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Introduction

M
olecular simulation has become increasingly promi-
nent in scientific research over the last several dec-
ades, gaining widespread utilization across physics,

chemistry, materials science, and engineering disciplines.1,2

Its rise in popularity has been driven by advances in the
design of computational hardware and simulation algorithms,
which have resulted in an astronomical increase in the com-
putational complexity of problems that can be addressed
with such methods, with estimates suggesting that the effec-
tive improvement has been more than nine orders of magni-
tude since the late 1970s3,4 [Karplus and coworkers3

performed the first molecular dynamics (MD) calculations of
a model protein in 1977, simulating an approximately 500-
atom system comprised of bovine pancreatic trypsin inhibitor
in vacuo for about 100 ps. In 2010, Shaw et al.4 performed
millisecond long MD simulations of bovine pancreatic tryp-
sin inhibitor in explicit solvent using a system containing
more than 104 atoms. A conservative estimate with the
assumption that the computational complexity (i.e., number
of mathematical operations) scales linearly with system size
and the simulated time, therefore, yields an effective
improvement of 109.] This remarkable trend has enabled
molecular simulation to complement experiments in the
development of rational strategies for engineering molecular
interactions to control the nanoscopic and macroscopic (ther-
mophysical) properties of matter.

Because this bottom-up design paradigm holds great
promise for systematically improving processes ranging from
petroleum refining to pharmaceutical formulations, chemical
engineers have embraced molecular simulation and made it
an integral part of the discipline. Chemical engineers, work-
ing in parallel and often collaboratively with physicists and
chemists, have significantly advanced the field of molecular

simulation. They have done so by improving algorithm
design and developing new ways of using available computa-
tional hardware to solve problems of increasing physical
complexity. As a result, the role of molecular simulation in
chemical engineering has evolved rapidly. Less than 3 deca-
des ago, the state of the art was embodied by the first direct
simulations of phase equilibria for simple fluids such as
argon.1,5 Today, chemical engineers routinely apply molecu-
lar simulation to study challenging problems related to drug
design6 and formulation;7–9 biomolecular crowding;10 protein
folding11 and aggregation;12,13 wetting phenomena14,15 and
hydration thermodynamics;16–20 nucleation and growth proc-
esses;21–24 the thermophysical properties of complex
fluids25–29 such as ionic liquids30,31 and liquid crystals;32 the
phase behavior of polymeric, colloidal, and self-assembled
systems;33–43 and the synthesis, design and characterization
of advanced materials44–53 for applications ranging from
adsorption-separation processes54–59 to energy conversion
and storage.60–62

In this Perspective, we highlight recent computational

studies by chemical engineers that in our view, capture the

state of the art in the field of molecular simulation. A similar

Perspective by de Pablo and Escobedo in 20021 serves as a

historical point of reference. A comparison with this Per-

spective illustrates the fact that although major strides have

been made in the intervening period, many of the challenges

remain qualitatively, albeit not quantitatively, the same. One

of the most significant challenges is overcoming the compu-

tationally demanding nature of simulating physical systems

and processes governed by mesoscopic length and time-

scales.1,2 Because the computational complexity of problems

addressed with molecular simulation continues to increase

and keep pace with progress in developing new strategies to

address length and timescale constraints, major challenges

constantly arise at the frontiers of molecular simulation and

will continue to do so for the foreseeable future.
We begin by briefly discussing the overarching goals of

molecular simulation and the main classes of computational
algorithms that are used in the field, which fall into two
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categories: MD and Monte Carlo (MC). The length and
timescale problem, which has historically been a significant
impediment to the application of molecular simulation to
many systems, is also discussed in the context of such algo-
rithms. We then highlight contributions from chemical engi-
neers that use advanced strategies designed to circumvent
the length and timescale limitations of conventional
approaches. One prominent strategy is coarse-graining,2

which aims to overcome the length and timescale problem
through the development of physically accurate models of
minimal computational complexity. We also discuss the
application of algorithms designed to compute free energy to
identify equilibrium states63–65 and rare event methods66

used to study processes that occur infrequently on the time-
scales accessible with molecular simulation. Some of the
advanced algorithms used in these studies were previously
discussed by de Pablo and Escobedo1 at a point when they
were still in their early stages of development. As these
authors correctly predicted,1 such methods have seen signifi-
cant improvements that have played a key role in the evolu-
tion of the field and the design of new, more powerful
algorithms. Because the technical details of the methods are
beyond the scope of this Perspective, we focus our attention
on the physical insights that can be gained with such
approaches rather than on the techniques themselves.
Although our discussion is limited to systems that can be
modeled with classical mechanics, we note that chemical
engineers have also made significant advances in the applica-
tion and development of quantum chemistry techniques to
study chemical reactions and the electronic properties of
materials (e.g., refs. 67–70).

Fundamentals of Molecular Simulation

The aim of molecular simulation is to explore the role of
molecular interactions in driving dynamical processes and
shaping the structural and thermodynamic properties of mat-
ter. Molecular models are constructed from empirical func-
tions, or force fields, that are used to describe interactions
arising between molecules (e.g., van der Waal’s and Cou-
lomb forces) and those responsible for stabilizing their inter-
nal structure, such as chemical bonds.2 The properties of
model systems, which range from a few dozen to trillions of
molecules in size, are investigated by using such force fields
in conjunction with computer algorithms designed to numeri-
cally solve the equations of classical statistical mechanics
(MC) or Newtonian mechanics (MD).

