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ABSTRACT: Within this Perspective, we critically reflect on the
role of first-principles molecular dynamics (MD) simulations in
unraveling the catalytic function within zeolites under operating
conditions. First-principles MD simulations refer to methods
where the dynamics of the nuclei is followed in time by integrating
the Newtonian equations of motion on a potential energy surface
that is determined by solving the quantum-mechanical many-body
problem for the electrons. Catalytic solids used in industrial
applications show an intriguing high degree of complexity, with
phenomena taking place at a broad range of length and time scales.
Additionally, the state and function of a catalyst critically depend
on the operating conditions, such as temperature, moisture,
presence of water, etc. Herein we show by means of a series of
exemplary cases how first-principles MD simulations are instrumental to unravel the catalyst complexity at the molecular scale.
Examples show how the nature of reactive species at higher catalytic temperatures may drastically change compared to species at
lower temperatures and how the nature of active sites may dynamically change upon exposure to water. To simulate rare events, first-
principles MD simulations need to be used in combination with enhanced sampling techniques to efficiently sample low-probability
regions of phase space. Using these techniques, it is shown how competitive pathways at operating conditions can be discovered and
how broad transition state regions can be explored. Interestingly, such simulations can also be used to study hindered diffusion under
operating conditions. The cases shown clearly illustrate how first-principles MD simulations reveal insights into the catalytic function
at operating conditions, which could not be discovered using static or local approaches where only a few points are considered on
the potential energy surface (PES). Despite these advantages, some major hurdles still exist to fully integrate first-principles MD
methods in a standard computational catalytic workflow or to use the output of MD simulations as input for multiple length/time
scale methods that aim to bridge to the reactor scale. First of all, methods are needed that allow us to evaluate the interatomic forces
with quantum-mechanical accuracy, albeit at a much lower computational cost compared to currently used density functional theory
(DFT) methods. The use of DFT limits the currently attainable length/time scales to hundreds of picoseconds and a few
nanometers, which are much smaller than realistic catalyst particle dimensions and time scales encountered in the catalysis process.
One solution could be to construct machine learning potentials (MLPs), where a numerical potential is derived from underlying
quantum-mechanical data, which could be used in subsequent MD simulations. As such, much longer length and time scales could
be reached; however, quite some research is still necessary to construct MLPs for the complex systems encountered in industrially
used catalysts. Second, most currently used enhanced sampling techniques in catalysis make use of collective variables (CVs), which
are mostly determined based on chemical intuition. To explore complex reactive networks with MD simulations, methods are
needed that allow the automatic discovery of CVs or methods that do not rely on a priori definition of CVs. Recently, various data-
driven methods have been proposed, which could be explored for complex catalytic systems. Lastly, first-principles MD methods are
currently mostly used to investigate local reactive events. We hope that with the rise of data-driven methods and more efficient
methods to describe the PES, first-principles MD methods will in the future also be able to describe longer length/time scale
processes in catalysis. This might lead to a consistent dynamic description of all steps�diffusion, adsorption, and reaction�as they
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take place at the catalyst particle level.
KEYWORDS: molecular dynamics, kinetics, diffusion, operating conditions, enhanced sampling, density functional theory, zeolites, catalysis

1. INTRODUCTION ON THE COMPLEXITY OF
CATALYSIS AT OPERATING CONDITIONS

Catalytic reactions taking place in nanoporous materials have an
intriguing complex nature which is difficult to grasp from both
experimental and theoretical points of view. Substantial progress
has been made in the past decade in understanding the catalytic
function thanks to major advances in operando characterization,
detailed kinetic studies, and molecular simulation methods.
However, still today it remains a formidable challenge to grasp
the complexity of realistic catalytic solids under industrially
relevant conditions. In this paper, we give a critical perspective
on the role of first-principles molecular dynamics (MD)
methods in understanding the catalytic function at operating
conditions.

Before moving on, it is important to properly define the
terminology of first-principles MD methods. First-principles
MD methods are methods where the dynamics of the nuclei is
followed in time by integrating the Newtonian equations of
motion with a potential energy that is found from first principles,
i.e., by solving the quantum-mechanical many-body problem for
the electrons. First-principles MD simulations are also some-
times referred to as ab initio molecular dynamics (AIMD) or
Born−Oppenheimer MD. The latter terminology refers to the
fact that the electronic degrees of freedom are treated separately
from the nuclear degrees of freedom, given their large difference
in mass. Within first-principles MD, it is assumed that the nuclei
may be treated as classical particles moving on an underlying
potential energy surface (PES) that is determined by solving the
electronic structure problem. In such an approach, it is assumed
that nuclear quantum effects are not important. This assumption
may not always be valid, certainly when light particles such as
protons are involved and at lower temperatures.1 Extensions of
Born−Oppenheimer MD methods have become available. For
example, the path integral molecular dynamics (PIMD)
approach relies on Feynman’s path integral formulation of
quantum mechanics and allows to account for nuclear quantum
effects.1−3 However, these methodologies remain still computa-
tionally quite expensive and are certainly not used on a routine
basis. While it is tempting to assume that nuclear quantum
effects might not be of major importance in the field of zeolite
catalysis, given the relatively higher temperatures involved, it
was recently shown that the kinetics of proton hoppings may still
be seriously impacted by the inclusion of nuclear quantum
effects at temperatures of ca. 473 K. Given the fact that zeolites
will also be used in future technologies under milder conditions,
it might be interesting to also consider these effects.4

Referring back to the initial question, namely, how first-
principles MD methods may help to understand the catalytic
function at operating conditions, we further elaborate on the
various levels of complexities occurring within catalysis taking
place in nanoporous materials. This Perspective focuses
primarily on zeolite catalysis; however, many concepts discussed
are much more broadly applicable to catalysis taking place in
other materials such as metal−organic frameworks and covalent
organic frameworks, which all belong to the class of nanoporous
materials.

Catalytic solids used in industrial applications show a high
degree of complexity at both the level of the catalytic particle and

beyond. The latter refers to complexities of how the catalyst
particles are dispersed within binders or other supports and the
way they are embedded within industrial reactors.5 As nicely
pointed out by Buurmans and Weckhuysen,6 individual catalyst
particles show heterogeneities in both space and time. Realistic
crystals have a certain morphology and finite size, varying from
the order of nanometers to the micrometer scale, influencing
transport properties and the catalytic function.7 Additionally,
active sites are heterogeneously distributed, defects are
inherently present and often introduced on purpose to optimize
the activity and lifetime.8,9 All previous factors contribute to
spatial heterogeneities that are inherently present in realistic
materials. Additionally, realistic materials are highly dynamic
and are characterized by a broad range of intrinsic time scales.
From a holistic point of view, the structure of the catalyst may
completely change during operation, which is sometimes
referred as the intrinsic lifecycle of a catalyst particle.10,11

These observations lead to the concept of spatiotemporal
evolution of a material, where the dynamics of the material is
entangled with the material’s spatial properties.6,12,13 For
important zeolite catalyzed reactions, major advances have
been made to visualize the spatiotemporal evolution of
molecules and active sites during chemical conversions.13,14

When interested in the catalytic function of nanoporous
materials, it is important to realize that the state and the function
of the catalyst depend critically on the external conditions in
which the material performs the work. Operating conditions
may refer to the true working temperature, applied external
pressure, presence of moisture, external fields, etc. Around 2000,
the field of operando characterization was launched within
catalysis, referring to one or more spectroscopy or microscopy
techniques used to interrogate the catalytic behavior under
realistic conditions with real-time on-line analysis of prod-
ucts.15−21 The field of operando spectroscopy has evolved
greatly since its launch, and systematic more advanced
spectroscopic methods have been developed that allow us to
follow the dynamic evolution of heterogeneous catalytic solids in
situ�within the reactor during exposure to reactants�with
systematically better spatial and temporal resolution. Ideally,
experimentalists can make a molecular movie with high
temporal and spatial resolution, but this target remains very
ambitious.6,22,23

Nowadays, the term “operando” is also used in the field of
modeling, where one aims to model the function of the material
under realistic conditions of temperature, pressure, moisture,
and external fields.24−27 Reaching this goal is certainly not
possible by a single method. Instead a range of models based on
MD methods, microkinetic models, kinetic Monte Carlo
methods, and machine learning algorithms are currently
explored.27−29 Within this Perspective, we specifically highlight
how first-principles molecular dynamics techniques may
contribute toward understanding the catalytic function in
zeolites at operating conditions. Moreover, at various places,
we elaborate on how first-principles MD methods can be
integrated into an overall computational catalysis workflow.

The term “operando characterization” should not be confused
with “in situ characterization”.21 From an experimental point of
view, the term “in situ characterization” refers to the character-
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ization of a material in its working environment, where in situ
means on site, in position. Within catalysis this refers to the real-
time investigation of a catalyst within the reactor, typically by
spectroscopy or microscopy techniques, during exposure to
reactants or other external stimuli. The term “in situ modeling”
has not been used so frequently, but when trying to make the
analogy with the experimental conditions, in situ modeling
would refer to models that aim to give a realistic representation
of the catalyst as it is found in the reactor. To pursue modeling of
a realistic catalyst, one needs models that account for spatial
heterogeneities at the individual catalyst level and beyond.

Ideally one could model realistic catalysts under operating
conditions. However, current modeling techniques have not
reached this ambitious target, which is mainly related to the
experimentally relevant time and length scales. These are
substantially larger than the theoretically accessible spatiotem-
poral windows. The problem of operando and in situ modeling
within catalysis is thus intimately connected to multiscale
modeling techniques. The next section gives a brief overview on
relevant and accessible length and time scales both from
experiment and theory within the field of catalysis.

2. CURRENT STATUS ON THEORETICAL ACCESSIBLE
LENGTH AND TIME SCALES WITHIN THE FIELD OF
NANOPOROUS MATERIALS

To set the scene on the accessible length and time scales from a
modeling perspective, it is essential to reflect on the general steps
undertaken when performing a molecular modeling exercise,
where one starts from the atomistic or molecular level and tries
to make the connection with properties that are experimentally
measurable. Theoretically accessible length and time scales are
inherently linked to the method used to describe the potential
energy surface. The PES plays a central role in a general
modeling strategy, which consists of following steps (Figure 1):
(i) setting up a reliable structural model to represent the material
in a realistic way, (ii) construction of the PES via an adequate
level of theory, (iii) sampling the interesting regions of the PES,
and (iv) extracting and interpreting the interesting properties
under the right conditions which at best can be compared to
experiment.30 The PES is a high-dimensional function in terms
of the internal coordinates, and the level of theory used to
describe it (vide infra) effectively determines the accessible
length and time scales within first-principles molecular
simulations.

The first step, namely, the construction of a reliable structural
model to represent the catalyst, is of utmost importance. As
mentioned in the Introduction, realistic catalysts have a finite
size and are represented by spatial heterogeneities at various
scales. Recent literature clearly provides evidence that size
matters and that inclusion of proper spatial disorder at various
length scales may have a major impact on catalytic performance.
In this sense, a representative model should in principle account

for these spatial heterogeneities. Most of the current structural
models used in zeolite catalysis focus on an accurate description
of the local environment of the active site and the confinement of
adsorbed species. To appropriately represent the porous zeolite
environment, various approaches have been followed, which can
mainly be categorized as cluster models or periodic models.31,32

Within cluster models, the zeolite is represented by a fragment
that is cut out of the lattice. While earlier cluster models were
very limited in size, currently with the increase of computational
power, clusters having hundreds of T atoms are routinely used.
Such larger clusters are also able to capture the long-range
interactions of the microporous environment.33,34 Periodic
models account for one or more unit cells of the zeolite, give a
very natural description of various zeolite topologies, and have
even been used to represent external surfaces. In the latter case,
slab models are constructed by cutting the bulk along given
crystallographic planes and saturating them with terminating
groups.35−37 It needs to be stressed that construction of such
spatially extended models representing, for example, the external
surface is a challenge on its own even with the broad variety of
current methodologies.30,38,39 The construction of atomistic
structural models which are representative of realistic zeolites
having defects and spatial heterogeneities at various length scales
can be regarded as a research topic on its own. For the latter, a
close interaction with experimentalists is necessary to obtain
input on the structure by various spectroscopic and imaging
techniques with different spatiotemporal resolution.30 Recent
reviews have elaborated more on the challenge of building
structural models that have sizes comparable to experimentally
used crystals.9,30

The second step concerns the determination of the PES,
which is a central quantity in the modeling sequence. The PES is
a high-dimensional function describing how the energy varies in
terms of the various nuclear coordinates. In principle, the PES
needs to be constructed by solving the electronic Schrödinger
equation for fixed nuclear coordinates. The latter assumes the
Born−Oppenheimer approximation, where the dynamics of the
electronic degrees of freedom can be separated from the nuclear
motion, which is in most cases a valid assumption given the large
mass difference between nuclei and electrons. To obtain the
complete PES, one in principle needs to calculate the energies
and forces along all nuclear degrees of freedom, which is a
computationally very expensive task for realistic materials used
in catalysis, given the many degrees of freedom at play.

A catalytic process is inherently characterized by a broad
variety of length and time scales, as illustrated in Figure 2. Before
any catalytic reaction can take place, reactants need to enter the
pores and diffuse to the active sites either at the exterior or
interior of the crystal, where they adsorb and reactive events take
place. When the chemical reaction has taken place, the products
can finally desorb and be released from the catalyst. Diffusion is
typically a process taking place over longer distances and longer

Figure 1. Sequence of a modeling exercise where the basic quantity is the multidimensional potential energy surface (PES) for a well-chosen molecular
structure. This PES needs to be sampled in the interesting regions, after which the target properties at operating conditions can be derived. From ref 30.
CC BY 4.0.
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time scales and is currently not straightforwardly accessible via
quantum-mechanical (QM) methods. However, as we will
illustrate in section 4.4, recent studies have appeared where
quantum-mechanics-based methods in combination with
enhanced-sampling MD methods have been used to calculate
diffusional barriers for molecules to hop from one cage to the
other in zeolites through small pore windows.40,41 Reaction
dynamics, on the other hand, takes place in a rather localized
environment around the active site and is an activated process.
Reactive events need to be modeled at the quantum-mechanical
level, as chemical bonds are formed/broken and the electronic
structure completely rearranges during a chemical reaction.
Currently, density functional theory (DFT) is the method of
choice to describe the PES at the quantum-mechanical level,
thanks to its attractive trade-off between accuracy and speed.
The accuracy of DFT methods critically depends on the
exchange−correlation functional42−46 and the description of
long-range dispersion interactions.47−51 Exchange−correlation
funtionals are commonly classified into various categories
following an analogy with Jacob’s ladder proposed by Perdew.52

The lowest step corresponds to the Hartree world, which is
exchange−correlation-free, and the higher steps aim to reach the
heaven of chemical accuracy. In between, we find generalized
gradient approximation (GGA) functionals, meta-GGA, hybrid-
GGA, double hybrids, etc. When climbing the ladder, the
methods also become computationally more expensive. More
extensive reference works can be found elsewhere.53 Within the
field of zeolite catalysis, GGA functionals are still very frequently
used; for example, the Perdew−Burke−Ernzerhof (PBE)
functional is particularly popular.54,55 These functionals are
typically amended with some models to describe the long-range
dispersion interactions. One of the most commonly used
methods to describe the dispersion interactions is by adding a
posteriori a pairwise correction to the DFT energy, the so-called
D-correction schemes proposed by Grimme.47,51,56−58 The

particular choice of the energy functional and description of the
long-range interactions is certainly not trivial and may have an
important impact on the stability of intermediates in the pores of
zeolites.42−46 As DFT with the current generation of functionals
often does not reach the stringent criteria of chemical accuracy,
complicated composite schemes, wavefunction-based methods,
and embedding schemes have been devised to target chemical
accuracy in various application areas.46 With the extension of
computational power, fully periodic post-HF single-point
calculations have also become possible, but given their high
computational cost, they are sparingly used as high-level
reference data.59 Obviously, performing brute-force MD
simulations with these advanced composite schemes or post-
GGA methods in zeolite catalysis is beyond current computa-
tional capabilities, and therefore, most of the applications using
first-principles MD use GGA DFT levels of theory. Very
recently, innovative schemes have been proposed to perform
first-principles MD simulations with more accurate energies
compared to standard GGAs relying also on machine learning
concepts, as will be explained later in this Perspective. In any
case, the combination of MD with an appropriate electronic
structure method that yields sufficiently accurate energies and
forces is a major point of attention when using first-principles
MD within zeolite catalysis.

Currently attainable length scales when modeling the system
at the quantum-mechanical level using DFT are situated on the
order of a few nanometers, which are still considerably smaller
than experimental crystal sizes, which vary from several
nanometers to micrometers.

Big zeolite crystals may extend to several micrometers but are
more often used on the laboratory scale to understand the
phenomena taking place in the inner parts of the zeolite, whereas
in industrial applications much smaller crystals are used to
shorten the diffusion paths of the reactants and products.
Various efforts have been undertaken to reduce the crystallite
sizes by making nanosheets, nanoslabs, etc., and sizes ranging
from a few to hundreds of nanometers have been reached.9

Apart from the morphology and dimensions of individual
catalysts particles, they also need to be dispersed in supports to
be brought to industrial implementation.60 Interestingly, various
efforts have been undertaken recently to also synthesize
hierarchical materials having both micro- and mesopores. For
example, Li et al. reported preparation of ZSM-5 monoliths
which were then also tested for methanol to olefin (MTO)
conversion.61 Clearly, current molecular modeling focuses on
much smaller scales, and even the heterogeneities at the
individual particles are not yet fully accounted for.

