

⟨A⟩ = ⟨∑
i

∑
j>i

a(ri j)⟩

=
N2

2V

∫ ∞

0
a(r)g(r)4πr2dr . (3.16)

As an example, the total energy of a monatomic system, in which particles
interact with each other through a potential U(r), can be written as

E =
3
2

NkBT +
2πN2

V

∫ ∞

0
U(r)g(r)r2dr , (3.17)
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where the first term is the total kinetic energy by the equipartition theorem,
and the second term is the total potential energy integrated over g(r).

The RDF is of particular interest because it can be measured experimen-
tally with neutron scattering or X-ray scattering experiments on simple flu-
ids and light scattering experiments on colloidal suspensions. Coupled with
techniques like the IMC and the IBI methods described below, one can derive
effective interaction potentials from corresponding RDFs.

3.2.1 Boltzmann inversion method

The Boltzmann inversion (BI) technique is the simplest structures based method
one can use to obtain coarse-grained potential based on corresponding RDFs [27].

The idea of BI stems from the fact that in a canonical ensemble indepen-
dent degrees of freedom q obey Boltzmann distribution

P(q) = Z−1e−βU(q) , (3.18)

where Z =
∫

e−βU(q)dq is a partition function, and β = 1/kBT . Once P(q)
is known, one can invert Eq. 3.18 and obtain corresponding coarse-grained
potential, which, in this case, is a potential of mean force (PMF)

U(q) =−kBT lnP(q) . (3.19)

It should be noted that the normalization factor Z is not important since it
would only enter coarse-grained potential U(q) as an irrelevant additive con-
stant.

In theoretical practice, P(q) is computed from trajectories of reference
atomistic system, which is sampled either by MC, MD, stochastic dynamics,
or any other integrator that ensures a canonical distribution of states. On tech-
nical side, the implementation of BI method requires smoothing of potential
U(q) to provide a continuous force. Poorly and unsampled regions, that is the
regions with high potential U(q), shall be extrapolated. Since the contribution
of these regions to the canonical density of states is small, the exact shape of
the extrapolation is less important.

Since the goal of coarse-grained model is to reproduce corresponding dis-
tribution function of reference system as accurately as possible, one can it-
eratively refine coarse-grained potential using some numerical scheme. IBI
technique [40] is a natural extension of BI method.

In the IBI method, the coarse-grained potential is refined according to fol-
lowing scheme

U (n+1) = U (n)+∆U (n) , (3.20)

∆U (n) = kBT ln
P(n)

Pre f =U re f
PMF −U (n)

PMF . (3.21)
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One can easily see that convergence is reached as soon as distribution func-
tion P(n) matches reference distribution function Pre f , or, in other words, the
potential of mean force, U (n)

PMF , is converged after enough iterations.
IBI is primarily used for simple fluids. However, it has convergence prob-

lems for multi-component systems, since it does not account for cross-correlation
correction terms, that is the updates of effective potentials like UAA, UAB, and
UBB are not coupled. At this point, the IMC method is much better than the
IBI method.

3.2.2 Inverse Monte Carlo method

The IMC method [12] is another iterative procedure to obtain effective con-
servative potentials that can be used in coarse-grained simulations to yield the
same structural properties (embodied by RDFs) as that calculated from atom-
istic simulations or measured from real world experiments. The refinement
procedure of the IMC method is very similar to the IBI method except that
the update of interaction potential, ∆U , in the IMC scheme is done using rig-
orous statistical thermodynamic arguments. Hence the iteration procedure of
the IMC method is expected to converge much faster than that of IBI method.
Another feature of the IMC method is that it takes into account collective cor-
relations of the observables, thus the update of interaction potentials are inter-
dependent. The name of IMC is somehow confusing, and is due to the fact that
the original algorithm is combined with Monte Carlo method to sample the
phase space. However, practically any sampling method, such as molecular or
stochastic dynamics, can be used as long as it provides a canonical sampling
of the phase space.

The IMC method is basically a specialized version of Newton-Raphson
algorithm for finding roots of a system of equations, where at each iteration
the error is computed as the difference of target RDF from the RDF calculated
from a Metropolis MC simulation with test potential. For a single compo-
nent system with pairwise interaction, the IMC method works as follows. The
Hamiltonian of the system is expressed as

H = ∑
i, j

U(ri j) , (3.22)

where ri j is the distance between particles i and j, and U(ri j) is the pair poten-
tial. By discretizing pair potential U(ri j), Eq. 3.22 is rewritten as

H = ∑
α

UαSα , (3.23)

where α = 1, · · · ,M is the discretization index with M as the discretization
resolution. Uα is constant step of the discretized potential between rα and
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rα+1. Sα is the number of particle pairs with a separation within the range rα
to rα+1 with rα = (α−1)rc/M, and rc the cutoff distance. In a similar fashion
to Eq. 3.16, the average of Sα can be expressed in terms of g(r)

⟨Sα⟩= 4πr2
α

rc

M
N2

2V
g(rα) , (3.24)

for sufficiently large M. After the selection of initial potential U (0)
α , usually as

U (0)
α =−kBT lng(rα), the potential of mean force is obtained by repeating the

following steps, starting with t = 0

♠ Do a MC simulation with potential U (t)
α and compute following variables

♡ ⟨Sα⟩, from current g(rα) using Eq. 3.24 ,

♡ ∆⟨Sα⟩= ⟨Sα⟩−S∗α , with S∗α given by target RDF,

♡ covariance matrix ⟨SαSγ⟩−⟨Sα⟩⟨Sγ⟩.

