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Simulations of glasses: multiscale modeling and
density of states Monte-Carlo simulations

J. GHOSH†, B. Y. WONG†, Q. SUN†, F. R. PON†‡ and R. FALLER†*

†Department of Chemical Engineering & Materials Science, UC Davis, Davis, CA 95616, USA
‡Intel, Folsom, CA 95630, USA

(Received November 2005; in final form January 2006)

We show the application of two recent developments in molecular simulations, density of states (DOS) (Wang–Landau)
Monte-Carlo and multiscale modeling, to the understanding of the glass transition.

First, we review DOS Monte-Carlo using the two-dimensional Ising model without external field on lattices of varying
size. We point out that we can analyze the resulting densities of state in a canonical and a microcanonical way starting from
the same simulations. The heat capacity is discussed in both ensembles. Results from both ensembles of off-lattice
simulations of a model binary glass former are compared as well.

Subsequently, a self-consistent systematic mapping procedure for molecular models from the atomistic to the mesoscale is
presented. It allows to efficiently derive mesoscale models with fewer interaction centers from atomistic models preserving
the molecular identity. We use the optimization of a corresponding mesoscale model for atactic polystyrene (a good glass
former) in the melt as an example. Simulations of different temperatures using this model allow some insight into the glass
formation of this system.

We point out the strengths and weaknesses of these approaches and give an outlook towards their combination.

Keywords: Monte-Carlo; Molecular dynamics; Density of states; Multiscale modeling; Glasses

1. Motivation

The transition from a liquid to an amorphous solid that

occurs upon cooling in some systems and under some

circumstances remains one of the largely unresolved

problems of statistical physics [1,2]. At the experimental

level, this glass transition is generally associated with a

strong increase in all relevant relaxation times of the

system. This results in a departure of laboratory

measurements from equilibrium. A number of theoretical

models have been proposed to explain this transition: It

may be triggered by an underlying ideal thermodynamic

glass transition [3] which is believed to occur at the

Kauzmann temperature TK, where only one minimum

energy basin of attraction is accessible to the system. Such

a transition has, however, not yet been seen in

experiments. This type of argument goes back to Gibbs

and diMarzio [4]. Recent studies using replica methods

have supported such a transition in Lennard–Jones glass

formers [3,5,6]. Experiments and other simulations do not

support this view. Notably, simulations of hard disks have

failed to detect any evidence of a thermodynamic

transition up to extremely high packing fractions [7]. It

is not clear if discrepancies in the reported behaviors of

different systems are due to fundamental differences. If

this is the case, we have to find out which are the decisive

characteristics governing the different scenarios. Other

theories have attempted to establish a connection between

the glass transition and the rapid increase in relaxation

times in the vicinity of a theoretical “mode-coupling”

temperature TMCT giving rise to a “kinetic” transition [8].

Both viewpoints have received support from molecular

simulations [9–12]. Very low temperature simulations

have generally been avoided, and extrapolations are

routinely used to infer low temperature behavior [5,13–

15]. This stems from the fact that simulations near or even

below a glass transition are notoriously difficult, and the

results must be considered with caution. The relevant time

scales below TMCT or Tg (glass transition temperature) are

too long to be sampled by conventional molecular

dynamics. For Monte-Carlo techniques, it has been

difficult to establish what extent available studies have
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succeeded in sampling all relevant regions of phase space,

particularly at low temperatures and elevated densities. In

order to address fundamental questions of glasses, we

require advanced molecular simulation techniques. Two

such techniques are presented in this contribution.

2. Introduction

2.1 Density of states Monte-Carlo—statistical
mechanical background

Density of states (DOS) Monte-Carlo, or after its inventors

Wang–Landau sampling, has been very successful

keeping in mind that it is only a few years old [12, 16–

23] basing on an earlier idea from de Oliveira et al. [24].

For a number of systems, it has been shown that it often is

more efficient than traditional Monte-Carlo [12,16,17].

The beauty of the technique is mainly its simplicity, both

from a conceptual and an algorithmic standpoint. This

makes it appealing to applications in all fields of

molecular simulation.

Let us shortly review the fundamentals of Monte-Carlo

simulations in general and DOS Monte-Carlo in particular.

