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ABSTRACT

THAPA, RAJENDRA , Ph.D., December 2022, Nanoscale and Quantum Phenomena
Institute

Order-Within-Disorder:-Theory-and-Simulation-of- Amorphous-and-Carbonaceous

Materials (112 pp.)
Director of Dissertation: David A. Drabold

Despite the long standing history of the research, production, and application of
amorphous and glassy materials, generating good quality models still remains a challenge.
The challenge arises from the inherent lack of the long range order, characteristic of
crystals, in amorphous materials. Researchers have developed various techniques to create
models of amorphous materials ranging from random Monte Carlo to classical molecular
dynamics and from ab initio to the most recent machine-learned methods. In this
dissertation, we apply force enhanced atomic refinement (FEAR) whereby experimental
information from diffraction measurements are used jointly with ab initio density
functional theory (DFT) based energy minimization to produce models of various
amorphous materials that agree with diffraction data and are a suitable energy minimum of
the chosen interatomic potential functions. By generating models of metal oxides and
chalcogenides, we show that this method is broadly applicable to amorphous material if
the experimental diffraction data is available. We used this to study the annealing induced
changes in the structure of ZrO,-Ta,0s, a potential candidate for mirror coatings for the
Laser Interferometer Gravitational-wave Observatory (LIGO) interferometer mirrors. We
find that annealing increases the fraction of corner-shared metal-oxygen polyhedra in this
material. Motivated by interest in carbonaceous materials, we studied the graphitization of
carbon at temperatures near 3000 K. For the first time, we accurately simulate the process
of graphitization and the mechanisms of layering. We have seen that individual layers of

amorphous graphite are topologically disordered with some pentagon and heptagon



carbon rings and have studied the effects of this disorder on charge density distribution,
electronic density of states, and electronic conduction. The study of carbonaceous
materials was extended to study the reactivity of carbon surfaces to different atmospheric
gases. To gain a better insight into the structure of the carbon foams, we developed a
foaming algorithm and studied the dependence of porosity, density, and pore radius on the

fraction of different hybridization using machine-learned interatomic potentials.
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1 INTRODUCTION

1.1 Background and Survey of the Thesis

Amorphous and glassy materials have wide application and thus attract vast research
interest. Since these materials lack long range periodicity, characteristic of crystals, the
understanding of the structure is challenging. For crystals, structural characterization is
relatively easy with diffraction experiments because crystalline order manifests as sharp
intensity Bragg peaks at well-defined locations. However, the lack of such periodicity in
amorphous materials produces broad peaks, making the characterization less subtle.
Having said that, one should take care to not think of amorphous materials as having a
random arrangements of atoms as in gases. They always have a well defined short range
order (usually up to 5 A).

Carbonaceous materials appear everywhere in nature: from the human body to plants
and from coal to diamond. The ability of carbon atoms to be bonded with different
coordination is the main reason behind the incredible variation manifested by carbon
materials. Carbon materials have widespread applications ranging from Lithium-ion
battery anodes to jewelry and from wall siding materials to nuclear reactors. Recently, the
green use of coal has attracted a lot of interest. One such application is the practical
utilization of carbon foam.

The principal focus in this thesis involves simulating models of various amorphous
and carbonaceous materials of scientific and industrial importance. We have studied
amorphous carbon over a wide range of density using ab initio MD as well as
machine-learned interatomic potentials [5, 6]. The machine learned potentials offered
linear scaling of computer time with system size and gave us the liberty to work with
large models with accuracy close to DFT level. Using ab initio MD and machine-learned

techniques, we studied the structural transformation of non-crystalline carbon in a certain
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density window into amorphous graphite. We have used MD simulation to understand the
structure and properties of carbon surfaces and their reactivity to different atmospheric
gases. We used ML potentials to make models of carbon foams using a foaming algorithm
developed in the course of this dissertation.

FEAR was used to study subtle changes in the structure and thereby properties of
interest arising from annealing induced effects on a potential mirror coating on LIGO
interferometer mirrors [7]. In addition to that, FEAR was used to study the GeSe glasses
in the intermediate range [8].

The rest of the sections in this chapter has been coauthored by D. A. Drabold, and R.
Thapa and published as Thapa, R. and Drabold, D. A. (2022), Ab initio Simulation of
Amorphous Materials, in Atomistic Simulations of Glasses (eds J. Du and A. N.

Cormack) [9].
1.2 Big Picture

Experiments determine our state of knowledge about the physical world, and come in
all shapes and sizes. Diffraction of X-rays, neutrons or electrons convey essential
information about local ordering of atoms, EXAFS gives specific information about local
structural order derived from the electronic structure of the system. The electronic density
of states can be indirectly measured by photoemission experiments or inferred from
optical absorption. The electronic tail states are built from valence and conduction states
near the Fermi level and are the key to doping, transport and optics. The vibrations of the
network are essential to understanding thermal and mechanical properties.

We argue then, that to understand disordered phases of condensed matter, a full set of
experiments and realistic computer models are required. Naturally, obtaining
“convergence” between experiments and theory is necessary and can sometimes be an

iterative process. As a point of logic, the more experiments we have, the more information
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we possess about the material. The information intrinsic to a neutron diffraction
experiment is very different than a measurement of optical absorption or v ibrations. In
principle, as each new experiment is performed, we should create models anew to jointly
satisfy all the experiments. And it is not uncommon to find that one experiment is
relatively “easy” to represent and others might be quite difficult. We show that usually
highly accurate “ab initio” interatomic interactions are required for these complex

systems.
1.3 The Limits of Experiment
1.3.1 The Scourge of Averaging

Most measurements on materials involve macroscopic numbers of atoms, and thus
are an average over myriad local environments, hence the smoothing (compared to
crystals) of measured observables. Local probes of materials are important and are
especially relevant to amorphous materials if the spatial resolution of the experiment is
fine enough to detect variation in local e nvironments. Perhaps the ultimate example of a
local probe is atomic resolution scanning tunneling microscopy (STM). Techniques like
micro Raman can probe materials on a ca.1 micron length scale. Obviously enough, all
“spectroscopic” techniques face related challenges: to get a measurable spin-resonance,
Raman, IR... signal, many atoms are needed to enable the measurement, and the signal is
necessarily averaged over these. Electronic and transport measurements suffer
analogously. So for disordered systems, experiments do not usually offer direct
information about atomic scale disorder, but instead provide “sum rules” (structural,

electronic, and otherwise) that a good computer model must satisfy.
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1.3.2 Diffraction

For crystals it is usually possible to “invert” the structure from diffraction
measurements. The intuitive reason is that the information contained in a palisade of
Bragg peaks [10] is vast — mathematically speaking it is approximately a collection of
Dirac ¢ functions with intensity and energy precisely defined. By contrast, the diffraction
structure factor S (g) (or the pair-correlation function g(r)) is smooth and the information
is commensurately reduced. For sufficiently large distances in space, g(r) asymptotically
approaches unity, implying no further structural information. Protein crystallography is
one of the great triumphs of modern science, with more than 100,000 entries in the Protein
Database and 20 Nobel Prizes [11]. Yet this glittering success depends entirely on the
incredible possibility of crystallizing the proteins, and thus cannot help us with our
non-crystalline systems.

Diffraction data provides only pair correlations, and it is also blind to chemical order:
only the total structure factor is usually measured, so that in a material with (say) two
atomic species, we get information about all pair distances with no chemical specificity.
The clever and successful method of isotopic substitution [1] of Salmon’s group at Bath
exploits the fact that neutron scattering lengths can depend strongly on the particular
isotope present and thus enables the extraction of partial pair correlations. The method is
an important advance, but is not always readily applied to arbitrary materials (since it
depends on the availability of possibly rare isotopes to fabricate samples large enough to
produce high quality diffraction data). Satisfying diffraction data is necessary but certainly

not sufficient to guarantee that a computer model is realistic.
1.3.3 Spectroscopic Information

A wide variety of spectroscopic experiments are available and provide valuable

information about materials. Meaningful comparisons with models require accurate
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computations of the electronic, optical and possibly vibrational properties of the computer

models. And of course spectroscopic methods are subject to the scourge of averaging!
1.4 Synergy between Experiment and Modeling

Disordered materials are a classic arena for the interplay between experiment, theory
and simulation. While we have criticized the limitations of information carried by
experiment, there are serious limitations in modeling too (systems so small that they are
not obviously physically relevant or adequately sampling the local bonding environments
— the opposite of the “averaging” charge lodged above against experiments), inaccuracies
in atomic interactions, basic challenges to computing physical observables reliably (as for
example accurately computing an optical spectrum), simulation times that are many orders
of magnitude removed from all but the fastest spectroscopies. We face a difficult limit: we
need accurate interactions, large systems and often extended (say nanosecond) simulation
time or a thorough exploration of configuration space that will sample representative local
structures. Every “computational knob” should be on maximum for these calculations.

Thus, the respective warts of the experiment and modeling paradigms are limited in
opposite ways and if we can bridge the gap between them, then we can gain new and
reliable insight into these materials and learn about the limitations of the methods

themselves [12].
1.5 History of Simulations and the Need for ab initio Methods

The first recognizable MD simulation was carried out by a Swedish astronomer, Erik
Holmberg during the second World War [13]. He took advantage of the identical radial r2
dependence of the light intensity with distance from a point source, and the gravitational
force to enable simulations based upon an “optical analogy” of the gravitational
interaction. Holmberg constructed a clever apparatus in which two groups of 37 lamps

each (each lamp representing a star, each group representing a galaxy) interacted optically,
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and the light intensity at each lamp (“star””) was measured with selenium photocells. Since
the light intensity was proportional to the interstellar forces, the time evolution of a
galactic collision could then be simulated, and Holmberg was able to see spiral arms and
draw inferences about galactic scattering and capture probability.

Early simulations of liquids and materials used ad hoc potentials and moved atoms
according to classical mechanics (Newton’s second law). The primitive computers (and
smart scientists) of the time could directly simulate the dynamics of systems with
hundreds or thousands of atoms or molecules [14]. While the potentials were crude by
modern standards, an impressive amount was learned, and the experience gained with
empirical potentials with integration methods, size artifacts, alternate “ensembles”
(meaning simulations with different fixed thermodynamic variables) and many other
aspects of simulation transferred immediately to the ab initio simulations we emphasize
here. A classic work in this area is the book of Allen and Tildesley [15].

The first MD simulations used empirical potentials: functions made up to mimic
some known behavior about a material. Such a potential might be designed to reproduce
the right ground state crystal structure, melting points etc. The trick for such calculations
is applying the potential to a structure with different local bonding — as for example
carrying out a simulation for an amorphous solid or say a small molecule for a potential
that was designed to fit a crystal. Such simulations are hit or miss, and often fail
qualitatively. A potential that works in all salient bonding environments is called
“transferable”. Transferability is impossible to obtain with simple potentials with
directional covalent bonding.

Why is it so difficult to make a generally reliable interatomic potential? The answer
is short: electrons. Consider the ground state conformations for a series of small Si
molecules: Si,, Siz, Siy... Start with a pair of Si atoms. Pair interactions are obviously

adequate, and the ground state separation between the atoms is at the minimum in the pair
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potential energy function V,(Xy, X,) for the dimer. Now add a third atom in the vicinity of
the pair. To minimize the energy of the trimer, covalent bonds form between all three
atoms (and it turns out the minimum energy configuration is an isoceles triangle with an
apex angle of about 80 degree [16]). Note that the presence of atom 3 changes the pair
interactions — a different V, function is required depending on the position of atom 3 (X3).
From elementary chemistry, new linear combinations of the s and p orbitals on all three
atoms emerge depending on the positions of all three atoms, so the pair potential picture
fails and it is obvious that at least triplet interactions are required V3(Xy, Xz, X3). This
argument can be extended mutatis mutandis by adding more and more atoms. In practice
for accurate computations, approach fails for practical cluster sizes.

The epiphany needed to break out of this scheme was to admit and treat the origin of
the complexity: the electronic structure of the system. The first generation of such
methods used single-particle Linear Combination of Atomic Orbitals “tight-binding”
recipes for the electronic structure!. The earliest such calculations used simplified forms
for total energies derived from recursion [18] or moment expansions [19, 20] of local
electronic densities of states. Soon thereafter, full diagonalization methods were used to
compute total energies, for which the electronic component of the total energy came from
summing up the electronic eigenvalues of the tight-binding Hamitonian up to the Fermi
level, and a balancing repulsive interaction between nuclei was added to obtain a total
energy (the potential energy of the configuration). If we think of this “tight-binding total
energy functional”, it is clear that it is capable of representing much more complex and
spatially non-local behavior than an empirical potential. Sankey and Allen [21] were the

first to implement this in 1985, now what we call “tight-binding MD”. So even though the

! The tight-binding models themselves were “empirical”, and required extensive fitting to a variety
of experiments that limit their transferability. One should never underestimate the insights possible for
thoughtful tight-binding calculations, see the classic work of Harrison [17].
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tight-binding Hamiltonians of the time were imperfect, the work was a great advance since
many of the “electronic structure” aspects of the computation were correctly handled.

Ab initio of course means “from the beginning”. This is basically ill-defined, since
the beginning is subjective. Our purist friends down the hall might want us to start with
quarks. What it means in practice is a parameter-free approach to computing the
electronic ground state energy and associated quantities like forces. Parameter free means
no experiments are fit to, and the prescription for the electronic structure and computation
of total energy derives from a general theory of an inhomogeneous electron gas as in a
solid or molecule (or in principle, but rarely in practice, many-body wavefunctions).

At about the same time as Sankey and Allen, Car and Parrinello [22] did the first
calculations adopting the fundamentally appealing approach of using density functional
theory to compute total energies and forces. This was the first truly ab initio simulation,
and the ab initio schemes in wide use today are remote descendants of this fundamental
work, and where the local orbital methods are concerned also the work of Allen and
Sankey. All of these methods assume the Born-Oppenheimer [23] approximation
(separating the ionic and electronic degrees of freedom) and the additional approximation
of classical mechanics for ionic motion.

We should also comment that there is a wider world than just MD simulations. Direct
MD is sorely limited by the tiny time step (of order 1 fs (107155s)) to correctly integrate the
classical equations of motion. A very important problem is the effective exploration of
configuration space for a complex system. Various “energy landscape” methods are now

in common use including some with ab initio interactions [12].
1.6 Ingredients of DFT

A few remarks about DFT is now presented. Drabold has written at least two such

summaries [24, 25]. We will largely eschew this task in this dissertation, since there are
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many masterful treatments available. The historically significant Nobel lecture of
Kohn [26] is easily readable. Richard M. Martin [23] has written the gold standard
treatment of DFT and many important developments that have arisen in the last 20-30
years. The best recent history from another acknowledged master is the recent paper in
Reviews of Modern Physics by R. O. Jones [27], who among other things pointed out
Dirac’s prescient grasp of the concept of DFT prior to 1930.

Still, to make this dissertation somewhat self contained, we will tersely summarize
the basic ideas of DFT and leave the equations to Martin and Jones. Hohenberg and
Kohn [28] showed that the electronic density was a suitable function from which to
exactly compute the ground state energy E = E(p(r)) of any inhomogeneous electron gas,
that there was a universal functional for the energy of the gas, and provided the variational
principle to determine E(p) on the road toward practical methods. The primacy of this one
scalar field p(r), rather than an unimaginably complex many-electron wave function? was
profound both philosophically (e.g., to give a better way to “think” about such problems),
and also practically, because it led to methods that are readily handled by modern
computers. The method was made practical by Kohn and Sham [29], who converted the
Hohenberg-Kohn theorem into an effective single-particle problem with a complicated
mean or “self-consistent” field in the spirit of the Hartree [30] or Hartree-Fock
approximation [31]. The form of the “Kohn-Sham Hamiltonian™ is only approximately
known, and relies on accurate quantum Monte Carlo calculations on the homogeneous
electron gas [32]. The complicated single-particle problem is then solved on some basis
set, most commonly plane waves or local orbitals. With the Kohn-Sham eigenvalues and
orbitals available, it is easy to compute the single particle density matrix, total energies,
forces and indeed many other properties. Such computations typically scale at best with

the cube of the number of electrons, so become computationally expensive fast. Attempts

2 Kohn argues that it does not make sense to even try to compute many-electron wavefunctions if the
number of electrons exceeds about 100 [26].
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to improve the scaling have been somewhat successful, always based ultimately upon the
spatial locality of interatomic interactions. At some point, moving a sufficiently remote
atom at R’ will make no significant difference on at atom at R if |R — R’| is sufficiently
large [33]. As the electronic structure determines the interatomic interactions, it must also
determine this range. The quantity providing this information turns out to be the decay of
the single-particle density matrix. Depending on the accuracy needed, the range of the
density matrix is at least several A in semiconductors and farther in metals [34, 35]. A
real-space localized representation can be exploited for this purpose too, the “maximally
localized” Wannier functions [36], variants of which may be computed efficiently by

projection into the occupied electronic subspace [37, 38].
1.7 What DFT can Provide

Standard DFT codes produce a cornucopia of data: total energies, forces, structure,
dynamics (these can usually be quite well represented) and atomic charges. The electronic
structure is a trickier undertaking if one considers excited states, since DFT is a ground
state method. To even estimate a hypothetical optical gap, additional methods beyond
DFT are required. Of course excited states are required for optical and transport
calculations. The band gap problem has been practically addressed by computations with
“hybrid functionals”, especially the popular Heyd, Scuseria, Enzerhof [39] (“HSE06”)
approximation. For correlated electrons, computationally demanding methods are possible
such as the GW approximation, “dynamical mean field theory” and other topics treated by

Martin, Reining and Ceperley [40].
1.8 The Emerging Solution for Large Systems and Long Times: Machine Learning

While my palantir is probably murkier than most, I can make one prediction:
Machine-Learning (ML) methods will transform this field. The revolution is already

underway. Of all the myriad potential uses of ML we are thinking of a specific one: ML
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based interatomic potentials. There have been several attempts here. We mention the one
that we know the most about, the GAP potential [41], owing to our good fortune to
collaborate with the pioneers of the method, and direct the reader to the burgeoning
literature on the subject.

