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Orbital Level Understanding of Adsorbate-Surface
Interactions in Metal Nanocatalysis

Siwen Wang

(ABSTRACT)

We develop a theoretical framework for a priori estimation of catalytic activity of metal
nanoparticles using geometry-based reactivity descriptors of surface atoms and kinetic anal-
ysis of reaction pathways at various types of active sites. We show that orbitalwise co-
ordination numbers CN® (o = s or d) can be used to predict chemical reactivity of a
metal site (e.g., adsorption energies of critical reaction intermediates) by being aware of
the neighboring chemical environment, outperforming their regular (CN) and generalized
(C'N) counterparts with little added computational cost. Here we include two examples to
illustrate this method: CO oxidation on Au (5d'°6s') and O, reduction on Pt (5d%6s'). We
also employ Bayesian learning and the Newns-Anderson model to advance the fundamen-
tal understanding of adsorbate-surface interactions on metal nanocatalysts, paving the path

toward adsorbate-specific tuning of catalysis.



Orbital Level Understanding of Adsorbate-Surface
Interactions in Metal Nanocatalysis

Siwen Wang

(GENERAL AUDIENCE ABSTRACT)

The interactions between reaction intermediates and catalysts should be neither too strong
nor too weak for catalytic optimization. This Sabatiers principle arising from the scaling
relations among the energetics of reacting species at geometrically similar sites, provides
the conceptual basis for designing improved catalysts, but imposes volcano-type limitations
on the attainable catalytic activity and selectivity. One of the greatest challenges faced by
the catalysis community today is how to develop design strategies and ultimately predictive
models of catalytic systems that could circumvent energy scaling relations. This work brings
the quantum-chemical modeling and machine learning technique together and develops a
novel stochastic modeling approach to rationally design the catalysts with desired properties
and bridges our knowledge gap between the empirical kinetics and atomistic mechanisms of

catalytic reactions.
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Chapter 1

Introduction

Why do we care about catalysis? Well, simply because catalysis is everywhere. Catalysis
is the cornerstone of modern chemical industry. The quality of our life depends heavily on
the available natural resources including traditional fossil fuels, biomass in different forms,
green electricity generated from wind turbine, wave power, photovoltaics, and the only really
sustainable source of energy, the sunlight. To convert those natural resources into products
we can use in our daily life and fuels which can be used by the vehicles, or simply speaking to
break old chemical bonds and form new ones, we need catalysts. On the other hand, all those
catalytic processes have side reactions leading to pollution in the air and water systems. In
particular, the use of fossil fuels emits some hazardous gases and green house gases that
contribute to the global warming and climate change. Again, to solve those problems, we

need catalysts that are selective and efficient in breaking and forming chemical bonds.

So what is catalysis? The word “catalysis” was introduced into science by Swedish chemist
Berzelius in 1800s. At that time, catalysis was something very hard to understand. Until
1900s, German chemist Wilhem Ostwald gave the modern definition of catalysis: “Catalysis
is the acceleration of a slowly proceeding chemical reaction through the presence of a foreign
substance”. As shown in Fig. 1.1, for a simple reaction, A and B form C. First, A and B have
to meet each other. The collision frequency is proportional to the concentration of [A] and
[B]. It turns out that not all collisions can lead to reactions. To form a product, the reactants

have to climb up the energy barrier. The probability of successful collisions depends on the
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system temperature and the energy barrier. What a Af A+B—C

r = k[A][B]
-ERT

catalyst does is to offer a facile path that has a lower B
< e

barrier and so higher reaction probability. That is all it

does. In general, there are three types of catalysts. En-

zymes, made of large biological molecules, are vital to A

B
[ catalyst | C

some very basic reactions in our body. Without those

Figure 1.1: Catalytic reaction di-
agram.

catalysts, we would not be able to survive. If the cata-
lyst is in the same phase as the reactants and products,
like the metal-organic complexes shown here, that is homogenous catalysis. For practical
applications, you really want to be able to separate products from catalysts. So most of

industrial chemical processes are catalyzed by solid materials.

For heterogeneous catalysis, there are different time and length scales and chemical reactions
take place at the surface of the material. That is why nanoparticles are typically used, so you
can have lots of surface area. No matter what reactions we are dealing with, macroscopic
transformations can always be broken down into individual elementary steps that determine
the overall efficiency of the process. For a catalyzed reaction, the catalyst needs to bring
reactants down to the surface. The adsorbates can then diffuse to the active site, break
required chemical bonds and form new ones. Eventually, the product desorbs and the active
site is regenerated in this cycle. So this is the general approach I use and the scale I am

focusing on during my PhD research.

The fundamental question is what defines a good catalyst? It has been recognized long time
ago by Sabatier that the interaction between the catalyst and the critical surface intermediate
should be just right; that is, neither too strong nor too weak, as shown in Fig. 1.2. The

optimal catalyst is a compromise between the activity and availability of the active sites.



This simple picture is extremely useful for us to under-

stand catalysis. But, there are two unfortunate conse-

4

. . . ///.o
quences. One consequence is that because neighboring _,/%;&“\
"Qb
metal elements on the periodic table usually have very _— - m
strong WE

different affinity to molecules, it turns out that none of el e

Figure 1.2: Sabatier reactivity
them is the optimal catalyst by itself. Of course, we volcano.
can fine-tune its properties by mixing with other metal
atoms, but without some practical guidance it is not easy. And people cannot just try all of
them. Another consequence is that no matter how you tailor the bond energy between the
molecule and surface, you are limited by an optimal catalytic activity. That is simply be-
cause when you speed up on step, you end up slowing down another step at the same time.
You cannot tune both steps independently. That is really the curse here. To go beyond
this limit, we have to control the dynamics of surface reactions by directing energy into one
elementary step without slowing down others. Due to the lack of simple design principles,
all of the industrial catalytic processes used today were developed based on tedious and
costly experimental trial-and-error. And it is not surprising that the processes are far from
optimized in terms of energy efficiency and environmental impact. To change the way the

catalysts are being discovered, we really need to develop a fundamental understanding of

energetics and dynamics of molecule-surface interactions.



Chapter 2

Coordination Numbers for Unraveling

Intrinsic Size Effects in

Gold-catalyzed CO Oxidation

2.1 Introduction

Bulk gold (Au) is chemically inert, while nanosized Au particles (<5 nm) are catalytically
active[l]. Ever since its discovery by Haruta et al. in 1987, researchers have proposed many
mechanisms to understand the observed CO oxidation activity trends, such as quantum size
effects|2], under-coordinated atoms[3], charge transfer at interfaces[4], and strong metal /sup-
port interactions[5]. Certainly, complex metal/support interactions can not be overlooked;
however, predicting catalytic activity of free-standing metal nanoparticles is crucial for ra-

tional design of catalysts with reduced cost and improved atomic efficiency.

The local chemical reactivity of metal nanoparticles are highly non-uniform across surface
sites, which can be broadly divided into terrace, step, and kink types. Within the framework
of the transition-state theory|[6], the intrinsic kinetics of a surface reaction is governed by
the thermodynamic stability of reaction intermediates and transition states at all accessible

sites. Due to the complex interplay among size-dependent population of active sites, geomet-

4
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ric strain of surface atoms, and quantum confinement of electronic states that overlap with
valence orbitals of reacting species, one major challenge in catalysis is to know a priori cat-
alytic outcomes of a nanoparticle. Direct computation of catalytic activity of a nanoparticle
from quantum-chemical modeling is extremely time-consuming if not impossible. For this
matter, understanding the effects of particle morphology on the interaction of surface atoms
with adsorbates and thus reaction kinetics is of pivotal importance for identifying optimal

active-site structures and engineering nanocatalysts with maximized fraction of such sites.

