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Abstract

The soft matter field considers a wide class of objects such as liquids, poly-
mers, gels, colloids, liquid crystals and biological macromolecules, which have
complex internal structure and conformational flexibility leading to phenom-
ena and properties having multiple spacial and time scales. Existing computer
simulation methods are able to cover these scales, but with different resolu-
tions, and ability to link them together performing a multiscale simulation is
highly desirable.

The present work addresses systematic multiscaling approach for soft mat-
ter studies, using structure-based coarse-graining (CG) methods such as itera-
tive Boltzmann inversion and inverse Monte Carlo. A new software package
MagiC implementing these methods is introduced. The software developed for
the purpose of effective CG potential derivation is applied for ionic water solu-
tion and for water solution of DMPC lipids. A thermodynamic transferability
of the obtained potentials is studied.

The effective inter-ionic solvent mediated potentials derived for NaCl suc-
cessfully reproduce structural properties obtained in explicit solvent simula-
tion, which indicates the perspectives of using the structure based coarse-
graining for studies of ion-DNA and other polyelectrolytes systems. The po-
tentials have temperature dependence, dominated mostly by the electrostatic
long-range part which can be described by temperature dependent effective
dielectric permittivity, leaving the short-range part of the potential thermody-
namically transferable.

For CG simulations of lipids a 10-bead water-free model of dimyristoylphos-
phatidylcholine is introduced. Four atomistic reference systems, having dif-
ferent lipid/water ratio are used to derive the effective bead-bead potentials,
which are used for subsequent coarse-grained simulations of lipid bilayer. A
significant influence of lipid/water ratio in the reference system on the prop-
erties of the simulated bilayers is noted, however it can be softened by addi-
tional angle-bending interactions. At the same time the obtained bilayers have
stable structure with correct density profiles. The model provides acceptable
agreement between properties of coarse-grained and atomistic bilayer, liquid
crystal – gel phase transition with temperature change, as well as realistic self-
aggregation behavior, which results in formation of bilayer, bicell or vesicle
from a dispersed lipid solution in a large-scale simulation.
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1. Introduction

The soft matter field considers a wide class of objects such as liquids, poly-
mers, gels, colloids, liquid crystals and biological macromolecules, which all
has one shared property of being soft. In terms of physics, it implies that the
interactions defining behavior of the system typically have order of kBT at
room temperatures. Thus the thermal energy fluctuations may cause signif-
icant structure and conformational changes, making the system flexible. At
the same time, the internal structure of soft matter objects can be rather com-
plex, for example in case of biological systems and polymers. This complexity
and conformational flexibility lead to phenomena and properties of soft matter
system, which are characterized by multiple spacial and temporal scales.
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Figure 1.1: Hierarchy of simulation approaches.

In order to use molecular simulations for soft matter problems determined
by a wide range of scales in time and space, one needs a simulation method
which is able to cover all of these scales. Today, no single simulation method
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is able to achieve this and most probably it will never appear in the future.
Nevertheless, existing simulation methods can be used to cover these scales
separately, but with different resolutions (Figure 1.1). On the smallest scale,
ab initio and density functional approaches rely on a quantum mechanical de-
scription of the system and can take into account electronic degrees of free-
dom (DoF). However, the computational costs are high, making them afford-
able only for systems of up to 100 atoms on up to picosecond timescale. The
next group of simulation approaches, based on a classical mechanics, con-
sider atomic DoF. Being less accurate then QM-methods, molecular mechan-
ics methods are computationally effective and are capable of treating systems
up to 10 nm and 1µs. The next step up are mesoscale methods, which are also
based on a particle representation of the system, but at the same time they ex-
clude fast and non-interesting DoF from consideration. This allows to increase
affordable system sizes, and significantly speed up the dynamics of a simu-
lated system. Some methods, such as Dissipative Particle Dynamics or Lattice
Boltzmann also include hydrodynamic effects. The top-level macroscale meth-
ods, e.g. fluid dynamics, treat the system as a nonuniform media, and calculate
its properties as a solution of differential equations using the finite-elements
approach.

Despite the fact that many soft matter questions can be addressed within
approaches providing only a single level of resolution, it is highly desirable
to link different levels together by performing multiscale simulation. This can
be done by systematic mapping, when the information obtained from a higher
resolution level is passed to a lower one. An alternative way is to perform hy-
brid simulations or adaptive resolution simulations, which both require direct
interactions between the same model representation in two resolutions.

The goal of the present work is to apply systematic multiscaling simula-
tions (atomistic→mesoscale) for soft matter studies, using the structure-based
coarse-graining methodology. Also, within the thesis, a new software has been
developed, released and successfully applied, providing a reliable and usable
implementation of the method.

The thesis is organized as follows. Chapter 2 introduces molecular sim-
ulations methods used for atomistic and mesoscale simulation. Chapter 3
discusses existing systematic coarse-graining methods, focusing on structure-
based methods. Chapter 4 gives an overview of the software package MagiC,
which is designed for multiscale modeling linking atomistic and mesoscale
resolutions. In the last chapter we report applications of the method, as the
derivation of effective potentials for NaCl in aqueous solution and the devel-
opment of a coarse-grained model of dimyristoylphosphatidylcholine in water.
Also, the state dependence of the obtained effective potentials was discussed.
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2. Molecular modeling

Molecular modeling, commonly understood as computer simulations of molec-
ular systems using principles of classical mechanics, is an indispensable tool
in modern soft matter studies. Undoubtedly, one can not imagine today’s
soft matter field without molecular simulations, which are able to provide mi-
croscopic details of structure and dynamics in conditions where experimental
techniques could be hardly affordable or even possible. Molecular modeling
appeared at a very early stage of computer era in year 1953, when Nicholas
Metropolis (Figure 2.1) pioneered with Metropolis Monte Carlo method [1],
which is one of two most commonly used molecular simulation techniques.
The second method named Molecular Dynamics was introduced to the soft
matter field in the 1960s by the works of Alder and Wainwright [2] concerning
the hard-sphere model, Aneesur Rahman [3] treating liquid argon and Loup
Verlet [4] modeling Lennard-Jones liquids. Molecular Dynamics (MD) and

Figure 2.1: Nicholas Metropolis (to the right) playing chess in front of the MA-
NIAC (Mathematical Analyzer, Numerical Integrator, and Computer) at the Los
Alamos scientific laboratory. c©Copyright 2011 Los Alamos National Security

Metropolis Monte Carlo (MC) methods, which constitute the main topic of
the present chapter, have many common aspects, especially in the description
of the system. Thus, they should provide the same statistical averages (with
respect to the statistical ensemble used) for physical observables. However,
differences in their formulation allow each method to benefit in specific ap-
plications. The Monte Carlo method is constructed to generate points in the
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system’s configurational space according to the Boltzmann distribution. An
average sampled over these configurations has a sense of an ensemble average,
and the method itself is stable against defects of the potential energy defini-
tion, such as lack of smoothness. The Molecular Dynamics method integrates
the equation of motion for the system and generates a phase-space trajectory,
which provides details of the system’s dynamics. In contrast to MC, the av-
erage sampled along the trajectory is a time average, which according to the
ergodic hypothesis is equal to ensemble average in the limit of an infinitely
long trajectory.

2.1 Metropolis Monte Carlo

Let us consider a classical system of N particles interacting through a many
body potential U(rNrNrN), where rNrNrN denotes a point in the system’s configura-
tional space. The probability of finding the system in state rNrNrN is defined by the
Boltzmann distribution

P(rNrNrN) =
1
Q

exp(− 1
kBT

U(rNrNrN)) (2.1)

here Q is a configurational part of the partition function, also called the "con-
figurational integral"

Q =
∫

drNdrNdrN exp(− 1
kBT

U(rNrNrN)) (2.2)

where the integration is performed over the whole configuration space. The
ensemble average of a property A is defined as

〈A〉=
∫

drNdrNdrNA(rNrNrN)P(rNrNrN) =
1
Q

∫
drNdrNdrNA(rNrNrN)exp(− 1

kBT
U(rNrNrN)) (2.3)

thus a multidimensional (3N dimensions) integral should be calculated in order
to obtain 〈A〉. A common way of performing this is to use a numeric Monte
Carlo integration procedure, when the integral is estimated as a sum calculated
in many points of the configurational space, which are randomly chosen. How-
ever, the exponential weight in the integral makes this practically impossible
since the vast number of the sampled points will have a vanishing Boltzmann
probability. Metropolis et al. [1] modified the method by generating a set
of points in the configurational space having distribution of P(rNrNrN). Hence, if
{rN

irN
irN
i , i = 1, ..,L} is a large set of configurations of the system which obey the

Boltzmann distribution, then 〈A〉 can be estimated as

〈A〉 ≈
L

∑
i=1

drN
idrN
idrN
i A(rNrNrN) (2.4)
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where the equality becomes exact as L→ ∞.
The Metropolis method of generating points in the configurational space

is based on Markov chains. It starts from some initial configuration rrr0, which
is randomly perturbed to obtain a trial configuration rrr1 which is then accepted
with certain probability π(rrr0 → rrr1). This procedure is called MC move, and
the most general types of the MC move are briefly discussed in section 2.1.1.
If rrr1 is accepted, it becomes the starting configuration for the next MC move,
otherwise it is discarded and the next move starts again from the old config-
uration. Once the move (or series of moves) is performed, the current value
of A(rrr0) is calculated for averaging (eq. 2.4), regardless if the trial configura-
tion has been accepted or not. The acceptance probability π(rrr0 → rrr1) has to
maintain equilibrium once it is reached, so the average number of transitions
from state 0 to state 1 must be equal to the average number of transitions in the
opposite direction. The detailed balance condition demands

P(rrr0)π(rrr0→ rrr1) = P(rrr1)π(rrr1→ rrr0) (2.5)

In fact, the transition rrr0 → rrr1 consists of two stages: generation of trial con-
figuration having probability α(rrr0→ rrr1) and acceptance of the configuration
having probability acc(rrr0→ rrr1). Thus the equation 2.5 can be written as

P(rrr0)α(rrr0→ rrr1)acc(rrr0→ rrr1) = P(rrr1)α(rrr1→ rrr0)acc(rrr1→ rrr0) (2.6)

If the trial configurations are generated in a symmetric way, i.e.
α(rrr0→ rrr1) = α(rrr1→ rrr0), the acceptance probabilities obey the relation:

α(rrr0→ rrr1)

α(rrr1→ rrr0)
=

P(rrr1)

P(rrr0)
= exp

(
−β
(
U(rrr1)−U(rrr0)

))
(2.7)

Metropolis et. al. [1] suggested the following rule to determine the acceptance
probability

α(rrr0→ rrr1) = min(e−β∆U ,1) (2.8)

where ∆U = U(rrr0)−U(rrr1). In other words, if the trial conformation has a
lower energy, it is unconditionally accepted. Otherwise it is accepted with a
probability corresponding to the Boltzmann distribution.