A naive but helpful way to think about ML approaches to interatomic potentials is to
interpret it as a sophisticated interpolation scheme. An ML potential is of course only as
good as the information that is ‘fed’ to it. The information takes the form of a large
number of atomic configurations, and for each of these the total energy and forces on the
atoms computed from an accurate (probably DFT) code. The idea is that if enough of
these configurations is available, then one could undertake a new simulation only using
information in the database — if “new” configurations were close enough to existing
conformations in the database to enable sufficiently accurate “interpolation”. Of course,
the devil is in the details: what does the metric on configuration space “close enough”
mean and how does one really “interpolate”. After a lot of very ingenious work [42], there
are quantitative answers to these questions and furthermore what is not a priori obvious is

that the method is quite practical.
1.9 Modeling with Experimental Information: Let the Data Speak for Itself

The most important test that computer generated models of materials have to pass is
agreement with the experimental findings. Accuracy of these models are often measured
in terms of how close the model aligns with the experiments. The routine melt quench
(MQ) technique suffers from fast cooling rate and does not always produce experimental
signatures. Efforts have been made to create models by using experimental information as
input to drive the atoms. The first efforts in this direction was made by McGreevy and
Pusztai who introduced Reverse Monte Carlo (RMC) simulations for amorphous

materials [43]. This idea was later extended by M. G. Tucker and coworkers [44] by
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developing RMCProfile. Conventional Reverse Monte Carlo approach produces incorrect
chemical ordering or an overly disordered configuration unless one includes additional
constraints to compel specified local order. However, incorporating multiple constraints in
cost function makes inversion problem more challenging while adding bias to the
resulting model. To overcome this hurdle and make effective use of experimental
information available, a hybrid method called Experimentally Constrained Molecular
Relaxation (ECMR) was developed by Biswas and coworkers [45]. ECMR suffered with
the configurations being trapped in local minima and required a new start. To get around
this problem, Pandey and coworkers developed Force Enhanced Atomic Refinement
(FEAR) [46] using incremental minimization. The idea behind FEAR is to solve the
minimization problem:

¢ = E(R)+ A (1.1)
where E is the total energy, A(> 0) determines the relative weighting of the experiment

and the potential. y? provides a measure of the experimental fitting,

Fcalc (R) F”I’)

N
X Z (1.2)

i=1

where R is the set of coordinates of all the atoms, N is the number of data points in the
experimental data set, and o takes into account the experimental uncertainty. For example,
if one is using neutron structure factor as experimental input, F* and F;"” are the S(Q)
values at each i (or each Q) for the models and the experiment, respectively. Similarly, one
could also use the real space experimental information as input. Since the simultaneous
minimization of both the quantities on the right hand side of Eqn. 1.1 is extremely
difficult, we solve this problem by separate incremental minimization of each quantity.

Details of FEAR simulation technique can be found elsewhere [46—48].
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1.10 Characterizing Amorphous Materials
1.10.1 Structural Features

A principal goal of structural analysis of amorphous materials is to correlate the
atomic structure with the observed properties and understand the properties at an atomistic
level. The ideas gained from these analyses helps researchers optimize the material with
the desired properties. In amorphous materials, the properties are not determined by the
absolute position of atoms, but by the relative position of atoms close together and
interacting with each other [49]. The arrangement of atoms in real space and thus the

bonding environment is studied using the radial distribution function (RDF) defined as:

N dn(r)
4nr?V dr

g(r) = (1.3)

where N and V denote the total number of atoms and the volume of the simulation box
respectively. dn(r) denotes the number of atoms located at distances lying between r and r
+dr. The radial distribution function g(r) gives the probability of finding an atom in a
shell of thickness dr at a distance r from a reference atom. For multi-species systems, the

partial radial distribution function is defined as:

Nc, dngg(r)

e TP/ 14
4ar?V  dr (1.4

ga,B(r) =

where ¢, is the concentration of @ atomic species. The functions g.s(r) enable the
computation of the probability of finding an atom of type S at a distance r from the
reference a atom.

The RDF is a popular structural analysis tool also because it facilitates direct
comparison with experiment as RDF can be obtained from experiments by performing a

Fourier transform of the static structure factor S(Q) [50],

1
27po

g =1+ fo QS (Q) — 1] sin(Qr)dQ (1.5)
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The first peak, together with the first minimum, in RDF describes the short range
order present in the system. The medium range order indicates the position and shape of
the intermediate peaks beyond the first peak minimum up to several Angstroms. Due the
the inherent lack of long range order, RDF saturates to unity for long distances. The peaks
in the RDF for amorphous materials become broader with increasing distance from the
reference atom unlike crystals. As a consequence of this broadening in the RDF peaks, the
structure of the non-crystalline solids cannot be determined uniquely from experiment.

The RDF presented in this dissertation have been calculated using an open source
program ISAACS [51]. A detailed discussion of the various structural analysis functions
can be found in [44, 50, 52]. There are different definitions and terminology for the total
scattering functions and their real-space counterparts. A detailed description of various
functions and comparison between definitions used by various group of researchers can be

found in the popular article by David Keen [52].
1.10.2 Electronic Properties

The electronic structure of amorphous materials is studied using the total electronic
density of states (EDoS), partial DoS, and inverse participation ratio (IPR). These
quantities help us in several ways: to validate/invalidate the models, understand the
conducting/insulating behavior, and study the extent of localization of electronic states. In
this dissertation, single particle Kohn-Sham eigenvectors derived using density functional
theory based calculations are taken as electronic states. The EDoS thus represents the
density of Kohn-Sham states plotted against the energy. For finite systems, the EDoS is a

discrete quantity defined as:
1 N
D(E):NZME—E,) (1.6)

where N represents the size of the basis set and E; is the eigenvalue of the i eigenvector.

The conduction in amorphous systems depends mainly on the density of states and the
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extent of localization of the Kohn-Sham states near the Fermi level. An account of the

localization of Kohn-Sham states is given by IPR defined as:
i |aiz|4

(2 laify’

where ail is the contribution to the eigenvector ¢, from the i"" atomic orbital (s, p,andd)

L) = (1.7)

as calculated with VASP. Putting the definition in simpler terms, localized states have high
IPR value (ideally equal to 7 = 1) while an ideally extended state having a value of (1/N),

i.e. evenly distributed over NV atoms.
1.10.3 Vibrational Properties

The analysis of the vibrational properties of amorphous materials not only provides a
useful insight to the local bonding environment but also helps understand the thermal and
mechanical properties. Vibrational properties of the models were studied using the
harmonic approximation. The Hessian matrix is computed by displacing each atom in
6-directions (+x, +y, +7) by 0.015 A. The few lowest frequencies arising from rigid
supercell transitions were removed from the calculations of the vibrational density of

states (VDoS). The VDoS is defined as:

1 3N
gw) = 35 Z‘ 5w — w;) (1.8)

with N and w; representing the number of atoms and the eigenfrequencies of normal
modes, respectively. This definition suggests that any frequency that has larger number of
eigenfrequencies in its neighborhood will have a higher VDoS.

Vibrational excitation in crystals are extended and show plane-wave-like behavior.
The translational periodicity leads to the observed departure from the Debye models at
short wavelengths. For wavevectors comparable to the zone boundary value (rr/a), the

phonon dispersion curves flatten, leading to van Hove singularities in the VDoS [53].
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Vibrational excitation in amorphous materials differ greatly from the extended plane-wave
like phonons in crystalline materials. The absence of translational symmetry smooths out
the van Hove singularities [53], as also seen for electrons.
The extent of localization of each normal mode frequency is studied using the
vibrational inverse participation ratio (VIPR) defined as:
Sy ug
(2 i Py’

where u' is displacement vector of i atom at normal mode frequency w,. By definition,

V(wy) = (1.9)

low values of VIPR indicate vibrational mode evenly distributed among the atoms while

higher values imply only a few atoms contributing at that particular eigenfrequency.
1.11 Dissertation Outline

The rest of this dissertation is organized as follows: In chapter 2, we present the
simulation of graphitization using ab initio and machine learning techniques. We discuss
the structure and electronics of the amorphous graphite models and compare them with
crystalline graphite whenever possible. In chapter 3, we present our findings on the
research involving amorphous carbon and carbon foam. The FEAR modeling of annealing
induced changes in amorphous ZrO,-Ta,Os is discussed in chapter 4. Results from the
study of GeSe glasses using FEAR is discussed in chapter 5. In chapter 6, we discuss the
growth of conducting Cu filament in an insulating Ta,Os host. In chapter 7, we discuss the

conclusions and future directions.
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2  SIMULATION OF GRAPHITIZATION USING AB-INITIO AND

MACHINE LEARNING TECHNIQUES

The work related to amorphous graphite presented in this chapter has been published
as R. Thapa, C. Ugwumadu, K. Nepal, J. Trembly, and D. A. Drabold , Ab Initio
Simulation of Amorphous Graphite, Phys. Rev. Lett. 128, 236402 (2022) [54].

2.1 Introduction

Owing to a wide variety of bonding environments, different carbon materials exist.
For example, diamond has all its C atoms fourfold coordinated while graphite has
threefold. Graphene, a material of massive research and economic interest, is a plane of C
atoms all connected to three C atoms at fixed bond length and bond angles. Carbon-based
materials seem to have unlimited potential applications and interest [55-57], from life to
Bucky Balls, and they continue to yield scientific surprises and new applications. Graphite
is an important, commonly available carbon material with many uses. A burgeoning
application for graphite is for battery electrodes in Li ion batteries [58] and is crucial for
the electric vehicle industry—a Tesla model S on average needs 54 kg of graphite [59].
Such electrodes are best if made with pure carbon materials, which are becoming more
difficult to obtain owing to spiraling technological demand. It is therefore of interest to
determine novel paths to synthetic forms of graphite from naturally occurring
carbonaceous material such as coal. This raises several questions: (1) Is it possible to
convert such materials into a graphitic phase? (2) What impurities will remain and with
what technological consequences? (3) What are the resulting properties (structural,
mechanical, electrical and thermal) of such materials?

We have discussed an amorphous phase of monolayer graphene, based on structural

models involving pure sp? bonding with ring disorder (that is, rather than a 2D net
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consisting only of hexagons, we allow for pentagons, heptagons, etc.). Among other
findings, we noted that the presence of pentagons in such a structure induces puckering
(departure from ideal planarity) from the strain of the ring defect using ab initio
methods [60, 61]. The semimetallic character of perfect graphene is transformed by ring
disorder [62, 63]. Recently, experimental synthesis of monolayer amorphous graphene
using chemical vapor deposition has been reported [64]. On the theoretical side, two
dimensional amorphous graphene structures created by quenching the high temperature
liquid state using Tersoft-1I [65] potential has been reported [66]. Graphitization of
amorphous carbon under electron irradiation has been studied experimentally and
theoretically [67].

In this chapter, we employ an ab initio method to unveil a layering transition from
either amorphous carbon or even random starting models into a structure consisting of
planes of monolayer amorphous graphene separated by ~ 0.3 nm, the interlayer separation
in graphite, as a consequence of annealing such models with first principles interactions at
a temperature of about 3000 K, and for a density range of ca. 2.2—2.8 g/cm>. These sheets
are sp?, but with ring disorder (pentagons, hexagons, heptagons). We name this material
“amorphous graphite” (a-G). We elucidate the transition in atomistic detail. The a-G
structure cannot exactly reproduce AB stacking, yet even with ring disorder on the planes,
has a total energy only 0.32 eV/atom above crystalline graphite (c-G). We examine the
electronic origins of cohesion by analyzing electronic structure in the galleries, and
demonstrate how ring disorder reduces in-plane electron transport. This work takes a step
toward realizing the goal of synthetic graphite, and may offer clues to layering processes
in other systems such as metal dichalcogenides. It has been suspected from experiments
that graphitization occurs near 3000 K [68-72], but the details of the formation process

and nature of disorder in the planes were unknown. From a modeling viewpoint, ab initio
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simulations of complete or partial ordering are rare and important, the best example being

phase-change memory materials [73, 74].
2.2 Computational Details

Our simulation involved constant volume simulations carried out with either (1) ab
initio models of a-C simulated for the selected density [75] or (2) random starting
configuration for the desired density. These configurations were annealed to 7 = 3000 K
using a Nosé-Hoover thermostat [76, 77]. Provided the density was within the 2.2—2.8
g/cm?® range a layering transition was always observed. The final structure after the
annealing was topologically unchanged by a CG relaxation, and the structure maintained
the layered structure in subsequent MD simulation. Total simulation time ranged from 100
to 500 ps. We carried out the simulations with VASP [78] using projector augmented
wave [79] potentials and the Perdew-Burke-Ernzerhof (PBE) [80] exchange-correlation
functional. For the purpose of completeness and comparison, we also used the DFT-D3
Van der Waals (vdW) corrected functional [81], and the accurate
local-density-approximation-trained machine learning (ML) Gaussian Approximation
Potential (GAP) of Deringer and coworkers [5, 6].

The results obtained with different approaches were essentially identical: consistent
a-G formation in the density and temperature window. Low density a-C (< 2.0 g/cm® )
had a significant sp® to sp? conversion but weak layering (undulating wormlike layers),
while high density a-C (> 3.0 g/cm® ) did not layer. No layering was seen under
simulation at temperatures higher than 4000 K. The linear scaling GAP potential enabled
much larger simulations than VASP. In contrast, identical simulations with REAX-FF [82]
or Tersoff [83] potentials showed no layering. In Table 2.1, we summarize the simulations
details for the models generated for this work. 7 is the simulation time required for

layering to become clear, and is reasonably consistent over all the simulations, methods,



Model | Size | 7 (inps) | 0Eom(in €V) | Functional | Initial State
M1 160 45 0.00 PBE amorphous
M2 160 95 0.10 PBE amorphous
M3 160 130 -0.04 PBE+vdW | amorphous
M4 80 40 0.13 PBE random
M5 400 50 0.08 GAP-ML random
M6 | 1000 60 -0.04 GAP-ML random

34

Table 2.1: Simulation parameters for various models of a-G obtained by NVT simulation

at 2700 K. Difference in energy per atom, computed with PBE, is compared to M1.

and over the system size. Finite-size effects were investigated by generating models
ranging from 80—1000 atoms, and the GAP potential revealed an identical layering with
comparable 7. This and the consistent form of the a-G implies that our observations are
not very sensitive to size effects. We infer that the layering transition temperature is near
2700 K, provided the simulation is run for a considerable time (~ 100 ps) with accurate
interatomic interactions. A transition temperature of 3000 K has been observed
experimentally for production of high quality graphene using flash graphene

synthesis [84].
2.3 Results

The structural transition of the a-C network from disordered phase under NVT
simulation at different temperatures is shown in Fig. 2.1 (top) for models M1 and M2.
Atoms in the figures are color coded: yellow for sp?, red for sp® and green for sp. This
color nomenclature will be used throughout this chapter unless otherwise stated. Since

c-G is completely sp? with flat layers, we consider our models to be graphitized into a-G if
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they have a significant fraction of sp? bonding (> 95% ) and are layered. Following this
definition, we see from Fig. 2.1 (top) that graphitization only happens at and above 2700
K in both models with an interplanar separation in the range 3.05 + 0.06 A. However,
there is a significant increase in the fraction of sp? atoms even at 2500 K. This
temperature-induced transition from sp? to sp?> bonding in nanodiamond and adamantane
has been studied experimentally using Raman spectroscopy [68]. Zero pressure relaxation
of the a-G models M1 and M2 with vdW interactions produced a lower energy
configuration accompanied by an increase in volume. This volume rise lowers the density
to 2.15 g/cm? and increases the interlayer separation to 3.30 + 0.05 A, notably close to
graphite. In contrast to c-G with regular ordering between adjacent layers (AA, AB
stacking), there is no such stacking of the layers in a-G, a consequence of the presence of
topological (ring) disorder in the planes. In Fig. 2.1 (bottom), we show the in-plane radial
distribution functions for the models. The first peak is centered around the graphitic bond
length and the width of the peaks arises from disorder-induced deviations in bond length
from the ideal graphite bond length. The largest model M6 with 1000 atoms produces

extended ordering beyond the first neighbor with clear peaks at 2.45 A and 2.85 A.
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Figure 2.1: (Top): Conjugate gradient relaxed structure of M1 (top) and M2 (bottom) after
NVT simulation at 300 K, 2500 K, 2700 K, 3000 K, 3300 K.

(Bottom): In-plane radial distribution function of the representative models. The dashed
line indicates the graphite bond length. The inset shows the arrangement of atoms in a

representative layer in an a-G.



37

To study the origin of layering, we tracked where the atoms forming the layers were
located in the originally disordered structure; see Fig. 2.2 (top). The atoms in a particular
layer of a-G are members of a connected network in the a-C. The disorder-to-order
transition seems describable with a nucleation theory picture with seeds of sp? carbon
growing into larger planar structures, enabling layering.

