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ABSTRACT OF THE DISSERTATION

Use of Networks, Graphs and Topology in Materials Modeling
by
Weiyi Zhang

Doctor of Philosophy, Graduate Program in Materials Science and Engineering
University of California, Riverside, September 2022
Dr. Alex Greaney, Chairperson

Atomistic simulations have become a prominent tool in chemistry, physics, and ma-
terials science for its capability interpreting experimental measurement, predicting material
properties and designing new compounds from atomic-level perspective, for its capability
helping visualize the topology of materials and their change during a process or reaction.
It has been noted that atomic simulations are providing new data and exciting insights
into various phenomenon that cannot be obtained readily in any other way—theory, or
experiment[25]. Having a precise image of the structure or the dynamical process at this
scale provides a brand-new approach understanding how the properties of a material is
determined.

This thesis is comprised of four distinct computational projects that are united
by the the analysis of networks, graphs or bonding typologies to gain fundamental insights
into the phenomena studied. In the first of these I studied the topology of stacked and
rippled graphene sheets to elucidate the enlarged d-spacing of hard carbon used for anodes

in sodium ion batteries. In the second project, I examined the electrochemical stability of
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highly concentrated aqueous LiCl electrolytes which have been found to have dramatically
improved stability at low temperature. For this I studies the network of H-bonding in ab
initio molecular dynamic (AIMD) simulations of the electrolyte revealing subtle changes
in the electrolyte’s solvation structure. In doing so I identify a new theoretical framework
to guide design of new aqueous electrolytes. In the third and fourth projects, I go beyond
studying existing material, and used atomic model to design new materials. In the third
project I demonstrate the possibility of high proton conductivity in Prussian Blue ana-
logues through use of graph theory to analyze the water hydrogen bonding network. The
final project was concerned with the design of flexible organic ligands for Metal-Organic
Frameworks (MOFs). It is a time-consuming work to calculate ligands’ flexibility by either
experimentally synthesizing and characterize or simulate deforming process, which is solved

by forecasting the stiffness of molecules from its geometry with Neural Network.
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Chapter 1

Introduction

Computational simulation of atomic structure offers new aspect to understand
macroscopic phenomena or performance of materials for its capability showing how atoms
react under certain condition in given local environment and the interaction between par-
ticles. The key to solve real problem with simulated results is aiming on correlating atoms
movement and interaction to materials performance, which helps us find theoretical expla-
nation of unique mechanisms and understand how to further improve properties or avoid
certain situations.

Recent researches have proven the high potential of atomic simulations. However
with computational resources limitation and the complexity of realm, the simulation can
never reach the scale to reconstruct an actual process but a simplified representation. That
makes the first and most obvious compromise has to be made is the restriction of simulated
systems’ size. Till now, a first principle simulation of hundreds of atoms for tens of picosec-

onds could be easilly achieved. A trade-off of accuracy to the level of empirical interatomic



potentials would be necessary to model millions of atoms or a period for microseconds, which
still falls far short in both length and especially time scale of experiments[4]. For some spe-
cific properties, for example those associated with long-range interaction — electrostatic or
elastic, the convergence of simulation could be extremely slow.

Is there a shortcut to bypass the simulation of a mechanical or chemical process?
This is one of the problem we are trying to solve here. If the performance or the properties of
materials can be predicted from their geometric structure, the simulation could be simplified
to an energy minimization. Moreover, if the relation is built, a convenient way designing
materials can be discovered. The tunable structural factors can offer possibilities to first
design the atomic structure and then attempt to synthesis the desired material. That above
covered the two aspects of our research which are uncover the theoretical explanation of

phenomena/mechanisms, and material design.

1.1 Effect of Curvature to Multi-Layer Graphite

Starting with a less complex system — hard carbon, a geometric analysis of its
microscopic structure successfully uncovered the reason of relatively larger inter-layer spac-
ing than traditional graphene electrolytes. Lithium-ion batteries has become the most
commonly used electrochemical energy storage device with a long history. While the ad-
vancements being high capacity and long cycle life, the cost is one of its main shortcoming.
Facing the limitation of lithium resources, a great replacement, sodium is found, which is

one of the richest elements on earth, that at the meantime being more environment-friendly.



Both being alkali metal, sodium is very chemically similar to lithium, but with
a larger atomic radius. As reported, the d-spacing of stacked graphene is too small for
sodium ion insertion. Therefore, despite the advanced application in lithium batteries, it
cannot be replicated onto sodium battery. However, another carbon-based material can
be a great alternative, which is hard carbon. As insertion material for ions, hard carbon
has maximum inter-layer spacing bigger than 0.37nm comparing to graphite’s d-spacing
0.335nm, which meets the requirement for sodium ion insertion as predicted by the theo-
retical calculations[51]. To search for more insertion media candidate, we wanted to find
the root reason causing the decrease on inserting energy.

Dissecting hard carbon, the main difference from it to graphite is the existence
of nanosized internal pores and the fact that these graphite platelets are curved instead of
flat sheets. Despite the nanopores, we wanted to find if there are more available sites for

sodium ion insertion coming from the enlarged d-spacing caused by the rippling.

1.2 Electrochemical Stabilization in LiCl Electrolytes

Although with water as an amazing solvent, sadly, aqueous electrolytes suffer
from poor electrochemical stability. But luckily, our collaborator found that 25 wt.% LiCl
(aq.) cooled to —78 °C is stable over 2.87 V, nearly double its stability window at room
temperature. With the exciting experimental output, it inspires us that if we can find the
key reason for the great performance, there is potential to discover more electrolyte material
that with the advanced understanding of wider stability window. The discussion on atomic

level is accomplished by AIMD simulation combined with structural analysis to compare



local environment of each component at two temperature setups. We were able to observe
obvious structural difference between LiCl solution at room temperature and -78 Celsius,
that the local environment of water molecules and ions affect solvation energy of extra H+
or OH- ions, which have further impact on HER and OER energy, so that the energy barrier
become higher to make the more stable material. the chapter focus on the details of how

the atomic structure changes and how the changes affects the energy barrier.

1.3 Organic Ligand in Metal-Organic Framework

Flexible metal-organic frameworks (MOFs) remain at the forefront of porous mate-
rials research due to their enormous potential for various technological applications[41]. The
special breathing mechanism provides the effective way adsorb and release small molecules
like gas or water. The capacity is mainly determined by pore size and surface area, while
the breathing efficiency is highly relying on flexibility.

MOFs are a class of porous crystalline materials constructed from inorganic build-
ing units, which are interconnected by organic linkers. With the combination of various
types of SBUs and way much higher complexity in organic ligands topology, there are
unlimited possibility of different frameworks. Looking to achieve higher flexibility, both
experimental and simulating approach are too time-consuming. A shortcut predicting flex-
ibility directly from atomic structure can help us rapidly screening for good candidates for

gas storage.



1.4 Water-Network in Prussian Blue Analogues

Proton as charge carrier can travel way much faster with hopping mechanism in
water network than most of the metal ion and even than itself by diffusion, which offers a
solution for high-performance battery electrode material. Prussian Blue and its analogues
are a kind of the micro-pore materials benefit from the special proton transport mechanism.
Recent research with premium charge and discharge efficiency has proven the existence of
long connected water chain in PBAs to accelerate charge transportation and the conduc-
tivity has been found highly dependent on vacancy fraction and configuration. With a
high variety of vacancy arrangement, there is no reason not trying to discuss the possibility
further improve the connectivity of water in the frame.

PBAs are capable holding a great amount of water in two formation, therefore,
the water network configuration can become too complex to work with. The first step is to
simplify the analysis on water-net toward vacancy-net, following which, the connectivity of
vacancies are accomplished with graph theory. We were able to identify the least number
of vacancies a system should have promising a percolating path, and the increase trend on

accessible vacancies are also discussed with graph algorithm.

1.5 Methods

1.5.1 Molecular Dynamic and Density Function Theory Simulation

The atomic structure used in this thesis are mostly from ab initio molecular dy-

namics(AIMD). So the method section starts with the introduction of traditional MD and



DFT to offer the insight on how reliable the model used for the following projects is. Molec-
ular dynamics (MD) is a general term that describes any simulation method that evolves
a system of particles in time according to Newton’s second law. The “particles” in an MD
simulation can be proteins, molecules, or atoms, depending on the desired resolution and
computational limitations of the problem, while in the following projects, the particles are
mostly atoms and rarely small inorganic molecules. A complete simulating process is mainly
about finding low energy status under given condition and rules, for particles or the combi-
nation of particles are always tending to find and maintain at low energy states while there
is no interference nor other external affect. The accuracy and consistency of the low energy
state searching is dependent on how the energy is calculated from current configuration,
that means if the definition went wrong, the correct structure can never been converged to,
which leads to the choice of interatomic potential. Interatomic potential decides the forces
on all of the atoms and the resulted energy of the whole system.

In traditional classical MD, the interatomic potential is parametrized either from
experimental data or from more accurate simulations, which makes sure that the simulated
result should be at the most cases consistent with experiment result. But with the simplified
force simulating mathematical model, there would be no universal interatomic potential that
satisfying all cases. While designing a computational experiment, as known as simulation,
the first step is always finding proper potential parameters being used in similar scenario
and calibrate them with corresponding experimental outcome.

Only involving atom interaction became too simple to model realistic experiments.

More complex model is required with more parameters need to be taken into consideration



especially for the problems that are very sensitive to changes in the electronic charge distri-
bution over the system, which are exactly most of the topic discussed in this thesis. That
is where AIMD gets involved, with whom, the model evolves to the level of the electronic
structure and the electronic charge distribution. The model is solved with classical me-
chanics for the nuclei and quantum mechanics for the electrons. In essence, within the
framework of AIMD, we perform a DFT calculation at each timestep and move the atoms
according to the forces generated by the converged electronic density for higher liability of

simulated structure and reaction.

