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ABSTRACT: Nanoengineered metal@zeolite materials have re-
cently emerged as a promising class of catalysts for several
industrially relevant reactions. These materials, which consist of
small transition metal nanoclusters confined within three-dimen-
sional zeolite pores, are interesting because they show higher
stability and better sintering resistance under reaction conditions.
While several such hybrid catalysts have been reported
experimentally, key questions such as the impact of the zeolite
frameworks on the properties of the metal clusters are not well
understood. To address such knowledge gaps, in this study, we
report a robust and transferable machine learning-based potential
(MLP) that is capable of describing the structure, stability, and dynamics of zeolite-confined gold nanoclusters. Specifically, we show
that the resulting MLP maintains ab initio accuracy across a range of temperatures (300−1000 K) and can be used to investigate
time scales (>10 ns), length scales (ca. 10,000 atoms), and phenomena (e.g., ensemble-averaged stability and diffusivity) that are
typically inaccessible using density functional theory (DFT). Taken together, this study represents an important step in enabling the
rational theory-guided design of metal@zeolite catalysts.

■ INTRODUCTION
Nanoengineered hybrid materials, consisting of small metal
clusters confined within three-dimensional porous frame-
works,1−4 have recently emerged as promising materials for
several different applications.2,5,6 For instance, when compared
to their larger supported metal analogues, subnanometric
transition metal (TM) nanoclusters often show unique and
desirable catalytic properties. These phenomena are exempli-
fied by gold (Au), which is often considered to be the noblest
of all metals.7 Specifically, seminal studies by Haruta,8−10

Hutchings,11−13 and more recent work by Corma14,15 and
Iglesia16−18 have shown that Au clusters smaller than 1 nm are
catalytically active for several reactions. These include CO
oxidation,8,19−21 propylene epoxidation,10 partial oxidation of
methane,22−25 and others. Indeed, the unique size-dependent
catalytic activity of transition metals is well-established in the
literature.26

However, a key challenge with using these hybrid materials
as catalysts is their limited stability, which often results in
irreversible deactivation under reaction conditions.27 While
several strategies such as confinement using nanoporous
scaffolds (e.g., zeolites28) have been used to address this
challenge, the underlying physicochemical phenomena respon-
sible for sintering are not well understood. Thus, notwith-
standing the recent advances in synthesis and characterization
of TM@zeolite catalysts,3 progress in this emerging domain
has been limited by the lack of rational design principles that
can be used to create catalytically active materials that are also

stable under reaction conditions. A key limitation, and one that
we seek to overcome in this study, is the inability of the current
computational methods to predict the properties of these
intriguing hybrid materials.

Density functional theory (DFT) is now routinely used to
elucidate reaction mechanisms and to screen large catalyst
libraries. However, the widely used slab approximation cannot
capture the stability and dynamics of confined metal
nanoclusters. Moreover, while several distinct force fields
have been reported for nanoporous materials,29 these classical
methods are not well-suited to study reactive processes.
Barring a few recent examples,30,31 the inability of the current
computational methods to describe the size, shape, stability,
dynamics, and reactivity of zeolite-confined metal nanoclusters
remains a major bottleneck. Thus, novel computational
methods that can simultaneously overcome the challenges of
both DFT and force-field-based approaches have now become
necessary to enable the theory-guided design of metal@zeolite
catalysts.

As a step toward addressing this method gap, here, we
present an active learning workflow that uses DFT-based
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machine learning potentials (MLPs) to obtain quantitative
trends related to the stability and diffusivity of Au nanoclusters
confined within pores of several all-silica zeolites (denoted as
Au@zeolites). Specifically, we combine conventional molecular
dynamics (MD) simulations and metadynamics32 to develop
an MLP that is transferable across different metal nuclearities
and zeolite topologies. Importantly, we show that the resulting
model maintains DFT accuracy at a range of temperatures
(300−1000 K) and can be used to explore time scales (>10 ns)
and length scales (∼10,000 atoms) that are typically
inaccessible using DFT. This ability allows us, for the first
time, to define and compute important physicochemical
characteristics (i.e., ensemble-averaged stabilization energy,
self-diffusivity, diffusion-free energy landscapes) that can
potentially serve as descriptors to predict the stability and
reactivity of Au@zeolite catalysts. More broadly, we anticipate
that the methods and analyses reported in this study can be
generalized to other hybrid materials consisting of metal
clusters confined within nanoporous frameworks.33

■ METHODS
All DFT calculations were performed using the Vienna ab
initio simulation package (VASP)34 using the projector-
augmented wave formalism. Similar to our previous work,35

we used the RPBE functional36 with a 400 eV plane wave
energy cutoff. The initial DFT training data set was obtained
using multiple short (2 ps, 0.5 fs time step) ab initio molecular
dynamics (AIMD)37 simulations. Specifically, we used 10
different zeolite topologies (AEI, BEA, CHA, LTA, MAZ, MFI,
MOR, MWW, RHO, and SOD) and 15 metal nuclearities
ranging from Au1 to Au15 for these simulations. The zeolite
frameworks were selected to include several common materials
across different pore sizes, shapes, and ring topolo-
gies.16−18,20,22−24,38 Due to the large size of the metal@zeolite
unit cell, all DFT calculations for the zeolites are performed

using the Γ-point. A 6 × 6 × 6 k-point sampling was used for
the bulk Au, which serves as a reference for confinement
energy calculations discussed later. The initial structures were
obtained from the International Zeolite Association database
(for the zeolites)39 and the Materials Project (for the bulk
Au).40,41

We used the polarizable atom interaction neural network
(PaiNN)42,43 and the neuroevolution potential (NEP)44 as the
MLP architectures for model development. Initial MLP
training, which relied on conventional molecular dynamics
simulations (MLP/MD), was performed using PaiNN.
However, due to technical limitations in combining PaiNN
with graphical processing unit (GPU) accelerated codes (e.g.,
LAMMPS45), we use the NEP available in GPUMD46 for
further model refinement and production runs. Details of these
training protocols are presented in Supporting Information
(SI).

