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Schematic describing how angular restraints are applied for the node shown in
red. A director, shown in grey, is attached to each node with a harmonic bond
potential. Harmonic angles potentials are added between each pair of bonded
nodes and the director, as indicated by the angles 6,_;. The director is positioned
such that 6,_; are as far from 0° and 180° as possible. This scheme is applied at
each node. . . . . . . . . e
Examples of typical 500-node networks before and after pruning with Zp =
4.0,5.2,5.9. The top row shows unpruned networks, while the bottom row shows
networks which have been pruned to Z = 3.0. Unpruned networks show decreas-
ing v as Z( increases while pruned networks show a minimum v at Zy = 5.2.
This minimum v at Zy = 5.2 corresponds to a high fraction of re-entrant nodes
which can collapse inwards as the system is compressed. . . . . . ... ... ..
Probability distributions and correlations of AG; and AB; for unpruned 500-
node networks with different 7. Panel (a) shows probability distributions of
AG;, while Panel (b) shows those for AB;. Strains for both deformations are
€y = 1x 10~%. Data sets as (Z, color) are (4.0, blue), (4.8, green), (5.2, red), and
(5.9, cyan). Each data set is taken from 100 independent 500 node networks. The
bond bending strength is kgpg = 0.01, a value which is experimentally realizable.
As the coordination number increases, distributions narrow significantly, reducing
networks’ propensity to be pruned. Panel (c) shows the correlation between AG;
and AB; for networks over a range of initial Z values. Standard deviation of r
values across 100 independent configurations are shown. . . . . . . . . ... ..
Poisson’s ratios resulting from pruning 500-node networks with different values
of Zy shown in (a) with resulting structural and mechanical properties shown
in (b). Data are taken from 50 independent 500 node networks. In (a), ninety-
five percent confidence intervals are shown. To prune, we remove the lowest AG
bond at each iteration. Networks are pruned until Z = 2.8, at which point they
become so sparse that v fluctuates wildly with further pruning. In (b), the blue
data set shows the Poisson’s ratio reached at Z = 3.0 with respect to Zy, with
95% confidence intervals shown. A minimum v is observed at Zy = 5.2. Plotted
in red is the fraction of nodes which are classified as re-entrant. The data shows
that the most auxetic networks show the greatest degree of re-entrant behavior,
suggesting a structural origintowv. . . . . . ... ... L.
Bulk and shear moduli of networks as low AG bonds are pruned. Initially, the
bulk moduli decrease while the shear moduli remain constant, resulting in the
increasing magnitude of the slope of v observed in Fig. 2.4. After significant
pruning, G begins to decrease. Near Z = 3.0, G/B plateaus and v reaches its
MINIMUIM. . . . . o oo v o e e e e e e e e e
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Poisson’s ratios from simulation and experiment for pruned and unpruned net-
works. Shown in green and red is v with uniaxial strain from three different
networks pruned to Z = 3.0 from Zy = 5.2. The solid lines represent the average
v for the three configurations and the shaded areas represent standard deviations.
The dashed blue line shows v for unpruned networks in simulation at low strain.
A value of kgpg =9 X 1073 in simulation is fit to match this experimental bond
shape, shown in the Figure. This kqpng fits well for all networks which use this
bond shape. A section of an experimental network is shown as an example of the
individual bond shape used. . . . . . . . .. ... Lo
A compressed 500-node experimental network with comparison to simulation.
Panel (a) shows a compressed experimental network at a strain of ¢, = 9%. The
gray shaded region indicates the shape of the uncompressed network, and the
green outline represents the shape at ¢, = 5%. Panel (b) compares an experi-
mental configuration with that predicted from simulation at e, = 2%. Note that
this network is isotropic and will be auxetic with respect to any uniaxial strain,
which is distinct from the other networks in this work. It shows v = —0.25 for
deformations up to €y = 4%. In red is shown a rendering of the experimental

configuration and in blue is shown the simulated configuration at the same strain.

Poisson’s ratios resulting from pruning 500 node networks with Zy = 5.2 and
Kang values which range from 1074 to 100, With larger kqng, pruning becomes
less effective due to narrower ranges of AG; and AB; and increased correlations
between the two quantities. In the lower limit, v approaches —1.0 as predicted
in previous work[1]. . . ...
Experimentally measured v for an ordinary pruned network and an otherwise
identical network in which several of the bonds have been strengthened. Error
bars show 2.50. The bonds which were strengthened were chosen in simulation
in order to reduce v. In simulation, the networks with regular and strength-
ened bonds were predicted to show v = 0.79,0.91 respectively at small strains.
The inset network configuration shows in red, bonds which were strengthened in
experiment and in blue, unstrengthened bonds . . . . . . . .. ... ... ...
Distributions of AG;, AB; for networks before pruning (Z = 5.2) and after
pruning (Z = 3.5) of networks with different values of kgqpng. Distributions are
shown for kgpng = 1074 (blue), 1072 (green), 10° (red). Distributions for unpruned
networks are shown with dashed lines, while those for pruned networks are shown
with solid lines. As kqpng decreases, the change in distributions becomes more
significant, corresponding to the greater change in v with pruning as seen in
Figure 8 of the main text. . . . . . . . . .. .. . o
Relative error of between node displacements as predicted by molecular dynamics
and linear regime calculations with uniaxial strain. Relative error is calculated
as 100 * |7p,q — Tlinl/|Tmdl- Red lines denote the medians of samples, box edges
denote the 25" and 75" percentile. . . . . . ...
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3.2

Stress-strain curve for unpruned (Z = 5.2) and pruned (Z = 3.0) networks. The
dashed green line shows an extrapolation of the pruned networks’ linear regime
behavior. Error bars are smaller than the size of the line. The unpruned network
stress behaves linearly with strain, as is expected from a network which employs
harmonic constraints. The pruned network, however, behaves sublinearly, as is
characteristic of a material undergoing complex rearrangements. . . . . . . . . .
Unpruned networks deformed by pulling along the vertical axis. The gray shaded
region shows the shape of the undeformed network. This network shows positive
v with respect to both deformations, since it is unpruned. . . . . . .. ... ..
Low AG) pruned network deformed by pulling along the vertical axis. The gray
shaded region shows the shape of the undeformed network. This network is
auxetic with respect to deformation normal to its top and bottom edge, but not
when pulled from its corners. . . . . . . ...
Low AGj; pruned network deformed by pulling along the vertical axis. The gray
shaded region shows the shape of the undeformed network. This network is
auxetic with respect to being pulled from its corners, but not deformation normal
to its top and bottom edge. . . . . . . ...
Low (AGs + AG)) pruned network deformed by pulling along the vertical axis.
The gray shaded region shows the shape of the undeformed network. This network
is isotropic, so it auxetic for all types of deformation. However v of this network
is higher than in anisotropic networks. . . . . . . . . ... ... ... ... ...
Poisson’s ratio of a single network pruned to Z = 3.87 by low AG pruning at
kang = 104, The value of Kang is then swept from 104 to 109 with both fixed
and free boundary conditions. . . . . . .. ... L
Poisson’s ratio vs. uniaxial strain of simulated 500 node periodic networks which
have been tiled in both dimensions and then made finite. Increased tiling de-
creases v, as edge effects are reduced. These edge effects are not present when
the periodic system is pruned. For systems of this size v rapidly converges to a
final value with tiling. . . . . . . .. ..o
Poisson’s ratio of networks pruned with fixed and free boundary conditions for 500
node networks. The boundary conditions do not significantly effect the resulting
values of v. . . L oL

Networks at three steps in the materials design process. In Panel (a), an unpruned
network with Z = 5.2 and v = 0.41. In Panel (b), the same network after low
AG; bonds have been pruned with v = —0.18, and in Panel (c), the same network
after optimization with v = —0.98. Values of v are averaged over 30 independent
networks. The color at the end and along the length of each bond represents
k%g Jkang kfomp / k;%mp , respectively. As can be appreciated, most values of
kicomp are increased while those of k:?ng are decreased. . . . . .. ... ... ...
Poisson’s ratio over the pruning and optimization process. Panel a shows v as the
network is pruned from Z = 5.2 to Z = 3.5. Pruned networks are then optimized
as shown in Panel b. The three data sets show v as (i) only bond strengths are
optimized, (ii) only node positions are optimized, and (iii) both bond strengths
and node positions are optimized. . . . . . . ... ..o
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Isotropic auxetic networks compressed in simulation and experiment. (a) Uncom-
pressed simulation of auxetic network predicted to show v = —0.5. (b) Simulated
network uniaxially strained to e, = 5% with outline of uncompressed network
shown in black. (¢) Uncompressed experimental realization of identical network.
(d) Compressed experimental network at e, = 5% with outline of uncompressed
network shown in black. (e) Overlay of experimental (red) and simulated (red)
networks at ¢, = 4%. (f) Bond-level contributions to B in network under uniform
compression. Contributions are normalized by the largest value of B;. . . . . . .
Normalized changes in minimal cycle areas, AAY of a single 500 node network
at the three stages of preparation: unpruned, pruned, and optimized. AAY was
measured after the networks were compressed by € = 0.01%. More negative values
of AA} contribute to lowering v. As quantified in Figure 3.5, networks with lower
values of v show more mechanically heterogeneous behavior. . . . . . . . .. ..
Distributions of minimal cycle deformations, AA; upon compression for un-
pruned, pruned, and optimized networks. Panel a shows the probability dis-
tribution of AAY. As networks are pruned and then optimized, the distributions
becomes increasingly sharp. Panel b, which shows P(AA}) weighted by AA7,
demonstrates that for pruned and optimized networks, the low probability out-
liers of AAY are responsible for the majority of the material deformation. . . . .
Neural network predictions of v and sample distributions used to train network.
(a) Predictions of v for networks during pruning, and during optimization based
on positions as well as bond strengths and positions. Neural network are trained
only on angle probability distributions. (b) Predictions of v for networks using
node positions and bond coefficients during pruning and optimization using the
schemes in (a) as well as optimizing only bond coefficients. Neural networks are
trained on bond coefficient and angle probability distributions. (c) Probability
distributions of angles between adjacent bonds at nodes. (d) Probability distri-
bution of compressive and angular coefficients for optimized networks. . . . . . .