2.1.1 Monte Carlo moves

The most common MC move (step) is a random displacement ~∆ of an arbi-
trarily chosen atom~ri(xi,yi,zi) of the system.

xtrial
i = xi +2∆x(rand()−0.5)

ytrial
i = yi +2∆y(rand()−0.5)

ztrial
i = zi +2∆z(rand()−0.5)

(2.9)
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where rand() is a random uniformly distributed number between 0 and 1.
This step is easy to implement due to its simplicity. It is also fast to cal-

culate the energy difference between starting and trial configurations, since
only a single atom is perturbed. Usually it takes a few MC steps to change
the system’s state so that the new sampling of property A becomes meaningful
to perform. However, single atom moves might be noneffective for complex
molecules due to the presence of stiff covalent bonds, which result in high
energy of trial states leading to a low acceptance ratio.

This difficulty can be solved by MC moves involving the whole molecule,
such as a random displacement and random rotation (orientation change) of
an arbitrarily chosen molecule. For simplicity, the molecule can be kept rigid
during these steps. The translation can be performed in a similar way as the
atom displacement move. The rotation move, however, has a few possible
implementations. For example, a change in orientation can be achieved by
performing a small random displacement in each of the Euler angles ∆φ ,∆θ ,∆ψ

of the molecule

φ
trial
i = φi +2∆φ (rand()−0.5)

θ
trial
i = θi +2∆θ (rand()−0.5)

ψ
trial
i = ψi +2∆ψ(rand()−0.5)

(2.10)

where the ratio of volume elements sinθ trial
i /sinθi has to be included into

the acceptance probability in order to satisfy the detailed balance requirement.
The same approach can be reformulated in terms of quaternions requiring less
computational effort and avoiding the singularity around sinθ ≈ 0. The details
can be found in [5], section 3.3.2.

An alternative method for the move is rotation of the molecule by a random
angle δ about one of the randomly chosen coordinate axes (x,y,z). We adopted
and slightly extended this approach, by rotating the molecule about arbitrarily
chosen vector~u. The rotation center is set to molecule’s center of masses, thus
it does not move in the transformation. The new position of atom i, having
coordinates~ri in the center of mass frame is

~r trial
i =~riM (2.11)

where M is rotation matrix

M =

 cosδ +u2
x(1− cosδ ) uxuy(1− cosδ )−uzsinδ uxuz(1− cosδ )+uysinδ

uxuy(1− cosδ )+uzsinδ cosδ +u2
y(1− cosδ ) uyuz(1− cosδ )−uxsinδ

uzux(1− cosδ )−uysinδ uyuz(1− cosδ )+uxsinδ cosδ +u2
z (1− cosδ )


(2.12)

If many atoms are involved in a molecule-wise MC step, which is the gen-
eral case for polymers or biomolecules, the calculation of the energy difference
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between the original state and the trial state becomes more computationally
expensive, so a balance between simple atom displacements and molecule dis-
placements/rotations is desirable.

2.1.2 Monte Carlo algorithm

The general outline of the Monte Carlo algorithm is shown on Figure 2.2.
The process starts from some predefined configuration, for example a crystal
structure or a disordered state. The MC steps are then performed until the
equilibration of the system is reached. Once the system is in equilibrium, the
sampling of the desired property is performed at every given interval of MC
steps. Once a large enough number of samples is collected, the averaging is
performed.

Figure 2.2: The Metropolis Monte Carlo algorithm outline
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2.2 Molecular Dynamics

Let us start again with the same classical system of N particles interacting
through a many body potential U(rNrNrN) as in the previous section. As soon as
we know the initial configuration and the velocities of the system
rNrNrN = {~r1,~r2, ..., ~rN}, vNvNvN = {~v1,~v2, ..., ~vN}, Newton’s equation of motion can be
written and solved for each atom

mi
d~r 2

i

dt2 =−∇iU(rNrNrN) = ~Fi, i = 1, ...,N (2.13)

where ~Fi is an instant force acting on atom i. When the number of particles
N grows, it becomes nearly impossible to solve the system 2.13 analytically.
However, it can be solved by use of a finite difference integration, resulting in
a numerical trajectory of the system rNrNrN(t). The integration is based on a Taylor
series expansion, which approximates the function x(t +δ t) as

x(t +δ t) = x(t)+δ tx′(t)+
1
2

δ
2tx′′(t)+O(δ t3) (2.14)

where the truncated part O is of order δ t3. One of the first integrators, sug-
gested by Verlet [4], is based on expansion of a particle’s position on the next
and previous time step δ t

~r(t +δ t) =~r(t)+δ t~v(t)+
1
2

δ
2t
~F(t)

m

~r(t−δ t) =~r(t)−δ t~v(t)+
1
2

δ
2t
~F(t)

m

(2.15)

summing this equations gives

~r(t +δ t) =−~r(t−δ t)+2~r(t)+δ
2t
~F(t)

m
(2.16)

Thus the future position can be gained from the position and acceleration at
time t and the position from the previous step. The algorithm is fast and simple
to implement, however, it has a few drawbacks. The last term in eq. 2.16 is
much smaller than the two others, which may introduce numerical errors into
the update scheme. It also does not include the velocities, so they have to be
calculated separately if needed. These drawbacks can be corrected by using the
popular double stage leap-frog algorithm [6]. First it evaluates the velocities
on the half-time step and then uses them to compute the new positions. The
half-time velocities are

~v(t +δ t/2) =
~r(t +δ t)−~r(t)

δ t

~v(t−δ t/2) =
~r(t)−~r(t−δ t)

δ t

(2.17)
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and the Verlet scheme 2.16 results in the following update scheme

~v(t +δ t/2) =~v(t−δ t/2)+δ t
~F(t)

m
~r(t +δ t) =~r(t)+δ t~v(t +δ t/2)

(2.18)

which implicitly calculates the velocity and is less sensitive to numerical er-
rors. However, it shall be noted, that the coordinates and velocities are not
calculated at the same time, so the instantaneous kinetic and potential energies
of the system belong to different moments of time.

The leap-frog integrator is extensively used in various MD simulations,
including studies done in the present thesis, nevertheless there are many more
integration methods besides the mentioned ones, which can be found in [5–7].

2.2.1 Thermostat and barostat

So far the MD method based on numerical integration of eq. 2.13 provides a
natural time evolution of a N-particle system in volume V. Due to the energy
conservative nature of the equation of motion the total energy Etotal is constant
along the system’s trajectory, obtained in the simulation. Thus the time av-
erage A = lim

τ→∞

1
τ

∫
τ

0 A(t)dt sampled during the MD evolution is equivalent to

ensemble average 〈A〉NV E in the microcanonical ensemble. It is assumed that
the system is ergodic and the trajectory is long enough to cover most of the
system’s phase-space. However, most macroscopic physical properties refer
to other ensembles (e.g. NVT, NPT), thus it is desirable to make MD able to
perform isothermal and isothermal-isobaric simulations.

Since the temperature is related to the system’s kinetic energy

Ekin =
3
2

NkBT (2.19)

the first way to control the temperature, which comes to the mind, is the veloc-
ity rescaling [8]. The idea is to multiply the velocities at each time step by a

factor λ =
√

Tre f
T (t) , where Tre f is the desired temperature and T (t) is the current

one. The method is intuitive and robust but does not reproduce thermal fluctua-
tions present in the NVT ensemble, generating so-called "isokinetic ensemble"
instead.

Another way to maintain the temperature is to couple the system to an ex-
ternal heat bath with the desired temperature. The coupling is done by velocity
scaling at each step such that the rate of temperature change is proportional to
the temperature deviation Tbath−T (t) between the bath and the system [9].

dT (t)
dt

=
1
τ
(Tbath−T (t)) (2.20)
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where τ is a parameter defining how tight the coupling is. Equation 2.20 pro-
vides on average an exponential decay for ∆T = Tbath − T (t). The scaling
factor for the velocities is

λ =

[
1+

δ t
τ

(
Tbath

T (t)
−1
)]1/2

(2.21)

thus for extreme coupling of τ = δ t the algorithm is equivalent to the velocity
scaling method, and in the case of moderate or weak coupling the tempera-
ture is allowed to fluctuate about the desired value. The Berendsen thermostat,
however, does not generate a rigorous canonical ensemble, providing a distri-
bution which corresponds to somewhat between microcanonical and canonical
ensemble [10]. A different way to treat a system, which is in contact with a
thermal bath, is to include a degree of freedom s representing it, and perform a
simulation of this "extended system" [11; 12]. The heat reservoir has mass Q,
kinetic energy Kbath =

Q
2 (

ds
dt )

2 and potential energy Vbath = NDFkBT lns, where
NDF is the number of DoF for the original system. Summarized, it gives the
following Hamiltonian for the extended system:

HNH =
N

∑
i=1

m
2
(

d
dt
~ri)

2 +U(rNrNrN)+
Q
2
(
ds
dt

)2 +NDFkBT lns (2.22)

It is possible to show that the microcanonical ensemble average obtained by
the integration of the extended system described by HNH is equal to canonical
average [5]. The equations of motion for the extended system are introduced
as

d2~r
dt2 =

~F
m
−ζ

d~r
dt

dζ

dt
=

NDFkB

Q
(T (t)−Tbath)

(2.23)

where ζ = 1
s

ds
dt is the bath’s degree of freedom, the so-called thermodynamic

friction and Q is the thermostat mass. The temperature deviation from the bath
drives the time derivative of the velocity factor, rather than the factor itself
as in the case of the Berendsen (weak-coupling) thermostat. This results in
oscillative behavior for the temperature, with the relaxation time
τNH = [ Q

NDF kB
]1/2. The magnitude of Q controls the energy flow between the

bath and the system. If Q is large the flow is slow, and in the limiting case of
infinite Q, we get a conventional MD.

