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Abstract

Insights into Computational Methods for Surface Science and Catalysis

Ryan Anthony Ciufo, Ph. D.
The University of Texas at Austin, 2021

Supervisor: Graeme Henkelman
The fundamental understanding of both the reactions at catalytic surfaces and the
ways in which these surfaces change throughout a catalytic cycle and lifetime are
important for both academic and industrial disciplines. To develop these understandings
on complex catalytic systems, ultra-high vacuum techniques such as molecular beam
studies, temperature programmed desorption, reflection-absorption infrared spectroscopy
and Auger electron spectroscopy can be used to study the simplest interactions between
gas molecules and surfaces. These interactions can be studied from a bottom-up approach
to learn about the system in question, upon which additional complexities can be added.
To parallel these experimental techniques, a number of computational methods can be
used to support findings and guide new experiments. Ab-initio electronic structure
calculations allow for a better understanding of adsorbate-surface interactions, while long
timescale dynamic simulations provide insight into the time evolution and kinetics of
catalysts and catalytic surfaces. Empirical and machine-learning guided potentials can be
developed to lessen computational cost while retaining accuracies comparable to ab-initio
vii

calculations. Fitting such potentials ultimately allows for larger calculations to be
performed and longer timescales to be simulated. The above methods will be applied to a
number of industrially and academically relevant catalytic systems, including studying
the interaction of H2 and CO with Cobalt based Fischer-Tropsch catalysts and the
interaction between hydrogen and palladium surfaces. Additionally, the development of a
machine learning package to fit and use interatomic potentials will be discussed.
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Chapter 1: Introduction
1.1 CATALYSIS IN SOCIETY
Catalysis, particularly heterogenous catalysis, is one of the pillars of the chemical
and energy sector. It has been estimated that between 80 – 90% of industrial chemical
processes involve the use of a catalyst at some point in their production. As a result, nearly
25% of industrial energy usage comes directly from catalysis. This equates to upwards of
50 quadrillion BTUs of energy usage yearly.1 From these numbers, it’s apparent that the
optimization of catalytic processes by even a fraction can have substantial downstream
effects on energy usage and production of CO2 and greenhouse gas emissions. This is
especially important in mitigating future carbon emission and moving towards a goal of a
net-zero economy.
While many of the large-scale catalytic processes are highly optimized, a
significant portion of their economic and energy cost pertains to the preparation of
feedstocks and purification of products. One suggested approach to move towards a netzero field is to produce new catalysts which either require less feedstock preparations or
more selectively produce products as to not require costly separations. However, the
discovery of new industrial catalysts has typically followed a phenomenological trajectory,
rather than a predictive one. By combining computational and experimental methods in a
feedback loop, it is possible to develop tools which can aid in more effectively and
efficiently predicting catalysts and catalytic processes.
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Figure 1.1. Energy usage and projections for the global industrial sector. Chemicals
account for approximately 20-25% of all industrial energy usage, with the
expectation for this to continue to grow through 2040.2
1.2 MODEL CATALYTIC STUDIES
Industrial catalysts aim to maximize three key criteria: activity, selectivity, and
stability. Activity can be thought of as the ability for a catalyst to convert reactants to
products, which selectivity dictates the percentage of desired products produced. Ideally,
catalysts will be able to maintain their activity and selectivity over an infinite time window.
However, due to the complexity associated with these catalysts, and the high temperature
and pressure regimes at which they are operated at, the study of the interactions between
reactant gasses and the catalysts themselves proves difficult. This in turn makes it difficult
to understand the factors that influence activity, selectivity and stability. To circumvent
2

this, it is feasible to use model catalysts in ultra-high vacuum (UHV) chambers, where
there is a greater ability to control for the many variables seen in catalytic systems. By
simplifying factors and performing these studies in UHV, it is possible to extract
information about relevant characteristics of the catalysts, which can then be correlated to
computational models and predictions.
To achieve this balance of activity, selectivity and stability, industrial catalysts are
often made of multiple elements and active components. Model catalysts focus on isolating
these unique catalytic surfaces, with the goal of understanding their contribution to the
overall catalytic process. By placing these model catalysts into UHV it is possible to look
at specific surface processes or characteristics under a controlled environment. An added
benefit of UHV is the general lack of gaseous contaminants present, which allow the
surface to remain clean for experimentally relevant timescales. The use of model catalysts
has be incredibly helpful in refining reaction mechanisms, understanding deactivation, and
tuning selectivity.
For example, model catalytic studies have been important in understanding the
Fischer-Tropsch reaction, which converts carbon monoxide and hydrogen to hydrocarbons:
CO + H2 → CxHy + H2O
The products from this process typically follow the Anderson-Schultz-Flory distribution,
which is based off of a step-growth polymerization process.3 Model catalysts have helped
provide an understanding of the two distinct mechanisms of the Fischer-Tropsch reaction.4
Additionally, model catalysts have provided insight into the unique properties exhibited by
Fischer-Tropsch catalysts that break from the standard Anderson-Schultz-Flory
distribution, allowing for a better understanding of how to effectively tune product ratios.5
In this dissertation, two model catalysts will be described and studied. One is
3

polycrystalline cobalt and the second is polycrystalline cobalt alloyed with manganese.
Both have implications for the Fischer-Tropsch reaction.
1.3 COMPUTATIONAL MODELLING AND CATALYSIS
Computational and theoretical modelling has emerged as a powerful tool in the
understanding of catalytic processes. Density functional theory (DFT) has proven to be a
robust method for accurately and efficiently describing atomic interactions in condensed
matter systems. Recently, a large body of work has shown the power of combining DFT
with experimental work in a feedback-type loop.6,7 This in turn has helped drive
computational methods from a supplementary capacity to a predictive capacity. This has
been especially successful in the field of electrocatalysis. 7,8 Within the field of classical
catalysis, this approach has not proved as successful. This, again, relates to the complexity
of classical catalysts – both in terms of catalyst structure and operating conditions. Due to
the cost of DFT calculations, the modelling of entire classical catalytic systems is costly
and challenging.
Numerous methods have been employed in an attempt to overcome this issue. One
method, which will be expanded on in later chapters, is the use of interatomic potentials
with lower computational cost. While computationally cheaper, these come with the
tradeoff of decreased accuracy. One example of this is the use of empirical potentials,
which aim to use simple potential models to reproduce properties of a system. For example,
the embedded atom method aims to produce the total energy of a metal system from pair
interactions and an embedding function.9,10 This method has been shown to efficiently
reproduce ground state properties such as the elastic constant, lattice constant and vacancy
formation energy for various for metals. However, while relatively inexpensive, these
models typically lack transferability to systems outside of the universe they are trained on.
4

Chapter 4 will discuss an example of this, where a bulk palladium hydride embedded atom
method potential was re-trained to capture the binding characteristics of hydrogen to
palladium surfaces.
A second method to reduce costs of computational methods is to improve the
algorithms that are regularly used. One of the most common tasks performed in
computational chemistry is the optimization of structures to reach local minima (or
maxima). Numerous algorithms and methods exist for optimizing structures, all which aim
to reach minima with as few evaluations of the energy and force as possible. The quasiNewton class of optimizers rely on force (gradient) vectors to approximate the Hessian
matrix of the system. By using a preconditioner, a better starting point can be achieved,
which allows for faster convergence by these optimizers to local minima. Chapter 6 will
discuss the analysis of what makes for a good initial guess for the Hessian for a subclass
of quasi-Newton methods, with the goal of guiding the development of future
preconditioning schemes.
1.4 MACHINE LEARNING IN CHEMISTRY
A new field which has recently emerged as a potential method to circumvent the
problems addressed above employs machine learning (ML) to fit and use interatomic
potentials.11–17 The goal of the ML methods is to learn the functional interaction between
the inputs and outputs, where the inputs are chemical descriptors and the outputs are the
chemical properties. The idea is that the trained ML potential could then reflect the
quantum relationships in the system, without actually solving for them. This in turn results
in higher accuracy than empirical potentials, with costs orders of magnitude lower than
those required for DFT.
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A number of groups have developed methods and software which utilize machine
learning to fit the relationship between descriptors and properties. Notably, the method
developed by Behler and Parinello has shown that robust potentials can be generated by
using an atom-centered neural network approach.12–15,17 This in turn allows for the mapping
of local environments to energy and forces, which can then be extended to systems of
varying sizes. This method allows for the description of multiple atom types for both
periodic and non-periodic systems. While numerous groups have focused on the
application of machine learning to chemical systems, the field is rather young. As a result,
there are many questions left unanswered with regards to machine learning and the
potentials produced using it.
One important topic that has yet to be fully understood is how the hyperparameters
of a neural network influence both the landscape of the neural network and the landscape
of the resultant interatomic potential. By comprehending how chemical properties are
encoded in the neural network, and how hyperparameters influence the landscape, one can
attempt to construct methods to more effectively find the global minimum of the neural
network landscape. An understanding of both of these landscapes is key to more rapidly
producing effective, complete, and transferrable potentials. Chapter 5 will discuss the
development of a software package which is based off of a modified Behler-Parinello
neural network architecture. In addition to showing efficient performance, this package
also acts as a basis to begin studying neural networks in a systematic way.

1.5 OVERVIEW OF DISSERTATION
This dissertation is a collection of works I completed during my Ph.D. studies in
theoretical chemistry at the University of Texas at Austin with my advisor Graeme
6

Henkelman. The primary focus of my research has been to show the utility of combining
theory and experiment, and to gain insight into methods to improve the capabilities of
computational chemistry. This dissertation is comprised of five independent studies, three
of which have been published (Chapters 2,3 and 4) and two of which are being prepared
for submission (Chapters 5 and 6).
Each chapter in this dissertation touches on a different material problem. Both
Chapter 2 and Chapter 3 are joint computational and theoretical studies, of which I
performed both the in lab experiments and the computational methodology. Chapter 2
discusses the study of cobalt-manganese alloys for the Fischer-Tropsch reaction and was
performed in collaboration with Dr. Sungmin Han, Michael E. Floto, and Dr. C. Buddie
Mullins at the University of Texas at Austin. Chapter 3 discusses the desorption of
hydrogen from a cobalt surface and subsurface and was performed in collaboration with
Dr. Sungmin Han, Michael E. Floto, J. Ehren Eichler, and Dr. C. Buddie Mullins at the
University of Texas at Austin. Chapter 4 is a purely computational project, which focuses
on the development of a fully analytical empirical potential for the interaction of hydrogen
with palladium surfaces. Chapter 5 focuses on the study of how elements of the starting
Hessian matrix of a system influences the performance of the Broyden-Fletcher-GoldfarbShanno optimizer for condensed-matter systems. This work was performed in
collaboration with Naman Katyal at the University of Texas at Austin. Lastly, Chapter 6
discusses the development of a software package to fit and use machine learning based
interatomic potentials. This work was done in collaboration with Jiyoung Lee, Naman
Katyal and Dr. Hao Li at the University of Texas at Austin, and Dr. Lei Li at the Southern
University of Science and Technology.
By adapting methodology and resources from various fields, computational
chemistry is constantly pushing the boundaries of what many once thought possible. By
7

continuing to study these methods in a systematic way, this envelope can be pushed even
further. This allows the field to not only grow, but to develop a fundamental understanding
of the tools and techniques being used. By incorporating this knowledge in a feedback loop
with experimental methods, the predictive capabilities of computational chemistry can
continue to develop.

8

Chapter 2: Low Temperature Dissociation of CO on Manganese
Promoted Cobalt(Poly)*
2.1 INTRODUCTION
The Fischer-Tropsch (FT) process has been extensively studied for its use in
producing hydrocarbons of various lengths from carbon monoxide and hydrogen gas.18–20
Due to its tailorability, the FT process has shown promise and continues to compete with
the energy and petrochemical industries.18,19,21 One area where FT shows much potential
for growth is for the production of lower olefins. The production of lower olefins is one
of the most important chemical processes in the world today for their use as chemical
feedstocks for a number of industries. Most lower olefins are produced through cracking
of a range of hydrocarbon feedstocks such as naphtha, gas oil or light alkanes. Due to the
energy cost of the cracking process and the limited petroleum reserves, there has been a
push to develop alternative methods of deriving lower olefins. The FT to olefins process
has shown the ability to break the traditional Anderson-Schultz-Flory (ASF) product
distribution expected with Fischer Tropsch synthesis to produce lower olefins from
syngas while limiting methane production.22,23
Among the few catalysts shown to break the ASF distribution are manganese
promoted cobalt catalysts. Mn/Co systems have been shown to promote low chain olefin
selectivity, C5+ selectivity, affinity for long chain alcohol synthesis, and increase overall

*

Ciufo, R. A.; Han, S.; Floto, M. E.; Henkelman, G.; Mullins, C. B. Low Temperature Dissociation of CO
on Manganese Promoted Cobalt(Poly). Chemm. Comm. 2020, 56, 2865. Ciufo, R. A. conducted the
experiments and computations, analyzed the data, and wrote and edited the paper. Han, S. and Floto, M. E.
edited the paper and provided helpful feedback on experiments.
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intrinsic activity.24–28 In addition to promoting FT activity, CoxMn1-xO mixtures were
shown by Zhong et al. to form Co2C nanoprisms under reaction conditions, which
promoted the synthesis of lower olefins while limiting methane production to
approximately 5%.29 Additional works by Morales et al. used a number of
characterization techniques (EXAFS, XANES, STEM-EELS, XAS) to study the nature of
Co, Mn and Ti in Mn/Co/TiO2 catalysts.30–32 Their studies showed the very diverse and
complex states of Mn present in Mn/Co alloys (including Mn, Mn(II), Mn(III) and
Mn(IV)) and the influence of synthesis and pre-treatment on the state of Mn and Co.
Recently, theoretical work by Pederson, et al., showed that metallic Mn with Co(111)
produced similar selectivity as compared to their experimental work with MnO promoted
Fischer Tropsch catalysts.24 This work suggested that metallic alloyed Mn may produce
similar results as MnxOy for promoting Co FT catalysts. In this paper, we report our
investigation of the interaction of CO with metallic Mn promoted cobalt polycrystalline
surfaces by employing molecular beam techniques in ultra-high vacuum (UHV). We
show, using surface science techniques and density functional theory (DFT), that the
addition of metallic Mn as a promoter to Co facilitates dissociative adsorption of CO by
stabilizing C(ad) + O(ad) intermediates. These findings show the role of Mn in a model FT
system, and provide insight into the unique activity and selectivity of Mn/Co FischerTropsch catalysts.