A Monte-Carlo simulation is based on visiting represen-

tative microstates of the system in order to calculate

integrals over phase space, for instance, thermodynamic

averages or partition functions. At any given point, during

the simulation, the system is in one defined microstate p,

a single point in phase space and the algorithm then

proposes a jump to a new microstate p0. This transition is

accepted with a transition probability P( p, p0). Otherwise,

the original state is counted again. These transition

probabilities are normally prescribed in terms of

macrostates P(E), which for simplicity in the following

discussion depend only on energy. Generalizations to

other extensive macroscopic variables (like N or V) are

straight forward. Every macrostate corresponds to a phase

space volume rather than a single point.

In order for a Monte-Carlo algorithm to be correct, the

following rate equation has to be fulfilled at equilibriumX
p0

p ð pÞPð p; p0Þ ¼
X
p0

p ð p0ÞPð p0; pÞ; p – p0: ð1Þ

Here p ( p) is the probability of the system to be in state

p. This states the obvious prerequisite that for a

distribution function to be stationary (i.e. at equilibrium)

the number of transitions into and out of a given state have

to be equal. In most simulations, actually the stricter and

more widely known criterion of detailed balance is

observed

p ð pÞPð p; p0Þ ¼ p ð p0ÞPð p0; pÞ; p – p0: ð2Þ

The probability of a macrostate P(E) to be visited can be

written as

pðPðEÞÞ ¼ pðEÞ / wðEÞVðEÞ ð3Þ

where V(E) is the number of states, i.e. different

realizations of the energy E in terms of microstates.

Since a macrostate only is characterized by its energy, we

can write pðPðEÞÞ ¼ pðEÞ. The number of states reads

VðEÞ ¼

ðð
Phasespace

dðE0ð{r; p}Þ2 EÞd 3Nrd 3Np ð4Þ

and w(E) is a weighting function which is prescribed by

the ensemble we are interested in. Note that this is a

weighting function, and not a probability. It is, thus, not

normalized. In most Monte-Carlo simulations, only the

integration over configuration space (the space spanned by

the positions alone) is taken into account. The momenta

are typically assumed to behave according to a Maxwell–

Boltzmann distribution according to the temperature. In

the most prominent example of the canonical ensemble

wðEÞ ¼ exp ð2bEÞ; b ¼ ðkBTÞ
21: ð5Þ

However, equation (3) is valid independent of the

ensemble. Most often transition probabilities are pre-

scribed by the Metropolis algorithm [25] which satisfies

detailed balance

Pð p; p0Þ ¼ min 1;
wðEð p0ÞÞ

wðEð pÞÞ

� �
: ð6Þ

The purpose of the DOS algorithm is to obtain a p(E)

which is independent of energy. We have to realize that in

a simulation p (E) is approximated by a histogram of

energies. According to equation (3), we see that if we

perform a simulation which realizes a flat histogram, the

applied weight w(E) is proportional to the inverse of the

DOS. A flat histogram means that all energies are visited

during the simulation with equal probability. Furthermore,

we have to realize from basic statistical mechanics that by

obtaining the DOS our problem is solved as all other

properties can be derived from V(E). Moreover, if we

eventually obtain a flat histogram, we cover the energy

landscape homogeneously and do not get stuck in deep

minima. During the process of obtaining the flat

histogram, the simulation can get stuck and consequently

sample only a local neighborhood of a minimum for some

time but this happens less often than in standard

simulations

Technically, the DOS algorithm starts with a guess of

the DOS V0 (E) (which is often set to be uniform

V0 (E) ¼ c) and performs a random walk in energy space

using the Metropolis like acceptance criterion

pacc ¼ min 1;
WR

newV
0ðEoldÞ

WR
oldV

0ðEnewÞ

� �
ð7Þ

where W R is the Rosenbluth weight of the corresponding

move which has to be taken into account for biased

techniques. After every move, the current estimate of the

DOS for the energy the simulation is visiting V(Evisit) is

multiplied by a factor f . 1 to discourage further visits to

this energy. This obviously violates detailed balance.

However, f is decreased during the course of the

simulation and the violation of detailed balanced is

reduced. f is decreased and the energy histogram erased
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when the histogram of energies is flat. Eventually, the

convergence factor approaches f ¼ 1 and detailed balance

is restored [16].

