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First-principles-based Density Functional Theory (DFT) simulations are powerful tools for studying
heterogeneous catalyst systems. However, their high computational cost and large configuration space
hinder their application in understanding multi-reactant catalysis on geometrically diverse surfaces. This
work introduces an innovative similarity algorithm that quantifies the structural differences between
atomic configurations to address this challenge. The quantification effectively identifies structurally
configurations Consequently, data mining the
configurational phase-space through this similarity algorithm drastically reduces the number of DFT
simulations required to identify stable atomic models relevant to key multi-reactant chemistries. In this
work, the similarity algorithm is utilized to understand CO*-OH* co-adsorption at varying adsorbate

dissimilar with  minimal human intervention.
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Accepted 20th May 2025 coverages on a stepped Pt surface by DFT simulating only 2% of possible unique configurations.
Furthermore, the versatility of the similarity algorithm is showcased by analyzing bidentate adsorption
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Introduction

First-principles atomic simulations, such as those based on
Density Functional Theory (DFT), are powerful tools for under-
standing interactions and reaction mechanisms in heteroge-
neous catalytic systems.’* These methods have been successfully
applied to study key reaction chemistries, especially involving
a single type of adsorbate on various catalytic surfaces, resulting
in fundamental mechanistic insights and the discovery of more
efficient catalytic materials. However, extending these techniques
to more complex reactions—such as the electro-catalytic
conversion of carbon and nitrogen-based feedstocks,*®
biomass-based reactions in solvent environments,” and alcohol
steam reforming’—remains a significant challenge. The diffi-
culty lies in constructing accurate atomic models that incorpo-
rate multiple types of reaction intermediates on geometrically
diverse catalytic surfaces under varying adsorbate coverages,
a crucial characteristic of such reactions. This challenge arises
from the vast configurational space created by the combinatorial
explosion of unique binding sites and different adsorbate mole-
cules. Consequently, the number of required DFT simulations
increases by two to three orders of magnitude compared to
scenarios with a single type of adsorbate. Therefore, novel data-
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important multi-reactant heterogeneous catalytic chemistries.

driven methods capable of sampling such large phase spaces
with significantly reduced computational demands are essential
to tackle these challenges.

Data-driven statistical learning methods such as machine
learning (ML)/deep learning (DL) and graph theory-based algo-
rithms hold the potential to overcome challenges associated with
large phase spaces.”® On this front, efforts have been made to
reduce the DFT calculations by adopting a surrogate ML/DL
model for prediction of physical properties, such as adsorption
energy of reaction intermediates."'>'*'7° Alternatively, ML/DL
algorithms have been designed to output interatomic potentials
for atomistic simulations to achieve faster configuration sampling
compared to ab initio molecular dynamic simulations.”'** On
the other hand, graph-theory based enumeration methods have
been proposed that characterize catalytic configurations into ego
graphs.”**?* Graph theory based algorithms are then used to
remove duplicate configurations through isomorphism checking
to identify the unique configurations. These unique configura-
tions are then combined with an energy-based evolutionary
algorithm and/or training a surrogate model for adsorption
energy estimation. These methods are then used to study catalysis
on metallic surfaces considering varying adsorbate coverages by
utilizing a small number of DFT calculations. All these different
approaches have successfully achieved high prediction accuracy.
However, these state-of-the-art algorithms have been efficiently
applied only to systems involving (1) single adsorbate in the unit
cell,*+1214192628 or (2) multiple types of adsorbates with fixed
coverage and surface binding sites,” or (3) systems featuring
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a single type of adsorbate,'*** or (4) systems with fixed adsorbate
patterns.” Extending these methods to accurately model systems
with various types of adsorbates on geometrically diverse surfaces,
such as defective surfaces under varying coverages, remains
a significant challenge. A key bottleneck is the current frame-
works' inability to quantify structural differences between various
atomic configurations without assuming fixed patterns between
adsorbate configurations. Consequently, DFT simulations are
either performed on numerous similar atomic configurations or
assuming fixed adsorbate patterns, resulting in oversampling
structures with comparable physics. Hence, the primary objective
of this work is to develop a new method that can universally assess
structural similarity among different atomic structures and apply
it to modeling heterogeneous catalytic systems that involve
multiple reactants.

Here, we present a unique similarity-determining algorithm to
quantify the structural differences between pairs of atomic
configurations. The calculated similarity scores are shown to form
clusters that represent the degree of structural similarity in the
adsorbate binding sites. This leads to a scalable and fully auto-
mated data-mining algorithm for identifying the most structurally
diverse configurations. These diverse atomic models can then be
combined with a configuration sampling method, such as the
energy-based evolutionary algorithm (called the Evo-Sim algo-
rithm),>* resulting in a significant reduction of the required DFT
simulations to identify the most stable atomic configurations. We
demonstrate the utility of the Evo-Sim algorithm by determining
the most stable configurations for seventeen different coverages
of mixed CO*-OH* co-adsorbed on stepped Pt(553) and terrace
Pt(111) surfaces. These configurations are key to understanding
the electro-oxidation chemistry of important carbon feedstocks,
and Evo-Sim identifies the stable configurations by DFT simu-
lating only about 2% of all possible unique configurations.
Furthermore, bidentate ethylene adsorption on a stepped Pt
surface is analyzed, showcasing the versatility of the similarity
algorithm. Our method now provides a foundation for developing
detailed atomic models for the important cases of multi-reactant
heterogeneous catalytic reactions.

