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ABSTRACT 

Subnanometer catalysts offer high noble metal utilization and superior performance for several reactions. 

Yet, understanding their structures and properties on an atomic scale under working conditions is 

challenging due to the large configurational space. Here we introduce an efficient multiscale framework 

to predict their stability exposed to an adsorbate. The framework integrates a comprehensive toolset 

including density functional theory (DFT) calculations, cluster expansion, machine learning, and structure 

optimization. The end-to-end machine learning workflow guides DFT data generation and enables 

significant computational acceleration. We demonstrate the approach for CO-adsorbed Pdn (n =1−55) 

clusters on CeO2(111). Simulation results reveal that CO can facilitate restructuring by stabilizing smaller 

planar structures and bilayer structures of specific intermediate sizes, consistent with experimental 

reports. Metal-support interactions, preferential CO adsorption, and metal nuclearity and structure control 

catalyst stability. The framework allows automatic discovery of stable catalyst structures and a systematic 

strategy to exploit properties in the subnanometer scale. 
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INTRODUCTION 

Single-atom catalysts (SACs) and subnanometer clusters have recently emerged as an exciting field due to 

high noble metal utilization and superior performance in several chemistries.1–4 Yet, little is known about 

the stability and structure of catalysts in this size regime. It is generally believed that SACs are prone to 

sintering, forming subnanometer clusters and nanoparticles,5 and the actual catalyst state (single atoms vs. 

clusters of a few atoms (n ≤ 30) vs. nanoparticles, or combinations) is often debated and subject to change 

under catalyst pretreatment or characterization and reaction.6 This ambiguity stems from multiple 

experimental challenges, e.g., the inability to perform comprehensive operando characterization for most 

reactions, the low experimental signal-to-noise ratio at low catalyst loadings, the catalyst heterogeneity, 

and the sample sensitivity to the electron beam in microscopy experiments, to mention a few. Adsorbates, 

such as CO, could further complicate the structures and properties. CO is a reactant or a product of 

industrial relevant chemistries,7 and often used as a probe molecule in characterization, such as 

chemisorption (site counting by assuming a specific stoichiometry, i.e., number of COs per metal atom) 

and infrared (IR) spectroscopy.8 Due to its strong adsorption on noble metals, CO can block catalyst sites 

and cause catalyst restructuring.9,10 

Many of these challenges can be overcome by multiscale simulations. The continuum Wulff construction 

fails in the subnanometer regime where structures are not well defined, support/catalyst interactions can 

be critical, and catalyst restructuring maybe the rule rather than the exception. Unlike previous gas-phase 

cluster calculations,8,11 density functional theory (DFT) of supported catalysts can naturally account for all 

the above phenomena. Determination of stable structures via DFT is though challenging. First, DFT 

performs local structure optimization at zero Kelvin. It can miss catalytically relevant structures, among 

the numerous possible conformers, induced by restructuring unless coupled with a finite temperature 

optimization, e.g., a Metropolis algorithm. Even then, this approach is computationally demanding due to 

needing numerous energy evaluations for optimization. Second, supported nanoparticles require a 

massive DFT supercell that renders calculations impractical. Common generalized force fields lack 

charge transfer for interfacial phenomena as happens in supported catalysts. Not surprisingly, only a 

single cluster size at a time has been studied, e.g., Pt8 on alumina exposed to H2,12 Au8 on CeO2(111) 

exposed to CO,13 and Pt8 on CeO2(111) exposed to O2.14,15 Despite providing insights, understanding the 

most stable structure and size along with the effect of adsorbates over a large range of catalyst sizes has 

remained elusive. 

Addressing these issues requires efficient and accurate energy mappings to replace expensive DFT 

calculations. The cluster expansion (CE) technique16 can represent energies in terms of cluster patterns on 

a lattice, as demonstrated for alloys17 and adsorbate layers on surfaces18–21.  It allows to sample the 

configuration space and locate the lowest-energy (stable) structures using a global optimization algorithm. 