Diagram of liquid-cooled sample formed with t.,,; = 1.4 x 10174. Type A and
B atoms are shown in white and black, respectively, while substrate atoms are
shown in blue. This film has an inherent structural energy, Erg, of —3.90. The
background coloring in the left and right panels represents values of bond order
parameters g5 and gg as discussed in the Structural features section. Substrate
atoms are held tightly in place once equilibrated using harmonic springs. Atoms
are kept inside the simulation box using a harmonic repulsive wall as described
in Methods. . . . . . . . . . e
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Number density and composition for liquid-cooled and vapor deposited films
formed under several conditions. Data for liquid-cooled films are shown in Panel
(a) while data for vapor deposited films are shown in Panel (b). The dotted,
dashed, and solid lines represent films formed with t = 1.4 x 10(123) at film
temperatures of (0.75, 0.85, 0.85) T,. From top to bottom in each figure, p is
offset by (0.4, 0.2, 0.0) and x 4 is offset by (0.2, 0.1, 0.0). In (a), t refers to t.,
and T refers to the film’s current temperature in the course of cooling. In (b),
t refers to tge, and T refers to substrate temperature. Only atoms in the bulk
region shown are used in calculations unless otherwise specified. We define the
bulk region to be several 044 away from where bulk composition and density
properties are reached to ensure that edge effects are not present in the data.
Error bars represent 95% confidence intervals. . . . . . . . ... ... ... ...
Inherent structure energy of PVD and liquid-cooled films along with predicted
liquid-cooling rates required to form films with energy equal to that of PVD films.
(a) Inherent structure energy of PVD and liquid-cooled films vs. temperature.
Dashed lines represent liquid-cooled data while solid lines represent PVD data.
For liquid-cooled samples, the film’s temperature refers to the temperature at
which Ejg was calculated during its linear cooling. For PVD films, temperature
refers to the substrate temperature with which the film was formed. Legend
values refer to t.,, or tge, for a given data set, in units of 7, (calculated at
T = 1.10T} as shown in Figure 4.13). The ideal substrate temperature decreases
as tgep increases for PVD films as described in Table 4.1. Error bars represent 95
% confidence intervals. (b) Inherent structure energies of liquid-cooled films at
T = 0.25Ty vs t.p with power law fit from Equation 4.1. Colors of the points
correspond to the liquid cooling or deposition rate of that the color represents
in panel (a). If a point is grey, that particular cooling rate is not shown in
panel (a). 95% confidence intervals are shown. The X’s represent predicted ¢,
values necessary to form liquid-cooled films with energy equal to PVD films, as
calculated using Equation 4.1. PVD film energies in panel (b) correspond to that
of the substrate temperature that yields optimal stability for each tgep. . . . . .
Potential energy versus temperature for PVD and liquid-cooled films on heating.
Fictive temperatures, Ty, are calculated for three types of films: Shown in red and
blue are films formed by liquid cooling at our smallest and largest cooling time,
respectively. Shown in green are films formed by vapor deposition at our largest
deposition time. The fictive temperatue is calculated to be the temperature
where the extrapolated liquid line (dashed black) meets the extrapolated glass
lines (dashed red, blue, green). Films are heated from below T, at a constant
rate of 2 x 1070 in reduced units. We calculate fictive temperatures of 1.05 Ty
and 0.94 T for the liquid cool films, and 0.89 T for the PVD films. . . . . ..
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Mobility of atoms in both 2D and 3D PVD films. We measure (Ar?) with respect
to distance from film surface calculated over 7, op time units for 2D and 3D films.
Both films were formed with ¢4, = 1.4 x 10t Ta,2D> Which gives nearly equal film
growth rates. The films are held at 7" = 0.75 Ty. Comparing 2D to 3D, the surface
region is 70% more mobile and nearly twice as thick in 2D. The surface region
is defined using the distance from surface where linear interpolations of the bulk
region and the more steeply sloped surface region meet. Error bars represent the
standard error from 20 2D and 3D films. . . . . .. ...
Strings of high-energy particles resulting from the impact of a vapor atom during
the PVD process. The four panels, (a), (b), (c¢), and (d), show independent
examples of energy transfer along strings of particles after a vapor particle impacts
the surface of the film. The kinetic energy of each particle is normalized by kgTy.
Prior to impact, the films were equilibrated at 7' = 0.57,. As energy travels
through the string, it is localized to only one or two atoms at a time. For clarity,
atoms involved in a string are shown with their maximum kinetic energy over the
lifetime of the string. The particle that impacted the surface is colored red or
green, depending on whether it is of type A or B, respectively. Particles already
in the film are colored white or black for type A or B, respectively. . . . .. ..
Temperature profiles resulting from continuum and molecular dynamics heat
transfer when vapor particle impacts on the surface of a film. The temper-
ature profile of molecular dynamics simulations shown in Figure 4.6 is shown
2.6 x 10~ 7, after the impact of a vapor atom, as compared to temperature pro-
file from similar continuum simulation. The continuum simulation is initialized
with a high temperature at its surface to match heat added by vapor atoms’ im-
pact. Molecular dynamics simulations which show long strings are used to show
the process’s effect on thermal transport. The molecular dynamics temperature
profile is taken from a narrow slice of the film around the four strings shown in
Figures 4.6, such that the temperature increase can be easily resolved. . . . . .
Contour maps of g5 and gg for liquid-cooled and PVD films both with F;qg =
—3.95. Panel (a) shows liquid-cooled film formed with t,,,; = 1.4 X 10° 7, at
T = 0.25T,. Panel (b) shows vapor deposited film formed with t 4, = 1.4 x 103 74
and Ts = 0.75Ty. These films are of equal inherent structural energy, allowing for
direct comparison of the structures. The ordering within these two films shows
no systemic differences, suggesting that isotropic PVD glasses are equilvalent to
those formed by liquid cooling when the films are of equal inherent structure
ETETEY. o o e e e e e e e e e
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4.13

4.14

Degree of g5 and gg order in PVD and liquid-cooled films. Dashed lines represent
data from liquid-cooled films, while solid lines represent data from PVD films.
Panel (a) shows data for the gg order parameter while Panel (b) shows data for
the g5 order parameter. The colors correspond to the same rates as in Figure 4.3,
where blue is t = 1.4 x 10° 7, orange is t = 1.4 x 109 7, and colors in between
are separated by one order of magnitude in cooling rate. Dy increases with film
stability while Dg decreases. These data show the same trends as the inherent
structure energy shown in Figure 4.3, suggesting that these metrics provide a
quantitative link between structure and stability in these glassy films. Dg is
calculated using all particles in the bulk, while Ds is calculated using only type
B particles in the bulk, as pentagonal structures form almost exclusively around
these atoms. Error bars represent the standard error; they are only shown for
liquid-cooled samples when the error is non-negligible. . . . . . . . . ... ...
Degree of g5 and qg ordering for vapor deposited and liquid-cooled films versus
inherent structural energy. Solid circles represent vapor deposited data while open
circles represent liquid-cooled data. Data for liquid cooling is taken from runs with
tpo; Tanging from 1.4 x 10! 7, and 1.4 x 106 7, while data for vapor deposition
is taken from runs with ¢4, ranging from 1.4 x 109 7 to 1.4 x 10* 7,. Only data
from films with 17" < 0.5T are used. g5 and gg show an inverse relationship with
g5 increasing with film stability and ¢g decreasing. The ¢; values of films with
equal energy appear substantially equivalent regardless of film formation style,
considering that compositions of the two types of films are not identical.

A sample vapor deposited configuration generated using ¢4, = 1.4 x 1047, Wlth
Ts = 0.67T,. This film represents one of our most stable configurations. Type A
particles are shown in red while type B particles are shown in green. . . . . ..
A sample liquid cooled configuration generated using t,,,; = 1.4 x 1017, taken at
T = 0.25Ty. This film is among our less stable configurations. Type A particles
are shown in red while type B particles are shown in green. . . . . . . ... ..
Self-intermediate scattering function for 2D films at T' = 1.17T; and T' = 1.257},
calculated with ¢ = 5.8, as determined from the static structure factor. 7, is taken
to be where the value of the self-intermediate scattering function decays to 1/e.
We normalize all simulation times by 7 taken at T'= 1.1T,, 370 Lennard-Jones
time units. . . . . ...
Transformation times of PVD and liquid-cooled films measured at T = 1.17,.
Transformation times are normalized by 7, measured at T' = 1.17,. The charac-
teristic formation time of the films, ¢y, refers to ¢4, for PVD films and .,
for liquid-cooled films. Error bars represent standard deviations of transformation
TImes. . . . .
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4.19