In this project, we propose an approach to a priori estimation of catalytic activity of metal
nanoparticles using coordination numbers as reactivity descriptors of surface atoms and
microkinetic analysis of reaction pathways at various types of active sites. We show that
orbitalwise coordination numbers can be used to predict chemical reactivity of a metal site
(e.g., adsorption energies of critical reaction intermediates) by being aware of the neighboring
chemical environment, outperforming their regular (C'N) and generalized (C'N) counterparts
with little added computational cost[7]. To optimize geometric structures of metal nanopar-
ticles, in particular for those systems that can not be directly simulated at the quantum-
chemical level, we develop first-principles embedded-atom method (EAM) potentials trained
with a limited number of DFT-GGA energies. Within this approach, we calculate the CO
oxidation rate on a series of Wulff-constructed, free-standing Au nanoparticles, which shows a
qualitative agreement with the activity trend of supported Au nanoparticles on a broad range
of metal oxides. Utilization of various structure-reactivity models statistically illustrates the

importance of under-coordinated atoms in understanding Au-catalyzed CO oxidation.
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2.2 Computational details

All electronic structure calculations about Au systems were performed within the density
functional theory (DFT) formalism implemented in GPAW (Grid-based Projector-Augmented
Wave method) which applies PAW potentials to describe core electrons and the real-space
grid to represent the electronic wavefunctions.[8, 9] Each nanoparticle was simulated in the
centre of a simulation box while keeping at least 10 A vacuum space of the particle surface
away from the box boundary. All the extended surfaces were modeled by periodic four-layer
slabs separated by 15 A vacuum space along the norm of the surface, with 3 x 3 supercell for
{100}, {111}, and {211} facets and 3 x 6 supercell for {532} facets. GGA-PBE functional
was used to approximate exchange-correlation interaction and a grid spacing of 0.18 A was
chosen to describe the electronic wave functions. The Brillouin zones were sampled by the
[-point for nanoparticles and by 4x4x1 Monkhorst-Pack k-points for extended surfaces.[10]
The electronic occupation was smeared by the Fermi-Dirac distribution with a width of 0.2
eV to facilitate the SCF convergence, and all energies were extrapolated to T = 0 K. The
structures of the bare metal nanoparticles and extended surface were fully relaxed with BFGS
optimization method until the force on any atom was smaller than 0.05 eV/ A. For structure
relaxation of the nanoparticulate systems with adsorbates, the adsorbates were allowed to
relax while all the metal atoms were fixed at the optimized positions of bare systems. The
relaxation energy of metal nanoparticles due to adsorption of CO and O is about constant,
as verified for the Au201 nanoparticle (shown in our group’s previous work|[11]), thus not

affecting the general descriptor-reactivity correlations.

The adsorption energies of CO and O were calculated as the difference between the electronic
energy of the adsorbate-nanoparticle/slab complex and the sum of the electronic energies of

the bare system and the adsorbates (CO or O):
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AE*CO = E*C’O — (E* + Eco). (21)
AE,o = E.o — (E, + Eo,/2). (2.2)

Where E.co, E.o, Es, Eco, and Eg, are electronic energies of the adsorbate-nanoparticle/slab
complex, the bare nanoparticle/slab, gas phase CO and Oy molecules. To avoid the difficulty
in treating the triplet state of gas phase O,, the electronic energy of Oy was calculated from
experimental HyO formation energy and the electronic energies of gas phase H,O, Hs.[12] For
the convenience of following kinetic analysis, we have included the -0.2 ¢V for the gas phase

CO because of the underestimation of CO formation energy using the PBE functional.[13]

2.3 Results and discussion

2.3.1 Comparison of different descriptors

The d-band chemisorption theory|[14] linking the electronic structure of an active site to its
local chemical reactivity provides a tremendous amount of understanding of what factors
that characterize a good/bad catalyst. The electronic structure of pure metals, such as the
d-band center, can be to a first order approximation related to the number of neighboring
metal atoms, i.e., the regular coordination number (C'N), providing an intuitive correla-
tion between geometric and electronic structures of a surface site[15], see Fig. 2.1(a). A
more rigorous count of neighbors using the generalized coordination number (C'N) pro-
posed by Calle-Vallejo et al., which weighs each neighboring atom by the ratio of its reg-
ular coordination number to that in the bulk, shows improved performance for captur-

ing reactivity trends of Pt metal nanoparticles as oxygen reduction electrocatalysts[16].
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A dual-descriptor model with (a) electronic geometric structure
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Figure 2.1: (a) Linking the electronic structure of a surface
metal site to its coordination number descriptors. (b) and (c)
Recently, we have developed show the correlations of coordination numbers with adsorption
energies of *CO and *O at an atop and a hollow site of Au
nanoparticles, respectively.

effects has to be considered.

the orbitalwise coordination
number defined in Eq. 2.3,
that takes into account the orbital symmetry of any atom identity and broken-bond strain

of neighboring atoms as shown in Fig. 2.1(a).

ry<r 2
o Mg (1)
CNZ = ( a,oo>2 = ( oz,oo>2 y =5, d’ T

In Eq. 2.3, (tf‘j)2 is the sum of the square of the two-center one-electron hopping integral
from the a-orbital of a target atom ¢ to all relevant valence orbitals of the atom j in a given
system and (tf{;loo)z is the corresponding value of two nearest-neighbor atoms in the fully-
optimized bulk. 7. is the cutoff radius for the summation, taken as 5.5 A. Since d-orbitals

of metallic Au atoms are very low in energies, the adsorbate-surface interactions are mainly
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determined by sp-states. As shown in Fig. 2.1(b) and (c), the s-orbital coordination number

C'N? linearly correlates with *CO and *O adsorption energies at atop and hollow sites of Au

nanoparticles, respectively. We attributed the improved correlation using C'N* to explicit

consideration of the symmetry of interacting orbitals and bond distances of surface atoms.

2.3.2 Microkinetic Model

To understand the effects of Au
particle size in catalyzing CO oxi-
dation, we use microkinetic models
interfaced with the CATMAPI[19]
to map out catalytic activity onto
*CO and *O adsorption energies
(termed descriptors), see Fig. 2.2.
In the microkinetic model, we in-
clude both the direct Oy dissoci-
ation and *CO assisted Oy acti-
vation pathways[15]. We consider
four types of active sites in param-
eter reduction using scaling rela-
tions, e.g., (111) terrace, (100) ter-
race, (211) edge, and (532) kink, as

logo(s™)

-21 -14 -0.7 00 07-21 -14 —6.7 0‘.0 0.7
AE, (eV) AE, (eV)

Figure 2.2: Microkinetic analysis of CO oxidation on
extended Au surfaces (a) (111), (b) (100), (c) (211),
and (d) (532). Insets show the surface structure of DF'T
models.

shown in insets of Fig. 2.2. This reduction in kinetic parameter space is made possible by

virtue of linear scaling relations[20] among adsorption energies of reaction intermediates and

transition states with that of *CO or *O. For example, the formation energies of *O, and

t0-0 are linearly scaled with that of *O, while the formation energies of *O-CO and *O-O-
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CO are linear combination of that of *CO and *O because those intermediates or transition
states are bonded to the surface via both C and O atoms. For active metals, e.g., Pt, the di-
rect dissociation pathway is dominant, while on less active metals, e.g., Au, the *CO assisted
O, activation contributes the most to activity. In this analysis, we assume the interaction
between adsorbed species is negligible, i.e., the coverage is very low. This is reasonable for
the weakly binding region, while in the strongly binding region, e.g., Pt surfaces and Au

clusters|21, 22|, the reaction rate predicted here represents a lower bound[23].