To perform a simulation in a constant-pressure ensemble, one needs to
allow changes of the system’s volume, i.e of the periodic box size [6]. Most
methods of pressure control are similar to the methods used for temperature
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maintenance. For example, the scaling of the periodic box size allows one
to keep the pressure constant. One can also consider a system coupled to a
pressure bath using the Berendsen approach [9]

dP
dt

=
1
τp

(Pbath−P(t)) (2.24)

The volume is scaled by scaling all coordinates by a factor of λ 1/3

λ = 1+κ
δ t
τp

(Pbath−P(t)) (2.25)

where κ is the isothermal compressibility of the system and τp is the coupling
parameter. Similar to the thermostat, the weak coupling approach does not pro-
vide correct ensemble behavior. However, it is possible to control the pressure
using the extended-ensemble approach [13] together with the Nose-Hoover
thermostat which gives correct NPT ensemble averages.

2.2.2 Langevin dynamics

In the most part of biomolecular (soft matter) simulations, performed on solvent-
solute systems, most interest is paid to the behavior of the solute, e.g. protein
folding, membrane formation, etc. In such cases it can be desirable (from the
view of the computational effort) to exclude the solvent from the direct consid-
eration representing it by an effective potential of mean force (see more details
in Chapter 3). Apart from the effective potentials, the solvent also influences
the dynamics of the solute by random atom collisions and additional friction of
the environment which have to be taken into account. The Langevin equation
of motion [10] incorporates these two additional terms into eq. 2.13

m
d2

dt2~r =
~F−mγ

d
dt
~r+~R(t) (2.26)

where γ is a pre-defined friction coefficient and ~R(t) is a random force having
a Gaussian distribution with zero mean and no memory effect

〈~R(t)〉= 0

〈~R(t0)~R(t)〉= 2mγkBT δ (t− t0)
(2.27)

It is possible to show [10] that Langevin dynamics results in a canonical dis-
tribution for the system, which allow one also to use it as a thermostat with
coupling parameter γ . The random force ~R(t) causes diffusion with diffusion
constant D = kBT

γm providing the possibility to control the diffusion rate for the
price of disturbing the dynamics on the scale of 1

γ
, which can be considered as

velocity relaxation time.
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2.3 Force Field

Both Molecular Dynamics and Monte Carlo methods are based on classical
interactions described by a many-body potential U(rNrNrN), which in principle can
be computed by quantum-chemical methods for the atoms located at coordi-
nates rNrNrN . Unfortunately the effort required for the evaluation of such a potential
grows dramatically with number of particles N. This prohibits the direct use of
the potential for the simulation of a system having any significant number of
atoms. The solution is to use a force field (FF), which generally approximates
U(rNrNrN) by a sum of terms (eq. 2.28) representing separate interactions assumed
to be independent (see Figure 2.3). Each term has a simple functional form
which is not expensive for calculation. The coefficients which define the exact
shape and values of the potentials are fit to reproduce selected properties of
appropriate compound obtained in experiments or QM-based calculations.

Figure 2.3: Typical interactions present in a molecular system described by a
generic force field.

U(rNrNrN) = ∑
bonds

kbond
i
2

(l− l0)2 + ∑
angles

kangle
i
2

(θ −θ0)
2 + ∑

tors.
U tors

0,i (1+ cos(nφ −φ0))

+
N

∑
i=1

N

∑
j>i

4εi j

[
(
σi j

ri j
)12− (

σi j

ri j
)6
]
+

N

∑
i=1

N

∑
j>i

qiq j

4πε0ri j

(2.28)

The first line in the equation accounts for bonded interactions represented by
three different terms: covalent bonds, valence angles and bond torsions, re-
spectively. The second line represents non-bonded interactions which are pair-
wise van der Waals and electrostatic interactions represented by the Lennard-
Jones potential and the Coulomb potential, respectively.
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The equilibrium bond length l0 and bond angle θ0 parameters are usually
based on microwave and X-ray data. Stiffness parameters kbond and kangle are
fit to reproduce experimental infrared frequencies in normal mode analyses.
Torsion interaction parameters U tors

0 specify energy barriers between trans and
cis conformations, and φ0 describe dihedral angle value at equilibrium. They
can be obtained from quantum chemical calculations of the appropriate com-
pound molecules in gas phase. The distribution of partial charges qi can also
be derived from quantum chemical calculation or set to reproduce experimen-
tally measured dipole and quadrupole momenta. The Lennard-Jones potential
parameters σ and ε are typically adjusted to fit the experimental density and
heat of vaporization for the respective system.

As it is shown in equation 2.28, the calculation of the last two terms re-
quires the most CPU time, since their complexity grows as N2, while the com-
putational effort needed for other terms is proportional to the number of bonds,
which grows linearly with N and is small in comparison to N2. This fact high-
lights a significant need of methods which make is possible to decrease the
number of particles, without loosing chemical specificity or important details
of the original system.
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3. Coarse-graining methods

The explosion-like growth of a computing capabilities, which following Moore’s
law, accompanied by great progress in the development of simulation algo-
rithms [14], keeps expanding the length and time scales which are affordable
for atomistic MD studies [15]. However, the range of time and length scales
relevant for soft matter systems is too wide to be covered completely by means
of atomistic MD, neither in the short time nor in the middle time perspective
[16]. Thus there is a permanent need for a tool which can simplify the descrip-
tion of molecular systems in order to simulate them on larger scales. Being
such a tool, systematic coarse-graining (CG) received much attention during
the last decade, resulting in the development of several CG methodologies
which will be discussed in this chapter. Systematic coarse-graining implies an
approach where the number of degrees of freedom considered in the simulation
are reduced, while chemical specificity of the system is retained. This feature
allows one to distinguish such systematic CG-models from general simplified
models (for example bead-spring polymer model), which appeared earlier and
are used to study properties of a generic system. By systematic it is meant that
the CG-method allows the bridging of two levels of detalization in a system’s
description: the more accurate fine-grained (FG) description (e.g. all atomic
model) and the less accurate coarse-grained one (e.g. united atom model; bead-
based model). The speedup is achieved due to three factors: the number of
degrees of freedom is reduced, which decreases the computational effort; the
integration time step can be increased, since fast motions are averaged; the
friction in the system is reduced, which provides faster dynamics of the system
[17].

In terms of statistical mechanics, coarse-grained and fine-grained descrip-
tions are easy to link. Let us consider a system in atomic (FG) resolution. RRR
denotes important degrees of freedom that shall be kept by CG and rrr denotes
those that shall vanish. The partition function of the fine-grained system QFG

will be defined

QFG =
∫

dRdRdR
∫

drdrdr exp(− 1
kBT

UFG(rrr,RRR)) (3.1)

where UFG is the fine-grained (all atom) interaction potential, kB is the Boltz-
mann constant and T is the absolute temperature.

29



In the case of a coarse-grained description, the partition function can be written
in a similar way

QCG =
∫

dRdRdR exp(− 1
kBT

UCG(RRR)) (3.2)

By demanding equality of the partition functions we result in an expression for
the CG interaction potential UCG(RRR):

UCG(RRR) =−kBT ln[
∫

drdrdr exp(− 1
kBT

UFG(rrr,RRR))] (3.3)

which is a multibody potential of mean force, presenting the free energy of the
lost degrees of freedom for CG configuration RRR. This potential reproduces all
structural properties (statistical averages) of the reference FG system. How-
ever, the multibody origin makes them nearly impossible to be used in com-
puter simulations, where effective pair potentials are primarily used. The con-
struction of a computationally effective coarse-grained potentials which ap-
proximate the multibody PMF well enough is not straightforward and there is
no unique solution to this task [18–22]. Among others, three approaches are of
special interest, since they allow one to perform systematic coarse-graining of
complex systems, including biomolecules. Structure-based approaches such
as iterative Boltzmann inversion (IBI) [23] and inverse Monte Carlo (IMC)
[24; 25] construct CG potentials, which shall reproduce a given set of target
structural distribution functions (i.e. RDF, bond length, etc.) obtained within
a FG model. The force matching approach [26–28] derives a CG force-field,
which reproduces average forces acting on CG-beads calculated in FG rep-
resentation. The relative entropy framework [29; 30], introduced by Shell,
allows one to obtain CG-potentials while minimizing relative entropy, which
has a sense of information loss in the coarse-graining.

An important consequence of the equation 3.3 is the intrinsic temperature
dependence of the effective CG-potential. Also, in the case of a solution (mul-
ticomponent system), if the solvent is coarse-grained, the integration over rrr
results in a solvent-concentration dependence of the CG-potential. Thus the
potential is state-dependent and its transferability is not a priori guaranteed.
However, in the case of proper bead representation (choice of rrr and RRR) where
the multibody interactions and accounting for, the CG-potential can serve well
in a decent range of temperatures and pressures/concentrations [31–36].

The number of available CG approaches is not limited to the methods men-
tioned above. A good CG force field can be constructed in the same fashion
as an atomistic force field, for example using thermodynamic properties for
the parametrization of interaction potentials [35; 37; 38]. Both experiments
and FG simulations are used as a source of the reference data. The most well
known force field employing this approach, named MARTINI [37; 39; 40],

30



provides parameters for a variety of biomolecules and is available for a broad
range of systems including lipids, cholesterol, amino acids, peptides and pro-
teins [41], carbohydrates [42], polymers [43] and nanoparticles [44]. Addi-
tional references can be found in the recent detailed review of the FF [21].

Another group of approaches aims not to parametrize the potentials, but
to derive the CG potentials by directly using the atomic interactions between
the atoms mapped to respective CG beads. This can be done by employing
pairwise potential of the mean force [31]

UCG
PMF(r) =

∫ rmax

r

[
〈 fc〉FG

s +
2kBT

s

]
ds+C (3.4)

where 〈 fc〉FG
s is the average constraint force between two beads which are sep-

arated by distance s, the superscript FG denotes that the averaging is performed
in the FG simulation. The term 2kBT

s accounts for the entropic force. Initially
developed for calculation of the effective solvent mediated potential of NaCl
aqueous solution [45], this approach was extended to solutions of dipeptides
[46] and sodium polystyrenesulfonate [47]. The other option to directly obtain
the potentials is to employ the conditional reversible work method [48], which
derives effective pairwise CG potential as a free energy between two groups
of atoms, calculated in a thermodynamic cycle. The method was applied to
develop CG models of liquid hexane and toluene [48] as well as for polymer-
additive systems [49]. Additional details for both methods can be found in the
recent review by Brini and van der Vegt [20].