At equilibrium, statistical mechanics dictates that the prob-
ability density associated with the observation of a particular
molecular arrangement in a system containing N molecules
at a constant temperature and volume is given by the Boltz-
mann distribution:

} xN
� �

5Z21exp 2bU xN
� �� �

(1)

where U is the potential, or configurational energy, of the
system; xN is a vector containing the Cartesian coordinates
of all the atoms in the system; b 5 (kBT)21 is the inverse
temperature; kB is Boltzmann’s constant; and Z5Ð

exp 2bU xNð Þ½ �dxN is the partition function. Molecular sim-
ulation techniques use numerical algorithms to generate a

large number, or an ensemble, of configurations distributed
according to Eq. 1, evaluating U and the forces acting on
molecules from the atomic coordinates using an empirical
force field. Properties such as energy, pressure, and various
structural quantities are computed by the direct averaging of
their instantaneous value over a series of statistically uncor-
related configurations generated during the course of sam-
pling.2,71 Other thermophysical properties, such as the heat
capacity and isothermal compressibility, are evaluated from
the variance associated with instantaneous properties.71

There are also important kinetic contributions to many equi-
librium properties that are related to the average momentum
of the molecules in the system. Such contributions, however,
can be evaluated without the use of simulation because they
are independent of atomic configurations and can, therefore,
be found by the exact integration of the equilibrium momen-
tum distribution (i.e., Maxwell’s distribution).2,71

Molecular simulation methods use two general types of

algorithms to solve the equations of statistical mechanics.

MD generates configurations by the numerical solution of

Newton’s equations of motion to propagate the system in

time, following a deterministic trajectory that is fully speci-

fied by the momenta and the positions of the molecules at

the beginning of the simulation.2,71,72 Because Newton’s

equations of motion naturally conserve the total energy of

the system (kinetic plus potential), they are often modified

with a thermostat that adds and dissipates energy during the

simulation to maintain a constant temperature in accord with

Eq. 1.2,71,72 MC methods, on the other hand, produce sto-

chastic trajectories by the movement of molecules in the sys-

tem at random to generate new configurations that are either

accepted or rejected on the basis of criteria designed to

ensure that the correct distribution (i.e., Eq. 1) is sampled at

the desired temperature.2,64,71 Other well-known distributions

that describe, for instance, systems at constant temperature

and pressure,2,71 can also be sampled with MD or MC. Both

methods are rigorous in the sense that they will asymptoti-

cally sample from the exact target distribution.2,71 The errors

associated with the estimates of equilibrium properties

obtained from MD and MC are, therefore, statistical in

nature and will, in principle, decrease as the duration of the

simulation is extended.71

Even though MD and MC can sample from the same equi-

librium distributions, it is often advantageous to choose one

method over the other depending on the application. Because

MD follows the natural time evolution of the system, it can be

used to investigate nonequilibrium processes and to compute

properties related to the system’s relaxation dynamics at equi-

librium (e.g., diffusion coefficients, viscosity, etc.).2 In con-

trast, there is no natural measure of time in MC simulations

because molecules move in an artificial, stochastic manner

that is not constrained by physical transport processes. As a

result, MC methods are in general only used for examining

thermophysical and structural properties at equilibrium.2 The

fact that MC simulations are not restricted by physical time-

scales, however, can be a significant advantage. Through the

design of clever ways to move molecules in MC simulations,

sluggish physical processes can be artificially accelerated or

even bypassed.1,64 This allows equilibrium to be reached

much faster than in conventional MD simulations, potentially
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reducing the computational effort required to perform sam-

pling by orders of magnitude. Improvements in the sampling

efficiency have also been realized by advanced methods

that combine aspects of MC and MD.71 An in-depth discussion

of MD and MC algorithms, the relative merits of the two

methods, and more advanced simulation techniques can be

found in several reviews and perspectives that have been writ-

ten by chemical engineers for a general audience.1,2,64,72,73

Simulations are typically initiated from configurations that
are not representative of the system’s most probable state
because it is generally not known a priori. Consequently,
they must evolve toward sampling regions of configuration
space that are more statistically favorable according to
Eq. 1. This process can be tracked by periodic monitoring of
the simulation with a set of order parameters:

/ðxNÞ5f/1ðxNÞ;/2ðxNÞ; :::;/nðxNÞg

These order parameters are calculated from the atomic
coordinates of the system,63,74 and they are usually chosen
on the basis of physical intuition to provide information
regarding the system’s state that is useful for understanding
the problem at hand. Examples include the system’s density,
which is useful for tracking the progress of phase transitions
in constant temperature and pressure simulations, or the num-
ber of native residue contacts in a protein, which allow the
folding/unfolding process to be monitored. The free-energy
surface (FES) parameterized by / can also be computed from
the probability density associated with the observation of spe-
cific values of the order parameters at equilibrium:74

bF /ð Þ52ln }ð/Þ½ �1constant (2)

where

}ð/Þ5Z21

ð
exp 2bU xN

� �� �
d /2/ xN

� �� �
dxN (3)

and d is a multidimensional version of Kronecker’s d that is
used to sum over configurations satisfying / 5 /(xN). Because

the additive constant in Eq. 2 is independent of /, it can be
disregarded during the computation of relative free energies,
which are the central quantities of interest for understanding a
system’s physical behavior. For reasons that will be discussed
later, the FES is almost always calculated with advanced sam-
pling methods. In principle, however, it can be computed
directly from a histogram of the / values attained by the system
over the course of a long equilibrium MD or MC simulation.

Order-parameter-based free-energy analysis has become
increasingly common in molecular simulation because the
FES not only provides insight into the relative stability of
different states of the system at equilibrium, but it also
serves as a useful roadmap for understanding processes that
drive the system between states. Consider, for example, the
model system with the FES shown in Figure 1(a), which is
described by two order parameters, / 5 {/1,/2}. The con-
tours denote regions on the surface that differ in free energy
by kBT, the system’s thermal energy scale. If a simulation is
initiated near state A, which is relatively high in free energy,
the system will eventually relax until it reaches state B,
which lies at the global minimum in the FES. Although this
process may happen slowly if the system exhibits sluggish
dynamics, it will likely occur in a continuous fashion, fol-
lowing a downhill path on the FES connecting states A and
B. The reverse process can also occur, but it is much less
likely because state A is higher in free energy.