Figure 2.2 (bottom) treats the time evolution of the transition in detail for M2; similar
results were obtained for the other models. The planarity fraction is computed using the
odds ratio for the likelihood of atoms forming planes. The peculiar peaks around 6 ps and
57 ps suggest sharp rearrangement of atomic positions to achieve planar configurations
with a higher fraction of sp? bonding. These configurations underwent additional
substantial rearrangements before yielding a-G. It is worth mentioning that after 95 ps the
layering order parameter exhibited reduced fluctuations as the system stabilized at an

optimized energy, as seen in the flat tail for the total energy curve (in blue).
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Figure 2.2: (Top): Positions of atoms forming different layers in a-G for M2 at 2700 K.
Atoms forming different layers are shown in different colors.
(Bottom): Layer formation and total energy (plotted as a moving average over 2 ps) as a
function of simulation time. The insets show the snapshots of the atomic configurations at

different points in time.
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The charge-density distribution for the M2 model simulated at 2700 K has been
presented, together with similar calculations for c-G for comparison, in Fig. 2.3. The
charge distribution was calculated using the Heyd, Scuseria and Ernzerhof (HSE06)
hybrid functional [39, 85, 86] and has been plotted along two neighboring planes of atoms
[labelled (a), (e)] and three other parallel, equally spaced slices [labelled (b), (¢), (d)] in
between them (in the gallery). For comparison, respective planes in a-G and c-G have
been plotted within the same color range. For plane (c), the color map shows contributions
from both planes. The color maps for a-G show a more disordered distribution of charges
along the planes of atoms, compared to the c-G, particularly because of the presence of
bond-length or bond-angle distortion, ring disorder induced puckering, etc. Our
calculations have also indicated that the variation of the charge density values for the a-G
is higher than graphite because of the disorder. The charge distribution in the a-G galleries
exhibits a low-density delocalized electron gas with higher charge on the plane of atoms
and monotonically decreasing as we move away into the gallery. However, we should note
that the majority of the charge density on the most isolated layer from the plane of atoms,
plane (c) in Fig. 2.3, is greater than 2% of the maximum charge density on the plane of
atoms [layer (a) and (e)] suggesting the presence of a fairly homogeneous electron gas in
the galleries built from the bonding orbitals formed from the 7 electrons. The electronic
density of states (DOS) of a-G revealed a broad peak at the Fermi level and had no semi

metallic DOS characteristic of c-G.
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Figure 2.3: (Top): Charge density distribution on two neighboring graphitized planes for
M?2 model simulated at 2700 K and three equally spaced slices between them.
(Bottom): Similar illustration for ¢c-G (lower panel) is included for the purpose of

comparison. Black circles in (a) and (e) mark the position of the atoms in the plane.

In Fig. 2.4, we present information on the band-decomposed charge densities for the
a-G. Bands close to the Fermi level (E) contain the 7 (E < Ey) and nn* (E > Ey)
electrons. The 7 bands involve much mixing from n orbitals on different sites.
Figure 2.4(a) shows the 7 mixing for 3 7 bonding orbitals, the 7 electrons from these
bands extend into the gallery, creating binding between layers separated by roughly 3.1 A.
Figure 2.4(b) shows the 7* antibonding orbitals with no charge projection to the gallery.
The evidence of the electron delocalization is further illustrated by projecting the charge
density from the 3D box into a plane for a single 7 band and a symmetric 7* band in
Figs. 2.4(c) and (d), supporting the presence and absence of the charge density in the
gallery for the 7 and 7* orbitals respectively. The presence of such delocalized r electrons
in the galleries has been suggested for graphite, where it was argued that the graphene

bonding forces are dominantly metallic and not Van der Waals [87, 88]. Our work
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suggests that while Van der Waals plays a role in layering and binding, other contributions

within local density approximation or PBE also play an important role.
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Figure 2.4: Details of band-decomposed charge densities for the a-G for (a) 3 7 bands
(colored blue, green, and red) in the valence region and (b) their correspondingly symmetric
7* bands in the conduction region. We also show the charge distribution for a pair of nearly

symmetric bands in (c) the valence region and (d) the conduction region.

To study the effects of disorder on the electronic conduction and visualize the
conduction-active regions in the network, we calculate the space-projected conductivity
(SPC) [89] on a-G and compare it with that of c-G. The SPC exploits the
Kubo-Greenwood formula to obtain information about conduction pathways in materials.
The SPC projected onto particular layers of atoms is shown in Fig.2.5. The SPC of an
ideal graphite layer with no defects has clear paths for conduction in the plane. However,
in graphite with a 5-8-5 ring defect, the conduction in the regions connecting the
pentagons with the octagon is significantly reduced but the conductivity is still high in the
regions dominated largely by hexagons. This reduction in electric conductivity in a 5-8-5
defected graphene has been previously reported [90]. Similar findings were seen for our
atomic layers in a-G whereby the conduction paths try to avoid a junction involving a ring
disorder. In other words, conduction is favored along connected atoms in hexagonal rings

over non-hexagon rings. The presence of topological ring disorder significantly affects the
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charge transport in both graphite and a-G. We also found that the conductivity value in
pure graphite is highest, followed by 5-8-5 defect graphite. The a-G conductivity was

decreased by a factor of about 1072 relative to graphite.
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Figure 2.5: SPC results (gray isosurface) for (a) an ideal graphene layer, (b) a graphene
layer with 2 vacancies, (c) M1, and (d) M2. Atoms in pink in (c) and (d) show atoms
forming conduction paths in the spatial grid, while atoms in black are border atoms where
one or both neighboring rings are non-hexagon rings. Green colored atoms in (d) are

consistent for sp atoms in M2.

2.4 Conclusions

We present evidence that a-G exists and we describe its process of formation in
detail. Since the plane formation is found to be robust in a suitable temperature or density
window, a-G growth may be a practical means to obtain amorphous graphene planes in a
layered graphite-like superstructure, that might even be exfoliated. The in-plane electronic
conductivity is expected to be much lower compared to graphite and consider this to be
another signature of a-G. We analyze the electronic structure, the mechanism of cohesion
and the electronic consequences of topological (ring) disorder using the space-projected

conductivity.
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3 Aromic ScALE Stupy oF CArRBON Foam

3.1 Amorphous Carbon

Carbon foams are made up of a dense carbon matrix comprising of amorphous
Carbon (a-C) together with large macroscopic pores distributed in space. Therefore, to get
started, it is pivotal to understand the structure, mechanical, thermal, vibrational, and
electronic properties of a-C to better understand and optimize the properties of carbon
foams.

To understand the density dependence of the structure, bonding environment, and
mechanical properties of amorphous Carbon (a-C) we have studied models of a-C at
various densities (0.75 g/cm?® — 3.5 g/cm?) using plane-wave basis set density functional
code Vienna ab initio Simulation Package (VASP) using the Perdew-Burke-Ernzerhof
(PBE) exchange-correlation functional under generalized gradient approximation (GGA).
The pseudopotential used throughout the calculation was constructed under the projected
augmented wave (PAW) method. Since the properties of any a-C material is significantly
affected by the fraction of different hybridization (or coordination), we present these
quantities in Fig. 3.1 (left panel). The figure shows an increasing fraction of sp> C atoms
accompanied by a decrease in the sp fraction with increasing density. The sp? fraction
increases reaches a plateau near the graphite density and then decreases with increasing
density. The dependence of the mechanical properties on the density of a-C is shown in
Fig. 3.1 (right panel). The figure suggests that the mechanical strength of a-C rises

monotonically with density.
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Figure 3.1: Bulk and Shear modulus (right panel) of a-C at various densities plotted with

the fraction of different hybridization (left panel) present in them.

Heat treatment of the carbon foams, extruded at ISEE, performed at various

temperatures ranging from 1000 K — 1400 K revealed interesting variations: the measured

C, H, N, S, O compositions and the electrical conductivity was very dependent on the

annealing temperature. To simulate this thermal annealing induced change in the foams,

we carried out simulations at different temperatures (up to 1500 K) on a model of a-C at

2.0 g/cm?® using VASP.
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Figure 3.2: Fraction of different hybridization as a function of annealing temperature.

In Fig. 3.2, we plotted the fraction of various bonding environments around C atoms
as a function of annealing at different temperatures. The rise in sp bonded C-atoms could
explain the observed difference between the as-extruded foam and the heat-treated foams.
The space projected conductivity (SPC), that projects the electrical conductivity on to real
space, has shown sp atoms to be highly conductive compared to other hybridization [89].
This suggests an increasing electrical conductivity with annealing temperatures up to 1500

K which is in close agreement with observed conductivity measurements.
3.2 Surface Reactivity of Amorphous Carbon

A slab was created out of the amorphous models (2.0 g/cm?® and 3.5 g/cm?) by
breaking the periodic boundary condition along the z-axis. We chose to work with a 2.0
g/cm® model in accordance with the density from carbon foam created using bituminous

coal [91]. The removal of periodic boundary conditions robs neighbors from the atoms
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close to the surface. To simulate the surface reconstruction in these models, the slabs were
then taken through a NVT simulation at 300 K for 6 ps using plane-wave DFT code VASP
as above. After the NVT run, the slab was taken through a conjugate gradient relaxation
until the magnitude of the force on each atom was reduced to less than 0.02 eV/A. During
the NVT cycle and subsequent CG minimization, the under coordinated atoms on the
cleaved surface that formed dangling bonds sticking out from the surface were passivated

by bonding them with nearby C atoms.

Figure 3.3: Mechanism of O, interaction on the surface of a-C. The O, molecules stick to

active C sites on the surface (b), break the O-O bond (c), and then come off as CO molecule

(d).

To study the reactivity of the surface, we perform NVT simulation of the surface
model with O,/N, adsorbate at different temperatures (300 K, 1000 K, 2000 K). Our
calculations show that the surface of a-C is resistant to reaction by O,/N, at room
temperature. However, at higher temperatures (1000 K, 2000 K), sp hybridized atoms on
the surface get ripped off by O, and are ejected as CO/CO,. A schematic diagram of the
O, molecule reaction on the a-C surface at 1000 K is shown in Fig. 3.3.

The figure shows that O, molecules stick to active sites (usually an sp) on the surface
before dissociation and then sticks onto a C atom. The adsorbed compound desorbs out to

the atmosphere as CO gas. This finding provides an explanation for the weight loss of
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carbon foams under heat treatment in O, atmosphere seen in TGA experiments. Also, sp C
atoms at different environments (long, bent - atoms with C-C-C bond angles less than 150°
are considered bent) have varying levels of susceptibility of getting ripped off: only long
sp C atoms get ripped off at 1000 K while at 2000 K both long and bent sp get ripped off.

On the other hand, we find that an a-C surface does not adsorb the N, molecules even
at higher temperatures. The N, molecule neither breaks nor sticks to an active C site on
the surface as the O, molecule does thereby explaining almost zero weight loss under heat
treatment in nitrogen environment.

To study how favorable adsorption is on the a-C surface; we calculate the adsorption
energies for the O, and N, molecules at C atoms on the surface with different bonding
environment. The adsorption energy (E,y,) of a particular adsorption process is defined as

follows:

Euas = Etoral — (Eslah + Eadsnrhate) (31)

where E,,,; represents the total energy of the slab with the adsorbate. By definition,
negative adsorption energy implies energetically favorable adsorption. The calculated

adsorption energies are presented in Table 3.1.

Site Adsorbent | E,; (eV)

long sp 0, -3.41
bent sp 0, —-6.28
sp? 0, -2.29

Table 3.1: Adsorption energies of the O, molecules on different sites of the a-C surfaces.

Our calculations show that O, adsorption is energetically favorable while N,
adsorption is not. Furthermore, adsorption of O, on a bent sp C atom is energetically more

favorable than on long sp, in line with previous ML based calculation [92]. This explains
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why bent sp carbon atoms do not get excised off by O, at 1000 K but only do so at 2000 K
where the kinetic energy is strong enough to overcome this adsorption energy.

Additional simulations were carried out to study the behavior of water molecules
near the surface. Water molecules are attracted by sp atoms, with the attraction being

strong on a bent sp atom compared to the long sp atoms, in a way like the O, molecules.
3.3 Carbon Foam Modeling

Carbon foams, a new age functional material with cellular structure, demonstrate
numerous unique properties thereby making it an attractive material for insulating [93],
electromagnetic interference (EMI) shielding [94, 95], and energy-absorbing
applications [96]. The inherent porosity and light-weight also make them attractive
material for light-weight applications in advanced aircraft and spacecraft structures [97].
These plethora of applications of a relatively cheap material has led to the growth of
industries, like CFOAM in Triadelphia, WV, dedicated to production on an industrial
scale.

Efforts have been made to characterize and optimize carbon foams using various
experimental techniques [98] and modeling schemes [99—-101]. One popular modeling
scheme for carbon foams is the finite element analysis (FEA) method which involves
modeling the properties of interest on finite sized computer-assisted-design (CAD)
models [102, 103]. The understanding of carbon foam properties also requires a clear
understanding of a-C structure because the dense matrix within the carbon foam are made
mostly of a-C. Several atomistic models of a-C are now available in
literature [5, 6, 54, 75, 104, 105]. The findings from atomistic studies of amorphous
carbon materials coupled with other FEA modeling studies leads us towards a better

understanding of the carbon foams.
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In order to understand the atomistic details of carbon foams, we need to create
reliable atomic models that topologically resemble actual carbon foams. Since the actual
length scale on a C-foam is of the order of hundreds of micrometers, creating atomic
models in this length scale in impossible. To simulate the C-foam, we use an algorithm to
create C-foam like structures but in nanometer length scale. This modeling scheme
bridges the GAP between the finite element modeling and the atomistic simulation of a-C
(presented in Chapter 3.1). We create structures that resemble real carbon foam in
appearance but in a nanometer length scale. In order to create the models of the C-foam,

we follow the following procedure:
e cstimate the density, number of atoms, and box size
e determine the porosity, number of pores and pore radius
Porosity = Npores X Vypore (3.2)

where V.., a dimensionless quantity, is the relative volume of pore with respect to

the volume of the box.
e place the pore centers appropriately far enough to produce the desired porosity

e place atoms randomly but not falling inside the pore volume. The atoms are placed

with periodic boundary condition intact.

e anneal the models near 1000 K with reliable interatomic potential in order to

remove artifacts from random placements of atoms

e to get to a better energy minimum, take the final model from the NVT cycle through

a energy minimization routine

We created foam models with 8000, 11000, 12000 atoms while keeping the box size

and porosity constant. All the foam models were built using machine-learned GAP
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Density (g/cm?) | Tpore | Dpore sp sp? sp’
0.50 0.28 6 42.10 | 54.40 | 1.20
0.70 0.30 6 23.90 | 71.50 | 4.10
0.75 0.30 6 21.50 | 72.40 | 5.50
0.75 0.27 8 25.10 | 68.40 | 5.60

Table 3.2: Pore radius r,,. (in units of box length) and distribution of different bonding

environments around the C-atoms among different foam models.

(Gaussian Approximation Potential) potential in LAMMPS [106] to allow the system to
reduce stress and get rid of nonphysical bonds. The details from these foam models are
presented in Table 3.2. It shows that higher coordination increases with density. Also, for
the same density, a higher number of pores (smaller pores) implies larger fraction of sp
atoms. A structural model of a foam model generated using this procedure has been
shown in Fig. 3.4 (top). The figure shows connected networks of C matrix with large
pores between them. Despite being far smaller than the real foams, the models bears an
uncanny resemblance to the CT scans of real carbon foams. The internal structure and the
bonding environment in the dense regions of the foam models are shown in Fig. 3.4
(bottom). The internal structure reveals a presence of twofold, threefold, and fourfold
coordinated carbon atoms. Unstable carbon configurations like the dangling bonds are
absent in the carbon matrix and the arrangement of atoms is disordered. This could serve

as a model of the dense carbon matrix in real carbon foams.
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Figure 3.4: (Top): Structure of 8000 atom foam model created using ML GAP potential.
(Bottom) Internal Structure of the carbon matrix in the foam models. Red, yellow, green,

and blue atoms represent fourfold, threefold, twofold, and onefold coordinated C atoms.
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3.4 Conclusions

The structure of a-C was studied over a wide range of densities. Surface reactivity
and the mechanism of reaction of atmospheric gases on the surface of a-C were studied.
Annealing of a-C at temperatures below 1500 K revealed an observable increase in the
fraction of sp atoms. This rise in sp atoms enhances the electrical conduction because
space projected conductivity calculations have shown that sp atoms offer less resistive
path to electronic conduction [89]. Foam models were created using ML-based GAP
potential and discussed in detail. This could lead to ways to understand the dependence of
mechanical properties of the foam on the density, porosity, pore size, etc on models that
are much larger compared to the ab initio models created with VASP. The presence of
huge pores on these foam models would provide a better picture of the surface reactivity

of these real carbon foam models to external adsorbents (N,, O,, H,O).
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4 ANNEALING INDUCED CHANGES IN MIRROR COATINGS

The work related to zirconia doped tantala presented in this chapter has been
published as R. Thapa, K. Prasai, R. Bassiri, M. M. Fejer, and D. A. Drabold, Realistic
computer models of amorphous ZrO,:Ta,Os: Structural, optical, and vibrational

properties, Phys. Rev. B 105, 224207 (2022) [7].
4.1 Introduction

Brownian thermal noise associated with the dielectric coatings limits the sensitivity
of interferometric gravitational wave detectors such as LIGO and Virgo [107-109]. These
coatings consist of alternating layers of high and low refractive index materials. In the
current generation of LIGO and Virgo, silica (SiO;) and titania-doped tantala
(TiO,:Ta,0Os5) are used as the low and high index material, respectively [109]. The
measured mechanical loss angle for the state-of-the-art ion-beam-sputtered SiO, coatings
is 4x107° rad [110, 111] while that for TiO,:Ta,Os is 2.4x107* rad [112, 113]. Hence, the
dominant contributor to the coating thermal noise is high index TiO,:Ta,Os layer. One of
the ways of reducing coating thermal noise and increasing the sensitivity of future
upgrades of these detectors is to find a low-mechanical-loss replacement for the
high-index layer.