To also obtain information on the time evolution of the
system, the PES, which is a multidimensional surface, needs to
be sampled in the regions of interest. In principle, one can use
both Monte Carlo and MD methods to sample the PES;
however, when interested in extracting the time evolution of the
system, it is best to resort to MD techniques.62 The main
drawbacks of first-principles MD methods are the currently
attainable time scales, which are limited to a few hundred
picoseconds for typical zeolitic systems. Reactive events within
catalysis are activated and thus catalogued as rare events, where
the probability to sample these events during regular MD
simulations is extremely low. Consequently, much longer time
scales would be necessary to sample them with sufficient
probability. To circumvent this problem, MD techniques can be
used in combination with enhanced sampling techniques which
allow the less probable regions to be sampled in a more efficient

Figure 2. A zeolite-catalyzed reaction comprises multiple steps. The
reactants first interact with the catalyst surface and then can diffuse
inside the crystal. Adsorption on the active site can result in a reactive
event, and the so-formed products can then be released from the
catalyst.
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way.63−67 Despite various successful contributions using
enhanced-sampling simulations in the field of zeolite catalysis,
it remains a formidable challenge to grasp the dynamics of a
catalytic system, which is inherently characterized by a broad
variety of disparate time scales.68 The accessible length and time
scales can, in principle, be extended by using cheaper methods to
calculate the PES, such as classical force field-based methods.
With classical force fields, the interactions between the atoms are
approximated by simple analytical functions, neglecting the
quantum description of the electrons. The parameters taken up
in the analytical functions may be obtained by fitting to
experimental data or to smaller-sized systems on which accurate
quantum-mechanical calculations can be performed.69,70 With
the use of classical force fields, the accessible length and time
scales increase to tens of nanometers and hundreds of
nanoseconds; furthermore, one can perform the analysis of the
energy contributions at the level of the individual classes of
interactions. The development of force fields for nanoporous
materials and their interactions with guest species is a research
field of its own. We refer the interested reader to some seminal
reviews on the topic.71−73 In general terms, construction of force
fields yields a trade-off between desired accuracy (i.e., how
accurate are the properties of interest computed), computa-
tional efficiency, and transferability (i.e., the prediction of
properties outside of the conditions or systems for which it was
parametrized). Classical force fields have been indispensable in
the whole scale of molecular simulation methods; however, by
design, they are not able to describe reactive events, except when
specific reactive force fields are constructed (vide infra). In this
sense, they are less suited to use in molecular dynamics
simulations where also reactive events can occur or where
specific host−guest interactions take place. Specifically for
zeolites, a wide variety of classical force fields have been
proposed, which have been successfully used to describe a
variety of structural properties, transport properties, etc.74

Despite their broad usage within the field of zeolites, it needs to
be stressed that when specific host−guest interactions are
occurring, force fields may not describe these specific
interactions appropriately, as was recently shown for the
diffusion of alkenes through small-pore zeolites with Brønsted
acidic sites. More information on this particular case is given in
section 4.4.41 For the description of adsorption, force fields have
been extensively used for example in grand canonical Monte
Carlo simulations (vide infra).75,76 Construction of transferable
force fields is far from trivial.70 Notable examples exist where
transferable force fields for adsorption were constructed, such as
the TraPPE-zeo model, which relies on a parametrization to
match experimental adsorption isotherms of n-heptane,
propane, carbon dioxide, and ethanol.77 This model was found
to achieve transferability for the description of adsorption and
diffusion of a broader range of guest species and a wide range of
thermodynamic conditions.77 In principle, force fields can be
developed to reach higher accuracy than DFT-based energy
evaluation at the GGA-D3 level by extensive development and
fitting for the specific system at hand to either higher-level ab
initio data or precise experimental measurements. Although
such force fields are specifically parametrized to reach high
accuracy for a set of systems or conditions, they are often not
transferable to other systems.73 Lastly, there are some notable
examples of reactive force fields which allow simulation of
reactive events within the field of catalysis, but still the overall
outcome depends on the parametrization of the force field.78−81

Interesting new directions are currently being explored to derive

machine learning potentials (MLPs), where starting from
underlying quantum-mechanical data sets a numerical potential
is derived to describe the PES using a nonlinear regression
method.82−91 This approach is very promising, but the
applications in the field of zeolite catalysis, which is
characterized by an enormous complexity at various levels, is
nearly nonexistent.4,92−94 We elaborate in Outlook and Future
Directions on new possibilities within the field of modeling
zeolite catalysis when having access to cheaper methods to
evaluate the PES.

Previous observations allow us to conclude that there still
exists a huge gap between theoretically attainable length scales
and experimental observations. Fundamentally new directions
will have to be explored to further close the length/time scale
gap between theory and experiment (see section 5).

3. FIRST-PRINCIPLES MOLECULAR DYNAMICS
SIMULATIONS TO SIMULATE CHEMICAL
REACTIONS AT OPERATING CONDITIONS: SOME
KEY CONCEPTS AND CHALLENGES

As nicely pointed out by Grajciar et al. in their review on
operando computational modeling in heterogeneous catalysis,
no single method is able to bridge the gap from modeling at
idealized conditions to realistic operating conditions.27 Idealized
conditions are also referred to as ultrahigh vacuum conditions,
where the system is considered at low reactant concentrations
and at 0 K. To reach realistic operating conditions for complex
zeolite-catalyzed reactions, a combination of methods is
necessary, such as biased molecular dynamics, microkinetic
models of reaction networks, kinetic Monte Carlo methods to
reconcile events characterized by disparate time scales, machine
learning approaches, etc. Herein we particularly highlight the
role of molecular dynamics techniques in our endeavor to model
the catalyst at work. The interested reader is referred to some
textbooks and reviews on molecular dynamics meth-
ods.62,68,95−97 In section 5, we reflect on the role of first-
principles MD methods within the whole ecosystem of modeling
methods for zeolite-catalyzed reactions at various length and
time scales.

Within molecular dynamics simulations, the time evolution of
the system is described by numerical integration of the
Newtonian equations of motion, where the nuclei are treated
as classical particles moving on the PES:

= =M
t

U
R

F R R R R
d
d

( , ..., ) ( , ..., )I
I

I N I N

2

2 1 1 (1)

where RI is the position of the nucleus I with mass MI, FI is the
force acting on nucleus I, and U(R1, ..., RN) is the multidimen-
sional PES determined by solving the electronic structure
problem at various positions of the nuclei. Previous equations of
motion are written in their most simple form within the
microcanonical or NVE ensemble, where the total energy is a
conserved quantity. To make the link toward operating
conditions, it is necessary to work in other thermodynamic
ensembles where the temperature or pressure is controlled, a
target that is achieved by using appropriate thermostats and/or
barostats. One of the main advantages of MD simulations is their
ability to describe the real-time evolution of the system, in
contrast to so-called static approaches where only a limited
number of points are considered on the PES. However, to obtain
physically meaningful time averages, excessive sampling is
necessary, which makes MD techniques much more expensive
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compared to static approaches, as for each configuration of
nuclei an electronic structure calculation is necessary.

The difference between static and dynamic approaches is
further illustrated for the simulation of a chemical reaction
(Figure 3). When simulating a chemical reaction within a static
approach, only a limited number of points are calculated on the
PES, corresponding to the adsorbed state, the transition state,
and products. Afterward, thermodynamic properties (reaction
enthalpies, entropies, etc.) can be obtained by applying the tools
of statistical mechanics, where via the molecular partition
function, which allows linking of the microscopic properties to
macroscopic properties, thermal corrections may be obtained.
To obtain kinetic information, one mostly relies on transition
state theory or some straightforward extension.98−100 In the

following subsections we elaborate on some key concepts of
first-principles MD simulations with the aim to simulate
reactions and obtain free energy profiles and kinetic information.
Furthermore, some practical considerations are given, and a
critical reflection is given on how first-principles static and
dynamic methods can be used to compare with experimental
kinetic data.

3.1. Enhanced Sampling Methods. To simulate chemical
reactions using MD simulations, one needs to combine the MD
protocol with enhanced sampling methods to enable efficient
sampling of low-probability regions of configuration space
corresponding to the activated regions. A plethora of enhanced
sampling methods has been proposed in the literature, such as
umbrella sampling, thermodynamic integration, metadynamics,

Figure 3. Schematic comparison between a static calculation, where free energies of the intermediates are retrieved through a normal-mode analysis,
and a dynamic simulation, where they can be retrieved using an enhanced sampling technique along a set of collective variables. The top panel shows a
noncomprehensive and nonstrict collection of cases where one method could be better suited than the other to explore the system PES (which is here
shown as a two-dimensional surface for the sake of visualization).
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variationally enhanced sampling, etc.63−66,101 Most of the
enhanced sampling methods currently used in catalysis rely on
the definition of some selected predefined degrees of freedom,
the so-called collective variables (CVs), along which one
enhances sampling instead of sampling freely along all degrees
of freedom. The enhanced sampling methods based on
definition of CVs can in general terms be defined as gradient-
based ones such as thermodynamic integration, the blue-moon
ensemble method, and non-Boltzmann sampling methods like
umbrella sampling, metadynamics, etc. Apart from these CV-
based methods, another series of methods relies on the
generation of many replicas of the system at different conditions,
such as parallel tempering or free energy perturbation methods.
However, as many configurations are necessary to obtain reliable
statistics, these methods are less frequently used in the field of
catalysis. Very good reviews on the broad variety of enhanced
sampling methods and their application in catalysis have
appeared recently, and we refer the interested reader to these
works and references therein.68

Another category of methods, namely, methods based on
transition path sampling (TPS), aim to sample the transition
path without prior knowledge of transition states and without
using CVs. Within these methods an ensemble of unbiased

dynamical trajectories between the reactants and products is
created by systematically generating new trial paths through
modification of a previous path in a Monte Carlo fashion.102−105

Interestingly, the statistics of the transition path ensembles can
be directly used to compute reaction rates.104,106 However, to
obtain rates, it is best to resort to variants like transition interface
sampling (TIS) or more efficient variants like replica-exchange
TIS (RETIS), which defines a series of interfaces that distinguish
between reactant and product states, from which a rate constant
can be deduced based on the crossing probabilities.105,107−109 So
far, TPS or TIS (RETIS) methods have not been used frequently
in the field of nanoporous materials, as when used in
combination with DFT the method is at the limit of what is
computationally feasible today. One would need thousands of
trajectories to obtain reliable quantitative data.110−114,116

However, if one would have access to cheaper methods to
determine to determine the PES with quantum accuracy
compared to DFT, TPS-related methods show great potential
within the field of catalysis.115 For some selected cases, TPS has
been used in the field of computational catalysis to receive
further mechanistic insights in the reaction, however without
computation of reaction rates.110−114,116 TPS methods have
been used to understand qualitative features of complex

Figure 4. (a) Schematic depiction of the distances (d) and coordination numbers (CNs) used to describe the methylation of ethene in H-ZSM-5. (b)
Two-dimensional free energy surfaces (FESs) of the ethene methylation reaction using the DI and CN collective variables. (c) Projections of the
profiles in (b) along the difference of distances or coordination numbers. In the right-hand profile, the projected FES is also compared to the one
obtained directly from a 1D umbrella sampling simulation. Adapted with permission from ref 120. Copyright 2020 Elsevier.
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catalyzed reactions but are often combined with dedicated
enhanced sampling methods, relying on CVs to deduce accurate
quantitative data on reaction kinetics. For more extensive
reviews on various sampling methods, we refer readers to
dedicated reviews on the topic.63−66

3.2. Collective Variables and Free Energy Profiles. As
most of the applications of enhanced-sampling MD methods
within the field of computational catalysis rely on the definition
of CVs to steer the dynamics, some further methodological
insights are given concerning their pros and cons. First, a proper
selection of CVs for complex chemical reactions taking place in
nanoporous materials remains a true challenge. “Good” CVs
must fulfill some basic requirements: they can only depend on
the instantaneous point in phase space where the system is
found, and they should be able to distinguish between all
(meta)stable states and transition states of interest along the
reaction paths. More extensive information on the proper
definition of a CV can be found in the work of Peters.117 In
addition to this, the number of CVs used in a simulation
cannot�in general�be greater than 2 to keep the computa-
tional cost feasible. There exist methodologies to find the best
reaction path in a higher-dimensional CV space, such as path
metadynamics or the string method,118,119 but these are outside
the scope of this Perspective. Typical CVs can be any function of
the microscopic coordinates of the system, such as distances,
angles, coordination numbers, etc. For a given system, it might
be possible to define various sets of CVs, each perfectly suited to
describe the reaction of interest. Depending on the choice, the
resulting free energy profiles will be uniquely shaped, although in
principle, they should lead to the same derived properties
(assuming proper convergence of the results). To better
illustrate this concept, some recent results by Bailleul et al. are
highlighted on the methylation of ethene with methanol in the
H-ZSM-5 zeolite.120 This reaction, being among the best
benchmarked in zeolite catalysis, is one of the few for which
experimental kinetic data are available.121,122

To describe the methylation reaction, two sets of collective
variables were tested, as schematically shown in Figure 4a. The
former (type DI) is given by the distance between the methanol
carbon and methanol oxygen (d) and the distance between the
methanol carbon and the center of mass of the two ethene
carbons (dCM). The latter (type CN) uses coordination
numbers, which are defined as
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where A and B are two groups of atoms, dij the distance between
atoms i and j, and typically n = 6 and m = 12. d0 is a parameter
that, if chosen to be roughly equal to the dij distance at the
transition state, makes CNAB approximately equal to the number
of bonds between the atoms in the two groups. In this case study,
the first coordination number is between the methanol carbon
and the methanol oxygen, while the second is between the
methanol carbon and the two ethene carbons. Therefore, both
sets of CVs encode the same chemical reactivity, simply in
different functional forms. For such a simple reaction, one’s
chemical intuition is usually sufficient to identify the relevant
reactive bonds and angles that need to be included in the CV
choice. For more complex reactive processes that may involve
many steps and/or many atoms, on the other hand, deducing a
sensible CV can become almost impossible and likely lead to an

inappropriate sampling of the reaction path. Later, the
possibility of going toward (semi)automated procedures to
generate the reaction CVs will be discussed in more detail.

Figure 4b shows the two-dimensional free energy surfaces
(FESs) obtained for ethene methylation from umbrella sampling
(US) simulations with the two sets of CVs. As can be seen, they
both allow us to distinguish between the reactant and product
valleys. A one-dimensional FES can then be constructed in terms
of a governing reaction coordinate which, as shown in Figure 4b,
can in this case simply be defined as the difference between the
two original distances or CNs. The projection of a two-
dimensional FES F(q1, q2) on a new collective variable q(q1, q2)
that is a function of the two original ones can be expressed as
follows:
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The resulting projected one-dimensional FESs are shown in
Figure 4c, where it can be clearly seen how a different CV choice
leads to a significantly different FES. The free energy profiles in
terms of different CVs have not only different shapes but also
substantially different free energy barriers, meaning that deriving
free energy barriers by just taking the difference between the
maximum and minimum of the free energy surface is not a good
practice. Before outlining how to derive in a more robust way
kinetic information, some more details are given on how to
transform free energy profiles obtained with different CVs. If the
CV space is sufficiently sampled, one can easily convert one free
energy profile to another by applying following transformation
formula:120
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where p2|1(q2|q1) is the conditional probability of CV q2 in terms
of CV q1 and encodes the correlation between the two collective
variables (i.e., we know how likely q2 is for a certain value of q1).
p2|1(q2|q1) can be estimated from a molecular simulation by
constructing histograms of the occurrence of q2 for the second
CV in the subset of the simulation data for which the first CV
takes the value q1. More details are given in the Supporting
Information of ref 120.

In the original paper by Bailleul,120 first sampling in terms of
two CVs was performed. However, for this particular reaction
one could have performed US simulations directly in one
dimension, obtaining the same results with a reduced computa-
tional cost (Figure 4c, right). For this reaction, this is possible
since the one-dimensional reaction coordinate q = dCM − d is
also a suitable reaction coordinate to drive the reaction.
However, reducing the FES dimensionality is not always easy
or recommended. Indeed, the more degrees of freedom are
included in a single CV, the higher is the risk of poorly exploring
important regions of the reaction path. When having performed
sampling initially in one dimension, it is also possible to perform
the inverse operation, where a one-dimensional FES is
converted to a new FES function of one or more new collective
variables. This procedure is particularly interesting to detect
whether the chosen CV is capable of sampling the part of the
phase space in which one is interested. When going from one to
two CVs, the formula takes the following form:
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whose key ingredient is the conditional probability p(q1, q2|q),
which encodes the system’s likelihood of being in the (q1, q2)
state on the condition that the original CV has a value q. In other
words, the free energy of a (q1, q2) state is computed from the
probability of the (q1, q2) state, which in turn is expressed as a
sum over q states of the probability of the q state (the Boltzmann
factor e−βF(q)) weighted with the conditional probability p(q1, q2|
q) of visiting the (q1, q2) state on the condition of the system
having an original CV value of q. The convenience of this
deprojection procedure is illustrated schematically in Figure 5,
where a continuous and smooth one-dimensional FES unravels
clear discontinuities when deprojected in two dimensions,
indicating that the reaction path cannot be adequately sampled
with the chosen CV.