The Wang–Landau algorithm yields the DOS V(E)

without using a particular ensemble during the simulation.

This provides the unique opportunity to analyze the results

from the very same simulation in different ensembles. It

has been identified earlier that by using histogram

reweighting [26,27] simulations performed in a given

ensemble can be analyzed using another or the same

ensemble under different conditions. The DOS can be

obtained and simulations can then be analyzed micro-

canonically even if the original simulation was performed

in a canonical way [28]. The difference is that DOS

simulations are a priori independent of any ensemble and

target directly the DOS. There is no “best” or “natural”

ensemble to analyze the data.

Statistical mechanics identifies the entropy as

SðEÞ ¼ kB lnVðEÞ ð8Þ

and this serves as direct connection to thermodynamics.

One caveat is that the algorithm yields the DOS only to

within a arbitrary constant. This is because the actual

number of histogram entries is proportional to the length

of the simulation. We only know the entropy exactly if we

know the degeneracy of the ground state (or any other

state). Otherwise, we obtain an entropy which is shifted by

a constant

S0ðEÞ ¼ SðEÞ þ S0: ð9Þ

Using the microcanonical (NVE) ensemble we can use

the original definition to obtain temperature

T 21ðEÞ ¼ ›ESðEÞjN;V : ð10Þ

Note, that there is no temperature in the DOS

simulation. The additive constant in the entropy is

irrelevant here and for any other thermodynamic property.

Inverting equation (10) yields the typically more

interesting function E(T) and by cV ¼ T›TSjV or cV ¼

›TEðTÞjV we obtain the (isochoric) heat capacity in the

microcanonical ensemble. This analysis is performed by

numerically deriving the DOS or entropy with respect to

energy after a completed DOS simulation. Any analysis

may only be performed after the simulation is completed.

Only then the DOS is known with the desired accuracy.

This means that a running average over the simulation

does not yield the correct value for any observable as the

simulation does not reproduce representative members of

the ensemble as a standard Monte-Carlo simulation but

purely leads to the DOS in the end.

Most applications of the DOS algorithm use another

way, the canonical method, to calculate properties. In the

canonical (NVT) ensemble, the ensemble average of any

property can be calculated from

kAðTÞl ¼
P

AðEÞVðEÞ exp ð2bEÞP
VðEÞ exp ð2bEÞ

; b ¼ ðkBTÞ
21 ð11Þ

if the property A was recorded during the simulation as a

function of energy. Energy and heat capacity can be

calculated without additional measurements. They read

kEðTÞl ¼
P

VðEÞE exp ð2bEÞP
VðEÞ exp ð2bEÞ

ð12Þ

kcV ðTÞl ¼
P

ðE2 kEðTÞlÞ2VðEÞ exp ð2bEÞP
VðEÞ exp ð2bEÞkBT 2

: ð13Þ

Other properties can be calculated from the canonical

partition function or the free energy

FðN;V ; TÞ ¼ 2kBT ln Zcan

¼ 2kBT ln

ð1
21

dEVðEÞ exp ð2bEÞ:
ð14Þ

Different ensembles are only required to be equivalent

in the thermodynamic limit of infinitely large systems.

This limit does not apply in a computer simulation with a

finite system size. Therefore, a number of finite-size

scaling algorithms have been introduced [29–31] to

obtain properties in the thermodynamic limit.

2.2 Multiscale modeling of polymeric glass formers

Many industrially relevant glasses are polymeric. For

example, a very abundant glass former is atactic

polystyrene. However, it is well known that one of the

most challenging problems in polymer simulations is the

interplay of many different length scales. These range

from atomic bonds to macroscopic length scales in

applications. With different experimental techniques, this

spectrum is readily covered. Structural and rheological

characterization using neutron scattering [32,33], NMR

spectroscopy [34], atomic force microscopy [35],

thermodynamic studies [36] and many other methods

obtained a detailed picture of the static and dynamic

properties of polymeric systems from local mutual chain

arrangements up to the behavior of the polymeric material

in applications. The situation is different in theory and

simulations, where techniques covering the whole range of

length scales in a fully combined manner do not exist to

date. Coarse-graining, the systematic mapping of various

length scale models onto each other, has made significant

progress in modeling homopolymers and polymers in

solution [37–53]. Some very promising work in automa-

ting the mapping of microscale to mesoscale models

[42,43,47,54,55] has demonstrated the potential of

combining simulation techniques. There is a strong need

for large scale models which keep a stronger identity of

the underlying polymer in order to be able to

quantitatively compare to experiments. Recently, it has

been shown that such structurally coarse-grained systems

can be used to estimate entanglement lengths of polymers,

for polystyrene and polycarbonate [52,53].

