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ABSTRACT: Over the past two decades, the necessity for predictive models of
chemical kinetics on catalytic surfaces has motivated the development of ab initio
kinetic Monte Carlo (KMC) simulation frameworks. These frameworks have been
successfully used to investigate chemistries of academic interest and industrial
importance, such as CO oxidation, NO oxidation and reduction, ethylene
hydrogenation, CO hydrogenation to ethanol, and water-gas shift. These studies
have shed light on the effect of catalyst composition, surface structure, lateral
interactions, and operating conditions on the apparent turnover frequency of the
chemistries of interest. Yet, extending the existing KMC approaches to study large chemistries on complex catalytic structures
poses several challenges. In this review, we discuss the recent milestones in the area of KMC simulation of chemical kinetics on
catalytic surfaces and review a number of studies that have furthered our fundamental understanding of specific chemistries. In
addition, we provide directions for future research aiming toward incorporating detailed physics and chemistry, as well as
assessing and improving the accuracy of KMC methods, toward developing quantitative models of surface kinetics.

KEYWORDS: rational catalyst design, kinetic Monte Carlo, surface kinetics, adsorption, desorption, diffusion, reaction,
adsorbate−adsorbate interactions, cluster expansion

■ INTRODUCTION

Over the past fifteen years, computational methods in catalysis
have attracted a widespread interest as means for investigating
the underlying pathways of an overall reaction, predicting the
apparent turnover frequencies, and providing insights into the
design of suitable catalysts.1−4 The majority of computational
work has typically employed density functional theory (DFT) or
higher-level methods to estimate the parameters of the
elementary steps that compose an overall reaction, and
inferences about the rate determining step (RDS) are often
made based on energetics alone. Closing the gap between
calculations and even the idealized surface science experiments
necessitates prediction of reaction rates and species coverages
using some kind of averaging of microscopic events on the
catalyst. This in turn needs reaction rate theory calculations and
the subsequent use of a kinetic model. For the latter task, one can
employ Langmuir−Hinshelwood closed form models, order-of-
magnitude estimation using Sabatier analysis,5−7 mean-field
microkinetic modeling,8−10 or detailed kinetic Monte Carlo
(KMC) simulation.11−14 Among these, mean-field microkinetic
modeling has dominated over the past decade because of its
mathematical simplicity and the smaller number of parameters
needed for simulation.
The KMCmodel is the only one that can resolve events taking

place on the catalytic surface at the microscopic level, explicitly
accounting for spatial inhomogeneity arising from different types
of sites and spatial correlations due to lateral interactions
between adsorbates. Even though KMC is computationally the

most intensive method among the ones employed for computing
reaction rates, it provides the “exact averaging” of microscopic
events. With the computational power and the need for
predictive models rising, one may expect further development
of KMC methods and associated software to enable researchers
to close the gap with experiments. To the extent that transition
state theory (TST) captures the reaction dynamics for the system
of study, the accuracy of the KMC method is limited by that of
the DFTmethod used to parameterize the rate constants and the
energetics of the adsorbates, as well as the accuracy of modeling
the energetics (approximation of Hamiltonian).
In this perspective, we first review the milestones in the

development of KMC approaches for the detailed simulation of
kinetics on catalytic surfaces, and subsequently discuss the recent
studies that have used first-principles KMC to shed light on
specific chemistries. Furthermore, we identify outstanding
challenges in the development of KMC frameworks for
incorporating detailed physics and chemistry, as well as the
assessment and improvement of the accuracy of these frame-
works. Finally, we propose directions for future research toward
achieving these goals.
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■ BACKGROUND ON THE KINETIC MONTE CARLO
METHOD

The KMC approach is formally attributed to Bortz et al.15 and
was developed for Ising spin systems; yet, the method is
mathematically general. The catalytic surface is represented as a
lattice, namely a collection of connected sites that can be of
different types, such as top, bridge, fcc hollow and hcp hollow.
The elementary events of adsorption, desorption, diffusion and

surface (Langmuir−Hinshelwood or Eley−Rideal) reactions, are
simulated as instantaneous processes that happen at random
times, that is, as a Markov process (a process without memory).
This approach is justified by the assumption that these events
entail crossings in a potential energy surface (PES) whose time
scales are much larger than those of the equilibration inside a
potential energy well (Figure 1).13,16 Upon execution of an
elementary event, a change in the state or configuration (spatial

Figure 1. In studying reactions via molecular dynamics, one simulates trajectories on a potential energy surface, and monitors the crossings through a
dividing surface separating reactants and products (a). By assuming that the dynamics of the crossing are slow and treat all other processes as quasi-
equilibrated, one can employ TST to calculate the reaction rate (b). Subsequently, one can use the KMC approach to simulate reactions as the transition
between discrete states, which represent reactant and product configurations (c).

Figure 2. (a) Generic algorithm for a lattice KMC simulation. Initialization entails the definition of a reaction network and the specification of operating
conditions. (b, c) Each elementary step can be investigated through DFT codes. An example for the O2 dissociation on Pt is shown: The top pictures (b)
show the unit cell and the configurations used in a DFT code, along with the lattice representation of these configurations, and an NEB calculation
showing the MEP whose maximum is the TS. The scheme below (c) portrays a reaction pattern in the KMC framework. The reaction’s forward and
reverse kinetic constants kfwd and krev can be calculated through eq 2. (d) During a KMC simulation the reaction pattern is being searched for on the
lattice, and each occurrence is listed as a possible lattice process. At the next KMC step, one of these possible processes is executed, and the lattice state is
updated.
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snapshot) of the lattice occurs (e.g., an occupied site by CO is
being emptied because of desorption).
In a mean field (MF) treatment, the coverage (the fraction of

occupied sites by each species) describes the temporal
information of each species. A key assumption in the MF
treatment is that the system is spatially homogeneous, at least at
the mesoscopic length scale (of the order of several nanometers),
that is, both catalyst sites and adsorbates are uniformly
distributed. The system evolves deterministically, as prescribed
via ordinary differential equations. In contrast, in the KMC
method, one uses probabilities to describe the various snapshots
(lattice states). Specifically, the temporal evolution of the
probability P(x,t) of finding the system at a particular
configuration x at time t, is governed by the so-called master
equation:

∑= ′ · ′ − ′·
′≠

→ →
P t
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x x
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where wx′→x denotes the probability density for a transition from
state x′ to state x in the next dt time interval, because of the
occurrence of an elementary event. This parameter wx′→x is
essentially a stochastic rate constant, and is often referred to as
the propensity of that particular elementary event.
It is typically impossible to solve eq 1 even numerically,

because of the extremely large number of possible configurations
of the surface. The KMC method simulates trajectories whose
statistics are in line with eq 1, according to the pseudoalgorithm
outlined in Figure 2a: at first, the lattice is initialized with a
random configuration, and an ordered list of all the possible
lattice processes that can occur is generated. Subsequently, the
algorithm enters a loop, at each step of which a process is
randomly executed (in line with the propensity of occurrence
thereof), and the lattice state and propensities are updated. The
output of a simulation provides the temporal evolution of the
lattice, as well as the number of molecules of species arriving at
and produced from the surface. By postprocessing these results,
one can calculate apparent turnover frequencies (TOFs),
coverages, and selectivities. Sensitivity and reaction path analyses
can also be performed. For more information on the algorithmic
details of KMC and its accelerated versions, the reader is referred
to Chatterjee and Vlachos.17

■ MILESTONES IN THE DEVELOPMENT OF KMC
METHODS FOR DETAILED SURFACE KINETICS

Early KMC frameworks utilized ad hoc values for the rate
constants of elementary events, semiempirical estimation
methods (e.g., bond-order conservation (BOC)) of rate
constants, simplified reaction networks, and a simplistic picture
of the catalyst and the active site, for example, a square or
hexagonal lattice representing the (100) or (111) facets.18−23