Zirconia-alloyed tantala (ZrO,:Ta,Os) has been studied as a promising candidate to
replace the high index layer [107, 109]. In addition to having higher refractive index (> 2
at 1064 nm) compared to silica (1.45 at 1064 nm), ZrO,:Ta,O5 appears to remain
amorphous after annealing up to the temperatures of 800°C while most other Ta,Os-based
coatings could be annealed without crystallization only up to 600°C. This is significant
because post-deposition annealing is a standard procedure to reduce room-temperature
(RT) mechanical loss of amorphous oxide coatings. Measurements have shown this to be

true for ZrO,:Ta, 05 as well — measured values of RT loss are seen to decrease
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monotonically as these coatings are subjected to higher and higher annealing temperatures
before the crystallization starts [107]. Since annealing the low index layer SiO; also drives
down its mechanical loss, this recipe could form a potential route to low thermal noise
high-reflection (HR) coating.

In order to understand the origin of mechanical loss in the thin films of ZrO,:Ta,0Os
and possibly find ways to reduce the loss, it is important to study its atomic structure and
the ways two-level systems (TLSs), which are thought to be responsible for loss
processes, could form in its structure. Furthermore, since the RT mechanical loss values of
7Zr0,:Ta,O5 continuously decrease upon annealing [107], it could be especially
informative to probe the annealing-induced effects on its atomic structure and how those
changes in atomic structure might relate to an observed decrease in RT mechanical loss.

In an earlier work published by the Prasai et al. [109], x-ray grazing incidence pair
distribution function (GIPDF) measurements carried out on differently annealed thin films
of Zr0,:Ta,O5 are reported. These measurements are then employed to generate structural
models of ZrO,:Ta,0s. Generating several sets of models based on GIPDFs measured on
differently annealed samples allowed the study of annealing-induced effects on atomic
structure. The modeling method employed in this work is force-enhanced atomic
refinement (FEAR) [46, 47]. FEAR uses force-based energy minimization to constrain the
solution space of reverse Monte Carlo (RMC) modeling so that the resulting models are
simultaneously in agreement with scattering data as well as are low energy configurations
respecting the chemical and topological order required by the chosen force field.

In this chapter, we revisit the atomic modeling part of Ref [109] employing density
functional theory (DFT)-based calculations for energy minimization instead of two-body
empirical force field used in Ref [109]. We gain significant accuracy in modeled atomic
interactions by using DFT-based calculations compared to the simple 2-body empirical

forcefields. Furthermore, electronic and optical properties of the models could be
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calculated using the DFT based calculations. However, the size and number of instances
we could model the system are significantly limited in the present work compared to
Ref [109] and hence our ability to resolve small differences between differently annealed
systems is poorer in the present work compared to Ref [109]. Based on the new models
we generate, we report on several characteristics — including coordinations, polyhedral
connections, bond angle distribution, voids, electronic and phonon density of states and
refractive index. The optical properties are of special interest to LIGO and VIRGO

applications.
4.2 Methodology and Models

We prepare 416-atom FEAR [46, 47] models at experimental density (6.53
g/cm?) [109]. Atomic coordinates from a well equilibrated melt from a building
block [114] model (cooling rate of 0.1 K/fs) at 4000 K was taken as the starting model.
This configuration was then refined iteratively with partial Reverse Monte Carlo
(RMC) [44] and energy minimization carried out with conjugate gradient (CG) algorithm
using the ab initio plane wave density functional theory package VASP [78] with
projector augmented wave (PAW) [79] method and the Perdew-Burke-Ernzerhof
(PBE) [80] treatment of the exchange-correlation functional. The ab initio minimization
step in each FEAR iteration ensures that the interactions and chemistry are well
represented, and the system does not produce chemically unrealistic structures which
usually arise from conventional RMC. This process was repeated to produce five
independent models with each of the annealed and as-deposited data, and the energy per
atom on various models were within 2% of the average value. Each model, after the
FEAR convergence, were relaxed with conjugate gradient relaxation in VASP until the
system attains a DFT minimum of energy. After this relaxation, the final energies per

atom in the as-deposited and annealed models were almost the same. In particular, it
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would be interesting to get a measure of the difference between as-deposited and annealed
models fitted to the two experimental results.

For validation and comparison purpose, we created a melt quench model of
7Zr0;:Ta,O5 with 312 atoms. The final force/energy relaxed model showed weaker
agreement with the experimental data for as-deposited films compared to the FEAR
models. Since creating models of as deposited and annealed ZrO,:Ta,Os is rather
complicated with traditional melt-quench (MQ), it would be difficult to study annealing
induced changes with the MQ models. Although post treatment of MQ models to model
annealing effects have been established and tested [115, 116], FEAR seems to be the go-to
direction for our material.

Furthermore, x-ray scattering amplitude from a sample depends on the atomic
number of the species present [117], therefore are less sensitive to O atoms relative to the
Zr and Ta atoms. RMC alone with X-ray diffraction data could thus result in unexpected O
behavior in such O rich stoichiometry. This shortcoming could be ameliorated by FEAR
simulation technique where accurate interatomic potentials for each atomic species are
used to refine the models.

The electronic structure of the models have been studied, in addition to usual PBE
functional, using the Heyd, Scuseria and Ernzerhof (HSE06) hybrid
functional [39, 85, 86] which has been quite successful in handling the DFT “band gap
problem” and predicting optical properties. In this class of hybrid functional, the
exchange potential is divided into short and long-range parts. For our system, we used the
standard screening parameter (w = 0.2), with w being related to the characteristic length,
2/w, which defines the range separation. We have used default mixing parameters: 25% of
the nonlocal Hartree-Fock exchange is mixed with 75% of the semilocal exchange in the

generalized-gradient approximation of PBE [80]. The long-range part and the correlation
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are determined using PBE. Also the ion-core and valence electron interactions were

calculated with the PAW-potentials.
4.3 Results
4.3.1 Structural Properties

The structure factor S(Q), and the pair distribution function (PDF) obtained from the
models are shown in Fig. 4.1, along with the experimental data for comparison. The
results were averaged over five independent models for both the as-deposited and
annealed data. Both as-deposited and annealed models agree reasonably well with the
experiment. The PDF of both as deposited and annealed models show amorphous nature
indicating that ZrO,:Ta,Os does not crystallize upon 800°C annealing. As previously
reported, this phenomena arises due the competing structural phases of zirconia
interfering with the alignment of tantala polyhedra and thereby suppressing crystallization
without generating a separate zirconia crystalline phase [118]. Additionally, Tewg et al.
has also reported a 200°C increase in the amorphous-to-polycrystalline transition

temperature of tantala with the right amount of zirconia doping [118].
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Figure 4.1: Comparison of models with experiment: Experimental S(Q) and G(r)

compared with that obtained from the models. The results are averaged over five models.

To understand the annealing induced changes in the structure, we plot the S(Q) and
G(r) of as-deposited and annealed models together with the difference between them in
Fig. 4.2. The differences in S(Q) is prominent at the first and second peak while the
differences in G(r) manifest mostly in the region between 3 A -4 A. This region of G(r)
carries information regarding the connection of the various metal-oxygen polyhedra and
therefore the figure suggests that annealing produces significant changes in these
connections. The difference between the as-deposited and annealed models are subtle, and
it is difficult to reliably pinpoint the differences in our models because the effects are so

small. However, we calculated the standard error arising from the averaging over five
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models and verified that the differences in the G(r) and S(Q) between the as-deposited and

annealed models were higher than the error.
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Figure 4.2: Comparison of as-deposited and annealed models: Comparison of S(Q) and
G(r) from as-deposited and annealed models. The difference curve has been shown at the

bottom.

To understand the real space correlations of the atoms, the structure of the material
can be thought of as a collection of metal atom centered polyhedra with O atoms at the
corners. The correlation between the metal and the O atoms within a polyhedra give rise
to the first peak in G(r) at 2 A. Metal-metal (M-M) correlation arising from different types
of connection between the polyhedra, shown in Fig. 4.3 (left panel), give peaks in G(r) at
different distances: edge-shared (ES) and face-shared (FS) connections combined show up

as a peak at 3.5 A while corner-shared (CS) connections give rise to a peak at 3.80 A.
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These findings are in good agreement with similar calculations made previously on
zirconia-alloyed tantala [109] and on pure tantala [119, 120].

Fig. 4.3 (left panel) presents a comparison of G(r) from as-deposited and annealed
models, with the lines thickened to show standard error. It shows that the M-O correlation
is robust and unaltered by annealing. Low values of standard errors below 3 A in both
as-deposited and annealed models show that all the models taken for averaging purpose
had almost same M-O correlation in them. The M-M correlations, however, is modified
significantly as a result of annealing. Annealed models tend to have a larger concentration
of CS polyhedra and lower concentration of FS polyhedra compared to the as-deposited
models. The comparison of different polyhedral connection shown on the right panel of
Fig. 4.3 suggest that annealing increases the number of CS connections while decreasing
the ES and FS connections between metal atoms in the network. As the measured room
temperature mechanical loss of these thin films decrease upon annealing [109], this result
supports the notion that TLSs contributing to the room temperature mechanical loss may

involve ES and FS connection.
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Figure 4.3: Effect of annealing in M-M correlation and polyhedra sharing fashion:
(Left panel) Comparison of G(r) from as-deposited and annealed models. The curves are
thickened to show the standard error present in the data. (Right panel) Comparison of the

fraction of CS, ES, and FS polyhedra connections in the as-deposited and annealed models.

The bond angle distribution function obtained from the models has been shown in
Fig. 4.4. The most obvious change in the bond angle occurs in the Ta-O-Ta connections.
This increase in the peak around 130° for the annealed model is due to the increase in the
CS Ta-Ta connections upon annealing. This finding has already been pointed out in our

earlier work [109].
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Figure 4.4: Bond angle distribution function for the as-deposited (dashed line) and annealed

model (solid lines).

Model Atoms | Ta (@) Zr Total
Ta 6.07 6.069+0.038

as-depo | O 1.35 1.41 | 2.759+0.003
Zr 6.35 6.346+0.031
Ta 5.90 5.896+0.031

annealed | O 1.31 1.41 | 2.718+0.007
Zr 6.34 6.342+0.053

Table 4.1: Coordination statistics for as-deposited and annealed models using 2.9 A M-
O bond cut-off distance along with the fluctuations in the total coordination number over

different models.

The coordination statistics of each atomic species are summarized in Table 4.1. The
bond cut offs were taken from the first minima of the PDF and the coordination statistics

are not too sensitive to this choice. Homopolar bonds are absent in all the as-deposited as
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well as annealed models and the only bonds present are the M-O bonds. The Ta-O
coordination values for the as-deposited and annealed models are in agreement with
results from NMR studies on pure Ta,Os [121, 122]. Annealing did not produce a major
change in the Zr-O coordination number but the Ta-O was significantly reduced as a result
of annealing causing a major reduction in the O-Ta coordination number and the average
O coordination by metal. As seen in Fig. 4.5, this reduction in O-M coordination number
arises from a drop in fraction of 3- and 4- coordinated O atoms as a result of annealing.
This finding is complemented by an increase in 5-fold Ta-atom due to annealing.
Reduction in O coordination by metal upon annealing has previously been reported in
similar measurements [109]. A significant change in Ta-O coordination compared to Zr-O
upon annealing suggest that the Zr-O ionic bond is stronger than the Ta-O, a fact also
backed up by their electronegativity values. The ratio of twofold to threefold coordinated
O atoms in zirconia-alloyed tantala is ~ 1 : 2. Thus, zirconia doping modifies the bonding
environment of oxygen significantly by producing more threefold coordinated O atoms in
the network. Fig. 4.5 also shows that annealing reduces the fraction of higher

coordinations across each species.
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Figure 4.5: Change in coordination accruing from annealing.



64

The local environment around each atom is studied with Voronoi analysis. A Voronoi
tesselation is defined by associating a cell of space to each atom that is closer to that atom
than any other [123]. In general, a Voronoi cell for an atom can be constructed by drawing
perpendicular bisector planes between the atom and its near neighbors.

The Voronoi radius (VR) for an atom can be obtained from the cell volume within the
atomic sphere approximation that approximates the cell with a sphere equal to its volume.
With this construction, atoms with closer neighbors distributed symmetrically have
smaller Voronoi radius while atoms with neighbors further away have larger Voronoi
radius. Furthermore, if an atom has a void near it, the Voronoi volume and hence radius is
higher. Distribution of the VR in the sample has been shown in Fig. 4.6. The peak arising
from Ta atoms is a clear signature of the Ta-O bonds because it is the shortest bond
present in the network. The decrease in the peak height for Ta atoms upon annealing is a
consequence of decrease in the O-Ta coordination. Since the range for the VR for Ta
atoms is the smallest, the Ta atoms have the most compact nearest neighbor environment.
Detailed analysis of the bonding environment showed that the tail of the Ta atoms are
contributed by under coordinated (fivefold) Ta atoms while the lower end is contributed by
over coordinated Ta atoms. Another peak due to Zr atoms lies in the intermediate region
of O and Ta atoms because the bond length of Zr-O bonds is greater than that for
Ta-O [109]. Low values of VR for both Zr and Ta atoms compared to O atoms highlight
two key structural details of the models. First, the environment around metal atoms are
more organized than the O atoms as most metal atoms from have a M-O polyhedral
environment. Second, there is always an O atom closer to a void than any metal atoms.
The VR associated with the oxygen atoms are the are the largest among the three which
can be attributed to various factors. First, O atoms have the smallest number of nearest

neighbors with no clear three dimensional picture of its environment: its neighbors are not
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arranged symmetrically. Secondly, they lie in the boundary separating voids and the dense

matrix of atoms and have large unoccupied volumes included in their Voronoi cells.

as-deposited Ta annealed

>
of
o
°
0\

_’ 4

Frequency

©
T

1.3 1.4 1.5 1.6 1.7 1.3 1.4 1.5 1.6
Voronoi Radius (4) Voronoi Radius (4)

Figure 4.6: Frequency distribution of Voronoi radius. The sum of the frequencies for
each atom type is equal to the number of atoms of that particular type in the sample.

The jagged oscillations are artifacts of the model size.

We begin by partitioning the system into large number of small spherical “cells”
centered at the points of a 180x180x180 grid and checking the distance of each sphere
from all the atoms in the network. A cell is called “isolated” if it is further away than the
covalent radius (1.70 A for Ta, 0.73 A for O, and 1.75 A for Zr), plus a tolerance, from all
the atoms in the network. We have used a tolerance of 0.9 A in order to get rid of the
inclusion of the cells lying along the M-O bonds, with a 2.90 A cut-off, in the set of
isolated cells. The collection of these isolated cells defines the region in real space in the
network that is empty/void. We define void size as the combined volume of all the isolated
cells within a void. The void sizes in the models are presented in Fig. 4.7. The fluctuations
of void sizes among various models were within a few percent of the void size.The
distribution of the void size shows that the as-deposited models, on average, have larger

voids than the annealed models. The annealed models have a few large voids and a higher
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fraction of uniformly sized smaller voids. Annealing thus annihilates the larger voids into
smaller sizes which can be thought of as the bonded O atoms being pushed further from
the metal atom thereby reducing the coordination, although subtly, as shown in Table. 4.1.
This fact is also corroborated by the decrease in the fraction of highest coordinated metal
atoms upon annealing, as seen in Fig. 4.5, which can be thought of as the O atom being
pushed towards the void thereby annihilating the void. This is true not just for the

312-atoms models but also for the 2600-atom models.
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Figure 4.7: Void size in the 416-atom (left) and 2600-atom (right) models. Both show

annihilation of the voids upon annealing.

For visual interpretations, the voids present in one of the as-deposited and annealed
FEAR models are shown in Fig. 4.8. It shows that voids in annealed sample is uniformly

distributed and with a narrower range of sizes than the as-deposited models.
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As deposited

Annealed

Figure 4.8: Distribution of voids in real space for as-deposited and annealed models .

Different colors denote different voids in the system.

4.3.2 Optical and Electronic Properties

The frequency dependent complex dielectric function
€(w) =€ (w)+ie(w) 4.1)

for the as-deposited and annealed models were calculated within the projector augmented
wave method where the imaginary part is derived by summing over conduction bands and
the real part using Kramers-Kronig relation [124]. Both refraction and absorption of a

medium can by described by a single quantity called complex refractive index defined as:
ii=n+ik. 4.2)

The real part is the normal refractive index while imaginary part is called the extinction
coeflicient and is directly proportional to the absorption coefficient of the medium. Both
these quantities are calculated using the complex dielectric function with these

definitions [125]:

n=|+— | k= | ———]| . (4.3)
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The frequency dependence of the refractive index, calculated with the PBE and HSE06
functionals, has been shown in Fig. 4.9. The refractive index, for both as-deposited and
annealed models, obtained using the hybrid functional (HSE-06) were much closer to the
experimental results. The experimental value of the refractive index at 1064 nm is
reported to be 2.08 £ 0.01 [107]. From Fig.4.9, the value calculated with HSE is much

closer to the experimental value compared to that calculated with PBE.
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Figure 4.9: Refractive index as a function of photon energy for as-deposited and

annealed models.