1.5.2 Geometrical and Topological Representations

Now that atomic structures have been obtained, more than visualizing the reaction
or equilibrium box/space and attempting to understand what is happening with observation
by eyes. A more subjective and automatic approach needs to be figured out to be trust-
worthy and efficient. To start with, the most straightforward solution is 3-d coordination
of every single atom in the system with their species and charge, which is surely a general
way to begin quantitative analysis with, containing most of the structural information of a
given model. However, the shortages are pretty obvious too, with the feature space is with
too high dimension. And there is no specific information regarding to any application or
function.

To modify feature space for given projects, the information highly related is better
to be represented directly. For example, when the water connectivity is the focus, the
atomic level information is abundant. The smallest unit is enlarged to molecule level and

other atoms in the system is not worth wasting resources. So the system was represented as



direct graph only keep the H-bond information and makes the following analysis way easier.
Another example is when the local environment is being discussed. Atomic environmental
vector or coordination number can be the best choices as representation in these scenarios,
because all the information required is included and the needless part is gotten rid of.
In this thesis, while discussing topics with various application, several kind of topological
representation of simulated model is utilized, the detail and the reason for feature space

design are described in each chapter.

1.5.3 Algorithms

At the meantime, with multiple projects about bonding relation, the representative
graph can be discussed with graph theory, which offers a mature tool and platform for our
research. The graph related algorithms we used are fully discussed in the past decades, i.e.
Depth First Search, Breadth First Search or Shortest Path. Translating the model to graph
can effectively accelerate calculating process than building an algorithm from ground.

Machine learning, or one advanced step forward — deep learning is a powerful tool
digging into the hidden correlations. Given that the relationship from atomic structure to
macroscopic property is always worth attention. And with current acknowledge, the theo-
retical understanding might be difficult to find. So, the appearance of deep learning provides
another or even better option to understand observation and designing direction. The al-
gorithm used in our project is fully connected neural network. The reason choosing FNN
is keeping all information in the trained model to keep the accuracy and the functionality
in different cases. A fully connected neural network consists of a series of fully connected

layers. A fully connected layer is a function from one real number space to another. Each



output dimension depends on each input dimension. For a layer of neurons, the output y

is obtained with as a matrix multiply from previous layer x:

y = o(wz) (1.1)

where w is trainable parameter matrix and ¢ the non-linearity applied component-wise.



Chapter 2

Effect of Curvature to Multi-Layer
Graphite Inter-Layer Spacing for

Ion Insertion

2.1 Background

There has been a long history of lithium-ion batteries(LIBs) as commonly used
electro-chemical energy storage devices. Despite the high energy capacity and long cycle
life[28], the limited lithium resources and rapid increase inquiry on larger-scale batteries
lead to the necessity to find a replacement to fulfill the needs of portable equipment, mobile
devices, electric vehicles, etc[31, 22, 54]. With the known resources thousands of times
more than lithium, sodium has been considered a potential alternative given its similar

electron configuration and intercalation chemistry[10, 8, 42]. However, the chemistry and
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electrochemistry of electrode materials for Na-ion batteries are sufficiently different from
that of their Li-ion counterparts, for practical batteries, more work needs to be done to
find the suitable candidates.[1] The biggest challenge is the larger ionic radius[29], which
makes graphite, the most common commercially insertion materials for Li™, not applicable
for Na™ under moderate condition.[24, 20]

Unlike graphite, disordered carbon, e.g., hard carbon, has been experimentally
proven a good Lit insertion host with larger inter-layer spacing and lower insertion en-
ergy for higher ion capacity, which can reach 300 mAh g![50] in hard carbon comparing
to lithium ion capacity as 372 mAh g with traditional graphite electrode[60]. To discuss
the key factors promising larger inter-layer spacing in hard carbon, taking a detailed look
into structure of the platelets, it was found that instead of large flat graphite, it is com-
posed with parallel-stacked rippled graphene platelets[58], with a quite wide variation in
micro-structure. High-resolution TEM images from Wang et al. showed rippled graphene
platelets in hard carbon are with different size, stack layers, and curvature, respectively.
Consequently, ion capacity and then battery performance vary with slight difference in
micro-structure[46, 6], in which case, by understanding how structural factors affect d-
spacing between layers could further improve SIBs performance and even is possible to find
proper insertion materials for other alternatives of LIBs such as potassium-ion battery with
K™ radius even larger than Na™T.

With molecular dynamic simulation, the atomic level structure of rippled graphite is mod-
eled to see how d-spacing changed by the structural features considered as determining

factor. Comparing the resulted structure by rippling differentiated sizes of graphite, we

11



were able to figure out what brings in non-monotonicity to the correlation between curva-
ture and size of spacing, and find the best rippling wave length to explain high sodium ion

capacity in disordered carbon materials.

2.2 Methods

From experimental analysis, from 1 to 4 layers graphite have been observed in
hard carbon micro-structure, therefor simulations are done with 2- to 4-layer ABC-stacked
graphite for further discussion. Curvature is introduced in by shrinking along the sur-
face sinusoidally while maintaining surface area unchanged and non-Euclidean distance on
graphene layer between carbon atoms the same as well, with amplitude A obtained from
rippling wavelength AL from Equation 2.1 and updated coordinates determined by Equa-
tion 2.2 to 2.4. The resulted structure would be optimized with Universal Force Fields
by LAMMPS(Large-scale Atomic/Molecular Massively Parallel Simulator)[57, 47].(Figure
2.1).

27 21t
V14 A%2k2sina?dx = kL; k = (2.1)

i N
/ V14 A%k2sin 62d6 = kaorig (2.2)
0
Y = Yorig (2.3)
z = Acoskx + Zorig (2.4)

After reaching equilibrium, with atoms on each sheets locating on irregular curved surface,

the challenge is to calculate distances between surfaces.
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Figure 2.1: Simulation process of of 30 x 10 x 4 scale graphene with A = 0.60. As seen,
while rippled, the curvature of each layer is different, in which case, the multi-layer structure
could be seen as stacking of u shaped carbon sheets.

Instead of by atom-atom distance directly, inter-layer spacing was found one of
the key factor determining insertion energy, which is also more easily detectable experimen-
tally(e.g. XRD). To accurately measure d-spacing, each layer was fit to up to 15 degree
Fourier Function on XoZ plane.(Figure 2.2). The spacing in between fitted curving surface

is the inter-layer spacing we are looking for.

15 2 _ 2ir
> (A cos (57 (v = C)) + Bisin (S (v — 0)) (2.5)

=0
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(a) (b) (c)
Figure 2.2: Measurement of interlayer spacing from atomic model. 2.2(a) The line crossing
the nearest two atoms in two layers is not perpendicular to the graphene surface. 2.2(b)
The projection to XoZ plane can dismiss the error from mismatch along y-axis direction.
2.2(c) For practical calculating the interlayer spacing, the projected 2-D atom position is

fitted to curves functions and the normal distance of the two curves representing neighbor
layers is calculated.

If the wavelength gets too short, after deforming the structure, it is impossible to
avoid overlapping of layers, which also means that structure would be unrealistic, so we

only run simulation with A in range of 0.6 to 1.00.

2.3 Results and discussion

Starting with 30 x 10 x N model, maximum spacing is obviously larger after
rippled in all the cases, and at the meantime, minimum spacing gets lower but not changing
correspondingly. That results in the change of average varying in different situation. From
Figure 2.3, if only 2 or 3 layers are stacked, after even slightly deformed, average spacing
would increase, with the differential of 2-layer graphene a bit bigger than 3-layer. For 4-layer

graphene, at some A\ average is higher and other cases the opposite.
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(c) (d)
Figure 2.3: Interlayer spacing of deformed multi-layer graphite. 2.3(a) and 2.3(b) are
interlayer spacing of double-layer and triple-layer graphene respectively. 2.3(c) is the outer

and 2.3(d) is the inner spacing of 4-layer graphene. Orange, green and blue curves is
representing the interlayer in the order of maximum, average and minimum.

The other noticeable feature of the data is the small peak around A = 0.9, that
means inter-layer spacing increases significantly at A\ = 0.95,0.87and0.91 for 2-, 3- and 4-
layer respectively except for minimum of inner spacing in 4-layer structure, which decreases.
This phenomenon is resulted by layer shifting along the curve (2.4(a)). While the two
atoms in two layers getting closer in any direction, two layers would be forced to open
up spacing between them relatively. Take 3-layer as example, two atoms at each of two
neighbored layers around the vertex were chosen. Their non-Euclidean distance projected
on the curved surface is used to show how layer shifts. Matching with the location of peak

in spacing size, there is an obvious drop at A = 0.87 exactly, which implies shifting causes

15



the distance between the two atoms around vertex reduces along curve if without interlayer
spacing change. Therefore, these two atoms are tending to get away from each other, so the
spacing especially at vertex would enlarge. Correlation energy between layers is another
lateral proof, that while energy smoothly increases while A decrease, there is a step around

A =0.87.

Figure 2.4: 2.4(a) shows the displacement of layers caused by shifting along curve. The
tangent plane is horizontal at the vertex. 2.4(b) and 2.4(c) are result from triple layer
graphene simulation. 2.4(b) shows that correlation energy of neighbor layers decreases
while the level of rippling gets higher. 2.4(c) is non-Euclidean distance of two aimed atoms
in two neighbored layers changing with A, which could help understanding the shift in 2.4(a).

So, Generally speaking, the increase of the curvature could expand the maximum
interlayer spacing and causes higher insertion possibility for all of quadruple, triple, double
stacked layers respectively. With exact curvature, the effect could be more obvious. Besides,
with less sheets paralleled stacked together, maximum spacing appears to be larger.

