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Chapter 1
Introduction to coarse-grained models and
multiscale methods

A beginning is the time for taking the most delicate care that the
balances are correct. This every sister of the Bene Gesserit knows.
To begin your study of the life of Muad’Dib, then take care that
you first place him in his time: born in the 57th year of the
Padishah Emperor, Shaddam IV. And take the most special care
that you locate Muad’Dib in his place: the planet Arrakis. Do not
be deceived by the fact that he was born on Caladan and lived his
first fifteen years there. Arrakis, the planet known as Dune, is
forever his place.

Dune I, Frank Herbert
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2 CHAPTER 1. INTRODUCTION

1.1 Simulating the real world

In the book Simulating the real world 1 by H.J.C Berendsen a nutshell defini-
tion of what is necessary for computer simulations is given:

Computer simulations of real systems require a model of that re-
ality. A model consists of both a representation of the system and a
set of rules that describe the behaviour of the system.

In molecular simulations usually atoms or groups of atoms are used to represent
the system. A set of rules that defines interactions between atoms is called a
forcefield. Various algorithms are used to evolve the initial state of the system
and sample phase space, i.e. space in which all possible states (positions and
momenta of atoms) are represented. This can be the molecular dynamics (MD)
method, in which Newton’s equations of motion are solved in time or the Monte
Carlo (MD) scheme, where the system is sampled randomly and moves are ac-
cepted or rejected according to a metropolis criterion. Langevin dynamics (and its
modifications e.g. dissipative particle dynamics (DPD)), which employs stochas-
tic differential equations to impose friction in the system, is also one of very
popular simulation methods. Additionally numerous methods allow to enhance
sampling of the phase space.2,3,4,5,6,7 As an outcome of simulation a statistical
ensemble of configurations, distributed according to the partition function of the
system, is obtained. From this ensemble, macroscopic properties can be derived
using statistical mechanics. One of the main challenges is to represent the system
with enough detail to allow realistic predictions, but at the same time optimize
the rules such that the phase space can be sampled adequately.

In this thesis new algorithms for simulating biophysical processes are de-
veloped in order to meet this challenge. To understand the presented work two
topics are important: coarse-graining and multiscale simulation methods. The art
of coarse-graining aims to reduce the complexity of the system and thus enhances
the sampling of phase space. However, this reduction comes with two inevitable
disadvantages: firstly information about the fine details is lost and secondly the
remaining description of a system is not necessarily realistic. Therefore, to com-
bine quality with efficiency, a new class of multiscale computation methods has
emerged, where part of the system of interest is characterized with a detailed
model and remaining elements are smeared out. In the following paragraphs
(section 1.2) theory of coarse-graining and standard methods to construct coarse-
grained models are presented. In section 1.3 multiscale methods are briefly dis-
cussed with emphasis on methods that combine atomistic and coarse-grained lev-
els of resolution.
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1.2 The art of coarse-graining

Coarse-grained (CG) models aim to remove details that are not important
for the problem of interest. This way spatial and temporal limits of simulations
are moved further away, compared to detailed, e.g. all-atom (AA), models. New
scales can be explored, making this methodology very popular in polymer physics
and rheology where systems of µm size are considered small and detailed simula-
tions are computationally prohibitively expensive. In the last decade a vast devel-
opment of biophysical CG models has also been observed. Phenomena such as
protein folding,8,9 protein aggregation,10 raft formation in multicomponent mem-
brane systems,11 just to mention a few, can be studied with such ease as never
experienced before. Flexibility of CG models is one of the important features.
A system can be reduced in multiple ways and the so-called mapping defines
how much detail is retained and which elements are removed. This procedure
can be performed manually5,12,13 or using one of numerous techniques, which
help to select appropriate degrees of freedom, e.g. in spirit of normal modes
analysis.14,15,16 Additionally there are ready to use forcefields, such as the MAR-
TINI forcefield, in which both mapping and interaction potentials are defined for
a large set of molecules (the MARTINI mapping for a typical lipid molecule is
presented in Figure 1.1). Appropriate interaction potentials are of central impor-
tance to any CG model and constitute the most difficult task. Methods to derive
CG forcefields have one common objective: to minimize deviation from the real
physics of the system, that it models. This is the so called consistency condition,
and the various ways of deriving CG forcefields are discussed next.