The electronic density of state (EDoS) of the models evaluated with the Kohn-Sham
eigenfunctions obtained from VASP using PBE and HSEO06 hybrid functional have been
plotted the results in Fig. 4.10. Since tantala is an insulator with a experimental band gap
of 4.22 eV [126], introduction of zirconia (with band gap of 5.50 eV [127]) to the network
does not change the insulating nature of the compound in contrast to the results seen in Cu

doped tantala [128] where space projected conductivity calculations have shown that the
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phase segregated Cu atoms form a conducting active region. The band gap observed in our
models (= 2.3 eV) calculated with PBE approximation is lower than reported, a
discrepancy which can be associated with the well-known band-gap underestimation by
DFT [129]. However, the band gap calculated with the hybrid functional (HSE06) shows a
band gap ~ 4 eV which is close to the experimental band gap of tantala. The band gap for
crystalline tantala and zirconia calculated using density functional calculations have been
reported to be 2.2 eV [130] and 5.34 eV [131], respectively. Fig. 4.10 also shows that gap

in the DoS is robust with respect to annealing.
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Figure 4.10: Comparison of the electronic density of states (EDoS) between as-
deposited and annealed models calculated using PBE (left panel) and HSEO6 (right panel)

approximations.

4.3.3 Vibrational Properties

The VDoS for the as-deposited and annealed models have been shown in Fig. 4.11. A
detailed analysis of the contribution from individual atomic species showed the dominance
of metal atoms at low frequencies while O atoms dominated the mid and high regions of
the vibrational spectrum. The VDoS looks qualitatively similar in the as-deposited and the
annealed models at low frequencies. However, there are certain regions where they differ

significantly as we move higher in frequency, for example, near ~57.5 meV. The insets
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show that the discrepancy arises because of the difference in the number of the vibrational

modes present in the as-deposited and annealed models in that region.
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Figure 4.11: (left panel) Vibrational density of states (arbitrary units) in as-deposited and
annealed model. The insets show, in the energy range of interest, the energy associated
with the normal modes in the as-deposited and annealed models. (right panel) Vibrational
inverse participation ratio (VIPR), calculated for an as deposited model, projected onto

different coordination of the O atoms.

The VIPR for the O atoms, decomposed onto different O coordination, is plotted in
Fig.4.11. Low values of VIPR throughout the vibrational spectrum for the 4-fold O atoms
indicate that the vibrational eigenmodes these set of atoms contribute to are highly
delocalized. The normal modes towards the higher end of the spectrum are mostly
localized on the twofold O atoms and on the threefold O atoms to some degree. A detailed
investigation of these localized high frequency modes show that they are localized on a CS
O atom connecting two M-O polyhedra and the vibrational mode is a bond stretch mode
of the CS O atom between the two metal atoms. This localization at high frequency are
important for thermal application because localized modes play a significant role in

determining thermal conductivity in amorphous chalcogenides [132] and polymers [133].
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4.4 Conclusions

New models of as deposited and annealed ZrO,:Ta,O5 were created and models
showed close agreement with the experimentally measured x-ray diffraction data.
However, since the differences in G(r) and S(Q) are subtle, one must be careful in making
sure that the errors in these functions are not greater than the difference between the
as-deposited and annealed models. As deposited and annealed models of zirconia-alloyed
tantala showed clear differences in structure in relation to the M-M correlations,
coordination statistics, Voronoi radius, void size and distribution. Our models clearly
capture the subtle differences in the experimental x-ray diffraction data for as-deposited
and annealed samples that manifests mostly in the polyhedral linking fashions.

Annealing produced a prominent change in the coordination number of the Ta atoms.
Further analysis of the Voronoi radius showed that there is always an O atom closer to a
void boundary than any metal atom. The void distribution suggests a greater number of
larger voids in as-deposited models compared to the annealed models. The electronic DoS
shows that the insulating behavior of the host tantala is unchanged by annealing and
zirconia doping. PBE functional calculations produce incorrect band gap for zr-alloyed
tantala and the inclusion of hybrid functional to the DFT calculation in inevitable to get a
good agreement with experimental results. The computational efficiency provided by
FEAR helps us create 416-atom models, at DFT level, which would otherwise have been
highly expensive using the traditional melt-quench method.

The results presented in this chapter provide an increased understanding of atomic
structure of ZrO,:Ta,Os coatings and the effect of annealing on the structure particularly
in terms of polyhedral connection fashion — these results could be helpful to understand
the origin of mechanical loss observed in these coatings so that coatings with lower losses,

as needed for future generations of gravitational wave detectors, could be designed.
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5 MEgbpiuM RANGE ORDER IN GE-SE GLASSES IN INTERMEDIATE

PHASE

The work related to chalcogenide glasses presented in this chapter has been authored
by R. Thapa, C. Ugwumadu, K. Nepal, M. T. M. Shatnawi, and D. A. Drabold, Ab

initio simulation of amorphous GeSe; and GeSe,, and submitted to JNCS, (2022) [8].
5.1 Introduction

Modeling of atomic-scale structure and ordering in amorphous materials has been an
area of active research for decades now. It follows that an understanding of the basic
architecture of a material creates an avenue for optimization of the material for wider
applications. One material that has enjoyed tremendous scientific interest is the glassy
Germanium Selenide materials, g-Ge,Se;_, (0 < x < 1). These materials can be made in
glassy state over a wide range of x (0 < x < 0.43) [134], and reveal scientifically
important ordering on the atomic scale [135—-138]. This has also gathered a lot of attention
because the connectivity of the covalently bonded network can be changed by altering the
Ge:Se ratio over the glass forming region. Chalcogenide glasses are known to exhibit a
wide range of physical properties like high linear and non-linear refractive indices, large
infrared transparency, and reversible amorphous to crystalline transition [139]. GeSe4 (x =
0.2) and GeSe; (x = 0.25) are important starting material in many opto-electronic
applications, for example, purifying Se before glass synthesis of g-GeSe, fibres, used in
optical telecommunication, notably reduces optical losses in the mid-IR range [140]. This
property also extends to GeSe; which has low optical absorption due to its wide band-gap
and configurable optical properties [141]. Using noble metals (notably Ag) as an additive
to GeSe glasses forms a useful material for conducting bridge memory (CBRAM)

devices, an ultra-low power non-volatile memory technology [142—-144]. GeSe glasses
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form an ideal system to study the floppy to rigid transition with an increase in the mean
coordination as proposed by the constraint counting theory [145, 146]. As pointed out by
Thorpe [147], the rigidity percolation occurs at a mean coordination of 2.4, corresponding
to GeSe,4, where the network transforms from floppy to rigid with the transition being
accompanied by abrupt changes in several physical properties [148—150].

For amorphous materials in general, accurate description of its vibrational, electronic
and optical properties is heavily dependent on the availability of high quality structural
models. For example, models generated solely from molecular dynamics (MD) not only
suffer from short simulation times, but also produce unrealistic coordination defect
concentration [12]. However, several sophisticated models for GeSe glasses exist which
give better account of the structural properties of the material [4, 151-153], but the hybrid
functionals used for those models are computationally expensive and most fail at
reproducing the experimental Ge-Ge correlation function which is specified by the
so-called first sharp diffraction peak (FSDP). For chalcogenide glasses with small Ge
concentration, the Ge-Ge correlation function gives information on the Ge - centered
structural motifs and hence contributes substantially to features of the model (i.e. from the
exchange and correlation energy functional used [152, 154, 155] to the system size and
residual pressure effects [1]). It is noteworthy that efforts are being made to improve the
Ge-Ge correlation function, for example; Chaker and co-workers [156] incorporated Van
der Waals dispersion forces into first-principle molecular dynamics simulations (FPMD)
with BLYP (Becke, Lee, Yang and Parr) exchange-correlation functional [157, 158]; while
this requires additional calculations, it showed that Ge-Ge correlation is sensitive to the
kind of dispersion force considered. Therefore, since different conclusions can be inferred
from the available models with regard to the network structure of g-GeSe, as well as

g-GeSes due to the inaccuracy in reproducing the Ge-Ge correlation function or some
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other features, a break-through would be providing a model that can be consistent with all
measured partial pair correlation function as well as experimental data.

The composition GeSe, is of special interest in the study of the floppy to rigid
transition because this composition is the boundary between the two states, corresponding
to mean coordination number 2.4 calculated with the 8-N rule [50]. Therefore, one might
expect vibrational signatures to change significantly near this composition especially for
the low frequency (w — 0) limit. While the constraint counting theory is foundational
contribution to our understanding of these materials, it is also idealized: it is based on a
mean field theory and ignores forces other than stretching and bending forces from
idealized bonds. In our work, we do not make these approximations, so that similarities
and differences between the idealized and more realistic systems are of interest.

Several attempts to theoretically model the structure of GeSe4 has been made in the
past ranging from RMC simulations [137, 159-162] to classical molecular
dynamics [163-165] to complex density functional theory based calculation with different
exchange and correlation functional [4, 152, 156, 166]. An approach to simulating an
acceptable model which can be used to explore structure-based properties of g-GeSe,, as
well as address the discrepancies between experiment and prediction of the Ge-Ge
correlation function without using computationally expensive hybrid functional involves:
(1) directly using available experimental information through the Reverse Monte Carlo
(RMC) technique [44], (i1) a systematic minimization of the total energy of the
configuration as well as the discrepancies in the atomic coordinates (caught by RMC)
focused at increasing the probability of the system settling on a global minimum. This
method of teaching some chemistry to the RMC is termed force enhanced atomic
refinement (FEAR) [46, 48, 75]. In this work, we use x-ray diffraction (XRD) data [2] to
construct realistic models for (g-GeSe,) and (g-GeSes) and compare the results obtained

with previous theoretical calculations and experiments whenever possible. The models
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produced, in decent sizes, will be used to study the network topology in both the short and

intermediate range.
5.2 Methodology and Models

We prepare models of GeSes (384 atoms at 4.31 g/cm? [1]) and GeSe, (400 atoms at
4.38 g/cm? [167]) using FEAR [46-48]. FEAR is a well-developed method for generating
computer models for a wide variety of materials ranging from a -Si and a -SiO, to sodium
silicates [168] and complex bulk metallic glass [169]. Well-equilibrated liquid melts, at
2000 K for 10 ps, of the models generated using the building block [12, 114] method
were used as starting configuration for the FEAR extrusively discussed elsewhere [46].
FEAR is a successful technique to jointly satisfy structure factor data while at the same
time producing a configuration that is a suitable energy minimum according to VASP. The
experimental structure factor used was measured using high energy X-ray diffraction
carried out at the Advanced Photon Source (APS), Argonne National Laboratory [2]. The
energy minimization step used conjugate gradient (CG) algorithm in the projector
augmented wave [79] implementation of the ab initio plane wave density functional
theory package VASP [78, 170] with Perdew-Burke-Ernzerhof [80] method as the
exchange-correlation functional.

To compare/validate our findings from the FEAR models, we created a melt-quench
(MQ) [12] models of the glasses with the same density using VASP. This model started
with a random configuration of atoms, with no atoms closer than 2.0 A from other atoms,
and was heated to 2000 K in 9 ps where it was equilibrated for 8 ps. The equilibrated melt
was cooled to 300 K in 18 ps followed by a 12 ps equilibration at 300 K. The final models
were then relaxed with CG algorithm to minimize the forces on each atom. Parallel FEAR

calculations on smaller models (240 atom GeSe, and 300 atom GeSes) produced energy
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optimized structures but the agreement with the experimental X-ray structure factor and

the radial distribution function was not on the same level as with the larger models.
5.3 Results and Discussion
5.3.1 Structural Properties

The total structure factor obtained from the models is shown in Fig. 5.1, along with
the experiment data [2] for comparison. FEAR models show modest agreement with the
experimental results [2] and the most significant difference between the FEAR and the
MQ models is the presence of a pre-peak at 1.15 A~!, although not matching the
experimental intensity, in the FEAR model. This peak is the first sharp diffraction peak
(FSDP) and is related to ordering of atoms in the intermediate range [1, 171]. Since, this
FSDP arises mainly from the Ge-Ge correlations [1], a FSDP mismatch of the model with
the experiment results in wrong Ge-Ge correlations as seen in the RDF of the MQ model.
The comparison of total neutron structure factor obtained from the model with the
experimental data [1], shown in Fig. 5.2, also shows that the FEAR models align closer to

the experiment compared to the MQ models, markedly in the region around the FSDP.
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Figure 5.1: Total x-ray structure factor of the MQ and FEAR models of GeSe3 (left panel)

and GeSe4 (right panel) compared with experimental results from Moneeb et. al [2].

The total and partial RDF were calculated on both the FEAR and MQ models. To
serve this purpose, the models were taken through an NVT ensemble at 300 K and the
results were averaged over 2500 configurations collected over the final 5 ps of the
simulation. The partial and total RDF from our models, plotted in Fig. 5.4, are in close
agreement with the experimental results obtained using neturon diffraction with isotope
substitution [1]. The absence of Ge-Ge homopolar bonds (correlations below 315) in
GeSe, observed in the neutron diffraction experiment [1] is exactly reproduced in our
GeSe4 model. The position of the peaks in the partial RDF and the mean coordination

number, outlined in Table. 5.1 agree with available experiments.
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Figure 5.2: Total neutron structure factor of the MQ and FEAR models of GeSe3 (left
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panel) and GeSe, (right panel). The RDF’s have been shifted vertically for clarity.
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Figure 5.3: Projection of the localized states near the Fermi level onto atoms in GeSe; (left)

and GeSe, (right) models. Red and green atoms indicate Ge and Se atoms respectively.

Only few atoms with higher projection of the states on them are shown.

In general, the models produce reasonable agreement with the experiment in terms of
the Ge-Se and Se-Se correlations. However, the Ge-Ge correlations, which is highly
sensitive to the choice of the modeling procedure, differ between the MQ and FEAR
models. The dependence of the Ge-Ge correlations on the exchange and correlation
energy functional used in the simulations [154, 155], the system size, and the quench
protocol used [153, 172] have been previously reported. This absence of Ge-Ge
correlations in GeSey, also observed experimentally [1], indicates the absence of Ge-Ge
homo-polar bonds, i.e. Ge atoms bond only to Se atoms. The first peak in the total RDF of
GeSe, arises from first neighbor correlations between the atoms within a structural motif.
Thus, Fig. 5.4 suggests that there is no Ge-Ge correlations in GeSe, model for the FEAR

model but such a correlation exists for the MQ model. This finding also accounts for the
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discrepancy in the intensity of the first peak between the MQ and FEAR models of GeSe;.
Experimental evidences have shown that there is no Ge-Ge correlations in GeSe, [1].

The structure of GeSe; and GeSe,4 can be viewed as a collection of Ge centered
tetrahedra connected to each other by Se atoms in various fashion namely edge shared
(ES) and corner shared (CS). The frequency of occurrence of Se-Se homo-polar bonds and
the length of Se chains positively correlates with the Se concentration. Our models for
GeSe; and GeSe, show four distinct Se environments: Ge-Se-Se, Se-Se-Se, and Ge-Se-Ge
where the Se atom is shared by two Ge(Se), tetrahedra connected either in CS or ES
fashion.This finding is in line with NMR experiments on these materials [173]. The
comparison of real and reciprocal space information for GeSe; and GeSe, shows that an
increase in Ge-Se content within the intermediate phase (IP) creates an additional length
scale in the atomic ordering associated with the intermediate range order arising from the
connection of Ge atoms in neighboring tetrahedra [174]. This manifests as a peak in the
Ge-Ge correlation in the GeSe; and as a FSDP, with higher intensity compared to GeSe,,
in the S(Q). To study the difference in the Ge-Ge connectivity between GeSe; and GeSey,
we calculated the statistics of the different modes of connections between the Ge-centered
motifs: namely corner-shared and edge-shared, and tabulated in Table. 5.2. The table
shows a significant increase in the connectivity between Ge-atoms, both CS and ES, as we
go from GeSe,4 to GeSes. This can be thought of as the added Ge atoms trying to break up
and crosslink the Se chain structures by forming fourfold coordinated Ge-centered
structural motifs [174]. Also, the ratio of ES:CS tetrahedra in GeSejs is in close agreement
with results from MAS NMR experiment [173]. The frequency of the length of most
frequent isolated Se chains, made with Se atoms that are not bonded to Ge, listed in
Table. 5.2 suggests that the addition of Ge atoms to GeSe, breaks the Se chain links to

form cross-linking connections and a more rigid network topology. he number of Ge-Ge



81

bonds reported in Table II for GeSe4 agrees well with the Ge-Ge coordination number

reported in Rowlands et al. [26].

GeSe; GeSey

Reece 2.55
Rgese 242 (2.37) | 2.44 (2.37)
Rgese 2.40 (2.34) | 2.37 (2.35)
il 2.50 2.38
i (8-N) 2.50 2.40

Table 5.1: Position of the first peak (R,z) (in fi) in partial correlations calculated from
FEAR models of GeSe; and GeSe,. The quantities in the brackets are taken from neutron
diffraction study by Rowlands et. al [1]. The average coordination number (77) for each

model is also listed.

The atomic correlation further than the nearest neighbor was analyzed on the CG
relaxed models using the ring statistics algorithm that has been applied to both
compositions using the ISAACS code. The bond cutoff distances between atomic pairs are
determined by the first minima of the partial RDF and are different for GeSe; and GeSe,.
Within ISAACS, we used the algorithm developed by King [175] and later updated by
Franzblau [176]. As seen in Fig. 5.5, there is a significant difference in the distribution of
the rings between the two compositions. These results are in significant agreement with
previous DFT calculations [4]. The increase in the number of 4-fold rings in GeSejs is
attributed to the higher fraction of ES Ge(Se), tetrahedral connections compared to GeSey.

The bond angle distribution (BAD) is also studied to understand the local structure
around the Ge(Se), tetrehedra and the way they are connected. The Se-Ge-Se BAD is

peaked at around 110° indicating the presence of tetrahedral order [4]. The Ge-Se-Ge
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GeSe; | GeSey

CS 1.030 | 0.750
ES 0.135 | 0.125

NGeGe 14 0
Nse, 9 13
N es 6 8
Nseq 1 3

Table 5.2: Statistics of the Ge-Ge connectivity in GeSe; and GeSe, calculated using Ge-
Se bond length of 2.90 A. Ge atoms are considered bonded if they are less than 2.90 A
apart.The number of ES, CS connections are normalized by the number of Ge-atoms in the
models.The number of the most frequent isolated Se-chains with different lengths ng,, is

also listed.