Surfaces with a single minimum, such as the one shown
in Figure 1(a), occur under conditions where only one state
is stable. An example of a system exhibiting such behavior
is liquid water at room temperature and pressures higher
than the stability limit (spinodal) of the vapor phase. Figure
1(b) illustrates an FES with two minima corresponding to
states A and B, respectively. As in Figure 1(a), state A has a
higher free energy than state B, which resides at the global
minimum of the FES. There is, however, a free-energy bar-
rier that the system must climb before it can transition
between A and B. State A is, therefore, metastable with
respect to B, and a simulation initialized in this region will

Figure 1. (a) Model FES that exhbits a single minimum corresponding the to the thermodynamically stable state of the system.
(b) Model FES illustating the metastability of state A with respect to state B. States A and B are separated by a free-
energy barrier that must be overcome for the system to transiton between the two regions. Countours denote free-
energy isosurfaces separated by kBT, which is the thermal energy of the system.
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reside there until the system experiences a fluctuation large
enough to overcome the free-energy barrier, at which point
it will proceed toward state B. Such behavior occurs, for
example, when liquid water is cooled slightly below its
freezing point. Although ice is thermodynamically favored,
the water will not freeze until the system overcomes the
free-energy barrier associated with the formation of an ice
nucleus that is large enough to grow. When water is at its
freezing point, however, liquid and ice coexist. The corre-
sponding FES will exhibit two minima of equal depth at
such conditions because the two states (phases) have an
equal probability of being observed at equilibrium.74 As a
result, a simulation performed at coexistence will eventually
transition between the minima and spend an equal amount of
time on average visiting each state. Much more exotic
behavior is possible and also quite common. Proteins, for
instance, typically exhibit many minima in their FES, each
corresponding to a different conformational state of the mol-
ecule.11 This is also true for mixtures or pure substances29

that exhibit complex phase behaviors.

Length and Timescale Limitations

In principle, an MD or MC simulation that is run for an
infinitely long time will explore all possible regions of its
underlying equilibrium FES. This limit, however, cannot be
approached in practice because of the finite nature of avail-
able computational resources. The computational effort
required to model a system depends on several factors,
including its physical size (i.e., number of atoms or mole-
cules required to represent the system), the mathematical
complexity of the force field used to describe its molecular-
level interactions, and the kinetics of the processes that allow
it to explore its FES.2 As a result, it is still challenging to
apply molecular simulation techniques to many systems.

Phenomena that are governed by mesoscopic or macro-
scopic length scales that exceed characteristic molecular
dimensions by orders of magnitude are challenging to model
because of the computational cost associated with the simu-
lation of systems that are large enough to describe such
behavior. The formation of mesoscopic domains in self-
assembled systems is challenging to simulate, for example,
because of the sheer number of molecules required to model
each domain.75 Consequently, even if this process is unim-
peded by a free-energy barrier [qv, Figure 1(a)], a significant
computational effort will be required to run a simulation
long enough to observe self-assembly.

In other instances, the timescale over which a process
occurs, not the size of the system that must be modeled, is
the fundamental challenge. Processes such as protein folding
and nucleation, for instance, are governed by an FES, such
as the one shown in Figure 1(b), in which the system must
overcome a free-energy barrier to transition from one state
to another. If the barrier is many times larger than the ther-
mal energy, fluctuations that allow the system to transition
between states will be rare events. Depending on the system,
such events will occur on timescales that can range from
microseconds (e.g., protein folding66) to times longer than
the age of the known universe (e.g., the diamond-to-graphite
transition at ambient conditions76). MD simulations, on the
other hand, use a fundamental time step on the order of 1 fs

(10215 s) to ensure numerical stability while integrating the
equations of motion.2,72 As a result, the study of such proc-
esses with standard MD simulations may be extremely com-
putationally expensive or even impossible because of the
disparity between these timescales.

Because the computational cost increases with the model
complexity and simulated length and timescale, these factors
cannot be considered independently in the design of a com-
putational study. Standard MD simulations, for example,
have been performed on massively parallel supercomputers
with more than 140,000 processing cores to model systems
containing several trillion molecules described with the
Lennard-Jones force field77, which is relatively inexpensive
to compute and accurate for simple fluids such as noble
gases.5 Such very large systems, however, have only been
simulated for a few picoseconds of physical time;77 this is
generally insufficient to reach equilibrium and perform sam-
pling. In contrast, processes such as protein folding, which
occur on timescales that are orders of magnitude longer and
involve relatively complex molecular interactions, can be
studied with specialized computational hardware to perform
millisecond long MD simulations of relatively small systems
containing only a single protein and a few thousand water
molecules.4 These examples represent the current state of the
art in the application of standard MD simulations to investi-
gate extremely large length and long timescales with world-
class computational resources. Because most researchers
have limited access to such resources, the brute-force
approach of the use of more powerful computational hard-
ware to circumvent length and timescale limitations is usu-
ally not a viable option. As a result, clever modeling
strategies and advanced computational techniques are often
required to address such challenges.