3.1 Force-Matching

The force matching approach was originally suggested by Ercolessi and Adams
[26] and was further developed and extended by Izvekov and Voth [27; 28]
under the name of Multiscale Coarse Graining (MS-CG). It constructs the
CG force field which provides the best fit to the average forces acting on the
bead mapping point in the FG (atomic) model. The MS-CG method uses the
original residual function [26], which is minimized with respect to parameters
{c1,c2, ...,cM} defining the CG force field ~FCG

jl ({ci}):

χ
2({ci}) =

1
3LN

L

∑
l=1

N

∑
j=1
|~FFG

jl −~FCG
jl ({ci})|2 (3.5)

~FFG
jl is the net force on the atomic group associated with CG bead j, in a given

atomic structure l. ~FCG
jl ({ci}) is the force acting on the same bead in the CG

representation of the structure. L and N are the total numbers of averaged
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configurations and beads, respectively. The initial least-squares minimization
of χ becomes unreliable as the number of parameters grows, which occurs
when many atomic species/interactions are involved. Izvekov and Voth showed
that in the case of a linear dependence in ~FCG = ~FCG({ci}) the least squares
fit can be performed by solving a overdetermined system of linear equations,

~FCG
jl (c1,c2, ...,cM) = ~FFG

jl , j = 1, ..,N, l = 1, ..,L (3.6)

which is overdetermined as soon as M < NL. Since L is the number of atomic
configurations used in the fit, it is possible to fulfill the requirement by employ-
ing sampling of a longer FG simulation. The solution of the overdetermined
system can be found using QR or singular value decomposition. The MS-CG
method was applied to a wide range of biomolecular systems: lipid bilayers
with and without cholesterol [50–53], peptide systems [54; 55] and membrane
proteins [56].

3.2 Relative entropy minimization

The method introduced by Shell [29; 30] links the fine-grained and the coarse-
grained descriptions of the system by optimizing relative entropy, which serves
as a measure of the information lost while coarse-graining. The relative en-
tropy is defined as a difference of probability distributions of the FG (PFG) and
CG (PCG) systems.

Srel = ∑
i

PFG(i) ln
PFG(i)

PCG(M(i))
+ 〈Smap〉FG (3.7)

where the summation is performed over all possible configurations of the FG
system, M(i) specifies fine-grain to coarse-grain mapping, and 〈Smap〉FG is the
average entropy resulting from degeneracies of the mapping, which does not
depend on the CG potentials.

In the canonical ensemble, the relative entropy can be rewritten using con-
figurational probabilities:

Srel = β 〈UCG−UFG〉FG−β (ACG−AFG)+ 〈Smap〉FG (3.8)

where U is the potential energy, A is the configurational part of the Helmholtz
free energy A =− 1

β
ln(z).

If the potential energy of the coarse-grained system UCG depends on a num-
ber of adjustable parameters {c1,c2, ...,cN}, finding the minimum of Srel , using
eq.(3.8) with respect to {ci} results in:

∂Srel

∂ci
= 0⇒

〈
∂UCG

∂ci

〉
CG

=

〈
∂UCG

∂ci

〉
FG

(3.9)
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Thus, the optimization of the CG force field parameters returns the point at
which the derivative of the trial CG potential have the same average value in
the CG and FG ensembles. In case of linear parametrization of the potential

UCG(RRR) = c1 f1(RRR)+ ...+ cN fN(RRR) (3.10)

which refers to both analytically defined potentials (Section 2.3) and tabulated
potentials, the optimal relative entropy requires:

0 =
∂Srel

∂ci
= β

[
〈 fi〉FP−〈 fi〉CG

]
(3.11)

Here the minimization guarantees that average value of fi is the same in both
ensembles.

The relative entropy minimization can be performed numerically, using
any suitable optimization method, for example Newton-Raphson method, which
iteratively updates the parameter ci:

c(iter+1)
i = c(iter)

i − ∂Srel/∂ci

∂ 2Srel/∂c2
i
= c(iter)

i −
[〈

∂U
∂ci

〉
FG
−
〈

∂U
∂ci

〉
CG

][〈
∂ 2U
∂c2

i

〉
FG

−
〈

∂ 2U
∂c2

i

〉
CG

+β

〈(
∂U
∂ci

)2〉
FG
−β

〈
∂U
∂ci

〉2

FG

]
(3.12)

The FG ensemble averaging only requires a single atomistic trajectory which
is well converged, and an instant total energy value for every FG-configuration
used in the averaging. Once these are calculated, they can be stored and
processed iteratively. However, the CG ensemble averages shall be recalcu-
lated after every update of the potential parameters {ci}. In the case of linear
parametrization of the CG-potential, the second derivatives vanish, and eq.
3.12 simplifies to

c(iter+1)
i = c(iter)

i − kBT
〈 fi〉FG−〈 fi〉CG

〈 f 2
i 〉CG−〈 fi〉2CG

(3.13)

This expression can be used to fit CG potentials in a desired functional form,
as well as in tabulated form. The relative entropy minimization method was
first tested on model liquids [57] and then used to develop a CG peptide model
[58].

3.3 Structure-based systematic coarse-graining

The main idea of the structure-based systematic coarse-graining is to deduce
effective potentials for a coarse-grained model from the structural properties
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obtained in fine-grained (atomistic) simulations of the same system. It is sup-
posed that, initially, a simulation of the system of interest is run on a detailed
level, on the scale which can be afforded. In this simulation a desired struc-
tural properties, such as radial distribution functions, distributions of bond dis-
tances, angles, etc, are computed. The next task is then to find a set of ef-
fective CG potentials, which reproduces within the coarse-grained model the
same structural properties as in the reference simulation on the FG level. The
uniqueness of these potentials is proven by the Henderson theorem [59] which
stipulates that for a given RDF, there may exist only a single pair interaction
potential which returns this RDF. This theorem, initially proven for monocom-
ponent systems, is straightforwardly generalized for the case of multiple RDFs
and effective pairwise potentials between different molecular sites, as well as
to cases involving bond and angular interactions [60]. The two most common
approaches to perform structure-based coarse-graining are described below.

3.3.1 Iterative Boltzmann inversion

The method is based on the inversion of a Boltzmann probability distribution
for a system in the canonical ensemble. According to eq. 3.2 the probability
of being in the configurational state RRR for a CG system is

P(RRR) =
1

QCG exp(−UCG(RRR)
kBT

) (3.14)

In principle the probability P(RRR) can be evaluated from the reference FG sim-
ulation, as soon as the mapping function M : rrr→RRR is defined.

The N-body CG potential of mean force is directly related to the canonical
distribution

UCG(RRR) =−kBT ln(P(RRR)) (3.15)

As already mentioned, it is unrealistic to use the N-body potential of mean
force in practice. However, assuming independence of various degrees of free-
dom allows one to factorize P(RRR):

P(RRR) = Pbond(rbond)Pang(φ)Pdih(θ)PNB(ri j) (3.16)

where Pbond(rbond),Pang(φ),Pdih(θ) are distributions of bond length, angular
and torsional degrees of freedom, respectively. The PNB represents intermolec-
ular structure of the system given by pair correlation functions between differ-
ent coarse-grained sites. In this case, coarse-grained potentials can be extracted
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in the same fashion as in eq. 3.15 :

U(ri j,rbond ,φ ,θ) =Ubond(rbond)+Uang(φ)+Udih(θ)+UNB(ri j) =

=−kbT
[

ln(Pbond(rbond))+ ln(Pang(φ)/sin(φ))+ ln(Pdih(θ))+ ln(PNB(ri j)/r2
i j)
]

(3.17)

where respective distribution functions are obtained from a reference FG sim-
ulation.

The key assumption behind equation 3.15 is the absence of correlations
between the different degrees of freedom. While for intramolecular degrees of
freedom (bonds, angles) this assumption is usually valid to a certain degree, it
is much less justified for degrees of freedom representing intermolecular corre-
lations. This means that the effective potentials U (0), obtained in a direct inver-
sion according to eq. 3.15, generally fail to reproduce distribution functions of
the reference system. This problem can be partially solved by iterative refine-
ment of the coarse-grained potentials. Assume a direct Boltzmann inversion
(3.15) resulted in potential UCG(0). The canonical average distributions PCG(0)

for the CG system defined by UCG(0) can be straightforwardly computed in
a standard MD or MC simulation. If they differ from reference distributions
PFG, the effective potential requires correction. A simple way to introduce
such a correction was suggested by Schommers [61] and later reintroduced by
Soper [62]:

UCG(i+1) =UCG(i)+ kBT ln
PCG(i)

PFG (3.18)

Here, the index i denotes the iteration number of the potential refinement. If
the distribution PCG(i) approaches the reference distribution PFG, the correc-
tion term becomes small and the process reaches a convergence. The potentials
can be updated independently for every specific interaction. Distributions of
bond parameters, i.e. bond lengths, bond angles, bond dihedral angles distri-
butions are used for optimization of bonded interactions. For the non-bonded
potentials, the radial distribution function g(r) is usually treated instead of the
distribution of non-bonded distances PNB. This method, due to its principal
similarity to eq. 3.14, has became known as the iterative Boltzmann inversion
[23].

The IBI approach was successfully used to obtain both bonded and non-
bonded effective potentials for a number of systems: polymer melts and solu-
tions [33; 63–66] and ionic liquids [67; 68]. Wang and Deserno used IBI-based
potentials supplemented by an artificial cohesion potential to develop a CG
model of the POPC phospholipid [69]. However, in contrast to IMC, IBI does
not account for the cross-correlation between different degrees of freedom and
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the corresponding distributions, which may cause problems for multicompo-
nent systems.

By construction, potentials obtained using IBI (as well as IMC) do not
necessary provide correct thermodynamic behavior, e.g. pressure. However,
this difficulty can be overcome by employing a correction term [23; 70]
∆V (r) =V0(1− r

rcuto f f
) in equation 3.18

UCG(i+1) =UCG(i)+ kBT ln
PCG(i)

PFG +V0(1−
r

rcuto f f
) (3.19)

This correction has the only parameter V0 and vanishes at r = rcuto f f . Depend-
ing on if the pressure in the current iteration is below or above the reference
value, V0 is increased or reduced in the next iteration.

3.3.2 Inverse Monte Carlo

The method is formulated for the CG system, with potential energy presented
as a linear function of its Vα -parameters[24], similar to eq. 3.10

UCG(RRR) = ∑
α

VαSCG
α (RRR) (3.20)

where the basis functions SCG
α (RRR) define a functional form of the force field,

while a set of parameters Vα define potentials within the form. If a set of
{Vα} is given, canonical averages 〈SCG

α (RRR)〉 can be evaluated in a MC or MD
simulation using the force-field defined by UCG.