3.3. Kinetic Information from Enhanced Sampling MD
Simulations. We now turn our attention to how to obtain in a
more robust way kinetic information from the obtained free
energy profiles. Clearly the min−max difference in free energy
obtained from an FES is not a suitable quantity to derive reaction
kinetics, as it strongly depends on the CV choice. Therefore, one
would rather compute the rate constant of the reaction under
study, which being a macroscopic measurable quantity is
independent of the CV choice, provided that the CV itself is
well-suited to describe the process under study (see the previous
paragraph). This can be done by resorting to the Bennett−
Chandler (BC) approach to reaction rate theory, where the
kinetic constant of an elementary reaction step can be expressed
as follows:62
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where q* is the CV value at the transition state. When
investigating the content of the previous equation, it is
convenient to rewrite it in the following fashion:
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A graphical depiction of the various terms is shown in Figure 6.
The kinetic rate constant contains two main ingredients: the

ratio of the transition state probability to the reactants state
probability (which represents thermodynamic information that
can be extracted from the raw FES) and the prefactor measuring
the “rate” at which the collective variable changes in time at the
transition state, which represents kinetic information that
cannot be extracted from the raw FES and hence requires

additional assumptions or simulations. The complete prefactor
⟨q̇(0)θ(q(t) − q*)⟩q(0)=q* represents this average rate on the
condition that after a certain amount of time t the system has not
recrossed the TS back toward the reactant state (which is
encoded by the Heaviside function θ(q(t) − q*)). Explicitly
obtaining this prefactor is computationally challenging, as�if
using the reactive flux formalism, for instance�hundreds of MD
trajectories must be initiated atop the transition state and their
time evolution must be monitored in order to assess whether
they end up in the reactant or product basin. When DFT is used

Figure 5. A one-dimensional FES can be converted into a two-dimensional one and vice versa thanks to some statistical analysis. In this example the
two-dimensional FES exhibits a very clear discontinuity which is not detectable in the one-dimensional profile. Indeed, if the one-dimensional q is
chosen to be the dotted line in the right figure, the transition state region appears to be continuously sampled despite in reality being made by the
merging of two nonoverlapping regions in the two-dimensional CV space.

Figure 6. In the Bennett−Chandler approach to reaction rate theory,
the kinetic constant of a reaction is the product of two terms: a kinetic
term (in green), representing the rate at which the system crosses the
transition state assuming it ends up in the products state, and a
thermodynamic term, which is the ratio of the transition state
probability (orange) to the reactant state probability (blue).
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to evaluate the forces, it is computationally not feasible to
perform such direct kinetic evaluations. However, we recently
performed a proof-of-concept study where the forces were
evaluated using an MLP, which made it possible to obtain the
kinetic rate constant directly using the BC approach.4

In most of the cases, one resorts to the transition state theory
(TST) approximation, whereby setting the chances of barrier
recrossing to zero, the following expression can be obtained:

= = | | = *

*

*+
k k t q

q
lim ( )

1
2

e

e dt
x q q

F q

q F q
R P
TST

0
R P
BC

( )

( )

(8)

By performing an analytical integration over momenta, the
prefactor is here rewritten as an ensemble average of the q
gradient with respect to the mass-weighted coordinates of the
system when the system is located at the transition state. For the
methylation of ethene in H-ZSM-5, it was shown that the rate
constants obtained using the formula above from the umbrella
sampling simulations were independent of the CV choice,
whereas the underlying free energy profiles in terms of the
different CVs were different in shape as illustrated above.

As working directly with kinetic constants can be quite
cumbersome and as in standard literature, one often refers to
free energy barriers to construct overall free energy diagrams and
identify the rate-determining steps and intermediates that are
most stable. Therefore, the concept of a phenomenological free
energy barrier was introduced by Bucǩo et al.123 This quantity is
defined as follows, which is obtained by plugging the kinetic
constant into Eyring’s classical TST equation:
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Analogous approaches to derive accurate kinetic constants
from enhanced-sampling simulations have also been successfully
applied to metadynamics and blue-moon sampling.124−126 More
detailed information on some enhanced sampling methods
within the field of catalysis can be found in a recent review by
Rousseau and co-workers.68 In any case, the awareness that
FEPs obtained from enhanced-sampling simulations are not a
“free energy analogue” of a minimum-energy path and that extra
care needs to be taken to retrieve reaction free energies is rapidly
growing in the literature.123,127,128 Finally, after having
completed all previous steps, one can also check the reliability
of the results and the sampling by performing a committor
analysis or a follow up MD simulation where the FES is inverted
and used as a bias. More details on the previous methodological
aspects can be found in the paper by Bailleul et al.120

3.4. Practical Considerations and Challenges for
Complex Reactions in Catalysis. From previous subsections,
it became clear that using enhanced-sampling MD simulations
for the simulation of complex chemical conversions in
nanoporous materials cannot be regarded as a “black-box”
method. Even when disposing of the required computational
time, a lot of insight is necessary in the methods to correctly
interpret and analyze the obtained results. In view of this, it is
important to have access to automatic analysis tools to process
the simulations. In this respect we refer to our recently launched

ThermoLIB code,129 which is a python/cython library to
construct and manipulate FESs as a function of a priori chosen
collective variables from output of molecular simulations. The
package allows transformation and/or (de)projection of the FES
a posteriori to different collective variables as well as extraction
of thermodynamic and kinetic properties from it. Furthermore,
it is important to have thorough error analysis tools available in
terms of data reliability to make sure that the simulations are
sufficiently converged and yield statistically relevant results. In
this respect, the ThermoLIB code also fully supports error
estimation on the obtained thermodynamic and kinetic
properties, using the Fisher matrix for maximum likelihood
estimators of free energy profiles or more conventional statistical
tools such as block averaging.

In terms of computational cost, the use of enhanced sampling
methods may become quite expensive. For example, the
umbrella sampling approach used in the previous ethene
methylation example required about 2000 ps of simulation
time. Luckily, the main advantage of US is that the individual
umbrellas can be run in parallel. In that case, the reaction path
was partitioned into 40 umbrellas, each consisting of 50 ps of
simulation. Other enhanced sampling methods such as
metadynamics or variationally enhanced sampling are computa-
tionally more efficient to generate one-dimensional FESs, but
these techniques are not parallelizable (unless a variation such as
multiple-walker metadynamics is used). For some reactions, it
might not be clear a priori whether the chosen CVs are suited to
describe the reactive process. In that case, it might be interesting
to perform some exploratory metadynamics runs after which
more refined US simulations can be performed. The overall
accessible simulation time is of course determined by the
method used to simulate the PES. So far, GGA DFT remains the
standard methodology to evaluate energies and forces in the
field of computational catalysis, as was explained in section 2.
Using DFT limits the accessible time scales, as even after
simulation for hundreds of picoseconds, the sampling of slow
molecular motions may remain incomplete. Luckily, interesting
new directions are being explored from a methodological point
of view, namely, the development of machine learning
potentials. Despite a still scarce application within the field of
zeolite catalysis, MLPs show a great deal of potential and may
lead to significant breakthroughs in the methodological
limitations that are nowadays affecting the length and time
scales accessible in computational catalysis. Some more
information on the potential of MLPs together with the
challenges for the field of zeolite catalysis will be given in
section 5.

As previously stated, the selection of proper CVs remains a
nontrivial task. If an important degree of freedom is missed, it
would lead to misinterpretation of the free energy profile.
Recently, new methods have been proposed to systematically
investigate whether CVs are missing and which CVs would have
to be added.130,131 However, we are not aware of the application
of such methods within the field of zeolite catalysis.

For the methylation reaction illustrated above, definition of
CVs was rather straightforward; however, for other reactions, for
example, β-scission of reactive alkenes, definition of collective
variables may become cumbersome. Recently, various data-
driven methods have been proposed to discover proper CVs in a
more automated way.131−134 The field is rapidly evolving, and
we direct the interested reader to recent specialized reviews on
the topic.131−133,135 In general terms, automated CV discovery
techniques started with linear dimensionality reduction
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techniques such as principal component analysis and multi-
dimensional scaling.131 However, for complex molecular
systems as envisaged here, nonlinear dimensionality reduction
techniques are beneficial, as they allow mapping of more
complex patterns of atomic coordinates to CVs. In this field,
deep learning techniques based on artificial neural networks for
discovery of high-variance nonlinear CVs have been pro-
posed.134,136,137 Additionally, various techniques have been
proposed to discover the slow CVs, which aim to find linear or
nonlinear functions of the configurational coordinates that
mimic the slowest-evolving molecular motions of the system. In
this last category, many methods exist; however, their
applicability within the field of catalysis or nanostructured
complex materials remains very limited. For the description of
phase transitions in metal−organic frameworks, time-lagged
independent component analysis (TICA), a well-established
statistical modeling technique incorporated into Markov state
modeling that aims to reduce the dimensionality of the problem
while minimizing the loss of kinetic information, has successfully
been applied.138 However, the applications of such data-driven
methods within the field of catalysis are nearly nonexistent, apart
from some recent notable exceptions.139 Clearly, the field could
benefit greatly from the development and implementation of
such automated CV discovery methods for the description of
catalytic phenomena.

Lastly related to the definition of CVs, we also mention that it
is sometimes necessary to introduce additional potential walls to
prevent the system from visiting unwanted parts of configura-
tional space. This can be useful, for instance, to limit the
diffusion motion of an adsorbate into the catalyst pores or to
block a secondary (unwanted) reactive path that could be
triggered by biasing along the chosen CVs. The wall selection
and placement is generally done in a trial-and-error manner.
While it is clear that limiting the available phase space of a
mobile reactive molecule will certainly impact its free energy, we
are not aware of systematic studies in which the effect of walls on
computed properties has been extensively investigated.

From this section, it has become clear that molecular
dynamics techniques, in particular enhanced-sampling MD
techniques, for the simulation of chemical reactions within the
field of catalysis can give substantial new insights. However,
various challenges are ahead to integrate them in a standard
computational catalysis workflow, and at this point they may not
be regarded as mainstream black-box methods. Some of the
challenges and hurdles have already been touched upon briefly
in this section, but we elaborate more extensively at the end on
the challenges ahead of MD techniques in the field of catalysis
and how to integrate them into an overall computational
workflow for studying catalysis at multiple length/time scales.

3.5. Static versus MD-Based Methods and Comparison
with Experimental Kinetic Data. Despite the computational
burden and the methodological hurdles that must be overcome
with enhanced-sampling MD simulations, they have proven
their use for simulating complex chemical conversions under
operating conditions, as will be illustrated by some examples in
the next sections. One could rightfully ask the question whether
there is still a place and position for static methods in the field of
computational catalysis. As will become clear from the examples
given in the next section, static and dynamic techniques may give
complementary insights. In any case, static methods are essential
to find those reactions for which more in-depth investigations
using MD methods are preferable or even necessary.
Furthermore, as within a static or local approach only a few

points on the PES need to be determined, it is possible to use
computationally much more expensive and accurate electronic
structure methods than DFT methods to obtain more accurate
electronic energies, as was explained in section 2.

In previous subsections, we mainly focused on how to
determine kinetic information from the enhanced sampling
simulations; however, comparing theoretical rate constants with
experimental values requires not only intrinsic barriers but also
information on the adsorbed states. Some more information on
adsorption will be given in the next section through the use of
some case studies. It will become clear that MD methods when
used in combination with DFT-based evaluation of forces are
less suited to determine adsorption enthalpies, as extensive MD
simulations are necessary. From first-principles MD simulations
of reactions one obtains intrinsic reaction rates, i.e., referred to
the state where all species are adsorbed on the catalyst.98,140,141

To compare to experimental data, one needs the apparent rate
constants, which include the adsorption energy, unless the
reaction is zeroth-order in the reactant concentrations. In the
latter case, the surface active sites are completely covered with
the reactant having a reaction order of zero, so that no
dependence of the kinetics is observed over the whole
measurement range.141 There are only a few examples available
in the literature where kinetics from static and dynamic
approaches are compared on one hand and where theoretical
kinetic rate constants are compared with experimental kinetic
data. This lack of comparative studies can be related to the fact
that it is very difficult to measure the kinetic information on
single reactions in zeolites. In most cases, many reactions take
place simultaneously, prohibiting a one-to-one comparison
between experimental and theoretically obtained kinetic
information. One of the best benchmarked reactions in zeolite
catalysis is the earlier-discussed methylation reaction of alkenes
in Brønsted acidic zeolites.121,122 This reaction has been the
topic of various theoretical studies using a plethora of techniques
ranging from static methods to MD methods.120,140,142,143 It is
not the intention to give a complete overview of the literature
here, but for the sake of completeness, we elaborate on how to
compare theoretical with experimental kinetic data and the role
of first-principles MD simulations in this endeavor for the
methylation of alkenes. As determining adsorption enthalpies
directly from first-principles MD simulations is particularly
difficult, a possible strategy to compare theoretical and
experimentally measured kinetic data is a hybrid approach
where the adsorption of ethene is determined from static
periodic calculations and the intrinsic rate constant is
determined from first-principles MD simulations.120 The
concept and relation between the apparent and intrinsic rate
constants are illustrated in Figure 7. The static simulations allow
estimation of the equilibrium constant, whereas the dynamic
simulations yield the intrinsic rate constant. The finally obtained
value for the apparent rate constant is very sensitive to the
specific methodology used to calculate the adsorption free
energy. The discussion given here clearly shows that it remains a
challenge to compare kinetic information from MD simulations
with experimental kinetic information. In the endeavor to
establish methods for obtaining chemical kinetics of zeolite-
catalyzed reactions, a range of methods based on static
simulations has been developed by Sauer and co-workers to
calculate with chemical accuracy the rate constant for the
methylation reaction.143 A strategy was adopted where very
accurate electronic energies were obtained by systematically
refining DFT energies with inclusion of dispersion interactions
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by expensive wavefunction-based methods. The thermal and
entropic contributions were obtained beyond a standard

harmonic oscillator approximation by including anharmonic
corrections for each vibrational mode.144,145 For this particular
reaction, this strategy was shown to yield results that agree with
experiment with chemical accuracy; however, this methodology
cannot be regarded as a standard approach. First of all, the
methodology is computationally very expensive due to the
expensive wavefunction-based methods. Second, for some
reactions, proper definition of well-defined reactant and
transition states is less trivial, as we will show in the case studies
below. This is particularly the case for reactions taking place at
higher temperature or in complex reaction environments, i.e., in
the presence of water or other guest species. Furthermore, as we
will also illustrate in section 4.3, it is not always possible to
identify one particular transition state, and broad transition
regions might occur. In this case, an MD sampling approach is
certainly preferred. Alternatively, one might adopt strategies to
account for more transition states in a static approach, but the
finally obtained transition state free energies and particularly the
entropy might be quite sensitive to the selection of transition
states.146−148

Previous considerations lead us to conclude that a direct
comparison of theoretical and experimental kinetic data with
chemical accuracy remains very challenging both with static and
MD-based methods. Ideally, methods will become available
where one can determine with very good accuracy the electronic
energies of the system (i.e., sample the PES with chemical

Figure 7. Schematic depiction of the method used by Bailleul et al. to
obtain apparent and intrinsic rate constants for the ethene methylation
reaction. Adsorption free energies were computed with various static
schemes (as highlighted by the gray uncertainty shading), while the
reactive step was modeled with enhanced-sampling molecular
dynamics. Adapted with permission from ref 120. Copyright 2020
Elsevier.

Figure 8. Schematic illustration of the local, semilocal, and nonlocal levels. The local or short-range level comprises the active site and reactive species
in direct contact with the active site and has roughly dimensions of 0.1 to 1 nm. The semilocal level encompasses other guest molecules solvated in the
pores of the material and possibly other active sites in the neighborhood of the active site. The nonlocal or long-range level extends further to the crystal
size level and has dimensions ranging from ca. 2 nm to the crystal size dimensions.
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accuracy) at a reasonable computational cost and use such high-
accuracy methods in combination with enhanced sampling
protocols as currently used in MD. Such a strategy would allow
one to obtain with high accuracy enthalpic and entropic
contributions of the chemical reactions of interest.

4. SELECTED CASE STUDIES ILLUSTRATING THE PROS
AND CONS OF FIRST-PRINCIPLES MOLECULAR
DYNAMICS SIMULATIONS WITHIN ZEOLITE
CATALYSIS

In this section, some case studies are discussed to highlight how
different aspects of the catalytic process can be discovered by
MD simulations. As mentioned in the Introduction, the
complexity of a catalytic process is situated at various levels
which may be categorized in terms of locality with respect to the
active site. A schematic representation is shown in Figure 8. The
local reactive level or short-range level includes the active site
and reactive species in direct contact with the active site and has
dimensions of roughly 0.1 to 1 nm. In the case active sites
cooperate, they both need to be present at the local level. The
second level�hereafter referred to as the semilocal or midrange
level�encompasses other guest molecules solvated in the pores
of the material and possibly other active sites in the
neighborhood. To further define the semilocal level, we can
make the analogy with solvated ions, where this semilocal level
would correspond to the second solvation shell. It is clear that
the conditions and the number and nature of the molecules
present in the semilocal level have an important effect on the
reactivity. During the course of a catalytic process, molecules
that were originally in the semilocal level can dynamically enter
the local level. The spatial extent of the semilocal level has
dimensions extending to approximately 2 nm maximum, which
would also correspond to the definition of micropores according
to the IUPAC convention of porous materials.149 A third level
consists of the nonlocal or long-range level, having dimensions
in the range from 2 nm to the crystal size. The latter may vary
from 50 nm to the micrometer level. This nonlocal level is
typically very important for transport of reactants, products, and
other species present in the reaction feed. Transport itself is a
very complex phenomenon and encompasses not only intra-
crystalline diffusivity but also interactions of reactants with
external surfaces of the catalyst particle. Diffusivity may be
hindered or free, and transporting molecules may interact with
specific active sites. In this sense the distinction between the
three levels is made to structure the discussion, but it is
important to realize that during the lifetime of a catalytic process,
there may be dynamic interchanges between the local, semilocal,
and nonlocal levels. Lastly, the distinction made here takes the
active site as the reference point; in reality, active sites are
distributed over the catalytic sample, and ensemble averages of
reactivities from different active sites will finally lead to the
observed experimental reactivity.