Next we discuss key developments of predictive KMC models.
First-Principles KMC. Extension to realistic chemistries is

possible using first-principles calculations to obtain rate
constants. This requires the coupling of KMC and quantum
chemistry methods (Figure 2b-d), out of which DFT is
predominantly used because of its low computational cost.
DFT solves the Schrödinger equation for the interacting
electrons of a molecular structure by mapping it into a
noninteracting problem, consisting of the Kohn−Sham equa-
tions.24−26 These equations are exact, and contain an effective
potential which prescribes the electronic structure of the system.
In this description, the total energy of the system consists of the

kinetic energy of the electrons, Coulomb interactions, and finally,
the exchange-correlation (XC) energy. The latter part is the most
difficult to treat, and even though there are several approx-
imations of varying levels of accuracy, currently there is no final
theory that yields its exact value.27−29 We will return to this point
later in our discussion.
By invoking the Born−Oppenheimer approximation, one can

fix the positions of the nuclei and calculate the total energy of a
molecular structure with respect to these positions, thereby
obtaining the PES (Figure 1). In practice, one is interested in the
minima thereof, which correspond to stable species, and the
saddle points, which correspond to the transition states (TSs).
Both the aforementioned structures can be identified without
having to compute the entire PES, by using geometry
optimization methods. Once such a structure has been found,
one can subsequently calculate the vibrational frequencies, and
the moments of inertia (if applicable), thereby obtaining all
information necessary for a statistical mechanical representation
of that structure.
As noted earlier, the value of this information for KMC

simulations lies in the fact that it can be used to compute rate
constants. Thus, for each elementary event, the (thermal) rate
constant can be formulated using TST, as follows:16,30
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where kB and h denote Boltzmann’s and Planck’s constants,
respectively; T is the temperature;Q⧧ andQreac denote the quasi-
partition functions (vibrational, translational, and rotational
components) of the TS and the reactants, respectively; and ΔE⧧

is the zero-point corrected activation energy. In the above
expression, both the activation energy ΔE⧧ and the partition
functions Q⧧ and Qreac can be obtained from first principles, by
calculating the total energies, vibrational frequencies, and
moments of inertia of all participating species and TSs. To
identify the latter, one can use a variant of the nudged elastic band
(NEB) method, which also provides a series of images along the
entire minimum energy path (MEP) connecting two minima of
the PES, or the dimer method, which requires only two images to
converge to the TS.31−34 More details on how eq 2 is applied to
calculate the rates of various elementary steps (adsorption,
desorption, diffusion, and Eley−Rideal reactions) are provided in
the Supporting Information.
Neurock and co-workers were among the first to couple KMC

and DFT methods. The resulting approach is nowadays known
as first-principles or ab initio KMCmethod.11,12 In this approach,
one uses DFT data to a priori construct a database for the
activation energies of reaction events and a model for the
energetic interactions between adsorbates. The latter model
incorporates adsorbate binding on different sites (such as top,
bridge, and hollow), and pairwise additivity or BOC to tackle
lateral interactions (Figure 3).35 Thus, in contrast to the ab initio
molecular dynamics (MD), whereby the force field is
continuously updated quantum mechanically, here the main
parametrization of the KMC input is done only once (one way or
sequential coupling in the multiscale nomenclature).36 Fast
diffusion is taken into account by equilibrating the lattice after
each adsorption, desorption or reaction event. Scheffler and co-
workers13,37 and Jansen and Lukkien38 developed a similar
simulation framework. Moreover, Lukkien and co-workers have
established a general purpose on-lattice KMC code, which has

ACS Catalysis Review

dx.doi.org/10.1021/cs3005709 | ACS Catal. 2012, 2, 2648−26632650



been integrated in the Materials Studio software by Accelrys as a
module by the name Kinetix.39

While in principle straightforward, the a priori KMC/DFT
coupling described above is only approximate. Currently, the
errors incurred due this approximation are poorly understood,
and the lack of predictability often exhibited by DFT methods
undermines the accuracy of first-principles KMC.29 These points
are further discussed below.
Graph-Theoretical KMC. To tackle the geometric complex-

ity often encountered in realistic chemistries, Stamatakis and
Vlachos recently developed a KMC approach that uses graph
theory to represent the elementary events of adsorption,
desorption, diffusion, surface and Eley−Rideal reactions (Figure
3).40−42 This graph-theoretical KMC approach constitutes a
general and straightforward framework for the representation of
arbitrarily complex lattice chemistries. The latter may contain
elementary steps in which multidentate species are encountered
in a variety of binding configurations, and participate in
elementary events that involve intricate neighboring patterns as
predicted via DFT. The high fidelity of this KMC approach
comes at a minimal computational expense as compared to the
traditional single- and two-site event KMC.40

Cluster-Expansion Hamiltonians. The aforementioned
KMC frameworks have typically employed relatively simple
models for the adlayer energetics, mostly limited to short-ranged
pairwise-additive interactions. In spite of their usefulness in
qualitative investigations, such models have been shown to be
unable to accurately capture the structure of the adlayer and
consequently the probability that a reactive configuration occurs
on the lattice.43−46 Moreover, the accuracy of early energetic
models based on the Unity Bond Index-Quadratic Exponential
Potential (UBI-QEP) approach (such as the BOC models used
by Neurock and co-workers)12,35 has not been assessed
thoroughly as discussed by Maestri and Reuter.47

To rectify these issues, recent research has focused on the
application of comprehensive cluster expansion-type Hamilto-
nians for the simulation of surface kinetics (Figure 3).43 These
Hamiltonians can incorporate long-ranged, as well as multibody
interactions, thereby lifting the limitation to pairwise-additive
nearest-neighbor interactions. Moreover, their parametrization is
more general and flexible than that of the UBI-QEP energetic
models, preventing the appearance of coverage-dependent
spurious contributions discussed by Maestri and Reuter.47

Cluster expansions have been extensively used for the
calculation of thermodynamic quantities and phase diagrams of
adsorbate layers.43,44,48−55 The formulation of such expansions is
general and amounts to expressing the energy of the system as a
sum of single-, two-, and multibody interactions. For one species
and a single site, the Hamiltonian takes the following form:
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where σi is the occupation variable which, following the lattice-
gas convention, represents the presence or absence of an
adsorbate at site i (σi = 1 and 0, respectively). Moreover, H0 is a
constant pertinent to the energy of an unoccupied surface site, β,
Ji,j, Ji,j,k, and so forth are the energies of the one-body, pairwise,
three-body and higher order terms. Parameters β, Ji,j, Ji,j,k, and so
forth are referred to as effective cluster interactions (ECIs). The
factors 1/2,

1/6, and so forth prevent overcounting of a single
cluster caused by renumbering the sites involved therein.
Extension to multiple species is straightforward; however, the

computational cost of evaluating the Hamiltonian increases with
the number of species because of the large number of clusters
(patterns) that enter the expansion48 (more details on this will be
discussed later in the Computational Challenges section).
Furthermore, more recently, Lerch et al. developed a cluster
expansion formulation that can accommodate virtually any
number of different site types.56

Fitting the ECIs using ab initio calculations is tedious, but
there exist computational codes that can perform this process
automatically with minimal user input.57−59 Although a
comprehensive KMC framework that incorporates a general
cluster expansion formulation is still lacking, several studies have
incorporated detailed cluster expansions in simulations of
thermal desorption.60−63 The first study to utilize cluster
expansions for catalytic rate estimation was recently carried out
by Schneider and co-workers.64 In this study, a Monte Carlo
simulation scheme for equilibrating adlayer structure of atomic
oxygen on Pt(111) was coupled with a kinetic model for NO
oxidation. This approach establishes the groundwork for future
research aiming at the development of predictive models of
surface kinetics.
Yet, parametrization of cluster-expansion Hamiltonians is

nontrivial. Constructing such energetic models for complex
systems comprising numerous species which participate in
complex chemistries is computationally very intensive. As a
result, only fairly small reaction networks have been studied so
far. Another challenge is that the accuracy of the fitted ECIs is
limited by the accuracy of the first-principles method used to
calculate the total energy for given lattice configurations. For
instance, for O adatoms adsorbed on Pd(100), Reuter and co-
workers estimate the accuracy of the GGA XC functionals to be
around 0.06 eV.45 Because of such errors, trying to include
several higher order (multibody) terms in the cluster expansion
will in fact result in overfitting: instead of improving the accuracy,
the DFT error will be incorporated in the model Hamiltonian.46

Improving the accuracy of DFTmethods will help overcome this
limitation.