Modern machine learning (ML) models can further improve the accuracy of the CE and reduce 

overfitting.22 We have also seen applications of ML on the approximation of adsorption energies.23–25 

Here, combining CE, global optimization, and ML, we introduce an efficient multiscale framework to 

model the stability of single atoms, clusters of several atoms, and nanoparticles up to ~1.8 nm. We chose 

Pd (n = 1-55) on CeO2(111) in a CO atmosphere as a case study. We demonstrate that CO induces 

clustering and possible restructuring, and in contrast to common belief, stabilizes intermediate-size 

clusters. The most stable size changes nonlinearly with operating conditions and both growth and 

redispersion are seen. Various size clusters can co-exist. We expose profound variation of the 

stoichiometry (CO per Pd atom) and the adsorption energy with size for small clusters. Importantly, site 
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heterogeneity is crucial and entails not only the adsorption type but also the degree of site unsaturation 

and a site-dependent electronic support-effect. 

COMPUTATIONAL METHODS   

 

Figure 1. Modeling framework for subnanometer catalyst stability using first-principles multiscale 

modeling and machine learning. Color code: gray, C; red: O; light yellow, Ce; cyan, Pd.    

 

Figure 1 shows the machine-learning-enabled multiscale modeling framework. DFT calculations of 

supported metal clusters supply the ground truth structures and energies (details in the the Supporting 

Information (SI) Section 1). We mapped these structures to 3D lattice configurations for efficiency (SI 

Section 2) and trained machine learning energy models to replace DFT and enable structure optimization 

at finite temperatures. Two lattices were constructed based on the Pd atom locations and the CO 

adsorption sites, respectively. The first Hamiltonian described the bare Pdn cluster energies given atom 

locations, and a cluster genetic algorithm (CGA) predicts the low energy structures.26 A second 

Hamiltonian described CO adsorption. The adsorption energies of single CO molecules were 

approximated with a random-forest model. Both Hamiltonians captured interactions between nearest 

neighbors of Pd atoms (or CO adsorbates) using the CE approach. The models were improved iteratively 

using active learning. Notably, we optimized low-energy structures, passed them for new DFT 

calculations, and retrained the model until sufficiently accurate. Next, the GCMC simulations accelerated 

the sampling in the configurational space with temperature and CO pressure dependencies introduced via 

the chemical potential of CO. For each size and CO coverage, GCMC provided an ensemble ranging from 

the most stable structure (the global energy minimum) to higher energy minima (metastable structures). 

Experimental structures may be metastable or the global minimum, depending on the synthesis and the 

ability (the free energy barrier) of a cluster to "hop" from one energy minimum to another. This hoping 
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entails complex, cooperative atom reorganization. Finally, we computed experimentally relevant 

information, i.e., surface phase diagrams, structural characterization, and calorimetry information.  

RESULTS AND DISCUSSION 

Single CO Adsorption on Clusters via a Descriptor-based Machine Learning Model 

First, we developed a Hamiltonian of a single CO molecule adsorption. The CO adsorption energy 

𝐸𝑃𝑑𝑛−𝑖/𝐶𝑒𝑂2

𝐶𝑂−𝑎𝑑𝑠(𝑥)
 at site 𝑥 of a structure (the ith isomer) of the Pdn-i cluster of n Pd atoms is  

𝐸𝑃𝑑𝑛−𝑖/𝐶𝑒𝑂2

𝐶𝑂−𝑎𝑑𝑠(𝑥)
= 𝐸𝑃𝑑𝑛−𝑖(𝐶𝑂)(𝑥)/𝐶𝑒𝑂2

− (𝐸𝑃𝑑𝑛−𝑖/𝐶𝑒𝑂2
+ 𝐸𝐶𝑂)  (1) 

where 𝐸𝑃𝑑𝑛−𝑖(𝐶𝑂)(𝑥)/𝐶𝑒𝑂2
, 𝐸𝑃𝑑𝑛−𝑖/𝐶𝑒𝑂2

, 𝐸𝐶𝑂 are the electronic energies of the supported cluster with CO-

adsorbed at site 𝑥, a bare Pdn-i cluster, and a CO molecule in the gas phase, respectively, all obtained from 