The technique discussed here relies on the concept of

superatoms. This means that a part of the polymer chain

comprising a few atoms (typically 10–30) is represented

Simulations of glasses 177
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by one interaction center, a superatom. The interaction

between superatoms carries implicitly the information of

the interactions between the atoms. Although the choice of

superatoms is arbitrary, in principal it is desirable that the

distance between super-atoms along the chain is rigid

defined as then effective harmonic bonds can be applied

[48].

The iterative Boltzmann method (IBM) is a successful

approach for structural coarse-graining of polymers

[47,48,50,54]. It is designed to optimize a mesoscale

model against the structure of an atomistic simulation. The

method bases on radial distribution functions obtained

from an atomistic simulation. In the limit of an infinitely

diluted solution, one could use the potential of mean force

gained by Boltzmann inverting the pair distribution

function to get an interaction potential between mono-

mers. However, in concentrated solutions, melts, or

glasses the structure is defined by an interplay of the PMF

with local packing effects. Thus, a direct application of the

potential of mean force is not correct. Still the potential

can be used by the IBM. A polymer melt is simulated in

atomistic detail to obtain a pair distribution function. For

low molecular weight systems, a direct simulation in the

glassy system may be possible. We then start a mesoscale

simulation only containing superatoms with an initial

guess for the potential. Then the mesoscale simulation is

analyzed and and the radial distribution functions are

compared. Now a correction potential

DVðrÞ ¼ 2kBT lnDRDFðrÞ ð15Þ

is determined with the difference of distributions

DRDFðrÞ ¼ RDFatomðrÞ2 RDFmesoðrÞ: ð16Þ

It becomes immediately clear from this approach that

the potential which results from this technique is

completely numerical.

3. Applications of advanced methods to glass formers

After the presentation of the two techniques, we now show

sample applications for glassy systems.

3.1 Simulations using DOSMC

We first show DOS simulations of a two-dimensional Ising

system for various system sizes and analyze the results in

terms of the canonical and the microcanonical ensemble to

demonstrate the non-equivalence of ensembles from the

same DOS. Additionally, we present the application of the

algorithm to a model glass former.

3.1.1 Ising model. We performed simulations of the two-

dimensional Ising model without magnetic field on a

square lattice with N £ N fields with N # 64. We realize

that these are very small systems. Thus, they show the

difference in finite size scaling more clearly and are

therefore better for our purpose here. The energy in our

units is

E ¼
X
pairs

0:5ðA ¼ BÞ ð17Þ

with A and B either 0 or 1 being the values of two

neighboring fields which leads to Emin ¼ 0 and Emax ¼ N 2

for N. The critical temperature at which a phase transition

occurs is in this set of units, i.e. coupling constant

J ¼ 0.25, Tc ¼ 0.56725 [56].

Our simulations use only simple spin flips which are trial

moves that change the value of one field at a time. As

acceptance is not a problem for this algorithm, more

elaborate moves were not necessary. The simulations

followed the original prescription of Wang and Landau

[16], which begins with an initial DOS V(E) ¼ 1 for all

macrostates. For numerical reasons, we store

ðS=kBÞ ¼ lnVðEÞ.

We used the very strict criterion of the energy with the

minimum number of visits being at least visited 99% of

the average before we lower the convergence factor. This

was done in order to maximize the accuracy at a given f in

order to minimize overall runtime. The computer time per

iteration increases dramatically with decreasing f if

imperfections from earlier iterations are inherited. Of

course, the energy states E ¼ 1 and E ¼ N £ N 2 1 were

disregarded since they cannot be achieved. We achieve the

full calculation of the DOS of this system for N ¼ 16 in 3 h

on a Pentium 4 with 2 GHz.