BAD, arising from connection between the tetrahedra, has clear peaks at ~ 80° and ~ 100°
assigned to ES and CS tetrahedra, respectively. The intensity of the ES peak appears to be
inversely proportional to the Ge content as previously observed [4]. This dominance of ES

units is larger in GeSes; which can also be seen from the ring statistics.
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5.3.2 Electronic Properties

Distribution of rings of

Figure 5.6: Bond angle distributions in
the models computed for Ge-Se-Ge and
Se-Ge-Se. The BAD has been Gaussian

broadened (with o = 2.5°).

From Fig. 5.7, we observe that our models have low DoS near the Fermi level,

consistent with previous experiments [3] and simulation results [4]. Furthermore those
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states are highly localized, as suggested by higher values of IPR. The combined effect of

these findings suggests that the models are non-conducting. Furthermore, the partial DoS

plots show that the significant contribution to the DoS comes from the Se atoms in both

models. In order to understand the origin of the localized states near the Fermi level, we

show the atomic projection of four such states onto the atoms in Fig. 5.3. As expected for

localized states, the states are highly localized on few atoms. Furthermore, these localized

states arise mostly from the Se chain links in the network which is also seen in the partial

DoS in Fig. 5.7.
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Figure 5.7: Total and partial Electronic DoS and Inverse Participation Ratio (IPR)
calculated for GeSe; (left) and GeSe, (right) models. The results are compared
with photoemission spectroscopy (red circles) [3] and previous simulation result (red

triangle) [4].

The total and partial VDoS plotted in Fig. 5.8 agree reasonably well with previous
calculations on the materials [4, 177] showing a broad band centered at ~ 80 cm™! for
both models and matching subsequent peak positions. The low frequency peak at ~ 50
cm™! arises mainly from the floppy modes arising from the vibrations among the loosely
bound Se-atoms. As suggested by VIPR, these low frequency floppy modes are highly
delocalized and shared by a large number of Se-atoms. Sub peaks at ~ 160 cm™' and ~

250 cm™!, arising from bond-bending and bond stretching vibrational modes respectively,
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have been previously reported [177]. The Se rich GeSe, has a higher intensity of the high
frequency motion associated with the A;. mode arising from the atomic motion of Se
atoms connecting edge-shared tetrahedra [178]. This can be viewed as an effect of
increased concentration of the ES tetrahedral connection in GeSe, compared to GeSes, a
finding also seen in the ring statistics analysis above. To facilitate a visual interpretation of
the different kinds of vibrational modes present in the system, we have included

animations of representative modes along with this manuscript.
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models.



86

5.4 Conclusion

We generated realistic models of GeSe glasses in the intermediate range using
experimental x-ray diffraction measurements. The models produced showed good
agreement with the experiment even without the use of hybrid functional calculations. The
structural, electronic, and vibrational signature of the models were parallel with previous
theoretical and experimental studies. The Ge-Ge correlations in these glasses matched
significantly well with experiments. This is a clear advantage of the FEAR over the MQ
technique because FEAR injects the experimental information into the model in each step.
As we moved from GeSe, to GeSe;, we saw clear signature of breaking of Se chains and

formation of cross-linking connections to form a more rigid topology.
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6 ConpucTING CHANNEL IN AN INSULATING MATERIAL

The work related to Cu doped tantala, presented in this chapter has been published as
R. Thapa, B. Bhattarai, M. N. Kozicki, K. N. Subedi, and D. A. Drabold, Structure
and charge transport of amorphous Cu-doped Ta,Os: An ab initio study, Phys. Rev. Mater.
4, 064603 (2020) [128].

6.1 Introduction

Novel non-volatile memory devices are an area of active inquiry. Research on
ferroelectric random access memory (FERAM) and magnetoresistive random access
memory (MRAM) have been limited due to underlying technological and scalability
problems [179]. Meanwhile, study of non-volatile memory, based on electrically
switchable resistance or resistive random access memory (ReRAM), has gained
considerable interest. The first studies of such resistive switching was reported in the
1960’s and was based on oxides in a metal-ion-metal (MIM) framework with
formation/dissolution (SET/RESET) of filament electrochemical in nature [180].
Amongst ReRAM’s, electrochemical metallization mechanism (ECM) or conductive
bridging random access memory (CBRAM) which utilizes the electrochemical dissolution
of an active electrode material such as Cu or Ag for SET/RESET mechanism has shown
particular promise. In CBRAM, transition metals in their ionic state are converted to a
conducting filament by applying a suitable electric field, which upon reversal, destroys the
filament resulting in a resistive state. Several possible candidates for solid electrolytes
have been studied elsewhere [181-186]. Amorphous tantalum pentoxide/amorphous
tantala (a-tantala ) has been investigated as a possible candidate for memory devices,
anti-reflection coatings and optical waveguides due to its high dielectric constant, high
refractive index, chemical and thermal stability [109, 187, 188]. Cu-doped a-tantala shows

promising properties for CBRAM based memory devices.
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Several experiments as well as calculations [189-192] have been carried out to
understand conduction mechanisms in tantala materials. In these studies [189, 191, 192],
Ag, Cu, Pt metals were used as electrodes while in one Xiao et. al. [190] used Cu
nanowires of different diameters inserted into the low density tantala host to study
transport and electronic properties of tantala as an electrolyte. These papers indicate that
metal filaments are responsible for conduction. It has been reported that conduction paths
in different electrolytes differ qualitatively. Metals such as Cu form clusters, leading to a
conducting filament in oxides, while no such clustering is observed in chalcogenide based
electrolytes [193]. Since a complete investigation of Cu-doped tantala has not yet been
reported, we provide here a thorough investigation amid growing research to test its
candidacy as a possible electrolyte for CBRAM technologies.

In this chapter, we investigate the structural, electronic and lattice dynamics of
amorphous Cu -doped a-tantala. We provide insights into structural properties and
coordination statistics, electronic and vibrational properties, and visualize
conduction/current paths by computing the space-projected conductivity (SPC) [193]. We
elucidate the atomistic mechanisms of phase segregation and track the emergence of Cu

clusters as the melt cools.
6.2 Methodology and Models

We prepare two 210-atom models of a-(Ta,;Os)g s0Cug 2o cooled at different rates by
utilizing melt-quenching within the ab initio molecular dynamics (AIMD) method. The
initial density for both of the models was chosen to be that of amorphous tantala (p = 7.79
g/cm?®), consistent with experimental [194, 195] and theoretical studies [190]. We have
performed molecular dynamics simulations using ab initio plane wave code
VASP [78, 170] with projector-augmented wave (PAW) method [79] and employed the

Perdew-Burke-Ernzerhof (PBE) [80] exchange-correlation functional. Due to the size of
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Figure 6.1: (a) The structure of Model I (a) and Model II (b) consists of tantalum atoms
bonded to 5, 6 and 7 oxygen atoms to form a mixture of edge-sharing, corner-sharing and
face-sharing polyhedra and a connected sub-network of Cu atoms. The Cu network grows
in the interstitial space between Ta-O polyhedra. Cu , Ta and O atoms are shown in blue,
green and red, respectively and the same “color nomenclature” will be used throughout the

chapter.

the unit cell, only the I"-point is used for Brillouin zone (BZ) integration. A plane-wave
cut off of 500 eV, a time step of 3.0 fs and Nose’ thermostat was used to control the
temperature.

We fabricated a starting model of 48 Ta, 120 O and 42 Cu atoms with random initial
positions (with no atoms closer than 2 A) in a cubic box of side 14.14 A. This model was
then taken through a melt quench (MQ) [12] cycle. Firstly, the system was heated well
above melting point to form a liquid at 6000 K and then equilibrated at 6000 K, cooled to
3000 K in 18 ps, equilibrated at 3000 K for 9 ps and further cooled to 300 K in 15 ps

summing up for a total simulation time of 57 ps. The cell volume was relaxed to obtain
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zero pressure models. This zero-pressure relaxation produced a volume rise of 2.09%
yielding an optimized density of 7.63 g/cm?.

Another melt and quench (MQ) model, with slower cooling rate around the melting
point of tantala , was made. This model started with the melt of Model I cooled to 3000 K
and was further cooled to 300 K in 24 ps without any intermediate equilibration. The total
simulation time was 60 ps.

After dynamical arrest, conjugate-gradient relaxation was applied until the magnitude
of the force on each atom was reduced to less than 0.01 eV/A. Zero-pressure relaxation
increased the volume by 2.39% and the density was optimized to 7.61 g/cm?.

For simplicity and consistency, we follow the same “color nomenclature” for the

atomic species: Ta, O, and Cu atoms are colored green, red, and blue respectively.
6.3 Results

Fig. 6.1 suggests the formation of Cu clusters within the network of amorphous
tantala. This can be attributed to the ionicity of the Ta -O bonds [196] that drives the
Cu-atoms to cluster. Clustering of Cu in ionic host (a-Al,O3) has been previously reported
[193]. This strong Cu-Cu correlation suggests that Cu-atoms preferentially bond with
themselves, consistent with the coordination statistics in Table 6.1. In contrast,
zirconia-doped tanatala shows no Zr clustering and, the metal atoms distribute themselves
homogeneously with no metal-metal pair closer than 2.9 A [109]. Tt is quite interesting
that our calculations “naturally” produce connected Cu “wires” that are extended in space
(considering the periodic boundary conditions), not by modeler’s “installation”, but as a
direct and unbiased consequence of the melt-quench simulations themselves.

Two peaks are worth mentioning in the Ta-Ta correlation: the first at around 3.3 A,
and the second around 3.8 A, firstly because they provide an idea of the how the Ta-O

octahedra are connected, and secondly because they are implicated in mechanical loss for



91

Atom n n(Ta) | n(0O) | n(Cu)

Ta |796 | 1.75 | 552 | 0.69
Modell o 2441 2.21 | 0.00 | 0.23
Cu |7.17) 079 | 0.67 | 5.71

Ta |800]| 192 | 5.60 | 0.48
Modelll o 245 2.24 | 0.00 | 0.21
Cu | 7481 055 | 0.60 | 6.33

Table 6.1: Average coordination number () and its distribution among different species.
Coordination is counted only if the distance between the atoms is no more than the sum of
their covalent radius within a tolerance of 0.1 A. Covalent radii for Ta, O and Cu are taken

as 1.70 fi, 0.73 fi, and 1.32 fi, respectively

Laser Interferometer Gravity Wave Observatory application [109]. The former comes
from the joint contribution of face and edge-shared octahedral connection while the latter
derives from the corner-shared connection of the octahedra.

The coordination statistics of the models in Table I largely serve to validate the
findings of the RDF and the correlations between different species. It also suggests that, as
we lower the cooling rate, the Cu-Cu coordination increases while the Cu-O coordination
decreases. This implies slower cooling rates produce better Cu clusters with O being
pushed away from them.

To compare the Cu-Cu and the Cu-O environment and its evolution during the melt

and quench process in our models, we calculate, at each step, the following quantities:

Ncu

3
1 N -
dCuCu = 3NCu § § |RCu,i - RCu,jl (61)

i=1 j=1
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Figure 6.2: Average distance of three nearest Cu to Cu atoms (blue dots) and O to Cu atoms

(purple dots), averaged over all Cu atoms, for Model I (a) and Model II (b).

1 - -
dewo = 35 Z > IReui = Ro (6.2)

The sum over j runs over three nearest Cu in the first equation and over three nearest O in
the second. The scatter plots in Fig. 6.2 show how these distances change as we cool the
melt. This plot clearly shows that as we reduce the cooling rates, the O and Cu atoms
move apart. Furthermore, the details of the change in the bonding environments of the
atoms and the phase segregation of Cu atoms in the network during the melt and quench
process has been discussed with animations in the Supplementary Material. There, we
provide a visualization of the network formation process, and observe the exclusion of Cu
as the host tantala network, rendering the Cu becomes atomus non grata in or near the
tantala regions. The main “takeaway” from Fig. 6.2 is that the more extended cooling
produces a more compact Cu cluster for Model II (hence the extended right “leg” on the
right side of the “ballerina plot” of Fig. 6.2b compared to Fig. 6.2a). This suggests that

slower cooling rates create Cu clusters that are as compact as possible, and minimize Cu
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cluster surface area exposed to the tantala host. Of course this hints at a propensity to form

crudely spherical clusters, though our simulations are too small to prove this assertion.
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Figure 6.3: Electronic density of (Kohn-Sham) states, Inverse Participation Ratio and
projection onto atomic species for Model I (a) and Model II (b) with black vertical drop

lines indicating Fermi level. The insets show a magnified version of the DoS contributions

from each species near the Fermi Level.

To understand the electronic structure of the models, we examine the total density of
states (DoS), partial DoS and inverse participation ratio (IPR). These calculations not only

help us check the validity of the model, but can also be used for a priori information to
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model amorphous materials [197, 198]. The plot of the DoS in Fig. 6.3 reveals that both
models have states around the Fermi level with extended Kohn-Sham orbitals indicating
conducting behavior. Since the host (tantala) is an insulator with a band gap of 4.22
eV [199], we see that the introduction of Cu to the network closes the gap by inducing
impurity bands spread throughout the entire host (tantala) gap. This is corroborated by the
fact that the states near the Fermi level arise from the Cu -3d orbitals hybridized mainly
with Ta and small contributions from O orbitals, as seen in the partial DoS plots in
Fig. 6.3.

The density of states provides some hints about the species contributing near the
Fermi-level; however, the conduction also depends upon the localization of their
electronic states and momentum matrix elements between Kohn-Sham states near the
Fermi level. Recently, we have developed a spatial decomposition of the
Kubo-Greenwood [200, 201] formula that provides information about conducting paths in
real space. By introducing a discrete grid in space, we show that the quantity:

{(x) = (6.3)

Z I'(x,x)

provides such information at the spatial grid point x and for which:

T(x,X) = )" géHX)EX))" (6.4)
ija
Here, g;; is defined in Prasai et. al [193] and &7(X) = ¢;(X)p*y(x) is a complex-valued

h_d

i Oxg

function, ;(x) is the i Kohn-Sham eigenfunction and p® = ,(@ = x,y,2). We have
used this approach to describe transport in a solid electrolyte material [193] and Cu
-doped a-alumina [202]. In a mixed (insulating/conducting) system like ours only a few
eigenvectors of I' characterize essentially all conduction in the system.

The SPC for both models is visualized as a gray-scale plot in Fig. 6.4. The figure

shows that connected Cu atoms form primary sites of conduction as expected. However,
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some Ta atoms, which are near the Cu atoms also contribute significantly to the electronic
conduction. A detailed analysis of the bonding environment of these Ta atoms show that
they are under-coordinated with oxygen, i.e. have less than (or equal to) five O bonds, a
result that in agreement with previous works on non-stoichiometric tantala [203]. A
detailed discussion of the bonding environment and the coordination statistics of these Ta
atoms has been made in the Supplementary Material. Furthermore, slower cooling rates
produces higher Cu-Cu coordination and better connectivity, thereby enhancing
conductivity. There is a factor of about 5 higher conduction in Model II than Model I,

presumably because of the small “neck” interlinking Cu in Model 1.

(b)

)

T

Figure 6.4: Space Projected Conductivity scalar field for Model I (a) and Model II (b)
shown in gray scale. Those parts of the network containing the interlinked Cu-atoms are
clearly more conducting in both models. The electrical conductivity of Model II is about 5

times that of Model I, because of the more robust Cu filament of Model II.
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6.4 Conclusion

We describe the process of phase segregation of Cu in a-tantala in atomistic detail.
The Cu did not significantly alter the Ta-O bonding but instead phase separated, forming
Cu clusters. Models made with a slower cooling rate revealed significantly better (denser)
clustering compared to the one with faster cooling rate. These clusters, along with the
neighboring under-coordinated Ta atoms, form a conducting path in the network which is
in agreement with previous literature, though presented in novel way in this chapter, and
not relying only on the Kohn-Sham states near the Fermi level, but also the momentum
matrix elements, a legacy of the current-current correlation functions of Kubo. All this
lends significant insight into an important CBRAM material.

It is interesting to speculate on what would happen in larger models and different
cooling rates. We might expect to see Cu blobs in the network, possibly spatially
separated but potentially interconnected by some other conducting fabric, perhaps Cu
nanowires (of essential interest of course for CBRAM applications). While direct
simulations like this one is computationally impossible for so large a system, it provides
potentially useful a priori information for modeling employing simpler interatomic
interactions. Electronic DoS calculations show that Cu-doping closes the gap in the DoS

of pure a-tantala with extended Kohn-Sham orbitals around the Fermi level.



97

7 CONCLUSIONS

We have extended and applied a successfully established method of incorporating
experimental diffraction data as input into MD simulations coupled with ab initio
electronic structure minimization to generate models of amorphous materials of
technological and scientific importance. Using FEAR, we tracked down the structural
changes in the metal-oxygen (M-O) polyhderal connections as a function of annealing
which would have otherwise been impossible with other traditional modeling techniques
like melt-quench (MQ) or Reverse Monte Carlo (RMC). Annealed models had a higher
fraction of corner-shared (CS) connections compared to the as deposited models, a finding
in close agreement to the experiment and previous theoretical calculations. The method
was then improved further to understand the structural differences between chalcogenide
glasses in the intermediate range. The results were in close agreement with experimental
diffraction data and produced structural characteristics with minimum computational
effort that would have previously required highly-expensive hybrid calculations.