Considering the size of platelets varies in hard carbon as well, We had also run the
same simulation on different original periodic box size. The number of unit cell is reduced
1020 x3x 2,15 x3x2,12x3x2,10x3x2and 8 x3x 2 comparing to the 30 x 10 x 2
model. Given that data point number to fit in Fourier Function differs with size, the order
of function changed from 15 for 30 x 10 x 2 to 10, 8, 5, and 3 respectively. The summary

of the statistical results in Table 2.1 is obtained with A = 0.6. It is clear that spacing
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especially the maximum increases comprehensively, in spite of minimum spacing decreases

slightly.

Max Min Ave

30 x 10 x 2 | 3.4384 3.3652 3.3961
20 x 10 x 2 | 3.4533 3.3465 3.3919
15 x 10 x 2 | 3.4792 3.2868 3.4007
12 x 10 x 2 | 3.6606 3.1890 3.4666
10 x 10 x 2 | 5.4321 3.0734 4.2690
8x 10 x 2 | 5.7284 3.1171 4.2462

Table 2.1: Interlayer Spacing(A)

To prove larger interlayer spacing indeed able to increase ionic capacity. Sodium
ion is deposited in different locations between two layers of a 0.7-ratio deformed 8 x 3 x 2
structure. Then it was optimized with density functional theory simulation to get more
accurate energy. The highest binding energy of Na ion in the rippled graphene model,
which is 0.3603 eV, is found exactly at the vertex where the maximum inter-layer spacing

occurs(Figure 2.5).

|
L, N N
(a) (b)
Figure 2.5: Showing the atomic structure of rippled graphene after insertion. 2.5(a)The
brown atoms are carbons. And yellow atom in the figure representing sodium ion is at the

most favorable sites for insertion of a 0.70 rippled 8 x 3 x 2 bilayer graphene unit. 2.5(b) is
fitted curve of structure, with largest inter-layer spacing locates at vertex as well.
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By comparing the spacing before and after insertion, we found that the ion in-
sertion will slightly further expand the spacing between layers, that implies the mecha-
nism of sodium insertion in rippled graphene is similar to the lithium interaction found
experimentally[39, 55]. The maximum, minimum and average spacing changed from 5.1266

A, 3.1010 A and 4.2462 A to 5.2785 A, 3.1645 A and 3.9732 A respectively.

2.4 Conclusion

Inter-layer spacing directly related to insertion energy of ion in graphene layers.
Therefore, larger spacing makes hard carbon capable as insertion host for sodium|[51], and
gives SIBs chances for competitive or better performance than LIBs. One of the decisive
factor is that platelets in disordered carbonaceous structure are bent unlike graphite. As
discussed, if sizes, numbers of layer and curvature of small platelets in hard carbon could be
altered, inter-layer spacing should be possible to control experimentally. The investigation
on how the features affect interlayer spacing gives insight on further development of high

performance electron materials for sodium-ion batteries.
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Chapter 3

Solvation Energy Difference in LiCl

Solution at Different Temperature

Aqueous electrolytes typically suffer from poor electrochemical stability; however,
25 wt.% LiCl (aq.) cooled to —78 °C is stable over 2.87 V, nearly double its stability
window at room temperature. Integrated experimental and simulation results reveal that,
upon cooling, Li+ ions become less hydrated and pair up with Cl-, ice-like water clusters
form, and H---Cl- bonding strengthens. Surprisingly, this low-temperature solvation struc-
ture does not strengthen water molecules’” O—H bond, bucking conventional wisdom that
increasing water’s stability requires stiffening the O—H covalent bond. We propose a more
general mechanism for water’s low temperature inertness in the electrolyte: less favorable
solvation of OH— and H+, the byproducts of hydrogen and oxygen evolution reactions. The
discussion on atomic level is accomplished by AIMD simulation combined with structural

analysis to compare local environment of each component at two temperature setups. .
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3.1 Background

Water is an amazing solvent; it is ubiquitous, readily dissolves a wide range of
salts and remains liquid over a wide temperature span—properties that make water the
essential biological solvent for life on earth[52]. As a solvent for battery electrolytes, water
has the added advantages that it is inexpensive, non-flammable, and non-toxic. However,
for batteries, water has one glaring disadvantage; the voltage for electrolysis of water in
aqueous electrolytes is typically small, on the order of only 1.4 V. This fundamentally
limits the operating voltage—and ultimately the energy density—of any batteries that use
them([35, 61]. To put this into context, Li-ion batteries typically operate at around 4 V,
and so to date these have predominantly relied on organic liquid electrolytes which are
expensive and highly flammable. In this work we show that water’s poor electrochemical
stability arises from water being too good a solvent, and this understanding provides a route
to engineer new aqueous electrolytes with dramatically expanded electrochemical stability
and has enabled us to demonstrate a low-temperature aqueous Li-ion battery[37, 53, 17].

We have investigated the electrolyte of 25 wt.% LiCl in water, a eutectic mixture
that remains liquid down to —78 °C, allowing access to the anomalous behaviors of water
at low temperature. In this highly concentrated electrolyte, there are roughly seven water
molecules per Li+ ion; therefore, most water molecules are part of the first and second hy-
dration shells of Li+. It is expected that water’s coordination to Li+ significantly weakens
the water covalent O—H bonds. This is indeed the case at room temperature where the so-
lution exhibits a narrow electrochemical stability window of 1.44 V. When the temperature

is lowered to —78 °C, the structure of the solution changes to form more tetrahedral water
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clusters, Li+—Cl- pairs, and more directional O-H---Cl- hydrogen bonding. Intriguingly,
this is accompanied by a near doubling of the electrolyte’s electrochemical stability window.
A widened stability window has been commonly attributed to the strengthening of the O-H
covalent bond in water; however, our results show that the O-H bond is not strengthened.
This contradiction indicates that the O-H bond strength is not the dominating factor in
water’s stability at low temperatures. Instead, an often-overlooked factor in the electrolysis
potential is dominant—the energy of the hydrogen and oxygen evolution reaction products,
particularly the solvation energy of OH- and H+. By chance, the local structural changes
in 25 wt.% LiCl at low temperatures enables us to deconvolve the effects from O-H bonds
and OH-, H+ solvation. The low-temperature structure silences the impact of O—H bonds
but allows the solvation energies of OH— and H+ to play out, enabling us to attribute wa-
ter’s expanded electrochemical stability window to the low-temperatures structure of the
electrolyte being less hospitable for OH— and H+ solvation. Making water a less capable
solvent increases its stability. This new understanding of how the local environment af-
fects the electrochemical stability of aqueous electrolytes has profound implications across

chemistry, physics, materials, and energy disciplines.

3.2 Methods

3.2.1 Computational Simulation

Ab initio molecular dynamics (AIMD) simulations were performed to reveal the
structure of water and the solvation environment of the ions in both the 25 wt.% LiCl and

62 wt.% H3PO4 solutions at room and cryogenic temperatures. The 25 wt.% LiCl (62 wt.%
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H3PO4) simulation was prepared by assembling 92 water molecules and 13 Li atoms and
13 C1 atoms (54 water and 18 H3PO4 molecules) in a square box with 12.5 A sides using
PACKMOL(33] (a 14.5 A sized box for H3PO4) giving a density of 1.818 g/ cm3 matching
that of the solution at room temperature.

In each case six different starting structures were created for each of these systems,
and the results reported are the average of all of them. For the LiCl models, each of
the assembled structures were simulated using classical molecular dynamics in the NVT
(constant number N of particle, volume V and temperature T) ensemble for 3 nanoseconds
(ns). From these trajectories, it was found that even at 78 °C the system had relaxed to
equilibrium after 800 ps. The simulation was then switched to AIMD in the NVT ensemble
with ab initio forces implemented to drive the dynamics. The system was simulated for
15 ps to equilibrate and a further 3 ps confirming convergence with the stabilized average
potential energy. After this step, the system was simulated in the canonical ensemble for a
further 5 ps period wherein the thermodynamic and structural properties were averaged.

The classical MD simulations were performed using the Large-scale Atomic/Molecular
Massively Parallel Simulator (LAMMPS)[57] using the TIP4P41 potentials for water and
with the Li+ and Cl- ions modeled with a combination of the standard 12/6 Lennard-
Jones potentials for van der Waals interactions and long range coulombic interactions. The
Lennard-Jones potentials used energy and range of € = 0.07647kcal/mol, 0 = 2.126A, for
Li+ and for Cl-, € = 0.4928kcal/mol, # = 4.417A. The long range tails of the coulomb

interactions were modeled using Ewald summation (with tolerance, ewald = 1.0E-5).
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The AIMD simulations were performed using the Vienna Ab initio Simulation
Package (VASP) using the Perdew, Burke and Ernzerhof (PBE) generalized gradient ap-
proximation (GGA) for the exchange correlation functional, with projector augmented
planewave (PAW) pseudo potentials to model the atoms’ core electrons. The AIMD simula-
tions were performed using a time step of 0.5 fs. The H atoms in the system were modeled
as deuterium (D). This is a well-established computational trick that moves the vibrational
frequency of the light H atoms closer to those of the heavier atoms, thus enabling the use
of a larger time step that speeds up calculations. At the very low temperatures that we
model, the intramolecular vibrational modes would be frozen, and the water rigid. However,
we wish to observe how the water molecules’ O—H stretching frequency varies with their
coordination environment to compare with the experimental FSRS data, so the H atoms
were kept free meaning that the O—H bond vibrations were classically occupied. We used
a frequency scaling correction when we computed the O-H stretching frequencies to ac-
count for the increased mass of the H atoms. The coordination environment of every water
molecule was classified at each time step after equilibration with AIMD. The properties
at each temperature reported in the main text were averaged from six different simulated
systems with different initial random conditions.

Simulations for 62 wt.% H3PO4 were set up in a similar way but without the
classical MD step. Instead, the generation of random arrangements using PACKMOL
was followed by structural relaxation, and then 10 ps of AIMD simulation in the NVT
ensemble. This time was sufficient to equilibrate the average potential energy, and the

structural and thermodynamic properties were computed over a final 5 ps of simulation
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time. The properties of the 62 wt.% H3PO4 systems at each temperature were averaged

from six different simulated systems with different initial random conditions.