DFT. Specifically, we performed DFT calculations of a single CO on a diverse set of 69 clusters of 

varying size (𝑛 = 1 − 21) and isomers, selected among low energy structures. The CO adsorption energy 

varies significantly with size (Figure 2e) and by as much as 1.5 eV on the same type of site (Figure 2f), 

depending on size and structure. Adsorption is generally less preferred on top sites. The adsorption energy 

exhibits modest variation with size for n >10 but some even for n~20. This dataset clearly shows the 

complexity in describing energies, adsorption sites, and structures of supported clusters compared to large 

nanoparticles of well-defined facets and the simplest case of single crystals. It is an enormous 

computational task to determine CO adsorption energies on all possible sites of each possible structure of 

a cluster. A descriptor-based approach27,28 can be used to cope with this combinatorial problem. Most 

prior works exploited extended surfaces29–33 rather than subnanometer clusters whose intimate contact 

with the support makes modeling more complicated.  

 

Figure 2. Descriptors in CO adsorption energy prediction. a-d, Example structures illustrating various 

geometric descriptors: (a) cluster size n, (b) site type 𝑺𝒕𝒚𝒑𝒆, (c) the distance 𝒁 of the adsorption site from 

the support, and (d) the Pd-C bond lengths for a hollow site on a Pd10 cluster. CN1 and CN2 are the weighted 

average of the number of 1st or 2nd nearest neighbor Pd atoms to the Pd binding site; the weights are the 

reciprocals of the Pd-C bond lengths. e, DFT CO adsorption energy vs. n with the Pearson correlation 

coefficient (𝒓𝒑𝒆𝒂𝒓𝒔𝒐𝒏) shown. f, DFT CO adsorption energy vs. 𝑺𝒕𝒚𝒑𝒆. The distributions are approximated 
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as Gaussian kernel density estimations (KDE). The maximum, the arithmetic mean, and the minimum are 

marked as short horizontal lines. g, The descriptor correlation matrix, showing the absolute covariance 

between descriptor pairs. The brighter colors indicate stronger correlations (higher covariances) between 

descriptor pairs.  

We chose geometric descriptors (Figure 2a-d) to capture the local environment and enable thousands of 

on-the-fly energy calculations during structure optimization. Inspired by previous work,33 we explored six 

descriptors: the cluster size 𝑛, the site type 𝑆𝑡𝑦𝑝𝑒, the coordination numbers (CNs: CN1, CN2 and GCN), 

and the distance of each site from the support 𝑍. 𝑆𝑡𝑦𝑝𝑒 is a categorical variable denoting top, bridge, and 

hollow sites that possess different spectroscopic and adsorption characteristics (see an overview in 

reference8). The CNs reflect the number of Pd atoms being 1st and 2nd nearest neighbors to the Pd binding 

site and its degree of unsaturation (2nd nearest neighbors are sufficient due to the small size of clusters). 

CN1 and CN2 are calculated here as the weighted averages of Pd neighbors to all binding Pd atoms, with 

weights being the reciprocals of the Pd-C bond length, obtained from DFT; the longer the Pd-C bond, the 

weaker the Pd-CO interaction and the lower the weight (SI Section 3). This allows us to account for 

cluster relaxations in the model. The Pearson correlation coefficient (𝒓𝒑𝒆𝒂𝒓𝒔𝒐𝒏), measuring the strength of 

correlation between variables, indicates that no single descriptor can capture CO adsorption energy solely 

(absolute 𝑟𝑝𝑒𝑎𝑟𝑠𝑜𝑛 <0.5, Figure S1). CNs, commonly employed for nanoparticles and extended surfaces, 

are insufficient for subnanometer clusters. The distance from the support, 𝑍, and the Bader charge are 

strongly correlated (𝑟𝑝𝑒𝑎𝑟𝑠𝑜𝑛 =  −0.67, Figure S2), implying that 𝑍 reflects electronic effects from the 

support. 