We undertook a pioneering study of graphitization of non-crystalline carbon
materials under high temperature annealing using ab initio MD simulations as well as ML
potentials. The annealed structure had an unusually high proclivity towards layering with
interlayer separations close to that of graphite. Each individual layer of a-G is an
amorphous graphene with topological ring disorder. We studied the effect of the disorder
on the electronic conduction, charge distribution, and interlayer binding.

In an effort to understand Conducting Bridge Random Access Memory (CBRAM)
devices, we studied the formation of connected network of Cu atoms in an insulating host
using ab initio simulation. The findings showed that quenching a high temperature melt of
the mixture of Ta,Os and Cu causes the Cu atoms to cluster within a growing network of
amorphous Ta,Os. Multiple simulations on different time scale showed that the extent of

clustering was a increasing function of the simulation time. The analysis of the electronic



98

properties using density of states (DoS) and space projected conductivity (SPC) showed

that the Cu cluster formed a conducting channel within the insulating host.
7.1 Future Work

Our work on temperature induced structural transition of non-crystalline carbon has
added a dimension to the widely research graphitization process. Experimental
researchers could try to exfoliate the graphite obtained from graphitization to compare and
contrast with the individual layers of the simulated a-G. This study of transformation from
a disordered phase to a more ordered phase under the effect of high temperature is of
technological importance in different class of materials.

The annealing induced rise in the fraction of sp atoms, crucial for improving the
electrical conductivity of amorphous carbon materials, could be quantified by further
electronic conductivity calculations (e.g. SPC). This could be extended to produce
electronic applications of the non-crystalline carbonaceous materials discussed in this
dissertation. The methods implemented in this dissertation to understand the structure and
properties of C-foam could be extended further. The foaming algorithm developed herein
could be extended to large models with million of atoms which could produce foam
models 50-100 A in size. Such large systems would require ML potentials, which are
already available, and high performance computing (HPC) resources. Structural changes
under annealing at low temperatures (< 1500 K), experimentally known to produce
significant changes in electronic conduction, could be studied with these large foam
models.

The FEAR simulation protocol can be extended further with the incorporation of
linear scaling ML potentials in the energy minimization step. This allows us to work on
model with millions of atoms thereby generating a more realistic picture of the material

being studied. FEAR simulation on large models could reveal technologically important
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information not known to the community yet because, by construction, the technique
incorporates experimental information into the system while also minimizing the energy
of the system with a high-quality interatomic interaction. Our technique to study the
formation of conducting channel in an insulating host could be extended to a wide variety

of the CBRAM memory materials.



100

REFERENCES

[1] R. F. Rowlands, A. Zeidler, H. E. Fischer, and P. S. Salmon. Frontiers in Materials,
6:133, 2019.

[2] M. T. M. Shatnawi, C. L. Farrow, P. Chen, P. Boolchand, A. Sartbaeva, M. F.
Thorpe, and S. J. L. Billinge. Phys. Rev. B, 77:094134, 2008.

[3] E. Bergignat, G. Hollinger, H. Chermette, P. Pertosa, D. Lohez, M. Lannoo, and
M. Bensoussan. Phys. Rev. B, 37:4506-4513, 1988.

[4] M. Micoulaut, A. Kachmar, M. Bauchy, S. Le Roux, C. Massobrio, and M. Boero.
Phys. Rev. B, 88:054203, 2013.

[5] V. L. Deringer and G. Csanyi. Phys. Rev. B, 95:094203, 2017.

[6] V. L. Deringer, A. P. Bartok, N. Bernstein, D. M. Wilkins, M. Ceriotti, and
G. Csanyi. Chem. Rev., 121:10073, 2021.

[7] R. Thapa, K. Prasai, R. Bassiri, M. M. Fejer, and D. A. Drabold. Phys. Rev. B,
105:224207, 2022.

[8] R. Thapa, C. E. Ugwumadu, K. Nepal, M. T. M Shatnawi, and D. A. Drabold.
Submitted to Journal of Non-Crystalline Solids, 2022.

[9] R. Thapa and D. A. Drabold. Ab Initio Simulation of Amorphous Materials,
chapter 2, pages 30-59. John Wiley Sons, Ltd, 2022.

[10] W.H. Bragg and W.L. Bragg. Proceedings of the Physical Society A, 88:428-438,
1913.

[11] A. Wlodawer, W. Minor, Z. Dauter, and M. Jaskolski. The FEBS Journal,
280(22):5705-5736, 2013.

[12] D. A. Drabold. Eur. Phys. J. B, 68:1-21, 2009.

[13] E. Holmberg. The Astrophysical Journal, 94:385, 1941.

[14] A.Rahman. Phys. Rev., 136:A405-A411, 1964.

[15] M. P. Allen and D. J. Tildesley. Oxford University Press, second edition, 2017.

[16] O. Sankey, D. Niklewski, D. A Drabold, and J. Dow. Phys. Rev. B Condens. Matter,
41:12750-12759, 1990.

[17] W. A. Harrison. Electronic structure and the properties of solids : the physics of the
chemical bond. Freeman, San Francisco, 1980.



101

[18] W. Matthew C. Foulkes and Roger Haydock. Phys. Rev. B, 39:12520-12536, 1989.

[19] A.P. Sutton, M. W. Finnis, D. G. Pettifor, and Y. Ohta. Journal of Physics C: Solid
State Physics, 21(1):35-66, 1988.

[20] A.E. Carlsson, P. A. Fedders, and C. W. Myles. Phys. Rev. B, 41:1247-1250, 1990.
[21] O.F. Sankey and R. E. Allen. Phys. Rev. B, 33:7164-7171, 1986.
[22] R. Car and M. Parrinello. Phys. Rev. Lett., 55:2471-2474, 1985.

[23] R. M. Martin. Electronic Structure: Basic Theory and Practical Methods.
Cambridge University Press, 2004.

[24] D. A. Drabold. Molecular dynamics simulation of network glasses. In
P Boolchand, editor, Insulating and Semiconducting Glasses, pages 607-652.
World Scientific, Singapore, 2000.

[25] D. A. Drabold. Recent developments in modeling of amorphous materials. In
M. Mitkova, M.N. Kozicki, G. Lucovsky, and M. Popescu, editors, Non-crystalline
materials for optoelectronics. INOE, Burachest, 2004.

[26] W. Kohn. Rev. Mod. Phys., 71:1253-1266, 1999.

[27] R. O. Jones. Rev. Mod. Phys., 87:897-923, 2015.

[28] P. Hohenberg and W. Kohn. Phys. Rev., 136:B864-B871, 1964.

[29] W. Kohn and L. J. Sham. Phys. Rev., 140:A1133-A1138, 1965.

[30] D.R. Hartree. Proceedings of the Cambridge Philosophical Society, 24(1):89, 1928.
[31] V. Fock. Zeitschrift fur Physik, 61(1-2):126-148, 1930.

[32] D. M. Ceperley and B. J. Alder. Phys. Rev. Lett., 45:566-569, 1980.

[33] E. Prodan and W. Kohn. Nearsightedness of electronic matter. Proceedings of the
National Academy of Sciences, 102(33):11635-11638, 2005.

[34] K. Prasai, P. Biswas, and D. A. Drabold. Semiconductor Science and Technology,
31(7):073002, 2016.

[35] D. Drabold, X. Zhang, and J. Li. chapter 15, pages 260-278. Wiley-VCH, 2003.
[36] N. Marzari and D. Vanderbilt. Phys. Rev. B, 56:12847—-12865, 1997.
[37] U. Stephan and D. A. Drabold. Phys. Rev. B, 57:6391-6407, 1998.

[38] U. Stephan, R. M. Martin, and D. A. Drabold. Phys. Rev. B, 62:6885-6888, 2000.



102

[39] J. Heyd, G. E. Scuseria, and M. Ernzerhof. J. Chem. Phys., 124(21):219906, 2006.

[40] R. M. Martin, L. Reining, and D. M. Ceperley. Interacting Electrons: Theory and
Computational Approaches. Cambridge University Press, 2016.

[41] Volker L. Deringer, Miguel A. Caro, and Gabor Csényi. Advanced Materials,
31(46):1902765, 2019.

[42] K. T. Butler, D. W. Davies, H. Cartwright, O. Isayev, and A. Walsh. Nature,
559(7715):547-555, 2018.

[43] R. L. McGreevy and L. Pusztai. Molecular Simulation, 1(6):359-367, 1988.

[44] M. G. Tucker, D. A. Keen, M. T. Dove, A. L. Goodwin, and Q. Hui. Journal of
Physics: Condensed Matter, 19(33):335218, 2007.

[45] P. Biswas, D. N. Tafen, and D. A. Drabold. Phys. Rev. B, 71:054204, 2005.
[46] A. Pandey, P. Biswas, and D. A. Drabold. Scientific Reports, 6:33731, 2016.
[47] A. Pandey, P. Biswas, and D. A. Drabold. Phys.Rev.B, 92:155205, 2015.

[48] A. Pandey, P. Biswas, B. Bhattarai, and D. A. Drabold. Phys.Rev.B, 94:235208,
2016.

[49] Structure of complex materials. In Takeshi Egami and Simon J.L. Billinge, editors,
Underneath the Bragg Peaks, Structural Analysis of Complex Materials, volume 7
of Pergamon Materials Series, pages 3—22. Pergamon, 2003.

[50] S.R. Elliott. Physics of amorphous materials. Longman Scientific and Technical,
Burnt Mill, Harlow, Essex, England, 1990.

[51] S. Le Roux and V. Petkov. Journal of Applied Crystallography, 43(1):181-185,
2010.

[52] D. A. Keen. Journal of Applied Crystallography, 34(2):172-177, 2001.

[53] S.R. Elliott. The Structure of Amorphous Materials, pages 1-11. Springer
Netherlands, Dordrecht, 2001.

[54] R. Thapa, C. Ugwumadu, K. Nepal, J. Trembly, and D. A. Drabold. Phys. Rev.
Lett., 128:236402, 2022.

[55] C. Cha, S. R. Shin, N. Annabi, M. R. Dokmeci, and A. Khademhosseini. ACS
Nano, 7:2891, 2013.

[56] R. Bafkary and S. Khoee. RSC Adyv., 6:82553, 2016.
[57] M. Meyyappan. Small, 12(16):2118-2129, 2016.



103

[58] J. Asenbauer, T. Eisenmann, M. Kuenzel, A. Kazzazi, Z. Chen, and D. Bresser.
Sustainable Energy Fuels, 4:5387-5416, 2020.

[59] J. Desjardins. https://www.businessinsider.com/materials-needed-to-fuel-electric-
car-boom-2016-10, 2016.

[60] Y.Li, F. Inam, A. Kumar, M. F. Thorpe, and D. A. Drabold. physica status Solidi
(b), 248:2082, 2011.

[61] Y.Liand D. A. Drabold. physica status Solidi (b), 250(5):1012, 2013.

[62] V. Kapko, D. A. Drabold, and M. F. Thorpe. Phys. Status Solidi b, 247(5):1197,
2010.

[63] D. V. Tuan, A. Kumar, S. Roche, F. Ortmann, M. E. Thorpe, and P. Ordejon. Phys.
Rev. B, 86:121408, 2012.

[64] C.T. Toh, H. Zhang, J. Lin, A. S. Mayorov, Y. P. Wang, C. M. Orofeo, D. B. Ferry,
H. Andersen, N. Kakenov, Z. Guo, 1. H. Abidi, H Sims, K. Suenaga, S. T.
Pantelides, and B. Ozyilmaz. Nature (London), 577:199, 2020.

[65] J. Tersoft. Phys. Rev. B, 37:6991, 1988.

[66] A.Kumar, M. Wilson, and M. F. Thorpe. J. Phys. Condens. Matter, 24:485003,
2012.

[67] F. Borrnert, S. M. Avdoshenko, A. Bachmatiuk, I. Ibrahim, B. Biichner,
G. Cuniberti, and M. H. Riimmeli. Advanced Materials, 24(41):5630, 2012.

[68] D. B. Schiipfer et al. Carbon, 172:214, 2021.

[69] A. Barreiro et al. Scientific Reports, 3:1115, 2013.

[70] B. Westenfelder et al. Nano Letters, 11(12):5123, 2011.

[71] T. Kim, J. Lee, and K. H. Lee. RSC Adv., 6:24667, 2016.

[72] E. G. Acheson. Ind. Eng. Chem., 23:719, 1931.

[73] J. Hegedus and S. Elliott. Nature materials, 7:399, 2008.

[74] J. Kalikka, J. Akola, and R. O. Jones. Phys. Rev. B, 94:134105, 2016.

[75] B. Bhattarai, A. Pandey, and D.A. Drabold. Carbon, 131:168 — 174, 2018.
[76] S. Nosé. J. Chem. Phys., 81(1):511, 1984.

[77] W. G. Hoover. Phys. Rev. A, 31:1695, 1985.



104

[78] G. Kresse and J. Furthmuller. Phys. Rev. B, 54:11169, 1996.
[79] P. E. Blochl. Phys. Rev. B, 50:17953, 1994.
[80] J. P. Perdew, K. Burke, and M. Ernzerhof. Phys. Rev. Lett., 77:3865, 1996.

[81] S. Grimme, J. Antony, S. Ehrlich, and H. Krieg. J. Chem. Phys., 132(15):154104,
2010.

[82] A.C.T. van Duin, S. Dasgupta, F. Lorant, and W. Goddard. J. Phys. Chem. A,
105:9396, 2013.

[83] J. Tersoft. Phys. Rev. Lett., 61:2879, 1988.
[84] D. Luong et al. Nature, 577:647, 2020.
[85] J. Heyd, G. E. Scuseria, and M. Ernzerhof. J. Chem. Phys., 118(18):8207, 2003.

[86] A. V. Krukau, O. A. Vydrov, A. F. Izmaylov, and G. E. Scuseria. J. Chem. Phys.,
125(22):224106, 2006.

[87] F. Rozploch, J. Patyk, and J. Stankowski. Acta Physica Polonica A, 112:557, 2007.
[88] E. Santos and A. Villagra. Phy. Rev. B, 6:3134, 1972.

[89] K. N. Subedi, K. Prasai, and D. A. Drabold. Phys. status solidi b, 258(9):2000438,
2021.

[90] N. Liu, S. Zhou, and J. Zhao. Acta Physico-Chimica Sinica, 35(10), 2019.

[91] M. Calvo, R. Garcia, A. Arenillas, I. Suarez, and S. R. Moinelo. Fuel,
84(17):2184-2189, 2005.

[92] M. A. Caro, A. Aarva, V. L. Deringer, G. Csanyi, and T. Laurila. Chemistry of
Materials, 30(21):7446-7455, 2018.

[93] Y. Wang, Z. He, L. Zhan, and X. Liu. Materials Letters, 169:95-98, 2016.

[94] Y. Li, B. Shen, X. Pei, Y. Zhang, D. Yi, W. Zhai, L. Zhang, X. Wei, and W. Zheng.
Carbon, 100:375-385, 2016.

[95] R. Tang, P. Xu, J. Dong, H. Gui, T. Zhang, Y. Ding, V. Murugadoss, N. Naik,
D. Pan, M. Huang, and Z. Guo. Carbon, 188:492-502, 2022.

[96] S. Sihn and A. K. Roy. Journal of the Mechanics and Physics of Solids,
52(1):167-191, 2004.

[97] D.K. Rogers, J. Plucinski, P.G. Stansberry, A.H. Stiller, and J.W. Zondlo. Low-cost
carbon foams for thermal protection and reinforcement applications. Proceedings
of the 45" International SAMPE Symposium Exhibition, 2000.



105

[98] I. Stoycheva, B. Tsyntsarski, A. Kosateva, B. Petrova, and P. Dolashka. Processes,
10:570, 2022.

[99] J. L. Grenestedt. International Journal of Solids and Structures, 36(10):1471-1501,
1999.

[100] A.P. Roberts and E. J. Garboczi. Journal of the Mechanics and Physics of Solids,
50(1):33-55, 2002.

[101] L. James, S. Austin, C. A. Moore, D. Stephens, K. K. Walsh, and G. D. Wesson.
Carbon, 48(9):2418-2424, 2010.

[102] M. Kirca, A. Giil, E. Ekinci, F. Yardim, and A. Mugan. Finite Elements in Analysis
and Design, 44(1):45-52, 2007.

[103] A.M. Druma, M.K. Alam, and C. Druma. International Journal of Thermal
Sciences, 43(7):689-695, 2004.

[104] B. Bhattarai and D. A. Drabold. Carbon, 115:532-538, 2017.

[105] M. Caro, An. Aarva, V. Deringer, G. Csanyi, and T. Laurila. Chemistry of
Materials, 30, 2018.

[106] S. Plimpton. Journal of Computational Physics, 117(1):1 — 19, 1995.

[107] M. Abernathy, A. Amato, A. Ananyeva, S. Angelova, B. Baloukas, R. Bassiri,
G. Billingsley, R. Birney, G. Cagnoli, M. Canepa, M. Coulon, J. Degallaix, A. D.
Michele, M. A. Fazio, M. M. Fejer, D. Forest, C. Gier, M. Granata, A. M.
Gretarsson, E. M. Gretarsson, E. Gustafson, E. J. Hough, M. Irving, E Lalande,
C Lévesque, A. W. Lussier, A. Markosyan, I. W. Martin, L. Martinu, B. Maynard,
C S Menoni, C Michel, P. G. Murray, C. Osthelder, S. Penn, L. Pinard, K. Prasai,
S. Reid, R. Robie, S. Rowan, B. Sassolas, F. Schiettekatte, R. Shink, S. Tait,
J. Teillon, G. Vajente, M. Ward, and L. Yang. Classical and Quantum Gravity,
38(19):195021, 2021.