3.2.2 Water Diversity

Figure 3.1 shows a schematic of different bonding configurations available to a
water molecule in LiCl aqueous solutions. Unlike dilute electrolytes or pure water, in these
concentrated solutions the H atoms of each water molecule can act as a proton donor (D)
in H-bonds to either an oxygen in another water molecule or a chloride ion. Similarly, a
water’s O atom can act as an acceptor (A) to either an H atom or a Li+ ion. However,
we propound that if an O atom is serving as a double acceptor (AA) it is more likely to
accept two protons rather than two Li+ ions or a Li4+ and a proton. This is because when
a water molecule accepts a Li+ ion, the bond angle to another accepted H or Li+ forces it
to encroach on the Li+ ion’s first coordination shell—a situation that is highly unfavorable
due to strong electrostatic repulsion.

To identify the four types of water, H-bonding between water molecules are defined
the same way in Chapter 4. And to distinguish the oxygen or hydrogen coordinated to
other ions, they are simply classified by distances, with the threshold chosen based on
structural factor — coordination number. Accordingly, all the hydrogen as doner and oxygen
as acceptors are found to figure which one of DA, DAA, DDA or DDAA catagory one water

molecule falls into.
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Figure 3.1: Schematic of possible bonding configurations available to water

3.2.3 Coordination Number

Partial pair distribution function was calculated from the structural models using

the relation with aiming pairs of atoms

b; X bj (3.1)

Zz<b>2 = Tij)

where i and j refer to two different types of atoms, b; is the scattering power for atom i and
<b> is the average scattering power. Similarly, the range-dependent coordination number

naB(r), for the number of atoms of type A neighboring atoms of type B were computed
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using a sum of error functions

Na N 4

nAB(r ZZ (L +erf(—2) (3.2)

11]1

using a value of § = 0.054, with Nx as the number of atoms of type X.

3.2.4 Solvation Energy

To observe the trend in the solvation energy of a proton in 25 wt.% LiCl solutions
between room and cryogenic temperatures, a proton was added to the equilibrated structures
of the simulated stochiometric electrolyte and the AIMD simulation was continued to allow
the system to equilibrate. For each simulated electrolyte structure, two simulations were
performed with the proton inserted in different initial positions. The insertion sites were
chosen manually to pick a chemically reasonable starting configuration. In all cases the
a few steps of minimization were performed with the existing atoms frozen, to relax the
position of the inserted proton, and then the full system was equilibrated with AIMD in
the NVT ensemble using the same procedure as before. During the equilibration process we
observed Grotthuss proton hopping as the excess proton found a low energy configuration
coordinating between a water molecule and a chloride ion.

The trend in the solvation energy of OH~ was computed in a similar way by
starting with the equilibrated stoichiometric electrolytes, but in this case by removing a
proton from a randomly chosen water molecule that was a non-aqua ligand. To complement
these calculations, we also computed the energy change for removing one of the water

molecules that was not coordinating Li*. The energy of each system was found by averaging
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Proton inserted
Neutral System » Two Snapshot after Insertion

Figure 3.2: Ion insertion operation and resulted optimized structure.

the energy over 5 ps after the system had equilibrated.

3.3 Results and Discussion

To fully understand the coordination configurations of water molecules in 25 wt.%
LiCl, we performed ab initio molecular dynamics (AIMD) simulations. Figure 3.5 shows

the cumulative distribution of acceptor bonds that are made from O to either H or Li+,
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and this has been plotted separately for the O in water molecules that are aqua ligands
of Li+ and water molecules that are not solvating Li4. In room-temperature electrolytes,
experimental results indicate that there are an average of 1.26 acceptor bonds per water.
In corresponding AIMD simulations at room temperature, sim52% of water molecules are
Li+ aqua ligands, and the average of 1.26 acceptor bonds per water occurs at a distance
of ~ 24; however, at this distance the number of acceptor bonds per aqua water molecule
is only 1.02. Thus, the DAA and DDAA populations of water are predominantly free from
Li+.

With observation that more DDAA or DAA water appear at high concentration
of LiCl in water at room temperature, it is safe to assume the presence of Li+ is one of the
key factor causing the decrease of ice-like structure in the solution. This is proven by AIMD
simulation result that we can see clearly less DDAA (labeled blue in Figure 3.3) water in
RT(room temperature) configuration while at the meantime more water molecules have
chance coordinating to Li4+ because of the reduction from 11 to 8 in Cl- number bonded
with Li+. As well, about twice number of CI are found coordinating to two instead of one
Li atom at room temperature, which leads to even less site for water molecules to form

H-bonding with Li+.
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Figure 3.3: DDAA water molecules under two different temperature.

Upon lowering the temperature, the populations of DA, DDA, and free water de-
crease linearly while the proportions of DDAA and DAA rise. Aqua ligands of Li+ are
members of the DA or DDA populations (Fig. 2d), and the reduction of these populations
indicates dehydration of Li+ ions’ hydration shells. The water molecules that are released
from Li+ ions are then free to accept H from two neighboring water molecules and con-
tribute to the increase of DAA and DDAA configurations (reminiscent of low-density liquid
water)[23].

The AIMD simulation results indicate the notion of dehydration from the Li+ ions’
coordination shells at low temperatures. From room temperature to —78 °C, the hydration
number of Li+ decreases by ~ 0.8 in its first coordination shell (3.4). It also reveal that
as water vacates the Li+ hydration shells it is replaced by Cl- ions, thus leading to the
formation of partially hydrated Li-Cl complexes such as [LiCl,(OH3)4 3|1-z. From 20 to

~78 °C, the average number of Cl- coordinating Li+ increases from 0.2 to ~ 1 at 2.5 A,
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Figure 3.4: (g) and (h) The average numbers of water’s O coordinating Li+ and Cl- coor-
dinating Li+ as a function of distance revealed in AIMD simulations of 25 wt.% LiCl.
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Figure 3.5: Number of acceptor bonds to H of water or Li+ as a function of distance from
AIMD simulations. Solid lines are about the oxygen of water molecules that are not aqua
ligands, and dashed lines denote the oxygen of water molecules that are aqua ligands of
Li+.

a typical ion-pair distance (3.4). Interestingly, in these complex ions the rarely observed
bending mode of water becomes more polarizable (mainly due to adjacent Li+).

The evidence of Li+ and Cl- pairing up at low temperatures accompanied by an
increase in the occurrence of H---Cl— bonding would seem paradoxical. The number of Cl-
ions in the solution is fixed, and coordinating to Li+ ions inhibits coordination by H. Our
AIMD simulations resolve this paradox. Fig. 2k shows the average distributions of O and
H around Cl- ions at two temperatures. Cooling from room temperature to —78 °C, the
average O count in the region from 2.5-3.25 A from the Cl- ions drops by 0.45, consistent
with Cl- pairing with Li4. However, while there are fewer O atoms surrounding Cl-, the H

atoms bonded to those O atoms move closer to the Cl- (solid lines in Figure 3.6). At -78 °C,
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Figure 3.6: The average number of O per Cl- (dashed lines) and H coordinating Cl- (solid
lines) as a function of distance retrieved from AIMD simulations of 25 wt.% LiCl.

the difference between the distance from Cl- to the first two surrounding O atoms and the
distance to the same number of H is 0.93 A—close to the length of an O-H covalent bond.
This indicates that, upon cooling, water molecules rotate to straighten and strengthen the
O-H---Cl- bond.

At room temperature, water serves primarily as aqua ligands of Li+; at —78 °C,
water clusters and Li+—Cl- pairs form, and chloride-binding water molecules become more
prevalent. The most significant local structure change is found. Then how does such a
new chemical environment widen water’s stability window? In what way does it improve
battery performance? Conventionally, the enhancement of water’s inertness is reasoned by

the strengthened water’s O—H bond.
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Figure 3.7: Key steps in the hydrogen evolution reaction (HER, left) and oxygen evolution
reaction (OER, right).

While the stability window is related to the covalent bond strength of water, the
chemical environment for HER and OER products could play a more important role. Thus,
we must understand the detailed reaction energetics of HER and OER (Figure 3.7).

For the HER, the products are %Hg + OH~. Considering the thermodynamic

cycle occurred on a cathode[43], Vygg is derived as:

1 1
ViuEer = _;(AG(SOZ,HQO) — AGo00-) — SHHy + En,o0) +Vj (3.3)
1 1
VHER = —;(AG(SOZ,HQO) — AG(so,0H-) — iqu) +Va (3.4)

Here AG (401, 11,0) and AG 501, 017-) are the energies for solvating a single molecule
of H20 or OH-, respectively, and Ep,o represents the bond enthalpy in vacuum. The term
W, is the chemical potential of the evolved Ha gas, e is the electron charge (which is
negative), and V} is a constant which is independent from the temperature and conditions
in the electrolyte. The upper equation encompasses the contributions from the solvation

energies, and the O-H bond enthalpy, Ex,0, of a water molecule in isolation. However, the
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vibrational modes of water are so stiff that these modes are frozen out at room temperature,
an thus the change in the thermal contribution to the bond enthalpy between 20 °C and
—78 °C is less that 107 eV, and thus Ep,o can be considered a constant. Therefore, the
HER potential can be simplified as the second equation, where V4 =V} — ei_E H,0. On the
other hand, for OER, the products are %OQ +2H™. Following a similar Gedanken reaction

path as the HER, Vpogg is derived as:

1 1 1 1
Vorr = == (5AG (so1,m,0) = AG (sol, %) = ;102 + 5 E1,0) + Vi (3.5)
11 1
VoER = —;(§AG(501,H20) — AG(so1,1+) — ZM@) + VB (3.6)

wherein AG 4o fr+) is the solvation energy of H+, 1o, is the O2 chemical potential, and Vi
and Vg are constants. Overall, the chemical stability window of water at low temperatures

can thus be written as:

1.3 1 1
AVi,0 = Voer—VHER = ;[(§AGsol,Hzo —AG o+ —AGso 0m-) — (ZIU‘O2 - §MH2)] +Ve

(3.7)
where V. = Vg — V4 = 17.1V is the electrochemical stability of a water molecule in vacuum,
and our model predicted that AV, is 1.55 V, which is close to the experimental value of
1.44 V at room temperature. This substantiates the validity of our theoretical modeling to
examine individual contributions from fundamental processes like the solvation of pertinent
water, proton, and hydroxide species. Although pp, and pp, vary with temperature, they

contribute only ~ 0.1V to the widening of AVy,o at —78 °C.
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The solvation energies AG (401, 7,0y and AG (4o1,05-)), and AG ), r+) depend on
both temperature and local structure of the electrolyte. At standard temperature and
pressure, AG (so1,1,0); AG(so1,0m-), and AG 4o g+ in pure water are —0.27, —4.55, and
—11.37 eV /molecule, respectively[56]. Given its small magnitude, even a large fractional
change in AG (401, 11,0) could not reasonably supply the ~ 1.4V increase to AVp,o measured
at —78 °C. The energy for solvation of water in 25 wt.% LiCl is larger than in pure water as
around half of the water molecules are coordinating Li+, but there remains more scope for
reduction in AG(4o,01-) and AG 44 y+). This leaves solvation of OH- and H+ becoming
less favorable as the structure of the electrolyte reconfigures at low temperatures as the
major cause for HER and OER suppression.

At —78 °C, the 25 wt.% LiCl solution forms more ice-like DDAA water clusters
that intrinsically makes it unfavorable to solvate ions (H+ and OH-) compared to that at
room temperature. This local structure transformation leads to less negative (in eV unit)
AG (so1,01—) and AG (51,1 4), significantly reducing the HER onset potential and increasing
the OER potential.

To validate our new understanding, we performed additional AIMD simulations
to study the energetics of removing H20 or introducing H+/OH- into the simulated LiCl
solution at 20 and —78 °C. In addition to the simulating approach described in Method
Chapter, the energy of a lone OH ~, which cannot be directly inserted into our simulation
box due to the hydroxide ion’s large size, is modeled by the difference of energy of system

with a missing H+ minus energy of the system with a missing H20.
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Averaged energy: LT (eV) RT (eV) | RT-LT (eV) Surrogate
Additional H+ -0.04 -5.9 -5.8 AG (501, 1+)
H+ Removal(non-Li+ H20) 4.5 2.0 -2.5 N/A
Non-Li+ H20 Removal 1.1 3.8 2.7 *AG(sol,Hzo)
OH™ insertion -3.1 -8.3 -5.2 AG (so,0H-)

Table 3.1: Energy change resulted from ion insertion. LT represents low/cryogenic tem-
perature set up while RT means room temperature. the last column quantities represent
a surrogate for the thermodynamic quantities. They indicate the trends in the thermody-
namic variable for which they are surrogate with cooling, but not their accurate values.

Because of the restricted box size, these calculations do not give the true solvation
energy and they result in a significant compositional change in the electrolyte. However,
we can view these energies listed in Table 3.1 as surrogates for the relevant terms that
revel the trend in solvation energies with the structural changes that arise from cooling the
electrolyte. As the temperature is lowered, the energy required to remove a water from the
box is reduced which would narrow the electrochemical stability window. However, there
is a larger change in the energy to introduce H or OH ™~ into the electrolyte which more
than offsets the reduction in the water solvation, thus leading to an overall widening of
the electrochemical stability window. Upon cooling, the solvation of water becomes less
favorable as fewer water molecules coordinate to Li+. This would narrow the electrolytes’
electrochemical stability window; however, this is more than offset by a stronger decrease in
the solvation energy of H4 and OH- leading to an overall increase in stability. The results
suggest that at low temperatures, 25 wt.% LiCl is a less capable solvent for H+ and OH-,
which explains why the HER and OER are inhibited at low temperatures.

In summary, our results provide a more general and robust mechanism to explain
the shifted HER and OER potentials of aqueous electrolytes and the widened electrochemi-

cal stability window from the energetic point of view, particularly for the solvation energies
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of OH- and H+, the side product of HER and OER reactions, across a broad temperature
range. The synergistic AIMD results revealed the formation of more DDAA structures
and a departure of aqua ligands from Li+ ions to allow Li+ to pair with chloride ions, in
conjunction with the enhanced H---Cl- hydrogen bonding. Besides offering a new theory in-
stead of a simply strengthened O—H bond argument, this unveiled chemical environment can
effectively lower the solvation energies of OH- and H+ ions and energetically suppresses
both HER and OER, thus enhancing water’s electrochemical stability—an outcome that
enables the encouraging low-temperature performance in aqueous Li-ion batteries using 25

wt.% LiCl as the electrolyte.
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Chapter 4

Percolation in Vacancy Network in

Prussian Blue Analogs

4.1 Background

Prussian Blue and its Analog compounds (PBAs) have an open framework struc-
ture which has generated great interest as potential battery electrodes. The open structure
enables transport and hosting of a batteries working ion with counter charges accommo-
dated by reduction of cations in the PBA framework. It was recently shown that PBAs
could be used as the electrode in batteries using protons are their working ions. In this case
protons can be transported into the electrode through the crystal water inside the PBA
using the Grotthuss diffusion mechanism enabling extremely fast charging and discharging
of the battery. The outstanding rate performance of these batteries implies that there must

exist contiguous chains of water in the PBA structures along which protons are transported.
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Here we present the results of simulations that reveal that water uptake into vacancies leads
to correlated vacancy arrangements that can provide such contiguous pathways.

With the general chemical formula as M, [M'(CN)g |-, -n HyO, PBAs usually adopt
a phase with FCC structure (see Figure 4.1) when in a low alkalinity environment. The high
compatibility of water in PBAs comes from the microporous structure as well even larger
pore size caused by vacancies with considerable amount of both ligands and zeolitic water
in the lattice. Each vacancy is proven enlarging a micropore with an effective diameter of

approximately 8.5 Athat exceeds the distance between neighboring M’ sites (i ~7.2A4A).

V2
Hence, neighbored vacancies would provide larger micropores or even bulk microporosity
for water molecules to form big clusters or water droplets. Apart from adsorbed water
on surfaces, within PBA frame, water can be separated into two types — 1) zeolitic water
in interstitial site; and 2) coordinated water that chemically coordinated with M ions.
While in each unit cell, eight subunit cells are available for zeolitic water or alkaline ions

to accommodate, the number and location of coordinated water are affected by M (CN)g

vacancy fraction and distribution.

4.2 Methods

4.2.1 Monte Carlo Simulation

Vacant sites are presumed to be random in PBA frame with uncontrollable distri-
bution, which makes the existence of percolation hardly predictable, therefore, the proba-

bility was modeled with Monte Carlo simulation at multiple vacancy fraction, to find the
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Figure 4.1: Example structure of PBA and PBA with vacancy.
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appropriate number that offers more charge carrier transportation pipes. Starting with
the initial structure without any defects, M (CN )¢ units were randomly removed to vacate
spherical pores till reaching a given percentage to generate PBAs with various vacancy
configurations.

At every step, one of the sites which originally has one M (CN)g residing in will
randomly chosen with equal probability. And the selected site would be replaced with
vacancy, or simpler speaking, the M(CN)g would be removed. If the chosen site is already
a vacancy, then another site would be chosen following the same rule, and a swap would
be taken action, that the previous one would become non-vacancy and the other being
vacated if the the second site is not a vacancy yet. Otherwise, the configuration maintains
unchanged at current step. The process above is repeated multiple times until vacancy

fraction requirement is met.

4.2.2 Vacancy Connectivity Analysis

A cavity neighboring to another can be considered connected, implying a path
for charge transportation being opened, based on which, the connectivity of a given PBAs
atomic structure can be analyzed by graph theory with vacancies considered vertices and
the tunnel’ being edges. As defined, a system with most vacancies linked to a dominant
graph is a high-connectivity one. At the meantime, less isolated components in the created
graph representing a PBA frame leads to higher freedom for charge carriers to reside or
diffuse.

One of the goals is to find the bottom line of vacancy occupation that guarantees

the existence of percolation path. Thus, one hundred samples are created with random
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insertion at each vacancy ratio respectively for average percolation probability calculation.
For each new model generated from random vacancy insertion, the pipework would be
analyzed with Depth First Algorithm to efficiently identify all subgraphs within the given
system. All subgraphs with at least one node as vacancy on the box surface are identified
accessible. And those involving vacancies on a pair of opposite sides of the cubic box can
provide paths for percolation which plays the most important role in charge transportation.
The box size was set as 100x100x100 unit cell to keep the randomness of arrangement and

the robustness of the result while balancing with analysis resource limitation.

4.3 Results and Discussion

To discuss resulted transport path for proton hopping, the H-bonding network
is still requested on top of vacancy connectivity analysis without promises on contiguous
water chain directly from neighboring vacancies. Water in frame model were initialized
with GCMC simulation associated with LAMMPs. The force field parameters for this
specific MD process are calibrated by pure water model at room temperature with density
as 997.77kg/m?> and average hydrogen bonding about 3.94. While all the frame atoms frozen
during the whole simulation, insertion and deletion of TIP4 water molecules are performed
under NVT ensemble to find the capacity and low energy state of water in PBAs.

To identify potential pathway, the connectivity of water network analysis and
transferring action simulation are done to verify an open path in between two neighbored
vacancies, where the acceptors and doners were defined with Vuilleumier and Borgis’ def-

inition. With the well-defined bonding threshold, a directed graph would be created for a
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similar analysis as for vacancy connectivity. As shown in 4.4, a connected water chain can
be found from one vacancy to another that is next to it for most of the cases. RAPTOR, as
a Multi-scale Reactive Molecular Dynamics method, is designed to track chemical reactions
in condensed phase. In our simulation, the reactions are defined with two types: one from
Eigen cation to Zundel water and another the other way around. A RAPTOR simulation is
accomplished by initializing one of the water molecules to a hydronium cation and relaxed
under NVT.