10

2.2 EXPERIMENTAL
All experiments were performed in a supersonic molecular beam apparatus under
ultrahigh vacuum conditions with a base pressure of 1 x 10-10 Torr, which has been
described in detail in a previous paper.33 In this study, various coverages of Mn were
deposited onto a 10 x 15 x 1 mm Co(poly) substrate which was spot welded to cobalt
wires for heating (direct current) and cooling. Mn deposition was performed with the
sample at 100 K and subsequently flashed to 900 K at 5 K/s to anneal and alloy the
sample. Monolayer (ML) deposition was calibrated with a quartz crystal microbalance
(QCM) assuming the radius of Mn as 1.27 Å. All gas molecules were delivered via a neat
molecular beam at room temperature (incidence energy of ~0.1 eV), which allows for the
accurate control of the amount of adsorbed target molecules on the surface. Temperature
programmed desorption (TPD) was adopted to analyse the gas phase species that evolved
from the various Mn/Co surfaces. Reflection absorption infrared spectroscopy (RAIRS)
was performed at 100 K to study surface intermediates. Prior to every experiment, the
sample was cleaned with Ar+ sputtering and annealing to 950 K. Multiple sputter/anneal
cycles were used to remove as much bulk carbon as possible from the substrate.34 The
cleanliness of the surface was verified with Auger electron spectroscopy (AES) before
each experiment.

11

2.3 RESULTS AND DISCUSSION
To study the uptake of CO on our surfaces, we performed King and Wells (K+W)
experiments by impinging a molecule beam of CO on each of our Mn/Co samples at 100
K. All K+W experiments were performed until the surface was fully saturated with CO
(Figure S1). Following uptake experiments, CO TPD spectra were obtained (Figure
2.2.1a). As seen in Figure 2.2.1a, CO yields two major desorption features on the 0.0 ML
Mn/Co surface (i.e., pure cobalt surface - green line) at ~400 K and ~640 K. The feature
near 400 K is the result of molecular CO desorption, while the feature near 640 K is the
result of C(ad) + O(ad) recombinatively desorbing as CO.34,35 The feature seen between 100
K and 150 K is the result of desorption from other parts of our probe. It is seen that as the
coverage of Mn is increased, there is an increase in intensity of the recombinative
desorption feature and corresponding decrease in the molecular desorption feature. The
recombinative desorption peak shifts to higher temperatures with increased Mn coverage
(~775 K for 10 ML Mn/Co). These changes denote an increased affinity for Mn covered
surfaces to dissociate CO and suggest that intermediate C(ad) and O(ad) are stabilized on
the Mn promoted surfaces. As the coverage of Mn on Co increases, new recombinative
features appear at higher temperatures. For example, the 1.0 ML Mn/Co surface (Figure
2.2.1, black line) shows three distinct recombinative features at ~640 K, ~725 K, and
~775 K. We attribute these three desorption features to the alloyed nature of our Mn/Co
surfaces. The peak at ~640 K is characteristic of recombinative desorption from cobalt
rich regions.34,35 For high coverages of Mn (~10 ML), a distinct feature is seen at ~775 K.
We attribute this feature to recombinative desorption from regions rich in metallic Mn.
12

Lastly, we attribute the feature seen at 725 K to desorption from mixed cobalt-manganese
regions.

Figure 2.1. a.) CO TPD for various coverages of Mn on Co(poly) after CO K+W at 100
K. 1a, inset) Total uptake of CO from King and Wells experiments b.)
RAIRS performed at 100 K after CO impingement at 100 K for various
coverages of Mn on Co(poly).
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To probe the nature of the interaction of adsorbed CO on our Mn/Co surfaces, RAIRS
was performed at 100 K after CO was impinged at 100 K (Figure 2.2.1b). For a 0.0 ML
Mn/Co surface, a sharp feature is seen at 2089 cm-1 corresponding to saturated linearly
adsorbed molecular CO (Figure 2.2.1b, green curve).27,36 As Mn coverage is increased, it
is seen that the molecular CO vibration decreases in intensity, broadens, and shifts to
lower wavenumbers. The decrease in intensity suggests a decrease in the coverage of
molecular CO on our surfaces. The shift and broadening of the CO vibrational feature
with increased Mn aligns with past studies that show decreased coverages of molecular
CO are more strongly bound to the surface.37,38 Since the total uptake of CO on all
Mn/Co surfaces was seen to be nearly identical (Figure 2.2.1a, inset), these findings
suggests that on Mn promoted surfaces, CO exists in both a molecular and dissociated
state (as C(ad) + O(ad)) at 100 K. As Mn coverage is increased, the fraction of molecular
CO decreases, while the fraction of dissociated CO increases. This trend also corresponds
to the data in Figure 2.2.1a, where increased Mn coverages show decreased molecular
CO desorption and increased recombinative desorption. It is important to note that no
feature is seen for CO interactions with MnO (between 1700 – 1600 cm-1),27,39 suggesting
that Mn exists as metallic Mn in our system.

14

Figure 2.2. a.) CO TPD from 1.0 ML Mn/Co after CO K+W at various temperatures. b.)
RAIRS at 100 K after CO K+W at various temperatures on 1.0 ML Mn/Co.

To gain a deeper understanding of the nature of the CO dissociation on our surfaces,
we performed uptake experiments with our sample at elevated temperatures. First, we
impinged a molecular beam of CO while holding the sample at various temperatures and
allowed the sample to cool to 100 K. RAIRS and TPD experiments were then performed
(Figure 2.2). In Figure 2.2a, TPD after impinging CO at 500 K (above the molecular
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desorption temperature but below the recombinative desorption temperature) shows a
similar recombinative desorption feature compared to the
same experiment performed with the sample at 100 K (Figure 2.2a, black curve).
Following impinging at 500 K, the sample was cooled to 100 K and RAIRS was
performed (Figure 2.2b, red curve). No molecular CO RAIRS feature is seen for the
experiments performed above 500 K. The lack of molecular CO vibrations after exposure
at 500 K and the similarity between the recombinative desorption features from the
exposures at 100 K and 500 K further suggests that the desorption features seen above
650 K are from recombinative desorption rather than a strongly bound molecularly
adsorbed CO entity. When the sample was held at 675 K and 750 K (Figure 2.2a blue and
green curves, respectively), a decrease in the recombinative feature is observed due to the
sample being held above the recombinative desorption temperature. At 675 K and 750 K,
the recombinative desorption features at 640 K and 725 K decrease. As with the
experiments described above at 500 K, after impinging CO onto the sample at 675 and
750 K, no molecular CO was observed with RAIRS (Figure 2.2b).
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Figure 2.3. a.) AES spectra for various coverages of Mn on Co(poly). b.) Auger spectra
before annealing, after annealing and after experiment for 10 ML Mn/Co.

Auger electron spectroscopy was also employed to characterize our surface. As seen in
Figure 2.3a, the AES spectra after evaporating Mn and annealing to 900 K at 5 K/s show
Mn LMM features (540 eV, 594 eV, and 640 eV). The Mn features increase in intensity
with increasing Mn coverages. Inversely, the Co LMM features (660 eV, 717 eV, and
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783 eV) decrease with increasing Mn coverages. Figure 2.3b shows Auger spectra for a
typical 10 ML Mn/Co surface annealed to 900 K (orange curve), for an unannealed 10
ML Mn/Co sample (magenta curve), and a 10 ML Mn/Co annealed sample following CO
K+W at 100 K and TPD to 900 K (black curve). It is seen that the freshly prepared,
unannealed sample displays large Mn features and minute Co LMM features. Upon
annealing, the Co features reappear, and the Mn features decrease in intensity. The
change in the Mn:Co Auger intensity shows that the Mn is migrating into the Co surface
and alloying with the Co(poly). This aligns with previous work by Iijima, et al., which
showed a high diffusivity for Mn in Co.40,41 An annealed 10 ML Mn/Co surface was
impinged with CO at 100 K and a TPD was performed to 900 K. An Auger spectrum was
taken of this “used” 10 ML Mn/Co sample (Figure 2.3b, black line). The difference
between the Auger before (Figure 2.3b, orange curve) and after experiment (Figure 2.3b,
black curve) is negligible, indicating that the surface composition has not changed over
the course of the experiment. Lastly, Auger was performed on two Mn/Co surfaces (10
ML and 0.5 ML) which were intentionally oxidized using different methods. In these
curves, a clear oxygen feature is seen, which corresponds to MnxOy formation (Figure
S3). Importantly, since no oxygen features appear in any of the annealed Co/Mn spectra
(nor in the “used” spectra), we are confident that Mn is predominantly in the metallic
state before and after exposure to CO. Lastly, upon heating the oxidized MnxOy/Co
surface, trace desorption of m/z+ = 55 is detected above 500 K, indicating the desorption
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of MnxOy (most likely from MnO2). This is not detected in any of the metallic Mn/Co
samples, further indicating the metallic nature of Mn on our surfaces.

Figure 2.4. Schematic energy diagram of molecular CO adsorption and dissociated CO
adsorption on Mn/Co surfaces.

To better understand the nature of the interaction between our surfaces and CO, we
conducted DFT calculations. In contrast to earlier work by Pederson et. al,24 we chose to
study the HCP (0001) facet of Cobalt instead of the FCC (111) facet. HCP cobalt is the
dominant phase present at low temperatures and the (0001) facet has the lowest surface
energy.42,43 Therefore, we expect HCP (0001) to be a predominant facet in our low
temperature studies of Co(poly). Mn is found naturally in the I-43m space group, but for
the purpose of this study was considered as a surface alloy with HCP Co.44 It should be
noted that Mn readily alloys with both HCP and FCC cobalt, and that Mn does not appear
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to influence the phase stability of the cobalt.40,45 For all Mn/Co models, CO adsorption
was found to be most stable on three-fold hollow sites, in agreement with previous
studies.46 For the dissociated state, most stable structures were found with carbon bound
to a hcp hollow site, and oxygen bound to a FCC hollow site, as seen previously for
Co(0001) systems.47,48 The systems were modelled as a 4-layer slab and (2x2) surface
unit cell. The binding energies of molecular CO and dissociated C(ad) + O(ad) were
calculated for all surfaces relative to gas phase CO and the respective clean surface. For
0.25 ML Mn/Co and 0.5 ML Mn/Co, there were 4 and 6 surface configurations possible,
respectively (Figure S2). For the 0.25 and 0.5 ML systems, the mean binding energies
were reported along with the standard
deviation (Figure 2.4 blue and red curves).
As seen in Figure 2.4, an increase in molecular CO binding energy of ~0.2 eV was
seen for all Mn/Co models compared to 0.0 ML Mn/Co with the exception of the 0.5 ML
Mn/Co surface, which had a larger increase of ~0.35 eV. For the adsorption of
dissociated C(ad) + O(ad), clean Co(0001) shows the weakest binding. As Mn coverage
increases, the binding energy of C(ad) + O(ad) increases, with 1.0 ML Mn/Co having the
strongest C(ad) + O(ad) binding energy of -2.59 eV. For 2.0 ML Mn/Co, the dissociated
binding energy is ~ 0.35 eV weaker than on 1.0 ML Mn/Co. We believe that this
decrease in C(ad) + O(ad) binding energy for 2.0 ML Mn/Co might be explained by
unfavorability of large Mn ensembles to be in a HCP configuration. Evidence of this can
be seen in Figure 2.3, where Mn readily alloys with Co. For both 1.0 ML and 2.0 ML
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Mn/Co, the binding of C(ad) + O(ad) is stronger than the binding of molecular CO. The
observed increase of calculated binding energy of C(ad) + O(ad) on Mn promoted surfaces
aligns with the higher recombinative desorption temperature seen experimentally (Figure
2.2.1a). Past work by Andreoni and Varma suggests that the boundary between molecular
adsorption and dissociative adsorption of CO is mildly dependent on the molecular CO
chemisorption energy and mostly dependent on the chemisorption energies of dissociated
C(ad) and O(ad).49 Our findings that C(ad) + O(ad) adsorb more strongly to Mn/Co surfaces
align with our measurements showing that increased coverages of Mn on Co have higher
fractions of dissociated CO that then recombinatively desorb at higher temperatures.
These results also suggest that CO is dissociatively adsorbing on our Mn promoted
surfaces, which is in agreement with the RAIRS findings reported here (Figure 2.2.1b).