Coarse Graining

Molecular simulation studies typically use force fields that
treat individual atoms as the fundamental building block of
matter. This involves the use of simple empirical functions
to provide a coarse-grained description of interatomic and
intramolecular forces that ultimately originate as a conse-
quence of the quantum behavior of subatomic particles.2

Although atomistic force fields are generally less accurate in
describing such interactions than quantum mechanical mod-
els, which explicitly describe the electronic degrees of free-
dom of the system, they are orders of magnitude less
computationally expensive; this facilitates the study of phe-
nomena occurring on length and timescales that are challeng-
ing, if not currently impossible, to study with first-principles
methods.2 A similar coarse-graining strategy can also be
used to help overcome length and timescale limitations in
molecular simulation, in which the computational complexity
of the model is reduced by the replacement of two or more
atoms on the same molecule with a single bead or pseudoa-
tom.2 As illustrated in Figure 2, for example, methane (CH4)
is often modeled as a single, coarse-grained bead; this
reduces the computational cost by about an order of magni-
tude in comparison to the simulation of each atom explicitly.
Because methane is nonpolar and roughly spherically sym-
metric, this approximation works well, as evidenced by the
fact that such models are able to accurately predict many of
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this substance’s thermophysical properties in the liquid and
vapor state.78 Coarse graining, however, becomes signifi-
cantly more challenging for large, complex molecules, such
as proteins that contain a variety of functional groups and
structural motifs. In general, the accuracy of a coarse-
grained model (CGM) depends on how the structure of the
molecule is represented, the method used to parameterize the
force field, and the specific properties that are being investi-
gated. Understanding how to simultaneously optimize the
computational efficiency and accuracy of a CGM, is there-
fore, a significant challenge and a very active area of
research.

Despite the aforementioned challenges, CGMs have been
successfully developed for a variety of complex systems.
Significant efforts have been made, for example, to develop
CGMs for water because of its ubiquitous nature. Water’s
complex hydrogen-bonded network, however, is notoriously
difficult to model even at the atomistic level, let alone with
a coarse-grained representation. Despite this challenge,
Molinero and Moore79 have successfully developed a CGM
(the mW model of water), which treats water as a single
bead and implicitly describes hydrogen bonding through a
three-body potential that constrains the angles formed by tri-
plet sets of neighboring molecules. Not only is this CGM
more accurate than many atomistic models of water, but it is
more than 100 times more computationally efficient.79

The superior computational efficiency of the mW model
of water allowed Peters, Molinero and collaborators21 to
study the homogeneous nucleation of natural gas hydrates at
273 K and 900 atm with large-scale MD simulations contain-
ing about 70,000 molecules. Such simulations were used to
examine the growth/dissolution of hydrate nuclei ranging
from 200 to 700 clathrate cages in size. As illustrated in Fig-
ure 3, nucleus growth was found to resemble a diffusive pro-
cess,21 with the mean squared difference of the nucleus size
eventually exhibiting linear behavior as a function of time.
From the simulation data, the authors estimated that the critical
nucleus contained between 300 and 400 clathrate cages (5,000-
6,000 molecules) and that the solution-hydrate surface tension
was about 31 mJ/m2,21 which is in excellent agreement with
the experimentally measured value of 32 6 3 mJ/m2.80 The
large value of the surface tension implies that the homogeneous
nucleation rate is extremely small (�102111 nuclei cm23 s21)
at the temperatures and pressures where methane hydrates are
observed in nature, pipelines, and laboratory experiment; this
indicates that another mechanism must be responsible for their

formation under such conditions.21 To put the scope of this
study in perspective, computational investigations of hydrates
with atomistic representations of water have examined systems
containing a few thousand molecules;24,81 this is an order of
magnitude smaller and only slightly larger than the critical
nucleus size estimated in ref. 21.

The three force field parameters adjusted in the develop-
ment of the mW water model were determined by simula-
tions with different values for the parameters and by the
selection of the ones that best reproduced targeted experi-
mental properties for water, including its melting tempera-
ture, vaporization enthalpy, and liquid density.79 Although
such an approach can be used to develop accurate CGMs
when there are only a few adjustable parameters in the force
field, more systematic methods are generally desirable
because the parameter space that must be simulated grows
rapidly as model systems increase in complexity. To this
end, M€uller and Jackson82–85 developed a systematic coarse-
graining method in which force field parameters are deter-
mined directly from an equation of state (EOS) that has been
fitted to match experimental data. The key aspect of their
method is the use of an EOS that is derived from a molecu-
lar perspective based on statistical associating fluid theory
(SAFT).86 The EOS is, therefore, formulated with coarse-
grained molecular representations and interaction parameters
than can be directly converted to a molecular simulation
force field.82 CGMs can be developed very rapidly with this
approach because the fitting of the EOS parameters to experi-
mental data is significantly less computationally expensive
than the performance of numerous MD or MC simulations to
optimize a force field by trial and error.82 Such models are
also accurate over a wide range of state conditions because
the EOS is typically fitted over large portions of the experi-
mentally determined phase diagram.82

Figure 4 shows an example of M€uller and Jackson’s
method applied to a highly asymmetric mixture comprised of
CO2 and n-eicosane (n-C20H42) at 323.15 K. Coarse-grained

Figure 3. Mean square difference of the size of a methane
hydrate nucleus as a function of the time com-
puted from MD simulations of the coarse-grained
mW water model at 273 K and 900 atm.

The MSD is computed using < dn2
� �

>5< n tð Þ2<n tð Þ>ð Þ2>,

where <n tð Þ> is the time-dependent mean drift in nucleus

size averaged over an ensemble of trajectories. The linear

behavior at longer times indicates that the growth

processes can be modeled as a random walk or diffusive

process. Adapted with permission from ref. 21. Copyright

2012 American Chemical Society.

Figure 2. Molecular structure of methane (left) and a CGM
(right) comprised of a single bead.