The case studies taken up in this section give insight into
various aspects of the catalytic phenomenon and will particularly
highlight how MD simulations can give insights into the various
levels introduced above. Hereafter the four case studies are
briefly introduced. The first case study illustrates how MD
simulations can reveal the nature of reactive intermediates at
operating conditions, where it is discussed how MD simulations
are essential to discover the nature of adsorbed alkenes on
Brønsted acidic sites. It will be shown that static simulations are
not sufficient to uncover how adsorbed alkenes behave at

extreme reaction conditions, i.e., temperatures higher than 500
°C, which are typically found in catalytic cracking. The second
case study deals with the dynamic change of the active site itself
under reactive conditions. The third case study deals with the
importance of competitive reaction routes and shows how MD is
quintessential to revealing the importance of multiple reaction
pathways under operating conditions. These first three case
studies are all situated at the local and semilocal level. The fourth
case study discusses some results on the diffusion of reactive
intermediates at operating conditions and shows how MD can
give insights into intracrystalline diffusion. Diffusion obviously
takes place at the nonlocal level, but we will show how first-
principles MD simulations can also give insight into diffusion at
operating conditions when the diffusion is hindered.

4.1. Reactive Intermediates at Operating Conditions
and Adsorption Enthalpies. To illustrate how first-principles
MD methods may be extremely useful to obtain insight into the
nature of reactive intermediates at operating conditions, the case
of alkene adsorption on Brønsted acid sites (BASs) is discussed
in this subsection. This case study is inspired by alkene cracking
over zeolites but is of broader importance for any chemical
transformation within a Brønsted acidic zeolite where a double
bond needs to be activated. Zeolite-catalyzed alkene cracking
typically occurs at very high temperatures, i.e., higher than 500
°C. At these high temperatures, tracking the reactive
intermediates with in situ and operando techniques is very
difficult. Furthermore, some intermediates are very reactive and
may quickly transform into other species.150−152 Also, in other
important chemistries like the zeolite-catalyzed C1 catalysis
where methanol, carbon dioxide, and dimethyl ether are
converted to platform chemicals, the importance of dynamic
sampling was revealed to determine the reactive intermediates at
operating conditions.153−156 Standard static approaches�also
sometimes called local approaches�may completely fail in
describing the correct nature of the reactive intermediates at
operating conditions.42,148,157,158 The reason for this short-
coming lies in the fact that static methods search for local
minima on the 0 K PES and afterward thermal corrections are
added to obtain thermodynamic quantities such as adsorption
enthalpies, entropies, etc. However, at the alkene cracking
conditions, starting from minima obtained from the 0 K PES is
not a good assumption, as some of them may not prevail at the
higher reaction temperatures. Within this respect, it is important
to acknowledge the difference between the PES and the free
energy surface (FES). The FES is obtained by accounting for
contributions originating from the partition function evaluated
in the appropriate thermodynamic ensemble. The most
common ensembles used in theory are constant temperature,
constant volume (NVT) or constant temperature, constant
pressure (NPT) ensembles. However, a lot of other ensembles
are possible depending on the thermodynamic control
variables.62,159 The terminology “free energy” is often
colloquially used, whereas in fact it may refer to the Helmholtz
free energy F(N, V, T) when N, V, and T are constant or the
Gibbs free enthalpy G(N, P, T) when N, P, and T are constant.
When interested in finding reactive intermediates at operating
conditions, we should explore the FES to find (meta)stable
states or interesting paths between various intermediates. The
PES is an essential ingredient of the FES, but the FES may
drastically differ from the underlying PES, certainly when the
stability of intermediates is evaluated at higher temperatures. A
schematic figure showing an abstract representation of a high-
dimensional PES and derived low-dimensional FES profiles in
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terms of certain important reaction coordinates is shown in
Figure 9. Figure 9b from top to bottom shows the lowest-energy

path on the PES, the free energy differences between two
minima connected by a maximum in the harmonic oscillator
approximation (thereby neglecting dynamic sampling on the
PES), and the free energy profile obtained when sampling
dynamically at the right operating conditions. It is clearly seen
that the green curve has a significantly different profile than the
dotted curve on the PES, indicating the difference between the
lowest energy path on the PES and the free energy curves.

Hereafter, we specifically illustrate these concepts for the
adsorption of alkenes in Brønsted acidic zeolites. When an
alkene adsorbs within the zeolite, four possible adsorbed states
can be identified, which are schematically depicted in Figure 10a
for 2-pentene. When the alkene interacts via weak dispersion
interactions with the zeolite walls, a physisorbed van der Waals
complex (indicated as freely adsorbed 2-pentene in the figure) is
formed; when the double bond interacts with the acid proton, a
physisorbed π complex is formed; in the case where the double
bond gets protonated by the zeolite, a carbenium ion is formed;
and last, a framework-bound alkoxide can be formed when a
covalent C−O bond is formed between the alkyl chain and the
lattice.

The relative probability of finding the various intermediates
depends on a variety of factors, such as the zeolite confinement,
the carbon number of the alkene, its degree of branching, and the
operating conditions. More specifically, the temperature may
drastically change the fate of the various intermediates.
Molecular simulations have the potential to shed light on the
nature of the reactive intermediates at the molecular scale;
however, the outcome of the theoretical predictions may be
strongly dependent on the method used to describe the PES and
the representation of the zeolite model. Within this Perspective,
we want to highlight the potential added insights obtained from
MD simulations. Therefore, we will only briefly comment on the
impact of the electronic structure method and zeolite model on
the stability of the various adsorbed species. More extensive
reviews on these aspects can be found in the litera-
ture.32,46,160,161 In short, from these dedicated studies, the
following conclusions were found. First, earlier zeolite models
consisting of a small number of T atoms, which only accounted
for a very limited part of the zeolite environment, predicted
alkoxides as the most stable intermediates.162−164 Upon shifting
to a more realistic representation of the zeolite host (periodic
models or extended cluster models), the relative stability is
drastically changed, and alkoxides do not always remain the

most stable species, even at low temperatures. Of course the
degree of branching is very important in this sense, as tertiary
alkoxides experience more steric repulsion with the framework
and are therefore less stabilized compared to primary or
secondary alkoxides. Carbenium ions follow the opposite
stability order, with the tertiary being more stable than the
secondary and primary. Second, the adopted electronic level of
theory plays a decisive role in the relative stability of various
intermediates. In particular, dispersion interactions or other
nonbonding interactions with the zeolite walls may profoundly
impact the energetics. Within the current literature, most
theoretical calculations use DFT methods with some particular
exchange−correlation functionals amended with a method to
describe the dispersion interactions. In this respect, the DFT-D
methodology proposed by Grimme, where the standard DFT
energy is corrected with a parametrized damped dispersion
term, has become very popular.51 The success of this
methodology is rooted in the computational ease of the DFT-
D method, although it was recently shown that the DFT-D
method also has its limitations, especially for the description of
re la t ive stabi l i t ies of d ispers ion-dominated spe-
cies.44,46,59,161,165,166 For example, the PBE-D level of theory
has become the standard method within a broad range of solid-
state studies, but it overestimates the stability of carbenium ions
compared to physisorbed π complexes.165,167 Various reports
have recently appeared within the field of zeolite catalysis and
adsorption, where expensive wavefunction methods or hybrid
methods have been proposed to obtain more accurate
adsorption energies (vide infra). These specific methods are
computationally very demanding and were almost exclusively
used in a static simulation protocol.43,142,166−171 Given their
computational expense, the use of such methods to perform MD
runs spanning long simulation times is not feasible. Recently,
new approaches were suggested to obtain in a computationally
more feasible way accurate free energies for adsorbed complexes,
combining sampling by means of MD and refinements at higher
levels of theory.161,165,172,173 On the other hand, low-scaling
periodic implementations of advanced methods such as MP2,
double hybrids, and the random phase approximation (RPA) are
becoming available in mainstream computational chemistry
software.174−177 Given the concomitant increase in data
efficiency of the most recent machine learning potential
architectures, it seems likely that soon it will be possible to
perform cheap MLP simulations on a chemically accurate PES
learned from a limited set of high-level single-point calculations.

To illustrate the impact of temperature on the nature of the
prevailing intermediates at operating conditions, some results on
MD simulations of linear and branched pentenes within H-
ZSM-5 at three temperatures, namely, 50, 300, and 500 °C,
performed with the revPBE-D3 methodology, are shown in
Figure 10b,c. Each of the simulations started from a carbenium
ion configuration, which was followed during an MD run of 100
ps.42,148,158 The nature of the adsorbed species was identified
based on a distance criterion between the carbon backbone of
the alkene and the zeolite lattice. The linear pentyl carbenium
ion was found to be unstable and immediately deprotonated into
a physisorbed pentene π complex at 50 and 300 °C. However, at
500 °C, some (de)protonations of n-pentene occurred during
the MD run, resulting in a short lifetime for the linear
carbocation. As a result, linear carbenium ions were concluded
to be metastable at cracking temperatures. Furthermore, linear
secondary alkoxides were stable intermediates at the lowest
temperature but had the tendency to quickly transform into

Figure 9. Abstract representation of a high-dimensional PES and
derived low-dimensional free energy profiles in terms of important
reaction coordinates.

ACS Catalysis pubs.acs.org/acscatalysis Perspective

https://doi.org/10.1021/acscatal.3c01945
ACS Catal. 2023, 13, 11455−11493

11468

https://pubs.acs.org/doi/10.1021/acscatal.3c01945?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acscatal.3c01945?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acscatal.3c01945?fig=fig9&ref=pdf
https://pubs.acs.org/doi/10.1021/acscatal.3c01945?fig=fig9&ref=pdf
pubs.acs.org/acscatalysis?ref=pdf
https://doi.org/10.1021/acscatal.3c01945?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


physisorbed species at higher temperatures. At 500 °C, frequent
transitions were also observed between the two physisorbed
states (vdW complex and π complex). The π complex is
energetically more stabilized due to the π−H interaction
between the Brønsted proton and the double bond; however,
the vdW complex may move more freely inside the zeolite pores
and thus gain entropic stabilization at higher temperature. In
principle, it would be very interesting to disentangle the
enthalpic and entropic contributions from these simulations;
however, very long simulation times would be necessary. Some
more information about these aspects is given later in this
section. For a recent perspective on various methods to account
for dynamics and anharmonicity in the calculation of entropies

within the field of heterogeneous catalysis, we refer to the paper
of Rousseau and co-workers.157

For branched alkenes, the stability of carbenium ions is
expected to increase because of the possibility of forming tertiary
carbocations. In contrast to 2-pentene, when simulating the
branched 2-methyl-2-butyl carbenium ion during an MD
simulation (Figure 10c), the carbocation state is visited
throughout the majority of the simulation time and is
characterized by very long lifetimes, even at lower temperature.
Furthermore, the tertiary 2-methyl-2-butoxide immediately
transformed into a carbenium ion or physisorbed alkene at all
temperatures. As the temperature increases, the lifetime of the
carbenium ion also increases, and thus, it may be concluded that

Figure 10. (a) When an alkene is adsorbed in a zeolite, its interaction with the Brønsted acidic site can lead to the formation of a physisorbed π complex
or a chemisorbed carbenium ion. The latter can then bind to the framework to form a surface alkoxide species. (b) Time evolution of the various
intermediates of 2-pentene during a regular MD simulation starting from the 2-pentyl cation within H-ZSM-5 at three different temperatures. (c) Time
evolution of the various intermediates of 2-methyl-2-butene during a regular MD simulation starting from the 2-methyl-2-butyl cation at three different
temperatures. The states indicated with an alkene are a combination of the π complex and the van der Waals complex. (d) Free energy differences
between the 2-methyl-2-butene within H-ZSM-5 intermediates obtained from static calculations and metadynamics simulations at 500 °C.
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at operating conditions branched carbenium ions would be
stable and important reactive intermediates.

Previous results show that regular MD simulations allow one
to give insight into the probability of finding reactive
intermediates at operating conditions and also illustrate the
impact of temperature on the nature of the intermediates. In
general, higher temperatures promote species with more
configurational freedom, such as carbenium ions and
physisorbed alkenes, whereas at lower temperatures, enthalpi-
cally stabilized species, such as alkoxides, may be promoted.
Care needs to be taken in estimating the nature of the prevailing
intermediate solely on one parameter (i.e., here the temper-
ature), as other parameters such as branching, chain length, and
topology also affect the stability of the various species.113,178−181

In any case, MD simulations are particularly useful to properly
account for the mobility of the ensemble of possible adsorbate
configurations at higher temperatures.

In the next step, it is very interesting to also quantitatively
determine the relative free energies of the various intermediates
and barriers separating them. The MD simulations shown so far
do not allow to extract this precise information. First of all, the
sampling time, albeit being hundreds of picoseconds, is too short
to deduce accurate free energy differences. Second, some of the
intermediates are separated by an activation barrier. During
regular MD simulations, some transitions were observed
between the various adsorbed species; however, the number of
transitions is insufficient to also deduce free energies or
activation barriers from such simulations. To also determine
free energy profiles, one has to resort to enhanced-sampling
simulations as explained in section 3. For the case of the
branched C5 species 2-methyl-2-butene, such a free energy
profile was determined at 500 °C using two one-dimensional
metadynamics simulations. In the first simulation, a collective
variable was introduced to describe the proton transfer from the
zeolite framework to the alkene double bond, forming a tertiary
carbenium ion, whereas in the second simulation, the collective
variable described the formation of the covalent C−O bond
between the carbenium ion and the zeolite lattice. Note that,
alternatively, one could also perform a single two-dimensional
metadynamics simulation, biasing two CVs, where the resulting
2D free energy surface can be reduced to a 1D free energy profile
by searching the minimum free energy path connecting the
different local minima.182 The resulting free energy profile is
shown in Figure 10d, together with the free energies obtained
from static calculations at the same level of theory, where
thermal corrections were added through the harmonic oscillator
approximation. It is immediately clear that at high temperature
the 2-methyl-2-butyl carbenium ion becomes substantially more
stabilized relative to the physisorbed alkene compared to the
static calculation predictions. Upon inspection of the MD
trajectories, it becomes clear that within the MD run, the
carbenium ion is rather mobile at 500 °C and thus becomes
entropically favored. Also notice that due to the high entropic
penalty of forming a covalent bond with the framework at this
high temperature, the alkoxide formation is characterized by a
high barrier, and the 2-methyl-2-butoxide is highly unstable.

The previous case study clearly shows the added value of MD
simulations to reveal the nature of reactive intermediates under
operating conditions and furthermore shows how free energies
obtained from static calculations may severely differ from the
dynamics-based predictions. The importance of first-principles
dynamic sampling for determination of important intermediates
was shown in various other papers, where also experimental

evidence was given for the prevalence of crucial intermedi-
ates.183,184 Despite the advantages of MD simulations, some
critical remarks and potential future directions are worth
mentioning here.

First of all, previous simulations�both regular MD and
enhanced-sampling MD�are inherently limited by the
attainable simulation time. For the regular MD simulations, a
total simulation time of 100 ps was achieved; hence, using a time
step of 0.5 fs, at least 200 000 individual electronic energy
calculations at the DFT level have to be performed. The small
time step of 0.5 fs is necessary to obtain adequately converged
simulations and sample also the highest frequency modes with
sufficient accuracy. Each energy calculation was performed on a
fully periodic model of H-ZSM-5 with about 300 atoms in the
unit cell. Previous works have shown that also the zeolite
topology plays an important role in the stabilization of the
various adsorbed alkene intermediates, and thus, it would be
very interesting to obtain in a more systematic way information
on how various parameters�temperature, topology, branching,
etc .� influence the stabi l i ty of these intermedi-
ates.113,148,178−181,185186 With the brute-force MD approach
sketched above, where all energy and force calculations have to
be done at the DFT level or even more accurately by electronic
structure methods, it is therefore far from possible to perform
such systematic investigations. The limitations associated with
expensive ab initio simulations might be overcome in the future
by using more efficient machine learning potentials that are
parametrized on underlying accurate first-principles data (vide
infra).

A second point concerns the choice of collective variables.
Previous free energy profiles were obtained by performing two
separate 1D metadynamics simulations requiring between 40
and 70 ps of simulation time each. Ideally it would be possible
for this particular case study to employ a more complex
collective variable that enables all intermediates to be included
in a single free energy profile, as we have recently done to study
the formation of surface ethoxide species in the ethylation of
benzene with ethene.187 We showed that while it is indeed
feasible to use a linear combination of coordination numbers to
perform one-dimensional umbrella sampling simulations, this
approach can also result in poor sampling of potentially
important regions of the phase space. On the other hand, with
the statistical tools presented in the previous section, this issue
can be straightforwardly identified and addressed with, for
instance, the addition of extra two-dimensional umbrellas along
the reaction path.