2.4 CONCLUSION
In summary, Mn annealed and alloyed with Co(poly) was seen to increase the
dissociative adsorption of CO. Infrared spectroscopy showed decreased molecular CO
vibrations on Mn covered surfaces, which is consistent with TPD findings from CO
impingement experiments that showed Mn promoted recombinative desorption of CO.
By holding our sample at temperatures above the molecular CO desorption temperature,
we were able to show minimal change in recombinative desorption intensity, suggesting
that dissociated CO states become populated at low temperature. Lastly, DFT
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calculations show that Mn covered Co(0001) models have increased molecular CO
binding energy and increased C(ad) + O(ad) binding energy, which correlates with the
presence of dissociated CO on our samples. These findings show that metallic Mn
exhibits promoter effects in model Fischer-Tropsch catalysts.
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Chapter 3: Hydrogen Desorption from the Surface and Subsurface of
Cobalt*
3.1 INTRODUCTION
A fundamental understanding of the interaction of hydrogen with metal surfaces is of
great interest for a number of fields ranging from fundamental surface science to materials
science to engineering.50–52 The desire for this understanding comes from the decisive role
that hydrogen typically plays in a number of reactions and processes. For example,
hydrogen-metal interactions are of particular importance in the field of Fischer-Tropsch
catalysis, where there has been debate about the specific role of hydrogen. A number of
papers argue that hydrogen influences the dissociation of carbon dioxide, while others
argue that hydrogen acts as a spectator to the rate determining step.46,47,53 There have been
several theoretical and experimental studies focused on the adsorption of hydrogen to well
defined cobalt model surfaces with the aim of better understanding the role of hydrogen in
different processes.
Of particular interest are the studies looking at hydrogen adsorption to Co(poly),
Co(0001), and corrugated Co(101̅0) in vacuum. Co(poly) is a good model catalyst to
represent multi-faceted high-surface area catalysts, while the (0001) and (101̅0) facets are
the lowest energy Co hcp surfaces.43 On hcp cobalt surfaces, two key hydrogen desorption
features are typically observed. On Co(101̅0), temperature programmed desorption (TPD)
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shows two desorption features at ~ 275 K (1) and between 325-350 K (2).54 Notably, the
1 feature on Co(101̅0) shows a sharp desorption characteristic that has been attributed to
surface reconstruction, while the 2 feature is attributed to recombinative desorption of
hydrogen. Similarly, Co(0001) and Co(poly) show a 2 feature appearing between 350 –
400 K, and a 1 feature appearing anywhere from 200 – 350 K.55–58 The 2 feature has been
shown to be associative H2 desorption, but there has been debate on the nature of the 1
feature. While some claim that the 1 feature is attributed to atomic hydrogen bound to
surface defect sites,56 others claim that defects should produce more strongly bound
hydrogen which would desorb at higher temperatures.55 Lisowski and Christmann have
both suggested the possibility of the contribution of subsurface hydrogen to the 1
feature.55,59,60 The claim of subsurface hydrogen holds some credibility, since Ni (which is
a periodic neighbor of Co) has been shown to stabilize subsurface hydrogen under ultrahigh vacuum (UHV).61–63 Additionally, desorption peaks resultant from subsurface
hydrogen have been seen on other model catalysts, such as palladium surfaces. 64–67 More
interestingly, at higher pressures (near 1 atm), there have been reports of hydrogen
embrittlement of cobalt and cobalt alloys, which would require hydrogen penetration into
the subsurface.68 These findings show that a better understanding of hydrogen adsorption
and diffusion on and in cobalt surfaces is needed to bridge the gap between high and low
pressure regimes.
Along with the above experimental studies, a few theoretical studies have been
performed to investigate the nature of subsurface hydrogen on cobalt surfaces. Klinke and
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Broadbelt performed non-spin polarized density functional theory (DFT) calculations on
hydrogen on Co(0001).69 They saw that while unfavorable, subsurface sites were more
stable than hydrogen bound to top sites. Additionally, Klinke and Broadbelt claimed that
hydrogen adsorption is not coverage dependent, which was later disproven by van Helden
et al.56 Greeley and Mavrikakis performed similar studies with spin polarization and zeropoint energy corrections. Their calculations also showed an unfavorability of hydrogen in
the subsurface, however both of these studies looked only at low coverage of hydrogen on
cobalt.70 Based on these past findings, we aimed to study the coverage dependence of
subsurface hydrogen on cobalt using computational and experimental ultra-high vacuum
techniques.

3.2 COMPUTATIONAL DETAILS
We performed spin-polarized DFT calculations using the Vienna ab initio Simulation
Package (VASP).71–74 The projector augmented wave framework was used to treat
interactions between the core and valence electrons.75,76 Electronic exchange and
correlation were described with the generalized gradient approximation - Perdew-BurkeErnzhof (PBE) functional.77,78 The systems were modelled as 4-layer slabs with a 2 x 2
supercell. The bottom two layers were fixed in their bulk positions, and the top two layers
were allowed to relax freely. A 10 Å vacuum layer was added above and below the slabs
to provide separation. Optimized lattice parameters of a = 2.49 Å and c = 4.03 Å were
determined and are in agreement with experimental values of 2.50 Å and 4.06 Å,
respectively.79 A cut-off energy of 450 eV was used for all calculations. The Brillouin zone
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was sampled with a 9 x 9 x 1 mesh using the Monkhorst-Pack scheme.80 MethfesselPaxton81 smearing was employed with a width of 0.2 eV. The convergence criteria for the
electronic structure and atomic geometry were set to 10 -5 eV and 0.001 eV·Å-1,
respectively. All transition states and energy barriers were calculated using the climbing
image nudged elastic band (Cl-NEB) method,82 where five intermediate images were
generated between the initial and final states. The adsorption binding energies (BEs) were
calculated with respect to the relaxed clean slab (Eslab) and an isolated hydrogen molecule
(𝐸𝐻2 ):
𝐵𝐸 =

1
𝑥
[𝐸𝑠𝑙𝑎𝑏+𝑥𝐻 − 𝐸𝑠𝑙𝑎𝑏 − 𝐸𝐻2 ]
𝑥
2

(1)

With x being the number of hydrogen atoms in the unit cell. To account for coverage effects
on binding energy, we sequentially introduced additional hydrogen atoms to the unit cell.
Three-fold hollow sites were found to be the most stable for hydrogen binding, with fcc
sites being slightly more stable (-0.52 eV for fcc vs -0.48 eV for hcp). Convergence tests
were performed by increasing the energy cut-off, force criterion, and number of layers in
the slab model. No significant changes in the binding energies and barriers ( 0.005 eV) or
the optimized structures were found.
Microkinetic analysis was used to simulate TPD spectra. The rate of hydrogen
desorption was expressed using the Arrhenius expression:
−𝐸
𝑑θ
( 𝑘 𝑇𝑑 )
𝑛
𝑟= −
= θ 𝑣𝑒 𝑏
𝑑𝑡
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(2)

Where  is the coverage of adsorbed species, n is the order of the desorption process,  is
the vibrational prefactor, and Ed is the desorption energy.83 For all cases,  was assumed to
be 1013 s-1. For associative hydrogen desorption, coverage dependent DFT calculated
desorption energies were used based off of a linear fit (Figure S1). For examples involving
subsurface hydrogen, a second desorption energy relating to the associative desorption of
hydrogen from above a subsurface hydrogen was used. After the associative desorption of
two surface hydrogen, subsurface hydrogen then repopulates the vacant surface sites.

3.3 EXPERIMENTAL DETAILS
To study the interactions of hydrogen on a cobalt surface and diffusion into the
subsurface, we performed TPD studies under UHV conditions. All experiments were
performed in a UHV molecular beam surface scattering system with a base pressure of 1.0
x 10-10 Torr, which has been described previously.33 In brief, the apparatus is capable of
generating two separate molecular beams, and is equipped with an Extrel C-50 quadrupole
mass spectrometer, a Bruker Tensor 27 Fourier transform infrared spectrometer with a
mercury-cadmium telluride detector, and a Physical Electronics 10-500 Auger electron
spectrometer (AES). A rectangular polycrystalline cobalt sample (Goodfellow 99.9%) (15
mm x 10 mm x 1 mm) is held in vacuum by spot welded cobalt wires attached to a liquid
nitrogen reservoir to both cool and resistively heat the sample. The sample temperature
was monitored by a K-type thermocouple spot welded to the back of the sample. The cobalt
sample was cleaned with Ar+ sputtering (2000 V accelerating voltage) followed by
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annealing to 950 K for 30 seconds. AES was performed to confirm the cleanliness of the
sample.
Hydrogen dosing experiments were performed by backfilling hydrogen with the
clean Co(poly) sample held at 100 K. For cases using excited hydrogen, hydrogen was
backfilled through a tungsten capillary which was heated via electron bombardment (20
mA emission current). Following hydrogen exposure, samples were resistively heated at 5
K/s to desorb adsorbed species.

3.4 RESULTS AND DISCUSSION
Past computational work by Klinke and Broadbelt, and Greeley and Mavrikakis studied
subsurface hydrogen on Co(0001).23,24 However, their work only considered low coverages
of hydrogen ( = 0.25). To expand upon this work, we calculated binding energies and
diffusion barriers for subsurface H when the surface coverage of H was  = 1.0 (1 H per
surface Co). Our motivation for studying a hydrogen saturated surface comes from past
experimental work by Johnson and coworkers which showed subsurface hydrogen on
Ni(111) at high hydrogen coverages.61–63 To this end, we calculated the transition of a
single H atom from a surface fcc site to a subsurface octahedral site on a Co(0001) surface
both with no additional H ( = 0.25) present and on a H saturated Co(0001) surface ( =
1.0). As seen in Figure 3.1a, a barrier of 0.97 eV is found for the transition from a surface
fcc site to a subsurface octahedral site. The octahedral site has a binding energy 0.76 eV
higher than the surface site, which is 0.24 eV above reference energy level (1/2 EH2 + Eslab),
showing the endothermic nature of the subsurface site. This agrees well with previous work
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by Greeley and Mavrikakis.70 It was also found that the barrier for hydrogen resurfacing is
0.21 eV. Lastly, only a slight perturbation of the Co surface was observed, with a Co atom
above a subsurface hydrogen rising out of the lattice by only 0.04 Å (in the z direction).
This is significantly less than the perturbation seen for subsurface hydrogen on Ni(111)
(where a Ni atom lifts out of the surface by 0.25 Å), suggesting that subsurface hydrogen
in cobalt does not induce significant structural change.84
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Figure 3.1. CI-NEB of diffusion of a single hydrogen from a surface fcc site to a
subsurface octahedral site on a) clean ( = 0.25) and b) hydrogen covered
surface ( = 1.0). The insets show the initial, saddle and final states. White
spheres are cobalt, blue are hydrogen and the dashed line represents the
reference energy level of a clean surface and H2 in the gas phase.

When looking at diffusion into the subsurface on a hydrogen covered surface (Figure
3.1b), it can be seen that the barrier for diffusion is 0.77 eV, which is 0.2 eV lower when
compared to Figure 3.1a ( = 0.25). The binding energy of the subsurface hydrogen is
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found to be approximately 0.13 eV for the hydrogen covered surface as compared to 0.24
eV for  = 0.25, showing a decreased endothermicity of the octahedral site. Lastly, the
barrier for resurfacing of the subsurface hydrogen on the hydrogen covered surface is
slightly higher than for the  = 0.25 case (0.22 vs 0.21 eV). These calculations show that
while endothermic, diffusion of hydrogen into the subsurface and subsequent stabilization
are possible, and more so for hydrogen saturated surfaces.