Results and discussion

In this section, we first present the workflow of the similarity
algorithm in detail. Next, we showcase the utility of the simi-
larity algorithm in constructing (i) combined phase diagrams of
CO* and OH* co-adsorbed on the Pt(553) and the Pt(111)
surfaces and (ii) estimating the phase diagram for multidentate
ethylene (C,H,) adsorption on Pt(553). A novel method
combining the similarity algorithm, energy-based evolutionary
algorithm, and cluster detection methods is used. The identi-
fied configurations shed light on key, previously unknown
features driving CO electro-oxidation and temperature-
dependent desorption of ethylene on metallic Pt catalysts.

Similarity algorithm

Fig. 1 illustrates the similarity algorithm framework. The
framework  estimates  configurational  similarity by
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implementing a newly developed eigenvalue-driven protocol
that computes the similarity between two configurations with
the same number of adsorbates using the adjacency matrix of
their respective graph representations. The algorithm first
creates N,q (number of adsorbates in the configuration) ego
graphs for each configuration (Fig. 1a). The ego graph places the
adsorbate as the central node and then captures the chemical
environment of the given adsorbate using the SURFGRAPH
python package.”” The adjacency matrix of a given ego graph is
a N x N symmetric matrix with zeros on the diagonal, where N
is the number of atoms captured in the ego graph. The off-
diagonal elements of the adjacency matrix are the edges e;
between atoms ‘¢’ and {j’ present in the ego graph. In step two
(Fig. 1b), the edge weight is determined by the characteristics of
the atoms and their distance, r, from the center adsorbate of the
ego graph, as described by the following mathematical relation:

1
10— |, r<1
%'z
e;={ The Z; denotes the atomic
o1
—0.5 1 1 r=1
Z'z

number of the atom of interest. Utilization of atomic numbers
ensures that the identity of the active site structure's elements is
well-captured in the graph representation, making it versatile.
The distance from the center adsorbate, r, is defined as the
number of edges along the shortest path between the node of
interest and a node of the center adsorbate. The —10 prefactor
enhances the edge weights of the center adsorbate and nearby
adsorbate-metal edges in the associated adjacency matrix,
giving the most importance to the interactions closest to the
binding site. The —0.5" prefactor decreases the weight of edges
with r > 1, as the bonding interactions of atoms lying away from
the adsorbate have significantly less influence on the binding
energy than the atoms closer to the adsorbate binding site. The
proposed edge weight assignments align with the physical
intuition that active site atoms nearest to the adsorbate will
contribute the most to the binding energetics.>*'-** Further, the
dependence of the edge weight as a function of distance from
the adsorbate node serves as the attention mechanism, which
can also be modified based on the catalyst material.'”**3¢
After assigning edge weights, the eigenvalues of the adja-
cency matrix are calculated (Fig. 1b). The eigenvalues of the
adjacency matrix of the ego graph of interest are ranked in
ascending order, and the top five largest magnitude eigenvalues
are chosen to constitute the eigenvalue vector of the adjacency
matrix of the ego graph. Our analysis shows that these top five
eigenvalues most optimally capture structural differences for
adsorbates on metal surfaces. The number of eigenvalues can
be tuned for other materials. Hence, for a given configuration,
there are N,q eigenvalue vectors, each sized 5 x 1. Each vector
characterizes the chemical environment of a given adsorbate.
The similarity score between two ego graphs is then computed
as the vector distance between the two eigenvalue vectors. The
score is calculated using the normalized Euclidean distance
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Fig. 1 Similarity algorithm. (a) Ego graph edge weight assignment based on the distance from the center adsorbate. (b) Computation of the
significant eigenvalues of the adjacency matrix of a given ego-graph. (c) Determining similarity score by combining a pairing protocol with the
Normalized Euclidean Distance (NED) calculation between two configurations.

Var(71 — 72)

Var(71) + var(TZ)

(NED), defined as NED? = 0.5 , where var is
the variance of a number array, and 71, 72 are the two
eigenvalue vectors subjected to the calculation.

As a given configuration would have ‘N,4’ chemical envi-
ronments, multiple ways exist to estimate the vector distance.
For example, as shown in Fig. 1, for the case of two adsorbates
on the surface, configurations (1) and (2) would both have two
chemical environment graphs each (G,, G, and G3, G,4, as shown
in inset a, for the first and second configuration, respectively).
Corresponding to the_s)e glilphs ang the_i)r adjacency matrices,
eigenvalue vectors A4, A, and A;, A4 are estimated for
configurations (1) and (2) respectively. To estimate the smallest
vector distance, NED estimates will then be performed by
permuting all possible pairings between the eigenvectors of
configuration (1) and configuration (2). For the case of two
adsorbates, the pairings would be,
71 — 73 72 — 74 and 71 — 74 72 — 43, as shown in Fig. 1
inset ¢ respectively. These two pairings would then result in
similarity scores S; and S,, and the smaller of the two scores will
be the similarity score between configuration (1) and (2). Hence,
an important challenge in estimating the vector distance
accurately is identifying the most optimal pairing of adsorbate
chemical environments between two configurations, which is
unknown a priori. Therefore, multiple vector calculation groups
representing all possible pairings of the eigenvalue vectors from
the two configurations are initially generated, as shown in
Fig. 1c. Vector distance calculation groups are then obtained by