♠ Compute error terms ∆Uγ by solving a set of linear equations

∆⟨Sα⟩= ∑
γ

(∂ ⟨Sα⟩
∂Uγ

∆Uγ

)
(3.25)

using the relation

∂ ⟨Sα⟩
∂Uγ

=−
⟨SαSγ⟩−⟨Sα⟩⟨Sγ⟩

kBT
. (3.26)

♠ Update the potential U (t+1)
α =U (t)

α −λ∆Uα , increment t, and go to first
step, unless the errors ∆Uα are sufficiently small so that convergence is
achieved.

The parameter λ in the update step is a small number (0 < λ < 1), much
like a “learning rate” in optimization algorithm. It facilitates the convergence
procedure by keeping steady update of potential to prevent overshooting target
potential and causing oscillations during iterations, particularly when initial
potential U (0)

α differs greatly from target potential.
In DPD simulation, the converged potential Uα derived from the IMC pro-

cedure after enough sampling iterations is then numerically differentiated with
respect to rα to get a discretized version of conservative force.

It should be noted that, according to the Henderson theorem [117; 118],
the pairwise coarse-grained potential U(r) is unique up to an additive constant
and, in principle, all structures based iterative methods must converge to same
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coarse-grained potential, provided that their aim is to exactly reproduce pair
correlation functions of reference system. As we will see later, this is often
not the case in practice, since small changes in RDFs often lead to big changes
in pair potentials. Hence it is difficult to control systematic errors during the
update of effective potentials.

Another issue of coarse-graining strategy is that coarse-grained models
cannot reproduce all the statistical or thermodynamic properties of reference
system. Pressure, compressibility, or viscosity [119] are often very different
from those of reference system. In some cases, however, one can correct some
of these properties. For example, viscosity can be adjusted by tuning thermo-
stat parameter [120], and the pressure can be corrected iteratively by adding
a linear term to coarse-grained potential. Compressibility and pressure, how-
ever, cannot be corrected simultaneously.

3.2.3 Coarse-grained model of ionic liquid

In our third work, we are exploring the effect of different treatment fashion of
electrostatic interactions on phase behavior of ILs in coarse-grained simula-
tions.

The proposed coarse-grained model of [BMIM][PF6] IL is based on fol-
lowing principles:

• Three methylene units in aliphatic tail are coarse-grained into single
particle. This is one of the most popular coarse-graining schemes and
widely used in other coarse-grained simulations [104].

• The imidazolium ring and the two remaining methyl groups directly
bonded to it, are divided symmetrically into two coarse-grained parti-
cles.

• The anionic group is described by one coarse-grained particle, which is
normal scheme in other coarse-grained models for IL system [121; 122].

The proposed mapping scheme for [BMIM][PF6] IL is illustrated in Fig-
ure 3.4. It is clear that atomistic compositions of four coarse-grained particles
are nearly symmetrical, which, on one side, facilitate us to take corresponding
geometrical centers as reference sites to calculate pair correlation functions,
and on the other side, can be transferred to DPD scheme for further applica-
tions, such as the self-assembly of ionic surfactants in ionic liquids.

Three sets of effective pair potentials between coarse-grained particles are
obtained from the IMC and IBI methods with different treatment fashion of
electrostatic interactions in updating scheme, and denoted as three cases:
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Figure 3.4: Schematic structure of coarse-grained model of [BMIM][PF6] ionic
liquid.

case i potentials derived from the IMC method with explicit electrostatic inter-
actions between coarse-grained charged particles.

case ii potentials obtained from the IBI method with explicit calculation of elec-
trostatic interactions between coarse-grained charged particles.

case iii potentials deduced from the IMC method without explicit electrostatic
interactions but reflected in effective potentials, that is, all coarse-grained
particles are neutral in simulations.

For cases i and ii, the partial charge on particle P is set to −1.0, and hence
the charges on particles N1 and N2 are +0.5, respectively, to keep the whole
system neutral. While for case iii, all coarse-grained particles are neutral and
there are no explicit electrostatic interactions between them.

Long time atomistic simulations are performed to collect statistical data
for the calculation of intermolecular RDFs between the reference sites. The
distance distributions between bonded particles are also calculated and used
to determine the “intramolecular” effective potentials. For simplicity, we in-
troduce a virtual bond between N1 and C particles instead of the angle dis-
tribution among N1-N2-C consecutive particles. For all the RDFs calculated
from atomistic simulations, as shown in Figure 3.5, they are used as reference
RDFs to derive effective tabulated potentials through the IMC and IBI iteration
procedures.