Figure 3.2. TPD after various exposures of hydrogen with the sample held at 100 K
To study the interaction of hydrogen on our sample, we held our sample at 100 K and
exposed the surface to various coverages of hydrogen. The sample was then heated to 900
K at a rate of 5 K/s to study H desorption from the surface (Figure 3.2). At low coverages
(Figure 3.2, grey curve), it is seen that hydrogen produces a single desorption feature (2)
at 350 K. As the exposure of H2 is increased, this feature increases in size and shifts to
lower temperatures (Figure 3.2, yellow curve). As exposure is increased again, a second
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desorption feature (1) begins to appear at ~215 K. These two features then reach a
maximum intensity between 5 L and 100 L, with no increase in desorption signal observed
above 100 L. At saturation coverages (Figure 3.2, red and black curve), the 1 feature peaks
at ~215 K and the 2 feature peaks at ~305 K. Using Redhead analysis,83 we observe a
difference in binding energy between the 1 and 2 features on a saturated surface of 0.22
eV.
As mentioned above, similar desorption patterns have been observed previously for
polycrystalline cobalt and cobalt (0001).55–57,59,60 The 2 feature, which shows second order
character (decreasing Tmax with increasing coverage) has been attributed to associative
desorption of H2 from the surface. However, there has been some debate regarding the
nature of the 1 feature, which appears to follow a first order desorption mechanism (Tmax
remains constant with increasing coverage). Lisowski suggested that the 1 feature is
comprised of two distinct features on polycrystalline cobalt films.13,14 Of these two peaks,
the lower temperature region within the 1 feature was attributed to hydrogen incorporation
into the subsurface, and the higher temperature feature attributed to defect sites.
Christmann observed a similar 1 feature on Co(0001), and was able to approximate a
desorption energy based on a first order Redhead analysis, but was unable to do further
analysis due to the interference from the 2 feature. In contrast, Westrate et al. saw that the
1 feature appeared almost exclusively on defect rich Co(0001) surfaces.56 Lastly, the small
shoulder seen near 125 K was previously attributed to molecularly adsorbed hydrogen
(most likely at defect sites).59,85 Based upon this previous research, the 1 feature seen in
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Figure 3.2 is most likely associative desorption of atomic hydrogen from surface defects,
which are innately present in our polycrystalline sample. Additionally, as shown by
Westrate et al.,10 the presence of defects can shift the the 2 feature to lower temperatures
as compared to pristine Co(0001) – this is likely observed in the 2 feature seen in Figure
3.2.

Figure 3.3. TPD after various exposures of excited hydrogen with the sample held at 100
K.
To access higher coverages of hydrogen under UHV conditions and better simulate
industrially relevant pressure regimes, it is possible to use excited (vibrationally or
kinetically) molecules or atomic gasses.61–63 To this end, we produced excited hydrogen by
backfilling through a tungsten capillary which was heated by electron bombardment (20
mA emission current).86–88 Exciting the hydrogen in this manner likely produces a mixture
of atomic hydrogen and Exposure to this excited hydrogen should have two effects. First,
higher coverages of hydrogen should be obtainable, which our calculations show relate to
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lower diffusion barriers into the subsurface. Secondly, the high energy of the excited
hydrogen atoms/molecules can assist in overcoming the barriers to subsurface diffusion.
TPD measurements were performed following exposure to various coverages of excited
hydrogen. As seen in Figure 3.3, TPD after an exposure of 5 L of excited hydrogen (grey
curve) produces a feature of similar shape and magnitude as 5 L of unexcited hydrogen
(Figure 3.2, purple curve). However, as exposure is increased up to 500 L, it is seen that
the 1 and 2 features continues to grow in (as compared to with unexcited hydrogen),
suggesting increased surface coverage of adsorbed dissociated hydrogen. This finding is
unsurprising, given that past studies of hydrogen on cobalt surfaces show that under ultrahigh vacuum conditions, typical saturation levels of H2 can be less than  = 0.75.56,89 This
is also consistent with previous work with excited hydrogen. 61–63 When the exposure of
excited H2 is further increased to 1000 L and 1500 L, a sharp feature begins to grow in at
190 K (compared to 215 K for unexcited hydrogen), while the 2 feature remains
unchanged. This new feature at 190 K will be denoted as 1s to simplify our discussion.
Additionally, the 2 feature shifts to a lower temperature (~250 K) as compared to the
saturated 2 seen with unexcited hydrogen (Figure 3.2, ~305 K). This is consistent with the
second order nature of associative hydrogen desorption and the coverage dependent
binding energy of hydrogen on cobalt.55,56 Lastly, the new low temperature feature at 190
K again appears to follow a first order process, with Tmax remaining constant with
increasing coverage from 1000 to 1500 L.
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Since this new 1s feature is continually increasing while the 2 feature is saturated, this
suggests that new sites are being accessed at these high coverages, which are likely
subsurface sites. A similar desorption feature (sharp, low temperature, first order
characteristic) was seen by Johnson et al. for subsurface hydrogen on Ni(111). 61–63
Additionally, similar features are seen for subsurface hydrogen on palladium surfaces.64–67
Notedly, the similarity of the line shape in Figure 3.3 to the work by Ernst et al. could also
suggest surface reconstruction.54 However, the barrier to restructuring found by Ernst et al.
was on the order of 2.5 kJ/mol, and therefore should have been observed without excited
hydrogen. Additionally, hydrogen desorption and concurrent lifting of the reconstruction
is expected to occur at temperatures higher than seen for our 1s feature (~275 K for lifting
vs 190 K observed in Figure 3.3). From this, we conclude that the sharp 1s feature seen at
190 K in Figure 3.3 (red and black curves) is resultant from the presence of subsurface
hydrogen. Lastly, from a Redhead analysis83 of the TPD after exposure to 1500 L of excited
hydrogen (Figure 3.3, black curve), the desorption energy for the feature seen near ~190 K
(1s) is 0.13 eV lower than the desorption energy for associative hydrogen desorption (~250
K, 2).
When looking at the TPD spectra following exposure to excited hydrogen (Figure 3.3),
it is interesting that from 500 L to 1000 L, the area under the desorption curve increases by
only approximately 1%. However, from 1000 L to 1500 L, the area under the desorption
curve increases by ~13%. The similarity in area of the 500 L and 1000 L curves suggests
the coverage that correlates to the formation of subsurface hydrogen occurs between these
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two exposures. Then, as coverage is increased, subsurface hydrogen becomes stabilized.
That is to say, the 190 K feature does not begin to appear until after the 1 and 2 features
(and therefore the surface) saturate. Additionally, since no sharp feature at 190 K is seen
for low hydrogen exposures, we conclude that hydrogen exposure and coverage (and not
necessarily the high energy of the excited hydrogen molecules) are necessary for
stabilization of subsurface hydrogen. While the excited nature of the hydrogen may help
hydrogen to overcome the large barrier to diffusion, the higher coverages resultant from
the excited hydrogen help to stabilize hydrogen in the subsurface. This can be better seen
when looking at the similarity of the 5 L excited hydrogen exposure TPD (Figure 3.3, grey
curve) to the line shape of the TPD following saturation with unexcited hydrogen (Figure
3.2, black curve). Both curves show a similar quantity of desorption (and therefore similar
surface coverage of hydrogen). This shows that at similar hydrogen coverages, excited
hydrogen behaves similarly to unexcited hydrogen.

Table 3.1. Calculated desorption energies per H2 molecule at various coverages () on
Co(0001).
Desorption Energya
(eV/H2)
1.03
1.00
0.97
0.94
0.82

Hydrogen Coverage,
,subsurface (ML)
0.25, 0.0
0.5, 0.0
0.75, 0.0
1.0, 0.0
1.0, 0.25
aDesorption

Energy is calculated as -2BE, where BE is defined as the binding of atomic

hydrogen referenced to gas phase H2 and a clean cobalt slab at infinite separation.
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To better understand the low temperature desorption process and gain insight into the
desorption mechanism, additional DFT calculations were performed on a number of
hydrogen desorption processes from Co(0001). We calculated the desorption energy for
various processes involving surface and subsurface hydrogen and compared them to the
desorption energy for associative desorption from a hydrogen saturated surface (Table 1, 
= 1.0, subsurface = 0.0). The process that best fit the energy difference between the 1s feature
at 190 K and the 2 feature at 250 K was the associative desorption of two surface hydrogen
atoms from a hydrogen covered Co(0001) surface that had 25% subsurface hydrogen ( =
1.0, subsurface = 0.25). This desorption process is illustrated in Figure 3.4. The calculated
difference between hydrogen desorption from a saturated surface ( = 1.0, subsurface = 0.0)
and a saturated surface with 25% subsurface hydrogen ( = 1.0, subsurface = 0.25) was found
to be 0.12 eV. This compares well to the 0.13 eV energy difference found between the 1s
feature and 2 feature for 1500 L of excited hydrogen (Figure 3.3, black curve) using
Redhead analysis.83
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Figure 3.4. Depiction of possible desorption mechanism where two surface hydrogen
(green balls) desorb from two fcc sites with a subsurface hydrogen atom in
an oct site ( = 1.0, subsurface = 0.25). White = Cobalt, Blue = Hydrogen,
Green = Hydrogen
Using the coverage dependent desorption energies calculated from DFT (Table 1),
we simulated TPD for hydrogen on Co(0001) (Figure 3.5). The simulated desorption
spectra show one feature for coverages up to  = 1.0, subsurface = 0.0, which differs from
the TPD spectra in Figure 3.2. This is most likely resultant from the lack of defects in the
Co(0001) model. As discussed above and in detail by others, defects appear to be the
predominant cause of the 1 feature seen with unexcited hydrogen.56 Once subsurface
hydrogen are included in the simulation ( = 1.0, subsurface = 0.25), a sharp low temperature
feature appears (1s). The temperature difference between the two peaks for the case of a
hydrogen covered surface with subsurface hydrogen ( = 1.0, subsurface = 0.25) is 57 K,
which aligns well with the experimental temperature difference of 52 K observed in Figure
3.3 (black curve) for excited hydrogen. The overall shift in the simulated spectra to higher
desorption temperatures is most likely resultant from not including zero-point energy
corrections (which should decrease binding energies by ~0.1 eV) and the tendency of the
PBE functional to overestimate chemisorption energies.90 The agreement between the
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simulated TPD and TPD following exposure to excited hydrogen show that our suggested
mechanism of desorption of hydrogen from above subsurface hydrogen is a likely
contributor to the experimentally observed 1s feature.

Figure 3.5. Simulated TPD spectra for hydrogen on Co(0001). Note: The black and blue
features overlap above 250 K.
3.5 CONCLUSIONS
In conclusion, we show that high coverages of hydrogen increase the rate of
hydrogen diffusion into the subsurface of cobalt. Calculations show that having a hydrogen
saturated surface ( = 1.0) decreases the subsurface diffusion barrier from 0.97 to 0.77 eV
while also decreasing the endothermicity of subsurface hydrogen from 0.24 to 0.13 eV.
These calculations were supported by UHV adsorption experiments where excited
hydrogen was used to increase hydrogen coverage. TPD experiments after excited
hydrogen exposure showed a sharp low-temperature feature which is associated with
subsurface hydrogen. This sharp low temperature feature was only seen once surface
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saturation occurred, and was not seen at low exposures of excited hydrogen. Further DFT
calculations suggest that this feature is the result of associative hydrogen desorption from
a hydrogen saturated surface with a population of subsurface hydrogen ( = 1.0, subsurface
= 0.25). Using the coverage dependent desorption energies for hydrogen on Co(0001) and
the desorption energy of hydrogen from a hydrogen saturated surface with subsurface
hydrogen, we simulated TPD spectra which resembles the experimental TPD following
exposure to excited hydrogen. These findings show that hydrogen coverage promotes
hydrogen diffusion into the cobalt subsurface. This could have important implications for
supported catalysts where high hydrogen exposures (1+ atm) are expected. Future studies
investigating the diffusion of hydrogen into the subsurface of nanoparticles could shed an
important light on the role of subsurface hydrogen in catalytic cobalt systems, or in systems
where treatment by hydrogen is known to induce structural changes.
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Chapter 4: Embedded atom method potential for hydrogen on
palladium surfaces*
4.1 INTRODUCTION
The palladium-hydrogen system has attracted attention from applications ranging
from catalysis to hydrogen purification and storage.1–3 Palladium-hydrogen adsorption
and absorption has also been studied in detail in vacuum, which has provided a
fundamental understanding of the formation of palladium hydrides.64–66,94 However, due
to the importance of the interactions of hydrogen with palladium, either on the surface or
in the bulk, there has been a desire to model these interactions to garner a better atomistic
understanding. An example where such an understanding of the interaction of hydrogen
with palladium, both on the surface and in the bulk, is of importance, is the reductive
pretreatment of palladium catalysts. These pretreatments are typically derived empirically
without a detailed scientific understanding of the atomistic processes that are occurring.
However, since these pretreatment methods occur over long time scales (hours to days),
modern ab initio based computational methods are not capable of directly simulating the
processes. To overcome this issue, empirical potentials such as the embedded atom
method (EAM) can be used to reduce computational costs while increasing the accessible
simulation time.9,10,95 By using an empirical potential to gain atomistic insight into the
evolution of catalytic surfaces, we can move towards tailoring catalytic pretreatments.