1920 | Chem. Sci,, 2025, 16, 11918-11930

pairing the eigenvalue vectors of the first configuration to each
one of the permutations of the eigenvalue vectors of the other
configuration. Consequently, the number of calculation groups
is Ngroup = P(Nag, Naa), with each group containing Noqg pairs of
eigenvalues. In each group, the chemical environment of
a given adsorbate of the first configuration is compared to only
one of the chemical environments of the second configuration.
For each pair of eigenvalue vectors in the group, the average of
the NED values is computed and is stored as Ngroup. The Ngroup
possessing the minimum averaged NED values is then reported
as the similarity (see ESI S1.1f for an example). Thus, the
similarity score is always computed from the most optimal
pairing of the feature vectors from the two configurations of
interest, and the smaller the magnitude of the similarity score,
the more similar the two configurations. The utility of the
similarity algorithm to identify the most stable atomic config-
urations for a multi-adsorbate system on a stepped metal
surface is discussed next.

Understanding combined CO* and OH* adsorption on
a stepped metal surface

A fundamental understanding of the role of surface adsorbates
and defects is critical in advancing various electro-catalytic
carbon feedstock-based chemistries, including electro-
oxidation of methanol,**?” ethanol, glycerol, and formic acid,
amongst others.”® A key reaction common to these chemistries
is the CO-electro-oxidation reaction, which is considered
a bottleneck to reduce the overpotential needed to fully oxidize

© 2025 The Author(s). Published by the Royal Society of Chemistry
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the carbon feedstock.?” A lack of fundamental understanding of
the collective behavior of CO* and oxygenated species, such as
OH*, especially in the presence of defects such as edges and
kinks on the catalyst surface, constrains the discovery of an
optimal CO electro-oxidation catalyst. The presence of a large
phase space of possible unique atomic configurations remains
the critical bottleneck to enable such an understanding. Herein,
we utilize the similarity algorithm combined with an energy-
driven evolutionary algorithm to study combined CO* and
OH* adsorption on a stepped Pt(553) and a terrace Pt(111)
surfaces under electrochemical conditions. We first utilize the
similarity algorithm to discover structurally dissimilar config-
urations. These configurations are then fed into an energy-
driven evolutionary algorithm, incorporating DFT simulations,
to identify structures containing dominant governing interac-
tions. Finally, the structures obtained from these two steps are
used to plot a voltage-dependent phase diagram.

The binding sites on the Pt(553) surface are characterized by
the coordination number of the Pt atoms and the proximity of
the well-coordinated Pt atoms to the step edge, denoted by the
row number in Fig. 2a. The characterization identifies four,
seven, and seven top, bridge, and hollow unique adsorption
sites, respectively. Considering the number and variability in
binding sites, the number of configurations increases expo-
nentially as adsorbate coverage rises, especially when more than
one type of adsorbate is considered (ESI Fig. 1f). The structur-
ally dissimilar configurations are identified using the similarity
algorithm to navigate the large phase space of possible
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configurations. Fig. 2b and ¢ demonstrate the method for the
cases of 2CO* and 2CO*-10H* co-adsorbed on Pt(553). The
similarity algorithm discussed in Fig. 1 is first used to obtain
the pairwise similarity scores. The obtained similarity scores for
the scenario involving 2CO* on Pt(553) are plotted in Fig. 2b.
Remarkably, the similarity scores exhibit clustering behavior,
with each cluster categorizing the configuration pairs based on
the degree of similarity in binding site information. The clus-
ters are automatically detected and labeled employing the
DBSCAN algorithm from the SKLEARN Python package,
requiring no human intervention.**?® Fig. 2b further illustrates
two configuration pairs for the case of 2CO* belonging to the
most similar blue and second most similar brown clusters,
respectively. All pairs of configurations in the blue cluster
possess an identical set of binding sites. As shown in the blue
inset, both CO* in the two configurations occupy bridge sites,
and both CO* are positioned in the 2nd row and the 4th row,
respectively. However, while possessing the same types of
binding sites (bridge sites, in this particular example), a repre-
sentative configuration pair in the brown cluster demonstrates
avariation in the coordination number of the Pt atoms forming
these sites. As shown in the brown inset in Fig. 2b, CO* in the
left configuration occupies bridge sites on the 2nd and 6th rows,
while the right configuration has CO* on bridge sites on the 4th
and 6th rows, respectively. Hence, the similarity algorithm
captures the similarity based on the structural similarity of the
binding sites between two different configurations. The case of
multiple types of adsorbates is discussed next.