For all three cases i-iii, the interaction potentials are refined iteratively us-
ing corresponding schemes until the RDFs calculated from the last interac-
tion potentials match well with reference RDFs, as shown in Figure 3.5. The
short-range parts of corresponding effective tabulated potentials are plotted in
Figure 3.6.

Even of all three sets of effective potentials reproduce well RDFs as those
deduced from atomistic simulations, however, the three sets of effective tab-
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Figure 3.5: The comparison of intermolecular RDFs and intramolecular distance
distributions between coarse-grained particles calculated from coarse-grained
simulations to reference ones calculated from atomistic simulations.
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Figure 3.6: The comparison of three sets of effective tabulated potentials ob-
tained from two iteration procedures with different treatment fashion of electro-
static interactions in updating scheme.

ulated potentials differ noticeable from each other. The difference of case iii
from cases i and ii has a clear origin: since partial charges are not assigned
to the coarse-grained particles in case iii, the contributions from electrostatic
interactions of atomistic system become implicitly included in effective poten-
tials. These contributions are positive for likewise charged particles (N1-N1,
N1-N2, N2-N2, and P-P pairs) and negative for oppositely charged particles
(N1-P and N2-P pairs).
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The difference between cases i and ii, computed within the same model but
by different iterative methods, is more remarkable. According to the Hender-
son theorem [117], solution of the inverse problem is unique in terms of pair
potentials, that is, there exists only a single set of pair potentials reproducing a
given set of RDFs. However, in many cases, such as the coarse-grained mod-
els of water [13; 123] and methanol molecules [124], the inverse problem may
be ill-defined, that is, very small changes of RDFs may correspond to large
changes in pair potentials. In such a case, perhaps small but always present
uncertainties in calculated RDFs can produce an strong effect on computed
coarse-grained potentials.

Differences in the iterative algorithms performing RDF inversion may also
play a role. The IMC method has a nonlocal update scheme where effective
potentials between all particle pairs are refined from cross-correlation matrix
built from all RDFs. While the update procedure in the IBI method is local,
that is, the update of the effective potential for a specific particle pair at spe-
cific distance is determined only by the value of RDF between this pair at
corresponding distance.

With three sets of effective tabulated potentials obtained from above two it-
eration methods, the corresponding coarse-grained simulations are performed
at different thermodynamical conditions. Typical comparisons of, such as ther-
modynamical, structural, scattering and dynamical properties, between sim-
ulation results (including atomistic and coarse-grained simulations) and ex-
perimental measurements, are made to specify suitable procedure to generate
reliable effective interaction potentials for [BMIM][PF6] IL, and also clarify
the effect of different treatment fashion of electrostatic interactions on coarse-
grained simulation results.

3.3 Other coarse-graining techniques

In contrast to above mentioned thermodynamics and structures based coarse-
graining procedures in deriving effective potentials, it has also been common
in DPD literature to hand-tune conservative interaction parameters by making
an arbitrary choice to perform extensive and systematic DPD simulations.

Basically, in DPD simulations, the thermodynamic and structural proper-
ties of reference systems are mainly determined by conservative forces. While
the dynamic properties, such as diffusivity, thermal conductivity, shear viscos-
ity and various autocorrelation functions, are intimately tied to trajectories as
they depend on the autocorrelation of velocities and force through Green-Kubo
relations and consequently related to thermostat. The conventional method of
adjusting dissipative and random forces is using a generic arbitrary form of
ω(r) and then scaling it by trial and error to match some transport proper-
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ties [125–127] which is deemed important for particular type of study at hand,
measured in real-world experiments or atomistic simulations.

Finding a generally applicable and proven procedure, like the IMC and
IBI method for the reconstruction of effective conservative potentials, for the
determination of dissipative and random parts in DPD model is an active area
of current research, which might stride extensive applications of DPD method
in other potential promising research fields.

Besides the above mentioned systematic procedures, some other techniques
for determining coarse-grained potentials have been developed, such as the
hypernetted-chain relation [128] and the “time coarse-graining” procedure [129]
in which rapidly fluctuating degrees of freedom in atomistic simulations are
averaged over short time scales to obtain effective interaction potentials in
coarse-grained simulations of polymer systems.

Another promising way to evaluate effective conservative forces is the
force matching technique, which was originally proposed by Ercolessi and
Adams [130], to match as closely as possible the force field parameters to
trajectory and force database obtained from first principle calculations. The
force matching scheme were further developed mainly by Voth and cowork-
ers [131–134] to parameterize the classical force field from molecular level to
coarse-grained level. Such method provides a rigorous bottom-up theoretical
framework to construct coarse-grained model from underlying molecular scale
forces through a powerful variational minimization procedure. It shares with
other complementary inverse coarse-graining approaches, such as the IBI and
IMC methods, the ability to directly incorporate atomistic details into resul-
tant coarse-grained force field. This approach has been employed to model
a number of physical systems, including lipid bilayer membranes [132; 135],
proteins [136], and ionic liquids [121].
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4. Summary of publications

4.1 Paper I

The idea behind this work is that we are trying to improve the accuracy and
efficiency in treating electrostatic interactions in DPD simulations.