*

Ciufo, Ryan A.; Henkelman, G. Embedded atom method potential for hydrogen on palladium surfaces.
Journal of Molecular Modelling, 2020, 26, 198. Ciufo, R. A. conducted all calculations and simulations,
and wrote and edited the paper.
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For the palladium hydride system, a number of EAM potentials have been
developed to study the low () and high () hydrogen content phases. Zhou et al.
developed an EAM potential based on a polynomial fit to the tabulated Pd potential data
proposed by Foiles et al., which was able to predict the  and  phase miscibility gap.96–
98

Park et al. then developed a Pd-H EAM potential which also used a power series to fit

the tabular Pd potential data from Foiles et al.99 Later, Hijazi et al. produced an analytical
EAM potential for the Pd-H system, which was able to predict a number of physical
properties of bulk palladium hydrides.100 Of these analytic potentials, however, there
remains an inability to accurately describe adsorbed hydrogen on palladium surfaces. The
ability to model hydrogen adsorption on Pd surfaces is necessary to model the effects that
hydrogen exposure has on Pd catalysts, as adsorption and surface diffusion are precursors
to diffusion into the bulk.101 Here, we build upon the work by Hijazi et al.100 and fit an
analytic Pd-H EAM potential that can accurately describe the potential energy surface
(PES) of hydrogen adsorbed on palladium surfaces.

4.2 EMBEDDED ATOM METHOD
In the embedded atom method, the total energy of the system can be written as:
𝑁

𝐸𝑡𝑜𝑡

𝑁

𝑁

1
= ∑ 𝐹𝑖 (𝜌𝑖 ) + ∑ ∑ 𝜑𝑖𝑗 (𝑟𝑖𝑗 )
2
𝑖=1 𝑗=1
𝑗≠𝑖

𝑗=1

𝑁

𝜌𝑖 = ∑ 𝑓𝑗 (𝑟𝑖𝑗 )
𝑗≠𝑖
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(2)

(1)

where Etot is the total internal energy, 𝜌𝑖 is the electron density of atom i due to all other
atoms, Fi is the energy to embed atom i into an electron density 𝜌𝑖 , 𝜑𝑖𝑗 is a two-body
interaction potential between atoms i and j, 𝑟𝑖𝑗 is the distance between atoms i and j, and
𝑓𝑗 is the electron density of atom j as a function of the distance from its center. To
describe the Pd-Pd and H-H interactions, we have kept the analytical form proposed by
Hijazi et al.100 where the embedding function for Pd is taken as
𝜌
𝜌 𝑛
𝐹𝑃𝑑 (𝜌) = 𝐹(𝜌𝑒 ) [1 − 𝜂 ln ( )] ( )
𝜌𝑒
𝜌𝑒

(3)

and
𝜌(𝑟) = 𝑓𝑒 𝑒 −𝜒(𝑟−𝑟𝑒)

(4)

where fe is a scaling constant defined by the relationship fe = Ec/ where Ec is the
cohesive energy and  is the atomic volume, re is the equilibrium bond length, and  is a
fitting parameter. The two-body potential for Pd-Pd and H-H are defined as
𝑟
𝑟
−𝛽
( −1)
𝜑𝑃𝑑𝑃𝑑 = −𝜙 [1 + 𝛿 ( − 1)] 𝑒 𝑃𝑑𝑃𝑑 𝑟𝑒
𝑟𝑒

𝜑𝐻𝐻 = 𝐷𝐻𝐻 (𝛽𝐻𝐻 𝑒 −𝛼𝐻𝐻(𝑟−𝑟0,𝐻𝐻) − 𝛼𝐻𝐻 𝑒 𝛽𝐻𝐻 (𝑟−𝑟0,𝐻𝐻) )

(5)
(6)

where , , PdPd, DHH, HH, and HH are all adjustable parameters. The embedding
energy for hydrogen is expressed using the form presented by Hijazi et al. as
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𝐹𝐻 (𝜌) = −𝑐𝐻 (

1
𝑎 + 𝑏𝐻
(𝜌 + 𝜀𝐻 )2+𝑑𝐻 − 𝐻
(𝜌 + 𝜀𝐻 )1+𝑑𝐻
2 + 𝑑𝐻
1 + 𝑑𝐻

+

𝑎𝐻 ∙ 𝑏𝐻
(𝜌 + 𝜀𝐻 )𝑑𝐻 )
𝑑𝐻

(7)

and
𝜌(𝑟) = 𝐶𝐻 𝑒 −𝛿𝐻𝑟

(8)

where aH, bH, cH and dH are fitting parameters, CH and H are positive constants, and H is
a constant with the value 0.054. Lastly, the Pd-H pair potential is expressed using a
Morse potential with the form
𝜑𝑃𝑑𝐻 = 𝐷𝑃𝑑𝐻 (1 − 𝑒 −𝑎𝑃𝑑𝐻(𝑟𝑖𝑗−𝑟𝑜𝑃𝑑𝐻 ) )2 − 𝐷𝑃𝑑𝐻

(9)

where DPdH, PdH, and roPdH are fitting parameters. Here, we keep the Pd-Pd and H-H
terms proposed by Hijazi et al. (eq. 3-6, 8), and set out to fit new parameters for the Pd-H
terms (eq. 7 and 9).

4.3 FITTING PROCEDURE

The parameters in equations 7 and 9 were determined by minimizing the error in
energies and geometries with respect to a set of 10 Pd-H configurations which were
calculated with DFT (details in Computational Details section). The structures used for
fitting included atomic hydrogen adsorbed to an fcc surface site on Pd(111) (H fcc),
hydrogen in a Pd(111) subsurface octahedral site (Hoct), and hydrogen in a Pd(111)
subsurface tetrahedral site (Htetr). In addition to these three local minima, the transition
states between Hfcc → Hoct, Hfcc → Hhcp on Pd(111) and the transition of hydrogen in bulk
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Pd from Hoct,b → Htetr,b (as opposed to the above mentioned subsurface Hoct and Htetr sites)
were used to represent higher energy structures. To capture the local curvature of the HPd interaction, a set of structures were included where the z coordinate of hydrogen was
fixed at 0.1 Å above and below the Hfcc minima on Pd(111). Additionally, the energy of
images to the left and right of the Hfcc → Hhcp transition state were used to capture the
curvature at higher energies and reduce the chance of fitting artificial minima at the
transition states. From the above structures, we were able to capture local minima, local
maxima, and local curvatures in our fitting procedure. A Monte Carlo algorithm,
implemented in Python, was used to minimize the error between the binding energies and
geometries for the above listed minima and the relative energies for the above listed
transition and intermediate states.

4.4 COMPUTATIONAL DETAILS

All EAM calculations were performed with the large-scale atomic/molecular
massively parallel simulator (LAMMPS).102 All density functional theory (DFT)
calculations were performed using the Vienna ab initio simulation package.71–74 For DFT
calculations, the projector augmented wave framework was used to treat interactions
between the core and valence electrons.75,76 Electronic exchange and correlation were
described with the generalized gradient approximation – Perdew-Burke-Ernzhof
functional.77,78 A cutoff energy of 400 eV was used for all calculations. MethfesselPaxton smearing was employed with a width of 0.2 eV.81 All of the training Pd-H slabs
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were modelled as (4x4) unit cells with four atomic layers where the bottom two layers
were frozen in bulk positions. For the PES mapping calculations, a (2x2) unit cell with
five atomic layers was used where the bottom two atomic layers were frozen to bulk
positions. Periodic slabs were separated by 12 Å of vacuum. The bulk Pd-H calculations
were performed with a 2x2x2 unit cell with periodic boundary conditions. For the DFT
calculations, the Brillouin zone was sampled with a 2x2x1, a 5x5x1 and a 11x11x11
mesh using the Monkhorst-Pack k-points scheme for the training slabs, PES mapping
slabs and bulk calculations, respectively.80 All calculations were allowed to relax until the
forces on each atom were less than 0.05 eV/ Å. An optimized lattice constant of 3.89 Å
was used for the EAM calculations and 3.94 Å for the DFT calculations.
The adaptive kinetic Monte Carlo (aKMC) method as implemented in the EON
package was used to simulate the dynamical evolution of hydrogen on Pd(111).103–105
The energy and force of the system were evaluated with our EAM potential. The system
was modelled as a (4x4), six-layer slab with the two bottom-most layers frozen to bulk
positions. The dimer method was used to explore possible reaction mechanisms and
product states.106 At each new state, dimer minimum-mode following searches were
performed until a confidence value for the rate table of 0.95 was reached. The rate
−∆𝐸

constant for each event was computed from the Arrhenius equation 𝑟 = 𝐴 exp ( 𝑘 𝑇 ),
𝑏

where E, T and kb are the energy barrier, temperature and the Boltzmann constant,
respectively. The pre-exponential factor was calculated explicitly from harmonic
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transition state theory where 𝐴 =

𝑖𝑛𝑖𝑡
∏3𝑁
𝑖 𝜐𝑖

∏3𝑁−1
𝜐𝑖‡
𝑖

, where 𝜐𝑖𝑖𝑛𝑖𝑡 and 𝜐𝑖‡ are the positive normal

mode frequencies of the initial and saddle points, respectively. The absorbing Markov
chains method was used to improve simulation efficiency by determining the escape
time from superbasin states.107

4.5 RESULTS

Table 4.1. Fitting parameters for equations 7 and 9 to describe the Pd-H interactions.

DPdH

PdH

roPdH

aH

bH

cH

dH

0.123452

5.583967

1.712318

4.245745

69.595833

0.000104

1.672605

The Pd-H pair potential and hydrogen embedding function are shown in Figure
4.1. The corresponding parameters for the EAM potential (equations 7 and 9) are listed in
Table 4.1. As seen in Figure 4.1a, there is a qualitative difference between the new Pd-H
pair potential and the literature potential.100 The binding energy of the fit is ca. -0.1,
whereas that from the literature100 is ca. -0.45 eV. Additionally, the fit Pd-H pair
potential has a longer equilibrium bond length of 1.71 Å as compared to the literature
value of 1.30 Å.100 This better matches the experimental equilibrium bond length of 1.55
Å for the Pd-H dimer in vacuum.108 It also better matches our bond lengths calculated
from DFT (Table 4.2). As shown in Figure 4.1b, there is also a significant change in the
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hydrogen embedding term; a more positive slope is seen for the fit as compared to the
literature.100 In the low-density region (below  = 7) of the fit potential (Figure 4.1b,
inset), the embedding term is slightly negative, with an energy minimum of ca. -0.08 eV.
Above  = 7, there is a significant repulsive potential energy gradient. The minimal
contribution from the embedding term at low densities (which would be expected for
adsorbed hydrogen) leads to a greater contribution to the total energy from the Pd-H pair
potential. In contrast, the literature100 embedding term results in a significant negative
energy contribution at electron densities below  = 17 (with an energy minimum of -0.24
eV) and only a mild positive potential energy gradient at higher densities . This
significant negative energy contribution at densities up to  = 17 helps explain the
significant stabilization of bulk hydride formation seen in the literature EAM potential.100
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Figure 4.1. Our fit and literature a) Pd-H pair potential and b) hydrogen embedding
term.100
Table 4.2 shows the energy and geometry results from our EAM and DFT
calculations for the structures used to fit our EAM potential. It is seen that there is good
agreement between the EAM and DFT binding energies, geometries and transition state
barriers. The EAM potential shows slight under-binding for surface hydrogen when
compared to the DFT values. In contrast, there is a slight over-binding of subsurface
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hydrogen for the EAM potential when compared to DFT. Finally, the EAM and DFT
calculated transition state barriers align well with each other. To ensure that our EAM
potential can accurately describe regions of the PES that were not included in the training
set, we mapped the PES for Pd(111) using both DFT and EAM. The results, seen in
Figure 4.2, are in good agreement with each other. For both, three-fold hollow sites are
seen to be the most stable, followed by bridge and then top sites. Additionally, smooth
transitions are seen between minima.

Table 4.2. Energies and bond lengths for hydrogen on Pd(111) and bulk Pd. Binding
energies for DFT are relative to a clean Pd(111) slab and ½ H2. Binding
energies for EAM are relative to a Pd(111) slab with hydrogen held at an
infinite distance.
EHfcc EHoct EHtetr
(eV) (eV) (eV)

rHfcc
(Å)

DFT

0.63 0.29

0.28

1.81

EAM

0.57 0.34

0.34

1.76

1.77/2.42 1.68

Hfcc →
Hoct TS
(eV)
0.35

Hoct,b →
Htetr,b TS
(eV)
0.25

Hfcc →
Hhcp TS
(eV)
0.16

1.74/2.32 1.73

0.27

0.23

0.06

rHoct
(Å)

51

rHtetr
(Å)

Figure 4.2. Potential energy surfaces for hydrogen on Pd(111) calculated using a) DFT
and b) our EAM potential. The energy shown is the binding energy (eV) for
hydrogen on the surface at a coverage of  = 0.25.
To test the transferability of the EAM potential, the PES of hydrogen on the
Pd(110) surface was calculated with both DFT and EAM. As seen in Figure 4.3, there is
good agreement between the PES produced from DFT (Figure 4.3a) and the PES
produced from EAM (Figure 4.3b). For the 110 surface, a slight over-binding can be
observed for surface hydrogen using the EAM potential. However, it should be noted that
our EAM potential can accurately describe the pseudo-hollow site as the true minima,
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followed by the short bridge and then the long bridge. This stands out, as EAM potentials
for hydrogen on other metals, such as Cu, have been unable to accurately reproduce the
PES of the (110) surface.109 This finding shows the transferability of our EAM potential
to structures outside of our training set.