Normal metadynamics with adaptive Gaussian32,47,48 simu-
lations (MLP/MTD) with the diffusion-based scheme
(ADAPTIVE = DIFF in the input script) were then used to
sample new configurations iteratively to investigate the
diffusion of Aun clusters. These simulations were performed
in the NVT ensemble with a stochastic rescaling thermostat49

using the PLUMED (version 2.9.0) interface50−52 to GPUMD
(version 3.8). We used two different temperatures (300 and
500 K) for Au@LTA. Analogous simulations at 300 K for four
other zeolites (i.e., CHA, RHO, MFI, BEA) were used to
improve the transferability of our LTA model to other zeolite
topologies. As shown in eq 1, the distance between the center
of mass (COM) of the Au nanocluster and the main zeolite
cavity was used as the collective variable (CV).

CV COM COMmetadynamics Au Sipore
= | | (1)

A history-dependent bias (applied to the CV) was used to
drive the interpore diffusion of Au nanoclusters. Depending on

Figure 1. (a) Overview of the active learning curriculum used to develop NEP-based MLPs for Au@zeolites. The associated (b) force parity plots
and (c) energy error histograms for the final NEP5 model. The blue boxes in (a) refer to DFT calculations, orange to MLP-based simulations, and
UQ to uncertainty quantification using the σf metric. (d) The progression of the data set used for different iterations of the NEP model.
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the cluster size, zeolite topology, and the simulation temper-
ature, a Gaussian biasing potential of 0.004−0.03 eV (height)
was used. These potentials were added every 25 fs. Since
adaptive Gaussians are used, the width of the Gaussian hills
was updated to cover the space of 20 time steps in collective
variables (SIGMA = 20 in input script). Concomitant with the
improving model performance over successive iterations, a
variable simulation time, ranging from 10 ps (first iteration) to
500 ps (final iteration), was used to improve the diversity of
the sampled configurations and accelerate the convergence of
the model. All MLP-based MD simulations used a time step of
0.5 fs.
As shown in eq 2, the diffusion coefficient of Au

nanoclusters was calculated using the dynamically correlated
transition state theory (dcTST)53,54

D kA B
2= (2)

Here, λ is the pore-to-pore distance in the zeolite and kA→B is
the hopping rate between states A and B. The latter quantity is
calculated using eq 3 as

k
m q

e
2 e d

F q

F qA B

( )

( )
=

*

(3)

where κ is the correction factor for state recrossing, m is the
mass of the diffusing Au nanocluster, and q* is the reaction
coordinate corresponding to the transition state. As high
barriers are observed, we assumed a low recrossing probability
(i.e., κ = 1.0) in our calculations. The CV defined in eq 1 is
used as the reaction coordinate (i.e., q).

■ RESULTS
Model Development and Model Performance. Figure

1a summarizes our two-stage MLP development protocol for
describing the interactions between the Au, Si, and O atoms in
our system. In stage A, we used 4 AIMD-based iterations to
develop the PaiNN model. A random sampling strategy was
used to select the configurations for DFT/SPEs. A total of
17,000 DFT-derived data points across 10 zeolites for Au1−
Au10 clusters were used. This model shows a mean absolute
error (MAE) of 0.01 eV (energies) and 0.007 eV/Å (forces).
The details of the PainNN training process are presented in SI,
and the model performance is summarized in Figures S1 and
S2.
Using the DFT data generated in stage A, in the second

stage (stage B), our workflow uses adaptive Gaussian
metadynamics to progressively explore new configurations

that are relevant for interpore diffusion of Au nanoclusters. A
subset of these configurations, based on their predicted model
uncertainty, is selected for DFT/SPEs. These DFT/SPEs serve
as training data for the next iteration of the model. The first
stage B model (i.e., NEP1) is trained using the DFT data
obtained from stage A. The next iteration, denoted as NEP2, is
trained using 10 ps adaptive Gaussian metadynamics (i.e.,
NEP1/MTD) for Au1−Au10@LTA at 300 K. Subsequent
models are trained using higher simulation temperatures (i.e.,
100 ps NEP2/MTD at 500 K to obtain NEP3) and by
expanding our training set to four additional zeolite types (i.e.,
BEA, CHA, MFI, and RHO using 200 ps NEP3/MTD at 300
K to obtain NEP4). Taken together, the final model, denoted
as NEP5, has been trained using 55,872 DFT configurations
that span different temperatures (i.e., 300−1000 K), metal
nuclearities (Au1−Au10), and 10 different zeolite topologies
(see Figure 1d for the data added in each training iteration).
Details of the training procedure (Tables S1−S4 and Figure
S3) and transferability across different temperatures (Table S5
and Figure S5) and zeolite topologies (Table S6 and Figure
S6) are summarized in the SI.

Figure 1b,c summarizes the performance of the NEP5 model
for our test data set. The test data set consists of configurations
(5% of total) that were set aside during model training. As
shown by the parity plots in Figure 1b,c, the observed MAEs
for forces (<0.05 eV/Å) and energies (<0.3 eV) demonstrate
the efficacy of our training procedure. Note that the energy
MAE is calculated by directly comparing the raw NEP5-
predicted and DFT-calculated values; an error analysis of
relative energies is presented later.