■ REALISTIC CHEMISTRIES STUDIED VIA
FIRST-PRINCIPLES-BASED KMC SIMULATION

The KMC method explicitly takes into account surface
inhomogeneity, adsorbate localization and spatial correlations,
which cannot be captured using the Sabatier analysis or mean-

Figure 3. Milestones in the development of recent KMC methods.
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field microkinetic modeling. Moreover, the coupling of KMC
with DFT calculations renders the simulation a truly first-
principles approach. From an efficiency perspective, KMC can
simulate reactions with a computational expense that is much
lower than that needed for molecular dynamics. The reason for
these savings is that KMC focuses on the coarse time-scale of
barrier crossing, instead of simulating entire dynamical
trajectories on a PES. Thus, several studies have employed this
powerful method to elucidate the catalytic mechanisms for
chemistries of practical interest, taking place on metal as well as
oxide catalysts. These are briefly discussed next.
CO Oxidation. The CO oxidation chemistry has attracted

significant attention over the past decade, since its simplicity
enables detailed modeling. It has therefore served as a prototype
to test the predictions of first-principles KMC codes. In addition,
this chemistry is of environmental importance for removing toxic
CO from exhausts.65

The CO oxidation on RuO2(110) has been extensively
investigated by Reuter, Scheffler, and co-workers.13,37,66−68 In
those studies, the RuO2(110) surface was modeled as a lattice
with two types of sites, bridge and cus. The adsorption of O2
(dissociative) and CO, the diffusion of adsorbed CO and atomic
oxygen, as well as the CO2 formation, were analyzed with DFT
and the parameters were incorporated into a first-principles
KMC framework. The simulation results were in agreement with
experimental data for conditions ranging from ultrahigh vacuum
(UHV) to industrially relevant pressures,13,37 and the rate-
limiting step was identified by applying a degree of rate control
(DRC) analysis.68

Moreover, surface inhomogeneity, arising from the location of
different site types, was investigated and shown to have a marked
effect on shaping the temperature programmed reaction (TPR)
spectra.67 Such an effect is brought about by the spatial
correlations between the active sites on the surface and cannot
be captured by mean-field models.66,69 The mean-field model
overestimates the range of CO partial pressures for which the
catalyst is active and does not accurately identify the gas
composition resulting in maximal TOFs.
On the other hand, it has been argued that even a first-

principles KMC approachmay yield unreliable results, because of
the extreme sensitivity of the simulated behavior on the input
parameters.70 Thus, in a recent study, Over and co-workers
critically assessed the simulation results obtained for CO
oxidation on RuO2(110) using three different parameter
sets,37,71,72 in view of the uncertainty of the energetic parameters
entering the kinetic rate expressions.70 It was found that small
variations in the activation energies can result in markedly
different physics; in particular, both the most frequent
elementary step as well as the most abundant reaction
intermediate (MARI) may change. On the basis of these
observations, it was argued that it is necessary to validate KMC
models using detailed experimental techniques that can probe
surface composition, as well as comparing experimental and
simulated rates over an extended range of temperatures. This
uncertainty in the predictions of kinetic models goes well beyond
the KMC method (is equally applicable to mean field models as
well), and underscores the need for rigorous uncertainty
quantification methods73 especially at low temperatures
(activity) and for processes with competing reaction pathways
(selectivity).
The CO oxidation reaction has also been modeled on metal

catalysts, in particular Pt, Rh, and Pd single crystal surfaces74−78

and Au nanoclusters.42 Völkening and Wintterlin78 presented

kinetic Monte Carlo simulations of this reaction on Pt(111). The
“basic model” simulated therein utilized parameter values
obtained from experimental data and assumed a single site
type, but failed to capture the experiments. This model was
subsequently extended to incorporate coordination-dependent
reactivity, thereby being able to reproduce experimental
observations, in particular, the reaction order of 1/2 with respect
to oxygen coverage, the shapes of the domains occupied by
adsorbed CO andO, as well as the higher reactivity of the domain
boundaries. However, a more detailed variant, taking into
account reactive interstitial CO molecules on the (2 × 2)O
phase, overestimates the reaction order. Petrova and Yakovkin77

also studied this system, suggesting a model for CO oxidation in
which oxygen is the active species, and showing good agreement
with TPR experiments. In that study, lateral interactions between
CO−CO and CO−O and O−O were modeled with effective
potentials, the parameters of which were adjusted according to
experimental data on adlayer stability. Nagasaka et al.74

performed KMC simulations of this reaction on Pt(111),
incorporating lateral interactions between adsorbates as
determined by DFT calculations. Their model of the adlayer
energetics assumes pairwise additivity and accounts for multiple
adsorbates and site types, in particular, O on fcc sites, and CO on
bridge and top sites. The simulations were found to reproduce
the experimentally observed behavior, in particular the coverages
at various temperatures and pressures, the adlayer structures, and
the sites thereof where the reaction takes place.
Furthermore, Rogal et al.75 studied the CO oxidation

chemistry on Pd(100) and showed that a surface oxide structure
can be stable at ambient pressures, under which the surface can
be catalytically active. They postulated that at steady state,
transitions between the reduced and the oxidic Pd(100)
structure may take place. In a detailed study, Liu and Evans76

used KMC simulation in a multiscale modeling context, to
simulate the CO oxidation on Rh(100) and Pd(100). The
simulations were found to be in good agreement with
experimentally obtained TPR spectra, and provided insight
into the onset of propagating reaction fronts at mesoscale.
Finally, Stamatakis et al.42 recently investigated the reaction

rates and poisoning effects for the CO chemistry on MgO-
supported Au6 nanoclusters. Depending on the type of support
defects, Au6 was found in different charge states: Mg-vacancies
result in positively charged Au6, and no defects in neutrally
charged Au6. Both Au6

+ and Au6
0 were found to exhibit low CO-

binding energies and be inactive toward CO oxidation. Au6
−

clusters, resulting from O-vacancies on the support, can
transiently convert CO, but eventually get poisoned by
carbonate. This study underscored the importance of the
cluster’s charge state and provided a possible explanation of
the experimentally observed inactivity of Au6.

NO Reduction and Oxidation. NO-related chemistries
have also served as prototypes for the assessment of KMC
modeling techniques, and are of practical significance because of
environmental and health impacts. Thus, several studies have
investigated such chemistries using empirical KMC models
focusing on the impact of geometry for clusters of sites catalyzing
the NO reduction by CO,79−81 the effect of impurities blocking
catalytic sites82 as well as the effect of step sites83 in this system,
the adsorbate-induced phase transition and the oscillatory
characteristics of NO reduction by NH3,

84 as well as the different
pathways and the effect of lateral interactions of NO
decomposition during TPR experiments.85,86 Further, kinetic
oscillations, reaction fronts, and pattern formation phenomena
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for the NO chemistries have received much attention, and have
been simulated with deterministic models87−92 as well as KMC
methods.93−99