4.20

Potential energy vs. time for films which have been quickly heated to 1.17j.
Energies are used to calculate film transformation times shown in Figure 4.14.
Dashed lines represent liquid cooled data while solid lines represent vapor de-
posited data. Legend values refer to t.,, or tge, for a given data set, in units of
Ta (calculated at T' = 1.107}). The transformation time is defined to be when the
film has moved 90% of the way from its initial energy to its equilibrium energy.
This is a two stage melting process. In the first stage, which we observe here, lo-
cally ordered structures melt. In the second, film composition will re-equilibrate
given the new temperature. As described in the main text, the composition of
these films is not uniform, and can depend on formation method and rate. Thus
energies after the first stage of melting are not all precisely equal. . . . . . . ..
Inherent structural energies for liquid cooled, NVE deposited, and NVT deposited
films for 3D glass films. We find that NVE deposition is at least as efficient as
NVT in 3D as well. We use the standard 3D Kob-Andersen model, with y = 0.8,
and deposit at several rates and substrate temperatures. Figure XX shows that
NVE energies are at least as low as in NVT Dashed lines represent liquid cooled
films, solid lines represent PVD films formed with NVE deposition, which dotted
lines represent PVD films formed with NVT deposition. The data shows that
both NVE and NVT deposition produce highly stable films. The data also shows
that NVE deposition is at least as effective as NVT, making it a preferable method
as it is more physically realistic. Error bars represent standard error. The cooling
or deposition rate is represented by ~, which is in Lennard-Jones units. . . . . .
Mobility data for 3D PVD films formed at several deposition rates with Ty =
0.87y. Films formed with slower deposition rates are more stable and show
slightly lower mobilities. The deposition rate is labeled as 74,,. Note that the

films formed with 74, = 2.0 x 10~° are thinner than others, thus the data does
not extend as far from the surface. . . . . . . .. ...
Mobility data for 2D and 3D PVD films equilibrated at several temperatures, all
formed using NVE deposition at ¢ 4., = 1.4 X 1017, which corresponds to roughly
the same growth rate for both types of films when growth rates are normalized by
Ta- Dashed lines represent 3D films, while solid represent 2D films. The fraction
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ABSTRACT

In recent decades, simulation has become an indispensable element of materials design. The
simulation of disordered materials presents unique challenges due to the large configuration
space available and pathway dependence of material properties. In this dissertation, a wide
variety of complex disordered materials are studied and designed. To begin, we explore
disordered metamaterials, and create design rules for these materials to be tuned to show a
negative Poisson’s ratio. Such materials show promise in areas such as impact mitigation,
filtration and as structural elements. These materials are anisotropic, however, meaning
that their properties depend on the direction in which they are strained. We address this
and other issues by introducing new optimization schemes which yield isotropic materials
with Poisson’s ratios approaching the lower mechanical limit. These optimized materials
also show enhanced resistance to shear. We then transition to a study of highly stable
glasses formed by a process of physical vapor deposition. Under particular conditions, phys-
ical vapor deposition of glass-forming molecules allows for films to be formed which are as
stable as liquid-cooled glass films which have been aged for many years. However, a clear
structural understanding of how these highly stable vapor-deposited glasses relate to their
liquid-cooled counterparts is lacking. Here, we use a model glass-forming system to explore
this problem. We then address two challenging topics in the area of organic photovoltaics:
solution processing and solid-state film analysis. We introduce novel techniques to determine
solubility in organic photovoltaic polymers, a necessary prerequisite for solution processing.
The techniques allow for polymers to be rapidly designed and screened for solubility, and
provides physical understanding of the origins of their solubility. Turning to solid-state film
analysis, we introduce techniques to investigate interfacial properties of the ubiquitous bulk
heterojunction, as well as microphase purity. Finally, we introduce a GPU-based molecular
dynamics engine, DASH, which provides high performance and several new features within

a flexible Python framework.
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CHAPTER 1
INTRODUCTION

In Chapter 2 we investigate methods by which one can design materials with unusual
mechanical properties such as a negative Poisson’s ratio. Recent theoretical work suggests
that systematic pruning of disordered networks consisting of nodes connected by springs
can lead to materials that exhibit a host of unusual mechanical properties. In particular,
global properties such as the Poisson’s ratio or local responses related to deformation can
be precisely altered. Tunable mechanical responses would be useful in areas ranging from
impact mitigation to robotics and, more generally, for creation of metamaterials with en-
gineered properties. However, experimental attempts to create auxetic materials based on
pruning-based theoretical ideas have not been successful. Here we introduce a new and more
realistic model of the networks, which incorporates angle-bending forces and the appropriate
experimental boundary conditions. A sequential pruning strategy of select bonds in this
model is then devised and implemented that enables engineering of specific mechanical be-
haviors upon deformation, both in the linear and non-linear regimes. In particular, it is
shown that the Poisson’s ratio can be tuned to arbitrary values. The model and concepts
discussed here are validated by preparing physical realizations of the networks designed in
this manner, which are produced by laser cutting two-dimensional sheets and are found to
behave as predicted. Furthermore, by relying on optimization algorithms, we exploit the
networks’ susceptibility to tuning to design networks that posses a distribution of stiffer and
more compliant bonds, and whose auxetic behavior is even greater than that of homogeneous
networks. Taken together, the findings reported here serve to establish that pruned networks

represent a promising platform for the creation of novel mechanical metamaterials.

While the materials developed in Chapter 2 are auxetic, they are also anisotropic, meaning
that they show a negative Poisson’s ratio when subject to deformations in certain directions,

but not others. This property is in general not desirable. In Chapter 3, we build upon the
1



work in Chapter 2, designing materials which are not only more auxetic, but isotropic as
well. In this work, we design in-silico isotropic auxetic structures derived from disordered
networks which show Poisson’s ratios as low as —0.98, are isotropic, and show a significantly
enhanced shear modulus. The designed materials are successfully fabricated in experiment.
The techniques demonstrated can be generalized to three dimensions. Using artificial neu-
ral networks, we identify unique structural features of these materials, shedding light on
the complex structures which lead to auxetic behavior. This work provides theoretical and
experimental design strategies for creating a new class of highly auxetic isotropic metama-

terials.

In Chapter 4, we transition to a study of highly stable glass films. Glass films prepared by
a process of physical vapor deposition have been shown to have thermodynamic and kinetic
stability comparable to those of ordinary glasses aged for thousands of years. A central
question in the study of vapor-deposited glasses, particularly in light of new knowledge
regarding anisotropy in these materials, is whether the ultra-stable glassy films formed by
vapor deposition are ever equivalent to those obtained by liquid cooling. We present a
computational study of vapor deposition for a two-dimensional glass forming liquid using
a methodology which closely mimics experiment. We find that for the model considered
here, structures that arise in vapor-deposited materials are statistically identical to those
observed in ordinary glasses, provided the two are compared at the same inherent structure
energy. We also find that newly deposited hot molecules produce cascades of hot particles

that propagate far into the film, possibly influencing the relaxation of the material.

In Chapter 5, we introduce a method for screening complex conjugated polymers for sol-
ubility. In organic semiconductors, solution-phase polymer structure and aggregation has
a strong influence on device morphology and performance. Thus, understanding solubility
of relevant polymers is crucial to the rational design new organic semiconductor materials

and devices. Using a combination of atomistic molecular dynamics and free energy sampling
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algorithms, we examine the aggregation behavior and solubility of the polymer PTB7, and
study how polymer architecture can be modified to control aggregation. We demonstrate
that free energy sampling can be used to effectively screen polymer solubility in a variety of
solvents, but solubility parameters are not predictive. We then study the aggregation of sev-
eral variants of PTB7 oligomers including those with linear (octyl), branched (2-ethylhexyl),
and cleaved (methyl) side-chains, in a selection of explicit solvents and additives. Energetic
analysis of these aggregates demonstrates that while sidechains do disrupt polymer backbone

stacking, solvent exclusion is a critical factor controlling polymer solubility.

In Chapter 6, we develop NMR~informed simulation techniques for investigating organic
electronics thin-film morphology. In organic electronics, robust relationships are needed
between processing and structure. The development of such relationships is hindered by
a dearth of materials characterization techniques which can study the structure of such
materials at the molecular level. In this work, we introduce a technique which combines
rotational-echo double-resonance NMR measurements with molecular simulation to develop
a molecular-level understanding of organic electronic interfacial and microphase structure.
The technique yields a one-to-one mapping between experimental measurements and simu-
lated structures for metrics studied here. Using this technique, we examine the interfacial
structure of the P3HT/PC61BM bulk heterojunction. In addition, we determine the free
energy of phase separation of the P3HT/PC61BM blend, providing a powerful vehicle for
understanding where devices lie in the thermodynamic landscape. Taken together, the tech-
niques introduced here provide valuable tools for understanding complex microstructures,

and can be applied to any material which can include atoms with a non-zero nuclear spin.

In Chapter 7, we introduce molecular simulation package which has proven instrumental in
doing much of the previously described work. In recent years, a variety of particle simulation
software packages have been developed, which are capable of simulating a wide range of

atomistic and coarse-grained systems. With the advent of powerful graphics processing
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units (GPUs), such software has been augmented to take advantage of this new hardware,
leading to great acceleration of simulations. Here, we introduce DASH, a high-performance
GPU-implemented molecular dynamics engine. DASH introduces several novel features,
including efficient coupling to the free energy sampling package SSAGES, a highly efficient
implementation of ring polymer molecular dynamics (RPMD) for capturing quantum nuclear
effects, and a scheme for efficient and flexible runtime processing of data. The standard and
unique feature sets of DASH combine to provide a valuable tool for scientific computational

research.



CHAPTER 2
AUXETIC METAMATERIALS FROM DISORDERED
NETWORKS

2.1 Introduction

When one stretches a material along one axis, intuition suggests that the material will con-
tract in the orthogonal lateral directions. For most natural and synthetic materials, this
intuition is confirmed by experiment. This behavior is quantified by the Poisson’s ratio,
v, which for a deformed material is defined as the negative ratio of the material’s lateral
strain to its axial strain. In linear elastic theory for an isotropic sample, the Poisson’s
ratio is a monotonic function of the ratio of the material’s shear modulus, G, to its bulk
modulus, B. In two dimensions v — 1 as G/B — 0. In this limit, the material is ‘in-
compressible’, meaning that its volume does not change during this axial compression. In
the limit G/B — oo, v — —1. In the range where v is negative, materials become wider
as they are stretched, and thinner as they are compressed. Such materials, termed ‘auxet-
ics’, show promise in applications that require structural elements|2, 3, 4], impact absorbers
[5, 6], filters[7, 8], fabrics[9, 10], or other, tailor-made mechanical responses. Many auxetic
materials are metamaterials, or materials constructed from building blocks with designed

functionality. Metameterials represent a growing area of research in soft matter physics [11].