2.3.3 First-principles-based embedded atom method (EAM)

To accurately predict the *CO and *O adsorption energies on a broad range of Au metal
nanoparticles, we use the structure-reactivity models in Fig. 2.1. To take into account
geometric strain of surface atoms due to broken bonds, we develop the embedded-atom
method potential of Au trained with a limited number of DFT-GGA energies. The EAM
total energy of an N-atom system can be defined as the sum of embedding energies (F;), i.e.,
the energy to embed an atom i in the host electronic density (p;) of the surrounding atoms,
and the pairwise interaction energies (¢;;) at interatomic distance R;; between atoms ¢ and

7, see Eq. 2.3:

Eior = ZFi<pi) + ) 0> di(Ri). (2.3)

i=1 j>i

Various functional forms have been proposed to describe the embedding energy and the pair-
wise interaction energy. We used the formalism developed by Daw et al.[24]. Optimization
of the parameters is performed using the downhill simplex algorithm and the cost function
to be optimized is the sum of the norms of the residual differences between DFT and EAM
cohesive energies of a set of bulk, surface, and nanocluster geometries[25]. The optimized

parameters are provided in the Table 3.1. The python script to generate the eam.alloy
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potential file for EAM calcu-
lations in Atomic Simulation
Environment (ASE) [26] can
be found in literature [27].
To test predictive capabil-
ity of the EAM potential
for cohesive energies of new
systems that are not used
in training, we have shown
in Fig. 2.3(a) the cohesive

energies of randomly-picked

(a) ‘ \ (b)
24| + bulk 5
< decahedron NE
o trunocta 8
c -2.6| A tetrahedron S5 =
S cube : <
Uy x ext surf o9 £
s 28/ x @
o g ; N
: &8 -
-3.0} X 1
321 4

0.0

1.0}
2.0}

-3.0

44

11

A EAM
O PBE
¢ Exp.

0

40 80 120
Au Particle Size (nm)

16.0

Figure 2.3: (a) Cohesive energies of Au nanoparticles (not in
the training set) from EAM potential optimization vs. that

from GGA-PBE calculations.

(b) Geometric strain of Au

metal nanoparticles from EAM potentials, compared to the
GGA-PBE functional and experimental measurements.

EAM-optimized structures vs. that from DFT-GGA optimization. The parity plot illus-

trates that the cohesive energies of Au nanoparticles can be equivalently derived from EAM

calculations rather than expensive GGA-PBE calculations. Figure 2.3(b) shows the inter-

atomic strain defined as the average of surface atoms of Au nanoparticles as a function of

particle size. We can see that the EAM-optimized Au nanoparticles have similar geometric

strain compared to PBE-optimized structures (< 201 atoms) and experimental measure-

ments of nanoparticles up to 13 nm[28, 29, 30, 31]. Those benchmark calculations have

demonstrated that the EAM potential optimized with ab-initio energies is sufficiently accu-

rate for describing energy and geometric structure of a broad size range of Au nanoparticles.

2.3.4 Size effect of Au nanoparticles toward CO oxidation

We can use EAM methods for modeling thousands of metal atoms on a single- processor

computer. It gives the power of predicting geometric structures of a whole range of metal
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Table 2.1: Embedded atom method potential parameters for Au trained with DFT GGA-

PBE energies.

Te
fe
Pe
Pm
(]

8

K

A

2.9566 n 1.3071  F,p —2.3842
1.5292 A 0.2129 F,; —0.4126
20.1835 B 0.3163 F,» 1.0258
0.7073 F, —2.4240 F,3 —2.9954
9.0571 F,0 —2.2719 Fy —2.4221
5.4686 Fi,; —0.8405 F;  0.0000
0.4315 F,» 1.7548 F, 1.8160
0.8642 F,» 0.3234 F5;  0.8806

% re unit is A. fe, pe, and py, units are e~ /A3, A, B, Fe, Fy, Fpi and Fy (=0, 1, 2, 3) units are V. Others parameters are

unitless.

nanoparticles and under-
standing its effect on cat-
alytic performance. We op-
timize the geometry struc-
ture of a range of Wulff-
constructed Au nanoparti-
cles with EAM methods and
then use CN, CN, and CN®
to predict *CO and *O ad-
sorption energies on all Au
surface atoms/sites. We

categorized the surface sites

into those types as shown in
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Figure 2.4: (a) Site population analysis of terrace and under-
coordinated surface atoms of Wulff-constructed Au nanopar-
ticles. (b) Experimental measured catalytic CO oxidation
rates of supported Au nanocatalysts on irreducible metal ox-
ides as a function of the size of metal nanoparticles. Model
prediction based on the orbitalwise coordination number of
EAM-optimized nanoparticles and volcano activity are shown
to capture size effects of metal nanocatalysts.

Fig. 2.2. As *CO and *O adsorption energies of an atom/site are calculated using the

structure-reactivity models, its effective reaction rate will be directly interpolated from the

volcano activity plots in Fig. 2.2. Since *O is adsorbed at a hollow site, the reaction rate

associated with a surface atom is calculated by averaging over all neighboring hollow-site
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configurations. After getting the catalytic rate for each surface atom of pure nanoparticles,
we sum up these rates and get the average catalytic rate of this nanoparticle. As shown in
Fig. 2.4(a), when it goes to larger particle size, the population of terrace sites increases while
that of the under-coordinated surface atoms (step and kink) decreases dramatically. With
the activity trend from microkinetic analysis in Fig. 2.2, such decrease of under-coordinated
atoms would result in smaller catalytic activity. The correlation between the estimated CO
oxidation rate vs. the particle size together with measured rates from literature[17] over a
broad range of metal oxide supports is shown in Fig. 2.4(b). We can see that such a sim-
ple C'N“-activity model without considering metal-support interactions and effects of gas
phase species on the equilibrium shape of metal nanoparticles[32] can predict general activity
trend of Au nanocatalysts with respect to particle size. Model analysis has shown that the
orbitalwise coordination number shows similar performance compared to the regular C'N
and generalized CN coordination numbers for predicting activity trends, which indicates
the insensitivity of surface strains in structure-activity models. With coordination-based
descriptors, the approach statistically illustrates the importance of under-coordinated atoms

in understanding size effects of Au-catalyzed CO oxidation.

2.4 Conclusion

In summary, we have developed an approach to a priori estimation of catalytic activity of
metal nanoparticles using coordination-based reactivity descriptors and microkinetic anal-
ysis of complex reaction pathways. First-principles based EAM potentials are developed
for geometry optimization of large nanoparticles. The method proposed can be used for
predicting optimize size and shape of metal nanoparticles for any particular reaction. The

extension of coordination number based descriptors with kinetic analysis to multimetallics
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and interfacial sites of supported metal nanoparticles is in progress.



Chapter 3

Overcoming Site Heterogeneity In

Search of Metal Nanocatalysts

3.1 Introduction

Transition metal clusters or nanoparticles are ubiquitous in heterogeneous catalysis. De-
veloping methods for an accurate prediction of reaction activity trends of nanocatalysts
with diverse structural characteristics, e.g., size, shape, composition, and ordering, is one
of the major goals in catalytic science and remains as a grand challenge toward in-silico
catalyst design.[17, 33, 34, 35] Traditionally, the catalytic properties of metal nanoparticles
were treated by the periodic density functional theory (DFT) approach on a facet-by-facet
basis.[15, 36, 37, 38, 39, 40, 41] With adsorption-energy scaling relations, the catalytic out-
come of a complex reaction at metal nanocatalysts can be mapped onto one or two reactivity
descriptors, e.g., energetics of simple adsorbates.[15, 19, 27, 42] Such a catalyst design ap-
proach is extremely useful for understanding catalytic activity trends of model surfaces and

has been guiding catalyst discovery since its early development.[43, 44, 45, 46]

To address the challenge of site heterogeneity of metal nanocatalysts, there have been great
efforts in developing models relating the structure of an active site to reactivity descriptors.
Arguably, the d-band chemisorption theory developed by Hammer and Ngrskov[47] is one

of the most often used model for understanding the catalytic function of transition metals.