A key advantage of the above iterative training curriculum is
the ability to quantify and interpret the impact of each training
step on the performance of the model. For instance, we can use
σf as a metric of the model uncertainty (eq 4).

maxi i x i y i zf ,
2

,
2

,
2= + + (4)

Here, σi for each atom indexed by i along each x−y−z
Cartesian direction measures the model variance computed
across the committee models. Using this metric, Figure 2a
shows how the model performance improves across several
stage B iterations. Specifically, while the distribution of σf for
NEP2 shows a long tail, the high uncertainties associated with
these configurations are dramatically reduced for NEP3 and
NEP4 due to our active learning protocol. Further analysis
across the individual Aun@LTA systems (Figure S4 in SI)
shows that the performance enhancement observed in Figure

Figure 2. (a) σf uncertainty estimation for the 2nd to 4th iterations of the NEP model. (Inset: a zoomed-in comparison of NEP3 and NEP4.) (b)
The σf uncertainty estimation for four different zeolites using the NEP4 model. (Inset is the structure that has the highest uncertainty, Au6@MFI.)
Dashed line in the graph is the maximum preferred σf = 0.3 eV/Å.
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2a arises due to an improved description of the Au10@LTA
system by the latter NEP models.
Similar improvements in the model performance are

observed for other zeolite topologies. For instance, Figure 2b
shows that σf for Au3@CHA, MFI, and BEA zeolites are
comparable to those of the Au3LTA system.
Beyond the analyses described above, we conducted several

other assessments to confirm the predictive capabilities of
NEP5 over extended time scales. Specifically, we performed a
10 ns well-tempered metadynamics (WTmetaD)55 simulation
to model the diffusion of Au3 and Au6@LTA at 300 K using
the final NEP5 model. These results, plotted as a temporal
evolution of relative energies (Figure 3a), relative energy error
histograms (Figure 3b, MAE = 0.11 eV), and force parity plots
(Figure 3c, MAE = 0.04 eV/Å) for Au6@LTA, show that
NEP5 reliably reproduces the dynamics of the system over
time scales (i.e., 10 ns) that are much longer than those used
during model development (e.g., 500 ps). Here, we use relative
energies, defined as Erel(t) = E(t) − E(t = 0), to circumvent the
known limitations of MLPs in reproducing raw DFT

energies.56 Compared to the higher MAEs observed previously
in Figure 1c, this analysis further evidences the ability of the
MLP to model the energetics of nanocluster diffusion at DFT
accuracy.

The above simulations employed a high bias factor (γ =
300), which determines the rate of decay of Gaussian hills, to
drive the diffusion of Au clusters across the LTA eight-
membered ring (8MR) windows. Representative configura-
tions from these interpore transitions are shown in Figure 3d,e
for Au3@LTA and Au6@LTA, respectively.
Redispersion Penalty and Confinement Stabilization.

Based on the impressive performance of NEP5 across different
cluster nuclearities and zeolite topologies, we now focus on
calculating ensemble-averaged properties that are typically
inaccessible using traditional DFT-based AIMD simulations.
Specifically, using a series of conventional MD simulations
with the NEP5 model (denoted as NEP5/MD), Figure 4a
shows the trends in redispersion energy penalty (ΔÊdisp)
calculated for various Au@zeolite systems. As shown in eq 5,

Figure 3. (a) Comparing the temporal evolution of NEP5- and DFT-calculated (black) relative energies for a 10 ns WTmetaD simulation of Au3@
LTA (orange) and Au6@LTA (red). (b) Relative energy error histogram and (c) force parity plots for the Au6@LTA system. Representative
configurations from the transition state region for the diffusion of (d) Au3 and (e) Au6 nanoclusters across the LTA eight-membered ring (8MR)
window.

Figure 4. (a) Trend of ΔÊdisp for Au1−Au10 in a vacuum and five zeolite topologies. (b) The trend of ΔEconfinement for five different zeolite
topologies.
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ΔÊdisp measures the energy cost associated with the formation
of small metal nanoclusters from the bulk metal.

E
E E n E

ndisp
Au@zeolite zeolite Au Au

Au

bulk=
(5)

Here, E̅Au@zeolite, E̅zeolite, and ÊAubulk represent the ensemble-
averaged energies of the Au@zeolite, the empty framework,
and the per atom energy of the bulk Au, respectively, and nAu
refers to the number of Au atoms in the cluster. E̅Au@zeolite and
E̅zeolite are obtained using 1 ns NEP5/MD and 100 ps NEP5/
MD simulations, respectively. ÊAubulk is calculated using DFT.
We use ̂ to denote quantities that are averaged by the number
of metal atoms and ̅ to denote energy averages obtained from
MD simulations.
Figure 4a shows the dependence of the redispersion energy

penalty on the size of the Au clusters. Unsurprisingly, we
observe that smaller undercoordinated Au clusters are less
stable than their larger analogues. Indeed, in the absence of the
zeolite framework, this quantity (i.e., ΔÊdisp

vac ) is simply the gas
phase formation energy of Au nanoclusters.
However, similar calculations across different zeolite top-

ologies show interesting trends. Specifically, while it is clear
that the three-dimensional environment of the framework
stabilizes the Au nanoclusters (i.e., smaller ΔÊdisp

zeolite), Figure 4b
shows that the extent of stabilization depends on the properties
of the zeolite framework. To quantify this effect, we define a
new quantity called the framework-induced stabilization energy
(denoted as ΔEconfinement) that measures the impact of the
confining zeolite environment on the formation energy of the
metal nanoclusters. Specifically, ΔEconfinement is defined as