Lastly, it would be very interesting to disentangle the separate
enthalpic and entropic contributions from the free energy profile
obtained with enhanced sampling of MD simulations. When
interested in adsorption data that can be used in microkinetic
models or reaction networks, it would be necessary to obtain
adsorption enthalpies with chemical accuracy, i.e., having an
accuracy of 4 kJ/mol compared to exact benchmark values.188 In
contrast to static calculations, where by construction one
immediately receives the various contributions to the free energy
barriers, the separate enthalpic and entropic contributions do
not straightforwardly follow from MD simulations. On the other
hand, static calculations do not account properly for the
configurational mobility, thus resulting in inaccurate predictions
of the entropies.165 To obtain the separate entropic and
enthalpic contributions from an MD simulation, one could in
principle use a brute-force approach where the entropies are
estimated by subtracting the internal energy from the free energy
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obtained from the enhanced-sampling MD simulation. Bucǩo et
al. performed this procedure for monomolecular cracking of
propane in chabazite, where the free energies were obtained
from thermodynamic integration.112 The major problem with
this direct approach is that excessive sampling is necessary to
obtain accurate internal energies from MD simulations. In
principle, to determine the entropic contribution to differences
in free energy between various molecular states from MD
simulations, there are various options to proceed. First of all, one
could perform very long regular MD simulations where the
reactive species dynamically switches between states labeled
with A, B, and C. In this case A, B, and C would correspond to
the alkene, the carbocation, and the alkoxide, respectively.
Sufficiently long MD runs would be necessary to sample the
transitions between all various states with high enough
frequency; only then would the relative probability (and hence
stability) be reliably represented. From such simulations, one
could determine the probability p of each state and compute the
corresponding free energy from F = −kBT ln p. This information
then also allows the entropy to be extracted through various
possible procedures: (a) for each state one could determine the
average enthalpy H and compute the entropy S using the
standard thermodynamic formula (H − F)/T, or (b) the free
energies F could be computed at different temperatures T1 = T −
ΔT and T2 = T + ΔT and the numerical differentiation
approximation to the expression = ( )S F

T V N,
, leading to

+S T( ) F T T F T T
T

( ) ( )
2

, could then be used to compute
the entropy. From a purely conceptual point of view, this
procedure could be followed; however, there are some hurdles
which may prevent us from doing so: first, it is not always trivial
to unambiguously identify the states A, B, and C, and second, the
most critical point is the length of the simulations and the
resulting sampling of the transitions between the various states
with sufficiently high frequency. The straightforward determi-
nation of all these thermodynamic properties from MD
simulations is quite sensitive to statistical noise (e.g., numerical
differentiation magnifies statistical noise), and prohibitively long
simulations would have to be performed, which are certainly
beyond what is feasible today with DFT simulations.

To determine adsorption enthalpies, various calculation
schemes have been proposed to obtain these quantities with
near chemical accuracy, i.e., with an accuracy of 4 kJ/mol
compared to exact benchmark values.188 Many of them are
based on static calculations, but recently new schemes have been
proposed based on machine learning concepts, MD simulations,
and a thermodynamic perturbation approach to obtain
adsorption enthalpies with near chemical accuracy at a feasible
computational cost.45 The method relies on the Δ-ML method,
where first an inexpensive MD run is done at a computationally
feasible level of theory, and afterward a limited number of data
points are selected along the trajectory, which are calculated
with a very accurate level of theory such as RPA. On the selected
configurations, an ML model is trained to estimate afterward the
difference between the lower- and higher-level configurations for
all samples. Finally, a thermodynamic perturbation approach is
used to reweight the energy differences from the lower level of
theory and obtain the correct statistical distribution at the higher
level of theory. The interested reader is referred to the original
paper of Rocca and co-workers.45 For the sake of clarity we
mention the key formulas derived in the cited paper to obtain the
adsorption enthalpy along these lines:

=

[ + ]
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zeolite adsorbate B (10)

where ⟨VX′ ⟩H′ is the ensemble average of the potential energy of
species X evaluated at the higher level of theory to which the
Hamiltonian H′ is associated. Using thermodynamic perturba-
tion theory, one can prove that the expensive ⟨V′X⟩H′ can be
calculated using following formula:

=
=

=

=

=

( )
( )

( )
( )

V
V Vexp

exp

exp

exp
H

i
N

i
V V

k T

i
N V V

k T

i
N

i
V

k T

i
N V

k T

X
1

1

1

1

i i

i i

i

i

tot

B

tot

B

tot

B

tot

B

(11)

where the summation runs over all Ntot configurations generated
in the production run and where V is associated with the less
expensive QM approximation and V′ is associated with the
higher level of theory. As the ΔVi can now be calculated in a
computationally very cheap way by means of the ML model, this
method gives a reliable way of calculating adsorption enthalpies
in a computationally affordable way.

In their work Bucǩo et al. applied the scheme to calculate
adsorption enthalpies of CH4 and CO2 on all silica and
protonated chabazite frameworks and found values which are
very close to experimental data. Some side notes are interesting.
The method will only provide accurate results in the case that
the low- and high-level Hamiltonians sample similar parts of
configuration space. In cases where the overlap between the
phase space sampled at the lower and higher levels of theory is
very small, the perturbative approach would give lower accuracy.
The method can only be successfully used if the training set
includes all necessary states to capture the adsorption behavior.
For example, in the case of alkene adsorption, further testing
would be necessary on how to specifically choose the training set
in order to obtain an accurate adsorption landscape encompass-
ing the physisorbed π complex, the carbocation, and the alkoxy
species. The work of Bucǩo and Rocca was later extended to also
obtain accurate activation energies for chemical reactions.173 As
this field is evolving very fast, also other groups have recently
proposed advanced hybrid calculation schemes, where MD
simulations are to some extent part of the scheme to sample
beyond the local minima one usually explores with static
simulations.161,189

Summarizing this section, MD is very beneficial to obtain
qualitative insights into the nature of the adsorbed species at
operating conditions; however, due to the expensive ab initio-
based methods used for evaluating the forces, it is less trivial to
obtain accurate thermodynamic quantities such as enthalpies or
entropies. Future directions should investigate methods where
the expensive force evaluations at the quantum-mechanical level
can be circumvented in order to allow for more extensive
sampling of phase space. In the previous sentence, we
intentionally wrote at the quantum-mechanical level, as DFT
methods by themselves may not be accurate enough for the
purpose of obtaining quantitative adsorption energies and
enthalpies.

4.2. Dynamic Evolution of Catalytic Active Sites within
Zeolite Catalysis. Active sites may dynamically change when
exposed to operating conditions, such as varying temperatures,
the presence of guest molecules, pressure, etc. Traditionally,
zeolites were thought to be rather static materials with well-
defined pores and windows and a very stable framework
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consisting of relatively strong Si−O and Al−O bonds (Figure 2).
However, recent awareness has grown that the catalytically
active sites can reorganize dynamically with varying process
conditions.190−195 A typical example is represented by metal-
loaded zeolites, where it has been shown that metal cations
coordinated to the zeolite active site can become mobilized after
interaction with the reactants or the reaction intermediates.193

For instance, in the selective catalytic reduction (SCR) of NOx
with copper-loaded H-SSZ-13 zeolite, enhanced sampling

techniques have been used with success to unravel the mobility
of the reacting catalytic diaminocopper(I) complex at low
temperature (473 K).190 More recently, we used umbrella
sampling simulations to further investigate the diffusion process
and discovered that in the presence of an excess of reacting NH3

and NO molecules, the formation of bulkier complexes hinders
the passage of copper in the 8-ring window of the H-SSZ-13
zeolite.196 In this case, given the high mobility of the species

Figure 11. (a) Schematic depiction of the water-induced evolution of a pristine BAS to a solvated hydronium ion and, with longer times and/or higher
temperatures, to EFAL-type species. (b) Two-dimensional free energy profiles (300 K) illustrating the BAS solvation in H-CHA for different water
loadings using the collective variables recently proposed by Grifoni et al.210 Three regions can be identified in the FES. The first one (A) corresponds to
the BAS located on the framework, which fundamentally disappears with three water molecules/unit cell (u.c.). The second (B) corresponds to a
hydronium ion in the proximity of the framework Al and remains significant in the range of two to four water molecules/u.c. Finally, the third region
(C) is a fully solvated and mobile hydronium ion, which becomes prevalent with six water molecules/u.c. (c) Three-dimensional FES for the
conversion of cyclohexanol to cyclohexene in anhydrous H-Beta together with the minimum free energy path one-dimensional profile. (d) Two-
dimensional FES for the conversion of cyclohexanol to cyclohexene in H-Beta with 8 additional water molecules in the unit cell, together with the
minimum free energy path one-dimensional profile. e. Intermediates nomenclature used in c and d. Adapted with permission from ref 210. Copyright
2021, Springer Nature and ref 217. Copyright 2021, American Chemical Society.
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involved, the reaction would not be suited to be studied with
static methodologies.

While the mobility of metal ions gives rise to a great deal of
fascinating chemistry, in the remainder of this section we will
focus on the dynamic active site evolution triggered by the
adsorption of water in Brønsted acidic zeolites. This topic has
gained a lot of attention recently, as the new feedstocks that are
expected to gradually substitute fossil resources�biomasses in
particular�often carry a large water content, and their
conversion typically requires milder conditions than the
traditional petrochemical processes.197 The interaction of
water with Brønsted acidic zeolites is particularly fascinating
because of the multiscale nature of the active site modifications
that can occur in the framework. When water adsorbs in the
zeolite pores, it readily solvates the BAS, forming mobile
hydronium ions with remarkable changes in the catalytic
properties of the material (Figure 11a). Within the framework
of the methanol conversion taking place on zeolites, similar
solvation of BAS was observed with other protic molecules, like
methanol, where at higher methanol loadings protonated
clusters were observed which may also be the onset for further
reactions.98,191 On longer time scales, water can also directly
attack the framework bonds, provoking even more extended
modification to the zeolite properties and forming new active
sites such as extraframework aluminum species (EFALs) (Figure
11a).

In the following paragraphs, a selection of case studies where
enhanced sampling has provided fundamental insights on the
role of water in dynamically changing the nature of the zeolite
BAS over various time scales are reported. We do not attempt to
cover zeolite−water interactions in detail, as excellent reviews
are already present in the literature, but rather focus on the use of
enhanced sampling methods to understand the phenomen-
on.198−201

BAS solvation upon water adsorption is, interestingly, strongly
dependent on the number of water molecules that interact with
the BAS itself. Seminal work using MD simulations provided
early evidence that there exists a critical threshold in the number
of protic molecules that are required to solvate and mobilize the
BAS.147,202−208 Expectedly, this number decreases with
increasing acidity of the BAS (for instance, going from a Si-
doped AlPO framework to an Al-doped Si one) and increasing
basicity of the adsorbate (for instance, changing water to
methanol). To make these observations more quantitative, Liu
et al. used multiple-walker well-tempered metadynamics to
investigate the free energy landscape of proton transfer reactions
in H-ZSM-5 at 330 K.209 They found that the proton resides on
the framework when one water molecule is adsorbed. With two
water molecules, the proton shuttles between the framework and
the water cluster with a barrier of only 0.4 kcal·mol−1. Finally,
with three water molecules, complete solvation as hydronium
ion, [H3O(H2O)n]+, is observed. Similar results were obtained
by Grifoni et al., who used metadynamics to systematically
investigate the effect of multiple water loadings over a broad
range of zeolite frameworks.210 Figure 11b shows the two-
dimensional free energy surfaces obtained with H-CHA (the
trend is qualitatively similar in all investigated frameworks). As is
visible, starting from two water molecules per unit cell, the free
energy minimum in the distance between the protonated site
and the oxygens surrounding the Al defect shifts toward larger
and larger values. It is obvious that BAS solvation leads to quite a
few remarkable changes in its reactivity. Despite becoming
somewhat similar to a hydronium ion in bulk liquid water, the

confinement effects of the zeolite micropores do create a more
active hydronium ion toward acid-catalyzed reaction. We refer
the interested reader to the pioneering work of Lercher and co-
workers on the topic.211−213

To showcase how enhanced sampling is essential to provide
mechanistic details about reactions conducted in the presence of
water, we focus on alcohol dehydration, although other reactions
where water is important, such as the methanol to olefins
(MTO) process, have also been subjects of investigation.214,215

Thanks to the high content of oxygenated compounds in
biomasses, alcohol dehydration has become an important case
study in the literature. Recently, Mei and co-workers
investigated the mechanism of cyclohexanol dehydration in H-
ZSM-5 using multiple-walker well-tempered metadynam-
ics.216,217 They tested the reaction mechanism both in the
presence of zero to eight water molecules in the unit cell and
found that when water is present, the mechanism switches from
E2 to E1, with the formation of an intermediate cyclohexyl cation
(Figure 11c−e). The authors attribute this change in mechanism
to the low Lewis acidity of the water cluster as well as the
potential partial solvation of the cyclohexyl cation by the water.
In this case, the detailed atomistic information obtained from
enhanced-sampling simulations can help to support and shed
light on previous experimental observations.218 A second
example concerns ethanol dehydration to diethyl ether in the
H-Beta zeolite with five water molecules.219 Using metady-
namics to investigate the reaction, it was shown that the SN2
transition state resides at the periphery of the protonated
[H3O(H2O)4]+ water cluster, with a minor disruption in the
hydrogen-bonding network and an experimentally observed −1
order in water pressure. At higher water loadings, on the other
hand, more severe water inhibition is observed, which is
attributed to the formation of more extended water networks
and consequently a more significant disruption of the hydrogen-
bonding network by the reaction transition state.

Up until now, the focus has been restricted to solvation of the
BAS by water while keeping the overall framework structure
intact. However, it is now understood that water can have a
much deeper impact on the zeolite active sites. The first clear
evidence that the H-CHA framework presents labile bonds even
at room temperature in the presence of liquid water came from
the pioneering study of Heard and co-workers, who showed
through a combination of blue-moon sampling and NMR
measurements that not only Al−O bonds but also Si−O bonds
are very labile, with an expected free energy barrier of only 63 kJ·
mol−1.220 A combined experimental−theoretical study showed
that a similar lability is present in the aluminophosphate version
of the material as well.221 The general idea that water enhances
framework lability is of course not so new (albeit at harsher
conditions), as steaming has been for a long time a known
technique to modulate the catalyst’s acidity by creating
extraframework and framework-associated aluminum species
through dealumination.222 Using umbrella sampling simula-
tions, we showed that the stepwise hydrolysis of the four Al−O
bonds when going from a pristine BAS to a silanol nest +
Al(OH)3OH2 is significantly reduced in the presence of
additional water molecules.223 This is the case because the
additional water can act as a proton-transferring agent via
Grotthuss-type mechanisms, enormously facilitating the H-
transfer reactions that are requested to hydrolyze the frame-
work’s bonds. While similar conclusions are attainable with
static methodologies as well, capturing the hydronium ion
mobility and the dynamic restructuring of hydrogen-bonding
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networks with very high water loadings is a task that only
dynamic methods can hope to achieve.224 More recently, Liu et
al. showed through metadynamics simulations of H-Beta loaded
with four water molecules that breakage of the Al−O bonds
involved in five-membered rings is easier than breakage of the
bonds involved in larger 12-membered rings (17−21 vs 50−69
kJ·mol−1).225

This overview on the importance of enhanced sampling
techniques in modeling water−zeolite interactions leads us to
the two�in our opinion�main challenges that still need to be
addressed in order to attain results that would enable a better
comparison with experiment.

The first challenge concerns the estimation of water loading
under realistic experimental conditions. This is made challeng-
ing by the fact that, as discussed before, the BAS’s degree of
solvation is dependent on the water loading, and traditional
force fields are not suited to model such a reactive event. Even
regular GGA functionals like the “standard” PBE-D3, which
have been shown to provide adsorption energies for water in H-
CHA in reasonable agreement with higher levels of theory, are
way too expensive to perform a complete grand canonical Monte
Carlo (GCMC) simulation.59 So far, most of the work in zeolite
catalysis has used one of the following approaches to estimate
the amount of water. In many cases, either a (partially) arbitrary
amount of water is included with the purpose of scanning
various water loadings or to reproduce the few available
experimental data.210,217 Another approach is to include a
number of water molecules to reproduce the water density at the
conditions of interest.220 Lastly, one can indeed perform GCMC
simulations to determine the water loading; however, given the
computational expense, it is standard to perform these with force
fields, as a large number of energy calculations�up to a
million�must be performed to produce the adsorption
isotherm. The number of necessary energy evaluations may
depend on the guest species and nanoporous framework, but
isotherms for nanoporous materials with large pore volumes that
include both regions of strongly attractive and orientation-
dependent interactions and regions of low interaction energy are
typically more difficult to converge.75 Simulation of water
adsorption in porous materials, including metal−organic
frameworks and zeolites, is a notoriously difficult case where
convergence might be extremely slow, and in view of this, also
various acceleration schemes have been proposed to mitigate
this issue.226 In any case, performing such a large number of first-
principles calculations is clearly beyond the feasibility of what
can be done with DFT calculations on a routine basis. One
alternative that has been performed is to perform GCMC
simulations with a parametrized version of ReaxFF, which allows
for bond breaking and forming.80,223 It needs to be mentioned
that reactive force field parametrization is notoriously
challenging. There is certainly room to develop methods to
determine with quantum-mechanical accuracy the adsorption
isotherms. Some suggestions have been made in the literature to
determine Henry coefficients based on importance sampling,
where first sampling is performed at the force field level and
afterward for a selected set of states refinements are performed at
the quantum-mechanical level.227 In a similar philosophy,
recently a hybrid GCMC approach was proposed by Bai et al.
to compute the water loading in zeolites, in which MC moves are
not proposed at random but instead presampling with molecular
mechanics force fields is used to generate trial configurations,
which are then accepted or rejected on a DFT potential energy
surface.228 The presampling with inexpensive force fields in

combination with a parallelization algorithm allows the
simulation efficiency to be improved.228 Alternatively, Bukowski
and co-workers proposed computing an extensive free energy as
the Helmholtz free energy of the zeolite−water system minus
the chemical potential of an external water reservoir times the
number of adsorbed water molecules, as a function of the water
loading.219,229 This energy is minimized for optimal water
density under the chosen conditions. The reader interested in
the fundamentals of the methodology is referred to specific
references.230−233 While it provides interesting information
about the thermodynamics of the system, this approach also
requires a full MD simulation at every water loading of interest
and thus is quite far from routinely applicable.