The studies just mentioned employed estimated kinetic
parameters, often deduced from experiments. Hansen and
Neurock35 were the first to use DFT calculations and the BOC
method coupled with KMC simulation to investigate NO
reduction on Rh(100). The authors elucidated the interplay
between NO dissociation and desorption for different coverages
in the presence of strong repulsive interactions between the
adsorbed species, and showed that the model is in good
agreement with experimental TPR data. More recently, Mei et
al.100 performed detailed simulations that demonstrated the
interplay between the NO oxidation and reduction chemistries
on the (100) and (111) facets of Pt nanoparticles. It was thus
found that NO oxidation to NO2 can take place on both facets,
although it is much more favored on the (111) facet. NO
reduction to N2 occurs exclusively on the (100) facets. However,
structural sensitivity effects were not observed for either
chemistry, since the fractions of (100) over the (111) number
of sites are approximately constant for the sizes of particles
investigated. These results are in agreement with the
experimentally observed structural insensitivity of NO oxidation.
There have also been efforts to elucidate the details of the

adlayer energetics. Van Bavel et al.101 focused on the effect of
lateral interactions between the NO, O, and N species
participating in NO dissociation. By comparing the DFT
interaction energies with those obtained by fitting KMC-
calculated TPR spectra to experiments, they showed that DFT
calculations overestimate repulsion: for instance, the N−N
nearest-neighbor interaction energy was found equal to 58 kJ/
mol by DFT calculations, but a value of only 33 kJ/mol was
obtained by fitting the KMC model to experiments. For O-NO
nearest-neighbors, the interaction energy was calculated to be 31
kJ/mol using DFT and 21 kJ/mol from KMC fitting.101 It was
thus concluded that DFT can only provide a qualitative picture of
the underlying physics. In that study, only pairwise interactions
between nearest and next-nearest neighbors were considered,
and as the authors note, more detailed studies should address the
assumption of pairwise additivity. In fact, recent studies by
Schneider and co-workers have shown that this assumption is
likely to give an oversimplified description of the adlayer
energetics.43,64 More specifically, by performing a detailed
analysis of cluster expansions for the oxygen−oxygen lateral
interactions, it was found that for an accurate description of the
energetics, one needs to include up to eighth nearest neighbor
pair-repulsions, as well as two triplets (three-body terms).43

These energetic models were incorporated into a kinetic model
of NO oxidation on Pt(111) and were shown to be in marked
agreement with experimental data.
Hydrogenation and Decomposition of Alkenes and

Alkynes. Ethylene Hydrogenation. The hydrogenation of
ethylene is a prototype system of hydrogenation reactions, and
is important in the conversion of olefins into higher-octane
gasoline blending components. An early KMC study of this
reaction on Pt focused on diffusion, activation of surface
intermediates, and steric hindrance effects.102

Hansen and Neurock developed a first-principles KMCmodel
of ethylene hydrogenation on Pd(100), which utilized DFT
calculated energetics at the zero coverage limit, whereas
adsorbate lateral interaction effects were incorporated within
the BOC framework.12,103 Their model predicts an apparent
reaction order which is negative with respect to ethylene and less

than unity with respect to hydrogen, in agreement with
experimental data. These results were attributed to the repulsive
lateral interactions, the competition in the adsorption sites, as
well as the different size of the ethylene molecule and the
hydrogen atom. This work was later extended by Neurock and
co-workers,104,105 to study Pd(111) as well as bimetallic Pd/
Au(111) surfaces. It was found that higher surface Au
compositions result in a strengthening of the metal−hydrogen
and metal−carbon bonds, thereby promoting the hydrogenation
activity, but also in a weaker binding of H2 on the surface, which
hinders the catalytic activity. Compensation between these two
effects leads to alloying Au with Pd having an overall negligible
effect of on the activity, consistent with experiments.104,105

Acetylene Hydrogenation. As an extension to the afore-
mentioned studies, Mei et al. also investigated the selective
hydrogenation of acetylene on Pd(111) and showed that the
reaction proceeds via a vinyl intermediate.106 The simulated
apparent activation energies and reaction orders obtained with
the first-principles KMC simulation method were in good
agreement with experimental results. The inclusion of lateral
interactions in the model was found to have only a minimal effect
on the calculated overall activation energy. Yet, interactions were
shown to have a marked effect on surface coverages and intrinsic
reaction rates, and were deemed necessary for accurately
calculating selectivity and reaction orders.106 More recently,
Mei et al. simulated the hydrogenation of ethylene/acetylene
mixtures on Pd and Pd−Ag alloys, showing that alloying
decreases the overall rate, but significantly increases the
selectivity toward ethylene hydrogenation.107

Ethylene Conversion to Ethylidyne. In a recent study, Mei,
Rösch and co-workers investigated the pathways for ethylene
conversion to ethylidyne on Pd(111) and Pt(111), using first-
principles KMC simulations.108 The approach taken was similar
to that by Neurock and co-workers where DFT calculations are
employed to construct a first-principles kinetic database and
lateral interactions are modeled using the semiempirical BOC
approach.12,103 It was shown that ethylene conversion to
ethylidyne proceeds though a sequence of two dehydrogenation
steps, yielding vinyl and subsequently vinylidene, which
subsequently gets converted to ethylidyne (Figure 4). The latter

Figure 4. Pathways in the conversion of ethylene to ethylidyne.
Highlighted inside the dotted curve is the predominant pathway, with
RDS marking the rate determining step. Redrawn from ref 108
(Aleksandrov et al.).
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reaction (vinylidene hydrogenation to ethylidyne) was found to
be the RDS. It is important to note that hydrogenation reactions
were found to exhibit lower barriers than dehydrogenations; yet,
the low coverages of adsorbed hydrogen on the surface result in
the vinylidene hydrogenation being the RDS. Similar behavior is
seen in oxidative dehydrogenation of polyols.109 This is a general
and often overlooked finding, whereby the rate of bimolecular
reactions is often very low compared to unimolecular reactions,
despite favorable energetics, because of low coverages of one of
the coreactants (an intermediate). This result underscores the
importance of kinetic simulations (mean-field or KMC) in
gaining a fundamental understanding of catalytic processes.
Water-Gas Shift. The water-gas shift (WGS) reaction

constitutes a more complicated system, which can be thought
of as an intermediate between the aforementioned model
chemistries and large-scale reaction mechanisms. WGS is
employed for removing CO from mixtures of CO and H2,

110

and has recently attracted attention as a means of producing H2
downstream of biomass conversion processes.111 A variety of
transition metals have been investigated as potential catalysts for
this process, among others Cu and Pt.10,112,113

Aiming at investigating structure sensitivity effects for this
reaction on Pt, Vlachos and co-workers used the graph-
theoretical KMC simulation framework40 coupled with DFT
calculations. The latter yielded the energetics for the elementary
steps of the WGS mechanism occurring at combinations of step
and terrace sites, which were subsequently used in simulating the
WGS reaction on single crystal Pt surfaces with different step site
densities.41 The KMC simulations revealed that for industrially
relevant conditions (CO:H2O > 1), the WGS reaction exhibits

minor structure sensitivity, with the steps and the terraces both
contributing to the overall activity (Figure 5a). This result agrees
with the experimental finding that the turnover frequency for this
reaction is independent of particle size.114 On the contrary, for
low CO:H2O ratios, the steps exhibit much higher activity than
the terraces (Figure 5a).
This difference in the structure sensitivity at low versus high

CO:H2O ratios was rationalized on the basis of changes in the
dominant reaction pathway (Figure 5b). In particular, for high
CO:H2O ratios (CO-rich feeds), the reaction proceeds through
the carboxyl pathway at both step and terrace sites. On the other
hand, for low CO:H2O ratios (CO-lean feeds), water
decomposition to atomic H and O is observed at step sites,
followed by direct CO oxidation and CO2 and H2 desorption
therefrom.
Identification of the active site has been a long-standing goal of

catalysis, and is often assumed that steps are the most active sites.
Yet, these simulations point to an obvious conclusion, that is,
steps often bind species more strongly and may get poisoned
easier than terraces. Thus, it is not obvious which site contributes
to activity and selectivity for different chemistries and operating
conditions. This study provided the first evidence that the active
site may depend on operating conditions and entail multiple sites
(a nonlinear average of activity at steps and terraces), in contrast
to the preconceived notion of a single active site. In addition, the
dominant chemistry (e.g., MARI, RDS) may change with type of
active site. Given the ability of resolving detailed structure and
shape and the need to capture “communication” or coupling
between sites via multisite reactions or surface diffusion (which is
absent from mean-field models), it may be expected that KMC