Auxetic materials have been formed through a variety of preparation protocols. Under
special processing conditions, polymer foams and fibers, for example, can exhibit negative
Poisson’s ratios[12, 13, 14, 15, 5]. Auxetic foams, in particular, can be formed through a
process of heating and sintering fine particles of ultra-high molecular weight polyethylene
[12, 16], leading to structures of nodes connected by thin fibrils which collapse isotropically
when compressed. Such structures are termed “re-entrant”, and are a common motif in

auxetic materials [12, 17]. When compressed uniaxially, these nodes and fibrils undergo
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complex rearrangements that give rise to their auxetic behavior. As materials approach
the lower limit of the Poisson’s ratio, their hardness, or resistance to a small indentation,
is predicted to increase rapidly[18]. This prediction is confirmed in the case of ultra-high
molecular weight polyethylene, where the hardness of the auxetic material far exceeds that

of a non-auxetic but otherwise equivalent foam [5].

The node and fibril structures common in auxetic polymer foams can be thought of as
networks consisting of nodes connected by bonds. A central, common feature of past efforts
to design auxetic materials in both theory and experiment, however, has been a reliance on
regular, ordered lattices. Such lattices include the double arrowhead structure[19, 9], star
honeycomb structures [20], re-entrant honeycombs[21, 22], and others[23]. Building on recent

theoretical arguments[1, 24, 25|, in this work we focus on disordered, random networks.

In the linear regime, the bulk modulus, B, or the shear modulus, G, of a network are
proportional to the sum of the potential energies that are stored in each bond when the
network is compressed or sheared. The decrease in B or G when the it bond is removed
is denoted AB; or AG;, respectively. In a simple crystalline network, every bond responds
in nearly the same manner to a global deformation. In contrast, in amorphous networks the
response of individual bonds to a global deformation can span many orders of magnitude
1, 25].

Furthermore, there is little correlation between the value of AB; and AG; of a bond, i [25].
This suggests that, by selective removal or “pruning” of bonds with large or small values
of AG; or AB;, the ratio G/B can be manipulated to reach a desired value; this would
lead to disordered, “amorphous” materials with intriguing mechanical properties. Recent
work has shown that similar pruning strategies could be used to design allosteric behavior
into a network (where a deformation at a local source can produce a desired response at a
distant target site). This behavior was demonstrated in experiments [26]. Creating auxetic

materials, however, is more challenging and success in creating experimental prototypes has
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been elusive. More specifically, simple models were used to design pruned networks with
negative Poisson’s ratio but, when prepared in the laboratory, they failed to exhibit auxetic
behavior. This state of affairs has led to the question of whether pruning based approaches
for design of auxetic materials are fundamentally flawed, or whether it is indeed possible to

engineer truly auxetic laboratory materials by relying on more sophisticated models.

Here we address that question by introducing a mechanical model of disordered networks
that incorporates the effects of angle-bending in a novel way. The model is minimally
complex, and it is parameterized by comparison to experimental data for simple, random
disordered networks. By adopting a pruning strategy that identifies and removes select
bonds from these networks, it is shown that it is possible to reach Poisson’s ratios as low as
v = —0.8. The two-dimensional pruned networks designed in this manner are then prepared
in the laboratory from rubber sheets that have been laser-cut according to the simulated
models. They are found to behave as predicted. Structural analysis shows that highly
auxetic networks are marked by an abundance of concave polygons. When networks are
compressed uniaxially, these concave polygons shrink in all dimensions. Collectively, the
local deformations of these concave polygons yield global auxetic behavior. These structures
also give rise to a sub-linear stress-strain behavior, which is an important characteristic
of impact-mitigating materials. We also investigate the effect of angle-bending stiffness,
a parameter which plays a dominant role in ensuring agreement between simulation and
experiment. This parameter also dramatically affects a materials’ ability to be made auxetic,
both in simulation and experiment. Networks comprised of bonds with angle-bending forces
that are orders of magnitude weaker than those relevant to our experimental realizations
can easily be tuned to show v = —1, while networks with much stiffer angle-bending forces
cannot be tuned at all. Such changes are explained by the distributions and correlations of
AG; and AB;. We conclude our discussion by designing highly auxetic materials through

a materials optimization strategy. Specifically, by selectively manipulating the mechanical



characteristics of a few select bonds, it is shown that value of the Poisson’s ratio can be
further reduced from v = —0.8 to —0.9. The improved networks designed in this manner

can then be successfully produced in the laboratory.

2.2 Models

2.2.1 Sitmulation Model

In order to have well-defined starting configurations, we base our networks on jammed pack-
ings of frictionless spheres at zero temperature[27]. We note however that the results are
not necessarily confined to this choice of starting conditions. Spherical particles are initially
placed at random positions within the simulation area. Particles ¢ and j experience harmonic

repulsions:

Vi) = 50~ Tij y2¢g (1 - @> (2.1)

0 0jj
where r;; is the center-to-center distance, o;; is the sum of the radii of particles i and
j, and ©(z) is the Heaviside step function. € = 1 sets the energy scale. The energy is
minimized to produce zero-temperature, mechanically stable configurations. Particles are
randomly assigned one of four evenly spaced radii (namely 0.6, 0.74, 0.87 and 1.0), leading
to an amorphous packing when compressed isotropically. In all calculations, the contacts
of particles which are in contact with fewer than three adjacent particles are not counted
towards the total Z, as these would not contribute to the modulus of a jammed system.

Such particles are removed before bonds are formed.

Two particles are considered to be in contact when r;; < ;5. The average number of
contacts or bonds per particle, Z, plays a central role in a host of network characteristics
27, 28, 29]. To set the value of Z, we create harmonic repulsive walls at the simulation box

edges, whose positions are adjusted and the configuration relaxed until the required number

8



Figure 2.1: Schematic describing how angular restraints are applied for the node shown in
red. A director, shown in grey, is attached to each node with a harmonic bond potential.
Harmonic angles potentials are added between each pair of bonded nodes and the director,
as indicated by the angles 6, ;. The director is positioned such that 6, ; are as far from
0° and 180° as possible. This scheme is applied at each node.

of particle contacts is achieved. Unstretched bonds of length r?j are then placed between

the centers of pairs of contacting particles ¢ and 7 and the soft-sphere potential is removed.

The energy due to bond compression is thus:

1
Velrig) = o (rij — )7 (2.2)

ij

In order to include angle-bending constraints, we introduce a unit vector, §;, at each node

1 of the network, as shown in Figure 2.1. A bond connecting nodes ¢ and j, makes an angle
0;iz, with the vector 5;. When the system is relaxed, this angle adopts its equilibrium value,

9?”51 The energy cost to change an angle is quadratic:
Vy(0r5c) = ~an9 (g 69..)? 2.3
b(0i)5;) = T( iz, — U3iz,) (2.3)
where kqpng sets the energy scale for the angle-bending potential. During energy minimiza-
tion, to obtain the ground state where the system is in mechanical equilibrium, the direction

of s on each site is allowed to vary in order to minimize the total angular energy of a node.

The coefficient kqpg is determined by comparing the response of model networks to those
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Figure 2.2: Examples of typical 500-node networks before and after pruning with Zy =
4.0,5.2,5.9. The top row shows unpruned networks, while the bottom row shows networks
which have been pruned to Z = 3.0. Unpruned networks show decreasing v as Z( increases
while pruned networks show a minimum v at Zy = 5.2. This minimum v at Zy = 5.2
corresponds to a high fraction of re-entrant nodes which can collapse inwards as the system
is compressed.

prepared in experiments and depends on the material and shape of the bonds, as described

in Methods.

The total energy of a network under stress is the sum of two terms: a compressive compo-
nent given by Eq. 2.2 and a bending component, given by Eq. 2.3. Note that the compressive
strength is scaled by 1/ r% as would occur in a physical mechanical strut of constant thickness.

Figure 2.2 shows representative realizations of two-dimensional disordered networks con-

sisting of nodes connected by bonds, before and after pruning.

In two dimensions, there are two independent shear moduli - one associated with simple
shear and one with pure shear. The modulus associated with simple shear influences the

value of v that is measured when the material is deformed by pulling or pushing from opposite

10



corners. The modulus associated with pure shear relates to the value of ¥ measured when
the material is uniaxially compressed or expanded in x or y, as shown in Appendix. In this
study we focus primarily on algorithms that only influence the modulus associated with pure
shear since this can be more easily measured in our experiments. However we also show that
isotropic auxetic networks can be created using similar algorithms as discussed in detail in
Appendix. Such materials are auxetic with respect to any uniaxial deformation. G and B

are measured as described in Methods.

2.3 Results

2.3.1 Bond Response Distributions

In an amorphous network the distributions of AB; and AG;, P(AB;) and P(AG;) can span
many orders of magnitude. That is, when some bonds are removed, G or B may decrease
significantly, while when others are removed, there may only be a negligible decrease. Our
pruning procedure targets bonds that contribute little to the shear modulus but contributing
strongly to the bulk modulus. It is therefore important that P(AB;) and P(AG;) be broad
and extend to small values [1, 25].

A second crucial condition for successful pruning is that AB; and AG; be uncorrelated.
Based on these two features, one can selectively remove bonds from a disordered network in

order to drive B, GG, and thus v, to a desired target value [1, 24].