Next, we identified and removed the linearly dependent descriptors by computing the correlation matrix 

(Figure 2g). The correlation coefficient between 𝑛 and GCN is 0.967; GCN was eliminated. The final five 

descriptors include 𝑛, 𝑆𝑡𝑦𝑝𝑒, CN1, CN2 and 𝑍. The adsorption energy at site x is expressed as 

𝐸𝑃𝑑𝑛−𝑖/𝐶𝑒𝑂2

𝐶𝑂−𝑎𝑑𝑠(𝑥)
= 𝑓(𝑛, 𝑆𝑡𝑦𝑝𝑒

(𝑥)
, 𝐶𝑁1(𝑥), 𝐶𝑁2(𝑥), 𝑍(𝑥)). The effect of cluster structure is implicitly accounted 

for in the descriptors of its sites.  

We trained a Random Forest (RF) model for the CO adsorption energy at a given site, with an RMSE of 

0.23 eV (testing set) and an R2 value of 0.92 (all data; Figure 3a), indicating a good fit. Figure 3b ranks 

the importance of descriptors and discovers the site type and the distance from the support as the most 

important ones, capturing 70% of the total data variability. We provided the model training details in the 

SI Section 5.  Unlike extended systems, the metal-support interactions play a significant role in 

adsorption. Metal nuclearity and the degree of unsaturation of sites are secondary but also essential 

descriptors. We illustrated the adsorption sites and predicted energies for single CO molecules on a Pd20 

cluster, which exposes facets, in Figure 3c,d. CO adsorption is stronger on bridge sites near the support 

and weaker on top corner sites. At low CO doses in IR and chemisorption and experiments invoking low 

CO coverages, these near the support sites will be occupied and dictate spectroscopic, calorimetric, and 

reactivity signatures. 
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Figure 3. Random forest (RF) model for single CO adsorption energy on Pdn clusters. a, Parity (dashed 

line) and DFT data (circles (top), squares (bridge), and triangles (hollow)). Points at the top represent the 

prediction error for all data. The histogram at the right indicates the density of data points in 0.1 eV bins 

of energy, normalized to the total number of data points; solid lines represent the distributions fitted with 

Gaussian kernel density estimates. b, Relative (decreasing) descriptor importance from top to bottom. c, 

Structure of a Pd20 cluster on CeO2(111). At the sites labelled by A (hollow), B (top), C (bridge), and D 

(hollow), the DFT CO adsorption energies are -2, -1.63, -1.55 and -1.7 eV, respectively. Color code: gray, 

C; red: O; light yellow, Ce; cyan, Pd. d, CO adsorption sites and energies (for a single CO molecule) 

projected on a 2D plane of a Pd20 cluster. The x axis is parallel to the support surface, whereas the y axis 

is perpendicular to the surface. The color of the site reflects the adsorption energy (right color bar). A, B, 

C, D correspond to the sites in panel c. 

CO-CO Lateral Interactions 

The RF model describes the adsorption energies of a single CO molecule per cluster. Under experimental 

conditions, the CO coverage could be high. A CE model of lateral (CO-CO) interactions was added to the 

single-molecule Hamiltonian. We considered the 2-body lateral interactions among CO-CO adsorbates on 

top, bridge, and hollow sites. As a result, the total adsorption energy is written as a lattice-gas 

Hamiltonian representing the energy of adsorption of m independent CO molecules (single molecule 

coverage limit) plus the lateral interaction between the CO molecules (see the SI Section 6). The final 
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RF+CE model gives the total adlayer energy 𝐸𝑃𝑑𝑛−𝑖/𝐶𝑒𝑂2

𝑚𝐶𝑂−𝑎𝑑𝑠 (𝝈) for a given adlayer configuration 𝝈. 

Throughout the data generation and model training, we followed the best ML practice for chemistry.34 A 

complete checklist can be found in Table S1.  

Optimization of Adsorbed Layer Structure using Grand Canonical Monte Carlo Simulations 

Referenced to a CO reservoir, the free energy with m COs at a specific state can be written as (see 

derivation in the SI Section 8) 

𝐺(𝑇, 𝑃𝐶𝑂 , 𝝈) = 𝐸𝑃𝑑𝑛−𝑖 𝐶𝑒𝑂2⁄ + 𝐸𝑃𝑑𝑛−𝑖 𝐶𝑒𝑂2⁄
𝑚𝐶𝑂−𝑎𝑑𝑠 (𝝈) − 𝑚[∆𝜇𝐶𝑂(𝑇,  𝑃0) + 𝑘𝐵𝑇𝑙𝑛 (