However, an opposite problem has to be solved, i.e. a set of {Vα} shall
be found from a set of known averages 〈SFG

α 〉, which were obtained from the
reference fine-grained simulation. Since 〈SCG

α 〉 are functions of {Vα}:

〈SCG
α 〉=

1
QCG

∫
dRdRdR SCG

α (RRR) exp
(
− 1

kBT ∑
i

ViSCG
i (RRR)

)
(3.21)

one can write:

∆〈Sα〉= ∑
γ

∂ 〈SCG
α 〉

∂Vγ

∆Vγ +O(∆V 2) (3.22)

where the derivatives ∂ 〈SCG
α 〉/∂Vγ are given by

∂ 〈SCG
α 〉

∂Vγ

=
∂

∂Vγ

[
1

QCG

∫
dRdRdR SCG

α (RRR) exp
(
− 1

kBT ∑
i

ViSCG
i (RRR)

)]
=

1
kBT

(〈SCG
α 〉〈SCG

γ 〉−〈SCG
α SCG

γ 〉)
(3.23)
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and can also be computed in a standard MC or MD simulation. Similar equa-
tions can be obtained within relative entropy minimization, when the coupled
Newton-Raphson update is used [30].

The set of equations (3.22 and 3.23) makes it possible to solve the inverse
problem iteratively. We start from a set of trial potential parameters V (i)

α (i= 0),
run the simulation and calculate the averages 〈SCG

α 〉(i) and 〈SCG
α SCG

γ 〉(i). The
differences between the computed and reference values

∆〈SCG
α 〉(i) = 〈SCG

α 〉(i)−〈SFG
α 〉 (3.24)

are substituted into the system of linear equations 3.22 which returns (by ne-
glecting terms of order O(∆V 2)) the corrections to the potential parameters
∆Vα . They are used to update the interaction potential:

V (i+1)
α =V (i)

α +∆V (i)
α (3.25)

The procedure is repeated until convergence is reached and the reference aver-
ages 〈SFG

α 〉 are reproduced with satisfactory accuracy.
For a particular class of systems with pairwise interactions defined by tab-

ulated potentials, 〈SCG
α (RRR)〉 in eq. 3.22 is the average number of particle pairs

having a separation of rα . Vα represents the values of the potential at this dis-
tance. rα is the α-fragment of the mesh, which defines spacial resolution of
the potential. Averages 〈SFG

α 〉 are also related to distribution functions used in
the Boltzmann inversion and can be sampled in a reference FG simulation. For
non-bonded bead pairs, the reference averages are determined from the radial
distribution functions:

〈SFG
α non−bonded〉= 4πr2

α∆rgFG(rα) (3.26)

For bonded interactions, 〈SFG
α 〉 are the distance distributions of bond lengths

or bond angles:

〈SFG
α bond〉= ∆r PFG

bond(rα)

〈SFG
α angle〉= ∆θ PFG

angle(θα)
(3.27)

This allows one to use a pair potential of mean force obtained in the Boltzmann
inversion as an initial approximation of trial potential V (0)

α . For a non-bonded
potential it yields:

V (0)
α non−bonded =−kBT ln(gFG(rα)) (3.28)

and a bonded potential can be constructed in a similar way according to

V (0)
α bond =−kBT ln(PFG(rα)) (3.29)
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Equation 3.26 shows that the target property, which is reproduced while fit-
ting of non-bonded potential, is similar to integrand of Kirkwood-Buff integral
[71], rather than the RDF.

G = 4π

∫
∞

0
[g(r)−1]r2 = ∑

α

[〈SFG
α non−bonded〉−4πr2

α ] (3.30)

This feature favors better transferability [71] for IMC based effective potentials
over IBI based ones.

The inverse Monte Carlo method was applied for the development of the
united water model, CG model of L- and D- prolines [25]; calculation of
effective solvent mediated ion-ion [34; 72] and ion-DNA potentials [73]; It
was also extensively used for mesoscale simulations of phospholipids [74],
phospolipid/cholesterol mixtures [75; 76] and ionic liquids [68].
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4. MagiC: Software package for
multiscale modeling

Despite the variety of existing CG methods discussed in the previous chapter,
the number of software implementations, which are ready to be used "out of the
box" is quite limited. The first option is to use MARTINI, which is formulated
in terms of regular force-field and thus can be run by an atomistic MD software
like GROMACS [77] or NAMD [78]. However, if one would like to derive a
systematic CG model specific for a complex system in particular conditions,
which is not compatible with MARTINI, the methods of choice are entropy
minimization, force matching or structure-based coarse-graining (Section 3.1-
3.3). These methods are partially implemented in Versatile Object-oriented
Toolkit for Coarse-graining Applications (VOTCA) [79] and IBIsCO [80]. The
VOTCA package implements the iterative Boltzmann inversion, the inverse
Monte Carlo and the force matching algorithms. However, VOTCA does not
have its own sampling engine and it relies on MD provided by GROMACS
[77] to sample the system while refining coarse-grained potentials by one of
the methods. This may cause instabilities since GROMACS is not optimized
for the use of arbitrary tabulated potentials, which may change unpredictably
during the optimization procedure. The IBIsCO package, which also utilizes
MD sampling, implements only the IBI approach, which may have conver-
gence problem in the case of complex multicomponent systems.

Recently a new software package named MagiC has been developed by
our group [81]. The main goal of the package is to provide a set of tools for
the computation of effective coarse-grained potentials utilizing the IMC and
IBI methods. In contrast to the codes mentioned above, MagiC uses its own
efficient Monte Carlo engine for sampling of the configurational space. This
has several advantages in comparison with molecular dynamics. First, MC is
more stable with respect to possible forms of the interaction potentials includ-
ing possibilities for infinite values (which forbids the coarse-grained system to
visit configurations never observed in the atomistic simulations). Second, the
Monte-Carlo algorithm, implementing both trial moves of separate atoms and
collective motions of the whole molecules or molecular fragments, can provide
faster sampling of the configurational space, which becomes especially notice-
able for implicit-solvent coarse-grained models. Third, the algorithm allows
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very easy parallelization by starting many independent MC walks on different
processors and then collecting averages from them.

The package consists of a main kernel solving the inverse problem, and
a set of supplementary utilities, which allow the user to map a reference FG
trajectory to a CG trajectory and calculate reference distribution functions, an-
alyze and visualize the kernel’s output and export resulting effective potentials
to external MD software (currently available GROMACS [77]) for subsequent
large-scale MD simulation in CG resolution. Below, we will briefly discuss the
work-flow of the whole package and then give some details about the kernel.

4.1 MagiC’s general outline

The systematic coarse-graining process leading from the FG to the CG system
description has several stages, which are depicted on Figure 4.1. Each stage
(purple blocks) uses an output (blue blocks) of the preceding step as an in-
put and additional input(rightmost blue blocks) is provided by the user. The
process starts from the simulation of the system at FG resolution, for example
using molecular dynamics with an all-atom force field. This simulation results
in a FG (atomistic) trajectory which has to be long enough to provide adequate
sampling of the configurational space of the system. This initial stage can be
performed with any suitable external simulation software of the user’s choice.

Once the FG-trajectory is obtained, it should be translated to a CG-trajectory
by mapping between high and low resolution structures. This is the first stage
done by MagiC, using the utility CGtraj, which receives the mapping scheme
from the input file (provided by the user) stating the correspondence between
the i-th CG-bead and set of atoms {ij} represented by this bead. The mass and
charge of the bead are automatically calculated as the total mass Mi = ∑ j mi j

and charge of its atomistic components Qi = ∑ j qi j. The bead is placed at the
center of mass of the representing atoms ~Ri =

1
Mi

∑ j~ri jmi j. The mapping pro-
cedure results in a coarse-grained trajectory and a file with specifications of
the mass and charge for each CG-bead present in the system.

At the third stage, the structural reference distribution functions are cal-
culated from the coarse-grained trajectory. Here the user has to assign the
CG-atom types to the beads, i.e. to specify which CG sites can be considered
as equivalent species (this determines the total number of pair RDF-s and non-
bonded potentials in the system). The user shall also define CG-bonds in the
system, stating which beads are linked and which bonds are equivalent. The
utility RDF computes radial distribution functions between all pairs of differ-
ent CG sites, distributions of intramolecular bond lengths and bended angles.
Each of them will be used at the next step as a reference data to be reproduced
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Figure 4.1: Systematic coarse-graining with MagiC: the outline. Main stages
are shown by purple blocks, while the input/output data is denoted by blue rect-
angles; rightmost blue blocks show the user provided input. Optional input data
and external software are indicated by dashed frames.
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by resulting CG-potential.
The fourth stage is the central point of the whole structure-based coarse-

graining process: solution of the inverse problem. This is performed by the
kernel of the package which implements the Inverse Monte Carlo and Iterative
Boltzmann Inversion methods. It results in a set of effective potentials, which
reproduces reference distribution functions with desirable precision, and an
extended log-file which reports details of every IMC/IBI iteration. The log-file
can be analyzed by a set of post-processing tools, which allows to plot con-
vergence rate, effective potentials, potential corrections, intermediate RDFs,
etc.

Once the effective potentials are obtained, they can be exported to an exter-
nal MD software and used for further simulations of the coarse-grained system
at a larger scale. For that, two issues should be taken into account. Molecular
dynamics software usually requires smooth potentials defined on a fine grid,
which is not necessarily the case for the effective potentials. In addition, they
have exact correspondence with the reference distributions, i.e. the potential is
not defined on the range of distances where the respective distribution has zero
value.

To overcome this issues the potentials should be interpolated on a fine grid
and smoothed to have a continuous first derivative. They should also be ex-
tended to a desired distance ranges by a fast growing term which effectively
prohibit system to reach these configurations in MD simulations. For example
a soft harmonic-like walls to be added to a covalent bond potentials keeping
the bonds in the region where the bonding potential is defined. Non-bonded
potentials are to be extended with a repulsive harmonic wall in the core region.
At the moment, the post-processing tools export the tabulated potentials to the
GROMACS format. It is planned to support potential format, used by the MD
software Espresso [82] in the near future.