Figure 5. (a) Variable reaction sensitivity for the water-gas shift reaction on single crystal Pt surfaces: for high CO:H2O ratios, Pt(111) and Pt(211)
exhibit similar activities (negligible structure sensitivity). For low CO:H2O ratios, the stepped surface exhibits a much higher activity. (b) For high
CO:H2O ratios, the carboxyl pathway on both terraces and steps is dominant. For low CO:H2O ratios, water splitting is observed at the step sites,
followed by CO oxidation and CO2 and H2 desorption.
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simulations will become commonplace in future studies
addressing structure sensitivity of catalytic reactions.
Chemistries Involving Oxygenated Hydrocarbons. In

view of recent research on biomass conversion to fuels and
chemicals, fundamental investigations of the pathways and
kinetics of chemistries that involve oxygenated hydrocarbons are
timely. Despite the immense chemical complexity of biomass
conversion processes, theoretical methods can be used to obtain
insight into specific chemistries, which can then be integrated as
modules in an overall reaction mechanism. Herein, we review
studies that have used first-principles KMC methods for such
chemistries.
Acetic Acid Decomposition. Hansen and Neurock inves-

tigated the decomposition of acetic acid during TPR on Pd(111)
using a first-principles KMCmodel115 that was able to reproduce
the salient features of the experiments.116,117 The simulations
revealed the formation of oxygen adatoms at low temperatures,
subsequently giving rise to water, consistent with experiments.
The simulations were also able to explain the three TPR peaks in
the absence of preadsorbed oxygen, in terms of the low
temperature desorption of acetic acid (1st peak), the hydro-
genation of acetate (2nd peak) and the decomposition of acetate
(3rd peak). This last peak occurs in tandem with CO2 evolution
because of acetate decarboxylation.
Partial Oxidation of Methanol.Methanol has been suggested

as an energy carrier alternative to hydrogen, and is already being
utilized as a fuel in the direct methanol fuel cell technology.118

Motivated by these potential applications, Groß and co-workers
studied the partial oxidation of methanol on oxygen-covered
Cu(110).119 KMC simulations that employed DFT-derived
barriers were unable to predict several experimental observa-
tions, such as the water desorption at low temperatures (250 K),
the formaldehyde formation around 350 K, and the high H2 peak
around 360 K.120 Satisfactory agreement between experiments
and simulations was achieved only after adjusting the barriers of
all but one of the elementary steps considered in the mechanism.
The discrepancies observed were attributed to DFT error, the
low accuracy of the lateral interactions model (the only
interactions included were between H and methoxy), as well as
the assumption of a homogeneous surface that neglects defect
sites.
Ethanol Synthesis from Syngas. Conversion of synthesis gas

to ethanol is pertinent to fuel and chemical production from
renewable feedstocks, such as biomass and shale gas, and from
coal. Mei et al.121 recently investigated the performance of Rh-
based/SiO2 catalysts in ethanol production from syngas using
first-principles KMC simulations and experiments. The effect of
different promoters was investigated and the Rh/Mn/SiO2
catalyst was found to be thermodynamically stable and exhibit
improved selectivity toward ethanol production. The activities
and selectivities calculated from KMC simulations were in
qualitative agreement with experiments and shed light on the
engineering of catalysts with optimal performance.
Lessons Learned. Several reactions have been studied over

the past few years with the ab initio KMC method. One of the
important outcomes of the studies just reviewed is that with the
advent of first-principles KMC simulation, one is now capable of
studying realistic chemistries theoretically, and explaining how
microscopic processes at the nanoscale give rise to the observable
catalytic properties of a material. The value of this framework lies
in multiple unique characteristics: first, the spatial information
taken explicitly into account by KMC allows for detailed
investigation of the effect of geometric structure of catalyst

(nanoparticle size and shape), the nature of the active site,
multiple active sites (e.g., support, perimeter and metal sites),
and the spatial arrangement of and communication between
active sites. All these aspects cannot be modeled correctly with
mean-field models. Moreover, the temporal component of KMC
simulation allows for the calculation of reaction rates, which are
impossible to calculate using (equilibrium) grand-canonical MC
simulations, and computationally intractable using molecular
dynamics. Finally and most importantly, the coupling of KMC
with ab initio calculations makes the predictions of such a
framework relevant to chemistries of practical interest, a feature
that was lacking in early studies that focused on prototype
systems.
First-principles KMC methodologies can thus be used to

obtain a complete “profile” of a catalytic reaction mechanism, as
they yield an abundance of information including surface
coverages and most abundant species, turnover frequencies,
selectivities, TPD and TPR spectra, reaction path analysis, the
RDS, and 2D topological maps of activity and selectivity. This
information can be used in combination with experimental data
to validate or refute hypotheses about a mechanism or the active
site(s), improve the performance of known catalysts, or even
engineer materials with better catalytic properties. For instance, a
general lesson learned through KMC simulation is that the
lowest barrier pathway is not necessarily the preferred one,
because of certain species’ low coverages. The latter can at times
be interrogated experimentally through operando techniques.
Another broad conclusion that emerged from KMC studies is
that the active site is not necessarily unique, but may entail
multiple catalytic sites and change as a function of operating
conditions. Experiments performed on different catalytic
structures under various conditions have and will continue to
enrich our understanding on such structure-sensitivity effects.

■ CURRENT CHALLENGES IN THE DEVELOPMENT OF
ACCURATE KMC SIMULATION

Clearly, first-principles KMC constitutes a powerful and versatile
multiscale modeling framework that can offer valuable insight
into catalytic phenomena. Nevertheless, there are still major
challenges in the development of accurate KMC methods with
predictive power. These challenges may pertain to the
inadequate description of the underlying physics and chemistry,
as well as to the computational cost arising from the inefficiency
of the simulation.

Physics/Chemistry Challenges. “Physics/chemistry chal-
lenges” relate to how realistic the simulated processes are and
whether the list of elementary events is complete. The latter issue
can also be thought of as a computational challenge. Moreover,
there is always the “materials-gap” problem originating from the
fact that real catalytic structures are far from the idealized single-
crystal surfaces typically considered in periodic DFT calculations.
For instance, the presence of defects, even in single-crystal
surfaces, is not accounted for in a KMC model, because defects
are hard to characterize experimentally. In the present discussion,
however, we focus on the fact that first principles KMC models
are subject to the error of the ab initio method used to identify
the elementary steps, and may altogether be missing physics that
become important, or even dominate system behavior, under
certain conditions.

Limitations in the Predictability of DFT Methods. In
principle, it is possible to couple KMC simulation with high-
level ab initio methods; yet, in practice DFT is the preferred
option because of its computational efficiency. While being an
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indispensable tool in computational catalysis and materials
science, the accuracy of a particular DFT implementation
depends on the type of basis set used and the approximation of
the XC functional employed. With regard to the latter, the so-
called “Jacob’s ladder” orders the approximate functionals with
increasing accuracy.29,122

DFT methods have been shown to exhibit errors that can
result in quantitative and qualitative deviations from exper-
imental observations. In particular, from a quantitative
perspective, semilocal density functionals usually overestimate
surface stability, but at the same time predict higher
chemisorption energies (overbinding).123,124 From a qualitative
perspective, there have been cases where the site preference
predicted by DFT for even simple adsorbates is not in agreement
with experiments. A notorious example is the “CO-puzzle”, in
which DFT methods predict that CO on Pt(111) binds at the 3-
fold fcc site, whereas experimental results show that the most
stable binding configuration is on an atop site followed by a
bridge site.125−127