𝑃𝐶𝑂

𝑃0
)]  (2) 

We systematically determined the most stable adsorbed layer structure at temperature 𝑇 and partial 

pressure of CO 𝑃𝐶𝑂 by grand canonical Monte Carlo (GCMC) simulations.35,36 We redesigned the 

traditional GCMC to improve its efficiency, resulting in a rejection-free “n-fold” algorithm (details in the 

SI Section 9). To avoid simultaneous optimization of structure and adlayer, we performed GCMC 

simulations on many precalculated low energy structures of Pdn-i over a wide temperature (200 – 875 K) 

and a CO partial pressure range (10-11 – 10 bar) of relevance to systems that involve CO as a probe 

molecule, reactant, or product. We computed the average (overbar denotes average per Pd atom) free 

energy 𝐺̅ and the CO loading 𝑚̅𝐶𝑂 (also known as stoichiometry) and compared the relative stability (see 

example isobars and isotherms in Figure S9).  
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Figure 4. Structures, free energies, and stoichiometry of 𝑬𝑷𝒅𝒏−𝒊/𝑪𝒆𝑶𝟐

𝒎𝑪𝑶−𝒂𝒅𝒔 (𝝈). a, The most stable structures 

(𝒏 ≤ 𝟔) predicted by GCMC at 300 K, CO pressure of 0.1 bar (only carbon atoms of CO at the 

adsorption sites are shown). For Pd4-6, the dimensionality (2D vs. 3D) is also indicated. b, Free energy per 

Pd atom 𝑮̅(eV) as a function of temperature and CO pressure. Red/yellow colors indicate low absolute 

value (low stability), whereas green/blue colors indicate high stability. c, Optimum (the most stable free 

energy) adsorbed CO per Pd atom 𝒎̅𝑪𝑶 as a function of temperature and CO pressure. Red/yellow colors 

indicate more COs, and green/blue colors indicate fewer COs. d, Select stable (marked by 𝑮̅𝒎𝒊𝒏 in (e)) 

and metastable structures (𝒏 > 𝟔) predicted by GCMC at 300 K, CO pressure of 0.1 bar (𝒏 = 𝟗, 𝟏𝟑, 𝟏𝟖; 

Pd1(CO)1 Pd2(CO)1 Pd3(CO)2 Pd4-3D(CO)4 Pd4-2D(CO)2 Pd5-2D(CO)4Pd5-3D(CO)3 Pd6-2D(CO)6Pd6-3D(CO)2
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top view (top row) and side view (bottom row)). e-g, Free energy and stoichiometry distributions of (e) 

Pd9, (f) Pd13, and (g) Pd18 isomers. The index 𝒊 (𝒊 =  𝟎, 𝟏, 𝟐, …) indicates the stability of bare isomers in 

descending order (𝒊𝟎 > 𝒊𝟏 > 𝒊𝟐 … ). The lowest free energy isomer at each size is labeled as 𝑮̅𝒎𝒊𝒏. The 

distributions are computed from multiple GCMC trajectories using a Gaussian kernel density estimation 

(KDE). The maximum, the arithmetic mean, and the minimum are marked as short horizontal lines. 

Phase Behavior  

For small clusters (𝑛 ≤ 6), the 𝐺̅ and 𝑚̅𝐶𝑂  are shown in Figure 4b, c, respectively. At high temperatures 

and a low CO pressure, bare clusters are the most stable for some sizes. Consistent with other 

computational work,37 the clusters contain at least one CO under ultra-high vacuum conditions (10-11 bar) 

at lower temperatures (T < 700 K). Generally, low temperature favors more CO adsorption, but the CO 

loadings also depend on the cluster structure and the adsorption energy at each site.  We visualized the 

cluster structures with the optimum 𝑚̅𝐶𝑂 and their positions at 300 K, 0.1 bar (typical low-temperature 

CO oxidation conditions) in Figure 4a. 𝑚̅𝐶𝑂 is smaller or equal to 1. Pd1(CO) is favored over a bare Pd. 