4.2 MagiC’s kernel: Computation of CG potentials

As it was said, the kernel is the most important part of the whole software
package. It performs both the Monte-Carlo based sampling of structural dis-
tributions and the update of the potentials, which is based on the difference
between the reference and the sampled distributions. Here we give a descrip-
tion of basic principles of the kernel organization which is shown on Figure
4.2.

It starts with the initialization, when the program prepares necessary data
structures and reads the input files containing calculation settings, molecular
topologies, reference distribution functions and initial potentials (if provided).
If the potentials were not supplied, the program initiates them from the corre-
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Figure 4.2: General block scheme of MagiC’s kernel

sponding distribution functions as potentials of mean force (eq. 3.28). Then
the program starts an iterative procedure in order to refine the potentials and
fit them to the reference RDFs and bond length/angle distributions. Each iter-
ation step represents a conventional MC simulation with actual values of the
potentials.

We have implemented the classical Metropolis Monte Carlo algorithm dis-
cussed in the Chapter 2, having three possible MC steps: random atom dis-
placement, which is a default MC step, random molecule displacement and
random molecule rotation. The later two steps are considered as supplemen-
tary steps improving convergence of the method, so the user can specify how
often they should be performed.

The potential energy of the system is calculated in a similar fashion to an
atomistic force field, with the only difference that the CG potentials are tabu-
lated and can have any shape instead of being restricted to a specific analytical
form. All interactions between atoms of the system (see Figure 4.3) are ar-
ranged into two groups: bonded and non-bonded. The bonded interactions are
represented by covalent-like bonds UAA

bond(r) and angle bending bonds UAA
ang(θ).

A torsion angle interaction is currently not implemented, since 1-4 pairs are
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usually weakly correlated in CG-models and might lead to over-complication
of the model. However, they are planned to appear in further releases of the
code.
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Figure 4.3: Typical interactions present in the system. Bold lines – covalent
bonds, dotted line – angle bending bonds, dashed lines – non-bonding repulsion-
dispersion short-range interactions. Symbols A and B denote bead type and qi
denotes a charge of atom i.

The non-bonded interactions are presented as a sum of long-range electro-
statics Coulomb interactions and a short-range part UAA

SR (r), which includes all
other contributions (overlapping repulsion, van der Waals dispersion, effect of
removed solvent, etc). All atom pairs are subject to non-bonded interactions
(even if they belong to the same molecule e.g. A1−A4), except the bonded
pairs (e.g. A1−A2, A1−A2−B3), which are excluded from all non-bonded in-
teractions. The electrostatic interactions are treated by the Ewald summation
method [7] and the Coulombic contribution coming from charged bonded pairs
is subtracted from the Ewald energy. The short range part of the non-bonded
interactions is treated by the direct summation of contributions coming from
pairs being within a certain cutoff radius Rcut , which by default is set to a
cut-off distance of the reference RDF.

The MC simulation is the most time consuming part of the program and
in order to perform this part faster and provide better sampling of the con-
figurational space, this part is parallelized using a rather straightforward and
effective strategy. It relies on a stochastic nature of the MC method, which
allows to sample the system in many simultaneous (parallel) threads. Each
thread runs its own local copy of the system, and when a sufficient number of
MC steps has been performed, the sampled data sets are collected and averaged
over all threads. Such a parallelization scheme requires just two procedures:
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spreading of the initial data to a set of parallel MC processes; and gathering
of the sampled data from the processes when they finished. The MC sam-
pling of the system is performed independently, so it can be done in parallel at
every available CPU (core). Each parallel thread starts with a different start-
ing configuration and uses random numbers generated with different seeds,
so they sample independent regions of the configuration space which improve
the overall sampling. The data-exchange between processes occurs relatively
infrequently and the amount of the transferred data is quite small, thus the soft-
ware can be used on a high-performance computer having a slow interconnect
without any noticeable performance loss.

When all threads have finished the MC simulations with current interaction
potential, the collected and averaged data are transfered to the module which
performs the inverse procedure. Here, the program calculates an update for the
potentials, which is based on the deviation between the calculated distribution
functions and the reference ones and can be computed either by the iterative
Boltzmann inversion expression (eq. 3.18) or the inverse Monte Carlo method
(eq. 3.22), described in the previous section. The system’s partial charges are
kept constant, thus the long range electrostatic potentials are taken out of the
update. If a satisfactory agreement between the averaged and reference dis-
tribution functions was reached, the program moves to the last (output) block,
otherwise a new iteration with an updated potential is started.

The last block produces the program’s output in a human-readable form,
with the basic data on the simulated system and the simulation’s parameters,
as well as the resulting effective potentials and distribution functions. The
computed potentials are also written as a separate file in a format suitable for
their further analysis and export which are done by MagiC analysis toolkit.

4.3 CG potential convergence

The convergence of the iterative process is controlled by an overall deviation
δ (i) between the set of the reference distribution functions and the sampled
ones during each iteration i which is defined as:

δ
(i)
RDF = ∑

NRDF

1
rmax

∫ rmax

0

∣∣gre f (r)−g(i)(r)
∣∣dr

or

δ
(i)
〈S〉 =

Nα

∑
α

1
Nα

∣∣〈SFG
α 〉−〈SCG

α 〉(i)
∣∣

(4.1)

The first line specifies the deviation δ
(i)
RDF in terms of radial distribution func-

tions following the IBI methodology. The second one, shows the deviation δ
(i)
〈S〉
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in terms of the average number of atom pairs at a given α-distance, which are
considered in the IMC approach.

Since the IBI does not consider cross-correlation terms in the update scheme,
it does not require a high sampling quality and thus it suites well for an ini-
tial crude potential fitting. However, it might fail to reach convergence in the
case of a complex systems, where the IMC should be taken as the method of
choice. Our general strategy is to begin with the IBI, which will bring the first
trial potentials to a reasonable shape and then switch to the IMC for reaching
the final convergence. Figure 4.4 illustrates this approach on the example of
DMPC phospholipid CG model derivation, which is discussed in the Paper III.
The iteration procedure began from the potentials of mean force. The first 10

0 5 10 15 20 25 30 35 40

0,01

0,1

1  Deviation RDF (i)-RDFref

IMCIBI

Iteration, i

Figure 4.4: The deviation between the reference RDF and the RDF sampled
in the IBI/IMC calculation for the CG DMPC model reported in article IV. The
first 10 iterations were performed with IBI and the following iterations were per-
formed with IMC.

iterations were run using the IBI method, and after that the IMC algorithm was
switched on. Since the latter one has a higher demand to the sampling quality,
which is also important at the final stages of the potential tuning when the up-
date has to be calculated precisely. We therefore were increasing (doubling) a
number of MC sampling steps every 10 iterations while making 40 iterations
in total. Figure 4.4 shows a pretty fast decay of the deviation during the first
20 iterations. For the next 20 iterations the deviation has significant fluctua-
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tions, still keeping the decaying trend on average, until it reaches a plateau.
For another illustration of the convergence process, we consider evolution of
the non-bonded potential between choline and phosphate and the correspond-
ing RDF, which are displayed in Figure 4.5A and B. The trial potential of the
mean force used at the first iteration (black dashed line) does not provide a sig-
nificant agreement to the reference RDF (bold solid red line), but after a few

r, Å
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Figure 4.5: Radial distribution functions (A), and effective potentials (B) calcu-
lated for choline-phosphate pair of beads during iterative solution of the inverse
problem. Dashed lines refer to iterations made using IBI and solid lines refer to
use of IMC. Thick red and black curves on plot A represent the reference RDF
calculated in atomistic MD simulation and RDFs calculated in coarse-grained
MD simulations with final effective potentials respectively.
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IBI iterations, the sampled RDF (red and green dashed lines) looks much closer
to the reference one. When the potential update algorithm was switched to the
IMC (solid lines), the sampled RDFs came to a very close agreement with the
reference RDF during the next 10 iterations (solid blue and cyan lines), and
after that they became nearly indistinguishable by the eye (purple line). The
effective potentials showed a similar behavior. During 10-15 iterations the po-
tential was subject to noticeable changes: the first and second minima became
deeper, and the whole potential was shifted to an area of negative values. After
that there were no significant changes in the potential, and after iteration 25,
all the curves became indistinguishable. This is a clear indication that the con-
vergence was reached, and the resulting set of the potentials reproduced the
reference set of RDFs successfully.
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5. Systematic structure-based
coarse-graining: applications and
transferability study

In the previous chapters we have introduced both the methodology and the
software implementation of structure-based coarse-graining. Up to now, no
applications were mentioned, thus the present chapter is devoted to this topic.
Here we will briefly discuss two recent studies which employed MagiC to ob-
tain effective solvent mediated potentials for Na+-Cl− ions in solution (paper
II), and to develop coarse-grained water-free model of the DMPC lipid (paper
IV). In the first work we consider the temperature dependence of the obtained
ion-ion potentials, while in the second one we investigate how the concen-
tration of lipids in the reference system affects the derived CG-potentials and
results of lipid bilayer simulations based on these potentials. This allow us
to examine the reliability of the CG approach and implementation as well as
thermodynamic transferability of the resulting potentials.

5.1 NaCl in aqueous solution: Temperature dependence
of effective potentials

This work was inspired by papers [31; 83] where solvent-mediated interionic
potentials for NaCl aqueous solution were studied at different concentrations.
Hess et al. [31] showed that natural concentration dependence of such po-
tentials can be accounted to a major degree by a long-range electrostatic con-
tribution introduced via concentration dependent dielectric permittivity ε(C).
Despite the short-range part of the potential was calculated as pairwise poten-
tial of mean force, which implies infinite dilution of the system, the long-range
correction provided satisfactory behavior of the model for concentrations up to
3M. We would like to investigate the temperature dependence of the effective
potentials in a similar fashion.

In order to do this an effective solvent-mediated potentials for Na+ and Cl−

ions in water were computed using the IBI/IMC methodology implemented in
the MagiC software package. The potentials were obtained for a range of
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temperatures from 0o to 100o C with an increment of 10oC. Special attention
was paid to the question whether the difference between the potentials can be
taken into account by the change of dielectric permittivity.