E E E n( )confinement disp
zeolite

disp
vac

Au= · (6)

Figure 4b shows the dependence of the stabilization energy
across different frameworks and cluster sizes. In general, we
observe two types of trends. While large channel-type zeolites
such as BEA (pink) show a linear monotonic decrease in the
confinement energy, several other frameworks (e.g., RHO
(red), LTA (blue), and MFI (yellow)) show two distinct
regimes. For these zeolites, the stabilization energy changes
dramatically for smaller cluster sizes, but a weaker dependence
is observed beyond a critical size threshold (nthreshold). In our
preliminary analysis of the crystalline surface, we determined
that the critical size threshold is correlated with the size and
shape of the zeolite pore with MFI (nthreshold = 6) > LTA (5) >
RHO (4).

Interestingly, CHA shows intermediate behavior that lies
between the two regimes discussed above. Specifically, the
stabilization energy for CHA (green) is similar to those of LTA
and RHO for smaller clusters. However, for clusters larger than
Au4, our CHA results are almost identical to BEA (pink).
Thus, while Au1−3 is highly unstable in CHA, Au10@CHA is
slightly more stable than Au10@MFI. This suggests that in
addition to the pore size and zeolite topology (i.e., channel vs
pore/window), the relative sizes of the zeolite pore and the
window are also key contributing factors for stabilizing the Au
nanoclusters. While a detailed investigation of these effects is
beyond the scope of this study, their impact on the diffusion
properties of Au nanoclusters in zeolites is discussed later.

In general, we observe that MFI provides the most favorable
confining environment among the zeolites considered here. We
hypothesize that these trends arise due to the trade-offs
between Au−Au and Au-framework interactions. For instance,
comparing Au6 clusters across different frameworks in Figure 4,
we observe that Au6@MFI is ca. 1 eV more stable than Au6@

Figure 5. Trends in the (a) Au−O and (b) Au−Au radial distribution functions (RDFs) obtained from the dynamics of Au6 nanoclusters confined
within RHO, LTA, and MFI zeolites. Similar analysis of the (c) Au−O and (d) Au−Au RDFs for Au6−10@MFI.
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RHO. Detailed analyses of Au−O radial distribution functions
(RDF) in Figure 5 show the formation of distinct peaks for
Au6@MFI. In contrast, the Au−O RDF for Au6@RHO and
Au6@LTA shows broader peaks, which suggests a higher
degree of ordering induced by the MFI framework. Analogous
analyses for other frameworks, Au nuclearities, and Au−Au
RDF (Figures S7 and S8) are shown in the SI. Figure 5 further
highlights the importance of Au−O RDF (rather than Au−Au
interactions) in rationalizing the confinement energy trends
observed previously in Figure 4. Similarly, the plateauing of
ΔEconfinement at larger cluster sizes implies a decreasing role of
Au-framework interactions, which can be inferred from the
negligible changes in the Au−O RDF for larger clusters (Figure
5c,d).
Diffusivity Trends. The previous section demonstrates

how the pore size and topology of the framework impact the
shape and size of zeolite-confined Au nanoclusters. Building on
these results, we used the NEP5 model to investigate the
kinetics of interpore diffusion. As no diffusion events were
observed using conventional NEP5/MD (10 ns for Au3@
LTA), we used well-tempered metadynamics (WTmetaD)55

simulations to obtain the free energy surfaces (FES) at four
different temperatures (300, 400, 450, and 500 K). The CV
used for all the WTmetaD simulations is the same as the one
defined in eq 1.
Specifically, the FES for each temperature is obtained from

three independent WTmetaD simulations (Figure S9). A
starting hill height of 0.1 eV, width of 0.4 Å, and bias factors of
100 for 300 K, 60 for 400 K, 50 for 450 K, and 40 for 500 K
were used to simulate a 10 ns WTmetaD in a 2 × 1 × 1 unit
cell (two pores in the x-direction) as shown in Figure 6a.
Harmonic wall potentials were added in the y and z directions
to ensure that the pore-to-pore transition only occurs in the x-
direction.
The averaged free energy curve for each temperature is

plotted in Figure 6b as a function of the CV. Figure 6b shows a
peak near the CV value of 9 Å, corresponding to the window

between the two pores. The averaged diffusion energy barrier
is estimated as 2.04 ± 0.38 eV at 300 K, 1.78 ± 0.14 eV at 400
K, 1.13 ± 0.17 eV at 450 K, and 0.86 ± 0.12 eV at 500 K,
respectively. The diffusion coefficient estimated from dcTST
were 5.21 × 10−19 m2/s at 450 K and 5.17 × 10−15 m2/s at 500
K. The diffusion time scale determined by the relation

t L D/2 (7)

where L is the length scale of diffusion and D is the diffusion
coefficient, gives t450 K to be on the order of 10−1 s and t500 K on
the order of 10−5 s. This stark difference in the free energy
barrier shows that while the Au3 nanocluster remains
kinetically trapped at 300 and 400 K, significantly higher
mobility is expected at higher temperatures. Interestingly,
analogous calculations for Au5@LTA did not show any
diffusion even at 500 K (Figure S10).