Such inaccuracies undermine the predictability of ab initio
KMC. For instance Van Bavel et al.101 demonstrated deviations
between TPR spectra for the NO dissociation on Rh(100): since
the repulsions between N, O, and NO were overestimated by
DFT, N* was found to leave the surface much too quickly (at
about 100 K lower temperatures than the experiment) for high
initial NO coverages. It actually turns out that even small errors in
the energetics calculated by DFTmay result in large errors in the
rate constants because of the exponential dependence of the
Arrhenius eq 2. This point is further discussed later as a
computational challenge (“Sensitivity Analysis and Uncertainty
Quantification” section). Moreover, predicting the binding site
incorrectly could introduce artificial steric effects and com-
petitive adsorption dynamics between different adsorbates. For
instance, in the case of CO oxidation on Pt(111), the DFT
prediction that CO binds to the fcc site would introduce a
competition with O adatoms for this site.
Clearly, DFT is not yet at the stage that it can be treated as a

fully predictive tool. However, ongoing research efforts in the
DFT community are dedicated to the development of better and
more computationally efficient approximations.29 In the short
term, the energetics calculated by DFT codes have to be
cautiously accepted and corroborated by experimental evidence
before being incorporated into KMC, or their effect on the
predictions of KMC should be carefully assessed.
Heat and Mass Transfer Effects. In the majority of KMC

simulations of catalytic surfaces, it is implicitly assumed that the
surface is thermally equilibrated, and that the gas-phase
concentrations are uniform. While this approximation may be
suitable for small-scale systems with no diffusional limitations, it
does not address the pellet and reactor scales. The assumptions
of uniform temperature and concentration may be violated under
realistic conditions. For instance, thermal equilibration may be
unattainable for a very exothermic reaction that releases rapidly
thermal energy at the nanoscale followed by slow dissipation in
the adlayer and the bulk phase of the catalyst. Moreover, highly
active catalytic surfaces would give rise to gradients in the gas-
phase concentrations close to the interface, rendering the
uniform gas-phase assumption inadequate.
The mathematical foundations of such coupled multiscale

models have been developed more than a decade ago, for
example refs 36, 128, and 129. Recent studies aiming at
incorporating these effects have been carried out by Matera and
Reuter130,131 as well as Mei and Lin,132 who developed hybrid

models combining continuous computational fluid dynamics
(CFD) with first-principles KMC. While these studies address
heat transfer effects at the macroscale, the problem of local
release of thermal energy and dissipation thereof at the
microscale may render such frameworks inadequate. Moreover,
the use of continuous models for describing mass transfer in
systems involving small pores could result in errors if the mean
free path is larger than the pore diameter (breakdown of the
continuum approximation). Finally, hybrid models often suffer
from numerical instability, because of the coupling of different
length scales, which results in passing incorrect noise from the
KMC to the CFD model.133

Resolving these issues necessitates the development of novel
frameworks that are capable to seamlessly incorporate heat and
mass transfer effects for realistic CFD calculations. In particular,
the release and (slow) dissipation of thermal energy at the
microscale is fundamentally linked with the assumption that the
dynamics in all degrees of freedom except the motion along a
reaction coordinate are in equilibrium. Reaction rate theory
formulations that relax this assumption by incorporating friction
(Kramer’s theory) would allow one to compute accurate kinetic
rate constants to use as input to KMC.16 Dissipation to the bulk
phase of the catalyst could be taken into account by coupling the
dynamics of the adsorbates with the phonons of the catalytic
material.
Moreover, tackling the mass transport problem at the

microscale could be achieved by coupling the on-lattice master
equation for the surface with the reaction-diffusion master
equation for the gas-phase (also known as themultivariate master
equation).134−137 A KMC scheme for the latter essentially
employs a stochastic counterpart of the finite volume method.138

The seamless coupling between these two stochastic microscopic
models would provide a numerically more robust way to treat
mass transport than that of hybrid models. An alternative for
simulating the gas-phase near the catalyst is to use the direct
simulation Monte Carlo (DSMC) method of Bird for rarified
flows.139 For supported catalysts, the specific gas-phase
simulation platform depends on the pore size of the support.

Catalyst Dynamics: Reconstruction, Sintering, and Mixing
of Bimetallics. KMC simulations of catalytic phenomena often
consider a fixed lattice and neglect the dynamical restructuring of
the surface, which can alter the catalytic properties.140 For
instance, such reconstructions have been known to induce
hysteresis, excitability, and pattern formation for CO oxidation
on Pt surfaces.141,142 Patterns, such as spiral waves,141 are notable
examples of complexity, and challenge the traditional view of a
catalytic surface being a static “template”.
A limited number of KMC studies have focused on

reconstruction effects. Monine et al.143,144 have developed
hybrid models for the reconstruction of the Pt(110) surface in
the CO oxidation. The KMC submodel simulates the elementary
events of the reconstruction using barriers obtained through
DFT calculations and experiments, whereas the adsorption,
desorption, and reaction dynamics are treated via a mean-field
model. More recently, Noussiou and Provata presented a CO
oxidation model on Pt(100),145 which incorporates reconstruc-
tion by switching between a rectangular and a hexagonal lattice
structure, but employs a very simple (the Ziff-Gulari-Barshad
prototype) reaction model.19 The criterion for switching
between the two lattice configurations is related to the CO
coverage: if the coverage drops below a lower threshold, then the
lattice assumes the hexagonal structure; if it exceeds an upper
threshold, then the lattice switches to rectangular.145
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Aside from reconstruction, there are many other phenomena
involving complex catalyst dynamics that await fundamental
modeling. Catalyst sintering is one146,147 andmixing of bimetallic
catalysts is yet another.148 Growth, sintering, and coarsening
phenomena for 2D and 3D clusters have been investigated by
KMC in the context of epitaxial growth.149 Moreover, the limited
number of aforementioned studies has provided insights into the
effects of reconstruction on catalytic properties. Yet, a
fundamental understanding of the intimate interplay between
catalyst dynamics and catalysis necessitates the development of
first-principles approaches that would integrate the elementary
processes of catalyst dynamics with those of surface reaction.
This is a particularly challenging endeavor for several reasons: the
elementary events involved in catalyst dynamics are nontrivial to
identify and parameterize, since they include many body effects
(adsorbates and catalyst atoms) and manifest via the concerted
motion of several atoms.150 Moreover, creating a catalogue of all
elementary events of the catalyst dynamics and possible reactions
on the emerging sites would dramatically increase bookkeeping
requirements in a KMC simulation and require an enormous
number of DFT calculations. This hurdle may require a different
computational approach, such as molecular dynamics, to cope
with multidimensional reaction coordinates coupled with a KMC
model. Unfortunately, molecular dynamics is usually too slow
unless some acceleration method is employed. Finally, there is a
vast range of time scales in which catalyst dynamics takes place,
ranging from nanoseconds up to several hours.151 The challenges
of chemical complexity and separation of time scales are further
discussed in the next section.
Computational Challenges. Apart from the challenges of

incorporating all relevant physical processes into KMC models,
first-principles KMC simulation is nontrivial. A number of
computational challenges are encountered, namely, the efficient
simulation of large chemical reaction networks involving several
strongly interacting adsorbates, the efficient treatment of time
scales spanning orders of magnitude, and the systematic
assessment of the variability of results with respect to
perturbations in the input parameters. Because of these
challenges, short-cuts are often employed whose impact on the
predictions has been hard to evaluate. Below we outline some of
these challenges and directions for future research.
Chemical Complexity Arising from Large Reaction Net-

works. Simulating realistic chemistries necessitates taking into
account a large number of elementary events, representing all
possible adsorption, desorption, diffusion and surface (Lang-
muir−Hinshelwood or Eley−Rideal) reactions. This chemical
complexity implies a large number of computationally intensive
DFT calculations to obtain the kinetic parameters of all
individual elementary steps, that is, creating a kinetic database
is impractical for large chemistries even for mean-field models.
Including variants of a reaction, in which the same species appear
in different binding configurations (for instance at step or terrace
sites), further exacerbates this problem. As an example, a KMC
model of the water-gas shift reaction on Pt(211) contains 152
elementary steps, whereas a mean-field model of the same
chemistry on Pt(111) would have only 34 elementary steps.41

Resolving the problem pertinent to constructing a huge kinetic
database calls for the development of accurate semiempirical
methods. We have proposed to estimate parameters first by
employing linear free energy (Brønsted-Evans-Polanyi (BEP))
relations or BOC models instead of calculating all possible
elementary steps using DFT. Then, hierarchical refinement can
be used to obtain accurate values for the crucial parameters via

DFT. For a review of these methods the reader is referred to
Salciccioli et al.152 Alternatively, self-learning KMC techniques
may be used to interface the KMC and DFT codes and calculate
only the relevant configurations that may result in a reaction
event.153,154

At each step of a KMC simulation where an event is executed,
the lattice state and the list of all processes are updated. This
update necessitates scanning for the new possible adsorption,
desorption, diffusion, and reaction events that can take place.
This scanning can become time-consuming for large reaction
networks. In particular, the simulation time (normalized with the
number of events), scales linearly with the number of elementary
steps of the reaction network for the chemistries of Table 1

(Figure 6a). When energetic interactions are included in a
simulation, the overhead can become tremendous as demon-
strated in Figure 6b and Table 2, since one has to also scan for the
energetic interaction patterns included in the cluster expansion
of theHamiltonian. Efficient search and update algorithms can be
used to reduce computational cost,17 so that only relevant
reactions are considered when the lattice is updated.
Parallelization is another option. For example, since different
possible reaction patterns can be scanned independently, one
may employ more than one processor during the scan, thereby
speeding up the procedure.