5.1.1 Effective potentials calculation

In order to obtain the reference ion-ion radial distribution functions we per-
formed 11 independent atomistic MD simulations of 20 ion pairs dissolved in
1000 water molecules. This ratio corresponds to ion concentration of about
1M. The simulations were carried out in the NPT ensemble, under the pres-
sure of 1 atm and temperature in the range 0− 100oC. The RDFs obtained in
this MD study show strong dependence on the temperature. The general trend
is that the first peak of RDF between likewise ions is decreasing at higher
temperatures, while in the case of NaCl-curve the peak is increasing, show-
ing tendency to form ion pairs at higher temperatures. The RDFs were used
in the subsequent IMC calculations, which resulted in effective ion-ion poten-
tials. Every such potential can be decomposed into short-range and electro-
static terms

U i j
e f f (r) =U i j

sr (r)+
qiq j

4πε0εr
, i, j ∈ (Na,Cl) (5.1)

The short-range parts of the effective potentials, calculated with dielectric per-
mittivity ε = 80.0, which corresponds to the permittivity of water, are pre-
sented in Figure 5.1. The potentials show noticeable temperature dependence,
they are ordered on the plot according to the temperature. Noteworthy, the
curves which refer to the highest temperature are the highest in the case of Na-
Na and Cl-Cl ion pairs, while it is lowest in case of NaCl ion pairs, and this
arrangement is kept through the whole range of distances. This is a clear indi-
cation that such potentials contain some long-range Coulombic contribution,
which in fact should be prescribed to the long-range part by choosing a proper
value of the dielectric permittivity.

5.1.2 Effective dielectric permittivity

So far we concluded that the obtained effective potentials are temperature de-
pendent, but it is not clear if the dependence can be accounted for by only
long-range part of the potential or it involves short-range part as well. In or-
der to elucidate this we need to get a clear separation of the short-range and
long-range part, according to eq. 5.1. The potential U i j

e f f (r) is the one coming
from the IMC procedure, thus the choice of dielectric permittivity ε defines
the short-range part U i j

sr (r). The second part of this decomposition is supposed
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Figure 5.1: Effective short-range ion-ion potentials for NaCl, corresponding to
constant dielectric permittivity ε=80, obtained at different temperatures. Arrows
show direction of the temperature growth.

to account for all long-range interactions, that is why ε should be chosen in a
way to minimize the long-range component of U i j

sr (r).
Assume that we define the long-range Coulombic potential using another

value of permittivity ε∗. This, according to eq. 5.1, introduces a new short-
range potential as:

U∗ i j
sr =U i j

sr (r)+
qiq j

4πε0r
(

1
ε
− 1

ε∗
), i, j ∈ (Na,Cl) (5.2)

Now we can find the optimal ε∗, which produces the fastest decay of the
all three short-range potentials, by minimization of the sum:

W (U∗NaNa
sr (r))+W (U∗NaCl

sr (r))+W (U∗ClCl
sr (r)) (5.3)

W (U i j
sr (r)) is a numerical criteria of a short-range potential deviation from zero

at large distances defined as:

W (U∗ i j
sr (r)) =

rcuto f f∫
r0

∣∣r2U∗ i j
sr (r)

∣∣dr (5.4)

where r2 factor implies a higher weight of larger distances, r0 defines the bor-
der were the long-range part begins and rcuto f f is the cut-off of the tabulated
effective potential.
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Since the change of effective dielectric permittivity may affect the results
of IMC procedure, namely the long-range part of the effective potential, which
is treated beyond cutoff through Ewald method, we rerun the IMC simulation
with the new value of ε until convergence is reached. As it can be seen from
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Figure 5.2: Effective short-range ion-ion potentials for the whole range of tem-
peratures. Dielectric permittivity ε∗ has been optimized in order to provide the
fastest decay of the short-range part.

Figure 5.2, the effective short-range potentials calculated with the corrected
dielectric permittivity do not show strong temperature dependence. They also
become practically zero at distances larger than r0 = 10Å. Though a certain
difference between the potentials can be noted, it is substantially smaller than
it was in the case of uncorrected potentials shown in Figure 5.1. Moreover, the
curves in Figure 5.2 do not follow the same order as the temperature, which
indicates that a large part of the difference between them is coming from sta-
tistical uncertainty.

The optimized values of ε∗, which can be considered as the effective di-
electric permittivity at the given thermodynamic conditions, are shown in Fig-
ure 5.3. As expected ε∗ decreases with the temperature. We compared the
computed values with the experimental data for concentration of 1M [84] and
since the data was only available for a limited range of temperatures, we also
provided extrapolation of the given points as well as the data for pure water.
In addition to this, we calculated dielectric permittivity directly from the water
dipoles fluctuations [85] observed in the atomistic simulations:

ε = 1+
〈M2〉−〈M〉2

3ε0V kBT
(5.5)
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Figure 5.3: Dielectric permittivity of Na+−Cl− water solution (M=1.0), com-
pared to the experimental data. Green points – values calculated in the present
work; purple line – wide temperature range experimental data interpolation refer-
ring to pure water; orange points – experimental values referring to NaCl water
solution (M=1.0), yellow line – wide range extrapolation of the experimental
data. All experimental data were taken from [84].

where M is the sum of molecular dipole moments (taken over all water molecules)
and V is the average simulation cell volume. One can see that both ways to cal-
culate dielectric permittivity are consistent with each other and are in line with
experiments, though direct computations from atomistic MD provide more sta-
ble results. Uncertainties in the values of dielectric permittivity defined from
the asymptotic behavior of the effective potentials might originate from the
ion-ion RDFs. Another possible source of errors is the fitting procedure which
is done in the range of distances where oscillations of the effective potentials
due to molecular structure of water do not disappear completely. These errors
can be eliminated to a certain degree by increasing the simulation cell size.

We can consider the optimization of ε∗ as the alternative way of determina-
tion of the dielectric permittivity in molecular solvents. The dipole fluctuation
expression (5.5) is only valid for rigid molecular models, hence the alterna-
tive approach can be promising for higher molecular weight solvents such as
alcohols, ionic liquids, etc.
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5.2 DMPC phospholipid: Concentration dependence of
effective potentials

Phospolipids are the most common type of lipids present in the cell membrane,
being the main building material of the membrane. Due to the hydrophobic na-
ture of phospholipid’s tails, they prefer to self-aggregate in aqueous solution
and form a number of different structures such as flat bilayers, micells, inverse
micells, flat bicells and spherical vesicles. The flat bilayers serve as a base
for biological membranes, while the vesicles can be involved in drug delivery
as a membrane permitting containers. The self-assembled structures can be
also used as templates for preparation of nanostructured materials. The typi-
cal length and time scales required to model various lipid aggregations have
an order of 100nm-1µm and 100µs-1ms, respectively. Since such sizes are
far beyond capacities of atomistic MD, the task of development of reliable
CG phospholipid model has been in focus for last two decades, resulting in
introduction of various models, see the references provided in introduction
part of paper IV. Among all others, we distinguish CG models, which aim to
keep chemical specificity of the original FG lipid (bottom-up approach) at the
same time excluding solvent from the explicit consideration (water-free mod-
els) [52; 69; 74; 76]. Some of the mentioned models faced difficulties with
proper hydrophobic behavior of the lipid molecules, which was corrected by
introduction of additional artificial interactions. Thus, Murtola et al. [76] in-
troduced a surface tension constraint to the model, while Wang and Deserno
[69] brought additional cohesion force to the model in order to stabilize the
bilayer. In the study of Izvekov and Voth [52] CG-lipids self-aggregated to
bicells having exposed lipid tails on the boundary, which might indicate lack
of tail-hydrophobicity in the model, which was corrected by an additional con-
straint for the partial virial associated with CG sites. This lack of hydrophobic-
ity might originate from the selection of a pre-assembled bilayer as a reference
FG system, which was employed in the mentioned works [52; 69; 76].

The goal for the paper IV was to develop further previously introduced
[74] bottom-up CG solvent-free model of the dimyristoylphosphatidylcholine
(DMPC) lipid, in which the effective potentials were derived by the IMC
method from atomistic simulations of unordered lipid-water system. Also,
special attention was paid to investigation of the concentration dependence of
the computed effective potentials. For this we derived the effective potentials
(using MagiC) from MD simulations of four FG systems having different com-
position (see Table 5.1), and compared the results of CG simulations of lipid
bilayers based on the obtained potentials. We also extended the original model
[74], which had only pairwise bonds, with angle bending bonds (shown on
Figure 5.4B with dashes) to investigate their effect of the model.
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Table 5.1: Molecular composition of the reference systems

Label Nmol(DMPC) Nmol(water) ratio DMPC:water
DMPC16-100 16 1600 1:100
DMPC30-50 30 1500 1:50
DMPC60-30 60 1800 1:30
DMPC60-20 60 1200 1:20

5.2.1 Model derivation

We began with an atomistic MD simulation of the four compositions listed in
Table 5.1. The simulations were performed in the NPT ensemble at biological
conditions (1atm, 303K) having unordered mixture of lipid molecules with
surrounding water (Table 5.1) as a starting configuration.

Each MD simulation resulted in a 500 ns trajectory, which was mapped
to CG resolution (Figure 5.4A), and then used for calculation of the reference
distribution functions according to interactions defined by bonds and CG bead
types (Figure 5.4B).

Thereby, each DMPC molecule consisting of 118 atoms was mapped onto
a CG model of 10 beads (Figure 5.4A). In average, one CG bead substituted 4-

Figure 5.4: A. Coarse-grained representation of a DMPC molecule.
Blue bead – choline, yellow bead – phosphate group, red beads – ester groups,
cyan beads - hydrocarbon tails.
B. Intramolecular bonds introduced in the CG model. Solid lines denote covalent
bonds, dashed arrows denote angle bending bonds. Bonds of the same color are
assumed to be identical. Positive and negative numbers indicate partial charges
of the head-beads.
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5 heavy atoms, providing comparable level of resolution to a similar CG lipid
models [39; 52; 69; 86]. N and P groups had significant negative and positive
charges, making lipid head polarized, while CO-groups were slightly charged
and CH-groups, representing hydrocarbon tails, were completely neutral (Fig-
ure 5.4B).

In total, 20 different CG potentials had to be determined: 4 bead types
resulted in 10 non-bonded potentials in addition to 5 pairwise bonds and 5
angle-bending bonds were added extra in case of extended "angle" model. In
"no-angle" CG model only 5 pair bonds were considered. For these potentials
a corresponding set of reference distribution function was calculated and used
in IMC procedure, which resulted in 8 sets of effective potentials (4 compo-
sitions and 2 models). The potentials demonstrate concentration dependence,
however, "angle" model-based potentials are generally less concentration de-
pendent than "no-angle" ones. This can be considered as indication that addi-
tion of angle-bending bonds between coarse-grained beads improves transfer-
ability of the effective potentials.