A Slater-type charge density distribution is adopted in DPD scheme, which
can effectively avoid the formation of artificial ionic clusters. After detailed
deduction processes, we find that the electrostatic energies and forces between
Slater-type charge density distributions in DPD simulations can be directly
rescaled from electrostatic energies and forces between point charges in atom-
istic simulations with corresponding correction factors.

The ENUF method, which combines traditional Ewald summation method
with NFFT technique to calculate electrostatic interactions in atomistic simu-
lations, is implemented in DPD scheme to calculate electrostatic interactions.
The newly implemented ENUF-DPD method can capture the essential charac-
teristics of electrostatic interactions at mesoscopic level.

As the number of charged dissipative particles in the simulated system
grows, the calculation of the reciprocal space electrostatic interactions will be-
come the most time-consuming part. Using suitable parameters in the ENUF-
DPD method assures that the time to calculate the real space summations is
approximately the same as the time to calculate the reciprocal space summa-
tions, thereby reducing the total computational time.

The ENUF-DPD method is applied on simple model electrolyte systems
to explore suitable parameters, all of which are shown Table 4.1. With these
optimized parameters, the computational complexity of ENUF-DPD method is
approximately described as O(N logN), as shown in Figure 4.1, which shows
remarkably better efficiency than Ewald summation method with acceptable
accuracy.

The ENUF-DPD method is further validated by investigating the effects
of charge fraction of polyelectrolyte, and counterion valency of added salts on
polyelectrolyte conformations.

The size of polyelectrolyte increases with increasing degree of ioniza-
tion of polyelectrolyte, which reflects the transition of polyelectrolyte from
collapse to fully extended conformation. Typical conformations of polyelec-
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Table 4.1: Summary of ENUF-DPD parameters.

Parameter Value Meaning
δ 10−4 Accuracy of electrostatic interactions
Rc 3.0rc Cutoff for real space summations
α 0.20Å

−1
Ewald convergence parameter

σs 2 Over-sampling factor
p 2 Approximation parameter in NFFT
nc 7 Cutoff for reciprocal space summations
λe 6.954Å Charge decay length
ε0εr 1 Dielectric constants
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Figure 4.1: The scaling behavior of ENUF-DPD method with above determined
suitable parameters.

trolyte characterized with different charge fractions are shown in Figure 4.2.
These simulation results are qualitatively consistent with experimental obser-
vations [137; 138] and theoretical predictions [139] for weakly charged poly-
electrolyte.

The intramolecular pair correlation functions between charged particles
of polyelectrolyte reveal distinct tendencies with the increase of charge frac-
tion on polyelectrolyte. For neutral polymer and polyelectrolyte with vari-
ous charge fractions, the intramolecular correlations in initial zone (r < 1) are
mainly dominated by soft conservative interactions. In the regime of r > 1,
two striking tendencies are observed in simulations and shown in Figure 4.3.
For polyelectrolyte with small charge fraction, a small scaling-like domain is
observed and then followed by a terminal correlation range. In contrast, poly-
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Figure 4.2: Typical conformations of polyelectrolyte with different charge frac-
tion f . Solvent particles are not shown for clarity. The red and cyan spheres in
all images indicate the charged and neutral particles on polyelectrolyte, respec-
tively. In addition, counterions are represented by yellow spheres. (a) f = 0.0,
(b) f = 0.5, and (c) f = 1.0.

Figure 4.3: The intramolecular pair correlation functions between charge parti-
cles on polyelectrolyte.

electrolyte with large charge faction shows a scaling behavior over the entire
range. Such simulation results are consistent with the results deduced from
scaling theory [90].

In the absence of salts, polyelectrolytes adopt extended conformations, ow-
ing to the strong electrostatic repulsions between charged particles on poly-
electrolytes. However, these electrostatic interactions are partially screened
upon the addition of salts into solutions.

The condensation ability of trivalent counterions on polyelectrolytes is
much stronger than that of monovalent counterions, which leads to the de-
crease of osmotic pressure, and hence the conformational collapse of poly-
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Figure 4.4: Typical conformations of polyelectrolytes with added salts at con-
dition where the total charge of multivalent counterions of added salts is equal
to that of polyelectrolytes. Solvent particles are not shown for clarity. The red
and yellow spheres indicate the charged particles on polyelectrolytes and corre-
sponding counterions, respectively. Monovalent, divalent and trivalent counteri-
ons (cations) of added salts are represented by purple, green and blue spheres,
respectively. All anions of added salts are presented by magenta spheres. (a)
(1:1) salt, (b) (2:1) salt, and (c) (3:1) salt.

electrolytes [140]. Typical conformations of polyelectrolytes, as well as added
salt with counterion valency q = 1, 2, and 3, are shown in Figure 4.4.

The polyelectrolytes with compact conformations occur near critical con-
centrations, at which the total charges of multivalent counterions of added
salts neutralize the bare polyelectrolytes. With a further increase of counte-
rion concentrations, polyelectrolytes can undergo transitions from collapsed to
semi-swelled conformations, which is attributed to the strong correlations be-
tween polyelectrolytes and multivalent counterions. This behavior is usually
specified as the overcharging phenomenon that occur in many biological and
synthetic polyelectrolytes [141].