Figure 4.3. Potential energy surface for hydrogen on Pd(110) calculated using a) DFT
and b) our EAM potential. The energy shown is the binding energy (eV) for
hydrogen on the surface at a coverage of  = 0.25.

Using our EAM potential, we performed long time scale simulations of hydrogen
diffusion on Pd(111) using the adaptive kinetic Monte Carlo (aKMC) method.103,104 The
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diffusion of a single hydrogen adatom on a Pd(111) surface was modelled at 300 K. The
absorbing Markov chains method was used to improve the efficiency of simulation by
grouping fast transitions into superbasins via a transition counting scheme.30,32 With
this method, the surface diffusion states of hydrogen were treated as a single
superbasin, where individual transitions between the surface H states were lost, but the
transition times out of the superbasin were preserved. The time evolution of the total
energy of hydrogen on Pd(111) can be seen in Figure 4.4. Before 2.8 s, hydrogen is seen
to diffuse across the Pd(111) surface from Hfcc to Hhcp sites by way of bridge sites. There
is also diffusion from Hfcc to subsurface Hoct sites as well as from Hhcp to Htetr sites.
However, before 2.8 s, no transitions are seen between subsurface sites or into the
second subsurface layer – all subsurface hydrogen resurfaces. After 2.8 s, diffusion to
the subsurface was observed, where hydrogen migrates between H oct sites via tetrahedral
sites in the second sublayer (Htetr,b). These transitions are depicted in Figure 4.4c.
To better represent the diffusion of hydrogen into the bulk, a disconnectivity
graph was produced using the minima and transitions from the aKMC simulation (Figure
4.4b).110–113 Briefly, the endpoint of each vertical line in the disconnectivity graph
represent a minimum from the aKMC calculation. A vertex which connects any two
minima indicates the energy of the saddle point that connects the corresponding minima.
A discretization of 0.002 eV was used to distinguish between unique states. In Figure
4.4b, the lower black portion of the graph corresponds to hydrogen diffusion on the
Pd(111) surface. The middle green portion corresponds to hydrogen in the first
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subsurface layer, while the upper blue portion corresponds to hydrogen diffusion into the
second (bulk-like) subsurface layer. From the disconnectivity graph, we see that the
energy barrier to diffuse from a surface adsorbed hydrogen to a hydrogen in the bulk is
ca. 0.49 eV. These results are in agreement with past experimental findings that show
that hydrogen penetration into the bulk of Pd foils is the rate limiting step for hydrogen
absorption, with a barrier of ca. 0.3 - 0.4 eV.114,115
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Figure 4.4. a) The time evolution of the total energy of hydrogen on Pd(111) at 300 K.
inset) magnification of the first 0.003 s. b) A disconnectivity graph from
the 5 unique states visited in the aKMC simulation. Hydrogen states in the
first subsurface are colored green. Hydrogen states in the second subsurface
(bulk like sites) are colored blue. c) Depictions of the states labelled in b and
c where the white spheres are Pd and the blue spheres are H. The black,
green and blue outlines refer to the colors from Figure 4.4b.
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4.6 CONCLUSIONS

Using a set of three local minima, three transition states, and the local curvature
around one minimum and one transition state, we were able to fit an analytic EAM
potential to describe the PES of hydrogen on palladium surfaces. This EAM potential was
able to accurately reproduce the PES for hydrogen on Pd(111) and Pd(110). On Pd(110),
the potential was able to capture the pseudo-hollow site as the local minima. Using the
EAM potential, long time scale dynamics were performed to model hydrogen on Pd(111)
at 300 K. It was seen that for the first 2.8 s, surface diffusion was dominant. Only after
2.8 s was diffusion into the bulk observed, which is consistent with past experimental
findings that showed the bottleneck to hydrogen absorption is diffusion from the surface
into the bulk.
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Chapter 5: Effect of Hessian Matrices on Optimization of Condensed
Matter Systems*
5.1 INTRODUCTION
The most routine task of atomistic modelling is optimization of the geometry of
the system. That is, finding a structural configuration which is a (local) minimum of the
potential energy surface. Numerous optimization algorithms exist, with different methods
being best for different problems.116 One of the most utilized optimization algorithms is
the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm. BFGS iteratively improves an
approximate of the Hessian matrix of the loss function using only gradient evaluations
via a generalized secant method. The search direction, pk, at step k is determined
analogously to the solution of the Newton equation:
𝐵𝑘 𝑝𝑘 = −∇𝑓(𝑥𝑘 )
Where Bk is an approximate to the Hessian of the loss function at step k, and f(xk) is the
gradient of the evaluated function at xk. The new iterate then becomes
𝑥𝑘+1 = 𝑥𝑘 + 𝑎𝑘 𝑝𝑘
where ak is an adequate step length, either chosen by a line search or predetermined
constraints. In short, instead of recalculating Bk at each step, Bk+1 is approximated as
𝐵𝑘+1 = 𝐵𝑘 + 𝑈𝑘 + 𝑉𝑘
with Uk and Vk being rank-one matrices defined as

*

This work performed in collaboration with Naman Katyal. Ryan Ciufo performed all calculations and
wrote and edited the paper. Naman Katyal edited the paper. To be submitted.
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𝑈𝑘 =

𝑦𝑘 𝑦𝑘𝑇
𝑦𝑘𝑇 𝑠𝑘

𝐵𝑘 𝑠𝑘 𝑠𝑘𝑇 𝐵𝑘𝑇
𝑉𝑘 = 𝑇
𝑠𝑘 𝐵𝑘 𝑠𝑘
where
𝑦𝑘 = ∇𝑓(𝑥𝑘+1 ) − ∇𝑓(𝑥𝑘 )
𝑠𝑘 = 𝑥𝑘+1 − 𝑥𝑘

The difficulty with the BFGS algorithm is choosing an appropriate initial guess
for Bk = H0. Most implementations of the BFGS optimizers initialize the algorithm with a
Hessian proportional to a multiple ßI, where I is an identity matrix.117 However,
knowledge of an appropriate scaling factor ß is not necessarily obvious. While not
optimal, these diagonal initializations generally provide a sufficient starting point. One
could conceivably achieve better convergence by starting with a more appropriate choice
of the initial Hessian. A number of studies have given guidelines on what these
approximations can be. From a purely mathematical standpoint, Nocedal and Wright
suggest scaling the starting matrix after computing the first step, but before the first
BFGS update is performed.118 This in turn approximates one of the eigenvalues of
∇2𝑓(𝑥𝑘 ).
Additionally, empirical methods have been suggested for atomic systems, which
attempt to introduce information about the physical properties of the system being
optimized. For example, in the electronic structure community it is common to use
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empirical potentials to generate an approximate starting Hessian which is positivedefinite in all regimes.119 Rondinelli et al. have shown that populating the initial Hessian
with a harmonic approximation for the atomic interactions speeds up convergences. 120
Their work also showed that a compromise between average condition number of the
Hessian and a narrow distribution in eigenvalues produced the best optimization. This
finding emphasizes the general issue with initializing optimizers in general – a good
preconditioner needs to find a middle ground between domain reduction and generality.
The difficulty with finding this middle ground becomes more apparent with the results
from Al-Baali et al. who showed that the true Hessian is not always the optimal one for
the BFGS algorithm,121 while Olsen et al. showed that it is typically better to have the
eigenvalues of the system gradually converge toward the true value.122 Motivated by
these attempts, we aimed to systematically analyze the importance of different elements
of the actual initial Hessian matrix of a system. Our goal was to develop a better
understanding of how these different elements influenced convergence of the BFGS
algorithm for atomic systems both close to and far from the desired minima, which could
then inform the development of better preconditioning schemes for geometry
optimization.

5.2 RESULTS AND DISCUSSION
Our goal was to understand the effect of different elements of the initial
approximate Hessian on optimization performance (defined as the number of force
evaluations required). To do this, we started with a simple test system of bulk FCC
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platinum described by a Morse potential. We generated 100 starting structures which
were perturbed from the FCC starting lattice. Note that the first 23 structures sit within
the harmonic region, while the remainder are outside of the harmonic region.123 To act as
a reference, we benchmarked each structure using a standard Newton’s Method
optimizer, where the full Hessian was calculated analytically for each optimization
step.124 This can be seen in Figure 5.1 (cyan dots), where the structures are ordered by
increasing maximum force (Figure 5.1, black line). For minimally perturbed structures,
within the harmonic region (left side of plot), Newton’s Method performs well. As the
structures become more disordered (right side of plot), it is expectedly seen that more
force evaluations are required to reach a minimum.
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Figure 5.1. Performance of various BFGS initialization schemes for 100 Pt256
structures. The black curve represents the max force on an atom in each
system (right axis).

Our next step was to compare different initialization schemes for the starting
Hessian matrix used by BFGS, followed by a standard BFGS algorithm to update the
Hessian and determine step direction and length (no line search was used in the BFGS
algorithm). Most BFGS optimizers begin by initializing the approximate Hessian as ßI,
where I is the identity matrix and ß is a scalar multiple. In the case of the BFGS
implementation in the atomic simulation environment (ASE),125 the default value for ß is
70. For future reference, we will refer to this as ‘default’ BFGS. As seen in Figure 5.1
(dark blue dots), the default BFGS method can reliably optimize our Pt256 system for all
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structures. For minimally perturbed structures within and near the harmonic region, it is
expectedly seen that BFGS performs worse than the Newton’s Method optimization.
However, for the highly perturbed structures far from the harmonic region, there’s a clear
performance advantage to using BFGS over Newton’s Method. This again can be
expected, since Newton’s Method can perform poorly for non-smooth functions where
the difference between the Newton approximation m k(p) and the true function f(xx+ p) is
1

large, with 𝑚𝑘 (𝑝) = 𝑓𝑘 + 𝑝𝑇 ∇𝑓𝑘 + 𝑝𝑇 ∇2 𝑓𝑘 𝑝 and p being the search direction.118
2

Additionally, for these highly perturbed structures, the Hessian of the initial structure is
not necessarily positive-definite, which can also cause Newton’s Method (as well as
quasi-Newton methods) to become unstable.
Since most BFGS algorithms initialize with a diagonally scaled identity matrix,
ßI, as the starting approximate Hessian,117 we thought it a good assessment to analyze the
performance of starting with the actual diagonal of the Hessian of the starting structure.
The results can be seen as the black dots in Figure 5.1. For a majority of the 100
structures, the performance is similar to that of Newton’s Method. The performance of
the actual diagonal then outperforms Newton’s Method and default BFGS for structures
further away from the harmonic region. Finally, for structures furthest from the harmonic
region, the performance of the actual diagonal becomes drastically worse than default
BFGS. Next, we tested the performance from including the Hessian information for the
diagonal as well as all terms for all neighboring atoms within 3 Å of the central atom. As
noted by Hermes et al., in the electronic structure optimization, the Hamiltonian matrix is
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usually diagonally dependent but the same cannot be said for the hessian matrix.126
Therefore, the motivation is to quantify the necessary off-diagonal elements in the
hessian matrix which can capture the important interaction for specific system. Again, it
was seen that for structures close to the harmonic region, the performance with neighbor
terms is better than for standard BFGS. This aligns with the findings from Rondinelli,
which showed that including information about the local environment can speed up
optimizations.120 However, for most cases, adding more neighbor information results in a
performance decrease upwards of about 50% when compared to using just the actual
diagonal. The performance is seen to quickly become worse than the standard BFGS for
structures further from the harmonic region, with the structures furthest from the
harmonic region performing similarly to those starting with the actual diagonal of the
Hessian.
Finally, we studied how starting with the exact initial Hessian of the starting
structure influenced performance. As seen in Figure 5.1 (red dots), the exact initial
Hessian performs very well for the structures near the harmonic region. In fact, it
performs better than the Newton’s method for the five least perturbed structures.
However, for structures that are moderately to highly perturbed, the optimizer quickly
becomes unstable, and is unable to converge to the local minima, requiring more than the
maximum allotted steps. While the poor performance is rather surprising, this does align
with the results presented by Olsen et al., which showed that a moderate convergence
towards the true eigenvalues of the system was typically preferred.122
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In addition to bulk platinum, we also performed these tests on two systems which
presented with higher complexity for optimization. The first system was a FCC (111) slab
consisting of 190 gold atoms and 96 copper atoms which were randomly alloyed. The
gold-copper interaction was described with the embedded atom method (EAM) potential.
The second system used was a bromine-chlorine dimer intercalated between graphene
sheets. This system was described using density functional theory (DFT). These systems
contain multiple vibrational modes of various magnitudes, which prove difficult to
capture for initialization schemes.
As seen by the maximum atomic force (black curve) in Figure 5.2a, the 25
AuCu256 structures are split into two regimes – those that are slightly perturbed and
those that are significantly perturbed. The behavior of the optimizers in the minimally
perturbed regime follows what was seen for the Pt256 system. As more information is
added to the starting approximate Hessian (Bk), the BFGS optimizer performs better, with
the pure Newton’s method performing the best. In the significantly perturbed regime, the
inverse is generally seen. As more information is added to the initial Hessian,
convergence begins to fail. The default BFGS method performs best (Figure 5.2a, dark
blue dots), followed by Newton’s method (cyan dots). Using the exact starting Hessian
performs the worst. Again, this is similar to what is seen for Pt256 (Figure 5.1) in the
high force regime.
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Figure 5.2. Performance of BFGS initialization schemes for a) 111 slab of AuCu256 b)
Graphene-ClBr. For both, the max force on an atom in the system is plotted
against the right axis