5.2.2 Lipid bilayer simulation

Each of the 8 sets of the potentials was used for a separate MD simulation of a
preassembled lipid bilayer constructed of 800 CG-lipids, having 400 molecules
in each leaflet. The CG simulation was driven by the Langevin dynamics de-
scribed in Section 2.2.2, which includes random forces and friction coming
from the implicit solvent. We also performed an atomistic MD simulation of
a bilayer made of 98 lipids and surrounded by 2700 water molecules, which
served as source of reference data to compare with the results of CG study.

The density profiles of the headgroup atoms computed within the CG and
atomistic models are in a close agreement (Figure 5.5). The CG-based curves
have wider peaks than the reference one, however the bilayer thickness, if es-
timated as distance between the maxima positions, is in reasonable agreement
between the CG and FG models for the all studied concentrations. This is not
surprising, since the applied coarse-graining method has to reproduce struc-
tural properties of the original model.

An important property of a lipid bilayer, which is not directly related to the
lipid structure, is projected area per lipid A, reported in Table 5.2. In contrast
to the density profiles, it shows significant concentration dependence for both
"angle" and "no angle" cases. The potentials based on the low lipid concentra-
tion systems, result in a low area per lipid with values typical for a bilayer in
a gel phase, however, lipids remain essentially unordered if visually judged by
their configuration. The potentials based on the high lipid concentrations lead
to a higher values of the area per lipid, which corresponds to a more disordered
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Figure 5.5: N-bead density profile. Black line – atomistic bilayer simulation;
blue, green, orange, purple lines – CG simulation with a set of potentials based
on reference system DMPC16-100, DMPC30-50, DMPC60-30, DMPC60-20,
respectively. The lower plot shows results obtained with the DMPC model based
on pairwise bonds only. Upper plot shows results obtained with additional bend-
ing angle bonds in the DMPC model.

fluid phase. The composition of 30 waters per lipid (DMPC60-30) correspond-
ing to the full hydration of lipid heads in phosphatidylcholine [87], leads to the
best agreement with the atomic simulation, as well as with experiment. One
can estimate bilayer compressibility from the fluctuations of the bilayer’s area
according to KA = kBT 〈A〉

〈A2〉−〈A〉2
, where A is the total area of the simulated bilayer

patch. The results are shown in Table 5.2. As in the case of the average area,
the best agreement with the atomistic simulation was achieved for DMPC60-
30 composition, while low concentration based potentials provide significantly
higher values.

Table 5.2: Physical properties of coarse-grained lipid bilayer with respect to
lipid/water composition of the reference atomic system.

System A, 10−1 nm2/lipid KA,10−19 N/nm D, 10−5 cm2/s
angles no angles angles no angles angles no angles

DMPC16-100 4.9±0.02 4.8±0.03 9.1±0.5 11.5±1.1 1.4±0.4 1.8±0.2
DMPC30-50 5.0±0.01 5.3±0.03 9.1±0.4 7.1±0.3 1.2±0.2 2.4±0.1
DMPC60-30 5.9±0.02 6.2±0.05 3.7±0.3 2.4±0.4 1.6±0.1 3.4±0.2
DMPC60-20 6.5±0.03 6.5±0.16 1.9±0.1 3.3±0.3 2.5±0.1 3.9±0.3
atomistic 6.0±0.07 2.5±0.2 0.09±0.003
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Lateral diffusion illustrates dynamical properties of the coarse-grained bi-
layer (Table 5.2) and also allows to match time scales of the FG and CG dy-
namics, thus the latter shall be scaled by factor of 20 to 50 in order to get
the actual real time corresponding to atomistic MD simulation. The diffusion
coefficients show a significant increase of the diffusion rate with lipid con-
centration in the reference system for both models. Low diffusion in the low
concentration-based systems (DMPC16-100, DMPC30-50) can be considered
as an additional indication that the bilayer described by according sets of po-
tentials has a preference to form a gel-like phase.

We have also investigated whether the CG bilayer described by the same
set of potentials can demonstrate liquid crystalline–gel phase transition under
change of temperature. For that we performed a set of preassembled CG bi-
layer simulations in the temperature range between 200 K and 350 K with an
increment of 25 K. Each bilayer was also constructed of 800 CG-lipids, and
the set of potentials DMPC60-30 with angles was used. The resulting area
per lipid and lateral diffusion coefficient at different temperatures are depicted
on Figure 5.6. They both show well seen jump between 225 K and 250 K
indicating a gel-liquid phase transition.

Figure 5.6: Temperature dependence of bilayer properties obtained within same
potentials set. Black squares denote area per lipid; red circles denote lateral
diffusion temperature dependence.

Snapshot of the system at 225 K (Figure 5.7-top) demonstrates a clear gel-
phase ordering, while the snapshot of the system at higher temperature 250 K
shows disordered structure of the lipid tails (Figure 5.7-bottom). It should be
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Figure 5.7: Lipid tail ordering due to Gel-Liquid phase transition in lipid bilayer.
Top bilayer - gel phase state at 225 K. Bottom bilayer - Liquid phase state at 250
K.

noted that the phase transition temperature observed in the simulation is lower
than the experimental one, which is 297 K. This deviation can arise from both
coarse-grained description of the system and from possible shortcomings of
the atomistic force field.

5.2.3 Lipid self-aggregation

As an additional test of our model, we have carried out several simulations of
lipid self-aggregation employing the set of potentials "DMPC60-30 with an-
gles" which provided the best match with the reference properties. We consid-
ered a system of 800 lipids uniformly placed in a cubic cell of a constant size
providing exact same area for the bilayer as obtained in atomistic simulation.
Here, as before, we employed the Langevin dynamics for the simulation of
the system. The aggregation happened relatively fast: the bilayer was formed
already after 18-20 ns (unscaled time) and remained stable for following 80 ns
of the simulation.

We also simulated aggregation of lipids into flat bicell and vesicle, which
occurs with excess of water. For that we considered a system of 1000 coarse-
grained DMPC lipids which were put into relatively large periodic cell of fixed
size 30x30x30 nm. In the initial state, the molecules were randomly distributed
in the box (Figure 5.8A). When the simulation began, a fast clustering of the
lipids into small semi-spherical droplets (Figure 5.8B) was observed. These
droplets merged further (in about 500 ns) into a small disk-like structures, so-
called bicells (Figure 5.8C), which after 2 µs formed one large bicell (Figure
5.8D), which remained stable for next 3.5 µs. In order to proceed further, we
formed a larger bicell made of 4000 lipids (Figure 5.8E) and continued the
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Figure 5.8: Vesicle formation: A. Initial uniform distribution of lipids (1000
lipids); B. Formation of small spherical clusters; C. Formation of small round-flat
bilayers; D. Formation of large flat-round bilayer (1000 lipids); E. Pre-assembled
large round-flat bilayer (4000 lipids); F. Stable spherical vesicle (4000 lipids).

simulation. The larger bicell after some undulations collapsed into a spherical
vesicle (Figure 5.8F) and remained stable in this shape during next 1 µs until
the end of the simulation. The difference in the final structure obtained for
1000 and 4000 molecules is understandable, since it is defined by two compet-
ing factors: the energy expenses to form a curved surface (in a vesicle), which
decays with the vesicle size; and the presence of hydrophobic lipid tail - water
contacts at the bicell edge, which grows with the bicell size. Once the bicell
reaches the limit, it became energetically favorable to form a vesicle.

5.3 Conclusions

First of all, we draw some brief conclusions regarding to the software pack-
age MagiC, which was developed for the purpose of effective CG potentials
derivation. The software was tested on several systems with different levels
of complexity, two of them were considered in the present thesis, while other
applications include DNA and DNA histone systems (work in progress). The
software implements two methods of the potential refinement: IBI and IMC,
combination of which provide fast convergence of sampled and target struc-
tural distribution functions. The MC method provided stable sampling of the
CG system for the potential refinement, however introduction of some algo-
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rithm advances, such as the Verlet lists or the mesh-Ewald methods is desir-
able in the future. It is also planed to provide compatibility with the DL_POLY
and the ESPResSo MD packages. The MagiC software is available online for
general use.

The systematic structure-based coarse-graining approach was successfully
applied to soft matter systems, represented by water solution of sodium and
chlorine ions, and water solution of DMPC lipids. The effective solvent-
mediated potentials, reproducing interionic RDFs have shown state depen-
dence (namely temperature dependence) typical for effective potentials. This
dependence mostly concerns the long-range part of the potentials having an
electrostatic origin, which can be adjusted by temperature dependent effective
dielectric permittivity. The short-range part of the potentials stays unchanged
with variance of the temperature. The similar behavior of effective interionic
potentials with change of concentration was observed by Hess et al. [31]. This
allows us to assume that the short-range part of the effective NaCl potentials is
thermodynamically transferable (T,C), while the non-transferable long-range
part can be described by concentration- and temperature-dependent dielectric
permittivity. The assumption only holds for the same solvent, normal pressure
condition and range of temperatures corresponding to liquid water. Note how-
ever, that this transferable behavior is not granted for other systems, such as
large ions or complex molecules, where hydrophobic interactions can become
more important.

The second considered system (DMPC phospholipid) can be seen as an
example of such complex system where hydrophobic interactions prevail. We
extended the 10-bead model of Lyubartsev [74] by additional angle-bending
potential, and investigated the impact of the reference system composition on
properties of CG bilayer simulated using these potentials.

The properties demonstrate notable concentration dependence, however,
introduction of additional angle-bending interactions, slightly soften this de-
pendence. We found it promising, that all sets of potentials, being based on
unordered lipid/water mixture, provided stable bilayer having correct density
profiles as well as acceptable correspondence between properties of coarse-
grained and atomistic bilayers. Noteworthy, the best agreement was achieved
with potentials based on reference atomistic system having lipid:water concen-
tration of 1:30, which corresponds to full hydration of DMPC headgroup [87].
In addition to the reproduction of structural properties, the bilayer model un-
dergo liquid-gel phase transition with lowering the temperature, demonstrating
that structure-based coarse-graining is capable to account certain thermody-
namic effects of the reference system.

Apart of the bilayer study, the model was successfully tested in large scale
simulations of bilayer, bicell and vesicle self-aggregation from a dispersed
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lipid solution. The model has shown realistic hydrophobic behavior, declin-
ing the need in additional artificial interactions or constraints.
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