Similarity score
o

0 50

(2]

100 150

Configuration comparison

Similarity score

0
O Hydrogen Configuration comparison

50

Fig. 2 Pairwise similarity scores identify highly similar configuration pairs. (a) Unique binding sites (top, bridge, hollow) on Pt(553) are labeled.
Similarity scores profile (score < 0.01) for (b) 2CO* and (c) 2CO*-10H* on Pt(553) surface configurations. Examples of configuration pairs in the

topmost (blue) and second topmost (brown) similar clusters are shown.
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Fig. 2c illustrates the case of 2CO*-10H* adsorbed on the
Pt(553). Analogous to the case of 2CO* on Pt(553), the similarity
scores can successfully identify structural similarity between
pairs of configurations. As shown in the blue highlighted pairs
in Fig. 2¢, both configurations have the OH* molecule adsorbed
at the top site on the 3rd row, and the two CO* molecules
occupy the hollow site on the 1st row and the bridge site on the
6th row, respectively. Therefore, the adsorbate-specific binding
sites between the configurations in the blue pair possess the
same binding site type and coordination number for each
binding site. Conversely, the configuration pairs in the second
topmost brown cluster differ by a single adsorbate binding site.
As depicted by the two configurations in the brown pair in
Fig. 2c, in the left configuration, a CO* occupies the bridge site
of the 6th row, whereas in the right configuration, a CO*
occupies the bridge site of the 7th row. Therefore, the obser-
vations pertaining to the 2CO* and 2CO*-10H* scenarios
demonstrate that the similarity algorithm effectively estimates
quantitative similarity between pairs of non-isomorphic
configurations based on the type and coordination number of
the active site structure. Importantly, these observations
consistently apply to all CO*-OH* coverages simulated in this
study and indicate a robust ability of the similarity scores to
quantitatively identify similar configurations. Further, to
showecase the versatility of the similarity algorithm, we have also
tested the algorithm on 1CO*-10H* adsorbed on a Pt(553)
surface with W30, as reported recently by Deshpande et al.,>***
and on the NO* adsorption on Pt3Sn(111) surface. The algo-
rithm successfully clusters configuration pairs based on struc-
tural similarity for both these cases. Additional discussion on
the similarity score clustering is presented in ESI Section 1.5.}

To further understand the relationship between the binding
energetics of the adsorbates and the assessed structural simi-
larity, we compute the average values and standard deviations
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of the absolute binding energy difference among the configu-
ration pairs within each of the blue and brown clusters across
all coverages of CO* and OH* estimated on Pt(553) (Table 1).
The findings demonstrate that the configuration pairs within
the blue, as well as the brown clusters, consistently exhibit
small mean binding energy differences (most cases <0.1 eV),
indicating that configurations sharing identical binding site
information tend to possess similar binding energy values.**'*
The utility of the identified similarity clusters to substantially
minimize the required DFT calculations for estimating stable
configurations at varying CO*-OH* coverages is discussed in
the next section.

Similarity-incorporated evolutionary algorithm

Having demonstrated the effectiveness of the similarity algo-
rithm in identifying structurally similar configurations, we now
explore its application to determine the most stable CO* and
OH* configurations at different coverages on the Pt(553)
surface. A state-of-the-art sampling method to achieve this is the
evolutionary algorithm.****** The evolutionary algorithm
initially ranks the stable non-isomorphic configurations
according to their DFT-derived energies and then populates
a subset of configurations with low formation energy. This
iterative process continues until the desired coverage is
attained. However, the evolutionary algorithm cannot success-
fully scale for the case of multiple types of adsorbates due to an
order of magnitude larger phase space of atomic configurations.
Further, the evolutionary algorithm only relies on non-
isomorphic unique configurations to sample the phase space
and lacks information regarding the structural and physical
similarity of configurations. This leads to DFT simulation of
configurations with similar physics and structures. We propose
a new method to solve these issues, integrating the evolutionary

Table 1 The average and standard deviation of the absolute binding energy differences among the configuration pairs in the topmost blue
similarity scores cluster and the second topmost brown similarity scores cluster under all CO*-OH* coverages on the Pt(553) surface.
Configuration pairs are obtained by applying the similarity algorithm on non-isomorphic configurations within 0.3 eV from the most stable one

Coverage

Abs. energy difference (eV) topmost cluster

Abs. energy difference (eV) second topmost cluster

0.1 ML (2CO%)
0.15 ML (3CO*)

0.024 + 0.024 (N = 76)
0.038 + 0.031(V = 200)
0.039 + 0.037 (N = 445)
0.036 £ 0.026 (N = 46)
0.042 £ 0.063 (N = 16)
0.049 + 0.04 (N = 515)
0.032 £0.03 (N=15)
0.049 + 0.039 (N = 852)
0.06 £ 0.05 (N = 632)

0.2 ML (4CO%)

0.15 ML (2CO*-10H¥)
0.2 ML (2CO*-20H%)
0.25 ML (3CO*-20H¥)
0.3 ML (3CO*-30H¥)
0.3 ML (4CO*-20H¥)

0.35 ML (4CO*-30H¥)

1922 | Chem. Sci,, 2025, 16, 11918-11930

0.041 £ 0.036 (N = 52)
0.096 +0.041 (N = 38)
0.058 + 0.043 (N = 1110)
0.046 + 0.041 (N = 121)
0.042 £ 0.036 (N = 44)
0.064 + 0.045 (N = 1011)
0.1+0.11 (N=19)
0.059 + 0.043 (N = 1928)
0.075 £ 0.053 (N = 1533)