15
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However, electronic descriptors are not easy to implement in practice due to the complex
dependence of surface reactivity on the geometric strain and metal ligand.[37, 48] Calle-
Vallejo et al. have popularized the concept of coordination-based descriptors and proposed
the generalized coordination numbers C'N in introducing structure sensitivity to scaling

relations and designing Pt cavity sites with improved oxygen reduction activity.[16, 36, 49]

Recently, the orbitalwise coordination numbers C'N* with an explicit consideration of the
geometric strain and metal ligand of an active site have been shown to predict the reactivity
properties of coinage metals and their alloys,[11] and capture intrinsic size effects in Au-
catalyzed CO oxidation.[27] Inspired by this concept, we develop an approach to modeling
catalytic activity of metal nanoparticles that effectively takes into account heterogeneity
of surface sites. Compared to the electronic descriptors, e.g., d-band center ¢4, the C'N®
is physically intuitive and can be computed in a similar way as the C'N.[11] Using oxygen
reduction reaction (ORR) as an example,[44] we demonstrate that the approach captures the
activity trend of pure Pt nanoparticles (~1—7 nm) toward oxygen reduction and suggests

several Pt monolayer core-shell nanoalloys with enhanced ORR activity and reduced cost.

3.2 Computational details

All DFT calculations about Pt systems were performed by QUICKSTEP in CP2K package
[50]. The exchange-correlation potential was treated with the generalized gradient approx-
imation parameterized by the spin-polarized revised Perdew-Burke-Ernzerh (GGA-RPBE)
functional [51, 52]. The wavefunctions were expanded in molecular optimized short range
double-¢ valence polarized Gaussian basis sets (DZVP-MOLOPT-SR-GTH) for all metal
elements, while molecular optimized triple- valence polarized Gaussian basis sets (TZVP-

MOLOPT-GTH) for all adsorbates, with an auxiliary plane-wave basis set with a cutoff en-
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ergy of 320 Ry. Core electrons have been modeled by the scalar relativistic norm-conserving
Goedecker-Teter-Hutter (GTH) potentials [53] with 1, 6, and 10 valence electrons for H, O,
and Pt, respectively. In the geometry optimizations, the maximum forces were converged to
0.1 eV/ A. The standard hydrogen electrode is used for relating the free energy of the (H
+ e7) pair to that of gas phase Hy [44]. The adsorption energies of OH and OOH were
calculated as the difference between the electronic energy of the adsorbate-nanoparticle/slab
complex and the sum of the electronic energies of the bare system and gas phase H,O and
Hs:

AFE.on = Ewon — (B« + En,0 — En,/2).
AFE.oon = E.oon — (Ex 4+ 2% Ey,0 — En,).

Where E.on, Ecoom, Ex, En,0, and Eg, are electronic energies of the adsorbate-nanoparticle /slab
complex, the bare nanoparticle/slab, gas phase H,O and Hs molecules. Zero point energy
corrections and entropic contributions to the free energies were taken from ref [49] and we
assume these values don’t change across metal surfaces under consideration [43]. The solva-
tion energy of adsorbed species (*OH: —0.6 eV, *OOH: —0.3 V) is also approximated to be

constant [44].

To predict the mass activity of metal nanoparticles, we first calculated the Gibbs free for-

mation energy of *OH and *OOH intermediates at a given site using:

AGson = 0.17CN* — 1.33 (3.1)

We then follow the literature [46] for computing activity relative to Pt(111) which is limited

by *OH removal and has AGon pt,,, = 0.79 and AGoom, ptyy, = 3.99. For the O, activation



CHAPTER 3. OVERCOMING SITE HETEROGENEITY IN SEARCH OF METAL
18 NANOCATALYSTS

step, the activity is calculated by:

Al = kpTIn(j/jrey,)
= (AG,, pt;y, — AG,,)
= (AGu,0 — AGon,ptyy,) — (AGxoon — AGo,)
= (AGu,0 — AGon,piyy,) — (AG+0on — AGoon,pi,) — (AGoon,pi,, — AGo,)

= 0.136 — (AG+oon — AGoom.pi,,) (3.3)

For the *OH removal step, the activity is calculated by:

A4 = kBTln(j/thlll)
= AGM,Ptlu o AGM

= AG*OH — AGOH,Ptln (34)

Then, the activity of the site is taken as the minima of A1 and A4. The total rate relative

to that of Pt(111) is simply calculated as a summation of all surface sites: TotalRate =
A

Z exp T The mass activity of the particle is obtained by dividing the TotalRate by the
B

number of atoms in the whole particle.

3.3 Results and discussion

3.3.1 Site heterogeneity of Pt nanoparticles toward oxygen reduc-

tion
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Because of the sluggish ki- (a) (Y)o
netics of the oxygen reduc- 0:9
tion reaction (ORR) at the %&; 0.8
fuel cell cathode, the state- (<;18 o7
of-the-art elemental metal Z::

3.4 ‘
. 02 04 06 08 1.0 1.2
electrocatalyst, containing AGoy (V)

Platinum (Pt) nanoparticles Figure 3.1: ORR activity map of metal nanocatalysts. (a)

Theoretical ORR limiting potential as a function of *OH and

*OOH free formation energies. (b) Variations in the coordina-

tion environment of surface sites of a Ptyy; nanoparticle quan-

tified by the generalized coordination number C'N. Surface

current densities.[43] Driven sites (1—6) are positioned on the activity map using DFT-
calculated *OH and *OOH energies.

(<5 nm), sacrifices ~300

mV potential for appreciable

by a limited supply of Pt and

its high price, a decades-long

search for high-performance Pt nanoalloys[54] and non-precious metal alternatives[55, 56, 57,
58] with an increasing arsenal of experimental and computational tools is still an ongoing
task. At typical operating potentials (~0.9 V vs. RHE), oxygen reduction on Pt follows the
associative mechanism,[39, 44, 59, 60] where the *OOH formation from O, activation and
*OH removal to release active sites are potentially rate limiting depending on the nature of an
active site.[46] Figure ??(a) maps out the theoretical ORR limiting potential as a function of
*OH and *OOH free formation energies, assuming that the thermodynamic stability of *OH
and *OOH is independent of each other. The theoretical limiting potential of ORR is defined
as the cathodic potential at which all elementary steps are exergonic.[44] The DFT energies
reported here were calculated using the generalized gradient approximation (GGA-RPBE)
with GTH pseudopotentials implemented in CP2K.[61] The standard hydrogen electrode is
used for relating the free energy of the (H' + e™) pair to that of gas phase Hy.[44] Zero point
energy corrections and entropic contributions to the free energies were taken from ref[49] and

we assume these values don’t change across metal surfaces under consideration.[43] The sol-
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vation energy of adsorbed species (*OH: —0.6 ¢V, *OOH: —0.3 V) is also approximated
to be constant.[44] To illustrate the site heterogeneity of metal nanocatalysts, we show in
Fig. ??(b) a 201-atoms nanoparticle with color-coded surface atoms quantified by the regu-
lar and generalized coordination numbers, CN and C'N, respectively. The DFT-calculated
free formation energies of *OH and *OOH on various surface sites (1—6) are overlaid on
the activity volcano. As we can see, there is a strong linear correlation between *OH and
*OOH free formation energy for various Pt sites, approximately AG+oon = AGxon + 3.2
+ 0.1 eV. The same correlation has been shown to be valid on metal surfaces, metal ox-
ides, etc, which drastically limits the attainable catalytic activity according to the Sabatier

principle.[49, 62, 63, 64, 65]

3.3.2 Orbitalwise coordination numbers as reactivity descriptors

To design Pt nanocata-
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same line of previous studies,[11,

Figure 3.2:  Orbitalwise coordination number as an activ-
ity descriptor. (a) *OH and *OOH free formation energies
Fig. 3.2 (a) the linear cor- and (b) theoretical ORR limiting potential at surface sites of

Pt nanoparticles described by the s-orbital based coordination
relations of the s-orbital puymber CN®. A few model alloys with known ORR activity
are located on the volcano plot based on the C'N® of the (111)
terrace site of the 314-atoms Pt nanoalloys, illustrating the pre-
ber CN* with the *OH dictive power of the model.