Panels a) and b) of Fig. 2.3 show the probability distributions P(AB;) and P(AG;)
for unpruned networks. Results are shown for networks with Zy (Z of the network before
pruning) between 4.0 and 5.9, with kgpg = 0.01. The value of kqpng is set as the value which
best reproduces the deformation observed in experiment, as described in Methods. As Z

increases, both P(AB;) and P(AG;) become narrower. This suggests that networks with
11



lower coordination numbers are more amenable to pruning. A peak in P(AB;) becomes

apparent for Zy = 5.9.

In order to facilitate effective pruning, bond response distributions must not only be broad,
but uncorrelated. Panel (c¢) of Fig. 2.3 shows the Pearson correlation coefficient for AG; and
AB; across a range of Z values. While distributions are significantly uncorrelated between
Zy = 4.0 and 5.2, the level of correlation increases thereafter. As we will see, networks

pruned from Zj = 5.2 lead to the lowest value of v.

2.3.2  Pruning

For the iterative pruning strategy adopted here, at each iteration the lowest AG; bond is
removed. Given the low correlation between AG; and AB;, pruning the lowest AG; bonds
tends to increase G /B and decrease v. At each iteration, AG for a bond is measured by per-
forming a trial removal of that bond, and by measuring the resulting shear modulus, thereby
resulting in ny,,q measurements of . Each measurement of G requires on the order of sec-
onds or minutes of CPU time, depending on network size - creating a large auxetic network
can therefore be computationally demanding. The calculation of AG; can be parallelized
with one core per AG; measurement. We use the parallel workflow management software
Swift/T to parallelize this process across several hundred CPU cores, thereby accelerating

network creation [30].

Fig. 2.4 shows Poisson’s ratios, v, for networks having different values of Zjy. Each data
set represents an average of 50 independent pruned networks of 500 nodes each.

The Poisson’s ratio is determined by introducing a small strain of magnitude e, = 1x 10~4

in the y dimension of the network, allowing the system to relax to an average force tolerance

of 1 x 10713, and then measuring the resulting lateral deformation. Note that while simple

bead-spring networks (those ignoring angle bending) lose rigidity below Z = 4, the angular
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Figure 2.3: Probability distributions and correlations of AG; and A B; for unpruned 500-node
networks with different Zy. Panel (a) shows probability distributions of AG;, while Panel
(b) shows those for AB;. Strains for both deformations are e = 1 x 1074, Data sets as (Z,
color) are (4.0, blue), (4.8, green), (5.2, red), and (5.9, cyan). Each data set is taken from 100
independent 500 node networks. The bond bending strength is kqng = 0.01, a value which
is experimentally realizable. As the coordination number increases, distributions narrow
significantly, reducing networks’ propensity to be pruned. Panel (c) shows the correlation
between AG; and AB; for networks over a range of initial Z values. Standard deviation of
r values across 100 independent configurations are shown.
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Figure 2.4: Poisson’s ratios resulting from pruning 500-node networks with different values
of Zy shown in (a) with resulting structural and mechanical properties shown in (b). Data
are taken from 50 independent 500 node networks. In (a), ninety-five percent confidence
intervals are shown. To prune, we remove the lowest AG bond at each iteration. Networks
are pruned until Z = 2.8, at which point they become so sparse that v fluctuates wildly with
further pruning. In (b), the blue data set shows the Poisson’s ratio reached at Z = 3.0 with
respect to Zp, with 95% confidence intervals shown. A minimum v is observed at Zj = 5.2.
Plotted in red is the fraction of nodes which are classified as re-entrant. The data shows
that the most auxetic networks show the greatest degree of re-entrant behavior, suggesting
a structural origin to v.

restraints in the model introduced here lead to rigid networks to a much lower values of Z .

As discussed below, €, = 1 x 10~% is well within the linear regime.

Several interesting features are apparent in the pruning progression shown in Fig. 2.4.
First, even before there is any pruning, the Poisson’s ratio of the networks decreases from 0.51
at Zg = 4.0 to 0.21 at Zy = 5.9, revealing a wide variation of Av = 0.3. A decrease in v with
increasing coordination has been observed previously in network systems[31]. Second, the
initial slope of the Poisson’s ratio curve as a function of pruning decreases from dv/dZ = 0.47

to 0.14 between Zy = 4.0 and Zy = 5.9 (as calculated by the average slope over the first
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Figure 2.5: Bulk and shear moduli of networks as low AG bonds are pruned. Initially, the
bulk moduli decrease while the shear moduli remain constant, resulting in the increasing
magnitude of the slope of v observed in Fig. 2.4. After significant pruning, G' begins to
decrease. Near Z = 3.0, G/B plateaus and v reaches its minimum.

AZ = 0.1 pruning). The smaller value of dv/dZ at higher Z is consistent with the narrower
distribution functions and higher correlations observed, as shown in Fig. 2.3. However, a
higher 7y also implies that there are simply more bonds available for pruning. These factors
conspire to produce the lowest pruned networks when Zy = 5.2 . This also corresponds to
the highest Zj before the correlation of AG; and AB; begins to increase, as seen in Fig.

2.3c. Networks with Zy = 5.2 show a minimum average of v = —0.62. The lowest v value

achieved for an individual network, however, is v = —0.79.

To explore further how v changes with pruning, we examine G and B of networks as
they are pruned, as shown in Fig. 2.5. In two dimensions, linear elastic theory states
v=(1-G/B)/(1+ G/B). By pruning the lowest AG bonds, our aim is to maintain a
high value of G while reducing B. During pruning, initially B drops and G remains nearly
constant, resulting in the steepening slope of v seen in Fig. 2.4. At some value of Z along
the pruning process, G' begins to decrease more rapidly, and the slope of v decreases in
magnitude until v reaches its minimum. This accelerated decrease of G can be attributed to

the fact that few low AG; bonds remain once pruning has progressed sufficiently.
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2.3.8  Structural features

Fully pruned networks (Z = 3.0) show a range of v values that depends on their correspond-
ing Zy, suggesting that there exist underlying structural differences between these pruned
networks. Fig. 2.2 shows representative networks with Zy = 4.0,5.2,5.9 before and after
pruning to Z = 3.0. One can appreciate that these structures are in fact quite different from
each other, despite having similar numbers of nodes and bonds. To quantify these structural
differences, we calculate the percent of nodes which are “re-entrant” in pruned networks, as
shown in Panel (b) of Fig. 2.4. Here, a re-entrant node is defined as one having an angle
between adjacent bonds that is greater than 180°. As can be seen in Fig. 2.2, re-entrant
nodes manifest as concave angles in polygons within the network. Such polygons tend to
collapse inwards at re-entrant nodes when compressed. A sufficient number of such poly-
gons could lead to globally auxetic behavior. As can be seen in Fig. 2.4 (b), more auxetic
networks exhibit a higher percentage of re-entrant nodes. This structural motif therefore
provides a basis for design of amorphous or otherwise disordered networks that are auxetic
and isotropic. In this calculation we did not classify nodes with only two bonds as re-entrant,

though we arrive at qualitatively the same conclusions if they are included.

2.3.4 FExperimental validation

Experimental pruned networks are made out of laser-cut sheets of rubber[26] as described in
Methods. The strength of bond bending, kgpng in simulation, is modified by controlling the
thickness of the bonds at the point where they attach to the nodes as well as their aspect
ratio as seen in the inset to Fig. 2.6. We focus on the bond shape shown in that figure.
The deformation of such networks can be described quantitatively by our model with the
value kgng = 9 X 1073, which we use for all networks comprised of bonds of this shape.
We uniaxially compress three independent networks with Zy = 5.2 pruned to Z = 3.0 and
measure v in both simulation and experiment as shown in Fig. 2.6. At low strains, networks

are strongly auxetic, however v increases monotonically with increasing strain.
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Figure 2.6: Poisson’s ratios from simulation and experiment for pruned and unpruned net-
works. Shown in green and red is v with uniaxial strain from three different networks pruned
to Z = 3.0 from Zy = 5.2. The solid lines represent the average v for the three configura-
tions and the shaded areas represent standard deviations. The dashed blue line shows v for
unpruned networks in simulation at low strain. A value of kgng =9 X 1073 in simulation is
fit to match this experimental bond shape, shown in the Figure. This kqng fits well for all
networks which use this bond shape. A section of an experimental network is shown as an
example of the individual bond shape used.

We now examine the response of a particular network formed with kgpg = 9 x 10~3. Panel
(a) of Fig. 2.7 shows a network compressed with €, = 0.09. The shape of the uncompressed
network is shown in gray, serving to demonstrate its auxetic response. Panel (b) directly
compares experimental and simulated configurations at e, = 2%. The experimental config-
uration is shown in red, and the simulated configuration is shown in blue. At this strain,
experiment and simulation are in good agreement. Note that the network pictured in Panel b
is isotropic, and will be auxetic with respect to any strain. Using pruning methods discussed
in the Appendix, we achieve v = —0.25 for this network. For higher strains, our simulations
are no longer able to accurately predict node positions, as they do not describe the behavior

of physical bonds and nodes when they collide. However, Despite this shortcoming, the

trends of v with €, are captured well by our model, as shown in Fig. 2.6.
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Figure 2.7: A compressed 500-node experimental network with comparison to simulation.
Panel (a) shows a compressed experimental network at a strain of €, = 9%. The gray shaded
region indicates the shape of the uncompressed network, and the green outline represents the
shape at €, = 5%. Panel (b) compares an experimental configuration with that predicted
from simulation at e, = 2%. Note that this network is isotropic and will be auxetic with
respect to any uniaxial strain, which is distinct from the other networks in this work. It shows
v = —0.25 for deformations up to e, = 4%. In red is shown a rendering of the experimental
configuration and in blue is shown the simulated configuration at the same strain.
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Figure 2.8: Poisson’s ratios resulting from pruning 500 node networks with Zy = 5.2 and kqng
values which range from 10~% to 109, With larger kqng, pruning becomes less effective due
to narrower ranges of AG; and AB; and increased correlations between the two quantities.
In the lower limit, v approaches —1.0 as predicted in previous work[1].