Figure 5.2b shows the performance of the various initialization schemes for a
BrCl-graphene system. The trends seen are analogous to those seen for the bulk Pt256
and 111 AuCu256 systems. Newton’s method generally performs the best (cyan dots).
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Then as more information is introduced to the initial Hessian, performance worsens.
More importantly, as more information is added, the performance becomes more
variable, showing the difficulty with predicting what physical information will be
beneficial for initialization. For example, when initializing with the actual diagonal of the
starting Hessian (black dots), structure 6 outperforms Newton’s method while structure 8
performs the worst out of all initialization schemes. Compare this to the performance of
default BFGS. While it does not show the best performance overall, it performs
consistently and reliably across all force regimes.
This brings us back to the initial questions we asked: What information about the
system is best suited for initializing BFGS. And can any of this information be obtained
for free or easily from the given starting structure? Given that default BFGS with an
initial Hessian of ßI, where ß is a scalar constant, showed the most stable performance
across all test systems, our next goal was to study how the scaling value of ß influenced
performance. There have been a number of suggested ways on how to scale ßI for BFGS.
One of the more common, discussed by Nocedal and Wright, is to start with H 0 = I, and
then rescale I after the first step is computed, but before the BFGS update is performed to
the Hessian. This results in
𝑦𝑘𝑇 𝑠𝑘
𝐻0 ← 𝑇 𝐼
𝑦𝑘 𝑦𝑘
which approximates an eigenvalue of ∇2 𝑓(𝑥𝑘 )−1. In practice, this eigenvalue represents
the steepest decent curvature. When applied, the results from this approach can be seen in
the brown curve in Figure 5.3. For slightly perturbed structures, using the SD curvature
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(brown dots) outperforms the default BFGS method (blue dots). However, in higher force
regimes, the default BFGS outperforms the SD curvature. This finding leads us to
question if there’s a value of ß, either physical or unphysical, that generally performs the
best across the set of structures.

Figure 5.3. Optimization performance for 100 Pt256 structures with different ß scaling
factors, where H0 = ßI

To test this, we varied the value of ß for each structure. Figure 5.4a shows how
values of ß between 1 and 100 effect the performance for the least and most perturbed
Pt256 structures (structures 0 and 99, respectively). Both display a similar response,
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where small values show poor performance. For the least perturbed structure, a ß value
between 11 and 17 displays the best performance, while a ß value of approximately 25
shows the best performance for the most perturbed structure. For values greater than the
optimal ß value, the performance asymptotically levels out as a function of ß. Figure 5.4b
then shows the optimum value of ß which resulted in the fewest optimization steps for the
range of all 100 Pt256 structures. For structures where multiple values of ß produced the
same result, the smallest value of ß is reported. As seen in Figure 5.4b, the optimal value
of ß increases as the structure becomes more perturbed. This suggests a correlation
between the physical structure and the optimal scaling value ß. Figure 5.4b then plots
various properties of the structure and initial Hessian along with the optimal ß value. The
best correlation is seen between the mean eigenvalue of the initial Hessian, and the
optimal ß value. After examining various physical properties, it was found that there was
high correlation between optimal ß value and the mean eigenvalue of the Hessian of the
starting structure (Figure 5.3b, red curve).
Figure 5.3 (orange squares) shows the BFGS performance when starting with H 0
= ßI, where ß is equal to the mean of the eigenvalues of the exact Hessian for the starting
structure. For all structures, the performance when starting with the mean eigenvalue
either matches that of starting with the actual diagonal Hessian, or results in the best
performance of the tested diagonally scaled initialization schemes. That is to say that
scaling ßI with the mean eigenvalue of the system performs well for all regimes. More
importantly, starting with the mean eigenvalue performs the best in the high force regime,
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where previous attempts to introduce physical information to the initialization scheme
have failed. Similar results are seen in Figure 5.2a (orange squares) for the AuCu
structures. Starting with the mean eigenvalue performs similar to starting with the exact
diagonal in the low force regime, but performs as well or better than the default BFGS
initialization in the high force regime.
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Figure 5.4. a) Optimization performance for the least and most perturbed Pt256
structures as a function of ß, where H0 = ßI b) Optimal value of ß for each
Pt256 structure

Remembering that the mean of the eigenvalues of the initial Hessian represents
the average curvature of the system, it is possible to calculate the average curvature by a
finite difference method, where all atoms in the system are slightly perturbed in a random
direction. A force evaluation is then performed to calculate the change in curvature of the
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system. As seen in Figure 5.4 (blue curve), the estimated mean eigenvalue matches well
with the actual mean eigenvalues. When used to scale in the initial Hessian, the results
can be seen in Figure 5.3 (grey triangles). For most cases, the estimated mean eigenvalue
requires one additional step when compared to using the mean eigenvalue of the exact
Hessian. This is due to the force evaluation required to perform the finite difference
calculation. Similar performance is observed for the AuCu256 system (Figure 5.2a, grey
triangles), showing the robustness of scaling the initial Hessian with the mean eigenvalue
of the system.

5.3 CONCLUSION

Overall, we found that adding off-diagonal information to the starting Hessian for
BFGS optimizers does not necessarily correlate to increased performance unless the
system is close to the harmonic region. For systems further from a local minimum, where
the Hessian of the starting structure may not be positive definite, additional information
about the curvature leads to poor optimization performance. This is seen when adding
both diagonal and off-diagonal Hessian elements. Overall, it was seen that scaling the
Hessian diagonally with a constant performed the most consistently across structure
regimes. From this, we analyzed how diagonal scaling influenced the performance for
BFGS, and saw that scaling H0 = ßI with the mean of the eigenvalues of the initial
Hessian provided improved optimization speeds as well as stable performance across all
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force regimes. Lastly, we showed that the mean eigenvalue could be calculated via a
random displacement of all atoms, at the cost of one additional force evaluation.

5.4 COMPUTATIONAL DETAILS

Bulk platinum systems were described using a Morse potential 𝑉(𝑟) =
2

𝑈0 (1 − 𝑒 −𝛼(𝑟−𝑟0) ) , where U0 = 0.7102,  = 1.6047, and r0 = 2.8970. The cutoff distance
for all pair interactions was set to 9.5 Å. The set of Pt256 structures used is available on
optbench.org.123 Gold-copper systems were modelled as a FCC 111 slab, with 8 Å of
vacuum above the surface. Atomic interactions were described using the embedded atom
method generated by Zhou et al.127 Graphene-Chlorine-Bromine systems were modelled
using spin-polarized density functional theory within the Vienna ab initio Simulation
Package.71–74 The projector augmented wave framework was used to treat interactions
between the core and valence electrons,75,76 while the electronic correlation and exchange
were described with the Perdew-Burke-Ernzhof functional.77,78 A cutoff energy of 400 eV
was used. The Brillouin zone was sampled around the Gamma point. All optimizations
were performed until the forces on all atoms were less than 0.01 eV/Å.
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Chapter 6: PyAMFF: Pythonic Atomistic Machine Learning Force
Field*
6.1 INTRODUCTION
The use of atomistic calculations to study condensed matter systems has become
commonplace for determining structures, barriers, reaction pathways and transition states
of complex systems.11,13 These calculations are typically performed with an ab initio
method, which returns high accuracy at the tradeoff of high computational cost. From
these routine calculations, researchers have amassed large quantities of data representing
the potential energy surfaces (PES) of the systems being studied. The PES, as defined by
the Born-Oppenheimer approximation,128 describes the potential energy (and force) of the
system as a function of atomic position. A number of researchers have taken advantage of
these large datasets and applied machine learning methods to approximate the potential
energy surfaces for various atomic systems by fitting a relationship between the atomic
positions and energy. Some examples include, but are not limited to, AMP,16 DeePMDkit,129 and RuNNer.12–15,17 These methods have shown some remarkable success.
Although they ultimately trade off accuracy for speed, they allow for larger and longer
calculations to be performed.130
Of the above mentioned machine learning methods, one that stands out for its
versatility is the Behler-Parinello neural network (BPNN).12–15,17 This approach attempts
to represent the PES from the individual many-body atomic contributions. This is done

*

This work performed in collaboration with Jiyoung Lee, Naman Katyal, and Dr. Lei Li. R.A. Ciufo,
Jiyoung Lee and Lei Li contributed to the code. To be submitted.
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by creating a sub-neural network (NN) for each atom type, which takes a descriptor as an
input, and outputs an atomic energy. The atomic energies are then summed to produce a
total energy. The purpose of the input descriptors is to describe the energetically relevant
local environment of each atom. These modifications to the standard NN structure allow
for a higher degree of transferability of the network, while also being applicable to
systems of various sizes.
The contribution of this current work is to provide a framework, named the
Pythonic Atom-Centered Machine Learning Force Field (PyAMFF), which is built off of
the BPNN concept and allows for easily and quickly calculating descriptors, fitting neural
network potentials, and utilizing said potentials to calculate energies and forces in a
transferable manner. PyAMFF utilizes a unique method for calculating gaussian
descriptors, PyTorch for rapidly training neural networks, and a Fortran backend for
efficiently evaluating energies and forces from the trained force field. PyAMFF trained
force fields can be implemented with an Atomic Simulation Environment (ASE)
calculator, or directly with the EON code,105 which allows for a number of long-timescale
simulations to be performed at reasonable cost with high accuracy. The goal of PyAMFF
is to not only allow for easy construction of machine learning force fields, but to provide
a platform upon which fundamental neural network studies can be performed.
The manuscript is organized as follows: Section 6.2 describes the atom-centered
machine learning algorithm used in PyAMFF. Sections 6.3-6.6 provide details on the
PyAMFF code framework, and describes how force fields are trained and utilized. In
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Sections 6.7 and 6.8, the performance of PyAMFF is presented. Finally, Section 6.9
reports experimental results for a Pd13H2 system, including the use of PyAMFF for longtimescale simulations.

6.2 THEORY
The main theories employed by PyaMFF have been described in detail
elsewhere.12–17 In brief, PyAMFF makes use of modified Behler-Parrinello (BP)
symmetry functions as input to the neural network model.12,130 BP symmetry functions
allow for a rotationally and translationally invariant description of local environments,
that can then be mapped to energies and forces using the neural network model. Both
radial (G1) and angular (G2) terms are constructed for pairs and triplets, respectively:

𝐺𝑖𝐼 = ∑𝑎𝑙𝑙
𝑗≠𝑖 𝑒

−𝜂

(𝑅𝑖𝑗 −𝑅𝑠 )
𝑅2
𝑐

2

𝑓𝑐 (𝑅𝑖𝑗 )

(1)

𝜁
𝐺𝑖𝐼𝐼 = 21−𝜁 ∑𝑎𝑙𝑙
𝑗,𝑘≠𝑖 (1 + 𝜆 cos(𝜃𝑖𝑗𝑘 − 𝜃𝑠 )) ×
𝑗≠𝑘

𝑒

−𝜂

2
2
(𝑅2
𝑖𝑗 +𝑅𝑖𝑘 +𝑅𝑗𝑘 )
𝑅2
𝑐

𝑓𝑐 (𝑅𝑖𝑗 )𝑓𝑐 (𝑅𝑖𝑘 )𝑓𝑐 (𝑅𝑗𝑘 ) (2)

where
0.5 ∙ [cos (

𝑓𝑐 (𝑅𝑖𝑗 ) = {
0

𝜋𝑅𝑖𝑗
𝑅𝑐

) + 1] for 𝑅𝑖𝑗 ≤ 𝑅𝑐
for 𝑅𝑖𝑗 > 𝑅𝑐

(3)

Both functions have their centers positioned at R s and s, respectively. Once generated,
the symmetry functions are fed into a neural network for their particular atom type to
calculate the energy and force contribution from each respective atom. The energies are
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then summed to produce the total energy of the system. This structure allows for a more
flexible potential to be generated, that isn’t dependent on the ordering of the atoms being
fed into the network. After a forward pass through the network, the calculated forces and
energies are then compared to the target energies and forces of the training set, and a loss
value is generated following equation 4. Back propagation through the network then
calculates the gradient of the weights and biases, which are used to update the model
according to the respective optimization scheme.
𝐿𝑜𝑠𝑠 =