374 DOI 10.1002/aic Published on behalf of the AIChE February 2015 Vol. 61, No. 2 AIChE Journal



force fields for these species were derived by the application
of the SAFT-based approach to pure component data with
the modeling of CO2 as a single, coarse-grained bead84 and
n-eicosane as a chainlike structure composed of six identical
beads.84 An adjustable binary interaction parameter was then
determined by the fitting of the EOS to the experimental
pressure-mass density phase diagram83 for the mixture
shown in Figure 4. As Figure 4 illustrates, both the SAFT-
based EOS calculations and subsequent MD simulations that
use the SAFT-derived CGMs were found to be in excellent
agreement with the experimental target data over the entire
range of pressures examined for the mixture. Similar agree-
ment between simulation and experiment has also been
observed for CGMs developed with this technique for
smaller alkanes, sulfur hexafluoride, carbon tetrafluoride,
polyethylene surfactants, and carbon dioxide-water mix-
tures.82 In addition to capturing phase equilibrium behavior,
SAFT-derived CGMs have also been found to yield excellent
predictions of the transport properties for substances such as
carbon dioxide and methane.87 Such results demonstrate the
potential of this approach for bridging the microscopic and
macroscopic length scales by aiding in the development of
accurate, experimentally informed coarse-grained force fields
that can be used in molecular simulation studies.

Several methods have also been developed to systemati-
cally derive coarse-grained force fields directly from simula-
tions of atomistic models.89–91 Such approaches require no
experimental data, and they are advantageous in cases where
well-established atomistic models have already been devel-

oped. Because the final model is less detailed than the origi-
nal, however, information about the system is irreversibly
lost as a consequence of coarse graining.89 If this informa-
tion is relevant to the physical properties of the system under
investigation, the accuracy of the CGM may be adversely
affected. On the basis of this idea, Shell89 developed a varia-
tional method for coarse graining that aims to systematically
minimize information loss. The amount of loss is quantified
with an entropy-like function that measures the statistical
overlap between the coarse-grained and atomistic equilib-
rium ensembles.89 Standard numerical techniques are then
applied to minimize this function with respect to the adjusta-
ble force field parameters in the CGM.89,92 For a given

Figure 4. Pressure-mass density phase diagram of CO2 and
n-eicosane (n-C20H42) at 323.15 K.

The solid line shows the SAFT-based EOS, which was fit-

ted to the experimental data from refs. 83 and 88 (open

and filled circles, respectively). The results from MD sim-

ulations (squares) of the SAFT-derived CGMs83 are in

excellent agreement with the experiment. The inset shows

the coarse-grained representations of CO2 and n-eicosane

used in the EOS calculations and MD simulations.

Adapted with permission from ref. 83. Copyright 2014

American Chemical Society.

Figure 5. (a) Mapping of an atomistic representation of an
alanine residue onto CGMs comprised of one, two,
and three beads, respectively. (b) FESs for a 15-
residue alanine peptide computed with the atomistic
model and three CGMs. The FES was parameterized
by the RMSD of the peptide from an ideal a-helical
structure and Rg. The conformation characteristics of
the a-helical and b-hairpin structures are located at
1.0 RMSD (7.2 Rg) and 8.5 RMSD (7.8 Rg) on the FES,
respectively. Adapted with permission from ref. 92
Copyright 2012 American Chemical Society.
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coarse-grained representation of the system, Shell’s
approach,89 therefore, seeks to find force field parameters
that best reproduce the equilibrium ensemble generated by
fully atomistic simulations.

Charmichael and Shell92 recently applied this novel
method to develop CGMs to study the self-assembly of pep-
tides. Their target system was a 15-residue alanine peptide
that was simulated with an atomistic force field in conjunc-
tion with an implicit solvent model for water.92 This system
was chosen because alanine-rich peptides are model systems
for amyloids, which form aggregates that are thought to play
a central role in the onset of various neurodegenerative dis-
eases.93 Consequently, the properties of alanine peptides
have been extensively investigated with computer simulation
and experiment.92 As illustrated in Figure 5(a), Charmichael
and Shell92 considered three different coarse-grained peptide
models, in which each alanine residue was represented with
one, two, or three beads. Optimal force field parameters for
each CGM were derived with the variational approach
described previously to ensure that the equilibrium ensemble
of the target system was matched as closely as possible. The
accuracy of each CGM was subsequently examined by a
comparison of the predicted peptide structure against the
results for the atomistic model. Figure 5(b) shows the FES
for each of the alanine peptide models as function of two
order parameters, the root mean square deviation (RMSD) of
the peptide from an ideal a-helical structure and the radius
of gyration (Rg). All three coarse-grained representations

successfully captured the shape of the FES predicted by the
atomistic model. Only the coarse-grained representation with
three beads per residues, however, successfully captured
both the characteristic a-helical and b-hairpin conformations
observed in the atomistic model (1.0 RMSD and 7.2 Rg and
8.5 RMSD and 7.8 Rg on the FES, respectively).92 Despite
the deficiency of the two-bead model in capturing the
a-helical structure, it was found to aggregate and success-
fully form b-like parallel and antiparallel chain alignments,
in accordance with more detailed CGMs for the alanine pep-
tides.94 Thus, although information loss in coarse graining to
the one- and two-bead models significantly impacts their
ability to describe the conformations of the alanine peptide,
such models may be adequate for examining other properties
related to peptide self-assembly.

Rare Event and Free-Energy Methods

The development of robust coarse-graining techniques has
helped to reduce the computational cost of modeling com-
plex systems and has, thereby, significantly increased the
length and timescales that can be investigated with molecular
simulation. The timescales accessible with CGMs, however,
are still typically too short to investigate systems governed
by an FES like the one shown in Figure 1(b), in which the
long-lived states are separated by a large free-energy barrier.
As discussed previously, in such instances, it is unlikely that
the system will explore its underlying FES and visit all

Figure 6. (a-f) Series of snapshots illustrating intermediate growth stages along trajectories that connect the crystal and
melt phases of benzene.