18, 27, 66] we show in

based coordination num-
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and *OOH free formation

energies at various Pt sites. A broad range of Pt nanoparticles and Pt monolayer core-shell
nanoparticles are used in the regression model. For Pt alloys, we include Ptq14, Pt140, and
Ptoo; nanoparticles with varying transition metals (Ni, Pd, Pt, Co, Rh, Ir, and Ru) in the
core. Coinage metals (Cu, Ag, and Au) are not included because of their distinct properties

from Pt, which somehow delineates the correlation, see Fig. 3.3. Compared to the regular

and generalized coordination numbers,[16] the orbitalwise

coordination number exhibits an universal linear correla- ‘ ‘ ‘

o o D‘Ei - -
. . .. . 41 o +D Q. ._4' |
tion with the surface reactivity of pure Pt nanoparticles S-S )
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CN* (R?~0.91) outperforms the d-orbital based counter-

part CN? (R?~0.84), see Fig. 3.4. The origin of this phe- r Dg%:,; ,7‘%.,-143-' -
-K *

do8” " ©
. . . . . ‘a”’A
nomenon deserves a separate investigation, and it is out of Of K " |

|
. . 8 10 12 14 16
the scope of the current study. This observation supports CNS

the important role of sp-electrons in governing the adsorp- Figure 3.3:  The linear correla-

tions of the s-orbital based coor-
tion strength of *OH and *OOH at Pt sites, which is in  §ipation number C'N® with the

*OH and *OOH free formation
energies at various Pt sites in-
Pd near surface alloys[67]. For *OH or *OOH adsorption cluding coinage metals in the
core.

line with previous studies of *OH adsorption on Pt and

at Pt sites, the interaction of adsorbate valence orbitals

with the jellium-like substrate sp-states gives broadened resonance states at lower energies.
This normalized resonance state further interacts with localized d-states giving rise to bond-
ing and anti-bonding orbitals. Although the fine features of adsorbate density of states are
introduced by interactions with d-states, the hybridization energy is relatively small because

of the almost fully occupied adsorbate-metal anti-bonding states.[67, 68]

Since *OH and *OOH free formation energies AG+on and AGx+oon are linearly correlated
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with CN?®, we can use C'N*® as a single descriptor of the ORR activity at Pt sites.

In Fig. 3.2(b), we develop the structure-activity relationship between the theoretical ORR
limiting potential and CN*. We calculate the corresponding equilibrium potential of Oq
activation and *OH removal steps using the correlations of AG+og and AGxgon with the
CN*®. For Oy activation and *OH removal steps, we have U; = —(AG+oon — AGo,)/nF=
—0.17CN* —1.87+4.92 and Uy = —(0 — AGxon)/nF= 0.17CN*® — 1.33, respectively, where
n is the number of electrons transferred in this step and F' is the Faraday’s constant. The
limiting potential of ORR is defined as the minimal potential at which all elementary steps

are exergonic in free energy, i.e., U = min(Uy, Us), as illustrated in the Fig. 3.2(b).

On the left side of the volcano plot, the potential limit-

ing step is *OH removal to release active sites while on ‘ ‘ ‘ T
BGoq=0181x + 1811 o cag

' \

. . o . N 45 RP=0838 032, 7
the right side O, activation forming *OOH is kinetically “*...r’*
,4—'“ *
. . . 3 ° |
slow. The (111)-terminated terrace site of large nanopar- S | Pt 4Pt soay
. . . . 8ol ePtss - Pt ' 4
ticles is located on the left side of the volcano plot with a gm 2r . pé: pég; v
’Pt116 'PtA" -7
limiting potential ~0.8 V vs. RHE, consistent with previ- 1T o ,%,-s.ﬁ"" ® ]
Hoga” *
i i - ol ,,—n"if G ,=0.182x - 1.398 |
ous DFT calculations.[44] This volcano plot is analogous . e haag |
. . . 1 12 14
to the structure-activity relationship developed by Calle- ® 0 CNd

Vallejo et al. using the generalized coordination numbers Figure 3.4: *OH and *OOH free

formation energies using the d-
orbital based C N as an activity

dination number relative to that of (111)-terminated ter- descriptor.

CN. They both suggest that slightly increasing the coor-

race sites will reduce the overpotential by weakening the

*OH adsorption, thus pushing ORR activity toward the top of the volcano.[49] Since the
C'N* is physically intuitive and contains the information about the local geometric strain and
metal ligand, this can be envisioned, as shown in Fig. 3.2(b), by depositing a Pt monolayer on

(111)-terminated single-crystal surfaces with a smaller interatomic spacing d, e.g., PAQPt,,
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and Pt3NiQPt,,;;. Noteworthily, Ir@Pt,,; gives over-coordinated surface sites because of a
compressive strain (smaller d) and a more extended Ir d-orbital (larger r;), both leading to a
larger coordination number because of CN*® rf’l/ ?/d"/2 [11, 37] The predicted ORR activity
trend shown in Fig. 3.2(b) is consistent with experimental measurements,[45] justifying the

approach to designing new Pt nanocatalysts.

3.3.3 Size effect of Pt nanoparticles toward oxygen reduction

The structure-activity cor-

relation in Fig. 3.2(b) al- -4.6 : -4.8 ‘ ‘
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potential using a num-
Figure 3.5: Cohesive energies of Pt nanoparticles from the ab-
initio EAM potential vs. that from GGA-PBE calculations in (a)

gies of Pt nanoparticles training, (b) test.

ber of DFT-GGA ener-

and bulk systems, follow-
ing the formalism of the EAM potential developed previously [24]. The optimized EAM
potential parameters are shown in Table 2.1. This type of ab-initio EAM potentials have

been shown to capture geometric structures of metal nanoparticles [27], see Fig. 3.5.

We optimized the Wulff-constructed Pt nanoparticles up to 7 nm using the tabulated po-
tential parameters. An electrokinetic model is used for predicting the reaction rate of any

given Pt site relative to Pt(111) [46], where the unity transfer coefficient is used [69, 70].
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The activity of a given Pt
nanoparticle can then be es-
timated by a sum of the
rate of individual surface
sites by leveraging a fast
computation of the C'N?® of
all surface atoms.  From
Fig. 3.1, we can see that the
(111)-terminated terrace site
has a higher ORR activity
than the under-coordinated
step, edge, and kink sites at

which *OH adsorption is too
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Figure 3.6: Size effects of Pt nanoparticles toward oxygen
reduction. (a) Model predicted vs. measured mass activity of
Pt nanoparticles for oxygen reduction. The predicted activity
is normalized using the highest mass activity. The ab-initio
EAM potential was used for optimizing the geometric struc-
tures of a series of Wulff-constructed Pt nanoparticles. (b)
Schematics of the nanoparticle model developed herein with
the orbitalwise CN® and the single-crystal model with the
regular C'N for predicting activity of metal nanocatalysts.

strong. As the particle size goes larger, the number of more active (111) terrace site increases,

giving higher activity; however, the population of surface Pt atoms relative to the bulk is

decreasing with particle size, resulting in an optimal mass activity at ~2.2 nm, in excel-

lent agreement with experimental measurements [69]. In contrast to our nanoparticle model

with the CN?, as illustrated in Fig. 3.6(b), the traditional single-crystal model using DFT-

calculated *OH and *OOH energies on a few types of facets including (111), (211), (100),

and (532) does not capture the s of the ORR activity trend with respect to the particle size.

It overestimates the reactivity at larger sizes because of using central terrace atoms which

have higher activity compared to sites close to the edges or corners.