The second grand challenge consists of the inclusion of
realistic framework defects in the calculation. Indeed, it is now
accepted that framework-associated and extraframework alumi-
num species will be present in significant amounts when water is
present in the framework.222 To the best of our knowledge, it is
still not clear how to determine their structure, as not only can
single Al sites present various degrees of coordination but their
migration in the framework could also preferentially lead to the
formation of multinuclear species or to interactions between
EFALs and pristine BASs.234,235 While experimentally a lot of
effort is being made to understand the dynamic evolution of Al
sites in zeolites, especially through NMR spectroscopy, its
computational investigation is only in its infancy.236,237

4.3. Competitive Pathways at Operating Conditions
and Broad Transition State Regions. Many catalytic
reactions in zeolite chemistry cannot simply be described by
one transition state from which chemical kinetics comparable to
experiments can be derived. At realistic operating conditions, the
scene is far more complex: various reactions can take place
simultaneously or in a competitive way, various guest molecules
in the pores may influence the reactive behavior, and the free
energy surface at operating conditions may differ substantially
from the 0 K energy surface from which the transition states
were initially derived. To illustrate this further, it is interesting to
give some examples. For the cracking of a tertiary 2,4-dimethyl-
2-hexyl carbenium ion via β-scission, yielding isobutene and 2-
butyl cation, a multitude of transition states were found, which
gave rise to substantially different free energy barriers when
evaluating the latter within a static approach relying on the
commonly used harmonic oscillator approximation.148 Cracking
typically takes place at very high temperatures (>500 °C), and
minima found on the 0 K PES are not necessarily stable
intermediates at higher temperatures, as was explained in section
4.1. Clearly the zeolite environment plays a crucial role in the
stabilization of the various discrete transition states, but also
entropic effects at the elevated temperatures may substantially
contribute to the stabilization of intermediates and transition
states. Similar conclusions were found by Bucǩo et al. on
propane cracking in chabazite and Chizallet et al. on
isomerization and cracking of C7 alkenes in chabazite.112,114,238

The complex chemistry taking place at elevated cracking
temperatures cannot simply be distilled from discrete points
derived from the 0 K PES, for which free energies are deduced by
adding thermal corrections using the harmonic oscillator
approximation. Even computational schemes where anharmonic
corrections are used around the optimized minima or transition
states may be insufficient to extract the correct chemistry of the
true catalytic process.

Another example where standard methods based on a single
transition state proved to be insufficient is for reactions where a
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lot of configurational freedom is possible. Typical examples may
be found in large-pore zeolites, where adsorbed molecules can
rotate and translate in an almost free manner. For benzene
methylation taking place in AFI materials having straight 12-ring
channels, many isoenergetic minima were found from static
calculations.147,239 This is a typical reaction where not one single
transition state determines the overall reaction kinetics and one
needs to account for larger portions of phase space. In this case,
the multitude of various states was taken into account by using
enhanced-sampling MD simulations from which free energy
barriers were estimated. Figure 12 shows some representative

snapshots of the transitions, indicating the existence of a wide
variety of transition paths for a given chemical reaction. In this
particular case, various transition states differ not only in their
particular orientation in the zeolite pores but also the number of
guest molecules participating in activated complexes. In
principle, as these snapshots result from MD simulations, one
cannot strictly speak about the existence of one transition state
but must consider more of a region in phase space characteristic
for activated complexes. From such simulations, one can in
principle derive free energy barriers and kinetic information with
the procedures described in section 3. In more general cases
when complex transition state regions are present, it might be
impossible to fully capture them with a single collective variable.
In a multidimensional CV space, a curved transition state region
would be impossible to project on simple linear combinations of
the underlying CVs. Therefore, the equations outlined in section
3 would have to be extended to higher-dimensional spaces. To
the best of our knowledge, however, such an extension is far from
trivial and has therefore not been reported in the literature yet.

Methylation reactions in zeolites showcase examples where
the reaction mechanism can take place via a concerted or
stepwise mechanism, as shown in Figure 12. There is a wealth of
information available on which mechanism dominates at
particular operating conditions.240 Indeed, it has been found
that depending on the temperature, loading of guest molecules,
or zeolite topology, one or the other mechanism pre-

vails.215,241−250 Brogaard et al. suggested that the entropy
difference for the two pathways is an important factor, which led
to the conclusion that the stepwise mechanism would be
preferred at higher temperatures, as the lower entropy loss due
to intermediate water release in the stepwise mechanism might
become more pronounced.249 Such enthalpy−entropy trade-
offs were shown to be crucial to discriminate between the
associative and dissociative methanol dehydration routes in
zeolites by Jones and Iglesia.244 Given these considerations, it
would be highly desirable to disentangle entropic and enthalpic
effects from MD simulations, as was discussed in the previous
section. The MD approach gives many qualitative insights into
prevailing pathways at operating conditions, but given the
computational expense, also other approaches, namely, DFT-
based microkinetic models, have been suggested to determine
the predominant pathways at operating conditions.251 These
approaches are very valuable; however, it needs to be stressed
that the input in such models still relies on adsorption enthalpies
and reaction rates determined from static DFT calculations. In
the future, it might be desirable to go beyond such assumptions
in models that go from the molecular to the industrial scale.

To study competitive pathways with molecular dynamics
simulations, it would be desirable to define a complete set of
collective variables capable of sampling all competitive paths and
intermediates in a single N-dimensional free energy surface
which is able to capture the relevant competitive pathways. This
is the case because the use of different simulations (and CVs) for
different reaction pathways does not necessarily ensure that the
phase space sampled in simulations corresponding to the same
state (reactants, for instance) perfectly overlaps. This creates
potential problems when different states must be aligned and
compared. For the particular case of benzene methylation in
AFI, we introduced three CVs, as schematically indicated in
Figure 12. Of course, increasing the number of CVs
exponentially increases the required computational time.
Furthermore, even if long enough simulation times would be
achievable, it remains a true challenge to perform an adequate
error analysis and ensure that the simulation is statistically well-
converged. In this case, it might be more interesting to introduce
more complicated CVs, which allow us to reduce the
dimensionality of the CV space. Recently, we tackled a similar
problem in a more reliable way for the zeolite-catalyzed aromatic
electrophilic substitution reaction (SEAr) in the synthesis of
ethylbenzene from benzene and ethene.187 Two reaction paths
are possible. In the first, ethene directly attacks the aromatic ring
with concerted activation from the zeolite BAS. In the second,
ethene is first chemisorbed as a surface ethoxide species (SES),
which then attacks the benzene ring in the SEAr step.
Interestingly, it was debated whether the SEAr step proceeds
or not with the formation of a metastable arenium ion,
commonly known as the Wheland intermediate. By using two
linear combinations of coordination numbers to account for the
breaking and formation of all the reacting bonds (Figure 13a),
we were able to sample the SEAr reaction using multiple-walker
well-tempered metadynamics. The advantage of this approach is
that the Wheland complex can spontaneously appear in the two-
dimensional FES as minimum or not, depending on its stability
(Figure 13b). Interestingly, we found that when both ethene and
the SES are used as ethylating agents, the Wheland complex
appears as shallow minimum in the two-dimensional FES
(Figure 13c), in line with spectroscopic experimental observa-
tions.252

Figure 12. Snapshots of the (a−c) direct and (d−f) stepwise
methylation of benzene by two methanol molecules in H-SSZ-24 at
350 °C, seen in the direction of the 1D channel (camera viewpoint 1)
and in a cross section of the channel (camera viewpoint 2). The
snapshots taken from the MD simulations clearly show that a wide
variety of transition paths are possible for the various steps in the
methylation reaction in the large-pore zeolite and that one or more
methanol molecules can be involved. Reproduced with permission from
ref 147. Copyright 2015 Wiley-VCH.
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Another aspect of the reaction that was explored with
enhanced sampling techniques is the role of water in assisting the
protonation of the Wheland complex. As highlighted in section
4.2, the high mobility and strong interaction with the BAS of
water is ideally suited to be investigated with enhanced sampling
techniques. The para protonation of ethylbenzene was
investigated in the presence of one, three, and six water
molecules in the zeolite unit cell using a simple one-dimensional
CV. Afterward, the statistical tools of ThermoLIB (see section
3) were used to expand the original FEP in a two-dimensional
FES in order to investigate the location of the extra proton in the

system (Figure 13d). This allowed us to find two distinct
protonation paths, one related to the direct transfer of the BAS
from the zeolite to the ethylbenzene (p1 in Figure 13d) and
another going through the formation of a hydronium ion (p2).
Increasing the amount of water leads to the disappearance of p1,
as states in which the water does not interact with the BAS
become less and less likely. At the same time, the solvation of the
BAS as the hydronium ion (which corresponds to the states in
the center of the FESs in Figure 13d) becomes predominant. By
determining the reaction kinetics with the tools discussed in
section 3, we found that the opening of p2 with the addition of

Figure 13. (a) Summary of the linear combination of coordination numbers used to describe the SEAr reaction of benzene with ethene and a surface
ethoxide species. (b) Schematic depiction of the preferred reaction path in the two-dimensional CV space for a concerted SEAr (blue arrow) or a
stepwise SEAr going through a Wheland intermediate. (c) Free energy surfaces for the SEAr reaction of benzene with ethene and a surface ethoxide
species in H-ZSM-5, highlighting how in both cases the spontaneous formation of a Wheland complex is observed. (d) Free energy surfaces for the
water-mediated para protonation of ethylbenzene in H-ZSM-5, where it can be seen how the BAS becomes more and more solvated with an increasing
water loading in the zeolite unit cell. From ref 187. CC BY-NC-ND 4.0.
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one water molecule speeds up the protonation reaction by about
one order of magnitude, while at higher coverages the BAS
solvation overstabilizes it, lowering the rate to similar values as in
the anhydrous case.

Concluding this section, it is clear that first-principles MD
simulations are of huge added value to learn more about the
possibility of reacting via competitive pathways. Certainly many
qualitative aspects may be learned, as was shown for the
methylation reaction of benzene or for the zeolite-catalyzed
benzene ethylation through the electrophilic aromatic sub-
stitution reaction. A few remarks are in place. First of all, one can
consider in the type of simulations performed only reactions
taking place in the same local environment of the active site. The
locality refers to the definitions given at the start of section 4.
Second, the different reactions considered in an enhanced-
sampling MD run are mostly determined by chemical intuition
and are critically dependent on the CVs defined by the user. For
more complex reaction networks, such as the initial reactions
taking place in the methanol to hydrocarbons process, where a
lot of competitive reactions can take place simultaneously, or the
CO2 to hydrocarbons process, which has an equally large

number of reactions that are possible, the approach sketched
above will potentially fail, as only a limited number of CVs would
not be able to capture the full complexity of the reaction
network. In these cases, it might be beneficial to rely on methods
where we can automatically discover potential reactions and
where we could more sample them on the fly without the a priori
definition of CVs.28,253 On the positive side, with first-principles
MD, one can simulate in one run various competitive pathways
simultaneously, in contrast to static approaches, where
information on competitive pathways is gathered from separated
simulations not necessarily starting from similar points in
configuration space.

4.4. Regular and Enhanced-Sampling Molecular
Dynamics Simulations to Study Diffusion at Operating
Conditions. Diffusion of reactive species and products is an
essential part of the catalytic cycle and may contribute
substantially to product selectivity. If diffusion of some species
becomes hindered, then this may be the onset for catalyst
deactivation. As an example, it was recently found through
operando Kerr-gated Raman spectroscopy studies in combina-
tion with advanced simulation tools that polyenes are crucial

Figure 14. MSDs (in units of Å2, with error bars) of ethene and propene at different temperatures computed within a series of various
aluminophosphate zeotype materials having spacious cages and 8-ring windows, with and without acid sites. The simulations were performed with a
force field as defined in ref 256. Reproduced from ref 256. Copyright 2015 American Chemical Society.
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intermediates in the onset of coke formation in the methanol-to-
olefin conversion.254 In zeolite topologies with spacious cages
but small windows, such as chabazite, the formation of branched,
longer polyenes completely blocks the pores and was found to be
the start of the deactivation phase. In zeolite ZSM-5, composed
of both straight and sinusoidal channels, polyenes were also
detected by Raman spectroscopy, but their formation did not
immediately lead to deactivation as transport was still possible or
the polyenes did not immediately react further to form species
that completely blocked the channel system. These examples
show how transport and diffusion of intermediates are inherent
key components of the overall catalytic process and that in-
depth knowledge on transport is necessary to obtain insight into
the factors governing the selectivity and lifetime of the catalyst.

Diffusion typically takes place over longer length and time
scales and is therefore typically described using force-field-based
techniques.74,255 To reliably estimate diffusion coefficients from
regular MD simulations, one needs simulation times on the
order of hundreds of nanoseconds, which is certainly not feasible
at the DFT level.256,257 From such regular MD simulations, one
can extract a self-diffusion coefficient by determining the mean
square displacement (MSD) of an adsorbate molecule during a
time interval τ (which is also called the lag time). The MSD is a
measure of the distance traveled by the molecule during this
time interval:
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Figure 15. Illustration of enhanced-sampling molecular dynamics methods to study hindered diffusion in zeolites. (a) Definition of the collective
variable for propene diffusion through the 8-ring of H-SAPO-34. (b) Schematic illustration of the umbrella sampling method to construct the free
energy profile along the collective variable. (c) Three molecular models for H-SAPO-34 with a varying number of Brønsted acid sites on the 8-ring
window. (d) Free energy profiles at 600 K constructed with force-field- and DFT-based methods. Adapted from ref 30 (CC BY 4.0), ref 40 (CC BY-
NC-ND 4.0), and ref 41 (copyright 2020 American Chemical Society).
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Herein, the squared length of the displacement vector is
averaged over many Nτ intervals, where t0 can freely vary along
the trajectory as long as the total simulation time covers t0 + τ.
Furthermore, we average over the number of adsorbate
molecules to improve the statistics from a single trajectory. In
principle one can also calculate the MSD from a series of
independent shorter trajectories. The self-diffusion constant Ds

is then defined as the slope of the MSD versus time, according to
the so-called Einstein relation:

= +D bMSD( ) 6 s (13)

where b is the offset at time zero.
To illustrate the concept more clearly, the MSDs of ethene

and propene are shown for a series of 8-ring small-pore
aluminophosphates with spacious cages (Figure 14).256 The
results are taken from the work of Ghysels et al.256 A series of
zeotype materials with AEI, CHA and AFX topology were
studied as they received quite some interest within the MTO
process. These topologies can host the necessary bulky
aromatics part of the hydrocarbon pool and produce quite
selectively light olefins, such as ethene and propene. The
selectivity for these smaller olefins is partly attributed to the fact
that larger olefins or branched species cannot diffuse through the
8-ring windows, in contrast to another often used catalysts
within MTO namely H-ZSM-5, having the MFI topology.98,258

The computational details on the specific results can be found
in the original work of Ghysels et al.256 It is important to note
that the simulations in that work were performed with a tailored
force field to describe the range of considered materials with and
without Brønsted acid sites. It is immediately clear that ethene
can diffuse quite freely through all of the considered materials, as
a straight line is found for the MSD versus time plots. However,
the ethene diffusivity is also observed to increase with
temperature, suggesting that ethene diffusion through the 8-
rings is still a (mildly) activated process, as will be confirmed
later in this section from more advanced molecular simulations.
For propene, the situation is different, as no straight line is
obtained for the MSD versus time plot, indicating that the
diffusive regime is not yet reached in this time span. This could
be explained by the fact that diffusion of a propene molecule
from one cage to another is hindered. As such, propene has to
overcome a free energy barrier when squeezing through the
narrow window, making it an activated process and hence a rare
event on the time scale of the simulation. The results shown here
were obtained from MD runs extending to 3 ns, which may be
considered on the short side�certainly with current computa-
tional capacities much longer simulations would be feasible�
but still the transport of propene should be rather considered as
a hopping process between adjacent cages. From the
simulations, diffusion coefficients were also reported and
carefully compared with other literature data�both exper-
imental and theoretical�available at that time. The absolute
values for the diffusion coefficients are quite sensitive to the
force field used, and thus, it would be very beneficial to also
determine diffusivities from first-principles MD simulations.
The latter might become possible with the use of cheaper
methods to describe the PES, such as MLPs (vide infra). To the
best of our knowledge, diffusion coefficients based on an
underlying quantum-mechanical description of the PES in
combination with regular MD simulations have not yet been
determined. Using DFT in combination with some model to
describe the long-range interactions would be on the verge of
what is possible today with the available computer sources.259 In

general, it should be noted that a quantitative comparison
between theoretical and experimental diffusion coefficients is
extremely difficult due to the various scales on which the
diffusivities are determined. We refer to excellent seminal works
by Kar̈ger and co-workers for more detailed explanations on the
subject.260−262 Furthermore, we also refer the interested reader
to the review by Smit and Maesen, which contains a section on
how various diffusion coefficients are theoretically defined both
from macroscopic and thermodynamic points of view and their
relation with microscopic simulations.74

The previous discussion clearly reveals that diffusion itself can
be hindered, as was the case for propene in small-pore zeolites.
The sketched approach based on regular MD simulations is thus
valid provided that the diffusion barriers are not too high to
allow efficient generation of statistically relevant trajectories
during the simulation. Furthermore, previous results relied on a
force field to generate the MD trajectories, which assumes that
the employed force field is capable of describing all interactions
present in the complex catalytic environment. The latter may be
rather problematic if specific interactions with active sites occur
or if one wants to account for the true loading of the catalyst
under operating conditions. To illustrate this more clearly, we
revert to the diffusion of ethene and propene through H-SAPO-
34, which was mentioned above. As the diffusion is hindered, an
enhanced sampling methodology based on underlying MD
simulations was devised, which allowed the free energy profiles
to be constructed for discrete jumps between various sites or
cages. Furthermore, we explicitly investigated the role of
Brønsted acid sites on the transport of small olefins and paraffins
through the 8-rings of the zeotype material. The concept and
setup of the simulations is illustrated in Figure 15. Jumps of
adsorbate molecules between two neighboring cages�denoted
as cages A and B�through 8-rings containing zero, one, or two
acid sites were simulated. A collective variable ξ was defined as
the projection of the center of mass of the adsorbate molecule
onto the ring-plane normal, as illustrated in Figure 15a. A series
of umbrella sampling simulations was performed along the
diffusion coordinate ξ. In this case, the diffusion coordinate was
divided into a set of 25 equidistant windows, and for each
window a restrained MD simulation of 50 ps was performed to
ensure that all points along the diffusion path were sampled
equally well. This led to a total simulation time of 1250 ps. All
US simulations were carried out with the CP2K software
package interfaced with the advanced simulations library
PLUMED.263,264 The free energy profile was reconstructed by
combining the sampling probability distributions of each
window using the weighted histogram analysis method
(WHAM) as implemented in ThermoLIB.129

The enhanced sampling protocol can be performed with any
methodology to describe the energies and forces of the atoms.
The capability of the force field to describe the specific
interactions with the BAS was explicitly tested by performing
both force-field-based simulations�with the force field derived
in ref 256�and DFT-based simulations at the revPBE-D3 level
of theory. As can be seen in Figure 15d, where the obtained free
energy profiles of propene diffusion for various acid site densities
are plotted, the force field fails to describe the specific interaction
of propene with the acid sites. The ab initio results clearly reveal
a promotional effect of acid sites on the diffusivity, which was
ascribed to favorable π−H interactions with the olefins. For
ethane and propane, having no double bonds, such promotional
effects were not observed. The π−H interaction between the
acidic proton of the zeolite and the double bond keeps the
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alkene in the proximity of the 8-ring and helps in steering the
molecules to the next cage. Overall, the results showed that C3
species are more hindered than C2 species, which is to be
expected given their larger size.