In contrast to Au3@LTA, conventional MD simulations (10
ns, 500 K) using the NEP5 model showed facile diffusion of
the Au nanocluster (Figure 6c). From the analysis of mean
square displacements, we obtain a diffusion coefficient of 1.58
× 10−11 m2/s for Au3@CHA�-which is ca. 4 orders of
magnitude higher than the corresponding value for Au3@LTA.
These results show how seemingly similar stabilization energies
(i.e., −2.10 eV for Au3@CHA and −2.24 eV for Au3@LTA)
can result in significantly different diffusivities. Although
preliminary analysis shows that this phenomenon arises due
to the differences in the shape of the confined nanocluster,
detailed analysis and applications to other deactivation
mechanisms (e.g., Ostwald ripening) are beyond the scope
of this work. A similar comparison of Au5@LTA and Au5@
CHA is shown in the SI (Figures S10 and S11)

Before proceeding further, it is useful to compare our
predictions to other related studies in the field. For instance,
Bukowski et al.30 have investigated the diffusion of Au1−4
across the sinusoidal and straight channels of the MFI
framework (TS-1) at 473 K using a combination of AIMD,

Figure 6. (a) Positions of Au3@LTA zeolite in the CV space (the CV is defined in eq 1). The blue region shows the region where free energy
surface was estimated. (b) The free energy surfaces (FES) of Au3@LTA at 300, 400, 450, and 500 K, respectively. (c) The pores occupied by an
Au3 nanocluster in a CHA zeolite from a 10 ns MD simulation conducted at 500 K.
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ab initio metadynamics, and nudged elastic band calcula-
tions.57 Their reported diffusivities (i.e., 4 × 10−15 m2/s),
although obtained at significantly smaller simulation times (i.e.,
200 ps, 2 fs time step), are comparable to our predictions
obtained using longer simulations (i.e., 10 ns, 0.5 fs time step)
and at much lower computational costs. Similarly, we note that
the previous work by Heard et al.58 has used analogous
approaches (i.e., umbrella sampling to obtain barriers using
SchNetPack-based models) to investigate several Pt/zeolite
systems. Their work also highlights the impact of physical
confinement by the cage on the diffusion properties of Pt1−5
nanoclusters. Similarly, Ma and Liu59 used the LASP code60 to
perform MLP/MD and stochastic surface walking (SSW)61 to
study the formation of PtSnOx clusters in an MFI zeolite.
Model Scalability. The analysis presented above uses

computational models with Au weight loadings (e.g., 17.03 wt
% for Figure 3d) that are much higher than those used
experimentally.17 As an example of experimentally relevant
materials, we summarize the results of Otto et al.17 Specifically,
using a 1.1 wt % Au@NaLTA material, the authors show that
sintering began at 773 K, with significant catalyst deactivation
observed at temperatures higher than 823 K. Describing
systems with such low metal loadings is computationally
intractable using DFT due to system size limitations.
However, these types of simulations can now be readily

accessed by using MLPs. For instance, Figure 7a shows the
results of a 4 ns NEP5/MD simulation of 1.26 wt % Au@LTA
material (Au12Si3072O6144) containing 128 LTA unit cells. This
simulation required 60 h on a single NVIDIA RTX A4000
GPU. Consistent with the metadynamics data presented
previously, we observed facile diffusion of Au3 across multiple
unit cells. While no sintering events were observed in this
specific simulation, the scalability plot in Figure 7b
demonstrates the ability to investigate related diffusion and
deactivation phenomena at DFT accuracies for a much lower
computational cost.

■ CONCLUSIONS
In conclusion, this work demonstrates the development and
application of a transferable active learning workflow using
DFT-based MLPs to describe the stability and dynamics of
zeolite-confined Au nanoclusters. The resulting MLP (denoted

as NEP5) shows high accuracy for energies and forces and can
be used to explore properties that are typically inaccessible by
using conventional DFT simulations. Specifically, the NEP5
model has been used to compute ensemble-averaged
redispersion penalties (ΔÊdisp) and framework-induced con-
finement energies (ΔEconfinement) across a range of Aun@zeolite
materials. Although not explored here, we anticipate that
ΔÊdisp and ΔEconfinement, which are strongly influenced by the
size and shape of the zeolite pores, may serve as descriptors to
predict the catalytic performance of metal@zeolite catalysts.

We further utilized the NEP5 model to explore the dynamics
and diffusion properties of Au nanoclusters within LTA and
CHA zeolites. The free energy surfaces and diffusion
coefficients, obtained by using well-tempered metadynamics
simulations, provide valuable insights into the interplay
between the stability and mobility of metal nanoclusters
within confined nanoporous environments. We believe these
computational workflows can be applicable to study other
nanoengineered hybrid materials.

■ ASSOCIATED CONTENT
Data Availability Statement
All the data, models, and input files are available via. GitHub:
https://github.com/Sonti974948/Data_Au_Zeo_Diffusion.
*sı Supporting Information
The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00978.

Parity plots comparing energies predicted using polar-
izable atom interaction neural network (PaiNN) model
with corresponding DFT-calculated references (Figure
S1); parity plots comparing forces predicted using
polarizable atom interaction neural network (PaiNN)
model with corresponding DFT-calculated references
(Figure S2); progression of loss function for per
hundred generations (Figure S3); σf uncertainty
estimation for the 2nd to 4th iterations of NEP in
Au1−10@LTA (Figure S4); comparison of the parity
between NEP and DFT predictions (Figures S5 and S6);
Au−Au RDF of Au1−10 (Figure S7); Au−O RDF of
Au1−10 (Figure S8); averaged free energy surfaces over
three independent runs of Au3@LTA (Figure S9);
positions occupied by an Au5 nanocluster in CHA and

Figure 7. (a) Pores occupied by each Au3 nanocluster in an LTA zeolite from a 4 ns MD simulation conducted at 700 K. The system comprises
9228 atoms (128 zeolite pores) of which 12 are Au atoms, which corresponds to a near experimental catalyst weight of 1.26 wt %. (b) A plot
showing the wall time required on a single NVIDIA RTX A4000 GPU to run a 10 ns MD simulation of different system sizes in terms of the
number of atoms.