Unlike Rh or Pt, the DFT calculation shows the bicarbonyl Pd1(CO)2 on ceria is not stable. Pd2 is stable 

with one adsorbed CO at the bridge site. Consistently, the DFT calculations revealed that the adsorption 

energy of CO is lower on the bridge site (Eads = -2.98 eV) than the top site (Eads = -2.67 eV). For Pd3, CO 

adsorbs at one top (Eads = -2.64 eV) and one bridge site (Eads = -3.06 eV) instead of a hollow site (Eads = -

2.94 eV) or other more packed combinations due to the increased CO-CO repulsion. Pd4-3D is interesting. 

Four COs can simultaneously adsorb on top Pd sites, due to the stretched-out atomic positions and the 

lower repulsion between CO molecules. The planar structures of bare Pd5 and Pd6 clusters (Pd5-2D, 

𝐸𝑃𝑑5−2𝐷
 = -3.99 eV; Pd6-2D,  𝐸𝑃𝑑6−2𝐷

 = -4.49 eV) are less stable than the 3D structures (Pd5-3D, 𝐸𝑃𝑑5−3𝐷
 

= -4.49 eV; Pd6-3D, 𝐸𝑃𝑑5−3𝐷
 = -4.95 eV). CO adsorption, however, stabilizes the planar structures 

compared to their 3D counterparts under moderate to high CO pressure (PCO > 10-3 bar); see the green 

region on the right side of Pd5-2D and Pd6-2D free energy heatmaps (Figure 4b). This is the first evidence 

for CO-induced restructuring. 

Small clusters (𝑛 ≤  6) exhibit a limited number of structures that can be enumerated manually, whereas 

larger ones possess an exponential number. We explored the low energy structures of 𝑛 = 7 − 21 

(diameters below 1.2 nm). Due to the vast configurational space, we obtain an ensemble of isomers within 

0.5 eV from the most stable isomer. This energy span corresponds to a huge difference in the probability 

of observing an isomer (2.5 × 108 at 300 K and 1400 at 800 K) and ensures that we can capture relevant 

isomers. For small clusters (e.g., n = 5 or 6), 2D or 3D structures can be stable depending on conditions, 

whereas for 𝑛 >  6 only 3D structures are stable under most conditions. Figure 4d shows the two most 

stable isomers at 300 K, 0.1 bar CO pressure at select sizes (n = 9, 13, 18). Figure 4e-g shows the 

corresponding free energy and CO loading distributions of each isomer from multiple GCMC trajectories. 

The most stable 𝑖0 bare isomers may restructure upon CO adsorption, as found for Pd9-𝑖2, Pd13-𝑖3 and Pd18-

𝑖2. The structures are more rod-like with Pd atoms arranged in parallel lines compared to the usually 

symmetric bare clusters. Our calculations provided clear evidence that CO induces cluster restructuring by 

lowering the free energy. For Pd18 (Figure 4g), several isomers (𝑖4, 𝑖8, and 𝑖9) have comparable low free 

energy (within 0.1 eV/atom) to the most stable isomer 𝑖2, i.e., are nearly isoenergetic. This isoenergetic 

behavior implies that one structure could become more stable by adding or removing a single CO. The large 

variance in stoichiometry for some isomers, e.g., from ~0.7 to 1.25 on Pd18- 𝑖5 , arising from site 

heterogeneity in a cluster is remarkable. CO favors bridge sites on the second layer or the edges in between 

the first two layers (followed by hollow and then top sites). For example, 7 CO molecules are adsorbed on 

Pd9-𝑖1 on bridge sites, 12 on Pd13-𝑖3 and 10 out of 17 on Pd18-𝑖2.  
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Figure 5. Predicted cluster stability. a-c, Free energy distributions vs. cluster size from GCMC 

simulations at: (a) 300 K, PCO = 0.1 bar, (b) 300 K, PCO = 10-11 bar, and (c) 800 K, PCO = 0.1 bar. The 

distributions are computed from the isomers at each size using a Gaussian kernel density estimation 

(KDE). The maximum, the mean, and the minimum are marked as short horizontal lines. The cluster size 

with the lowest free energy is labeled as 𝑮̅𝒎𝒊𝒏. d, The most stable cluster size with conditions in (a)-(c) 

marked. Red/yellow colors indicate larger cluster sizes, and green/blue colors indicate smaller cluster 

sizes.  