© 2025 The Author(s). Published by the Royal Society of Chemistry
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algorithm with the similarity algorithm. The workflow of the
similarity-incorporated evolutionary algorithm (Evo-Sim) is
presented in Fig. 3a. Initially, the isomorphic configurations are
removed, and then the top 0.3 eV DFT relaxed configurations at
a given coverage are filtered (evolutionary algorithm step).>*
Thereafter, this subset of configurations is input to the simi-
larity algorithm to calculate similarity scores. The top two most
similar clusters are first determined using the DBSCAN algo-
rithm. Then, using the similarity score in conjunction with the
DFT energy, only the structure with the lower binding energy is
kept from a given pair of configurations in the top two clusters.
This step adds an additional layer that removes configurations
that are structurally similar to each other, hence drastically
reducing the size of the phase space by only retaining the
structures with key dissimilar interactions. Only this small
subset is then populated with an additional adsorbate. We
further tested the ability of the proposed approach to identify
the most stable atomic configurations by considering different
groups of most similar clusters to determine the dis-similar
configurations. The most stable configurations obtained for
all the different CO*-OH* coverages using only the topmost
similar blue cluster (Evo-Sim-1) were the same as those ob-
tained using the top two most similar (blue and brown clusters)
for configuration removal (Evo-Sim-2). However, the required
DFT simulations were 25% less for the second case. Hence, we

Database of DFT Identify stable
relaxed non-isomorphic
structures structures
Populate Identify physically

adsorbate for
higher coverage

3CO
2c0 <
2C0O-10H

distinct configurations
using similarity algorithm

y<

score

Similarit

Configuration
comparisons
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adopted the latter approach to determine the stable configura-
tions. More details are presented in ESI Section 1.6.1

To assess the effectiveness of the configuration reduction
achieved through Evo-Sim, a comparative analysis of the
number of DFT simulations required to identify the most stable
configuration at a given coverage using three different sampling
methods (brute-force enumeration, evolutionary algorithm, and
Evo-Sim) is then conducted (see ESI S1.2t for more details). The
brute-force enumeration is conducted using Surfgraph algo-
rithm. ** For a given coverage, adsorbates are placed on all
unique binding sites on the surface, and the duplicate config-
urations are removed using isomorphism. Four different CO*-
OH* coverages (3CO*, 2CO*-10H*, 2CO*-20H*, and 3CO*-
20H*) on the Pt(553) surface are considered for this compara-
tive analysis, as depicted in Fig. 3b. The results obtained from
the brute-force method reveal that the overall configurational
space experiences an exponential increase as coverage
increases. In contrast, applying the evolutionary algorithm
achieves a significant configuration reduction compared with
the brute-force results. The reduction in configurations is
shown to fit the power-law 1—0.6™"(Muts Natsma—Nass): where, N,
denotes the number of adsorbates adsorbed on the surface and
Nads, max signifies the adsorbate coverage at saturation.
Whereas, the overall configuration reduction of Evo-Sim is
scaled by a power law given by 1—0.5™"Wus Nadsma—Nass) jpy
comparison with the brute-force results. Hence, Evo-Sim

Il Brute-force

140000+ ' Evo
Il Evo-Sim

1200004

100000+

ations

40000+

Number of configur

9€061

20000+

8.¢1
SLLL

ol *:LOW N
CO*-OH* coverages

:z°‘x

Fig. 3 Evo-Sim algorithm significantly reduces the computational demand for identifying stable configurations. (a) The workflow for Evo-Sim
algorithm. (b) The number of DFT simulations required to determine stable configurations of four different coverages of CO*~OH* on the
Pt(553) surface using three different sampling methods: brute force enumeration (Brute-force), evolutionary algorithm (Evo), and Evo-Sim.
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achieves a performance gain of 0.6™"N Vs Naasma—Naas) _ ) 5min(Nacss
Naasma=Naas) s the evolutionary algorithm. Consequently, using
the Evo-Sim algorithm, we estimated the most stable configu-
rations for the nine different CO*-OH* coverages on Pt(553) by
DFT simulating less than 2% of all possible unique configura-
tions. Additionally, to check for the accuracy of Evo-Sim, we
performed DFT calculations on all possible configurations of
2CO*-10H* and 2CO*-20H* on the Pt(553) surface acquired by
the evolutionary algorithm. The most stable configurations and
their energy values acquired from the two methods match
exactly. To test the versatility of the approach on an alloyed
system, we used the Evo-Sim algorithm on a previously studied
NO* adsorption on Pt3Sn(111) system.?” Results showed that
Evo-Sim can significantly reduce the DFT calculations, while
maintaining high accuracy. More details are presented in ESI
Section 3.2.1 The agreement of the Evo-Sim and evolutionary
algorithm results highlights the effectiveness of utilizing the
proposed similarity algorithm, compared to the current state-of-
the-art methods, in significantly reducing the DFT calculations
to accurately estimate the atomic structures of complex
heterogeneous catalytic surfaces consisting of defects and
multiple types of adsorbates at varying coverages. The relevance
of the Evo-Sim algorithm in estimating the surface phase
diagram for combined CO* and OH* on Pt surfaces is discussed
next.
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Phase diagram of CO*-OH* co-adsorption on Pt(553) and
Pt(111) surfaces