The molecules with crystalline and liquidlike local environments are colored blue and red, respectively. Snapshots at stages b-e highlight

the crystal nucleus and liquid-melt interface. Reprinted with permission from ref. 23. Copyright 2011 American Chemical Society.
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relevant states in a single simulation. Moreover, even if tran-
sitions between states occur occasionally during long MD
simulations, it is usually too computationally expensive to
simulate a sufficient number of these rare events to charac-
terize their kinetics and underlying mechanisms. Because
most CGMs are only designed to reproduce static equilibrium
properties of the target system, there is also no guarantee
that they will accurately describe rare, activated processes.
As a result, a number of advanced techniques have been
developed to overcome timescale limitations by other means
to investigate rare events and examine the long-time, equilib-
rium behavior of systems. Although many of these advanced
techniques were originally conceived and developed by
physicists and chemists, the examples below illustrate that
chemical engineers have been highly successful in improving
upon these methods and applying them to complex physical
systems of interest in modern engineering practice.

Shah et al.23 recently used a rare event simulation tech-
nique known as aimless shooting95 to study the homogene-
ous nucleation of benzene crystals from the melt with
atomistic MD simulations. In this case, the crystallization of
benzene is a rare event because it is impeded by the free-
energy barrier associated with the formation of an interface
between the crystal nucleus and the melt phase. The aimless
shooting method of Peters and Trout,95 like other transition
path sampling techniques,66 overcomes timescale limitations
by using an MC procedure to focus the computational effort
on the generation of MD trajectories that exhibit a transition
between the long-lived states of interest. This MC procedure
is similar to the one described in the Introduction, but
instead of generating atomic configurations according to Eq.
1, it samples from a transition path ensemble, which contains
all possible trajectories of a given duration that begin in one
state and end in the other.66

Using this method, the authors of ref. 23 generated 1650
candidate MD trajectories, of which 874 successfully transi-
tioned between the melt and crystal. Thus, although a single
nucleation event would be extremely unlikely to be observed
in 1650 normal MD simulations of comparable duration, the
aimless shooting method enhanced the sampling of this pro-
cess and allowed more than half of the total computational
effort to be spent gathering meaningful statistics regarding

the transition mechanism. A series of snapshots from one of
the successful trajectories is shown in Figure 6. Benzene
molecules with crystalline and liquidlike local environments
are colored blue and red, respectively, to highlight the
crystal nucleus at intermediate stages of growth. The local
environment of the molecules and the global state of the sys-
tem were characterized with order parameters for molecular
crystals developed by Santiso and Trout.96 Such order
parameters are necessary to identify the initial and final
states of the system during the implementation of rare event
methods such as the aimless shooting algorithm.95 An impor-
tant feature of many rare event methods, however, is that the
order parameter choice does not bias the resulting MD tra-
jectories.66 Shah et al.23 were, therefore, able to subsequently
analyze saved MD trajectories in greater detail to examine
the nucleation mechanism.

Velez-Vega et al.97 used similar rare-event techniques to
investigate the unfolding pathways for the Trp-cage, a 20-
residue miniprotein. Trp-cage has been extensively investi-
gated as model systems for understanding protein folding/
unfolding because these processes occur on microsecond
timescales that can be accessed with both experimental and
computational techniques. Trp-cage’s unfolding pathway is
known to involve at least one intermediate state, in which
the native protein (N) first transitions into a loop structure
(L) before it reaches the unfolded state (U).98 Previous com-
putational studies have also suggested that that the N-L tran-
sition is the rate-limiting step in the unfolding process.98 To
scrutinize this prediction, Velez-Vega et al.97 studied the
N-L transition with an atomistic model of a Trp-cage using
an improved version of the forward flux sampling (FFS)
technique of Allen et al.99 that had been previously devel-
oped by Borrero and Escobedo.100 Like the aimless shooting
technique mentioned previously, the objective of FFS is to
harvest a large number of trajectories that transition from
one long-lived state to another. It has the advantage over
other similar techniques of being designed specifically to
compute transition rates.66 Thus, the authors of ref. 97 used
their modified FFS technique to estimate the N-L transition
rate, which they predicted to be (8 ls)21. This estimate is in
reasonable agreement with the experimentally measured
value of (12.7 ls)21 for the N-U transition101 and supports

Figure 7. Trp-cage configurations representative of the N and L states are shown in the left and right panels, respectively,
whereas the center panel shows the transition state.

Reprinted with permission from ref. 97. Copyright 2010, AIP Publishing LLC.
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the assertion98 that the N-L transition is the rate-limiting
step in the unfolding process.

In examining the N-L transition, Velez-Vega et al.97 used
the RMSD of residues 2–8 on a Trp-cage from an ideal helical
structure as an order parameter to distinguish between N and
L states. Although this order parameter was found to be suita-
ble for this purpose, they observed that it did not provide sig-
nificant insight into the mechanism underlying the N-L
transition.97 This finding illustrates the important distinction
between order parameters that allow the initial and final states
to be distinguished and reaction coordinates, which are useful
for describing the entire transition process. An ideal reaction
coordinate should not only describe the mechanism underlying
the transition process and discriminate between the initial and
final states, but it should also be useful for predicting which
long-lived state the system will first visit when initiated from
any arbitrary intermediate point along the transition path.
Using these ideas, Velez-Vega et al.97 examined seven addi-
tional order parameters that were monitored during the FFS
simulations to search for a suitable reaction coordinate. They
found that a nonlinear combination of two of the order param-
eters provided the best overall description of the transition
processes.97 Figure 7 shows snapshots of the Trp-cage protein
in the N and L states and a configuration of the protein at the
transition state along the N-L path that was identified with this
new order parameter.