Concerning the effects of ionic strength and valency of added salts on poly-
electrolyte conformations, the decay of correlations between charge particles
can be specified by the Debye screening length. The addition of salts with
multivalent counterions leads to a short Debye screening length, demonstrat-
ing that electrostatic interactions between charge particles separated larger than
specific distance become screened and hence are no longer long-ranged.

The main conclusions of this work are that the newly implemented ENUF-
DPD method has all capabilities of ordinary DPD approach, but includes appli-
cations where electrostatic interactions are essential but previously inaccessi-
ble. In simple model electrolyte systems, the suitable ENUF-DPD parameters
are carefully determined. With these optimized parameters, the ENUF-DPD
method shows excellent efficiency and scales as O(N logN). The ENUF-DPD
method is further validated by investigating the effects of charge fraction of
polyelectrolytes, and counterion valency of added salts on polyelectrolyte con-
formations.
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4.2 Paper II

In this work, we switch our attention to the complex interactions and specific
binding structures of charged dendrimers on amphiphilic membranes consist-
ing of zwitter-ionic lipid molecules with varied length of hydrophobic moi-
eties, as well as possible permeation mechanisms for dendrimers penetrating
across amphiphilic membranes.

PAMAM dendrimers are a relatively new class of nano-sized polymers [142].
The hollow core and dense shell structure of PAMAM dendrimers enables
them to function as suitable nano-vehicles to protect small drug molecules
during delivery process. Moreover, PAMAM dendrimers can undergo con-
formational transitions from dense shell to dense core under applied external
stimuli [143], which facilitates the release of carried drug molecules to spe-
cific targets. The well-defined and easily controlled sizes, spherical shape to-
gether with hyper-branched three dimensional architecture and tunable multi-
functional terminals, make PAMAM dendrimers to be good candidates for
transferring genetic molecules to specific targeted sites.

When PAMAM dendrimers are used as nano-devices for nonviral gene de-
livery and antitumor therapeutics, the central issue is how they interact with
cell membranes and how to control the structures of dendrimer-membrane
complexes during delivery process. A detailed insight to the specific inter-
actions between dendrimers and membranes on molecular level will be very
useful in designing future pharmaceutical applications using dendrimers as ve-
hicles in drug administration.

Mutually consistent coarse-grained models of PAMAM dendrimer and DMPC
molecule are constructed based on volume criteria and chemical identities, as
shown in Figures 3.2 and 3.3, respectively. The DMPC model properly gives
the surface tension of amphiphilic membranes, and PAMAM model can cor-
rectly describe conformational behavior of real PAMAM dendrimers.

We start our complex protocol by performing DPD simulations of the ad-
sorption of different generations of PAMAM dendrimers on tensionless DMPC
bilayer membrane. The 3rd generation PAMAM dendrimer only rests on one
side of DMPC membrane without any impact on DMPC membrane. The 5th

generation PAMAM dendrimer spreads on surface of DMPC membrane and
attracts some lipid head groups into the vicinity of dendrimer cations. For
larger generation dendrimers, significant bending of DMPC membrane are ob-
served due to the strong adsorption of PAMAM dendrimers in the cavity re-
gion of DMPC membrane. The dendrimer-membrane contact regions are char-
acterized with local high surface tension, which facilitates the permeation of
dendrimers across DMPC membranes. Typical binding structures of PAMAM
dendrimers on DMPC membranes are shown in Figure 4.5. These simulation
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Figure 4.5: Snapshots of complexes formed by charged PAMAM dendrimers on
DMPC membrane at the beginning (left images, side view) and the end (middle
images, top view; right images, cross-sectional view) of DPD simulations. For
clarity, solvent particles are not shown here. These PAMAM dendrimers are: (a)
3rd generation, (b) 5th generation, (c) 7th generation, and (d) 9th generation.

results demonstrate that the sizes of PAMAM dendrimers indeed play an im-
portant role in penetrating through DMPC membranes.

Meanwhile, the conformational properties of dendrimers and binding struc-
ture of dendrimers on membranes are also influenced by the length of hy-
drophobic moieties of amphiphiles. For PAMAM dendrimers on membranes
consisting of amphiphiles with shorter hydrophobic tails than DMPC molecule,
the 3rd generation PAMAM dendrimer can easily penetrate into membrane
due to the weak energy barrier formed by corresponding amphiphiles. Sig-
nificant binding structure of charged 5th generation PAMAM dendrimer onto
membrane is observed, which destroys the integrity of membrane and induce
big hole on membrane. By increasing the sizes of PAMAM dendrimers, the
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Figure 4.6: Illustrative phase diagram of binding structures of dendrimers on am-
phiphilic membranes. The coarse-grained model of DMPC molecule is denoted
as H3(T4)2, and H3(T2)2 and H3(T6)2 correspond to amphiphiles with shorter and
longer hydrophobic tails than DMPC molecule, respectively.

dendrimer-filled vesicles are formed, which is suggested to be a possible mech-
anism for charged dendrimers removing amphiphiles from membranes in atomic
force microscope experiments [144]. While for PAMAM dendrimers on mem-
branes consisting of amphiphiles with longer hydrophobic moieties than DMPC
molecule, small PAMAM dendrimers are adsorbed on the membranes exhibit-
ing planar conformations. Larger dendrimers can induce small cavities on
membranes but can neither rupture membranes nor initiate isolated pore on
membranes due to strong energy barrier formed by hydrophobic moieties of
corresponding amphiphiles.