1.2.1 Consistency conditions for CG models

Let us define a detailed reference system, which is described for example on
the atomistic level. The Hamiltonian of such a system is

H(rn,pn) =
n

∑
i=1

1
2mi

p2
i +u(rn), (1.1)

where rn = {r1, . . .,rn} and pn = {p1, . . .,pn} are Cartesian coordinates and mo-
menta of the n atoms and u its potential energy. Next we can define in the same
way the Hamiltonian of a CG system, which is

H(RN ,PN) =
N

∑
I=1

1
2MI

P2
I +U(RN), (1.2)

where RN = {R1, . . .,RN} and PN = {P1, . . .,PN} are Cartesian coordinates
and momenta of the N CG beads and U is CG potential energy. Positions of
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Figure 1.1: Coarse-grained representation of a dipalmitoyl phosphatidyl choline
(DPPC) lipid with mapping employed in the MARTINI model. Approximately
four heavy atoms are grouped into one CG bead.

the CG beads and corresponding atoms from the high resolution description
can be connected with each other through a linear mapping operator
MN

R(rn) = {MR1(rn), . . . ,MRN(rn)} of the form

MI
R(rn) =

n

∑
i=1

cIiri f or I = 1, . . . ,N, (1.3)

where cIi is a mapping coefficient. CG momenta are defined in a similar way by
the mapping operator MN

P (pn):

MI
P(pn) = MI

n

∑
i=1

cIipi/mi f or I = 1, . . . ,N. (1.4)

A consistent CG model is such a model that the equilibrium joint probability
density of CG coordinates and momenta is equal to that implied by the mapped
atomistic probability density.17 This is represented by the two following equa-
tions:

exp(−U(RN)/kBT ) ∝

Z
drnexp(−u(rn)/kBT )×δ(MN

R(rn−RN) (1.5)
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exp(−
N

∑
I=1

P2
I /2MIkBT ) ∝

Z
dpnexp(−

n

∑
i=1

p2
i /2mikBT )×δ(MN

P (pn−PN) (1.6)

Here the kB denotes the Boltzmann constant and T the temperature. For a CG
model to be consistent in configurational space, only equation 1.5 has to be true.
If both equations 1.5 and 1.6 hold, then a CG model is consistent with an atom-
istic model in phase space, i.e. ideally representing the underlying physics.

1.2.2 Techniques to obtain CG models

Methods that are used to construct CG potential energy functions aim to gen-
erate consistent CG models, at least for configurational space. However usually
already by construction CG models are only approximate. First, as it is shown
in references18,19 the CG potential is a many body potential of mean force that
cannot be exactly represented by pair interaction potentials, which are usually
used in CG simulations for practical reasons, i.e. efficiency. Further complica-
tions arise as a result of transferability. When distributions or forces from atom-
istic simulations are used to derive effective CG potentials,20,17, the resulting
potentials are only accurate at the specific state conditions used for their deriva-
tion. This also means that it is difficult to study new phenomena with such CG
forcefields, since by definition they should already be included in the underlying
atomistic data set. In addition, the derivation procedure can become computa-
tionally very demanding, when accurate potentials are desired.21 On the other
hand manual parametrization of CG forcefields based on experimental data often
includes transferability but can be cumbersome and time consuming. Hence new
methods are continually designed to overcome mentioned problems and to opti-
mize the parametrization procedure. In the next section a few representative tech-
niques, namely force matching (FM), iterative Boltzmann inversion (IB), gener-
alized Yvon-Born-Green (YBG) theory and the MARTINI forcefield are briefly
reviewed. Except of YBG, these methods are used throughout this thesis