In addition to transient phenomena, long-time equilibrium
behavior is also essential to understanding molecular proc-
esses. The central quantity relevant to characterizing such
behavior is free energy. As suggested by Eq. 2, however, the
computation of free energy requires that all relevant states of
the system be visited over the course of a simulation. As

previously discussed, this is practically impossible, especially
for systems where the states of interest are disjoint and sepa-
rated by large free-energy barriers, as illustrated in Figure
1(b). Advanced computational methods have, therefore, been
developed to facilitate the calculation of free energy.1,63 The
basic idea behind many of these approaches is to apply a
bias potential to the simulations to compensate for, or flatten,
the underlying FES.63 In methods such as umbrella sam-
pling,102 an attractive, time-independent bias potential is
used to restrain the simulation to enhance sampling of a spe-
cific targeted region of the order parameter space. The data
collected from many such simulations targeting different
regions can then be combined103 to obtain an accurate esti-
mate of the overall FES. In contrast, other methods, such as
metadynamics,63,104 use a repulsive bias that is updated peri-
odically to drive the system away from regions that it has
already visited to encourage near-uniform exploration of the
FES over the course of a single simulation. A crucial aspect
of all of these techniques is that the bias, in principle, does
not impact the computed free energy. The free energy com-
puted with such methods should, therefore, be an estimate of
the one that would be obtained by the performance of very
long unbiased simulations to evaluate Eq. 2.

One recent application of advanced free-energy techniques
has been the study of the potential of ionic liquids as solvents
for the dissolution and separation of lignocellulose biomass into
its principal components.105 Although biomass dissolution is
not well understood, it has been posited that solvent-induced
conformational changes in the structure of cellulose might play
an important role in determining the thermodynamics of this
process.106 To investigate this possibility, Jarin and Pfaendt-
ner105 used an advanced free-energy method to examine the

Figure 8. FESs (kcal/mol) parameterized by ring-puckering coordinates (qx, qy) for glucose solvated with water, [Bmim][BF4],
and [Bmim][Cl], respectively.

The asterisk on each FES marks the region in the puckering coordinate space corresponding to the stable glucose conformer. An

illustration of the stable conformer is shown directly below the FES for each solvent. Reprinted with permission from ref. 105.

Copyright 2014 American Chemical Society.
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relative stability of different conformations of saccharide ring
structures when they were solvated with water and the ionic
liquids 1-butyl-3-methylimidazolium chloride ([Bmim][Cl])
and butyl-3-methylimidazoulim boron tetrafluoride
([Bmim][BF4]). Glucose was used as the model saccharide in
their simulations because of its simple structure and the fact
that it is the fundamental building block of cellulose.105 The
free energy was computed with a variant of the metadynamics
technique of Parrinello and coworkers63,104 that was augmented
with an advanced parallel tempering scheme.107 As described
previously, the metadynamics method uses a history-dependent
repulsive bias potential to drive the system away from regions
of the order parameter space that it has already visited.63,104

The bias, therefore, encourages the system to overcome free-
energy barriers and explore regions that have been under-
sampled. Because the free energy is proportional to the loga-
rithm of the probability of observing the system in a given state
(Eq. 2), it can be computed directly from the history-dependent
bias potential,63,104 which in effect, keeps track of the states vis-
ited during the simulation.

To study glucose’s ring conformations, Jarin and Pfaendt-

ner105 performed metadynamics simulations using order

parameters known as puckering coordinates, which are specif-

ically designed to describe the puckering of ringlike structures

as they deviate from a planar geometry.108 Figure 8 shows the

FES computed as a function of these order parameters for glu-

cose in three different solvents, with the asterisk on each plot

indicating the global free-energy minimum. The stable con-

formers of glucose corresponding to these minima are also

shown directly below each surface in Figure 8. The results

demonstrate that the stable chair conformer of glucose in

water (C1) became metastable with respect to the skewed con-

formers S3 and S0 when the solvent was changed to

[Bmim][BF4] and [Bmim][Cl], respectively. Subsequent anal-

ysis revealed that the skewed conformers were stabilized in

the ionic liquid solvents by energetic and not entropic driving

forces. Jarin and Pfaendtner105 also posited that the anions

play an important role in the dissolution of biomass in ionic

liquids by disrupting the hydrogen bonding between the chains

of the cellulose microfibril. They suggest that this widely

accepted mechanism is supported by the fact that different sta-

ble conformers were observed in their simulations when

[Bmim][BF4] and [Bmim][Cl] were used as solvents; this indi-

cated that interactions between anions and the hydrogen atoms

on glucose were likely responsible.105

Free-energy methods have also been recently applied to

examine the interactions between colloidal nanoparticles

embedded in nematic liquid crystals.32 Such particles can

exhibit unusual effective interactions that are mediated by

the structure of liquid-crystal molecules near their surface.32

This structure is, in turn, controlled by anchoring effects

between the nanoparticles and liquid-crystal molecules that

arise because of their mutual interactions. The ability to judi-

ciously tune such interactions to develop new colloidal

liquid-crystal composites could result in improved materials

for designing technologies ranging from semiconductors to

sensors.109 To this end, de Pablo and coworkers32 performed

MD simulations to study the behavior of nanoparticles in

nematic liquid crystals. In their CGM, the nanoparticles and

liquid-crystal molecules were described as simple spheres

and oblate ellipsoidal particles, respectively. Two types of

anchoring potentials were considered. The first was used to

encourage planar anchoring, where the liquid-crystal mole-

cules align parallel to the surface of the nanoparticles.