The phase diagram in Figure 4.6 describes the systematic binding struc-
tures of dendrimers on amphiphilic membranes. One important observation
is that the binding structures of dendrimer-membrane complexes can be eas-
ily tuned by controlling hydrophilic and hydrophobic interactions between
charged dendrimers and amphiphilic membranes.

The cavities on amphiphilic membranes indented by dendrimers are also
influenced by dendrimer concentration, but are not so distinct as the influence
of dendrimer sizes and the lengths of hydrophobic tails of amphiphiles. Higher
dendrimer concentration together with the synergistic effect between charged
dendrimers enhance their permeability across amphiphilic membranes.

We believe that these mesoscopic simulation results can provide valuable
insight and guidelines for future synthesis and applications of charged den-
drimers as nano-vehicles in gene and drug delivery processes.
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Figure 4.7: Typical topologies of poly(ionic liquid)s.

4.3 Paper III

What drives me to this topic is one review entitled “Ionic-liquid materials for
the electrochemical challenges of the future” [145]. The main propose of this
review, as the authors said, is “to survey the recent key developments and is-
sues within ionic-liquid research in electrochemistry, biology, and biomimetic
areas, to generate interest in wider community and encourage others to make
use of ionic liquids in tackling scientific challenges”.

From this review, I get a basic and clear image of ILs, which are special
categories of molten salts composed exclusively of organic cations and, most
commonly, inorganic anions [146]. Such composition enable us to combine
different ion groups, which can theoretically present countless species of ILs.
The intrinsic electrostatic interactions between ionic species are mainly re-
sponsible for their particular physicochemical properties, which can be tailored
to meet specific requirements. All these making them to be good solvents to
achieve the end goal of “green chemistry”, and hence their potentially promis-
ing applications in academic and industrial research areas [145; 147; 148].

Poly(ionic liquid)s (PILs) refer to a subclass of polyelectrolytes that fea-
ture an ionic liquid (IL) species in each repeating unit, connected through a
polymeric backbone to form a macromolecular architecture, of which typical
topologies are shown in Figure 4.7. On one side, PILs expand the physico-
chemical properties and extensive applications of ILs and common polyelec-
trolytes, which are the main interest in our research, and may provide novel
functions that are of huge potential in a multitude of applications, including

76



powerful dispersants and stabilizers, adsorbents, precursor for carbon materi-
als. And on the other side, for their usage as solvents, coarse-grained mod-
els open a possibility to perform extensive simulations over larger length and
longer time scales with modest computational cost.

In all coarse-grained simulations, we find that the electrostatic interac-
tions between coarse-grained particles can be either calculated explicitly with
Ewald-based methods [121; 149], or implicitly included in effective interaction
potentials [122]. How the electrostatic interactions being treated with differ-
ent fashion affect the phase behavior of ILs is still an open question. Such
striking idea motivates our curiosity to investigate the role of electrostatic in-
teractions in coarse-grained simulations. How do the electrostatic interactions
being treated, so that we can get accurate information from coarse-grained
simulations.

In this work, we choose [BMIM][PF6] IL as our candidate, which is one
of the mostly used ionic liquids as potential industrial adsorbent for carbon
dioxide capture [150], and catalyst in the synthesis of functional polymeric
materials [151] and colloidal nanoparticles [152]. We propose a novel coarse-
grained model for [BMIM][PF6] IL, as shown in Figure 3.4, in which less
important information at atomistic level are removed to obtain physical prop-
erties over extended spatial and temporal scales than is feasible using atomistic
simulations.

Long time atomistic simulations are performed to collect statistical data for
the calculation of intermolecular and “intramolecular” RDFs between the ge-
ometrical centers of corresponding coarse-grained groups. Through the IMC
and IBI iteration procedures and different treatment fashion of electrostatic
interactions, these RDFs are used as reference ones to derive effective tabu-
lated potentials, which are then adopted to perform extensive coarse-grained
simulations at varied thermodynamic conditions.

Through comprehensive comparisons between simulation results (includ-
ing atomistic and coarse-grained simulation results) and experimental mea-
surements, we want to achieve three main goals regarding adopted atomistic
force field and three sets of interaction potentials we derived from different
iteration procedures:

• to validate the efficiency of current atomistic force field over large tem-
perature range compared with experimental measurements.

• to test which iteration procedure provides the most reliable effective in-
teraction potentials for coarse-grained model of [BMIM][PF6] IL.