Iterative Boltzmann inversion In structure based coarse-graining, a CG po-
tential is determined in such a way that predefined target functions, which struc-
turally characterize the system, are reproduced in the CG simulation. In the it-
erative Boltzmann inversion method22 radial distribution functions, gre f (r), are
the target functions. The gre f (r) can be obtained either from experiment or from
atomistic simulations. Through the simple Boltzmann inversion

VPMF (r) =−kBT lngre f (r) , (1.7)
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where kB denotes the Boltzmann constant and T the temperature, the potential of
mean force VPMF between pairs of CG particles can be obtained. Unfortunately,
this potential of mean force cannot be directly used in a CG model, because
part of it represents multibody contributions from all the particles in the system.
Therefore, an iterative procedure is used:

Vk+1
CG (r) = VCG

k + kBT ln
[

gk (r)
gre f (r)

]
. (1.8)

The procedure is initiated with the VPMF potential from the simple Boltzmann in-
version. The subscript k denotes the iteration number. According to the Hender-
son23 theorem the IB method should give a unique two body CG interaction for
the given gre f (r). However, in practice the convergence is difficult to achieve and
varies in different parts of the potential.21,24 Especially attractive parts require an
extensive number of iterations whereas repulsive parts converge relatively fast.
To enhance the convergence during the iteration procedure the CG potential can
be modified to reproduce the target pressure. For example, a correction to the
potential scaling linearly with the pressure difference can be applied25,26

∆V (r) = A
(

1− r
Rc

)
, (1.9)

where Rc is a user defined cut off for the pair interaction potential and A can be
defined as

A =−|(∆P) |kBT f , (1.10)

with ∆P being the pressure mismatch and f a scaling factor. The main advan-
tage of the IB method is its simplicity and ease to construct potentials that rel-
atively well reproduce desired distribution functions. However construction of
converged IB potentials is very expensive. Moreover, all correlations present in
the atomistic representation and omitted during construction of the IB CG force-
field, will be poorly reproduced in CG simulations. The IB potentials are gener-
ally not transferable i.e. cannot be used at conditions (e.g. temperature, density)
different from the ones used during parameterization.

Force matching Force matching17,19 is another technique to construct CG po-
tentials. It also uses information from reference atomistic simulations to con-
struct the effective CG interaction. However, force matching does not rely on
pair correlation functions, i.e. pair potentials of mean force, but matches forces
on the CG interaction sites with the forces at the AA level. Thus it aims at re-
producing the multibody potential of mean force with a set of CG interaction
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functions, e.g. with effective pair interaction functions.19 Note that the CG force-
field can be of arbitrary form, e.g. defined as a vector in an abstract vector space
{(F1(R), . . . ,FN(R)}, that specifies the force on each CG site i in each CG con-
figuration R.

In order to evaluate FM CG potentials, first reference forces on CG beads are
calculated as a sum of atomistic forces fi

Fref
I = ∑

i
fi, ∀ i ∈ NI, (1.11)

where NI is the atomic cluster mapped to one CG bead. Note that equation 1.11
is only correct for the center of mass mapping. In other cases mapping coeffi-
cients cIi have to be included into the CG reference force calculation.19 Next a
model is constructed in which the CG forcefield depends linearly on M parame-
ters g1, . . . ,gM, e.g. coefficients of cubic splines used to tabulate the CG forces.
Subsequently a fitting procedure is performed, which in essence involves a solu-
tion of the following set of N×L equations :

Fcg
Il (g1, . . . ,gM) = Fre f

Il , I = 1, . . . ,N, l = 1, . . . ,L. (1.12)

Here N is the number of CG beads and L the number of frames from the AA
trajectory used for coarse-graining. L should be large enough to make the set
of equations overdetermined. The calculation is usually repeated for a number
of smaller parts of the trajectory and the final result is constructed as an average
over the set of solutions, making the procedure less time consuming. Potentials
are obtained by integrating tabulated force functions. Additional constraints dur-
ing the optimization procedure are necessary to include information about the
reference pressure.27,28