Accurate Adlayer Energetic Models.Most KMC simulations
employ the nearly zero coverage-limit kinetic parameters from
DFT and may include lateral interactions for a couple of species.
Accounting for accurate lateral interactions is necessary, in view
of the fact that they can have a marked effect on reaction barriers
and thus rate constants, as portrayed in Figure 7 and discussed
later in this section. Constructing accurate models of the adlayer
energetics for multicomponent systems is however a major
undertaking. Specifically, the ECIs of a cluster expansion
Hamiltonian have to be estimated via fitting the energies

Table 1. Elementary Events and Rate Parameters of the
Chemistries Simulated in Figure 6a

reversible step kfwd (s
‑1) krev (s

‑1)

Table 1a: CO Oxidation
1 CO(g) + * ↔ CO* 5.78 × 105 1.65 × 103

2 O2(g) + 2 * ↔ 2 O* 1.62 × 105 2.33 × 1011

3 CO* + O* ↔ CO2(g) + 2 * 1.71 × 102 0.00
Table 1b: NH3 Decomposition

1 H2(g) + 2 * ↔ 2 H* 0.00 3.68 × 105

2 N2(g) + 2 * ↔ 2 N* 0.00 1.41 × 101

3 NH3(g) + * ↔ NH3* 3.94 × 104 9.00 × 106

4 N* + H* ↔ NH* + * 0.18 1.15 × 1010

5 NH* + H* ↔ NH2* + * 4.45 × 105 4.27 × 106

6 NH2* + H* ↔ NH3* + * 1.87 × 106 1.05 × 107

Table 1c: Water-Gas Shift
1 CO(g) + * ↔ CO* 1.70 × 104 1.60 × 104

2 O2(g) + 2 * ↔ 2 O* 0.00 1.00 × 10−8

3 H2(g) + 2 * ↔ 2 H* 0.00 5.14 × 102

4 CO2(g) + 2 * ↔ CO* + O* 0.00 7.61
5 H2O(g) + * ↔ H2O* 6.48 × 105 5.09 × 109

6 H2O* + * ↔ OH* + H* 1.26 × 106 2.11 × 109

7 OH* + * ↔ O* + H* 2.57 × 105 9.76
8 2 OH* ↔ O* + H2O* 3.09 × 1011 6.96 × 103

9 CO* + OH* ↔ COOH* + * 6.65 × 106 3.12 × 103

10 COOH* ↔ H* + CO2(g) 9.32 × 107 0.00
aNote that each reversible step counts as two elementary steps.
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obtained by DFT calculations (see section “Cluster-Expansion

Hamiltonians”). Thus, one needs to calculate the energy of a

number of distinct lattice configurations, which must be no less

than the number of clusters included in the expansion. For

illustration purposes, consider fitting an Ising-type Hamiltonian

that includes short and long-ranged pairwise interactions for

several surface species on a regular lattice:
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where NS is the number of surface species, NL the number of
lattice sites, and σi,k the occupancy, which is equal to 1 if site i is
occupied by species k, and 0 otherwise (according to the lattice-
gas convention). Moreover, s(i) denotes the site type for site i
and ranges from 1 to NT, the number of different site types. The
ECIs in this case include H0, which is a single constant; βk

s(i),
which is the binding energy of species k to site s(i), and Jk,m

s(i),s(j)

which is the pair interaction energy for species k and m bound at
sites s(i) and s(j). Assuming that the pair interaction energy
depends only on the distance of the two sites and that the model
takes into account n such distinct distances (for instance fit up to
the n-th nearest neighbor), then the number of parameters to be
determined is equal to

+ · + · · · · · −N N n N N N N1
1
2

( 1)S T S T S T (5)

where NT denotes the number of different site types. The factor
1/2 comes from the symmetry in the pair interaction, in
particular Jk,m

s(i),s(j) = Jm,k
s(j),s(i) and prevents double-counting of pairs.

Equation 5 shows that the number of parameters increases
rapidly for complex reaction mechanisms. For instance, in
ethylene glycol decomposition chemistry, NS = 30. Assuming a
single site type and up to second nearest neighbor interactions (n
= 2), one would have to fit 901 parameters. In practice, one needs
even more DFT calculations than the number of parameters, to
have a sense of the fitting error. Constructing a multispecies
cluster expansion Hamiltonian can thus become impractical,
especially if one needs to include long-ranged interactions or
many-body terms.
Overcoming this problem could potentially be achieved by

employing a smart “training” procedure, rather than a priori
fitting for the ECIs of all possible clusters. Presumably, the most
important terms in the Hamiltonian are one- and two-body
terms, which will have to be included first. Then, by using a
refinement procedure, based on genetic algorithms155,156 or
neural networks coupled with a novelty sampling,157,158 one
could include only the important configurations that affect the

Figure 6. (a) CPU time per kinetic Monte Carlo event for simple chemistries: CO oxidation (6 elementary steps), NH3 decomposition (12 elementary
steps) and water-gas shift (20 elementary steps). The CPU time scales linearly with the number of elementary steps in the reaction network. The
reactions included in each chemistry are listed in Table 1. (b) As in panel (a) but with the following pairwise additive energetic interactions included in
the models: for CO oxidation: CO−CO, CO−O, O−O; for NH3 decomposition: N−N, H−H; and for water-gas shift: CO−CO. The computational
overhead increases rapidly with the number of interactions. Table 2 presents the CPU times plotted in this figure.

Table 2. CPU Times per KMC Event (in μs) for Three
Different Chemistries When Energetic Interactions Are
Absent from or Included in the Models

CO
oxidation

NH3
decomposition

water-gas
shift

no energetic interactions 13.5 33.8 62.5
with energetic interactions 799.5 559.8 492.7