In this section, we now utilize the stable configurations derived
through the Evo-Sim algorithm to elucidate the combined role
of co-adsorbed CO* and OH¥*, terrace-like coordinated sites,
and undercoordinated step sites in determining the state of
Platinum catalyst under CO electro-oxidation reaction. Similar
to the case of Pt(553), Evo-Sim is used to estimate eight different
coverages of CO*-~OH* configurations on Pt(111). More details
are presented in the ESI S1.3.7 A coverage-dependent phase
diagram for CO* and OH* on the Pt(553) and Pt(111) surfaces is
then used to quantitatively compare CO-electro-oxidation
potential on the defected and terrace-like Pt surfaces. Cover-
ages of mixed CO*-OH* between 0.1-0.35 ML and 0.2-0.67 ML
are considered on the Pt(553) and Pt(111) surfaces respectively,
as shown in ESI Fig. 5.1 Coverages above 0.35 ML are not
explored on Pt(553), as only the terrace-like coordinated sites
remain, and analysis shows that the energetics on such sites are
well captured by results on Pt(111). The free energy of a given
phase is plotted vs. standard hydrogen electrode (SHE).*

The phase diagrams are shown in Fig. 4. We observe that at
a fixed CO* coverage, OH* adsorption becomes favorable when
the potential is above ~0.6 V vs. SHE on Pt(553) and above ~1V
vs. SHE on Pt(111). As observed in Fig. 4a and b, at a fixed CO*
coverage, the adsorption-free energy curve associated with
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Fig. 4 Coverage-dependent phase diagram of CO*-OH* co-adsorption on (a) Pt(553) and (b) Pt(111) surfaces. The adsorption free energy is
plotted as a function of the applied potential relative to the standard hydrogen electrode (SHE). Top-view snapshots of the most stable
configurations under all coverages are shown. Estimated CO* oxidation potentials on both surfaces are marked by black circles.
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a higher OH* coverage intersects with the curve of a lower OH*
coverage at certain applied potentials for Pt(553) and Pt(111).
This intersection, AGico*, mou*(V) = AGico*, nou+(V) with
condition m # n marks the oxidation potential corresponding
to the oxidation of CO* to CO, (CO* + OH* — CO,(g) + 1H,(g))
for a given CO* coverage. Our key assumption here is that CO*
oxidation is limited by the activation of oxygenated intermedi-
ates such as OH*. Hence, the intersection associated with the
lowest free energy in the phase diagram identifies the CO*
oxidation potential. The calculated oxidation potential on
Pt(553) (~0.6 V) agrees with previous experimental cyclic vol-
tammetry (CV) reports on Pt nanoparticles (0.5-0.76 V) and
nanowires (0.4-0.7 V), that possess many undercoordinated Pt
sites.*** In addition, the oxidation potential on Pt(111) (~1 V)
also agrees with the previous experimental CV study on Pt(111)
(0.8-0.9 V).*” The lower oxidation potential on Pt(553) suggests
that the Pt surfaces with defects are more effective than terrace
surfaces in mitigating CO poisoning.

The analysis of energetically stable configurations of CO*-
OH* on Pt(553) and Pt(111) surfaces provides insights into the
superior performance of Pt(553). As shown in Fig. 4a, the
orientation of OH* molecules on both surfaces indicates that

\‘A‘A&A‘A‘k ‘
XX :’)'.‘0‘
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OH* is stabilized through hydrogen bonding. Hence, configu-
rations possessing at least a pair of OH* molecules are essential
to capture this effect. Further, the configurations of CO*-OH*
on the Pt(553) surface consistently indicate that OH* molecules
occupy the step sites, and the number of CO* molecules at step
sites decreases as the OH* coverage increases. This serves as the
key distinction between OH* on the two surfaces, such that OH*
molecules are predominantly located on step sites on Pt(553),
whereas on Pt(111), they occupy terrace sites. Thus, our analysis
shows that under-coordinated Pt sites are primarily responsible
for reducing CO electro-oxidation potential on metallic Pt
catalyst by favorably activating oxygenated intermediates at
lower potentials.**** The detailed mechanism underlying CO
electro-oxidation on Pt surfaces is beyond the scope of this
work.

In summary, our analysis of CO*-OH* adsorption on the Pt
surface showcases an application of the similarity algorithm on
a mixed reactant monodentate adsorption system. By drastically
reducing the number of DFT simulations (~98%) through the
similarity algorithm, we, for the first time, systematically
sampled the configurations varying across seventeen mixed
coverages of CO* and OH* on Pt(553) and Pt(111) surfaces. The
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Fig. 5 Coverage-dependent phase diagram of ethylene adsorption on Pt(553). (a) Workflow to achieve the seven coverages. (b) Coverage-
dependent phase diagram of ethylene adsorbed on Pt(553) surface. The adsorption free energy is plotted as a function of the surface
temperature. Snapshots of the most stable configurations at different coverages are shown. The dashed vertical lines mark the calculated lower

and upper limits of the desorption temperature range.
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resulting phase diagram elucidates the adsorption behavior and
the role of different geometric features that drive CO-electro-
oxidation on Pt catalysts. We discuss the case of multi-dentate
ethylene adsorption on stepped Pt surfaces next.