The main advantage of the FM method is that it approximates the multibody
potential of mean force with effective pair potentials. Thus not only two body
correlations can be reproduced in a CG ensemble but also higher order corre-
lations, which usually are omitted with the IB method. The disadvantage is its
high sensitivity to the accuracy of reference forces and limited transferability,29

which comes as a side effect of the applied optimization procedure, that focuses
on matching forces from the particular state of a system. Potentials that approx-
imate the many body potential of mean force with lower accuracy may signifi-
cantly improve transferability.29

Generalized Yvon-Born-Green theory The generalized Yvon-Born-Green
theory is a related method, recently published by Mullinax and Noid.30,31,32 This
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method provides a framework for determining interaction potentials for complex
molecules, e.g. proteins, directly from structural correlation functions. This
very unique property allows to construct forcefields, CG as well as AA, without
carrying out expensive simulations, as it was hitherto necessary with structure
based techniques, like IB or FM. Thus, approximately consistent models can be
derived using distribution functions extracted from e.g. the Protein Data Bank or
the Nucleic Acid Database, simulating proteins and nucleic acids, respectively.
The method is presented as an extension to the force matching technique, since
it produces the same potentials for a given atomistic equilibrium ensemble and a
given mapping, and it uses the same techniques to find the optimal forcefield in a
given abstract space of possible forcefields. Here the CG forcefield is expressed
as

F = ∑
ζ

Z
dzφζ(z)Gζ(z), (1.13)

where ζ indicates a particular type of interaction, φζ is a force function

φζ(z) =−
dUζ(z)

dz
, (1.14)

that corresponds to the potential Uζ and a scalar coefficient for the force field
vector G, that specifies a force on each site I in each configuration according to:

GI,ζ(R;z) = ∑
λ

δψζλ(R)
δRI

δ(ψζλ(R)− z). (1.15)

ψζ in equation above is a scalar variable representing a physical configuration,
e.g. dihedral angle, being itself a function of the Cartesian coordinates for set λ

of CG sites. For such a representation of the CG forcefield Mullinax and Noid
proved that force functions φζ can be determined for all combinations of ζ poten-
tials and z values, solving a system of coupled linear equations for each ψζ(z):

bζ(z) = ∑
ζ′

Z
dz′Gζζ′(z,z

′)ψζ′(z
′), (1.16)

where Gζζ′ is a structural correlation function describing the correlation between
the ζ and ζ′ basis vectors and bζ(z) is solely expressed in terms of structural
correlation functions gζ and Lζ sampled from a canonical ensemble:

bζ(z) = kBT
(

dgζ(z)
dz

−Lζ(z)
)

. (1.17)

The full derivation of gζ and Lζ is presented elsewhere .30,18 The calculated force-
field is a projection of the mean force field onto the specified set of force field
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basis vectors G. This is an optimal approximation, which minimizes deviations
from the many body CG Potential of Mean Force, exactly the same as in the force
matching method.

The presented framework gives a very flexible tool to generate CG forcefields
on various levels of detail. The input data can be taken from atomistic simula-
tions as well as other sources, e.g. databases. Additionally the forcefield can be
optimized with a set of predefined ψ(z) values, making it possible to mix existing
forcefields, e.g. the MARTINI forcefield, for parts of the system where structural
information is not accessible with YBG potentials.31 The same principle may be
used for mixing potentials where thermodynamic properties are the most impor-
tant (i.e. not obtained with the YBG theory), with potentials carefully derived
from structural data, e.g. for the protein backbone bond, angle and dihedral in-
teractions. This way transferability issues, that could be as problematic for YBG
potentials as in case of FM potentials, may be significantly reduced.