2.8.5 Angle bending stiffness

We have focused only on values of kgpg within a relatively narrow range, but one could
conceive of specially designed experimental realizations which would span a much wider
range. This is of interest because networks with greater bond stiffness can withstand greater
strains before failing. As such, we turn our attention to the effect that a wide range of bond
bending stiffness has on v. We study networks with Zy = 5.2, which yielded the lowest value
of v for kang = 0.01. Fig. 2.8 shows v resulting from low AG pruning of 500-node networks
with values of kqng that span five orders of magnitude, from 10~ to 10°. Consistent with
previous work [1], v — —1 as kqng — 0 in fully pruned networks. Consistent with these
results, we find that as kqpng becomes smaller, bond response distributions become wider and

are more easily modified by pruning, as shown in Figure 2.10.

2.3.6  Physical insights from model improvement

Three features distinguish the model used in this work from that of previous attempts: (i)

the use of finite rather than periodic simulations, (ii) the use of fixed boundary conditions
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as employed in experiment, and (iii) most importantly the addition of an angle-bending
potential. To demonstrate the importance of the angle-bending term, we study a network
which has been pruned to v = —0.96 at Z = 3.9 with an extremely low angle-bending
stiffness of kqng = 10~4, Increasing kgng to kang = 10~2 increases the Poisson’s ratio to
v = —0.36. Increasing kqng past this experimentally determined value to kgqng = 1 increases
v to 0.0, as shown in Figure 2.17. By picking a value of kgng which does not correspond to

the experimental realization, predictions from the simulation would be inaccurate.

Our results suggest that weaker angle-bending forces allow for more dramatic deformations
of the concave polygons present in these networks. Assigning a larger kqpng penalizes these
deformations, which increases v. Therefore to create auxetic experimental realization of

networks, care should be taken to minimize the effect of angle-bending forces.

2.8.7 Stress-strain behavior

For a variety of impact-mitigation applications, it is of interest to develop materials that
display a relatively constant stress-strain behavior. Such materials can absorb more energy
while maintaining lower applied forces, and thus reduce the possibility of damage. As shown
in Figure 2.12, pruned networks display nearly constant stress past 3% strain. At such
strains, linear response calculations are no longer accurate, as shown in Figure 2.11. We find

that the linear response framework applies well until roughly 1% strain.

2.3.8 Bond strength optimization

Up to this point, we have relied on homogeneous materials, with identical bonds, for all
calculations and experiments. In what follows, we modify the strength of individual bonds
as a means for decreasing v in networks composed of bonds with different stiffnesses. This
process can be mimicked in experiment by modifying the thickness or material of a given

bond. We implement a simple optimization algorithm that iteratively strengthens the bond
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Figure 2.9: Experimentally measured v for an ordinary pruned network and an otherwise
identical network in which several of the bonds have been strengthened. Error bars show
2.50. The bonds which were strengthened were chosen in simulation in order to reduce v.
In simulation, the networks with regular and strengthened bonds were predicted to show
v = 0.79,0.91 respectively at small strains. The inset network configuration shows in red,
bonds which were strengthened in experiment and in blue, unstrengthened bonds

leading to the greatest decrease in v, as described in the Appendix. Both the compressive
and bending modulus of a particular bond are increased when a bond is strengthened. We ex-
amine a particular network with kgpg = 1072 and v = —0.79. By successively strengthening
individual bonds in this network, we further decrease v from —0.79 to —0.91 in simulation.
Interestingly, after 430 iterations with 649 total bonds in the network (where one bond in
strengthened by 10% at each iteration), 94% of the bonds remained untouched, while a select
few, 1.8%, are strengthened to more than five times their original strength, leading to an

essentially bimodal distribution of bond strengths. These strengthened bonds are almost all

connected as shown in the inset of Fig. 2.9.

To validate the predictions of our simulations, we also prepared an experimental realization
of this optimized network. For simplicity, bonds strengthened by a factor of five or greater
were made thicker, and others were left unchanged. The corresponding experimental values

of v are shown in Fig. 2.9, showing a decrease in v of 0.059 at ¢, = 0.25% and a decrease
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of 0.11 at ey = 2.75%, in good agreement with predictions. Importantly, these optimized
materials with a few significantly stronger bonds lend themselves to additive manufacturing.
In such realizations, some bonds could be constructed of highly rigid materials, while the
remainder would be more pliable, and more advanced optimization algorithms could readily

be applied to this problem.

2.4 Conclusion

In summary, we have established that it is possible to create designer auxetic materials
from amorphous networks. The pruning strategy that we have proposed does not depend
on the initial configuration but rather relies on measuring aspects of local response to a
globally applied deformation. As such, it may apply more generally to networks based on
a variety of initial preparation protocols and not just those based on jamming. The models
and concepts introduced in this work have been validated through a concerted program of
design, computation and laboratory experimentation. Amorphous networks are shown to
offer a number of control parameters that can be tuned to achieve particular mechanical
responses. It is found, for example, that a networks’ propensity to be made auxetic depends
on both the network’s original coordination number, as well as the relative resistance to angle
bending. More pliable networks yield the lowest Poisson’s ratios due to their wide bond
response distribution and their low response correlation. Stiffer networks are less amenable
to pruning, and only show limited changes of their Poisson’s ratio through pruning. By
relying on bond-strength optimization schemes, however, it is possible to alter the Poisson’s
ratio of networks with stiff bonds considerably, thereby providing a strategy to alter not
only how auxetic a material is, but also its intrinsic stiffness. While the results presented
here have been limited to two-dimensional networks, the concepts and strategies proposed
should be equally applicable to three dimensions, where we can use 3D printing to realize our
computer models. We therefore anticipate that these networks could be potentially useful for

applications involving additive manufacturing. Using appropriately designed nanoparticles,
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it is also conceivable that one could form auxetic materials through a self-assembly process.

2.5 Methods

2.5.1 Simulation Methods

Simulated networks are generated as described in the Models section. A harmonic wall
coefficient of 2.0 is used to compress particles. To measure v, €, = 1 X 10~% is applied and
the transverse strain of nodes at the left and right edges of the network is measured. Bulk
properties are measured by applying uniform compressions of 1 x 10~%. Shear properties are
measured with e, = —1 x 1074 and €y = 1 X 1074 or vy=1Xx 10~%, for pure and simple
shear, respectively. The average force is relaxed to 1 x 10713 for all measurements. To mimic
experiment, particles along the top and bottom edges of networks are restrained in the x
dimension. The coefficient to describe bond bending, kgng is fit by determining the value of
kang which minimized mean square distance between nodes in between uniaxially strained
experimental and simulated networks at €, = 3%. The same kang value is used to describe

each class of experimental bonds.

2.5.2  Experimental Methods

Experimental networks are constructed out of laser-cut silicone rubber sheets with a Shore
value of A70 and a thickness of 1.5 mm as described in previous work [26]. We can vary the
relative resistance to angle bending (which is quantified by kung in our simulation model),
by narrowing or widening a section of the bond near the node (see Fig. 2.6). To facilitate
measurement, nodes at the top and bottom of the network are fused into a solid rubber
piece, as shown in Panel (a) of Fig. 2.7. The Poisson’s ratio is determined by applying a

uniaxial compression in the y direction and measuring the resulting lateral strain.
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2.6 Appendix

2.6.1 Bond response distributions with bending stiffness

The effect of angle-bending stiffness can be appreciated by examining the bond response
distributions when kgpng is varied from 10~% to 109, as shown in Figure 2.10. Dashed lines
denote the distributions of unpruned networks with Zy = 5.2. As angles become stiffer,
the distribution of bond responses narrows significantly. As mentioned in the main text,
broader distributions enable more effective pruning. The solid lines of Figure 2.10 show
the bond response distributions for the same networks after pruning to Z = 3.5. Not only
do stiffer bonds lead to narrower distributions - they also make these distributions more
difficult to modify through pruning. For the stiffest angles considered here, kqpg = 10°, no
significant change is observed in the corresponding distributions, and little change occurs in
v. A angles become easier to deform (more compliant), the change in distributions becomes
more dramatic. Correlations between bond responses AG; and AB; decrease significantly,
leading to larger changes in v. We calculate the Pearson correlation coefficient for unpruned
networks to be 0.134, 0.125, and 0.843 for kgng = 10~%, 1072, and 109, respectively. The

lower the correlation, the more tunable the network becomes.

2.6.2 Non-linear behavior

While a host of properties are readily accessible through linear-response calculations, the
corresponding predictions are not valid for large deformations. To address the extent of
linear response, we compare in Figure 2.11 the node positions of systems strained along
the y-direction - as predicted by linear-regime calculations - to those predicted by the true
network-dynamics formalism adopted here. We quantify the relative error between the two
predictions through the average of 100 x |70 — 7inl/|Tmdl, Where 7,4 is the calculated
displacement of a node and 77;,, is the displacement of a node within the linear regime scaled
to the strain of interest. The linear-regime responses are calculated at ¢, = 0.1%. We average

24



PAG))

Figure 2.10: Distributions of AG;, AB; for networks before pruning (Z = 5.2) and after
pruning (Z = 3.5) of networks with different values of kqpng. Distributions are shown for
kang = 10™% (blue), 1072 (green), 10° (red). Distributions for unpruned networks are
shown with dashed lines, while those for pruned networks are shown with solid lines. As
kang decreases, the change in distributions becomes more significant, corresponding to the
greater change in v with pruning as seen in Figure 8 of the main text.
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Figure 2.11: Relative error of between node displacements as predicted by molecular dy-
namics and linear regime calculations with uniaxial strain. Relative error is calculated as
100 |70 — Tin] /|Fmg|- Red lines denote the medians of samples, box edges denote the 25"
and 75" percentile.

this quantity across every node in three distinct 500-node networks with Z = 3.0 pruned
from Zy = 5.2. The relative error increases nearly linearly from roughly 0% at e, = 0.5% to
a median of 30% at e, = 5%. Note, however, that the relative error of individual nodes can

exceed 800%. From this data, one can assess to what degree linear regime predictions can

be considered accurate over a range of strains.