The Ising model was simulated for all even system sizes

between N ¼ 2 and 32 as well as for a few larger systems

and the corresponding densities of states were recorded.

We calculated the heat capacities as described above in the

canonical and the microcanonical way (cf. figure 1). In the

case of the microcanonical heat capacity, we use running

averages of five neighboring points after the derivative is

taken, as the data is very noisy due to the numerical

derivatives. Additionally, we performed a number of

independent runs, where we initialized the random

number generator differently and averaged over the

resulting densities of states. The point of the maximum

heat capacity was defined to be the transition temperature,

as it is well defined in both ensembles. Using the canonical

analysis, we could have determined the transition

temperature by obtaining probability distributions for

different temperatures. At a phase transition, the

probability to be in the two phases is equal, thus, the

area under the peaks corresponding to the different phases

is equal. This equal-area condition has, however, no direct

microcanonical counterpart.

For the same system size, the peaks in the heat capacity

using the canonical definition is less sharp than in the

microcanonical case. Especially, the peak heights are

different. We do not reach peaks heights over cV ¼ 2.5 in

the canonical case for system sizes of N # 64. However,

the microcanonical ensemble readily reaches over cV ¼ 3

for N ¼ 20. We clearly see the difference of ensembles.
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We also observe that the transition temperature defined by

the maximum of the heat capacity curve is generally

higher using the microcanonical analysis than in the

canonical case (figure 2). This suggests that the canonical

transition temperature is a better estimate of the infinite

size transition temperature even as the heat capacity is not

as sharply defined. We have to point out, however, that the

microcanonical analysis suffers from numerical difficul-

ties due to the nature of numerical derivatives. This could

lead to the effect of missing small features. If the statistical

accuracy of the DOS is not extremely well converged, then

the canonical ensemble analysis is by its intrinsic

additional averaging generally superior.

3.1.2 Model glass. The effects of different ensembles are

not limited to simple lattice systems but apply to glasses as

well. This is especially noteworthy, as in the simulation

literature often glassy systems with very few particles are

studied [6] such that large practical implications can be

expected. We determined the energy vs temperature curve

for a simple model glass former [57]. We recently studied

the system using DOS Monte-Carlo [12]. The data

presented here is independent of the earlier study. The

model consists of a binary mixture of Lennard–Jones

particles, 80% A and 20% B. A total of 250 particles is used

in our calculations as even with such a powerful technique

the simulation lengths are prohibitive. The interaction

parameters between particles of species A and B are

eAA ¼ 1.0 and sAA ¼ 1.0, eBB ¼ 0.5 and sBB ¼ 0.88 and

eAB ¼ 1.5 and sAB ¼ 0.8. The density is 1:204s23
AA . We

use particle identity swap and simple translation moves for

this system. For this model, it was actually extremely

difficult to get flat histograms over the very wide energy

region from 21850 to 21400 which covers the relevant

temperature ranges. First, we performed simulations in 18

small overlapping energy windows (21850 ! 2 1800,

21825 ! 2 1775 and so on). After obtaining the DOS in

the individual windows, we joined them by shifting the

DOS to overlap in the common energy ranges, which

resulted in a singled DOS. We did not try to push for

f , 1025 but after we obtained the DOS for the whole

range we continued to update it at f ¼ 1025 for more than

2 million steps. Once the DOS covered almost the full

energy range we found the final DOS from which the

subsequent analysis started. We show in figure 3, the

comparison of the energy using the microcanonical and

canonical analysis for the binary Lennard–Jones glass.

The energy curves are very similar. In figure 3, we also

show the comparison of the canonical and microcanonical

heat capacities using the approaches mentioned earlier.

Although the numerical derivative of the microcanonical

data is very noisy, we still see a clear trend comparable to

the canonical data. At very low temperatures (energies)

even the DOS technique has difficulties to converge

perfectly leading to weak noise in the canonical heat

capacity as well.

We find a peak in the heat capacity and a kink in the

energy vs temperature. This is consistent with findings of

Grigera et al. for a related glass former [6]. In that case,

the transition temperature was very close to the theoretical

Kauzmann temperature. As we do not find any hints for a

structural transition, we can conclude that we find a

transition reminiscent of a glass transition although the

nature of the transition is not completely clear yet.