Homeotropic anchoring was also considered, in which the

perpendicular alignment of liquid-crystal molecules is favor-

able. The effective interactions between the colloidal nano-

particles were systematically examined in these models with

metadynamics to compute the free energy as a function of

their center-to-center separation distance.
de Pablo and coworkers32 observed a rich variety of physi-

cal behaviors in their simulations that were found to be sen-
sitive to the density of the liquid-crystal phase and the
relative strength of the planar and homeotropic anchoring
interactions. Figure 9, for example, shows the free-energy
profiles as a function of the particle separation distances that
were computed for systems with weakly planar and strongly
homeotropic anchoring interactions. The left and right
images in the bottom panel of Figure 9 also show configura-
tions for these two cases, respectively. In the case of weak
planar anchoring, there was a single minimum in the free
energy corresponding to configurations where the nanopar-
ticles were in close proximity, sharing layers of liquid-
crystal molecules that wet their surface. For strongly homeo-
tropic anchoring interactions, however, the free energy
exhibited two minima caused by interactions between the
halolike structures of bound liquid-crystal molecules that
formed around each nanoparticle and the surrounding inter-
stitial fluid.32 The metastable minimum at approximately
10r, where r is the minor axis of a liquid-crystal molecule,
corresponded to the halos coming into contact, as illustrated

Figure 9. Free energy as a function of separation distance for
nanoparticles embedded in liquid crytals with
weakly planar and strongly homeotropic anchoring
interactions, respectively.

The x-axis of the left figure is reported in units of the diame-

ter of the minor axis of a liquid crystal molecule (r). The

figure on the top right shows the nanoparticles (gold

spheres) near their favored separation distances in the case

of weakly planar anchoring interactions, whereas the figure

on the bottom right illustrates the halos of liquid crystal

molecules that form around the nanoparticles in the case of

strongly homeotropic anchoring interactions. Liquid crystal

particles with strong and weak nematic ordering are col-

ored blue and red, respectively. Adapted with permission

from ref. 32. Copyright 2013, AIP Publishing LLC.
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by the image on the right in the bottom panel of Figure 9.
Because the free-energy profiles exhibited barriers in excess
of about 6kBT, it was extremely unlikely that even a long,
unbiased simulation would visit all of the relevant states of
interest for these systems. In the case of weakly planar
anchoring interactions, for instance, unbiased simulations ini-
tiated with the two nanoparticles separated by more than 5r
would be unlikely to overcome the free-energy barrier neces-
sary to explore regions near the global free-energy minimum
where the particles are in close proximity. The fact that such
behavior could be missed completely demonstrates that
advanced free-energy methods, such as the one used by de
Pablo and coworkers, are necessary to explore the full range
of relevant behaviors, even in a highly coarse-grained
system.

Conclusions

The range of physical systems that can be studied with
molecular simulations has increased dramatically over the
last several decades. This progress has been driven not only
by major advances in the speed of computational hardware
but also by the development of new computational algo-
rithms that have allowed increasingly complex problems to
be examined. Despite these great strides, however, many
challenges still remain in the adaptation of molecular simula-
tion techniques to study the broad range of systems that fall
within the scope of modern chemical engineering. One of
the most significant outstanding challenges is the develop-
ment of strategies to tackle systems that are governed by
mesoscopic length and timescales. As this Perspective dem-
onstrates, chemical engineers have been at the forefront in
the development and application of state-of-the-art computa-
tional techniques to overcome the length and timescale limi-
tations of traditional molecular simulation methods. These
sustained efforts have been extremely fruitful and have led
to an improved molecular-level perspective of complex proc-
esses ranging from nucleation to protein folding.

Although our Perspective has focused on advanced com-
putational strategies for overcoming length and timescale
limitations, it should be stressed that chemical engineers
have also worked in parallel and in collaboration with physi-
cists and chemists to make significant contributions to other
important areas of molecular simulation. One related area is
the development of efficient code and algorithms to use new
types of computational hardware. Graphical processing units,
for instance, allow simulations to be readily parallelized; this
accelerates the calculations and helps to overcome potential
length and timescale limitations. Because of their relatively
high performance-to-cost ratio, graphical processing units
have enabled many researchers to gain access to superior
computation resources. Chemical engineers have been among
those leading serious efforts to develop publically available
codes and improved algorithms to take full advantage of
these new resources.110–113 Another particularly noteworthy
area is the application of molecular simulation to the solu-
tion of problems that are broad in scope or combinatorial in
nature. Such problems pose challenges that are distinct from
those faced when one deals with length and timescale limita-
tions. Chemical engineers have developed, for instance, new
approaches to screen massive libraries of materials to iden-

tify promising candidates for applications such as carbon
capture and natural gas storage.46,58 Finally, chemical engi-
neers have also made great advances in the field of quantum
chemistry, a closely related discipline, by developing and
applying such methods to improve catalyst design and
enhance the performance of materials in a variety of envi-
ronmental and energy-related applications.67–70

As history demonstrates,1,2 computational studies that rep-
resent the current state of the art will become routine over the
next decade as improvements in hardware and algorithm
design continue to propel molecular simulation forward and
rapidly expand the range of physical length and timescales
that can be investigated with such methods. In looking for-
ward, we, therefore, anticipate that molecular simulation will
play an increasingly important role in chemical engineering,
chemistry, physics, biology, and other scientific disciplines,
complementing the next generation of experimental techni-
ques designed to probe the molecular-level interactions and
driving forces that govern the behavior of matter. The insights
gained from combined computational and experimental inves-
tigations will help to achieve an improved understanding of
nature’s design and develop new strategies and technologies
aimed at addressing many of the grand challenges faced by
humanity in the next century, for example, in the areas of
global climate change, sustainability, and medicine. Chemical
engineers are uniquely positioned to play a central role in
these exciting developments thanks to sustained efforts of the
last several decades that have helped to make molecular simu-
lation an integral part of the discipline.
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