In other related studies, we observed that the diffusion ability
was strongly dependent on the loading of the zeolite. For
example, at high propene loading, the diffusion was enhanced,
whereas when the cages were occupied by large hydrocarbon
pool species, the diffusion toward these filled cages became
completely blocked.41 These observations clearly led to the
concept of spatiotemporal evolution of the catalyst, where the
catalyst evolves with the time on stream, which may lead to
changing product distributions. Previous discussion reveals that
the current classical force field does not correctly describe the
specific interactions of a working catalyst, and thus, one ideally
needs to resort to first-principles simulations where the
interatomic interactions are determined at the quantum-
mechanical level. For hindered diffusion, the enhanced sampling
techniques in combination with, for example, underlying DFT-
based MD simulations provide a solution to obtain free energy
barriers at operating conditions. However, it is important to
emphasize that the simulations are computationally extremely
costly. For example, the case illustrated above necessitated more
than 1 ns of simulation time at the DFT level. Clearly, when the
aim is to use this methodology in a mainstream way, more
efficient methods are necessary to evaluate the underlying forces.
The MLPs have a lot of potential, but careful testing is necessary
to determine accurate underlying training data and also to
capture all interatomic interactions, including long-range
interactions between adsorbate molecules and the host zeolite
framework.

Finally it is interesting to note that one can, in principle, also
deduce diffusion coefficients from the obtained free energy
barriers. To this end, the self-diffusion coefficient for the
intracrystalline diffusion in the bulk zeolite is estimated
according to the random-walk model described by Beerdsen et
al.265,266 Herein, diffusion is modeled as an analogue of a
chemical reaction with a reactant state representing the
molecule in the initial cage, a transition state representing the
molecule in the intermediate window, and a product state
representing the molecule in the neighboring cage. By applying
transition state theory, one can derive the hopping rate from the
reactant cage to the product cage from eq 5 in which the
diffusion coordinate ξ takes on the role of the collective variable:
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where ξ* represents the diffusion coordinate for the window and
the denominator of the ratio is proportional to the probability
for the molecule to be in the initial cage (the reactant state).
Finally, this rate constant can be translated toward a diffusion
constant through application of a hopping model. Assuming
symmetric forward and backward hopping rates in all d
dimensions, we arrive at
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where k is the jump frequency, λ is the lattice hop distance, d is
the dimensionality of the system, and f is a correlation factor
containing memory effects arising from ordering and inter-
particle interactions (which is usually assumed to be 1). For the
case of SAPO-34 having the CHA topology and where the
molecules can escape in three dimensions, we find d = 3. We also
assumed the correlation factor f = 1, meaning the individual
hopping events are uncorrelated. In reality, certainly at realistic
acid site densities and loadings, there will be some preferential
directions and correlations between hopping events. The
diffusion coefficients obtained with this methodology are
approximations of the effective hopping rates. Without having
the ambition to make a detailed quantitative comparison of all
possible experimental and theoretical values reported, it may be
interesting to compare a few diffusion constants, at least to have
an idea of the order of magnitude. Self-diffusion constants
determined at 295 K from 1H PFG NMR measurements on large
crystals (20−30 μm) of H-SAPO-34 samples with a different
amount of acid sites were on the order of 10−11 m2/s. The
diffusion constants determined from the free energy profiles
were in reasonably good agreement. However, given the
simplicity of eq 15, where no directionality in terms of acid
sites is taken into account, one should not aim to pursue exact
quantitative agreement.

Lastly, it is interesting to reflect on the possible extension of
the sketched enhanced sampling methodology to more
complicated zeolites with nonsymmetrical escape channels. In
this case, more complex CVs would have to be defined. A
schematic representation of various zeolites having different
topologies and different diffusion channels is shown in Figure
16. For example, in the case of the H-ZSM-5 having the MFI
topology with straight and sinusoidal channels, diffusion
coordinates along both channels need to be defined, which
may eventually be coupled. It would be very interesting to
determine from first-principles MD simulations the competition
of diffusion along various zeolite channels. So far, simulations
performed by Hibbitts et al. studied the competition for
diffusion of benzene and substituted methylbenzene species

Figure 16. Schematic representation of various zeolites having different topologies, characterized either by spacious cages with windows, channels in
one direction, or various channel systems. For each of the zeolites a realistic representation is shown at working conditions, where various active sites
with different loadings are included. The red lines and arrows show schematically various transport paths for ethene as a diffusing molecule.
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between the various channels in ZSM-5, albeit using nudged
elastic band calculations.267 It was found that diffusion along the
straight channels was lower activated compared to the sinusoidal
channels; however, it might be interesting to also study this
using MD simulations which fully account for the entropic
effects. In general, the methods sketched above, albeit in
combination with more efficient methods to evaluate the forces
with quantum accuracy, have a huge potential to investigate how
transport is affected by different topologies, loadings, and
presence of active sites. In other words, it would be very
interesting to investigate how transport is affected for realistic
zeolites at true working conditions. A schematic representation
of such realistic configurations of various zeolites with various
loadings and active sites is shown in Figure 16.

Finally, it needs to be mentioned that comparison of
experimental and theoretical diffusion coefficients needs to be
done with extreme care, as was pointed out nicely by Kar̈ger et
al.260,261 Experimental diffusion coefficients are typically
determined using pulsed field gradient (PFG) NMR experi-
ments on large crystals to ensure that intracrystalline diffusivities
are measured, whereas our theoretical protocol samples single
cage hopping events on systems having a much smaller size.
Complementary techniques may be used to link theoretical
observations with experiments. A promising technique is the
pulse-response temporal analysis of products (TAP) method-
ology, which measures residence times of probe mole-
cules.268,269 In this case, various effects contribute to the
measured TAP results, such as surface barriers, intracrystalline
diffusion, adsorption at the active site, and finally kinetics.270−272

From an experimental point of view, it is very difficult to
disentangle all these contributions. Very interesting work has
recently been performed by the group of Olsbye to develop
adsorption−diffusion models for hydrocarbon transport in
zeolites that account for surface barriers, intraporous diffusion,
and diffusivity.273 It should be mentioned that these models are
top-down mathematical models to rightfully interpret the
measured TAP data. Ideally, it would be possible to also build
bottom-up models starting from the atomic scale to study the
various components contributing to the TAP data; however, this
would necessitate methodologies to estimate the various
contributions such as surface barriers, intracrystalline diffusion,
and specific interactions with active sites in a consistent way
based on first principles. Further elaborations are given in the
next section with the outlook.

Summarizing this section, it has become clear that first-
principles molecular dynamics simulations may also be very
important to obtain more insight into the transport of reactants,
intermediates, and products in the zeolite. The applicability of
first-principles MD, thus based on an underlying quantum-
mechanical evaluation of the PES, is a bottleneck for the study of
diffusion, as typically longer length and time scales are necessary
to reliably study transport phenomena. However, using
enhanced sampling procedures in combination with DFT, it
becomes possible to also derive free energy profiles along well-
defined CVs in the zeolite. The extension toward complex
zeolite topologies and the derivation of accurate diffusion
constants remain major challenges for future method develop-
ment.

5. OUTLOOK AND FUTURE DIRECTIONS
Within this Perspective, we have aimed to critically reflect on the
role of first-principles molecular dynamics simulations�which
are also sometimes called ab initio molecular dynamics

simulations�in the field of zeolite catalysis. More specifically,
we have reflected on the question of how far such simulations
may help in understanding or even predicting the catalytic
function under operating conditions.

When trying to answer this question, it is very important to
realize that catalysis is an inherently multiple length/time scale
process. Relevant length scales vary from the subnanometer level
to the level of a reactor having macroscopic dimensions, and
time scales vary from the (sub)picosecond scale, typical for
molecular vibrations, to seconds or hours for macroscopic
observations. Additionally, the dynamic evolution of the catalyst
is coupled to spatial gradients in the catalyst particle and beyond.
This coupling between time and space phenomena led to the
terminology of spatiotemporal evolution of a material or
catalyst.6 A critical aspect to evaluate the catalytic function is
the importance of operating conditions. Depending on small
variations in the temperature window, composition of the
feedstock, presence of water, or other reacting agents, the
catalytic function will change. It is very important to account for
these complexities in any modeling endeavor to mimic the
catalyst as closely as possible to its true working conditions.

Being aware of all these levels of complexity encountered in a
realistic catalytic process, one can rightfully ask the question of
how far molecular simulations starting from the molecular scale
can provide insight into this complex puzzle. Various models
have been devised to tackle the multiple length/time scale
problem, such as microkinetic modeling, kinetic Monte Carlo
models, and heat and mass transport models to account for the
inhomogeneities in temperatures and reactant concentrations in
the reactor. This complementary set of techniques aims to
bridge from the atomistic scale to the reactor scale.29,274

Excellent recent reviews have appeared on the broad variety of
multiple length/time scale models.29,53,274−276 First-principles
microkinetic models and kinetic Monte Carlo methods within
the field of heterogeneous catalysis have been developed which
rely on atomic-scale input for reaction rates of elementary
reactions and thermodynamics on adsorption.53 The latter are
computed using quantum-mechanics-based simulations or even
simpler methods based on group contribution methods. As
many reactions and a broad diversity of active sites are involved
in complex catalytic systems, the necessary atomistic informa-
tion is typically obtained from static approaches, which rely on
the optimization to a few discrete points on the potential energy
surface. Around these local (meta)stable states, one evaluates
energetic properties by performing geometry optimizations and
uses the principles of statistical thermodynamics to obtain
thermodynamic and kinetic properties at finite temperatures.
Using microkinetic models, where one ideally includes all
possible elementary reactions, one can deduce the preferred
reaction mechanism at a given set of reaction conditions, surface
coverages, and concentration profiles for the various inter-
mediates and products as a function of time.276 Setting up
detailed microkinetic models for large reaction networks is
particularly challenging, and construction of microkinetic
models within the field of zeolite catalysis at operating
conditions starting from ab initio kinetic data is far from trivial.
With kMC models, one includes spatial distribution of active
sites and gets insight into the time evolution of surface
transformations. This is done by generating a series of stochastic
trajectories that propagate the system from one state to the
other, after which the correct dynamics is retrieved by ensemble
averaging over all of these trajectories.277 kMC models have
been used with great success in the field of heterogeneous
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catalysis taking place at metallic surfaces, but their use within the
field of zeolite catalysis and certainly considering realistic
materials having defects and spatial heterogeneities remains a
huge challenge.278 In all of the previously mentioned first-
principles microkinetic or kMC models, the necessary ab initio
input is retrieved from static simulation methods. Despite the
great advantages of such multiple length/time scale models with
input from static quantum-mechanics-based simulations, clear
evidence has been given in the past few years that the simple
static approach is not able to capture the complexity of the
catalyst at working conditions. It is within this area that first-
principles molecular dynamics simulations can play an
instrumental role to unravel the catalyst complexity at the
molecular scale.

To showcase this, we have presented in this Perspective some
illustrative examples which clearly demonstrate the importance
of dynamic phenomena at operating conditions to unravel the
catalytic function at the molecular scale. For example, for
catalytic cracking at very high temperatures, it was shown that
the reactive intermediates are not correctly predicted from static
simulations due to improper account of entropic contributions.
One should thus be very careful in using a standard textbook
representation of a chemical reaction with a well-defined
reactant state, transition state, and product, as each of these
states might be very dependent on the operating conditions.
Another prototype example concerns the impact of water on the
reaction mechanism or the nature of active sites. The Brønsted
acidic site cannot simply be represented by a local proton
attached to the lattice, but depending on the conditions, the
proton may become mobile and may interact with other guest
species, thereby completely altering the nature of the active sites.
The impact of water on the reaction mechanisms and rates was
also clearly emphasized for the electrophilic aromatic sub-
stitution reaction in the synthesis of ethylbenzene from benzene
and ethene. For future technological advances, more processes
will be explored where new feedstocks like biomass or CO2 need
to be converted in the presence of water or other agents, and in
this sense it will be very important to have access to modeling
techniques that can correctly incorporate these intricacies.
Lastly, although first-principles molecular dynamics simulations
have so far for the majority been used for studying chemical
reactions, it has been showcased in this Perspective that
enhanced-sampling molecular dynamics techniques may also
be used for the description of hindered diffusion in zeolites
under operating conditions. The examples presented in this
Perspective are only a few cases to highlight the importance of
dynamic changes under the operating conditions. We certainly
did not have the intention to be comprehensive or complete in
the presented examples; many groups have shown similar
features highlighting the intricacies of zeolites at working
conditions. In this sense, first-principles molecular dynamics
techniques have now matured to a level where they have become
instrumental to discover reaction mechanisms under operating
conditions and determine rates and thermodynamic quantities
beyond the so-called harmonic oscillator approximation. Using
such techniques, one can account in a more correct way for
entropic contributions which depend on the configurational
freedom of the involved species.157

Despite the great advantages of first-principles molecular
dynamics techniques in the field of zeolite catalysis, we certainly
have not reached the point where output from first-principles
molecular dynamics simulations can be used as input for
multiple length/time scale models that aim to bridge from the

molecular scale to the reactor scale. In what follows, we elaborate
on a few hurdles that prevent first-principles MD simulations
from being easily integrated in a multiple length/time scale
catalysis workflow. Today we have even not reached the phase
where first-principles MD methods themselves can be regarded
as a set of black-box methods that can be smoothly integrated
into a standard computational workflow. One of the main
hurdles relates to the computational expense of the first-
principles molecular dynamics simulations, as the forces and
energies are currently calculated at the DFT level, leading
typically to simulations of hundreds of picoseconds and
attainable length scales of the order of a few nanometers.
These dimensions are much shorter than those of realistic
catalytic particles, which typically have sizes on the order of 50
nm to even micrometers. Furthermore, realistic crystal particles
have defects, various spatial gradients, and external surfaces,
which affect the chemistry of the catalytic process. Within this
respect, a major challenge to model catalytic processes in a more
realistic way is the development of algorithms that enable the
building of representative molecular structures of the catalytic
particle in the mesoscale range. We did not elaborate on these
aspects in this Perspective, but some interesting reflections can
be found in other recent literature works.9,30

Regarding computer infrastructures, we are now entering the
era of exascale computing, which will open new possibilities for
computationally very demanding disciplines, such as computa-
tional materials science. Together with dedicated software
optimization, hardware architectures, help of massive paralleli-
zation, and extensive usage of graphical processing units
(GPUs), this will certainly lead to further optimizations of
accessible length and time scales within computational
catalysis.259 However, even with the strongest computers
available, it will not be possible to close the length/time scale
gap between molecular simulations and experimental observa-
tions. For this also fundamental new methods will have to be
developed.30,259 Hereafter some hurdles and future avenues are
mentioned to enable a better integration of first-principles
molecular dynamics simulations into a standard computational
workflow and to enable their output to be used in multiple
length/time scale models.