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.4c00978
J. Chem. Theory Comput. 2024, 20, 8261−8269

8267

https://github.com/Sonti974948/Data_Au_Zeo_Diffusion
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00978?goto=supporting-info
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00978?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00978?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00978?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00978?fig=fig7&ref=pdf
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.4c00978?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


LTA zeolites (Figure S10); variations of center of mass
of Au5 in CHA (red) and LTA (blue) as a function of
simulation time in (a) x-direction, (b) y-direction, and
(c) z-direction (Figure S11); NEP hyperparameters
optimization study part I (Table S1); NEP hyper-
parameters optimization study part II (Table S2);
optimal hyperparameters for the NEP potential used
for Au@zeolite systems (Table S3); details of the data
involved in training different NEP iterations (Table S4);
summary of MAEs of energy and force norm for
transferability of Au@LTA systems across different
temperatures (Table S5); summary of MAEs of energy
and force norm for scalability of the NEP MLP across
different purely silicious zeolite topologies (Table S6)
(PDF)

■ AUTHOR INFORMATION
Corresponding Authors

Surl-Hee Ahn − Department of Chemical Engineering,
University of California, Davis, Davis, California 95616,
United States; orcid.org/0000-0002-3422-805X;
Email: sahn@ucdavis.edu

Ambarish R. Kulkarni − Department of Chemical
Engineering, University of California, Davis, Davis, California
95616, United States; orcid.org/0000-0001-9834-8264;
Email: arkulkarni@ucdavis.edu

Authors
Siddharth Sonti − Department of Chemical Engineering,
University of California, Davis, Davis, California 95616,
United States; orcid.org/0000-0003-1192-8229

Chenghan Sun − Department of Chemical Engineering,
University of California, Davis, Davis, California 95616,
United States

Zekun Chen − Department of Chemistry, University of
California, Davis, Davis, California 95616, United States

Robert Michael Kowalski − Department of Chemical
Engineering, University of California, Los Angeles, Los
Angeles, California 90095, United States

Joseph S. Kowalski − Department of Biomedical Engineering,
University of California, Davis, Davis, California 95616,
United States

Davide Donadio − Department of Chemistry, University of
California, Davis, Davis, California 95616, United States;
orcid.org/0000-0002-2150-4182

Complete contact information is available at:
https://pubs.acs.org/10.1021/acs.jctc.4c00978

Author Contributions
⊥S.S. and C.S. contributed equally to this work.
Notes
The authors declare no competing financial interest.

■ ACKNOWLEDGMENTS
The development of machine learning-based potentials was
supported by NSF # 2048260. S.S. acknowledges partial
support from the Chevron Fellowship and also from startup
funds provided by the University of California, Davis. Our
simulations were performed using the National Energy
Research Scientific Computing Center (NERSC) and NSF
Advanced Cyberinfrastructure Coordination Ecosystem: Serv-
ices and Support (NSF-ACCESS). We also thank Kam-Tung

Chan for his help in writing Python scripts to analyze the
WTmetaD results.