2.6.3 Stress-strain behavior

For a variety of impact-mitigation applications, it is of interest to develop materials that
display a relatively constant stress-strain behavior. Such materials can absorb more energy
while transmitting less force, and thus reduce the possibility of damage. Figure 2.12 shows
the stress-strain behavior of networks before and after pruning. Unpruned networks show
typical linear stress versus strain behavior. Pruned networks, however, behave sub-linearly,
and exhibit a nearly constant stress past 3% strain. This behavior is characteristic of a
material undergoing complex rearrangements, such as collapsing concave structures. Also

shown is an extrapolation of the linear-regime behavior for pruned networks, demonstrating
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Figure 2.12: Stress-strain curve for unpruned (Z = 5.2) and pruned (Z = 3.0) networks. The
dashed green line shows an extrapolation of the pruned networks’ linear regime behavior.
Error bars are smaller than the size of the line. The unpruned network stress behaves linearly
with strain, as is expected from a network which employs harmonic constraints. The pruned
network, however, behaves sublinearly, as is characteristic of a material undergoing complex
rearrangements.

the degree of sublinearity.

2.6.4 Isotropic and anisotropic networks

In the main text, we discuss the two relevant shear moduli - those associated with pure and
simple shear. We denote these moduli G, and G, respectively. Here we show that networks
pruned only to have high G,/B do not have high Gs/B, and vice versa. In practice, this
means that a network pruned to be auxetic when pulled in a direction normal to its edges
will not be auxetic if pulled outwards from its corners. We also examine isotropic networks
- those which have been pruned to show low (Gp + Gs)/B. Isotropic networks are formed

by iteratively pruning the minimum AG), + AGs bond.

In what follows, we examine what happens when unpruned, low AG) pruned, low AGjy
pruned and low AGy + As pruned (isotropic) networks are deformed by stretching the

materials in a direction normal to their edges and by stretching along a diagonal. Figure
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2.13 shows an unpruned network deformed by pulling from the edges and corners (along a
diagonal) in Panels a and b, respectively. The gray background shows the outline of the
undeformed network. Since the network is unpruned, v is positive when pulled from the top
and bottom edges and from the corners. Figure 2.14 shows a network which has been low
AG)y pruned. As can be seen, the network is auxetic when pulled from the top and bottom
edges as in Panel a, but not when pulled from the corners, as in Panel b. If we instead prune
low AGg4 bonds as in Figure 2.15, we observe the opposite behavior. The network is not
auxetic when pulled from the top and bottom edges as in Panel a, and it is auxetic when

pulled from the corners as in Panel b.

Figure 2.16 shows an isotropic network formed by iteratively pruning the lowest AG,+AG
bond. Creating isotropic networks is a more demanding optimization task, since two moduli
must be kept high relative to B instead of only one. As a result, v of the isotropic networks
is less negative than v of anisotropic networks. The network shown is predicted to have
v = —0.25 isotropically in the linear regime using kqpg = 0.01 as in other networks. The
structure of this isotropic network is noticeably different from that of anisotropic networks -
while anisotropic networks show significant rectangular ordering, the isotropic sample does

not.

2.6.5 Effect of angle potentials on v

Initial attempts to create auxetic networks in experiment were based on simulations that did
not include angle-bending forces. In this work, we incorporate the effect of angle-bending
forces as described in the main text. Here, we investigate what occurs when kg4 is varied for
already-pruned networks. The results are shown in Figure 2.17. We start with a single 500
node network pruned to Z = 3.87 with kgpg = 10~4 (analogous to simulations that ignored
Kang). As we increase kqpg, v follows the same trends as networks pruned with those values

of kang, as shown in Fig. 8 of the main text.
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Figure 2.13: Unpruned networks deformed by pulling along the vertical axis. The gray
shaded region shows the shape of the undeformed network. This network shows positive v
with respect to both deformations, since it is unpruned.

Figure 2.14: Low AG) pruned network deformed by pulling along the vertical axis. The
gray shaded region shows the shape of the undeformed network. This network is auxetic
with respect to deformation normal to its top and bottom edge, but not when pulled from
its corners.
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Figure 2.15: Low AGg pruned network deformed by pulling along the vertical axis. The gray
shaded region shows the shape of the undeformed network. This network is auxetic with
respect to being pulled from its corners, but not deformation normal to its top and bottom
edge.

Figure 2.16: Low (AGs + AG)) pruned network deformed by pulling along the vertical
axis. The gray shaded region shows the shape of the undeformed network. This network is
isotropic, so it auxetic for all types of deformation. However v of this network is higher than
in anisotropic networks.
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Figure 2.17: Poisson’s ratio of a single network pruned to Z = 3.87 by low AG pruning at
kang = 104, The value of kang is then swept from 1074 to 100 with both fixed and free
boundary conditions.

At kang = 1, the coefficients for angle bending and compression are equal. Interestingly, v
reaches zero at this point. We suggest that stronger angle-bending forces inhibit the complex
deformations of the concave polygons present in these networks. Inhibiting this deformation
will reduce auxetic behavior. The addition of the angle potential is the most important

factor in ensuring that our models agree with experiment.

2.6.6 Boundary conditions

The boundary conditions of the networks in this study differ in two ways from previous
attempts. In previous attempts, the simulations were periodic. In experimental realizations,
however, there are no periodic boundaries and these periodic systems were terminated, with
their top and bottom nodes fixed in the x dimension. In this work, we incorporate these
experimental features into the simulation in order to match the experiments more closely.
Figure 2.18 shows v vs. ¢, for a periodic 500 node network which has been cast as a finite
system tiled in both dimensions some number of times. The Poisson’s ratio quickly reaches
an asymptotic value as the tiling increases. However if a periodic system is simply made

finite with no tiling (as is the case for #tiles = 1), v will be non-trivially less negative.
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Figure 2.18: Poisson’s ratio vs. uniaxial strain of simulated 500 node periodic networks
which have been tiled in both dimensions and then made finite. Increased tiling decreases
v, as edge effects are reduced. These edge effects are not present when the periodic system
is pruned. For systems of this size v rapidly converges to a final value with tiling.

Figure 2.19 shows v of networks with fixed and free boundary conditions pruned with low
AG pruning from Z = 5.2 to Z = 3.0. In networks with fixed boundary conditions, nodes
at the top and bottom of the network are restrained in both the x and y dimension upon
deformation, mimicking experimental boundary conditions. In networks with free boundary
conditions, nodes at the top and bottom of the network may relax in the x dimension upon
deformation. As can be appreciated, the fixed boundary conditions do not significantly affect

v. All results in this work are produced using fixed boundary conditions unless otherwise

specified.

32



0.6— ‘
04l — Fixed
— Free

0.2}

0.0;

-0.2}

—0.4}

—0.6}

3.0 3.5 4.0 45 50 55 6.0
VA

Figure 2.19: Poisson’s ratio of networks pruned with fixed and free boundary conditions for
500 node networks. The boundary conditions do not significantly effect the resulting values
of v.
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CHAPTER 3
FORMATION OF ISOTROPIC AUXETIC NETWORKS USING
MATERIALS OPTIMIZATION STRATEGIES

3.1 Introduction

Precisely manipulating the mechanical properties of solids is a goal critical to the design
of novel materials. Materials with negative Poisson’s ratios, termed ‘auxetics’ represent
a promising yet underutilized area of materials development. Auxetics show potential for
applications in areas such as impact mitigation[5, 6], filtration [7, 8], fabric design [9, 10],
and cases in which materials must maintain shape under deformation, such as in aerospace
applications[32, 33].

A variety of auxetic materials have been proposed in recent years, including metamaterials[34,
35, 36, 19, 33|, foams prepared by special processing techniques[12, 37, 38, 5], and composites|2].
The vast majority of these materials are anisotropic, meaning that the Poisson’s ratio, v, de-
pends on the direction of strain, which is typically not desirable for applications. Of the few
materials which are isotropic, all except specially prepared foams, which reach v = —0.82[38],
are inherently two-dimensional or exceptionally complex[39]. To be widely useful, such ma-
terials must be isotropically auxetic, be readily fabricated in three dimensions, and show
Poisson’s ratios approaching the lower mechanical limit of —1[5].

Disordered networks derived from jammed packings present an appealing means of de-
signing auxetic materials which satisfy these elusive criteria. Previous work has shown that
networks can be tuned to show an auxetic response through selective pruning of bonds|1, 40].
In most crystalline solids, the change in G or B when a single bond is removed (termed AG;
or AB; respectively) is identical for every bond, and these quantities are highly correlated.
As a consequence, removing bonds will not significantly change G/ B.

Disordered networks differ in two key ways: First, the distributions of AG; and AB;

span several orders of magnitude. Second, these quantities are decorrelated[1, 25, 40]. Thus
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by iteratively removing for example, the greatest AB; or smallest AG; bond, one can drive
v to negative values. Indeed, it has been shown that by iteratively pruning the smallest
AG; from disordered networks, materials can be formed in simulation and experiment with
v = —0.9[40] in two dimensions. However, such materials are anisotropic as only one shear
modulus was considered. When networks are instead pruned to be isotropic, v only reaches
—0.18.