The MARTINI forcefield Unlike the methods introduced above the MAR-
TINI33 force field does not focus on reproducing structural details at a partic-
ular state point for a specific system, rather the aim is the thermodynamic trans-
ferability between different solute environments. This is achieved by extensive
calibration of the building blocks of this CG force field against thermodynamic
data, in particular water oil partitioning coefficients, similar to the methodology
used to parametrize the 53a5/6 set of the AA GROMOS force field.34 The dis-
tinct feature of the model is its simplicity, expressed through the use of standard
interaction potentials and few parameters. Only four main bead types are de-
fined: polar, non-polar, apolar and charged. Polar sites represent neutral groups
of atoms that would easily dissolve into water, apolar sites represent hydropho-
bic moieties and non-polar groups represent mixed blocks, which are partly polar
and partly apolar (e.g. propanol). Charged sites are reserved for ionized species.
The Lennard-Jones (LJ) potential is used to model nonbonded interactions

VLJ (r) = 4εIJ

[(
σ

r

)12
−
(

σ

r

)6
]
, (1.18)

where I,J denotes interaction sites, σ is the bead size and the strength of interac-
tion is defined by εIJ . In addition to the LJ interaction, charged groups interact
via the standard electrostatic Coulombic potential. Both interactions are cut off at
a distance of 1.2 nm. To reduce the cutoff noise the LJ is shifted to zero between
0.9nm and 1.2nm in such a way that both potential and force vanish at the cutoff
distance35. The Coulombic interaction is also shifted, with the shift affecting the
potential from 0.0 nm to 1.2nm. Shifting of the electrostatic potential mimics
the effect of a distance dependent screening. Uniform dielectric screening ε = 15
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is additionally introduced, to compensate the lack of explicit screening in polar
solvents. Bonded interactions are described with standard harmonic functionals.

The original MARTINI forcefield parametrization was aimed for lipid and
surfactant systems.5 The subsequent papers introduced parameters for peptides
and proteins36 and carbohydrates.37 Recently a polarizable version38 of the CG
MARTINI water model was also introduced. The large number of available po-
tentials makes the MARTINI forcefield very simple to apply and use. The MAR-
TINI interaction potentials are generally less sensitive to transferability problems,
since this was accounted for during parameterization procedure. The main issue
in the current setup of the forcefield is the use of a too steep, Lennard-Jones 6-
12, interaction functional which causes overstructuring in the system39 and may
enhance freezing of water molecules in vicinity of phase boundaries.

1.2.3 Introducing dynamics into CG models

As stated before, most CG potentials are based on consistency with respect
to configurational space, i.e. they aim to correctly represent structural and/or
thermodynamic properties. Dynamic properties like diffusion or, more gener-
ally, time correlations, are not necessarily recovered from a simple molecular
dynamics simulation with such CG potentials. The reason for this failure is that
a coarse-graining procedure eliminates degrees of freedom that should appear in
the coarse-grained dynamics in the form of dissipation and thermal noise.40 The
generalized Langevin equation, could be used to incorporate dynamics as well.14

This approach, although exact, is difficult to use as a computational tool since
appropriate construction of formulas for a studied problem as well as subsequent
integration procedure are complicated. Therefore different methods are explored.
The simplest is to renormalize time of MD simulation,41 like it is done in the
MARTINI model,5 or to introduce additional friction.42 However, the friction
coefficient depends in principle on all neighborhood (positions and momenta) in
a non trivial way. Recently Hijon and coworkers40 showed that DPD43 equa-
tions can be employed to approximate correct dynamic behavior. The distance
dependent γIJ(R,P) friction coefficient, derived from atomistic simulations, is
introduced to the standard DPD equations of motion:

dRI

dt
=

PI

MI
(1.19)

dRJ

dt
= FI +∑

J
γIJ

(
PI

MI
− PJ

MJ

)
+ kBT ∑

J

δγIJ

δPJ
+ηI, (1.20)

where FI is a conservative and ηI appropriate stochastic force. In the standard
DPD model the γ is constant and the third term in Equation 1.20 disappears. Tests
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carried out for a polymer melt proved that the large discrepancy in velocity auto-
correlation functions between CG MD simulations ( γ in Equation 1.20 is set to
zero ) and atomistic simulations can be reduced when the distant dependent fric-
tion coefficient γIJ is employed. Hence not only structural (or thermodynamic)
properties can be well preserved in a CG simulation but also dynamic properties
when appropriate evolution equations are used. Nevertheless the applicability
of such a method in a non-homogeneous environment, i.e. a biological system,
would be problematic due to changing distant dependency of the friction coeffi-
cient.