Computational Cost of Force Evaluations at the QM
Level. A first hurdle relates to the computational cost of force
evaluations at the quantum-mechanical level. To further
progress in this field and to enable the use of first-principles
MD simulations in a more standard way, it would be necessary to
have access to methods which allow construction of the PES
with chemical accuracy albeit at a much lower computational
cost than currently available methods. The terminology
“chemical accuracy” or “quantum-chemical accuracy” refers to
methods that aim to obtain energies with an accuracy of 4 kJ/
mol compared to exact benchmark values.188 It should be
mentioned that even when using DFT-based methods, currently
chemical accuracy is often not achieved; for this more expensive
composite methods or wavefunction-based methods are
required, as was explained in section 2 and highlighted from a
more application point of view in section 4.1.160,161,166 Current
first-principles MD-based simulations rely mostly on underlying
forces calculated at the DFT level. An interesting direction to
extend accessible length and time scales is the development of
machine learning potentials (MLPs), where a numerical
potential is derived based on underlying quantum-mechanics-
based training data using some (non)linear regression method.
When trained correctly, the final MLP should be able to
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calculate the energies and forces with similar accuracy as the
underlying quantum-mechanical data. The field of MLPs is
certainly not new: the first-generation MLPs were already
introduced about 25 years ago first on rather small molecular
systems, but later, with the seminal work of Behler and Parrinello
on high-dimensional neural network potentials, their range of
applications was extended to much more complex systems.279

Since then, many mathematical MLP frameworks have been
developed, which can be broadly categorized into kernel
regression methods and neural network potentials.85,280 Many
dedicated reviews have appeared recently on the status of MLPs
and their usage within the field of materials science, and we refer
the interested reader to these reference works.85,86,281,282 The
application of MLPs within the field of complex nanostructured
materials and in particular zeolite catalysis remains rather
limited. Some notable examples where MLPs were derived
within the field of zeolite chemistry include the work of
Erlebach, where a neural-network-based MLP was derived on a
diverse set of zeolite structures to predict thermodynamic
stabilities, vibrational properties, and reactive and nonreactive
phase transformations,92 and our own work, where an MLP was
derived to study the proton hopping kinetics within zeolites.4

Thanks to the dramatic speedup of the MLP force evaluations,
MLP-based MD simulations could be performed on time scales
on the order of submicroseconds, which is clearly beyond the
capabilities of current DFT simulations. Thanks to these more
efficient force evaluations, it was possible to calculate reaction
rates beyond transition state theory, include nuclear quantum
effects, and obtain a much better sampling of phase space. This
recent work is a proof of concept within the field of zeolite
chemistry, showing which new avenues could be explored when
having access to methods that allow evaluation of the PES with
the accuracy of quantum-mechanics-based methods yet at a
much lower computational cost.

While the development of MLPs is very promising, the usage
and implementation of MLPs to make them straightforward
accessible for systems having the complexity sketched in this
Perspective is far from trivial. Extensive testing will be necessary
to investigate how far accurate MLPs can be trained for complex
reactive events having a semilocal character or complex reaction
coordinates. In this respect it will be very important to have
access to innovative algorithms to generate the underlying
quantum-mechanical training data in an efficient way. It was
recently shown that a data-generation scheme relying on
underlying DFT-based MD techniques is not very efficient.283

During a regular MD run, subsequent structures are very much
correlated, and thus, a strategy where training data are derived
from underlying DFT-based MD simulations is not very
efficient. In this case a lot of quantum-mechanical evaluations
are performed which do not give substantial new information to
train the MLP. To circumvent this caveat, we proposed an active
learning scheme in which an iterative procedure is used to train
the MLP.283 A first-generation MLP is trained based on a small
set of underlying training data and then used in enhanced-
sampling MD simulations. When new portions of phase space
are encountered which have not yet been seen, new DFT
evaluations are performed to train the next iteration of the MLP.
This procedure is continued until all relevant parts of phase
space for the transformation of interest have been completely
sampled. Such active learning schemes show great potential but
have so far not yet been explored within the field of catalysis.

Related to efficient generation of MLPs, it needs to be
investigated how transferable MLPs can be generated. Trans-

ferability may refer to changing thermodynamic conditions, e.g.,
how far is an MLP derived at a given set of conditions applicable
to other conditions? Transferability may also refer to changing
the applicability of the MLP to another zeolite compared to the
one on which it was trained. Is it necessary to always train an
MLP for each reactive event of interest, or can we train more
universal MLPs based on a well-defined training set, which allow
them to be used to a broader set of materials or reactions?

While MLPs are in essence designed to describe short-range
interactions, further studies are necessary to investigate how far
MLPs need to be complemented with physical models to
describe long-range interactions. Treatment of long-range
interactions is in full development within the MLP community,
and various schemes have been proposed to complement the
MLP with physical models for long-range interac-
tions.85,91,284−286 Particularly for zeolite catalysis, such inter-
actions might be important when studying diffusion pathways
through large-pore zeolites or in general confinement of
molecules in large-cage zeolites or zeotype systems having
mesopores.

Finally, the successful development of MLPs does not imply
that fundamental work at the DFT level or more generally
quantum-mechanical methods to describe the electronic
structure problem are unnecessary. A correctly trained MLP
will at best be as accurate as the underlying quantum-mechanical
data on which it was generated. Particularly within the field of
zeolite catalysis, where long-range interactions are important for
adsorption and diffusion, the quality of the underlying quantum-
mechanical data remains an important point of attention, and
further advancements are necessary to describe with chemical
accuracy the interatomic interactions within zeolite catalysis.
The advantage of MLPs relies on the fact that when having
access to very accurate training data generated with highly
accurate quantum-mechanical methods, highly accurate MLPs
could be trained having an accuracy comparable to the
underlying highly accurate training data. As such, MLP-based
molecular dynamics simulations could be performed on
potential energy surfaces evaluated with chemical accuracy.
Thanks to the dynamic sampling, also entropies would be
obtained from such simulations. Such methodologies would be
particularly interesting to determine the stability of carbenium
ions, as explained in section 4.1, or to determine kinetic
information�both intrinsic and apparent rate constants�fully
from first-principles MD simulation. As explained in section 3, it
is currently very challenging to directly compare theoretical and
experimental kinetic data with chemical accuracy for reactions
taking place at operating conditions. This target would
necessitate dynamic sampling methods to properly account for
entropic contributions in combination with chemically accurate
sampling of the PES. Current DFT methods do not often
provide chemically accurate energies. However, with the rise of
machine learning methods, innovative algorithms have been
proposed to meet this target. An interesting example is the
recent study by Bucǩo et al. on methanol carbonylation over acid
mordenite, where finite-temperature free energies of activation
were computed by means of ab initio molecular dynamics
calculations with various more expensive electronic structure
methods.153 To achieve this goal, the methodology introduced
in section 4.1 relying on the coupling between machine learning
and a free energy perturbation method was applied. Similar
concepts might be used to calculate adsorption free energies
from MD simulations. With DFT excessively long simulation
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times would be necessary, and innovative approaches relying on
machine learning methods might open new directions.

Methods for Enhanced Sampling and CV Selection. A
second hurdle to integrate first-principles molecular dynamics
simulations into the standard computational workflow relates to
the methods used to perform enhanced sampling of the PES, the
discovery of important collective variables which are indicative
of the phenomena of interest, and the subsequent derivation of
the kinetics. Throughout this Perspective, it has become clear
that enhanced sampling techniques are instrumental for
studying activated processes. Any catalytic reaction is an
activated process, but as was explained in section 4.4, also
transport may become hindered. Most of the simulations
performed in zeolite catalysis still hinge on the definition of
some collective variables that are representative of the
transformation of interest. In most cases such collective variables
are defined based on chemical insight. This might not always be
possible or be a good practice, especially when complex
transformations take place or when many reactions can take
place simultaneously, where phenomena in many dimensions
need to be studied. In this sense, there is a need to explore more
systematic methods for discovery of collective variables also
within the field of zeolite catalysis. In section 3, some references
were given to recent reviews on data-driven methods to discover
in an automated way proper CVs, but so far their
implementation and development within the field of catalysis
are nearly nonexistent.139 Alternatively, it would be interesting
to explore in a more in depth way transition path sampling
methods and related methods such as transition interface
sampling or replica-exchange transition interface sampling for
complex catalytic phenomena. Such methods do not rely on a
prior definition of collective variables, but instead, an ensemble
of reactive paths connecting reactants and products is generated
with random moves in a Monte Carlo fashion, from which the
reaction rates can be obtained. So far TPS methods have mainly
been used to obtain qualitative insights in the field of zeolite
catalysis, as the number of paths necessary to generate reliable
kinetics becomes very high. When the forces and energies are
evaluated at the quantum-mechanical (i.e., DFT) level,

generation of such high numbers of paths has thus far not
been feasible. When having access to computationally cheaper
methods to evaluate the PES (see previous point), such methods
might become possible. The use of such methods might first of
all be beneficial to generate relevant training data for training of
MLPs for the reaction under study, and second, once a reliable
MLP is available, such methods may yield kinetic data without
defining collective variables. Related to determination of
kinetics, there is still a need to benchmark methods in a
systematic way to derive the kinetics from enhanced sampling
simulations including the adsorption step, as elaborated in the
previous paragraph and in section 3. As was shown in section 3,
reaction rates are currently derived from transition state theory
or a straightforward extension of it. In principle it would be
desirable to go beyond a standard transition state methodology
and use methods like the Bennett−Chandler approach, where
also reaction barrier recrossings are systematically accounted for,
or to directly use methods in the family of transition interface
sampling.

Outlook. Finally, to conclude this Perspective, we give an
outlook on how to model in a more realistic way dynamical
processes taking place in an active catalyst, as schematically
shown in Figure 17. The picture is inspired by the methanol to
olefin process, where a methanol feed is sent over a zeolitic
catalyst. The catalyst feed�here simplistically represented as a
flow of methanol molecules�first needs to diffuse into the pores
of the crystal, thereby potentially overcoming a surface barrier,
after which the molecules undergo intracrystalline diffusion to
reach the active site. At the active site they react, and when the
reaction has taken place, the formed products need to desorb
and diffuse out of the crystal. Each of the mentioned steps�
crystal entrance, diffusion, adsorption, reaction�is character-
ized by vastly different time and length scales. In current
modeling strategies, each of these steps is modeled using
different strategies, leading to thermodynamic and/or kinetic
information which is not comparable. First-principles molecular
dynamics is for the majority used to study the reactive events or
local events, and the other mentioned phenomena, such as
diffusion into and within the crystal, are mostly performed with

Figure 17. Schematic representation of a catalytic particle at operating conditions, where various active sites are present and species are captured within
the catalytic pores. The picture is inspired by the methanol to olefin process, where a methanol feed is sent over a zeolitic catalyst. The methanol
molecules first need to enter the crystal, diffuse in the crystal, and perform some pre-equilibration steps. Then a reaction occurs in a supramolecular
cage having both a Brønsted acidic proton and a hydrocarbon pool species to form ethene. Finally, ethene needs to diffuse through the crystal to be
detected as a product species. Obviously, the catalytic particle with its components will change with time on stream, giving another level of complexity
to the overall catalytic process.
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force fields given the vastly different time and length scales
involved. This inconsistency leads to the lack of integrative
models for the overall kinetics of the catalytic process at the
catalyst particle level. It would in the future be very interesting to
describe consistently all steps�crystal entrance, diffusion,
adsorption, reaction�when a feed of guest molecules is brought
in contact with a catalyst particle, thus using a quantum-
mechanics-based evaluation of the PES, and deduce kinetic
constants and thermodynamics accounting for the full dynamics
at operating conditions. First-principles molecular dynamics
models certainly will be an important ingredient to reach this
goal, but a leap forward is necessary in accessible length and time
scales, as explained above.

We believe that with the advances in MLPs and other data-
driven methods, the possibilities of molecular dynamics
simulations in combination with computationally more feasible
methods to evaluate the forces will be greatly extended. Probably
in the future, fewer DFT-based MD simulations will be
performed and more MLP-based MD simulations will be
conducted. This will hopefully lead to consistently derived
kinetic constants for the various steps in a catalytic cycle, which
are characterized by disparate time scales. When having access to
such consistently derived kinetic constants for the various events
taking place when a feed of molecules is brought into contact
with a catalyst particle, it still remains a puzzle on how to
reconcile the kinetic information on phenomena taking place on
vastly different time scales in an overall integrative kinetic model
which would allow the overall dynamics taking place at the
catalyst particle to be followed. Within this respect, it is
important to emphasize that such an ambitious goal will need
optimal use of a broad plethora of methods, where each method
is used for the appropriate target. For example, the current
methodology to study phenomena with vastly different times
scales is the usage of kinetic Monte Carlo methods, where a
series of stochastic trajectories is generated that propagate the
system from one state to the other, and afterward the correct
dynamics is retrieved by ensemble averaging over all of these
trajectories.277 There are only a few examples of kMC
approaches within the field of nanoporous frameworks, and
the combination of diffusional, reaction, and adsorption sites has
thus far not been performed.277,287−291 As mentioned earlier in
this section, kMC methods and also first-principles microkinetic
models currently rely on kinetic and thermodynamics
information from static-based simulations. However, it may be
envisaged that in the future kMC models could be constructed
for complex zeolitic systems, where input from first-principles
MD simulations is used. The kMC models mentioned and their
integration with first-principles MD methods are only one
example of a potential avenue on how to study the overall
dynamics of a flow of particles over an active catalyst. The overall
dynamics of all events taking place at the crystal particle level at
operating conditions is obviously very complex, and it is foreseen
that also new integrative methods will have to be developed
which allow the study of the dynamics of adsorption, reaction,
and diffusion in a consistent way. First-principles MD methods
will certainly play an important role in the whole ecosystem of
methods necessary to study the dynamics of processes taking
place at the catalyst particle level, but they will have to be
combined in an innovative way with many other methods to for
example automatically discover reaction paths and networks
which will allow the complexity at operating conditions to be
tackled.9,53,278
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Engineering operando methodology: Understanding catalysis in time
and space. Front. Chem. Sci. Eng. 2018, 12 (3), 509−536.

(21) Jones, C. W.; Tao, F.; Garland, M. V. Introduction to Special
Issue on Operando and In Situ Studies of Catalysis. ACS Catal. 2012, 2
(11), 2444−2445.

(22) Meirer, F.; Weckhuysen, B. M. Spatial and temporal exploration
of heterogeneous catalysts with synchrotron radiation. Nat. Rev. Mater.
2018, 3 (9), 324−340.

(23) Whiting, G. T.; Nikolopoulos, N.; Nikolopoulos, I.; Chowdhury,
A. D.; Weckhuysen, B. M. Visualizing pore architecture and molecular
transport boundaries in catalyst bodies with fluorescent nanoprobes.
Nat. Chem. 2019, 11 (1), 23−31.

(24) Fraux, G.; Chibani, S.; Coudert, F. X. Modelling of framework
materials at multiple scales: current practices and open questions.
Philos. Trans. R. Soc. A 2019, 377 (2149), 20180220.

(25) Wang, S.; He, Y.; Jiao, W. Y.; Wang, J. G.; Fan, W. B. Recent
experimental and theoretical studies on Al siting/acid site distribution
in zeolite framework. Curr. Opin. Chem. Eng. 2019, 23, 146−154.

(26) Li, G. N.; Pidko, E. A. The Nature and Catalytic Function of
Cation Sites in Zeolites: a Computational Perspective. ChemCatChem
2019, 11 (1), 134−156.

(27) Grajciar, L.; Heard, C. J.; Bondarenko, A. A.; Polynski, M. V.;
Meeprasert, J.; Pidko, E. A.; Nachtigall, P. Towards operando
computational modeling in heterogeneous catalysis. Chem. Soc. Rev.
2018, 47 (22), 8307−8348.

(28) Margraf, J. T.; Jung, H.; Scheurer, C.; Reuter, K. Exploring
catalytic reaction networks with machine learning. Nat. Catal. 2023, 6
(2), 112−121.

(29) Bruix, A.; Margraf, J. T.; Andersen, M.; Reuter, K. First-
principles-based multiscale modelling of heterogeneous catalysis. Nat.
Catal. 2019, 2 (8), 659−670.

(30) Van Speybroeck, V. Challenges in modelling dynamic processes
in realistic nanostructured materials at operating conditions. Philos.
Trans. R. Soc. A. 2023, 381 (2250), 20220239.

(31) Pidko, E. A. Toward the Balance between the Reductionist and
Systems Approaches in Computational Catalysis: Model versus
Method Accuracy for the Description of Catalytic Systems. ACS
Catal. 2017, 7 (7), 4230−4234.

(32) Van Speybroeck, V.; Hemelsoet, K.; Joos, L.; Waroquier, M.; Bell,
R. G.; Catlow, C. R. A. Advances in theory and their application within
the field of zeolite chemistry. Chem. Soc. Rev. 2015, 44 (20), 7044−
7111.

(33) Ma, H.; Chen, Y.; Wei, Z.; Wang, S.; Qin, Z.; Dong, M.; Li, J.;
Wang, J.; Fan, W. Reaction Mechanism for Direct Cyclization of Linear
C5, C6, and C7 Alkenes over H-ITQ-13 Zeolite Investigated Using
Density Functional Theory. ChemPhysChem 2018, 19 (4), 496−503.

(34) Yi, X.; Xiao, Y.; Li, G.; Liu, Z.; Chen, W.; Liu, S.-B.; Zheng, A.
From One to Two: Acidic Proton Spatial Networks in Porous Zeolite
Materials. Chem. Mater. 2020, 32 (3), 1332−1342.

(35) Rey, J.; Raybaud, P.; Chizallet, C. Ab Initio Simulation of the
Acid Sites at the External Surface of Zeolite Beta. ChemCatChem 2017,
9 (12), 2176−2185.

(36) Treps, L.; Gomez, A.; de Bruin, T.; Chizallet, C. Environment,
Stability and Acidity of External Surface Sites of Silicalite-1 and ZSM-5
Micro and Nano Slabs, Sheets, and Crystals. ACS Catal. 2020, 10 (5),
3297−331.

(37) Treps, L.; Demaret, C.; Wisser, D.; Harbuzaru, B.; Methivier, A.;
Guillon, E.; Benedis, D. V.; Gomez, A.; de Bruin, T.; Rivallan, M.;
Catita, L.; Lesage, A.; Chizallet, C. Spectroscopic Expression of the
External Surface Sites of H-ZSM-5. J. Phys. Chem. C 2021, 125 (3),
2163−2181.

(38) Witman, M.; Ling, S. L.; Boyd, P.; Barthel, S.; Haranczyk, M.;
Slater, B.; Smit, B. Cutting Materials in Half: A Graph Theory Approach
for Generating Crystal Surfaces and Its Prediction of 2D Zeolites. ACS
Cent. Sci. 2018, 4 (2), 235−245.
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