The assumption of accessible vacancy guarantees proton transport to that area
solely with Grotthus mechanism has been proven correct under common circumstances.
From Figure 4.2(d), there are two examples of RAPTOR result, an inserted proton is
transferred from dark blue labeled water to light blue ones. Random assignments were
performed on 3 different vacancy confederations, and the conclusion claiming proton travels
from outside of the box to accessible vacancies and from one vacancy to the others connected
are further proven to be correct with RAPTOR simulations.

GCMC outcome gives an extra information that water capacity is not fixed to a
number only decided by the fraction of vacancy (Table 4.1). In addition to the 6 extra water
theoretically more caused by missing component, the extra large pore space and surface area
actually slightly provides more site for water insertion. At the meanwhile, not only the net
size differs with arrangement, the resulted connectivity can differentiate. In the third case
we can clearly see, even though the water number is not significantly larger than the other
two topology. However the connectivity increase is obvious. The path for proton transfer is

shortened to half the length, which can potentially improve the battery efficient to another
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Figure 4.2: Two GCMC example results of two simulation box size: 4.2(a) and 4.2(c) for
a 3x3x1 system and 4.2(b) for smaller case which is 3x1x1. Combined with the atomic
structure, we can clearly find a path in the directed graph of water network topology from
one vacancy to another if they are next to each other for most of the cases. 4.2(d) shows
two transporting path found after proton insertion with RAPTOR simulation.

44



E Internal Pipework

Figure 4.3: PBAs frame and pipe configuration.

level. Therefore, a cluster of vacancies are desired, which means the connectivity of vacancy
network is wanted.

The aim is converted and simplified to a discussion of vacancy connectivity. The
randomness of configuration is hardly maintained under periodic condition, therefore, a
larger scale is highly required. However, even skipping atomic simulation, the graph itself
can be supremely large to be analyzed, for example in Figure 4.3. Eventually, the cost
and accuracy are balanced with percolation threshold, with the scale change making less
significant change on results (Figure 4.4(a), 4.4(b)). As seen, at reasonable scale, we can
confidentially say that percolation always appear while vacancy fraction larger than 20.20%.
At the meanwhile, the inaccessible, who belongs isolated component in the graph are less
than 20%. It is safe to say, that as long as the vacancy configuration is fully random and
without any external or manual intervening, when the vacancy fraction exceeds 20.2%, the
conductivity of proton in PBAs without alkaline ion insertion con be considered relatively

good. The further change on vacancy number won’t play the most important role on battery
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Figure 4.4: Vacancy connectivity analysis. 4.4(a) and 4.4(b) showing percolation thresholds
at different system scale and percolation probability change with vancancy fraction. 4.4(c)
shows that accessible vacancies change much smoother than percolation probability

performance optimization, but instead the arrangement is more worthy to be discussed. If

future technology allows controlling vacancy correlating positions, battery charging speed

is expected to be accelerated.

Water Capacity | H-bonding per water
1.314
1.327
1.44

Case 1 290
Case 2 294
Case 3 300

Chain length

20
21
9

Table 4.1: Water and hydrogen bond number comparison of three vacancy topology with
same number of vacancies.
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Chapter 5

Efficiently Forecasting Organic
Ligands Mechanical Properties
From Atomic Structure via Deep

Learning

Great potential for gas separation or storage has been found in Metal-Organic-
Frameworks(MOFs) for their high flexibility of linker under pressure change.[7, 13] The
search and design of metal organic frameworks and other coordination polymers highly
rely on efficient methods discussing the properties of ligand molecules from their structure
or bonding topology because of the high variety. Otherwise, the motion simulation of the
large amount of molecules could be time-consuming given the complexity of organic molecule

structure and high diversity in combination of building units and functional groups.[12].
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To introduce machine learning as the predictor, with proven capability finding
hidden correlation effectively, a encoding solution of molecular structure quantitatively is
required, so that it may be used as inputs to the molecules behaviors forecast model. We
will present the suitability of four different molecule encoding schemes for the prediction
of two different classes of mechanical properties. The work demonstrates the possibility to
predict, or forecast, the mechanical response ligands with a high degree of accuracy, and
that there is not one best structure encoding which is universally optimal for forecasting all

mechanical properties.

5.1 Background

Chemoinformatics in chemical or bioactivity prediction of molecules from atomic-
level structure have had a significant impact on many aspects of chemistry, from the dis-
covery of new pharmaceuticals[30, 15] to the design of catalyst,[63] and elucidating reaction
mechanisms.[48] Data-driven approaches eliminate the need to conduct a broad experimen-
tal survey of molecules’ properties by replacing with forecasting based on the known data of
materials structurally or chemically similar to the research subjects. Artificial intelligence
has been introduced to learn quantitative structure—activity relationships (QSAR) with high
correlation factors in the condition that lack theoretical understanding on the underpinning
mechanisms[36] to accomplish and accelerate high-throughput screening on molecules with
desired properties to save the costs of long simulations using realistic structural models or

experiments considering the huge number of candidates. 3]
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Success on molecular property forecasting hinges on possessing a suitable knowl-
edge base to choose the algorithm model, and more importantly a encoding scheme able
to quantifying the structural similarity of molecules, and discriminating the structures ac-
tive in the structure-property mechanisms underpinning the property(s) of interest. For
many applications, the mechanisms may not be known a piori and so it is desirable for the
encoding scheme to be general and agnostic in its recording of structure without missing
key factors while symbolizing. From the previous researches on many chemical or bioac-
tive properties, quantifying similarity of molecules through structural descriptor has been
proven sufficient, for example, fingerprint catalogs all the unique chemical moieties exist in
one molecule.[11, 16, 62, 27] However, predicting mechanical properties, such as bending,
twisting, vibrating and mechano-isomerization, of a molecule poses a bigger challenge which
depend on the local chemistry and bonding topology of moieties within a molecule, as is
the case for chemical activity, but also depend strongly on the location of these moieties
within the molecule’s overall geometry.

The work is motivated by the desire to accelerate design of new flexible MOF's
by providing the ability to predict the likely mechanical properties of a candidate ligand
molecule without computational overhead on detailed atomic simulations. We have de-
veloped an approach for automated design of molecules in which candidate molecules are
created by starting with a seed molecule and descending a decision tree for the applica-
tion of a series of molecule editing rules.[32] By formalizing the molecule design-space as a
decision tree our approach makes the task of molecule design amenable to advanced tree

searching algorithms. These computationally designed molecules could be screened by per-
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forming atomic simulations to evaluate each candidate’s properties or performance for a
particular application. However, the design space for molecules is astronomically large —
encompassing 1 x 10' unique molecules by only the tenth level of the design tree. It is
not tractable to simulate every candidate in such a vast pool of molecules, for that only a
deforming process along one direction would cost hours with molecular dynamic simulation.
To screen any meaningful fraction of the candidate pool requires methods that can rapidly
forecast the properties of a candidate molecule from descriptors of its structure.

Four approaches encoding molecular structure were implemented and compared,
and their suitability as machine learning algorithms input were discussed in two cases fore-
casting different mechanical behavior of tethered ligand molecules — molecules that could
be for example the linker of mechanically active metal-organic frameworks (MOFs). The
four approaches to describe molecular structure that being used are: i) geometric moments
of the molecule, ii) the point cloud of atomic coordinates, iii) a voxelized representation of
the atomic coordinates, and iv) the molecules’ SMILES grammar. This is the first time
for approache 1 and 2 examined for their potential utility in chemical informatics predic-
tions, and while the latter two approaches are well established molecular descriptors they
have not been applied to forecasting mechanical behavior. To test these structure-encoding
schemes’ ability capturing the structure-property physics relevant for mechanical behavior,
two different mechanical properties are considered based on different aspects of a molecule’s
structure: stiffness in axial loading, and the ability of a molecule to mechanically isomerize.
The former depends predominantly on global geometry, while the latter depends on the

presence of local structures that function mechanically as hinges or revolute joints.
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5.2 Methods

Rulel:Add a benzene Rule5:Add a methane Rule3:Sp3 carbon to oxygen

-

Rule0:Add a carboxylate Rulel:Add a benzene Rule5:Add a methane

Figure 5.1: A example sequence of design steps for automated generation of a linker
molecule: Starting from the carboxylate seed molecule editing rules are selected at random
and applied to the molecule. Between each editing step the incomplete linker is structurally
relaxed, and the list of editing rules that can be applied to the new partial molecule are
determined.In the final editing step a seconds carboxylate group is added that acts as the
candidate linker’s second connection point in a MOF.

Database in this work is generated with the automated design scheme (shown
schematically in Fig. 5.1) starting with one carboxylate as seed and finished by adding
the second carboxylate with at maximum 6 rules applied, with which a dataset of 171,391
ditopic ligand molecules is generated with molecule size ranges from 9 to 57 atoms. ” Link-
ers” designed with this process are not necessarily compatible in a MOF in this research
to maintain high variaty in the database as the purpose is to identify if any ligand a good
candidate for flexible MOF. That is, that the backbone of the linkers can be curved, and

the carboxylate ends need not be co-linear or aligned. The rationale for this is that our
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goal is to test descriptors of structure, and we therefore seek to maximize the structural
diversity in our data set.

To computationally characterize elastic properties of these ligand molecules, molec-
ular dynamics simulations of the molecules were performed undergoing quasistatic axial
deformation; deforming along the backbone axis after structure optimization, in which,
interatomic bond interaction were modeled with a harmonic-style equation, pair interac-
tion with standard 12/6 Lennard-Jones potential equation, and the angels, dihedrals and
impropers in Fourier style with the parameters from Universal Force Field (UFF).[47, 44]
Optimizing Stretching
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Figure 5.2: The simulation process. The whole experiment is separated to four parts:
annealing, energy minimizing, equilibration, and deformation.