% 7 unit is A. f., pe, and p,, units are e*/A3. A, B, F,, F,;, F,; and F; (=0, 1, 2, 3) units

are eV. Others parameters are unitless.
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Table 3.1: Embedded atom method potential parameters for Pt trained with DF'T GGA-PBE

energies.
re 2.8324
fe  2.3365
Pe  31.9479
Pm  0.8400
a  8.7916
g 4.7183
K 0.3655
A 0.7466

n 1.3622
A 0.4381
B 0.6828
F, —4.1927
Fl —4.1305
F,p —0.4755
Fno  0.5804
F3 —3.0746

Fho —4.1361
F,1 —0.4670
F.o 0.6076
F.s 0.3778
Fy —4.1847
Fy - 0.0000
Fy, 28221
F5; 44024

3.3.4 Rapid screening of A3;B@QPt,,; nanocatalysts

To further improve catalytic

activity of Pt nanoparticles @ 4"Ni *Pd Pt #Co 4R I < Au (D)
and reduce catalyst cost, we i
3| ]
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model, which is close to Relative Cost AGET (eV)
the optimal size (~2.2 nm) Figure 3.7:  (a) Rapid screening of Pt monolayer core-

of pure Pt nanoparticles in
Fig. 3.6. We have performed
self-consistent DFT calcula-
tions at the GGA-RPBE level
to optimize the alloy nanopar-
ticles (A3BQ@QPty,) in a wide

range of metal combinations of

shell nanoalloys A3BQ@QPt,,; using the orbitalwise coordi-
nation number C'N® as a descriptor. 314-atoms nanopar-
ticles with a 3:1 A:B ratio at the core were used (see the
inset structural model). The activity is relative to Pt(111).
The average activity and standard deviation of 5 random
configurations in the core are reported. (b) Validation of
model-predicted *OH free formation energies at identified

alloys (5 sites for 5 core-randomalized alloys were used for
RusTa@Pty,r,, PdsCu@Ptyr,, and Pt3NiQPt ;).
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A and B, where A represents fcc metals (Ni, Pd, Pt, Co, Rh, Ir, and Ru) and B represents
all transition and noble metals across the periodic table. Here we chose the 15 generation
core-shell nanoalloys with a surface Pt monolayer because this type of alloys has been ex-
tensively employed in fuel cell catalysis.[71, 72] Electrochemical techniques can be used to
control the composition in the core and deposit a Pt monolayer on the top.[72, 73, 74, 75] We
use the orbitalwise C'N® as a descriptor for rapid prediction of total activity of Pt nanoalloys
toward oxygen reduction. For a given composition, 5 random alloys[76, 77| are created in
the core with A:B at 3:1 ratio and the average activity is reported. By varying the con-
stituent metals in alloy cores, we can rapidly explore the chemical space of this type of Pt
nanoalloys. In Fig. 3.7, we are showing the predicted ORR activity and the correspond-
ing metal cost for Pt monolayer core-shell nanoalloys. The cost of alloys only serves as
a rough estimation based on the current prices of constituent metals since metal precur-
sors are actually used in synthesis. We can see that lots of alloy systems exhibit improved
catalytic activity compared to pure Pt nanoparticles and have reduced cost, including the
previously observed[72] Pt3Ni@QPt,,;; and others to be synthesized, e.g., RusX@Pt,,;, (X:
Ta, Nb, Pt, Pd, and Mo) and Pd3X@Pt,,;, (X: Cu, Mn, Cr, and Re). Self-consistent DFT
calculations of *OH adsorption on three identified alloys were used to validate the prediction
(RugTa@Ptysp,, Pd3Cu@Pty,r, and Pt3Ni@QPt,,;, with the structures provided in the SI).
Figure 3.7(b) showed that the model-predicted *OH free formation energies at surface sites
of 5 core-randomized alloys agree with DFT calculations with MAE~0.11 eV. The approach
developed here is fast and highly accurate in predicting optimal composition and structure

of Pt nanoalloys, thus effectively tackling the site heterogeneity of metal nanocatalysts.
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3.4 Conclusion

To conclude, we develop a new approach to predicting catalytic activity trends of metal
nanoparticles in priori, aiming to overcome the challenge of site heterogeneity introduced
by the geometric strain and metal ligand of an active site. Using oxygen reduction as an
example, we show that the structure-activity relationship with the orbitalwise coordination
number C'N® allows us to semi-quantitatively understand size effects of Pt nanocatalysts.
More importantly, large-scale materials screening enabled by the approach validates sev-
eral previously identified ORR alloy catalysts and suggests several Pt monolayer core-shell
nanoalloys with potentially improved ORR activity and reduced cost. The approach pre-
sented here facilitates a transition from traditional single-crystal models to nanoparticles in

theory-guided catalyst discovery.



Chapter 4

Bayesian Model of Chemisorption for
Adsorbate-Specific Tuning of

Electrocatalysis

4.1 Introduction

The adsorption of molecules or their fragments at surfaces is a fundamental process for many
technological applications, such as self-assembled molecular coatings, corrosion protection,
chemical sensing, and catalysis [78]. Due to the interplay of orbital hybridization and electron
transfer, the chemisorption phenomenon can be formidably complex. With recent advances
in electron microscopy and spectroscopy techniques which promise to reveal the orbital-
level information of adsorption complexes, a number of chemisorption models have emerged
(14, 37, 67, 79, 80, 81, 82, 83, 84, 85, 86, 87, 88]. Among those the d-band model, developed
by Hammer and Ngrskov [14, 79, 80|, was widely used for describing chemical bonding at
metal surfaces [48, 89, 90] and to some extent their compounds. It relates the electronic
structure of an active metal site, i.e., the average energy of d-states relative to the Fermi
level (d-band center), to the local chemical reactivity. Since all d-block metals have a broad
and featureless sp-band, the main difference in adsorption energies comes from the metal-

specific interactions of an adsorbate with substrate d-states. In general, a metal site with a

28
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higher (lower) d-band center leads to higher (lower) energies of adsorbate-metal anti-bonding
states. As a consequence, the filling of those unfavorable states will be decreased (increased),
which results in stronger (weaker) chemisorption. This simple rule has proven to be useful

in search of improved catalysts in many chemical and electrochemical reactions [91, 92].

However, exceptions to this simple rule exist, where the higher (lower) d-band center is not
associated with stronger (weaker) chemisorption. Those outliers can often be rationalized
on a case-by-case basis by considering some other characteristics of electronic structures,
such as the orbital orthogonalization energy or Pauli repulsion [37, 67|, the shape of the d-
states distribution [88], or the interatomic coupling of discrete energy levels in nanoclusters
[11]. Developing a predictive model of chemisorption that considers the detailed electronic
structure of an active site represents one of the long-term goals of this project. This motivates
us to develop a general model by employing parameterized Hamiltonians, e.g., the Anderson-
type Hamiltonian. It was originally used for describing magnetic properties of impurities in
a bulk metallic host [93] and extended with success by Newns, Grimley, and many others to
chemisorption processes [81, 82, 83, 84, 85, 86, 87]. The approach uses a basis set of orbitals
consisting of the states of an adsorbate and the substrate for second quantization and then
solves the hybridization problem within the self-consistent Hartree-Fock scheme. Simply
put, the model extends the basic two-level interaction picture from molecular species to solid
interfaces, where an adsorbate will not just interact with one or more discrete states, but
rather with a quasi-continuum of Bloch states. Despite a remarkable success in qualitatively
understanding adsorption phenomena at surfaces, particularly for metals, its application in
surface science and chemistry remains limited due to the lack of accurate model parameters

and error estimates.
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4.2 Computational Method

Bayesian learning [94] was used to infer model parameters from data. In contrast to purely
data-driven models [95, 96, 97], incorporating physical models into learning, often with very
limited data, is attractive. For example, it has been used for the calibration and valida-
tion of thermodynamic models for the uptake of CO, in mesoporous silica-supported amines
98], designing the Bayesian error estimation functional with van der Waals correlation [99],
and identifying active sites and reaction mechanisms in catalysis [100]. Bayesian learning
produces posterior distributions of parameters under the influence of observations and prior
knowledge. The use of parameter distributions as opposed to computationally-derived deter-
ministic values has obvious advantages for uncertainty quantification in multi-scale modeling.
Inspired by those efforts, we demonstrate that by marrying the Newns-Anderson model with
ab initio data in Bayes’ rule [101], the Bayesian model of chemisorption can be developed
for probing orbitalwise nature of adsorbate-surface interactions and prediction of reactivity

trends with uncertainty quantification.