Ethylene adsorption on Pt(553)

Modeling bidentate adsorbate adsorption at varying coverages
on geometrically diverse surface sites is important to study
metal-catalyzed hydrocarbon hydrogenation. One of the key
reactions that has been analyzed is ethylene adsorption on
various metal surfaces.***® However, the lack of understanding
of co-adsorbate effects obstructs the understanding of the
catalytic mechanism. The main bottleneck for gaining this
understanding is the vast configurational space (ESI Fig. 97).
Herein, we demonstrate the utility of the Evo-Sim algorithm in
filling this gap by modeling ethylene (C,H,) adsorption on the
Pt(553) surface at varying coverages. Previous studies have re-
ported that a single ethylene adsorbate has two binding modes
on a Pt surface, o and m,**** as shown in ESI Fig. 10.7 To
quantify the chemisorption behavior of ethylene on Pt(553), we
generate configurations at different ethylene coverages (0.1-
0.65 ML) with the adsorbed ethylene molecules either adopting
o (o-batch) or v (7-batch) mode, as illustrated in Fig. 5a. A 0.1
ML coverage (1C,H) is initially considered by modeling
configurations adopting the two binding modes. Afterward, the
Evo-Sim algorithm with a 0.3 eV energy cutoff is used to retain
one configuration among the configuration pairs within the
most similar cluster to achieve the subsequent ethylene
coverage. The process is continued until the saturation 0.65 ML
coverage (7C,H,) is achieved. For more details, refer to the ESI
S2.1.7 The similarity profiles for the different ethylene coverages
considered are found to show clustering behavior, similar to the
CO*-OH* cases, and the configuration pairs are categorized
based on the type and coordination number of the binding sites
(See ESI S2.27 for more details).

The phase diagram (Fig. 5b) illustrates the chemisorption
behavior of ethylene on the Pt(553) surface under an ultra-high
vacuum condition (107'° torr)** for the seven coverages
considered. Results in Fig. 5b show that the surface tempera-
ture of ~180 K marks the starting point of ethylene desorption.
At 180 K, the saturated coverage of 0.6 ML (6C,H,) starts to
destabilize and reduces to 0.4 ML (4C2HZ). Then, at ~280 K, the
surface coverage is further reduced to 0.1 ML 2C,H,, which is
the lowest ethylene coverage before all ethylene molecules are
desorbed at ~340 K. Considering the atomic structures of the
energetically stable configurations, as shown in Fig. 5b, the
C,H; on well-coordinated terrace sites desorb before the C,H}
on the under-coordinated step sites as the temperature
increases. Consequently, our results suggest that ethylene
adsorption is more stable on step sites than on terrace sites. For
the discussion relating to the ethylene binding mode, see ESI
S2.3.f Furthermore, the calculated desorption temperature
range (~180-340 K) is consistent with experimental tempera-
ture programmed desorption spectra of ethylene on Pt
surfaces.***® In conclusion, our analysis of ethylene adsorption
on the Pt surface exemplifies the application of the similarity
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algorithm on a bidentate adsorption system. Using the Evo-Sim
algorithm, for the first time, systematic sampling of ethylene
configurations at seven coverages is performed. The generated
phase diagram thus qualitatively elucidates the adsorption
behavior of ethylene on metallic Pt consisting of both well-
coordinated and under-coordinated sites.

Conclusions

In summary, we present a novel similarity algorithm to quantify
the structural difference between two catalytic models to enable
the identification of structurally distinct atomic configurations.
The combination of structurally distinct configurations with an
energy-driven evolutionary algorithm, termed Evo-Sim, is
shown to model highly complex catalytic systems involving
multiple types of adsorbate molecules under varying coverages
on a defected metal surface. A substantial reduction (~98%) in
the total number of required DFT simulations to estimate the
stable atomic configurations is reported using Evo-Sim. The
most stable configurations for seventeen different mixed
coverages of CO*-OH* co-adsorbed on the Pt(553) and Pt(111)
surfaces are estimated. The resulting phase diagram showcases
the role of uncoordinated edge sites in improving CO electro-
oxidation activity on Pt surfaces. Furthermore, to demonstrate
the universal applicability of Evo-Sim, bidentate adsorption of
ethylene (C,H;) on the Pt(553) surface system is reported. The
developed method now provides a powerful stepping stone to
model complex multi-reactant heterogeneous catalyst systems.

Methods

DFT simulation settings

The simulations are performed within the framework of peri-
odic DFT with the VASP code.*” The energies and geometries of
the most stable configurations on the Pt(553) surface are ob-
tained through the minimization of the total energy with
respect to geometry by generalized gradient approximation
calculations (GGA-PBE).”® The projected augmented wave
(PAW) method is used to account for the effect of core electrons
on the valence electron density.’® A PBE-calculated lattice
constant of 3.97 A for pure Pt is employed. The Pt(553) surface is
represented by a 5 x 4 unit cell with three layers (total of 60
atoms per unit cell). Convergence of relative adsorption ener-
gies for a given coverage was tested with respect to slab thick-
ness (more information is presented in the ESI Section 4%). A
vacuum equivalent to 13 A is applied between any two succes-
sive slabs, and surface relaxation is allowed in the top 2 layers.
For the size of vacuum chosen, dipole corrections were tested to
have negligible influence. All the calculations use a plane wave
energy cutoff of 400 eV. A minimum k-point grid sampling of 3
x 3 x 1 is employed. The electronic occupancies are deter-
mined using a Methfessel-Paxton scheme with an energy
smearing of 0.2 eV. Configurations are relaxed until the Hell-
mann-Feynman forces acting on the atoms are smaller than
0.05 eV A™'. For the gas phase CO, H,0O, H, and ethylene
calculations, we use a simulation cell with dimensions (10 A 10
A, 10 A).