Figure 7. Effect of lateral interactions on the activation barrier for the O2
dissociation reaction on Pt(111).160 In the absence of neighboring O
adatoms, the barrier is 0.55 eV (path RST). For a 1/2 monolayer
coverage, the barrier becomes 1.74 eV (path MPQ), an increase of more
than 3-fold. Redrawn from ref 160 (Getman et al.).
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energetics, thereby improving the accuracy of the Hamiltonian,
on an “as needed” basis.
Optimal selection of lattice configurations whose energy is to

be computed using first principles calculations and then used in
fitting is also important.159 In a hierarchical refinement scheme,
an initial set of lattice configurations is supplied to a DFT code.
The energies computed therefrom are used to construct an
approximate cluster expansion, which is used to generate
configurations close to the system’s ground-state. If these
configurations have already been included in the expansion,
convergence has been achieved. Otherwise, the energies of these
configurations are computed via DFT, a new fitting of the ECIs is
performed, and the procedure is repeated until convergence.
Seko et al.159 argue that while this procedure is adequate for
parametrizing the energy in the vicinity of a ground state, it will
result in significant error for systems with large configurational
entropies, for instance in order−disorder transition phenomena.
In such cases, configurations away from the ground state are
frequently sampled, and thus have a significant contribution to
the system’s free energy. Seko et al.159 propose a procedure that
overcomes this limitation and greatly improves the accuracy of
the expansion.
Tackling KMC simulation of surface kinetics involving

complicated energetics models would necessitate the develop-
ment of algorithms for efficient pattern search. Sophisticated
bookkeeping procedures would also be needed to avoid
rescanning the same configurations (patterns). Parallelization
techniques would also be invaluable, since identification of
different patterns can be done independently, and the
summation of the energetic contributions thereof would only
incur a minor communication overhead.
The discussion of the cluster expansions has so far been limited

to the thermodynamics of the adlayer. The reaction barrier
obtained from DFT pertains to the zero (or, in practice, low)
coverage-limit and has to be corrected to include finite coverage
effects. These effects may be significant, for instance in the case of
O2 dissociation on Pt(111), the barrier at the zero coverage limit
is around 1/2 eV, and increases more than 3-fold for a half-
monolayer coverage (Figure 7).160 To account for such effects, in
principle, one can construct a cluster expansion for the
interactions between a TS and the various adsorbates. Such an
energetic model would constitute an accurate description of the
barrier of a reaction as a function of the local environment and
ensure thermodynamic consistency of the entire reaction

mechanism. This, however, would be a daunting task, and in
practice, one resorts to simpler approaches such as the
development of linear scaling relations that correlate the reaction
barrier to the initial and/or final state energies.64 The latter
energies can relatively easily be computed from the cluster
expansion of the Hamiltonian for the adlayer energetics. The
impact of this approximation on the accuracy of the overall
framework is currently unclear. Some examples of error
quantification of at least simple systems will be very desirable.
Overall, development of methods that accurately and efficiently
(i.e., with minimal DFT calculations) parameterize the reaction
rate constants as a function of the local configuration of
adsorbates is a critical methodological step of the ab initio KMC
method.

Time Scale Separation. Disparity in time scales of various
processes (known also as stiffness) is commonplace in chemical
kinetics. For instance, diffusion events typically occur on the
nano- to picosecond scale, adsorption/desorption events on the
microsecond scale, and reactions may exhibit even slower
dynamics (for an example, see Figure 8).128 While solvers exist
for stiff deterministic problems, this is not the case in KMC
simulation. As a result, a KMC simulation would spend most of
the computational time executing uninteresting diffusional hops,
rather than the reaction events which are of importance in
estimating catalytic activity. Previous studies have either
neglected fast processes, for example, diffusion, or employed
equilibration of the lattice to overcome the problem of fast
diffusion.12,161While this is certainly valid for simple systems, it is
not obvious that diffusion is always fast: in particular, hopping
from a low energy site, where the binding is strong (e.g., a step
site), to a high energy site, where the binding is weak (e.g., a
terrace site), could be associated with a large barrier. Such a
hopping process may be slow and thus crucial in shaping the
dynamics. Aside from surface diffusion, in large reaction
networks, a subset of the chemistry is fast (e.g., adsorption/
desorption or (de)hydrogenation) and partially equilibrated
whereas the rest is not. Thus, the problem of time scale
separation is more often than not found in many physical
processes. Reaction barriers or even reaction rate constants are
inadequate to establish time scale separation; rather, reaction
rates are needed, which of course require solving the entire
problem.
Dealing with time scale separation efficiently would still

involve decomposing fast and slow modes and treating the fast

Figure 8. Time scales for the adsorption, desorption, surface diffusion, and reaction events for the water-gas shift reaction on Pt(111)40 under the
following conditions: T = 650 K, P = 1 bar; gas molar fractions: yCO = 0.05, yH2O 0.10, yH2 = yCO2 = 0.00.
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ones as quasi equilibrated. The mathematical foundations
handling stiffness were introduced a while back.17,162−167

Mathematical and computational analysis, using singular
perturbation, has shown that the error incurred in such a
treatment is on the order of the ratio of the slow versus fast
rates.168 Despite significant progress for prototype models, a
computational scheme that detects the fast processes automati-
cally (on-the-fly), performs the decomposition, and updates the
various processes dynamically is currently lacking. This dynamic
update is challenging but important, since the temporal evolution
of surface coverages can result in large changes in the rates of
certain elementary events, making it necessary to re-evaluate
which modes are treated as fast.
Sensitivity Analysis and Uncertainty Quantification. A

major task in first-principles KMC simulation is to carry out a
sensitivity analysis to identify the rate controlling step according
to the DRCmethod and understand the important chemistry.169

Performing sensitivity analysis for large reaction networks
efficiently is nontrivial, given the stochastic nature of the output
and the computational expense of KMC simulation. Utilizing a
brute-force finite difference scheme, where each rate constant is
varied and the simulation repeated ends up being computation-
ally intractable. State-of-the-art methods that have already been
used successfully in the sensitivity analysis of biochemical
reaction networks could also be adapted in surface kinetics KMC
simulation. For instance the common random number (CRN)
and the common reaction path (CRP) methods reduce the
computational effort required to compute the sensitivity
coefficients.170 Other computational schemes based on like-
lihood ratio gradient estimation could also be used in this
context.171 These methods are intended for local sensitivity
analysis. Alternatively, one can perform global sensitivity analysis
using polynomial chaos expansions172,173 or polynomial dimen-
sional decompositions.174 Global sensitivity methods offer
advantages: they evaluate the effect of collective uncertainty
and are not restricted to small perturbations in the input
parameters (contrary to the finite difference schemes).
Aside from sensitivity analysis, uncertainty quantification

(UQ) is highly desirable to assess the robustness of results, given
that small errors in the activation energy can result in large errors
in the calculated rate. As an example, an error of 3 kcal/mol (0.13
eV) in the activation energy (which is on the low end of the
expected DFT error),175 will result in a relative error of 20 in the
rate at 500 K. The situation becomes much worse at lower
temperatures. UQ studies will be useful in potentially ration-
alizing the deviations between experiments and KMC simulation
results observed in a number of studies, most notably by Sendner
et al.119 (see section on Partial Oxidation of Methanol) or the
qualitative changes of the underlying physics if different
parameter sets are being used70 (see section on CO Oxidation).
To the best of our knowledge, no such studies have been
conducted.

■ SUMMARY AND OUTLOOK
The coupling of DFT calculations with kinetic Monte Carlo
(KMC) simulations provides a powerful multiscale modeling
framework, termed first principles or ab initio KMCmethod, that
can be used to elucidate the chemical processes on catalytic
surfaces with unprecedented spatiotemporal detail. The basic
idea behind this framework is to simulate a sequence of
adsorption, desorption, diffusion, and reaction events, the rates
of occurrence of which are calculated through first-principles
density functional theory and TST approximations. A strength of

the method is that it can naturally account for spatial
inhomogeneities of the catalyst and adsorbates.
This approach has been successfully applied to a number of

chemistries reviewed herein. These studies have shed light on the
effect of surface structure or promoters on activity, identification
of the rate determining step, or experimentally obtained thermal
desorption spectra. Several of these effects can be captured, at
least qualitatively, by mean-field microkinetic models. The
impact of KMC simulation will mainly bemanifested in problems
incorporating spatial effects where multiple active sites are
involved and the activity and selectivity arise from nonlinear
coupling among these sites. Examples include the dependence of
the structure sensitivity of a reaction on nanoparticle size and
shape, promoters, whose specific location may be important,
multifunctional materials (e.g., Lewis and Brønsted acid sites or
metal and Brønsted acid sites), and support effects due to parts of
the chemistry occurring on the support, the metal sites and
interfacial support/metal sites. The ongoing efforts to incorpo-
rate more detailed physics and chemistry in these simulations in
conjunction with the never-ending pursuit of more efficient
methodologies is bound to improve the predictive power of first-
principles KMC, making it a quantitative tool for mechanism
understanding and eventually in silico catalyst discovery and
optimization.
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