As in Figure 5.2, the structural relaxation was obtained starting with an energy
minimizing relaxation, and a following annealing step in the canonical ensemble (NVT)
with temperature rapidly increasing to 900 K (with bond breaking not permitted) and then

going through a series of cooling steps followed by a 50-picosecond dwell until the system
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reached 5 K at which point its structure was relaxed using the FIRE algorithm. [5] Given
that deformation process would be simulated at 300 K, the entire system then would be
heated back to 300 K and and held there for a further 50 ps to ensure the system was
well equilibrated. This rather rigours and involved structural relaxation was found to be
essential for the reproducible of the deformation process to follow. To monitor stiffness
during crushing and stretching, ligands are deformed at low speed which is 0.005A/ps by
increasing and decreasing distance between two caboxylates in the range from 85% to 110%
of original molecule length. Ligands are firstly compressed, then stretched, and finally
recovered to original length as shown in Figure 5.2. Forces paralleled to the deforming
direction is the component required to accomplish deformation, which would be used to
further calculate stiffness. Given that these ligands are going to be coordinated to metal
clusters and build frameworks, their stiffness is defined as force change over strain percentage
instead of length change itself.

As seen(Figure 5.3), stiffness of one ligand is not remaining the same while the
shape changed. Based on the stiffness trend during whole deforming, molecular behavior is
featured with 4 factors to discuss elastic properties for compressing and stretching process
respectively, which are the stiffness of compressed state (Stiffness 2) and tensile (Stiffness
1) status, stiffness at original length, and whether mechano-isomerization could be found
during the deformation. In advance of the calculation, the noise of real-time force-strain
curve was reduced with univariate spline reducing noise with automatic assigned param-
eters ensuring with different length and numbers of atoms, all data were post-processed

appropriately without losing information, despite their different levels of thermal noise.
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Figure 5.3: Example molecules, 5.3(a) molecule with mechano-isomerization which could be
found by obvious drop or impulse of stiffness and 5.3(b) a typical molecule that geometry
and as well stiffness changing smoothly during deformation, in the 3¢ depth with 3 rules
applied. Three subplots from top are the force-, energy-, and stiffness/length-strain curves
respectively. Stiffness curve is the derivative of force curve.

Energy-strain curve reflects that the optimization was done successfully finding
lower-energy status. Besides, the paralleled total energy and potential energy curves imply
that these deformations are slow enough that the temperature and kinetic energy is not
fluctuating significantly in each step. From the stiffness changes, most of designed ligands
were found with the deformation process composed by two sections with an significant
difference of stiffness, whose average are calculated as stiffness 1 and 2. In the case with

negative stiffness, the mechano-isomerization phenomena would be tagged with their depth
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and width of the period if exists. Regarding hysteresis, which is barely happening and hard
to identify, with the combination of two stiffness and mechano-isomerization phenomena
describing the behaviour in deforming process molecules can be distinguished and decided
whether a flexible candidate.

Characterized molecules with their mechanical factors are split into three subsets,
120, 000 in training set, 30,000 in validation set and the rest as test set. Neural network has
been used in predicting molecule activities that could meet the theoretical results or atomic
level simulation with acceptable accuracy.[40, 49] Therefore, deep neural network is chosen
to be trained to forecast the mechanical factors as network output respectively, by different
structural descriptors as input vectors. To guarantee the representation approaches being
useful for the purpose of making predictions about the molecules’ properties, the four struc-
ture encoding scheme are chosen following the requirements: i) unique and unambiguous,
ii) universal, iii) compact, iv) computationally efficient to form and parse, and v) systematic
and property relevant. A good descriptor should be one able to encode the structure of all
hypothetical molecules with every molecules’ description in the encoding being unique with
only one possible description for each molecule, and at the meanwhile requiring minimal
digital memory to store, and of fixed or predictable size. A low computationally cost to
generate the description of structure is also a key feature, and it must be easy to parse
and process — although it is not necessary to revert to the structure of the molecule from
the description. Finally, and most importantly the encoding must vary systematically with
structure, and the encoding must encapsulate and resolve the aspects of structure that are

active in the structure-property mechanisms relevant to the behavior of interest.
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To meet the requirements, the first descriptor attempted is geometric moments.
Higher order moments are considered possible related to turbulence[9], and according to the
definition, mass scattering in the space and shape information of the objects even for discrete
system like single molecules are highly relevant to moments, but not only for rigid bodies.
we noticed that the effect of atoms to elastic property, for involving deformation—one of
mechanical mechanisms but not just inertia, which implies the factors used in calculating
should highly possible be more than mass, for example nuclear charge, and atomic radius.
Instead of choosing masses as weight to generate overall moments, geometric moments as
known as image moments for 2-D images are defined with multi-channels and 1 as weight

for each atom.[34]

all atoms

N ;L:]_xll
My, = Z W)j (5.1)

i

Here n is the order of moment with each of Is is one number from {1,2,3}, and z1,x9, x3
are the re-oriented coordinates of atom. e represents element species, and N is the number
of atoms of this specie. A multi-channel solution makes the contribution to properties of
different elements demonstrated by deep learning but not based on theoretical assumption.
Structure could be better described with more details by more and higher-order
moments. Considering the high-order of moments causes exponentially growing distribution
ranges, geometric moments are modified to keep the value and variance lower with equation

below.

(5.2)
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To dismiss the variance to any rigid transformation and for higher property-
relevance with each dimension delivering similar physical interpretation for all molecules,
the inputs are re-oriented canonically before moment feature extraction following the way
in support information. Molecules vibrating caused by thermal motion leads to inaccu-
racy of moments calculation with atom position fluctuating, which is discussed by moments
fluctuating variance during an equilibrium process (in Supporting Information). With the
order of magnitude 2 to 5 smaller to the variance of whole data-set, the accuracy could be
justified high enough representing molecules with a complex of several orders of moments,
even though reconstruction from moments is hard to accomplish. To determine the best
number of order in this circumstances, up to 5th orders were compared with both general
moments and geometric moments.

Point cloud is simply using atoms as a group of points as a descriptor with each
point represented by the atom coordinates and their species. To be precise, point cloud
formats as a set of atoms {A;|i = 1,..n}, where for each atom A; is a tuple (P;, E;) rep-
resenting its position P; = (x;,¥;, z;) and element species E;, modeled as a one-hot vector
(I(A;) H'), I(A;,) C"), I(A;) O, I(A; N')) of 4 dimension. The I(4;,” X') is indicator func-
tion to identity different element species for each atom A;. The similar concept has been
used to train neural network to identify specific items from 3-D images.[45] For molecules,
it could also effectively differentiate between molecular structures. Unlike the voxelized
representation or geometric moments who need more view from different orientation to ac-
complish a better representation, a set of discrete coordinates and their element information

is less sensitive to parameters. According to Qi et al.’s work, it has also been specified that
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its data structure requires point cloud being unsequenced that the order of points should
not influence the network.

Voxelization is one of the other common methods quantifying 3-d system in com-
putational vision. We implemented the descriptor by atom position based on work from
Kuzminykh et al., who found a solution involving interaction with voxelization[27]. Coor-
dinates are oriented with the same way as for moments. Following, the 3-D space is grid

into small units with element size of @ X a X a.

1 if voxel contains an atom

X(z,y,2) = (5.3)
0 otherwise
Afterwards, to capture more interaction and to avoid high sparsity, a Gaussian blurring

with wave transform is used for a continues map.

ko ko ko
X(@y2)= > > > X(x+0sy+0y, 240 kwave(Or, Oy, 0z (465, y+0y, 2405))

Su=—ko Sy=—ko 6.=—ko

(5.4)
¢ = c(x,y,z) returns the element in the voxel containing (x,y,z). If their is no atom locating
at this position, then return 0. And kg is the maximum cut-off of all elements in the system.
The Gaussian and wave transform kernel are as

2, .2 .2
exp(_w) iR+ 2 < ke

kGauss(x7 Y, z; C) = 203 (55)

0 else
1
kwave(za Y, z; C) = kGauss(iva Y, z; C) COS 2TTWe x? + y2 + 22 y We = — (5'6)
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The Gaussian kernel cut-off k. and o, were set relative to their elements’ Van Der Waals
radius.

ke=r.xk, 0o=0 X1, (5.7)

To balance the size of input and resolution of representation for a better learn-
ing efficiency and effect with: i) Lower sparsity; ii) Capability to accurately identifying
molecules; and iii) shorter length of representing vector, the element size of voxel is defined
as 0.5A and the factors for kernel function as k = 3 and ¢ = 0.6. The detailed discussion

could be found in Supporting Information.
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Figure 5.4: Voxelization example with a = 0.5A, ¢ = 0.6. 5.4(a) shows the molecule
geometry; 5.4(b) is the voxelized space, and 5.4(c) is XOY surface section of voxelized
space. 5.4(d) is a high resolution section image of XOY surface.
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SMILES (Simplified Molecular-Input Line-Entry System) is a widely describing
chemical bonding that are used to interpret molecular structure with primary bonds in
molecules for predicting chemical reactivity[19]. The encoded one-hot vectors from SMILES
as the actual descriptor is generated following Kusner et al.’s work instead of directly using
strings. SMILES strings are generated following specific grammars[26, 59|, therefore the
formation of a string could be parsed to a parse tree showing how grammars work. This
tree gives a sequence of production rules which could be converted into one-hot indicator
vectors to be used as the descriptor.