1.3 Combining efficiency and accuracy with multiscale
algorithms

The general definition of multiscale techniques is clearly presented by E.
Weinan44:

We are given a system whose microscopic behavior, with state
variable u, is described by a given microscopic model. This micro-
scopic model is too inefficient to be used in full detail. On the other
hand, we are only interested in the macroscopic behavior of the sys-
tem, described by the state variable U . U and u are linked together
by a compression operator Q:

U = Qu. (1.21)

The difficulty stems from the fact that the macroscopic model for U
is either not explicitly available or it is invalid in some parts of the
computational domain. Our basic strategy is to use the microscopic
model as a supplement to provide the necessary information for ex-
tracting the macroscale behavior of the system. Our hope is that if
this is done properly, the combined macro-micro modeling technique
will be much more efficient than solving the full microscopic model in
detail.

A variety of algorithms belongs to such a broadly defined “multiscale” area, span-
ning an extensive range of scales and problems. Many of them can be grouped
into the “isolated defects” category. Near an isolated defect the macroscopic
model is invalid, whilst elsewhere it is sufficient. These can be for instance
cracks, dislocations and triple junctions in solids or enzymatic reaction regions in
biomolecules. One of such methods is Macro Atomistic Ab initio Dynamics45, a
triple scale simulation technique, that was successfully applied to simulate crack
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propagation in silicon, with seamless coupling between finite elements away from
the crack tip, molecular dynamics around the crack tip and tight-binding at the
crack tip. The tight-binding was chosen as a simple model to describe bond
breaking and the MD method was used to allow the proper description of the
dislocation of silicon fragments around the crack. Another example is the cou-
pled continuum – CG MD simulation of release of content from a pressurized
liposome through a mechano-sensitive protein channel, embedded in a liposo-
mal membrane.46 Mean-field force approximation boundary potentials were used
here to mimic the hypo-osmotic conditions under which the net flux of water into
the liposome can cause its rupture. This is prevented by the gating of the protein
channel which, together with lipids and water, is simulated in a CG representa-
tion. A number of other CG–AA multiscale techniques, described in a separate
section below, also belong to this category.

In many multiscale techniques the macroscopic model is not explicitly avail-
able and is inferred from the underlying microscopic model during the actual cal-
culation. One of the most famous examples of such a type is the Car-Parrinello
method,47 in which the interaction potential used to evolve an atomistic system
is calculated on the fly employing density functional theory. A related idea is
used in the Quasi-Continuum method,48 where the macroscopic deformation of
a material is simulated without using an empirical energy functional. Instead the
atomic potential is used to represent the average energy of a single macroscopic
cell which is subsequently used in the macroscopic update step. Procedures to
obtain CG potentials can be also viewed as multiscale methods, where the macro-
scopic CG model is derived from the microscopic AA description, however these
calculations are not performed on the fly.

1.3.1 Multiscale atomistic – coarse-grained algorithms

In this thesis only a very specific area of multiscaling is considered. We look
for algorithms to connect the atomistic description of a system with the coarse-
grained one, in which a few atoms are described as one bead. In recent years this
focus area has rapidly evolved and many inspiring ideas and studies can be found
in the literature.49,50 Four main groups can be distinguished among atomistic
– coarse-grained multiscale methods, namely back-mapping methods, interface
methods, “constant λ” techniques and fixed resolution methods.