[108] G. Vajente, R. Birney, A. Ananyeva, S. Angelova, R. Asselin, B. Baloukas,
R. Bassiri, G. Billingsley, M. M. Fejer, D. Gibson, L. J. Godbout, E. Gustafson,
A. Heptonstall, J. Hough, S. MacFoy, A. Markosyan, I. W. Martin, L. Martinu, P. G.
Murray, S. Penn, S. Roorda, S. Rowan, F. Schiettekatte, R. Shink, C. Torrie,
D. Vine, S. Reid, and R. X. Adhikari. Classical and Quantum Gravity,
35(7):075001, 2018.

[109] K. Prasai, J. Jiang, A. Mishkin, B. Shyam, S. Angelova, R. Birney, D. A. Drabold,
M. Fazio, E. K. Gustafson, G. Harry, S. Hoback, J. Hough, C. Lévesque,
I. MacLaren, A. Markosyan, I. W. Martin, C. S. Menoni, P. G. Murray, S. Penn,
S. Reid, R. Robie, S. Rowan, F. Schiettekatte, R. Shink, A. Turner, G. Vajente, H-P.
Cheng, M. M. Fejer, A. Mehta, and R. Bassiri. Phys. Rev. Lett., 123:045501, 2019.



106

[110] M. Granata, E. Saracco, N. Morgado, A. Cajgfinger, G. Cagnoli, J. Degallaix,
V. Dolique, D. Forest, J. Franc, C. Michel, L. Pinard, and R. Flaminio. Phys. Rev.
D, 93:012007, 2016.

[111] S. D. Penn, P. H. Sneddon, H. A., J. C. Betzwieser, G. Cagnoli, J. Camp, D. R. M.
Crooks, M. M. Fejer, A. M. Gretarsson, G. M. Harry, J. Hough, S. E. Kittelberger,
M. J. Mortonson, R. Route, S. Rowan, and C. C. Vassiliou. Classical and Quantum
Gravity, 20(13):2917-2928, 2003.

[112] G. M. Harry, M. R. Abernathy, A. E. Becerra-Toledo, H. Armandula, E. Black,
K. Dooley, M. Eichenfield, C. Nwabugwu, A. Villar, D. R. M. Crooks, G. Cagnoli,
J. Hough, C. R. How, 1. MacLaren, P. Murray, S. Reid, S. Rowan, P. H. Sneddon,
M. M. Fejer, R. Route, S. D. Penn, P. Ganau, J-M. Mackowski, C. Michel,
L. Pinard, and A. Remillieux. Classical and Quantum Gravity, 24:405-416, 2007.

[113] R. Flaminio, J. Franc, C. Michel, N. Morgado, L. Pinard, and B. Sassolas. Classical
and Quantum Gravity, 27(8):084030, 2010.

[114] B. Cai, X. Zhang, and D. A. Drabold. Phys. Rev. B, 83:092202, 2011.
[115] H. Christiansen, M. Weigel, and W. Janke. Phys. Rev. Lett., 122:060602, 2019.

[116] K. Prasai, R. Bassiri, H. P. Cheng, and M. M. Fejer. physica status solidi (b),
258(9):2000519, 2021.

[117] A. K. Soper. The Structure of Water and Aqueous Systems, volume 49 of
Experimental Methods in the Physical Sciences. Academic Press, 2017.

[118] J. Y. Tewg, Y. Kuo, and J. Lu. Electrochemical and Solid-State Letters, 8(1):G27,
2005.

[119] B. Shyam, K. H. Stone, R. Bassiri, M. M. Fejer, M. F. Toney, and A. Mehta. Sci.
Rep., 6(32170):32170, 2016.

[120] O. L. G. Alderman, C. J. Benmore, J. Neuefeind, E. Coillet, A. Mermet,
V. Martinez, A. Tamalonis, and R. Weber. Phys. Rev. Mater., 2:043602, 2018.

[121] N. Kim and J. E. Stebbins. Chemistry of Materials, 23:3460, 2011.
[122] N. Kim and J. E. Stebbins. Journal of Non-Crystalline Solids, 378:158 — 162, 2013.

[123] C. H. Rycroft. Chaos: An Interdisciplinary Journal of Nonlinear Science,
19(4):041111, 2009.

[124] M. Gajdos, K. Hummer, G. Kresse, J. Furthmiiller, and F. Bechstedt. Phys. Rev. B,
73:045112, 2006.



107

[125] M. Fox. Optical properties of solids. American Journal of Physics,
70(12):1269-1270, 2002.

[126] X. M. Wu, S .R. Soss, E. J. Rymaszewski, and T.-M. Lu. Materials Chemistry and
Physics, 38(3):297 — 300, 1994.

[127] E. Bersch, S. Rangan, R. A. Bartynski, E. Garfunkel, and E. Vescovo. Phys. Rev. B,
78:085114, 2008.

[128] R. Thapa, B. Bhattarai, M. N. Kozicki, K. N. Subedi, and D. A. Drabold. Phys. Rev.
Materials, 4:064603, 2020.

[129] J. P. Perdew. International Journal of Quantum Chemistry, 28(S19):497-523, 1985.

[130] J. Y. Kim, B. Magyari-Kope, K. J. Lee, H. S. Kim, S. H. Lee, and Y. Nishi. physica
status solidi (RRL) — Rapid Research Letters, 8(6):560-565, 2014.

[131] J. Li, S. Meng, J. Niu, and H. Lu. Journal of Advanced Ceramics, 6, 2017.

[132] K. Aryana, D. A. Stewart, J. T. Gaskins, J. Nag, J. C. Read, D. H. Olson, M. Grobis,
and P. E. Hopkins. Nature Communications, 12, 2021.

[133] B.Li, F. DeAngelis, G. Chen, and A. Henry. Normal Mode Analysis of The
Thermal conductivity in Amorphous Polymers: The Importance of Localized
Modes. Research Square, 2021.

[134] R. Azoulay, H. Thibierge, and A. Brenac. J. Non-Cryst. Solids, 18:33-53, 1975.

[135] D. A. Whittaker, L. Giacomazzi, D. Adroja, S. M. Bennington, A. Pasquarello, and
P. S. Salmon. Phys. Rev. B, 98:064205, 2018.

[136] A. Zeidler, P. S. Salmon, D. A. Whittaker, K. J. Pizzey, and A. C. Hannon. Front.
Mater., 4:32, 2017.

[137] S. Hosokawa, I. Oh, M. Sakurai, W-C. Pilgrim, N. Boudet, J-F. Bérar, and
S. Kohara. Phys. Rev. B, 84:014201, 2011.

[138] J. T. Gopinath, M. Soljaeiae, E. P. Ippen, V. N. Fuflyigin, W. A. King, and
M. Shurgalin. J. Appl. Phys., 96:6931, 2004.

[139] B. Kalken, R. P. Dias, C-S Yoo, S. M. Clark, and S. Sen. J. Phys. Chem. C,
118:5110-5121, 2014.

[140] J. Troles, V. Shiryaev, M. Churbanov, P. Houizot, L. Brilland, F. Desevedavy,
F. Charpentier, T. Pain, G. Snopatin, and J. L. Adam. Optical Materials,
32:212-215, 2009.



108

[141] S. G. Sarwat, Z. Cheng, N. Youngblood, M. S. Alias, S. Sinha, J. Warner, and
H. Bhaskaran. Nano Lett., 19 (10):7377-7384, 2019.

[142] I. Valov, R. Waser, J. R. Jameson, and M. N. Kozicki. Nanotechnology, 22:254003,
2011.

[143] M. N. Kozicki and H. J. Barnaby. Semicond. Sci. Technol., 31:113001, 2016.

[144] M. N. Kozicki, M. Park, and M. Mitkova. IEEE Transactions on Nanotechnology,
4:331-338, 2005.

[145] J. C. Phillips. J. Non-Cryst. Solids, 34(2):153-181, 1979.

[146] J. C. Phillips. J. Non-Cryst. Solids, 43(2):37-77, 1981.

[147] M. FE. Thorpe. J. Non-Cryst. Solids, 57(3):355-370, 1983.

[148] P. Boolchand. Phys. Rev. Lett., 57:3233-3233, 1986.

[149] W. Bresser, P. Boolchand, and P. Suranyi. Phys. Rev. Lett., 56:2493-2496, 1986.

[150] F. Inam, M. T. M. Shatnawi, D. Tafen, S. J. L. Billinge, P. Chen, and D. A. Drabold.
Journal of Physics: Condensed Matter, 19(45):455206, 2007.

[151] D. N. Tafen and D. A. Drabold. Phys. Rev. B, 71:054206, 2005.

[152] K. Sykina, E. Furet, B. Bureau, S. Le Roux, and C. Massobrio. Chem. Phys. Lett.,
547:30-34, 2012.

[153] A. Bouzid, S. Le Roux, G. Ori, M. Boero, and C. Massobrio. J. Chem. Phys, 143
(3):034504, 2015.

[154] C. Massobrio, A. Pasquarello, and R. Car. J. Am. Chem. Soc., 121:2943-2944,
1999.

[155] C. Massobrio, A. Pasquarello, and R. Car. Comput. Mater. Sci., 17:115-121, 2000.

[156] Z. Chaker, G. Ori, C. Tugene, S. Le Roux, M. Boero, C. Massobrio, E. Martin, and
A. Bouzid. J. Non-Cryst. Solids, 499:167 — 172, 2018.

[157] A. D. Becke. Phys. Rev. A, 38 (6):3098, 1988.
[158] C. Lee, W. Yang, and R. G. Parr. Phys. Rev. B, 37 (2):785, 1988.

[159] S. Hosokawa, Y. Kawakita, L. Pusztai, K. Ikeda, and T. Otomo. Journal of the
Physical Society of Japan, 90:024601, 2021.

[160] A.R.Moharram and A. Abdel-Baset. Physica B: Condensed Matter,
405:4240-4244, 2010.



109

[161] M. T. M. Shatnawi. New Journal of Glass and Ceramics, 05:31-43, 2015.

[162] K. D. Machado, J. C. de Lima, C. E. M. Campos, A. A. M. Gasperini, S. M.
de Souza, C. E. Maurmann, T. A. Grandi, and P. S. Pizani. Solid State Commun.,
133(6):411-416, 2005.

[163] H. Iyetomi, P. Vashishta, and R. K. Kalia. Solid State lonics, 32-33:954-958, 1989.

[164] P. Vashishta, R. K. Kalia, G. A. Antonio, and I. Ebbsj0. Phys. Rev. Lett.,
62:1651-1654, 1989.

[165] H. Iyetomi and P. Vashishta. Phys. Rev. B, 47:3063-3069, 1993.

[166] C. Massobrio, M. Celino, P. S. Salmon, R. A. Martin, M. Micoulaut, and
A. Pasquarello. Phys. Rev. B, 79:174201, 2009.

[167] P. Lucas, G. J. Coleman, S. Sen, S. Cui, Y. Guimond, L. Calvez,
C. Boussard-Pledel, B. Bureau, and J. Troles. Journal of Chemical Physics, 150,
2019.

[168] Q. Zhou, T. Du, L. Guo, M. M. Smedskjaer, and M. Bauchy. Journal of
Non-Crystalline Solids, 536:120006, 2020.

[169] B. Bhattarai, R. Thapa, and D. A. Drabold. Modelling and Simulation in Materials
Science and Engineering, 27(7):075002, 2019.

[170] M. Hacene, A. Anciaux-Sedrakian, X. Rozanska, D. Klahr, T. Guignon, and
P. Fleurat-Lessard. Journal of Computational Chemistry, 33(32):2581-2589, 2012.

[171] P.S. Salmon. Proceedings: Mathematical and Physical Sciences,
445(1924):351-365, 1994.

[172] S.Le Roux, A. Bouzid, K. Y. Kim, S. Han, Zeidler A., P. S. Salmon, and
C. Massobrio. J. Chem. Phys., 145(8):084502, 2016.

[173] E. Gjersing, S. Sen, and B. Aitken. J. Phys. Chem. C, 114:8601-8608, 2010.
[174] 1. Petri and P. S. Salmon. Phys. Chem. Glasses, 43C, 2002.

[175] S. King. Nature,213:1112-1113, 1967.

[176] D.S. Franzblau. Phys. Rev. B, 44:4925-4930, 1991.

[177] W. A. Kamitakahara, R. L. Cappelletti, P. Boolchand, B. Halfpap, F. Gompf, D. A.
Neumann, and H. Mutka. Phys. Rev. B, 44:94—-100, 1991.

[178] P. N. Sen and M. F. Thorpe. Phys. Rev. B, 15:4030—4038, 1977.



110

[179] I. Valov, R. Waser, J. R. Jameson, and M. N. Kozicki. Nanotechnology,
22(25):254003, 2011.

[180] G. Dearnaley, A. M. Stoneham, and D. V. Morgan. Reports on Progress in Physics,
33(3):1129-1191, 1970.

[181] D. Lee, S. Oukassi, G. Molas, C. Carabasse, R. Salot, and L. Perniola. /IEEE
Journal of the Electron Devices Society, 5(4):283-287, 2017.

[182] W. Chen, S. Tappertzhofen, H. J. Barnaby, and M. N. Kozicki. Journal of
Electroceramics, 39(1):109-131, 2017.

[183] T. Tsuruoka, K. Terabe, T. Hasegawa, and M. Aono. Nanotechnology,
21(42):425205, 2010.

[184] T. Gu, T. Tada, and S. Watanabe. ACS Nano, 4(11):6477-6482, 2010.

[185] X. Xu, J. Liu, and M. P. Anantram. Journal of Applied Physics, 116(16):163701,
2014.

[186] S. C. Pandey, R. Meade, and G. S. Sandhu. Journal of Applied Physics,
117(5):054504, 2015.

[187] K. Chen, M. Nielsen, G. R. Yang, E. J. Rymaszewski, and T.-M. Lu. Journal of
Electronic Materials, 26(4):397-401, 1997.

[188] S.Reid and I. W. Martin. Coatings, 6(4), 2016.

[189] T. Gu, Z. Wang, T. Tada, and S. Watanabe. Journal of Applied Physics, 106:103713
—103713, 20009.

[190] B. Xiao, T. Gu, T. Tada, and S. Watanabe. Journal of Applied Physics,
115:034503-034503, 2014.

[191] N. Banno, T. Sakamoto, N. Iguchi, M. Matsumoto, H. Imai, T. Ichihashi,
S. Fujieda, K. Tanaka, S. Watanabe, S. Yamaguchi, T. Hasegawa, and M. Aono.
Applied Physics Letters, 97(11):113507, 2010.

[192] T. Tsuruoka, I. Valov, S. Tappertzhofen, J. van de Hurk, T. Hasegawa, R. Waser,
and M. Aono. Advanced Functional Materials, 25(40):6374—6381, 2015.

[193] K. Prasai, K. N. Subedi, K. Ferris, P. Biswas, and D. A. Drabold. physica status
solidi (RRL) — Rapid Research Letters, 12(9):1800238, 2018.

[194] R. Bassiri, K. B. Borisenko, D. J. H. Cockayne, J. Hough, I. MacLaren, and
S. Rowan. Applied Physics Letters, 98(3):031904, 2011.



111

[195] O. L. G. Alderman, C. J. Benmore, J. Neuefeind, E. Coillet, A. Mermet,
V. Martinez, A. Tamalonis, and R. Weber. Phys. Rev. Materials, 2:043602, 2018.

[196] N. Kim and J. F. Stebbins. Chemistry of Materials, 23(15):3460-3465, 2011.

[197] K. Prasai, P. Biswas, and D. A. Drabold. physica status solidi (a), 213:1653-1660,
2016.

[198] J. H. Los and T. D. Kiihne. Phys. Rev. B, 87:214202, 2013.

[199] X. M. Wu, S. R. Soss, E. J. Rymaszewski, and T.-M. Lu. Materials Chemistry and
Physics, 38(3):297 — 300, 1994.

[200] R. Kubo. J. Phys. Soc. Jpn., 12:570-586, 1957.
[201] D. A. Greenwood. Proceedings of the Physical Society, 71:585-596, 1958.

[202] K. N. Subedi, K. Prasai, M. N. Kozicki, and D. A. Drabold. Phys. Rev. Materials,
3:065605, 2019.

[203] R.J. Bondi, M. P. Desjarlais, A. P. Thompson, G. L. Brennecka, and M. J.
Marinella. Journal of Applied Physics, 114(20):203-701, 2013.



112

APPENDIX: DEDICATION

Dedicated, in loving memory, to my dad.



OHIO

UNIVERSITY

Thesis and Dissertation Services



	Abstract
	Dedication
	Acknowledgments
	Table of Contents
	List of Tables
	List of Figures
	List of Acronyms
	Introduction
	Background and Survey of the Thesis
	Big Picture
	The Limits of experiment
	Synergy between Experiment and Modeling
	History of Simulations and the Need for ab initio Methods
	Ingredients of DFT
	What DFT can Provide
	The emerging solution for large systems and long times: Machine Learning
	Modeling with Experimental Information: Let the Data Speak for Itself
	Characterizing Amorphous Materials
	Dissertation Outline

	Simulation of Graphitization Using ab-initio and Machine Learning Techniques
	Introduction
	Computational Details
	Results
	Conclusions

	 Atomic Scale Study of Carbon Foam
	Amorphous Carbon
	Surface Reactivity of Amorphous Carbon
	Carbon Foam Modeling
	Conclusions

	Annealing Induced Changes in Mirror Coatings
	Introduction
	Methodology and Models
	Results
	Conclusions

	Medium Range Order in Ge-Se Glasses in Intermediate Phase
	Introduction
	Methodology and Models
	Results and Discussion
	Conclusion

	 Conducting Channel in an Insulating Material
	Introduction
	Methodology and Models
	Results
	Conclusion

	Conclusions
	Future Work

	References
	Appendix: Dedication