4.2.1 NewnsAndersonModel

Let’s consider a surface in which electrons occupy a set of continuous states with one-electron
wavefunction |k) of energy €, and an atom with one valence electron of energy €, and wave-
function |a). Imagine that when the atom is brought to a position just outside of the surface,
the two sets of states will interact. The strength of such interactions is mainly determined
by interatomic coupling matrix elements V., = (a|H|k), where H is the Hamiltonian of the

system [85, 93, 102]. The Newns-Anderson-type Hamiltonian H is defined as,

f{ = Z {eaanaa + Z €Nk + Z<Vakcl]::crca0 + Vk*aclacko'>}7 (41)
o k &



4.2. COMPUTATIONAL METHOD 31

where o denotes the elec- 4
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one electron energies from

12 | Oivacuum | [ Ofellium || O/Pt(111)
the adsorbate and substrate Projected DOS (arb. units)

Pt(111)

when they are infinitely sep- Figure 4.1: The evolution of an adsorbate state (O*) upon
adsorption (a)—(e) described by the Newns-Anderson model,
arated. The last term cap- yging *O at the hollow site of Pt(111) as an example.

tures the coupling, or intu-
itively electron hopping, between the adsorbate state |a) and a continuum of substrate
states |k). Within the Hartree-Fock approximation, the effective adsorbate energy level of

spin o can be written as [84],

€ao — 62 + ‘/zm + Ueff<na,—0'>a (42)

where €Y represents the unperturbed adsorbate energy level relative to the Fermi level of the
substrate, V;,, is the image potential due to charge polarization at interfaces, and U4 is the
effective intra-atomic Coulomb repulsion between electrons of opposite spin in |a) [84]. If
we assume that the one-electron states of an adsorbed system can be described as a linear
combination of the unperturbed adsorbate |a) and substrate |k) states, the one-electron
Schrodinger equation can be solved using the Green’s function approach [85]. The overlap
matrix Sox = (alk) can be included to consider nonorthogonality of the basis set [103, 104].

The important information coming out the model is the projected density of states onto the
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adsorbate valence level p,,(€),

1 A(e)

() = e e ¥ A T A 9

from which the orbital occupancy (n,,) can be obtained by integrating occupied states of
the spin o. In Eq. 4.3, the chemisorption function A(e) can be considered as the modulated

density of states of the substrate, written as,

Ale) =7 " lenSar — Varl (e — ex), (4.4)

which determines the lifetime broadening of the adsorbate state. A(e) in Eq. 4.3 is the Hilbert
transform of A(e) and characterizes the shift of the adsorbate state due to electronic coupling
with the substrate. p,.(€) has to be computed self-consistently because €,, explicitly depends
on the occupancy of the opposite spin (n,_,). The important outcome from the model is
the interaction energy, which can be obtained by integrating occupied states with a proper

consideration of the reference [84, 105, 106].

To put mathematical equations into visualization, in Fig. 4.1, we illustrate the chemical
bonding process of an atom on a metal surface. Zero is the Fermi level. Figure 4.1(a)
shows the valence state of an atom in vacuum. The interaction of the atom state with the
jellium-like sp-states (not shown) gives a resonance state which has higher energies because
of the image potential and Coulomb repulsion, see Fig. 4.1(b). This resonance state further
interacts with the localized d-states shown in Fig. 4.1(e) giving rise to the adsorbate density
of states in Fig. 4.1(c). The adsorbate line intersects with the chemisorption function A(e)
as shown in Fig. 4.1(d), forming the bonding and anti-bonding states. The interaction with
the sp-band is assumed to be similar for transition-metal surfaces since they have a similar

broad and featureless sp-band. The interaction with the localized d-band governs trends
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of surface reactivity. The model singles out two important surface properties [14]: (i) the

d-band center €4, and (ii) the interatomic coupling matrix element V.

The binding energy AFE,4s between adsorbate and surface can be separated into two parts,

as shown in Eq. 4.11

ABugs = AB,, + AE,, (4.5)

where AFEj), is the hybridization energy due to the interaction between adsorbate energy level
€40 and sp-band of metal surface, and AFEy is the hybridization energy due to the interaction
between adsorbate energy level €,, and d-band of metal surface. Since all transition metals
have similar wide jellium-like s-band with filling to be 0.5, we can assume AFEj, is a constant

for all transition metals. To calculate AE,, we consider the formula from [107, 108]:

0
AE,; = (z/ Arc tan(L) de — Nao€ar) — (2% (1 + f) * Saq * Vaa)

T J_o € — € — A(E)
— (%/ Arc tan(%) de — Ngo€ao) + (2% (1 + f) xa x V) (4.6)

where the first term is attractive if the d-band is not fully occupied and the second term is
Pauli repulsion due to overlap. The constant 2 in the equation considers spin degeneracy
and n,, is the number of elections in the adsorbate energy level. As usually we assume S,q4

= —a * V4 and take Vfd = [ % Vyatio, where V.4, is the relative coupling strengths to pure

Cu

2
Va d
2

VaCu

for a given adsorbate. The introduction of 8 will decrease the number of unknown

parameters and thus simplifying the model.
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4.2.2 Bayesian Inference

There are a number of unknown parameters in the Newns-Anderson model discussed above,
including the interatomic coupling and overlap matrix elements (Vx, Squx), the image po-
tential (V;,,), the effective intra-atomic Coulomb repulsion (U.y), along with linear function
coefficients within f((n,,), (ne—o)) for correcting the electron correlation energy. All those
parameters can be estimated from databases, tables, or simple calculations, as prior knowl-
edge. For example, V. can be computed from DFT with localized basis sets, but it is
intractable due to the existence of a large number of states and thus beats the purpose of ex-
tracting insights. It can also be estimated using the Solid State table within the tight-binding
approximation. By fitting the adsorbate density of states from the Newns-Anderson model
(Eq. 4.3) to that from DFT calculations, the Santos-Schmickler model has been developed to
understand Hy evolution/oxidation [68, 109], and OH~ adsorption on metal surfaces [110].
However, the deterministic fitting is likely trapped by local minima, thus limited to simple
models. We used the Bayesian approach to infer unknown parameters from evidence, i.e., ab
initio electronic (e.g., projected density of states) and adsorption (e.g., ensemble adsorption
energies) properties. Basically, all we do is to deduce the “causes” (parameters) from the
“effects” (observations) based on physical models. In addition, the Bayesian approach [111]
provides a natural framework for generating probabilistic estimates of latent variables while

accounting for uncertainties and incorporating prior knowledge if available.

4.3 Results and discussion

Because of the scaling relations between adsorption energies of key reaction species, the bind-
ing energies of a single intermediate or two are often sufficient to describe the trend of cat-

alytic activity /selectivity, greatly simplifying the process of searching for new catalysts[112].
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For example, adsorption energy of molecule AH, is linearly correlated with the adsorption
energy of atom A on a range of close-packed and stepped metal surfaces, where A can be
C, N, O, S[20]. While the correlations between adsorbed species bring benefits to the de-
scription of catalysts properties, they could also cause trouble to the catalytic process, like
the sluggish kinetics of a reaction originates from the linear energy scalings of key species.
These theoretical scaling relations suggest the catalytic performance would exhibit volcano-
shaped relationships with respect to the reactivity descriptor and tune one specific specie
will according affect other species. Thus it is always challenging to improve the catalysts
performance by breaking the scaling relationship. In this project, we try to answer two ques-
tions: (1) Why some adsorbed intermediates are linearly scaled with each other; (2) How to

break this correlation. Here we will take *O and *OH species as example.