Our transition temperature is actually very close and
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Figure 1. Canonical (top) and microcanonical heat capacity (both
divided by N 2) for the two dimensional Ising model calculated using the
same system. In the canonical case, we show N ¼ 2, 4, 6, 8, 10, 12, 14,
16, 18, 20, 32, 48 and 64 from bottom to top. In the microcanonical case,
we show N ¼ 10, 12, 14, 16, 18 and 20.
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Figure 2. Canonical and microcanonical transition temperature (defined
by the peak of the heat capacity) depending on system size for the two
dimensional Ising model calculated using the same simulations.
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in agreement with earlier data of mode coupling

temperature data [58]. The study in both ensembles

shows qualitatively similar results but the quantitative data

are slightly different.

3.2 Results of the coarse grained glasses

We now show how multiscale modeling can help in the

understanding of a polymer under cooling. We developed

a model for the glass former polystyrene (PS) [50] using

the iterative Boltzmann technique. In figure 4, we show

the resulting potential.

The atomistic simulations on which the model is based

have been performed at 450 K using the forcefield from

[59]. The atomistic systems contained 24 chains of length

15 monomers. Coarse-grained simulations have been

performed for various chain lengths between 15 and 240

monomers [53]. All the coarse-grained data presented here

is simulated at chain length N ¼ 30. The temperature and

pressure of the atomistic simulations are kept constant

using Berendsen’s weak coupling method [60]. The

coarse-grained simulations are performed under constant

volume and the temperature is kept constant by using

Brownian dynamics. As the coarse-graining approach

obtains a potential under the same conditions as the

atomistic simulations (T ¼ 450 K, p ¼ 101.3 kpa) it is not

clear how such a model fares under different conditions,

e.g. at different temperatures. We also performed some

simulations at 380 K [61]. The atomistic simulations have

been performed for atactic and randomly polymerized

polystyrene. As the RDFs in the melt and the glass are

expected to be similar, we trust that simulations of our

model can estimate the behavior at lower temperatures.

Polystyrene is a good glass former; the application of the

mesoscale model to polystyrene glasses is an independent

critical test of this approach.

Figure 5 shows the radial distribution functions of PS

chains at various temperatures. Here, as in all other
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Figure 3. Top: canonical and microcanonical potential energy as a
function of temperature of a binary Lennard–Jones glass. Lower: heat
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Figure 5. Radial distribution functions between monomers of
polystyrene at different temperatures. Top: mesoscale model (30
monomers). Lower: atomistic simulations (15 monomers). Note that for
the atomistic simulations the intramolecular contributions have not been
taken out for statistical reasons.
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figures, the atomistic simulations are performed for chains

of length 15 and the mesoscale chains have length 30. The

dimensionless temperature T ¼ 1 corresponds to the melt

at which the system was optimized. The radial distribution

functions actually depend slightly on chain length for the

mesoscale model. At T $ 0.8, we observe a clear melt

structure and with lowering temperature the structure gets

more pronounced. At the lowest temperature it shows

clear signs of crystallinity (cf. figure 6). The temperature

effect on the mesoscale model is stronger than expected

for a glass forming system and it apparently has a

tendency to crystallize. This clearly shows that the

analysis of a mesoscale model under changed conditions

has to be taken with caution.

We now analyse the dynamics of the atomistic and the

mesoscale model at selected temperatures. Figure 7 shows

the mean-squared displacements for atomistic and

mesoscale PS. The corresponding diffusion coefficients

for the mesoscale model are found in table 1. Clearly,

lowering the temperature has a slowing effect on the

dynamics in both models. In the mesoscale case, there is

some evidence for a qualitative change at low tempera-

tures. For T ¼ 0.35, the mean squared displacement is no

more parallel to the higher temperatures. There is a

transition (possibly crystallization) taking place. However,

this transition is clearly lower than the experimental glass

transition temperature. If we map the atomistic tempera-

ture of 450 K to T ¼ 1 in the mesoscale model we obtain a

dynamic change around 150 K which is far below the glass

transition temperature of 373 K for atactic PS. The

atomistic simulations at 380 K show a clear slowing down

as well and are in qualitative agreement with the expected

glass temperature. This indicates that the dynamical

mapping needs be improved. In order to remove the

tendency of crystallization probably a distinction between

meso and racemo dyads needs to be added as well.