Figure 5a-c shows the relative stability vs. size at three conditions. First, we identified the lowest free 

energy isomers vs. size n. These isomers contribute to the low energy hull. Next, we selected the lowest 𝐺̅ 

cluster size (marked by 𝐺̅𝑚𝑖𝑛 in Figure 5a-c) at each T and PCO (Figure S10 shows the corresponding 

stoichiometry distributions) and construct a phase diagram (Figure 5d). At high CO pressures, 

temperature plays a crucial role in determining stability: small clusters, e.g., Pd6 and Pd9, are the most 

stable at low temperatures, whereas larger clusters (Pd18) are most stable at high temperatures. Pd13, with 

a bilayer structure, is the most stable at low CO pressures (PCO < 10-3 bar) and dominates vacuum 

conditions. At low temperature/high CO pressure (condition a), several sizes, including Pd6, Pd9, Pd13, and 

Pd15, have comparable stability and should co-exist. Furthermore, redispersion from Pd13 to Pd9 could 

occur upon CO pressure increase; growth and redispersion could alternate upon temperature increase at 

high PCO. Previously, we observed the energy per atom decreases monotonically with increasing cluster 

size for bare Pd clusters on CeO2(111).26 The variability in energy is higher for small clusters than larger 

clusters since more isoenergetic isomer structures exist for larger clusters. For example, small 

perturbations of a single atom in a cluster result in different isomers with nearly the same energy. In 

contrast, in small clusters, the energy levels are more distinct and the potential energy surface is more 

corrugated. Here, we observed the monotonically decreasing trend in free energy is broken by the CO 

adsorption. Surprisingly, we saw some intermediate-sized clusters (such as 13) are the most stable 

structures. We still expect the lower variability in free energy at larger sizes due to the isoenergetic 

structures in the low-energy ensemble.  

 

Pd13

Pd18 Cluster 

size (n)

d

Pd6

Pd15
Pd9

a
b

c

c

b

a

300 K, 10-11 bar 

800 K, 0.1 bar 

300 K, 0.1 bar 
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Physical Insights  

Experiments showed CO-induced cluster formation of Pd single atoms on ceria and other metal-support 

combinations in the range of 0.5-1.2 nm. For instance, Maurer et al. reported Ptn clusters with a mean 

diameter of 1.2 nm and a coordination number of 7 at 150 °C and a CO pressure of 0.01 mbar.38 

Similarly, stable small nanoparticles (< 2 nm) were formed for Pt39 and Pd40 single atoms on ceria upon 

exposure to CO. For Pd single atoms on Fe3O4, Parkinson and coworkers determined clusters of 15-19 

atoms at low CO pressure 5 × 10−10 mbar and room temperature.41 For Ptn on TiO2(110), after exposing 

2D Pt7 clusters to CO at 520 K, a transition from 2D-to-3D bilayer Ptn structures with a mean size of ~15 

atoms was observed. Intermediate-size clusters in CO oxidation were reported to be more active than 

single atoms, dimers, trimers, or larger nanoparticles.42 Gänzler et al. proposed 1.4 nm as optimal for Ptn 

on CeO2.43 Similarly, Heiz suggested Pdn clusters (n = 14-20) were more active and Pd15 had maximum 

activity on MgO(111).44 Zhou et al. proposed an optimal size for Pdn on CuO of 0.7-1.1 nm.45 While these 

studies manifested similar trends, they could not provide clear underlying reasons.  

Our results agree qualitatively with the above experimental observations and underscore that intermediate 

sizes, rather than single atoms or nanoparticles, possess high thermodynamic stability under CO. The 

driving force forming larger nanoparticles is either non-existent or rather low. CO clearly induces 

structure and size changes compared to a fresh or under working conditions catalyst. Under low pressure, 

Pd13 is the most stable cluster (Figure 5c); clustering of single atoms is expected given sufficient thermal 

energy. We revealed that planar isomers of smaller clusters are more stable under high CO pressure, e.g., 