𝑇𝑟𝑢𝑒

𝐸
∑𝑀 {( 𝑗
2 𝑗=1
𝑁
1

𝑗

𝐸𝑗

2

𝑁

𝑎

𝑗
𝑇𝑟𝑢𝑒
(𝐹𝑖𝑘
− 𝑁 ) + 3𝑁 ∑3𝑘=1 ∑𝑖=1
− 𝐹𝑖𝑘 ) }
𝑗

𝑗

(4)

Figure 6.1. A schematic overview of the atom-centered neural network applied for each
element in the training system.
6.3 THE PYAMFF CODE FRAMEWORK
The PyAMFF code is mainly written with Python and Fortran. Figure 2
schematically represents the layout of the code. As described in section 2, PyAMFF
77

currently uses Behler-Parrinello atomic fingerprints12 to describe the pair and triplet
interactions of input images and fit numerical relationships between structural
information and the DFT-calculated energy and force using a back-propagating neural
network (BPNN) supported by Pytorch.131
Once a set of training structures with energies and forces is supplied and userdefined settings are configured, PyAMFF calculates neighbor-lists and pair/triplet data
for each atom in each training structure. The pair/triplet information is then passed from
our neighbor-list module to our fingerprint module, where fingerprint and fingerprint
derivatives (or fingerprint only if force calculation is not requested) are calculated and
stored to disk. To improve performance, PyAMFF supplies both a python fortran module
for both neighbor-list and fingerprint calculations.
Once calculated, the symmetry functions go through the data-processing module,
which is responsible for normalizing the fingerprint functions for input to the BPNN
model. Finally, all these data are passed to the ML module for data training, testing, and
evaluation.
After a robust model is optimized, our calculators can predict the energy and
forces of a given structure by reading the saved weights and architectural information of
the network. Currently, PyAMFF supports both an ASE-compatible calculator as well as
EON. For details, see Section 6.5 and 6.6, respectively.
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Figure 6.2. Schematic representation of the PyAMFF code. The modules in the dotted
red box are available in both Python and Fortran, for added performance.

6.4 TRAINING FORCE FIELDS
To obtain an accurate ML potential, a large number of training images are
typically required, which increases the computational complexity of the fitting. For high
performance, PyAMFF parallelizes the training process via the distributed
multiprocessing module of Pytorch.131 The model is replicated across N processes, while
M batches are trained by each process (see Figure 6.3a). Both the number of processes
and batches can be controlled via user-supplied flags. Its performance evaluation is
reported in Sections 6.7 and 6.8 In addition to parallel training capabilities, PyAMFF
allows for the batching of fingerprint calculations, to account for system memory
79

constraints. Lastly, in addition to being trained on CPUs, PyAMFF can be trained using
GPUs, for a significant performance increase. This capability again relies on the tools
supplied by Pytorch.
Once the images are distributed accordingly, PyAMFF initiates an untrained
neural network model. Utilizing PyTorch, the force and energy are predicted for each
image, the loss value is calculated, and the network is updated based on the respective
optimization scheme. PyAMFF will train in parallel until the model is converged to set
energy or force criteria, or the user-defined maximum number of epochs is reached. After
a run, PyAMFF saves the last model as two different file formats, “pyamff.pt” and
“mlff.pyamff”, which can be used by our built-in calculators or to restart training. Note
that “.pt” is a pyTorch readable format and “.pyamff” is a user-readable format.

6.5 ASE COMPATIBLE CALCULATOR
PyAMFF supports a built-in ASE-compatible calculator that can predict energy
and force of a given structure using a trained machine-learning model.125 For modularity,
we provide both python and Fortran based calculators. The python calculator can be run
in either pure python, or with Fortran for the most intensive calculations. The Fortran
calculator, however, runs entirely in Fortran, except for the python wrapper which
interfaces with ASE. That is, the entire process from reading the trained network
parameters to predicting energy and force are fully performed via Fortran module. This
calculator does not rely on PyTorch for evaluating the neural network.
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To use a calculator, the trained ML model parameters should be read from a file
in a format of either “.pt” for the python calculator or “.pyamff” for the Fortran version.
The python and Fortran calculator can be imported and initialized respectively as follow:

from pyamff.aseCalc import aseCalc
calc = aseCalc(‘./pyamff.pt’)

from pyamff.aseCalcF import aseCalcF
calc = aseCalcF()

Once initialized, both calculators inherit the methods of an atom object in ASE,
such as set_calculator, get_potential_energy, and get_forces.

6.6 FORTRAN MODULE FOR EON
One of key features of PyAMFF is that the trained ML potential can be utilized
for modeling dynamics of atomic scale systems over experimental time scales with our
EON code.105 EON supports the adaptive kinetic Monte Carlo (AKMC) method which
can achieve long time scale dynamics within computationally reasonable time by finding
relevant transitions on the fly instead of finding an event from rate tables of all possible
transitions.103,104 While the availability of a reliable and inexpensive force field is a
significant challenge for the method, ML potentials have become a good candidate due to
their DFT-accuracy with orderes of magnitude lower computational cost. To take a full
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advantage of it, we built a pure Fortran module for PyAMFF that can be executed by
EON. The actual application and its performance validations are discussed in the
following sections.

6.7 PARALLELIZATION OF TRAINING

Figure 6.3. (a)Schematic illustration of parallelization for training in PyAMFF. (b) The
variation of execution time and maximum memory size used for training
with number of processes (𝑛𝑝𝑟𝑜𝑐) and number of batch (𝑛𝑏𝑎𝑡𝑐ℎ).
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Figure 6.3a shows framework of parallelization algorithm applied in PyAMFF to
speed up the training process. The PyAMFF code first splits the training dataset to
𝑛𝑃𝑟𝑜𝑐 × 𝑛𝑏𝑎𝑡𝑐ℎ batches, where 𝑛𝑃𝑟𝑜𝑐 define the number of processes. Each time 𝑛𝑃𝑟𝑜𝑐
batches, corresponding to one column of batches in Figure 1a, are imported to processors
for loss evaluation. The total loss is calculated upon looping over 𝑛𝑏𝑎𝑡𝑐ℎ columns of
batches. In such parallelization algorithm, 𝑛𝑃𝑟𝑜𝑐 and 𝑛𝑏𝑎𝑡𝑐ℎ can be used to manage the
computational efficiency and memory usage are respectively.
To test the parallelization efficiency, we ran a training job with 2000 images of
Pd13H2 nanoparticles for 1000 epochs. One hidden layer with 50 neurons is used in the
neural network model. The optimized fingerprints as stated in Ref. are adopted. The left
panel of Figure 6.3b presents variation of training time and the corresponding speedup with
𝑛𝑃𝑟𝑜𝑐 (𝑛𝑏𝑎𝑡𝑐ℎ=1). Speedup is a number used to measure the parallelization efficiency
relative to the sequential execution and defined as follows.
𝑠𝑝𝑒𝑒𝑑𝑢𝑝 =

𝑟𝑢𝑛𝑡𝑖𝑚𝑒 𝑜𝑓 𝑠𝑒𝑞𝑢𝑒𝑛𝑡𝑖𝑎𝑙 𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛
𝑟𝑢𝑛𝑡𝑖𝑚𝑒 𝑜𝑓 𝑝𝑎𝑟𝑎𝑙𝑙𝑒𝑙 𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛

The training time is largely reduced for 𝑛𝑃𝑟𝑜𝑐 increasing from 1 to 15. In that range
of 𝑛𝑃𝑟𝑜𝑐, the speedup is linearly correlated with 𝑛𝑃𝑟𝑜𝑐. A maximum computational
efficiency is reached at 𝑛𝑃𝑟𝑜𝑐 = 20. The further increasing of the process number leads
to a slow loss of computational efficiency and an inverse linear relationship is observed
between speedup and 𝑛𝑃𝑟𝑜𝑐. That results from more frequent data loading processes
involved.
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Another common issue in a machine learning algorithm is the memory leakage
problem due to large datasets. In PyAMFF, 𝑛𝑏𝑎𝑡𝑐ℎ is used to manage the memory usage
during a training process. The right panel of Figure 6.3b presents the maximum memory
usage and the calculated scaledown parameter with 𝑛𝑏𝑎𝑡𝑐ℎ. Similar to the definition of
speedup, the scaledown parameter is used to measure scaling efficiency of memory usage
relative to execution with 𝑛𝑏𝑎𝑡𝑐ℎ = 1 and calculated with the following equation.
𝑠𝑐𝑎𝑙𝑒𝑑𝑜𝑤𝑛 =

𝑚𝑒𝑚𝑜𝑟𝑦 𝑢𝑠𝑎𝑔𝑒 𝑜𝑓 𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 𝑤𝑖𝑡ℎ 𝑛𝑏𝑎𝑡𝑐ℎ = 1
𝑚𝑒𝑚𝑜𝑟𝑦 𝑢𝑠𝑎𝑔𝑒 𝑜𝑓 𝑒𝑥𝑒𝑐𝑢𝑡𝑖𝑜𝑛 𝑤𝑖𝑡ℎ 𝑛𝑏𝑎𝑡𝑐ℎ > 1

6.8 ENERGY AND FORCE EVALUATION

Figure 6.4. Computational cost as a function of (left) number of G2 functions for a Au309
cluster and (right) number of atoms in a gold nanoparticle
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The scaling relationship between computational cost and system size is an
important criterion for efficiency evaluation of computational methods. As stated
previously, a pure Fortran-based PyAMFF calculator is implemented in our code to ensure
fast evaluation of energy and force. Here, we tested dependence of computational cost on
number of fingerprints and number of atoms by evaluating energy and force of Au
nanoparticles with a respective pre-trained PyAMFF force field (Figure 6.4).
Computational cost dependence on the fingerprint number is tested by varying number of
𝐺 𝐼𝐼 that is considered as the most time-consuming part during fingerprint calculation. As
shown in Figure 6.4, the computational cost exhibits linear dependence on the number of
𝐺 𝐼𝐼 fingerprints. The force evaluation for Au309 with 200 𝐺 𝐼𝐼 took only 1.3 × 10−5 s, which
is much faster than DFT methods. Next, cost dependence on system size is performed by
evaluating force and energy of icosahedron Au nanoparticles with number of atoms ranged
from 13 to 923. It clearly shows that computational cost increases linearly with increment
of number of atoms. This demonstrates that the Fortran calculator of PyAMFF has a linear
scaling relationship with both number of fingerprints and system size. That ensures
extensibility of our code to large systems.
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6.9 PALLADIUM-HYDROGEN TEST SYSTEM

Figure 6.5. Comparison of the energy (left) and forces (right) evaluated by the PyAMFF
model with the reference DFT values. The red and green dots represent
values of the training and test data, respectively.

In our previous study,130 we optimized fingerprints and trained an ANN force field
for the Pd13H2 nanoparticle with the AMP package.16 Here, we adopted the same
fingerprints as used in Ref. 10 (36 𝐺 𝐼 s and 12 𝐺 𝐼𝐼 s) as well as training and test data to
evaluate performance of our PyAMFF code for force field training (refer to Ref. 10 for
more details). Figure 6.5 shows the predicted energy (left) and forces (right) of the training
and test data from the PyAMFF model against the reference DFT values. The energy and
forces for both training and test data are distributed tightly along the y=x line. The
calculated RMSEs of the energy and forces for the training data are 0.129 eV/image and
0.099 eV/Å, respectively. Those for the test data are 0.134 eV/image and 0.102 eV/Å,
respectively, which is slightly larger than RMSEs of the training data. Overall, the trained
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PyAMFF model exhibits very similar performance as the ANN model obtained from the

Energy (eV)

AMP package.

Time (ns)
Figure 6.6. Time evolution of the total energy from an AKMC simulation of the Pd13H2
nanoparticle at 300 K using PyAMFF and EON.
Lastly, we performed AKMC simulations to compute the dynamical evolution of a
Pd13H2 nanoparticle at 300 K, using the PyAMFF force field that is described above. When
compared to results reported previously using AMP in Ref. 10, the same trend is seen. The
nanoparticle undergoes a structural transition accompanied by diffusion of the hydrogen
atoms on the surface. Importantly though, by using PyAMFF, we were able to run AKMC
for 18 nanoseconds, while the same system using AMP was only able to run for 100
picoseconds. This demonstrates the performance increase available by using PyAMFF’s
pure Fortran module in EON.

87

6.10 CONCLUSION
Here we reported the development of a new software package called the Pythonic
Atomistic Machine Learning Force Field, or PyAMFF for short. PyAMFF utilizes a
modified Behler Parinello Neural Network to train interatomic potentials for large datasets
of atomistic information. PyAMFF is built with both Python and Fortran modules, to allow
for significant speed up. Additionally, we have implemented a parallelization scheme
which minimizes the typical memory leakage seen when calculating fingerprints for and
training large datasets. Lastly, we reported the performance of PyAMFF for various
systems. PyAMFF not only provides a basis upon which interatomic potentials can be fit
and used, but also provides a framework for systematically studying the physical aspects
of neural networks and potential energy surfaces.
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