■ REFERENCES
(1) Wang, H.; Wang, L.; Xiao, F.-S. Metal@ zeolite hybrid materials
for catalysis. ACS Cent. Sci. 2020, 6, 1685−1697.
(2) Wang, Y.; Wang, C.; Wang, L.; Wang, L.; Xiao, F.-S. Zeolite fixed
metal nanoparticles: New perspective in catalysis. Acc. Chem. Res.
2021, 54, 2579−2590.
(3) Zhang, Q.; Gao, S.; Yu, J. Metal sites in zeolites: synthesis,
characterization, and catalysis. Chem. Rev. 2023, 123, 6039−6106.
(4) Yang, J.; Peng, Y.; Li, S.; Mu, J.; Huang, Z.; Ma, J.; Shi, Z.; Jia, Q.
Metal nanocluster-based hybrid nanomaterials: Fabrication and
application. Coord. Chem. Rev. 2022, 456, No. 214391.
(5) Wang, H.; Liu, X.; Yang, W.; Mao, G.; Meng, Z.; Wu, Z.; Jiang,
H.-L. Surface-clean Au25 nanoclusters in modulated microenviron-
ment enabled by metal-organic frameworks for enhanced catalysis. J.
Am. Chem. Soc. 2022, 144, 22008−22017.
(6) Dhakshinamoorthy, A.; Asiri, A. M.; Garcia, H. Catalysis in
confined spaces of metal organic frameworks. ChemCatChem 2020,
12, 4732−4753.
(7) Hammer, B.; Norskov, J. K. Why gold is the noblest of all the
metals. Nature 1995, 376, 238−240.
(8) Ishida, T.; Murayama, T.; Taketoshi, A.; Haruta, M. Importance
of Size and Contact Structure of Gold Nanoparticles for the Genesis
of Unique Catalytic Processes. Chem. Rev. 2020, 120, 464−525.
(9) Haruta, M. Size-and support-dependency in the catalysis of gold.
Catal. Today 1997, 36, 153−166.
(10) Hayashi, T.; Tanaka, K.; Haruta, M. Selective vapor-phase
epoxidation of propylene over Au/TiO2catalysts in the presence of
oxygen and hydrogen. J. Catal. 1998, 178, 566−575.
(11) Hutchings, G. J. Heterogeneous Gold Catalysis. ACS Cent. Sci.
2018, 4, 1095−1101.
(12) Hutchings, G. J. Vapor phase hydrochlorination of acetylene:
Correlation of catalytic activity of supported metal chloride catalysts.
J. Catal. 1985, 96, 292−295.
(13) Hashmi, A. S. K.; Hutchings, G. J. Gold catalysis. Angew. Chem.,
Int. Ed. 2006, 45, 7896−7936.
(14) Oliver-Meseguer, J.; Dominguez, I.; Gavara, R.; Doménech-
Carbó, A.; González-Calbet, J. M.; Leyva-Pérez, A.; Corma, A. The
wet synthesis and quantification of ligand-free sub-nanometric Au
clusters in solid matrices. Chem. Commun. 2017, 53, 1116−1119.
(15) Liu, L.; Corma, A. Confining isolated atoms and clusters in
crystalline porous materials for catalysis. Nat. Rev. Mater. 2021, 6,
244−263.
(16) Otto, T.; Ramallo-López, J. M.; Giovanetti, L. J.; Requejo, F.
G.; Zones, S. I.; Iglesia, E. Synthesis of stable monodisperse AuPd,
AuPt, and PdPt bimetallic clusters encapsulated within LTA-zeolites.
J. Catal. 2016, 342, 125−137.
(17) Otto, T.; Zones, S. I.; Iglesia, E. Challenges and strategies in the
encapsulation and stabilization of monodisperse Au clusters within
zeolites. J. Catal. 2016, 339, 195−208.
(18) Goel, S.; Wu, Z.; Zones, S. I.; Iglesia, E. Synthesis and Catalytic
Properties of Metal Clusters Encapsulated within Small-Pore (SOD,
GIS, ANA) Zeolites. J. Am. Chem. Soc. 2012, 134, 17688−17695.
(19) Wang, P.; Liu, J.; Liu, C.; Zheng, B.; Zou, X.; Jia, M.; Zhu, G.
Electrochemical Synthesis and Catalytic Properties of Encapsulated
Metal Clusters within Zeolitic Imidazolate Frameworks. Chem.�Eur.
J. 2016, 22, 16613−16620.
(20) Eom, E.; Song, M.; Kim, J.-C.; Kwon, D.-i.; Rainer, D. N.;
Goa̧bek, K.; Nam, S. C.; Ryoo, R.; Mazur, M.; Jo, C. Confining Gold
Nanoparticles in Preformed Zeolites by Post-Synthetic Modification
Enhances Stability and Catalytic Reactivity and Selectivity. JACS Au
2022, 2, 2327−2338.
(21) Tesana, S.; Kennedy, J. V.; Yip, A. C.; Golovko, V. B. In Situ
Incorporation of Atomically Precise Au Nanoclusters within Zeolites
for Ambient Temperature CO Oxidation. Nanomaterials 2023, 13,
No. 3120.

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.4c00978
J. Chem. Theory Comput. 2024, 20, 8261−8269