CO flattens the 3D-Pd5 and Pd6 (Figure 4a-c). On the other hand, bilayer and trilayer structures dominate 

intermediate sizes and larger nanoparticles, respectively, under most operating conditions due to the 

strong CO adsorption on the bridge and hollow sites (Figure 4d-g). A magic number-like behavior46,47 

(where certain sizes are stable, e.g., Pd13) is seen, reminiscent of gas-phase clusters, but the behavior is 

much more complex. We predicted the stable structures of larger systems up to n = 55 (~1.8 nm in size) 

by extrapolating the model beyond the training sizes at conditions a (SI Section 11). The free energy 

landscape is relatively flat above a cluster size with some exceptions. The most stable cluster size changes 

non-monotonically with operating conditions; modest growth or redispersion is observed as operating 

conditions vary. Interestingly, we predict that under certain conditions, clusters of multiple sizes can co-

exist due to comparable thermodynamic stability. Maximizing the number of exposed Pd atoms, while 

forming suitable adsorption sites, controlled by the size, the isomer, and strong metal-support effects, are 

all at play in favoring specific cluster and nanoparticle sizes.  

The stoichiometry of supported metal clusters varies considerably and non-monotonically with nuclearity, 

from as low as 1/3, e.g., Pd6-3D(CO)2, to higher than 1 (Figure 5). Different isomers of the same size can 

exhibit profoundly different stoichiometry, e.g., n=6 (Figure 4a). Ensemble average properties are often 

reported in CO chemisorption and calorimetric experiments. In the latter, the molar heat of adsorption is 

measured and plotted against the coverage.48 Both properties can be computed from simulations (see the 

SI Section 10). The ensemble average stoichiometry and the adsorption energy oscillate due to isomerism 

and site heterogeneity for clusters up to n=21 atoms but converge to size-independent properties (~1 and 

~-2.2 eV, respectively, Figure S12d) as the size increases (n ≥ 25). Descriptor-based machine learning 

analysis (SI Section 12) reveals the attributes of equilibrated structures: CO prefers to adsorb on hollow 

and bridge sites near the support. The primary descriptor affecting the stability (free energy) is the 

adsorption site type followed by the distance of the site from the support and the coordination numbers. 

Unlike extended surfaces, and expectedly, site heterogeneity (type, coordination, and distance from the 

support) is clearly manifested. Given the sensitivity on nuclearity, simulations will be essential to 
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complement such experiments given the non-monotonic change of properties. These, in turn, modify 

characterization, e.g., calorimetric, chemisorption, and potentially IR signatures.  

Potential limitations and uncertainties of the approach could arise from the DFT data and the ML training. 

Our method captures configurational entropy through the Metropolis sampling scheme. The vibrational 

entropy of the adsorbed CO to the adsorption energies, which is less than 0.03 eV on metal surfaces,49–52 

is left out. The Pd atoms' vibrational contribution can become significant at high temperatures, as pointed 

out in the literature.53 To simplify the modeling effort, we focused on the CO pressure effect and leave out 

Pd-O interactions,54 such as O vacancy formation55,56 that could be important at high temperatures. Since 

the Hamiltonians are additive, the framework allows extensions to new species and sites. Future work 

should incorporate such effects to predict structures under specific experimental conditions. 

CONCLUSIONS 

The computational framework we introduced is a generic blueprint. It integrates DFT, molecular 

modeling, machine learning, and optimization to determine stable and metastable structures of supported 

metal subnanometer and nanoparticles catalysts in the presence of an adsorbate vs. metal nuclearity. The 

approach differs radically from continuum approximations, such as the Wulff construction, which fail to 

account for site-dependent metal-support interactions, non-well faceted particles, and stabilization of 

preferred sites by CO adsorption. We employed an end-to-end modular machine learning framework that 

integrates data collection, model training, and deployment for prediction. The physics rules-based models 

are interpretable and transferable to larger nanoparticles. The active learning, the rejection-free n-fold 

GCMC, and the lattice representations provide significant computational speedup while accounting for 

subtle effects of structure relaxation and strain. As such, the proposed framework opens vast opportunities 

to understand and close the gap with characterization data. It applies equally to predicting structure during 

a chemical reaction when the most abundant surface intermediate species is known.  
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