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Thermodynamic derivation of phase diagrams

For the CO*-OH* adsorption on the Pt(553) surface, AG¢o+ and
AGog+ free energies are estimated. AG¢o+ is given by:

Acho* = ExCO*,yOH* — E* + ZPEco* — TSco* — X X IU'CO(g)>

P
tco(w = Ecoe) +ZPEco) — TSco() + ksT X% In (laiﬁl)

where E,co*yomn= is the DFT calculated energy of the most stable
configuration containing ‘x’ CO* and ‘y’ OH*. ‘E*’ is the DFT
calculated energy of the clear Pt(553) surface used in this work.
ZPEqy' = Y ZPEg., is the zero point energy of adsorbed CO* on
site
the surface, calculated through the summation of the ZPE
energy of each CO* given its binding sites (top, bridge, or
hollow). ZPEg;, values are calculated using the normal mode
frequencies reported in the DFT study of CO* adsorption on
Pt(111),* assuming the vibrational behavior of adsorbed CO is
insensitive to the surface structure. The entropy of the CO*,
TSco™, is taken to be zero assuming translation, rotation and
vibrational entropic contributions are negligible, as CO* is
known to bind strongly on Pt surfaces. Eco(g) is the DFT calcu-
lated energy of gas phase CO. ZPEqq () and TS¢o(g) are zero point
energy of the gas phase CO and the entropy of the gas phase CO,
respectively, and the values are taken from the standard table.**

P,
kgT x In ©o
1 atm

) is the pressure correction. For the partial

pressure of CO, Pco, we used the Henry's law to correlate to the
equilibrium water solubility under 1 atm and 298K, Pco = Mol
frac x Henry's constant, where Mol frac and Henry constant are
taken from the CO solubility database,® which are 1.775 x 10>
and 56336 atm, respectively. The solvation effect on CO mole-
cules is neglected, assuming the interactions between OH*
molecules and solvents (water) are much stronger than those of
CO*.

For the OH binding free energy, we use the formula derived
by Norskov et al.*

AG,on+ = Excoryour — E*¥ + ¥ X (Eue — Euoe
+ AZPEOH* — TASOH* + Esolv, OH* — eU),

where Ey () and Ey o are calculated through DFT. AZPEqy+«
and TASoy+ are obtained from a previous computational study
on the oxidation-reduction reaction,” which are —0.12 eV and
—0.47 eV, respectively. TSoy+, is taken to be zero assuming
translation, rotation and vibrational entropic contributions are
negligible as OH* is known to bind strongly on Pt surfaces. U is
the applied potential relative to the reversible hydrogen elec-
trode potential. Given that the study reports configurations
involving OH* clusters, we adopt the solvation corrections as
reported by Morankar et al.®® The solvation correction in an
aqueous environment, Esqly, ou*, depends on the relative posi-
tion of OH* molecules, according to Morankar et al.®® Therefore,
we use —0.51 eV for 10H* cases, —0.75 eV for 20H* cases, and
—1.03 eV for 30H* cases, adopted from Morankar et al.®

© 2025 The Author(s). Published by the Royal Society of Chemistry
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By combining AGoy+ and AGgo+, and remove the duplicated
Eycor, yon* — E* term, we obtained the formula for the AGyop+, xco*

AG}’OH*, xCO* = EXCO*, }’OH* —_ E* + ZPEco* - TSCO*

— X X pcog Ty X (%EHz(g) — En,oe)
+ AZPEOH* — TASOH* + Esolv, OH* — eU)

For the ethylene adsorption on the Pt(553) surface, the
adsorption free energy of a given C,H, coverage was plotted as
a function of the temperature using the formula:

AGncij =F CH, — E. + ZPEnCZH; - TsnczH; — X Ue,H,(g)

n

PCzHA(g))

Beotye) = Ecotye + ZPEc,n,e) — TSe,n, e + ks T ¥ ln( Tatm

The total zero point energy ZPE, ¢ y: = > ZPEc,y, i, and the
i
total entropy, TS,c,: = TS Sc,u,.i» The adsorbed C,H, are
i

calculated by summing configuration-specific terms. The
configuration-specific zero point energy and entropy are cate-
gorized into the ¢ and = binding configuration and calculated
using the VASP vibrational analysis. To obtain the configuration
specific entropy, we applied the harmonic approximation on all
the vibrational modes output from the VASP corresponding to
the binding configuration of interest. Configuration specific
ZPE and entropy values are listed in ESI Table 2.1 ZPEc y,(5) and
TSc,n,(g are obtained through the standard table,* which are
1.34 eV and 0.68 eV respectively. Pc y,(g) value is adopted from
an experiential study performing temperature programmed
desorption in an ultra-high vacuum chamber.*

Determining ethylene desorption temperature range

In Fig. 5b, an intersection of the free energy curves corresponding
to higher and lower ethylene coverages signifies that ethylene is
desorbed from the surface, AGic,;(T) = AGjc,y;(T) with the
condition 7 # j. The temperature at this intersection is designated
as the ethylene desorption temperature, whereas the intersection
associated with the lowest free energy marks the temperature at
which desorption occurs. When all the free energy curves pass
above the AG = 0 line, min({‘AGiCZHZ(T)}i =1,2, &, 7})=0,
there will be no ethylene adsorbed on the surface, marking the
temperature at which the desorption ends.

Code availability

The similarity calculation code is available from: https:/
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