8268

https://pubs.acs.org/doi/suppl/10.1021/acs.jctc.4c00978/suppl_file/ct4c00978_si_001.pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Surl-Hee+Ahn"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-3422-805X
mailto:sahn@ucdavis.edu
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Ambarish+R.+Kulkarni"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0001-9834-8264
mailto:arkulkarni@ucdavis.edu
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Siddharth+Sonti"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0003-1192-8229
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Chenghan+Sun"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Zekun+Chen"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Robert+Michael+Kowalski"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Joseph+S.+Kowalski"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Davide+Donadio"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://orcid.org/0000-0002-2150-4182
https://orcid.org/0000-0002-2150-4182
https://pubs.acs.org/doi/10.1021/acs.jctc.4c00978?ref=pdf
https://doi.org/10.1021/acscentsci.0c01130?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscentsci.0c01130?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.accounts.1c00074?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.accounts.1c00074?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.2c00315?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.2c00315?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/j.ccr.2021.214391
https://doi.org/10.1016/j.ccr.2021.214391
https://doi.org/10.1021/jacs.2c09136?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacs.2c09136?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/cctc.202001188
https://doi.org/10.1002/cctc.202001188
https://doi.org/10.1038/376238a0
https://doi.org/10.1038/376238a0
https://doi.org/10.1021/acs.chemrev.9b00551?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.9b00551?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.chemrev.9b00551?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/S0920-5861(96)00208-8
https://doi.org/10.1006/jcat.1998.2157
https://doi.org/10.1006/jcat.1998.2157
https://doi.org/10.1006/jcat.1998.2157
https://doi.org/10.1021/acscentsci.8b00306?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/0021-9517(85)90383-5
https://doi.org/10.1016/0021-9517(85)90383-5
https://doi.org/10.1002/anie.200602454
https://doi.org/10.1039/C6CC09119A
https://doi.org/10.1039/C6CC09119A
https://doi.org/10.1039/C6CC09119A
https://doi.org/10.1038/s41578-020-00250-3
https://doi.org/10.1038/s41578-020-00250-3
https://doi.org/10.1016/j.jcat.2016.07.017
https://doi.org/10.1016/j.jcat.2016.07.017
https://doi.org/10.1016/j.jcat.2016.04.015
https://doi.org/10.1016/j.jcat.2016.04.015
https://doi.org/10.1016/j.jcat.2016.04.015
https://doi.org/10.1021/ja307370z?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/ja307370z?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/ja307370z?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/chem.201602924
https://doi.org/10.1002/chem.201602924
https://doi.org/10.1021/jacsau.2c00380?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacsau.2c00380?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacsau.2c00380?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.3390/nano13243120
https://doi.org/10.3390/nano13243120
https://doi.org/10.3390/nano13243120
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.4c00978?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(22) Qi, G.; Davies, T. E.; Nasrallah, A.; et al. Au-ZSM-5 catalyses
the selective oxidation of CH4 to CH3OH and CH3COOH using
O2. Nat. Catal. 2022, 5, 45−54.
(23) Wang, W.; Zhou, W.; Tang, Y.; Cao, W.; Docherty, S. R.; Wu,
F.; Cheng, K.; Zhang, Q.; Copéret, C.; Wang, Y. Selective oxidation of
methane to methanol over Au/H-MOR. J. Am. Chem. Soc. 2023, 145,
12928 DOI: 10.1021/jacs.3c04260.
(24) Cao, J.; Lewis, R. J.; Qi, G.; Bethell, D.; Howard, M. J.;
Harrison, B.; Yao, B.; He, Q.; Morgan, D. J.; Ni, F.; et al. Methane
conversion to methanol using Au/ZSM-5 is promoted by carbon. ACS
Catal. 2023, 13, 7199−7209.
(25) Wu, B.; Zhong, L. Gold nanoparticles selectively convert CH4
to oxygenates by using O2. Chem. Catal. 2022, 2, 436−438.
(26) Rao, C.; Kulkarni, G.; Thomas, P. J.; Edwards, P. P. Size-
dependent chemistry: properties of nanocrystals. Chem.�Eur. J. 2002,
8, 28−35.
(27) Carter, J. H.; Abdel-Mageed, A. M.; Zhou, D.; Morgan, D. J.;
Liu, X.; Bansmann, J.; Chen, S.; Behm, R. J.; Hutchings, G. J.
Reversible Growth of Gold Nanoparticles in the Low-Temperature
Water-Gas Shift Reaction. ACS Nano 2022, 16, 15197−15205.
(28) Zhang, J.; Wang, L.; Zhang, B.; Zhao, H.; Kolb, U.; Zhu, Y.;
Liu, L.; Han, Y.; Wang, G.; Wang, C.; et al. Sinter-resistant metal
nanoparticle catalysts achieved by immobilization within zeolite
crystals via seed-directed growth. Nat. Catal. 2018, 1, 540−546.
(29) Dubbeldam, D.; Walton, K. S.; Vlugt, T. J.; Calero, S. Design,
parameterization, and implementation of atomic force fields for
adsorption in nanoporous materials. Adv. Theory Simul. 2019, 2,
No. 1900135.
(30) Bukowski, B. C.; Delgass, W. N.; Greeley, J. Gold Stability and
Diffusion in the Au/TS-1 Catalyst. J. Phys. Chem. C 2021, 125, 4519−
4531.
(31) Hou, D.; Grajciar, L.; Nachtigall, P.; Heard, C. J. Origin of the
unusual stability of zeolite-encapsulated sub-nanometer platinum.
ACS Catal. 2020, 10, 11057−11068.
(32) Laio, A.; Parrinello, M. Escaping free-energy minima. Proc. Natl.
Acad. Sci. U.S.A. 2002, 99, 12562−12566.
(33) Vilhelmsen, L. B.; Walton, K. S.; Sholl, D. S. Structure and
mobility of metal clusters in MOFs: Au, Pd, and AuPd clusters in
MOF-74. J. Am. Chem. Soc. 2012, 134, 12807−12816.
(34) Kresse, G.; Furthmüller, J. Efficient iterative schemes for ab
initio total-energy calculations using a plane-wave basis set. Phys. Rev.
B 1996, 54, 11169.
(35) Sours, T. G.; Kulkarni, A. R. Predicting structural properties of
pure silica zeolites using deep neural network potentials. J. Phys.
Chem. C 2023, 127, 1455−1463.
(36) Hammer, B.; Hansen, L. B.; Nørskov, J. K. Improved
adsorption energetics within density-functional theory using revised
Perdew-Burke-Ernzerhof functionals. Phys. Rev. B 1999, 59, 7413.
(37) Car, R.; Parrinello, M. Unified approach for molecular
dynamics and density-functional theory. Phys. Rev. Lett. 1985, 55,
2471.
(38) Limlamthong, M.; Tesana, S.; Yip, A. C. Metal encapsulation in
zeolite particles: A rational design of zeolite-supported catalyst with
maximum site activity. Adv. Powder Technol. 2020, 31, 1274−1279.
(39) Baerlocher, C.; Baur, W.; Bennett, J.; Gies, H.; Higgins, J.;
Kirchner, R.; McCusker, L.; Meier, W.; Mortier, W.; Newsam, J.; et al.
Structure Commission of the International Zeolite Association.
Zeolites 1996, 17, 1−230.
(40) Jain, A.; Ong, S. P.; Hautier, G.; Chen, W.; Richards, W. D.;
Dacek, S.; Cholia, S.; Gunter, D.; Skinner, D.; Ceder, G.; Persson, K.
A. Commentary: The Materials Project: A materials genome approach
to accelerating materials innovation. APL Mater. 2013, 1, No. 011002,
DOI: 10.1063/1.4812323.
(41) Project, T. M. Materials Data on Au by Materials Project;
USDOE, 2020.
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