One-hot-encoding of SMILES has been proven a good chemical property-predicting
representation[14], which makes it benchmark for the comparison of all four descriptors.
The independence from the 3d structure of molecules could lead to high exactness that
the descriptor would not be affect by condition changes and is irrelevant from the energy-
minimizing but only their chemical formula. But at the meantime, it could cause the lack
of direct information about weak interaction and secondary bonds such as Van Der Waals
force or non-covalent interaction. Therefore, other descriptors related from the positions
of every atoms and moieties are highly potential more accurate prediction on mechanical

behavior.

5.3 Results and Discussion

Performance of four descriptors are discussed by training a binary classifier to
predict the four mechanical property factors: i) the existence of mechano-isomerization

in compression process, ii) stiffness 1 or 2 respectively, and iii) stiffness of fully relaxed
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Figure 5.5: Histogram of 5.5(a) stiffness at 0 strain, 5.5(b) stiffness 1, and 5.5(c) stiffness2.
Red is molecules with high stiffness and black represents flexible molecules.

molecule, in which, molecules with top 10% stiffness are highly stiff and the rest are defined
flexible, therefore, the low /high stiffness ratio is 9: 1 in the dataset (Figure5.5). The number
of molecules with and without mechano-isomerization in dataset is 150,813 and 20,577,
respectively. The performance of binary classification is evaluated by area under the curve
(AUC) of precision recall curve. Higher value of AUC € [0, 1] indicates higher quality of
the forecasting[38], which tells the classifier is successfully picking out molecules with high
stiffness or appears mechano-isomerization correctly with less false negatives.

With all four models, performance are all convincingly well that they all could
be potential descriptors predicting elastic properties with relatively high AUC value (Table
5.1). Taking forecasting stiffness at 0 strain status by moments as an example, false predic-
tions are found mostly with stiffness value around the threshold, which is acceptable given
the data cannot be clearly classified into groups. The stiffness variance was calculated by
starting deformation at different equilibrium states of same molecule, and results shows the
stiffness are not returned as a exact number with all starting point but with average vari-

ance about 0.0257K cal - molilA_l%*l, in which case, a few mistaken predicting especially
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for data points around demarcation is reasonable. According to the simulation, stiffness
variance is found increasing while the molecule is too stiff, and high stiffness is always seen
accompanied by short distance between two carboxlates comparing to the whole molecule
size, in which case, deformed status would be less stable, and causes higher uncertainty.
To exclude the obvious high-stiffness molecules, who could be easily identified by
their carboxlates distance, and to ensure classifiers are not only works by locating two
carboxlates, we further cleansed the data-set by excluding data points whose backbone is
too short or force is too biased from backbone, that reduces the training, validation and
testing set sizes to 56,000, 14,000, and 10,000 respectively. The method automatically

identifying atoms in backbone could be found in Supporting Information.

Descriptor AUC
mechano- Stiffness @ 0 strain Stiffness 1 Stiffness 2
isomerization (non-cleasning
data-set)

Moments 0.836 0.834(0.963) 0.664 0.905
Voxelization 0.705 0.763(0.930) 0.638 0.811
Point Cloud 0.784 0.898(0.979) 0.743 0.963

SMILES 0.947 0.771(0.939) 0.522 0.795

Table 5.1: Prediction AUC
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As shown in Table 5.1, the significantly high AUC evinces the assumption about
the effect from carboxylates, therefore, the performance on descriptors was discussed with-
out these exemptions.

It is notable that AUC for stiffness 1 are slightly lower, which is caused by the
distribution of data for the high concentration of data points combined with high uncer-
tainty instead of the chosen algorithms. Despite that, the descriptors are making satisfying
forecasting. Moments’ good performance for all properties proved its property-correlation
as believed. Yet both being geometric representation, voxelization is shown not as good as
the other choices while point cloud being significantly better, which shows, in this case, less
pre-processing on structural data and relatively lower feature space dimension could make
a better descriptor.

The three other descriptors performed much better than or at least as well as
SMILES-based encoding, which has been widely used in chemoinformatics researches, ex-
cept for predicting mechano-isomerization. The success of SMILES brings the possibility
that mechano-isomerization might be caused by specific components or neighbour in one
molecule, for example, the conformational isomerism of molecule components could be the

reason for the phenomenon during the deformation.

5.4 Conclusion

In summary, we compared how different descriptors perform for predicting elastic
properties that proved their potential for further uses in other mechanical activity forecast-

ing. Though not as good as in forecasting stiffness while relaxed, the success in predicting
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mechano-isomerization and other two stiffness at different status showed possibility that
using characterization of one snapshot to learn behaviours of a whole process. Point cloud
is found the best in comparison and the deformed structures’ behaviours are proved possible
to be foreseen with characteristics of fully relaxed structure. By expanding our experiments
to larger data set and improving the descriptors, hopefully, it will be possible to predict
complicated mechanical properties of more complex mechanisms or larger molecules, which
could help understand how structures determine or influence molecule behavior and looking

for potential materials.

5.5 Appendix

5.5.1 Molecule Orientation

To make sure the representation invariant to any rigid transformation, the inputs
are re-oriented canonically before moment feature extraction. At the same time, every
dimension in the descriptor should deliver similar physical interpretation after oriented
following same method. To ensure more property-relevant factors included in the moment
representation, molecules are re-located with having the mass center as zero point and
setting x-axis along force direction (crossing two carboxylates’ center). Considering most
atoms on backbone are near the surface defined by the mass of center and two oxygen atoms
of carboxylate, the XOY plane are the average of two planes determined by two ends of

ligands(Figure 5.6).
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Figure 5.6: Orientation for moments calculation. 5.6(a) the two surface determining the
XOY plane, and 5.6(b) the re-oriented system.

5.5.2 Moment Variance

We discussed the noise of moments with from various status of the same molecule
during an equilibrium period at room temperature, the temperature of deforming simula-
tion. By multi-measuring during equilibrium, the average uncertainty of one molecule could
be analyzed, with whose error is assumed normally distributed. Taking Mcgc111, Mcosss,
Mir11121, and M 3333 as example, the average uncertainty of one molecule’s equilibrium as
about 2.73 x 1074, 9.37 x 1073, 1.29 x 1074, and 3.93 x 1073 respectively. Even though
there is instability of labelled moments in our work, its small scale is convincing enough
being an descriptor in these data set. The magnitude order of average moments variance in
the period of equilibrium are mostly between —2 to —5, with very few exemptions as —1 in
{Mi, 1,|li =12 =...=1,}. Comparing to data set variance of each moment, whose order
of magnitude are about in the range of (0.27,00), the accuracy, with uncertainty’s order
of magnitude 2 to 5 smaller, could be justified high enough identifying molecules with a

complex of several orders of moments.
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Figure 5.7: Comparison of carbon channel geometric moments variance of dataset and
uncertainty during equilibrium. Up to 5*" order moments without the 1% are shown in the
figure.

5.5.3 Performance Comparison of Different Order of Moments

The pre-test (Table 5.2) on different order of moments shows that 4-channel with

27 order moments gives the best performance on our dataset. 1-channel moments

up to
are the traditional ones with atoms all weighted with their masses and considered as a
whole, while the 4-channel ones are as described previously classified by element species.
In general, 4-channel moments perform better than traditional ones, but without obvious
difference.

The small and lowering gap between them tells that atom mass does play a sig-
nificant role in molecular elastic properties. Theoretically, with more orders of moments
involved, the more information is delivered to learning network, in which case the prediction
is supposed to be more accurate. However, given that we are working on relatively small
molecules, the fact that low-order moments could be well enough for an accurate forecasting

is reasonable because of low complexity of molecular structures. The slight decrease of AUC

could be the consequence of higher uncertainty that high order moments brings in. On the
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contrary, the improved performance of 1-channel moments descriptors implies the effect of

thermal motion of every atoms is partially dismissed by others.

Moments Order AUC
Rk T
w08 |07
LA R

Table 5.2: Stiffness Prediction AUC

5.5.4 Voxelization Parameters

Wayve transform parameter o is compared in Table 5.3. By comparing their per-
formance in interaction representing, we chose ¢ = 0.6.

As in Table 5.4, histogram shows that the number of voxels containing invalid
information, which conveys value approx zero, in the space increases significantly while
higher resolution gives a clearer image of the molecule structure. Although the smaller voxel
we choose, the lower the blurriness of image would be. With the fact that high sparsity of
descriptor might lower learning accuracy because of over-fit and to reduce learning expense
as well, especially for that the size of training set is only 120,000 data points, there needs

a compromise with reconstruction image quality.
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Table 5.4: Comparison of voxelization performance with different voxel size

5.5.5 Identifying Backbone

Molecules are represented as 2D graphs for this purpose with atoms as nodes and
bonds as edges. The process starts with the shortest path from one carboxylate to another.
All the atoms on the shortest path or paths are supposed to be in the backbone. To make
sure the rings are complete and not ignored in the first step. The edges in backbone are

one-by-one broken. If the two carboxylate are still connected, then the new shortest path



should be also in the backbone. For the final step, all nodes only one edge away from any

of nodes in the backbone are counted in.
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Chapter 6

Conclusions

The research above are mostly based on MD and AIMD simulated atomic modeling
followed by topology analysis. Several different techniques were used in this thesis to prove
the efficiency and convenience of interpreting atomic structure understanding. In first two
chapters, we found the possibility for deeper understanding of a phenomenon by discussing
the atomic modeling result in addition to geometric factor analysis. And in the following
two chapters, the benefits of structural representation were revealed that further advanced
algorithms i.e. graph theory and machine learning can be introduced into atomic level
materials research with a proper way quantitatively describing a material, which leads to
higher potential of computational materials science.

Although there has not been a universal solution on atomic structure understand-
ing or representing, the success explaining several mechanism/phenomenon in different fields
indicated that saving resources and time by structural interpretation is achievable. More-

over, not only the new perspective looking at atomic model provides a new way to ratio-
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nalizing experiment, the understanding achieved by geometrical analysis offers insights for
materials design. When a certain application or property is settled, it is possible to find

the best material without tons of experiments.
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