• to evaluate the effect of electrostatic interactions on simulation results
when they are either explicitly calculated in coarse-grained simulations
or implicitly included in corresponding effective potentials.
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Although the exact forms of effective interaction potentials derived from
the IMC and IBI iteration procedures with and without explicit treatment of
electrostatic interactions show distinct features from each other, three sets of
effective tabulated potentials can reproduce the same reference RDFs as those
obtained in atomistic simulations within certain statistical uncertainty.

We compare the convergence of RDFs calculated from corresponding coarse-
grained potentials, and the transferability of effective potentials to other ther-
modynamic conditions. Specifically speaking, the density profiles, thermal ex-
pansion coefficients, structure and charge distributions, and scattering profiles
calculated from corresponding coarse-grained simulations, are extensively and
systematically compared with those calculated from atomistic simulations and
deduced from experimental measurements. We find that the interaction po-
tentials deduced from cases i and ii with explicit incorporation of electrostatic
interactions provide results that are most consistent with atomistic simulation
results, whereas effective potentials computed from case iii without explicit
calculation of electrostatic interactions but implicitly included in tabulated po-
tentials show noticeable deviations in thermodynamic, structural, and scatter-
ing properties.

Furthermore, we also examine the effect of coarse-graining scheme and
different treatment fashion of electrostatic interactions in coarse-grained sim-
ulations on translational diffusion behavior of cationic and anionic groups by
comparing diffusion coefficients obtained from coarse-grained simulations to
atomistic simulations, as well as to experimental measurements at different
temperatures conditions. The direct correspondence between atomistic sim-
ulation results and experimental transport properties is rather poor, in which
the agreement between atomistic simulation results and experimental data is
limited in a small temperature range. For coarse-grained simulations, the dif-
fusion coefficients for cationic and anionic groups are larger than those calcu-
lated from atomistic simulations at the whole temperature range investigated
in our work, which is the general feature of coarse-grained simulations. These
comparisons are clearly illustrated in Figure 4.8.

The main result of these simulations is that the electrostatic interactions
should be incorporated explicitly in the development of effective potentials
with the IMC and the IBI methods. In the following coarse-grained simula-
tions, the long-range electrostatic interactions should also be calculated ex-
plicitly to improve reliability of simulation results.

Another interesting point from systematic coarse-graining investigations is
that the atomistic force field parameters adopted in our work should be further
calibrated to meet specific requirement in studying dynamical properties of
[BMIM][PF6] IL system at wider temperature range.
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Figure 4.8: The comparison of diffusion coefficients calculated from atomistic
and coarse-grained simulations to experimental data.

4.4 Paper IV

In this work, we focus our attention on interfacial properties of [BMIM][PF6]
IL. For particular applications of [BMIM][PF6], such as heterogeneous cataly-
sis [153], and the synthesis functional materials [151; 152], one common fea-
ture is the presence of interfaces between ILs and solid, liquid or gas phases.
The physicochemical properties of ionic liquids at interfacial regions are gen-
erally different to those in bulk phase. Hence, a deep understanding of inter-
facial properties of ILs is essential to improve their functional performance in
multiphase applications.

For the coarse-grained model of [BMIM][PF6] IL, as described in Fig-
ure 3.4, too much atomistic details are removed and such model is not appro-
priate to specify the particular orientations of imidazolium rings and butyl side
chains of [BMIM] cations at interfacial regions. Thus in our work, we perform
atomistic simulations to study the ionic structures and ordering orientations of
[BMIM][PF6] ion pairs at IL-graphene and IL-vacuum interfaces.

By increasing [BMIM][PF6] IL film thickness on graphene surface, we
investigate the formation of [BMIM][PF6] IL ordered layers with dense struc-
tures in the vicinity of graphene surface, distributions and ordering orientations
of [BMIM] cations in IL-vacuum interface, as well as ionic structures and dis-
tributions in interfacial regions.

At IL-graphene interface, distinct density distributions with pronounced
oscillations are observed and extended into bulk region with several separated
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compact structural layers. These solid-like layers are characterized with dense
ionic structures and interpenetrating network of well-regulated polar and non-
polar domains. The imidazolium rings of [BMIM] cations lie preferentially flat
on graphene surface, with their methyl and butyl side chains elongated along
graphene surface, which are energetically more favorable than their projection
towards vacuum space. Therefore, the elongation of [BMIM] cations along
graphene surface is governed by energy issue, which is also the main reason
for the formation of stable solid-like IL layers.

At IL-vacuum interface, density distributions and [BMIM] cation orienta-
tions are strongly influenced by [BMIM][PF6] IL film thickness.

For [BMIM][PF6] IL films characterized with finite thickness, ion pair dis-
tributions are strongly influenced by their interactions with graphene surface,
leading to the formation of solid-like patterns with larger density distribu-
tions than that in bulk region. The imidazolium rings and butyl side chains
of [BMIM] cations prefer to take parallel orientations on the surface, which is
much more energetically favorable than any other orientations.