*O and *OH adsorption on {111}-terminated

metal surfaces hold good correlation as seen in i -
| AEL,=0.443AE + 0.308 , ‘
Fig. 4.2. After we developed a model to find gov- i _ ]
__ 12| R?=0.960 “o |
erning electronic structure for adsorption energy E — P
T &
of each intermediate, we’ll have highly chance to § 08 i /./
J 08) ﬁ
~®
break this scaling relationship. e
o e
Bayesian learning begins with a pre-existing 0.4 | .
0 1 2 3
probability distribution, called the prior. A finite AEq (eV)

amount of data can then be taken into considera- Figure 4.2: The binding energies of *O

vs. *OH on {111}-terminated metal sur-

tion, leading to the posterior distribution. Com- :
faces relative to Hy, HyO.

puting the absolute probability of a sampling is
difficult in most scenarios. To avoid this compli-
cation, the Markov Chain Monte Carlo (MCMC) method [113], whose acceptance criterion

only depends on the relative probability, is typically used to sample from the posterior
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distribution of latent vari-
ables. Due to the compu-
tationally intensive nature of
the MCMC algorithm, there
is a need for a more effi-
cient implementation of the
Newns-Anderson model than
what is obtained by Python
and standard libraries like
SciPy and NumPy. We make
extensive use of Cython, a
C++ extension to the stan-
dard Python, to speed up the
performance (10—1000 times)
of some CPU-intensive func-
tions in the model, e.g.,

Hilbert transform. To perform
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Figure 4.3: (a) The co-variances and 1D histograms of joint
posterior distributions of the model parameters (AE;,, &,
Agp, a, and () from MCMC simulations for *O adsorption
at the fce-hollow site of transition metals.

MCMC sampling, we use PyMC, a flexible and extensible Python package which includes

a wide selection of built-in statistical distributions and sampling algorithms [114], e.g.,

Metropolis. A “burn-in” of 250 K samplings was discarded to ensure that subsequent ones

are representative of the posterior distribution. Convergence of our MCMC-based sampling

and stopping rule was verified using a consistent batch means approach [115]. The MCMC

sampling results can be directly visualized using corner, a open-source Python module. In

Fig. 4.3, we are showing the posterior parameter distribution of a slightly simplified model

using only AFE,, €, a and  for *O adsorption on {111}-terminated transition metals. We

ignored the spin for simplicity. We define the cost function directly using the projected O%*
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density of states and binding energy of O on a series of transition metals as “observations”.
After convergence (~500 K iterations), the histograms of MCMC samples for model param-
eters are shown in the diagonal, while the approximate contours for 68%, 95%, and 99%

confidence regions are shown at lower triangle.

4.3.1 *0O adsorbed on the transition metals

In this case, we need to consider the degeneracy of O? orbital which is three, the explicit

equation to calculate binding energy of *O becomes:

AEo = AE,, + AE,

0
= AFE;p+ ((%/ Arc tan(%) de — Nug€ao) + (2% (1 + f) xax V) * 3

— 00

(4.7)

In Fig. 4.4(a), it shows the
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Figure 4.4:  (a) Projected O% density of states from

Bayesian learning(blue) and DFT calculations(orange). (b)

anti-bonding signatures. In DFT-calculated vs. model-predicted *O free formation en-
ergies on {111}-terminated transition metals

clearly captured bonding and

Fig. 4.4(b), it shows the model
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predicted adsorption energies of O on the hollow site of those metals, which agrees well with
the DFT calculated binding energies. In this system, there are four unknown parameters:
sp-band contribution AFEj,, energy level of O ¢,, overlap constant o and coupling strength
ratio 5. All four parameters are assumed to be independent of metal surfaces and taken as

the constant in the training system.

4.3.2 *OH adsorbed on the transition metals

In the system of OH adsorp-

. L. @06 I Ag | cul| ®
tion on the transition met- 041
. . . 702{ | 1 I ) 1 N 16 7
als, instead of using atomic or- £ oo L J70A A MUA A
. . 5 064 Pt | 1 Pd | 1 Nl s ] 0 .
bital, we shift to molecular or- g,/ s Ag
[a] o 1.0 /
. . lac_a_ 02 Al A ] A A ER Y A é Ir p 7 o Pt
bitals. It suggests orbital 3o, 8 00+l S MAA ol %k
T 06 | R0 | Co Ni";hcu :
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metal surfaces[67]. Therefore,
Figure 4.5: (a) Projected molecular orbital OH density

we'll have three different €, of states from Bayesian learning(blue) and DFT calcula-
tions(orange). (b) DFT-calculated vs. model-predicted *OH

and § corresponding to these free formation energies on {111}-terminated transition met-

three orbitals. The parame- als

ter a characterizing orthogo-

nalization of two orbitals can be assumed to be universal for different molecular orbitals[108].
AFj, is the overall interaction between three molecular orbitals with sp-band of metals, as
shown in Eq. 4.8. And the target projected density of states is the summation of O%* and
H? on a series of {111}-terminated transition metals (Au, Ag, Cu, Pt, Pd, Ni, Ir,Rh,Co). In
Fig. 4.5(a), it shows the model predicted projected density of states of OH , which resembles

with that from DFT calculations with clearly captured bonding and anti-bonding signatures.
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In Fig. 4.5(b), it shows the model predicted adsorption energies of OH on the top site of

those metals.

AEoy = AE,, + AE,

= AEvs;o + AE'd?)a + AEvd47r + AEdSJ* (48)

0 €
AEgs, = (%/_ Arc tan(%) de — n3g€35) + (2% (14 f) * a* Véid) (4.9)

AEj, = ((%/_ Arc tan(%) de — ngregr) + (2% (1 + fxax V2 ) 2 (4.10)

0
AEW:(% / Are tan( Alo)

- p— A(e)) de — Nsgs€son) + (2% (L+ f)xax V2., (4.11)

4.3.3 Density of states reconstruction and Sobol sensitivity

One advantage of using the Bayesian model of chemisorption is its capability to unravel
practically tunable factors of surface reactivity. Within the Bayesian framework, we infer
orbitalwise interactions that are highly influential on free formation energies of key reaction
species by employing the Sobol sensitivity analysis approach [118]. This analysis has been

very useful for machine learning practitioners and data scientists to interpret complicated
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models in many applications,
such as biological systems
[119], pharmacology [120], and
risk assessments [121]. In
essence, the Sobol sensitivity
analysis is a probabilistic ap-
proach that quantifies the con-
tribution of individual vari-
ables and their high-order cou-
plings to the variance of the
model output(s) using Monte

Carlo sampling [118, 122].

The electron correlation ef-
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Figure 4.6: (a) The reconstruction of density of states from
moments using the maximum entropy algorithm. The pro-
jected d-states distribution of Pt(100) from DFT is shown
together with the model distribution reconstructed from 15
lowest moments with and without a +2% perturbation to the
band center €. (b) Sobol sensitivity analysis of the Gaus-
sian process regression model for *N free formation energies
on Pt model alloys.

fects can be included within the second-order perturbation approach of Brenig and Schon-

hammer [123] or a linear model to the orbital occupancy [68, 109]. In this project, we're

currently working on generalizing model Hamiltonians to metal-electrolyte interfaces. Our

preliminary results have shown the filling and center are two important electronic factors

governing the chemical bond trend, Fig. 4.6

4.4 Conclusion

To conclude, we develop a Bayesian chemisorption model by learning from ab initio data.

Compared with the purely data-driven model, the new model showed improved performance

for describing the surface reactivity of multimetallics attributed to its explicit consideration

of interatomic interactions and distribution of density of states. Moreover, the model sheds
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light on the nature of chemical bonding, and thus provides a general framework to interpret
complex nature of chemical bonding at surfaces. This study opens up the possibility of
developing adsorbate-specific descriptors and a new way for unraveling trends of the surface
reactivity of metal nanocatalysts with defects, impurities, alloy additions, supports, etc.
Including multiple-atom adsorbates [124, 125, 126] relevant to electrochemistry is currently

under going.
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