Back mapping51,52,53,54,55,56,57,58,59 allows to switch back to the detailed de-
scription, i.e. reconstruct an atomistic structural ensemble that underlies a CG
representation. This procedure is popular in polymer simulations and also re-
assembles techniques used to derive atomistic protein structures from low reso-
lution density maps.

In the interface methods60,61,62 molecules change their levels of description
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Figure 1.2: Schematic representation of the AdResS multiscale method. Coarse-
grain (CG) and fain-grained (FG) domains are coupled employing the so-called
transition region, where molecules change resolution on the fly. The represen-
tation of a molecule in this region is determined by the weighting function w
(red).

on the fly when moving between spatially localized high resolution domains and a
lower resolution surrounding. One promising method is developed by Praprotnik
et al. and called the adaptive resolution scheme (AdResS)61. In Figure 1.2 a
graphical illustration of the AdReSs interface method is presented. In AdReSs
three regions of a simulated system are distinguished: the coarse-grained domain,
the transition region and the atomistic domain. Molecules crossing the transition
region change their representations according to a position dependent switching
function. The force between centers of mass of two molecules α and β is of the
following form:

Fαβ = w(Xα)w(Xβ)FAA
αβ

+[1−w(Xα)w(Xβ)]FCG
αβ

, (1.22)

where w is a position dependent switching function and FAA
αβ

is defined as a sum
of all atomistic interactions:

FAA
αβ

= ∑
iα, jβ

FAA
iα jβ. (1.23)

Thus, for w = 0 the molecule is presented on a coarse-grained level and for w = 1
in a full atomistic detail. The system does not have a defined Hamiltonian, and
the description is kept on the force level. We note that when potentials are used
instead of forces to define interactions, Newton’s 3rd law is no longer valid in the
system and spurious forces appear due to the position dependency of the switch-
ing function. Of further concern with interface methods is the change in free
energy occurring when a particle changes resolution, due to a change in the num-
ber of degrees of freedom. This causes deviation in density profiles and spurious
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fluxes across level boundaries, which is unfortunately difficult to remedy.63 Also
reintroduction of atomistic details before the transition zone is problematic, since
this procedure should be performed on the fly. Therefore the interface methods
were mostly tested on very simple systems, with one recent exception.64

With the “constant λ” techniques,65,66,67 molecules are described constantly
on both levels of resolution, which are mixed with a specified λ ratio. Thus the
description of the system is very similar to the one in the transition region of
interface methods. However, as the coupling parameter λ does not depend on po-
sition, many of the problems encountered with the interface methods disappear.
The constant λ approach is especially useful in Hamiltonian exchange simula-
tions, in which the different λ levels are coupled.

In the last class of methods, i.e. fixed resolution methods, molecules (or
parts of molecules) at different levels of resolution exist in the same system, in-
teracting with each other. The resolution of a given molecule remains constant
during the simulation, resembling the idea behind QM/MM methods.68 Interac-
tions between sites of different resolutions in such a multiscale system can be
defined with special mixing rules,69 or through complete reparameterization of
all AA–CG cross interactions.70 In the work of Neri et al.,71 only a protein sys-
tem is considered with an explicit interface region located between the AA and
CG parts in order to bridge the discontinuity between the two models.

1.4 Overview

The rest of the this thesis is organized as follows. We set out to introduce a
novel back mapping algorithm and we validate it on a number of small molecules
in Chapter 2. Subsequently, in Chapter 3, we use this back mapping method
to study toroidal pores formed in lipid bilayers by the action of antimicrobial
peptides. This allows us to study these pores at the atomistic level of resolution,
after long relaxation simulated using the MARTINI coarse-grained forcefield.
We proceed in Chapter 4 with a fixed resolution method, which we test with
various CG potentials on simple, one and two component, systems. In Chapter 5 a
“constant λ” method is carefully derived and tested on a liquid hexadecane system
represented with either the MARTINI forcefield or IB potentials. In Chapter 6 the
thesis is summarized and the impact of the work presented here, as well as future
applications, is shortly discussed.