For [BMIM][PF6] IL films characterized with enough thickness, the influ-
ence of graphene surface on ionic group distributions in the outermost layer is
negligible so that [BMIM][PF6] IL can take specific distributions and orienta-
tions at IL-vacuum interface. Interfacial monolayer with ordering ionic struc-
tures is formed, where [BMIM] cations and [PF6] anions are packed closely
together to form polar regions. The main distributions of imidazolium rings in
the outermost layer are composed of two favorable orientations: some imida-
zolium rings take parallel orientations at exposed interface and the other are in
perpendicular orientations with tilted angles beneath exposed IL-vacuum inter-
face. This may explain the observed experimental differences of imidazolium
ring distributions between direct recoil spectrometry experiments [154] and
sum-frequency generation vibrational spectrometry measurements [155; 156],
in which the former suggested imidazolium rings to be perpendicular with
tilted angles to IL-vacuum interface, while the latter reported the plane of imi-
dazolium rings prefer to lie flat along IL-vacuum interface. No matter how im-
idazolium rings distribute at IL-vacuum interface, the main orientation of butyl
side chains is perpendicular to IL-vacuum interface with tilted angle, leading
to IL-vacuum interface populated with alkyl side chains and characterized with
hydrophobic properties.

While for [BMIM][PF6] IL films with medium thickness, the maximum
mass densities of the outermost layers fluctuate around bulk density value,
which is a compromise of [BMIM][PF6] ion pairs between their interactions
with graphene surface and their preference to take specific orientations and
distributions at IL-vacuum interface.

For methyl and butyl side chains, their mutual preferred orientations at
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Figure 4.9: Population of distributions of [BMIM] cations, characterized with
bivariate orientations of methyl and butyl side chains at IL-vacuum interface
for simulation systems containing varied number of [BMIM][PF6] ion pairs on
graphene surface. The notations→, ↓, and ↑ indicate that methyl (denoted as Cm)
or butyl side chains (denoted as Cb) being parallel, or perpendicular to IL-vacuum
interface with terminal carbon atoms projected into bulk region or protruded into
vacuum space, respectively.

Figure 4.10: Diagram depicting the most typical conformations of [BMIM]
cations in IL-vacuum interface.

IL-vacuum interface with varied IL film thickness are identified by bivariate
orientational distributions, as shown in Figure 4.9. Typical conformations of
[BMIM] cations in IL-vacuum interface are shown in Figure 4.10.

From [BMIM] cation orientational distributions, we can deduce that the
outermost layer at IL-vacuum interface is dominated by certain orientations.
This picture of IL-vacuum interface, is conceptually similar to that of other
polar liquids, such as water, most of which are found to be orientated with
their dipole vectors being in parallel to liquid-vapor surface, forming a tightly
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packed and strongly hydrogen-bonded layer [157].
The effect of graphene surface on local ionic structures and relative cation-

anion distributions are embodied in pair correlation functions between [BMIM]
cations and [PF6] anions. The absorbed ionic groups in interfacial regions ex-
hibit remarkable and distinguishable features with respect to corresponding
reference counterparts in bulk system. The strong correlations between ionic
groups attribute to different arrangements of polar and nonpolar domains at
interfacial regions, leading [BMIM][PF6] IL system being characterized with
structural heterogeneity.

Such spatial heterogeneity not only contributes to our understanding of
interfacial structural heterogeneity of [BMIM][PF6] ion pairs, but also gives
more basic knowledge of the orientations and distributions of ionic species
at interfacial regions. Furthermore, the interfacial structural heterogeneity is
most likely related to dynamical heterogeneity in interfacial regions described
by previous simulations [158; 159], in analogy to that observed in bulk re-
gion [160; 161].

4.5 Ongoing work

The intricate interfacial ionic structures formed by [BMIM] cations and [PF6]
anions at IL-graphene and IL-vacuum interfaces are most likely related to dy-
namical heterogeneity in interfacial regions, in analogy to that observed in bulk
region. In our following atomistic simulations, detailed effect of graphene sur-
face on dynamical properties of [BMIM][PF6] ion pairs in interfacial and bulk
regions will be investigated in a systematic way.

Furthermore, for 1-alkyl-3-methyl imidazolium family ILs, there are sev-
eral severe factors that can influence the microscopic structures, orientational
distributions and dynamical properties of these ILs on solid surface, such as
the length of the alkyl chain, the anion size, as well as the tuneable properties
of solid surface. In our future research endeavors, we would like to pursue a
more systematic view on interfacial properties of these ILs.

The halogen-free orthoborate ILs are a new type of task-specific ILs, con-
sisting of tetraphosphonium cations and stable chelated orthoborate anions to
avoid hydrolysis and protect the environment during their use in industrial ap-
plications. To tailor the physicochemical properties of available halogen-free
orthoborate ILs and design novel task-specific ILs, it is critically important to
understand the intrinsic relationship between microscopic molecular structures
and macroscopic properties of ILs. The aim of our following work is to set up
a refined all-atom force field for the halogen-free orthoborate ILs in a system-
atical way. With the proposed force field, we can investigate the interfacial and
bulk properties of these halogen-free orthoborate ILs.
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