Analyzing the mean-squared displacements of the

center of geometry of chains from atomistic simulations

we have to take into account that the data at 380 K is a

random mixture of head-to-head and head-to-tail poly-

styrene, whereas, at 450 K the polystyrene is an atactic

configuration. However, the difference between these is

only expected to be minor. Much more important is the

strong temperature influence. The lower temperature is

just above the glass transition temperature. Clearly,

atomistic simulations of 5–10 ns are too short for coming

even close to equilibration. A coarse-grained approach is

clearly needed. However, the atomistic simulations at the

lower temperature exhibit a plateau-like dynamics

indicating a cage effect. The length scales in figure 7

have been mapped by the distance of peaks in the

Figure 6. Snapshot of the coarse-grained simulation at T ¼ 0.35. The
system clearly shows signs of crystallinity.

102 103 104 105

unit time

0.1

1

10

100

1000

m
sd

 (
nm

2 )

T = 0.35
T = 0.4
T = 0.5
T = 0.6
T = 0.7
T = 0.8

1 10 100 1000 10000
t [ps]

10–1

10–2

10–3

10–4

m
sd

 (
nm

2 )

T = 380 K
T = 450 K

Figure 7. Left: mean squared displacement of mesoscale polystyrene
(30 monomers) at different temperatures. Right: atomistic mean-squared
displacements of polystyrene with chain length 15 monomers.

Table 1. Diffusion constants (D) of PS chain length of 30 at various
temperatures.

Temperature D (1025 cm2/s)

0.35 0.3697
0.4 0.9968
0.5 1.5950
0.6 2.5229
0.7 2.7673
0.8 3.1590
1.0 3.6787
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potentials and radial distribution functions. We refrained

from mapping the time-scales as it would be ambiguous.

For this longer atomistic simulations reaching into free

diffusion would be highly desirable

In summary, the mesoscale model developed for

polystyrene melts can help in a description of the glass

transition of polystyrene but an improved model will be

necessary for a more quantitative description.

4. Conclusions and outlook toward a combination
of the approaches

It is clear that both DOS Monte-Carlo as well as multiscale

modeling are important techniques which can help in the

understanding of the glass transition. It also becomes clear

that the modeling of the glass transition even with such

advanced techniques is still not in a satisfactory state and

much remains to be done.

We showed that DOS Monte-Carlo has in addition to its

well-known benefits, the advantage that one can

investigate the same system in different ensembles. It

allows us to demonstrate different finite size scalings in

small Ising systems. We showed that also for a simple off-

lattice system these effects are noticeable if the system

size is small enough. Especially, in the area of simulations

of model glasses small system sizes where even less than

100 particles are regularly discussed [6,13] the effect of

different ensembles becomes important.

We also see that for systems where the structure and

dynamics changes only slightly between different

conditions, we can use the potential over a larger

temperature range.

Let us conclude with an outlook to the combination of

the two techniques. We performed atomistic simulations

of ortho-terphenyl (OTP) at various temperatures. The

details will be published elsewhere [62]. Figure 8 shows

the mean squared displacements of these molecules at

high and low temperatures. Clearly, below Tg < 260 K

[62] a glass plateau is observed. But even for a small glass

former simulations for more than 10 ns become very

tedious. So we determined the radial distribution functions

of the rings of OTP as prerequisite for coarse-graining.

Figure 9 shows these radial distribution function in bulk

and in a free standing film at 230 K, which is below

the glass transition (<260 K for this model). We see that

the RDFs are very similar, thus, giving promise that the

coarse-graining from the bulk is also applicable for thin

films. Moreover, we found that the radial distribution

function and structure factor of OTP is almost independent

of temperature over a very wide temperature range [62].

This suggests that the structural mesoscale model should

be better applicable for the glass study than in the case of

polystyrene as the problem of tacticity does not interfere

in that case. As a coarse-grained OTP will have only three

sites a DOS Monte-Carlo calculation both in bulk and free

standing films will be possible. This will pave the way for

future studies of even more complicated glass formers.
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