Here, we show that by augmenting bond removal strategies with materials optimization
techniques which modify node positions and bond strengths, disordered networks can be
designed which are isotropic and show v as low as —0.98. Such predictions are validated
in experiment. As networks are optimized, distinct concave structural motifs emerge. Us-
ing an artificial neural network, we show that these motifs correlate well with v. Auxetic
networks also show high degrees of mechanical heterogeneity. As v drops, changes in area
of individual polygons which constitute the network become highly disperse. In addition,
more auxetic networks show regions of negative moduli, highlighting the complex mechanics
of these materials. Taken together, these results lay out a clear framework for the design of

highly auxetic isotropic materials which can be readily applied to three dimensions.

3.2 Results and Discussion

3.2.1 Disordered networks

Disordered networks, the starting point of the materials optimization process, are initialized
from jammed packings as described in detail in previous work[1l, 24, 25, 40]. To summarize
briefly, polydisperse particles are randomly positioned in the simulation box. System density
is chosen to control the average coordination number, Z, which plays a strong role in network
properties[1, 40]. Particles interact via a soft sphere potential shown in Equation 2.1. The
system is relaxed and bonds are formed between all pairs of particles for which r < o4 + 0y,

The soft sphere potential is then erased and the network is formed.
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Figure 3.1: Networks at three steps in the materials design process. In Panel (a), an unpruned
network with Z = 5.2 and v = 0.41. In Panel (b), the same network after low AG; bonds
have been pruned with ¥ = —0.18, and in Panel (c), the same network after optimization
with v = —0.98. Values of v are averaged over 30 independent networks. The color at the
end and along the length of each bond represents k’i,gg J k™Y k;icomp / kic’%mp , respectively. As

can be appreciated, most values of kfomp are increased while those of k;mg are decreased.

3.2.2  Network model

Once networks are formed, the constituent bonds are described by two potentials - harmonic
compression along the length of the bond, and harmonic bending around the node. These
simple potentials have been shown to accurately capture experimental network behavior in

both the linear regime and at high material strains[40].

3.2.3 Network formation and pruning

To form highly auxetic isotropic materials, three distinct steps are carried out: (i) network
formation, (ii) pruning, and (iii) optimization. An example network after each of these steps

is depicted in Panels a, b, and ¢ of Figures 3.1 respectively.

Unpruned periodic networks, as exemplified in Panel a of Fig 3.1, are initialized with
Z = 5.2 and show 7 = 0.41. An initial value of Z = 5.2 was shown to produce maximally
auxetic pruned networks in previous work, and so is used here [40]. Once networks are

formed, the pruning process is carried out. To prune networks, the bond which shows the
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lowest value of AG]; + AG? is iteratively pruned until Z is reduced to 3.5 and v = —0.18, as
shown in Panel a Fig 3.2. Here GP and G® denote the two orthogonal shear moduli in two
dimensions: pure and simple shear. An example of a pruned network is shown in Panel b of

Fig 3.1. Further pruning does not significantly reduce v.

3.2.4 Network optimization

Once networks are pruned, the optimization process is carried out to reduce v to near —1.
A gradient descent optimization technique is used, which optimizes the compression and
angle coefficients of each bond as well as the position of each node. At each step in the
optimization process, bond coefficients are updated using the criteria shown in Equation 3.1.
Here k; is the compression or angle coefficient for the ith bond. Values of k; are constrained
to be between 0.5 and 5.0 times their initial value to ensure that bonds can be faithfully
fabricated in experiment. The parameter Ay, is the step size of the optimization, and is set
so that the maximum change of a coefficient is 0.1max(k; o) at each iteration.

Equations 3.2 and 3.3 show the update criteria for node positions. Nodes positions are
optimized to minimize v while a repulsive term ensures that nodes do not cross bonds. As
with bond coefficients, A, sets that maximum step size and is chosen such that the maximum

node motion at each iteration is 0.1.

/{Ji(t + 1) = ]{Jz(t) — Akaa—l: (3.1)
ra(t+1) = ra(t) — Ay %f“ (3.2)

Eo=v+ Y. e(#)G (3.3)

i€bonds
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Figure 3.2: Poisson’s ratio over the pruning and optimization process. Panel a shows v as
the network is pruned from Z = 5.2 to Z = 3.5. Pruned networks are then optimized as
shown in Panel b. The three data sets show v as (i) only bond strengths are optimized,
(i) only node positions are optimized, and (iii) both bond strengths and node positions are
optimized.

3.2.5 Optimization results

Panel b of Fig 3.2 shows v as the optimization process is carried out. Poisson’s ratios resulting
from optimizing only bond coefficients as in Eqn 3.1, only positions as in Eqn 3.2, and both
parameters sets simultaneously are shown. All optimization algorithms yield isotropically
auxetic materials. Optimizing only bond parameters yields materials with 7 = —0.50, and
optimizing only node positions yields 7 = —0.91. Optimizing both quantities simultaneously,
however, yields 7 = —0.98, near the lower mechanical limit. An example of a network in
which both node positions and bond strengths have been optimized is depicted in Panel
c of Figure 3.1. These results demonstrate that node positions play the dominant role in
controlling v. This bodes well for creating experimental realizations, where node positions

can be more precisely controlled than bond strengths.
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Figure 3.3: Isotropic auxetic networks compressed in simulation and experiment. (a) Uncom-
pressed simulation of auxetic network predicted to show v = —0.5. (b) Simulated network
uniaxially strained to e; = 5% with outline of uncompressed network shown in black. (c)
Uncompressed experimental realization of identical network. (d) Compressed experimental
network at e, = 5% with outline of uncompressed network shown in black. (e) Overlay of
experimental (red) and simulated (red) networks at e, = 4%. (f) Bond-level contributions
to B in network under uniform compression. Contributions are normalized by the largest

value of B;.
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3.2.6  FExperimental realizations

Experimental analogues of simulated networks are created by laser-cutting configurations
from sheets of silicone rubber. A representative network is shown in Panel a Figure 3.3.
Upon uniaxial compression in the vertical dimension (y), the network behaves auxetically,
as shown in Panel b Figure 3.3. Thicknesses of bonds must be carefully controlled, as they are
the experimental analogues of k‘icomp and k:;-mg . Bond compression strength is modulated in
experiment by controlling the thickness along the length of the bond. Bond angular strength
on the other hand is modulated by controlling the thickness near the end of bonds. To reduce
the likelihood of bonds colliding, the thickness contribution due to compressive strength is
tapered linearly from a maximum at the center of bonds to the ends. Exact protocol for
setting thicknesses of experimental bonds is described in Methods and Materials.

Recent work has revealed within disordered polymer glasses regions of negative moduli[41].
Interestingly, regions of negative moduli also appear in disordered networks. A bond which
has a negative contribution to B, for example, is under tension while the material is under
compression, or visa versa. Panel f Figure 3.3 shows the per-bond contribution to B for
a network with v = —0.5. Interestingly, (34%) of bonds in optimized networks contribute
negatively to the bulk modulus, compared to 24% and 2% in pruned and unpruned networks,

respectively.

3.2.7 Isotropic auzetic behavior

To validate that the networks are isotropic, two realizations of a 500 node periodic auxetic
network are created in experiment. The two networks are cut from the same periodic unit
cell, one as a square which lies flat along the x axis, and the other which lies at 45° to the x
axis (the zy axis). The two networks are compressed along the z and zy axes, respectively.
Deforming the first network along the z (or y) axis measures v as it relates to GP /B, which
we denote 1. Deforming the second network along the zy (or yx) axis measures v as it

relates to G*/B, which we denote v45. A material which shows the same value for 1y and
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Figure 3.4: Normalized changes in minimal cycle areas, AA} of a single 500 node network
at the three stages of preparation: unpruned, pruned, and optimized. AA} was measured
after the networks were compressed by € = 0.01%. More negative values of AA contribute
to lowering v. As quantified in Figure 3.5, networks with lower values of v show more
mechanically heterogeneous behavior.

vy5 is perfectly isotropic. The two networks show excellent agreement between simulation
and experiment, showing 19 = —0.99, —1.03 and 45 = —0.88, —0.87, for simulation and
experiment respectively. The values of v are nearly constant up to strains of 4%, and are

shown in Figure S1.

3.2.8 Elffect of pruning and optimization of moduli

As a result of the material optimization process, GG of optimized networks is nearly doubled
compared to that of non-auxetic networks. Here G is computed as the average of G® and GP,
which are calculated as the total energy stored in the network under small deformation|[1, 40].
Unpruned networks show G = 38 x 10™9, while pruned, auxetic networks show a decreased
value of G = 17.0 x 1079, Interestingly, optimized networks show G = 69.5 x 109, nearly a
two-fold increase over that of unpruned networks, validating the idea that auxetic materials

can in fact be mechanically resilient to shear. It is worth noting, however, that B in optimized
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Figure 3.5: Distributions of minimal cycle deformations, AAY upon compression for un-
pruned, pruned, and optimized networks. Panel a shows the probability distribution of
AAY. As networks are pruned and then optimized, the distributions becomes increasingly
sharp. Panel b, which shows P(AAY) weighted by AAY, demonstrates that for pruned and
optimized networks, the low probability outliers of AA? are responsible for the majority of
the material deformation.

networks is two orders of magnitude smaller than in unpruned networks.

3.2.9 Physical understanding of auzetic behavior

To understand the structural features which gives rise to auxetic behavior, we now study
the properties of the individual polygons, or minimal cycles, which compose the network.
The Poisson’s ratio can be related to change in each minimal cycle’s area, AA; as shown in
Equation 3.4. Here, x and y refer to the side lengths of the network and i is the gth cycle.
For clarity, values of AA; in all data are normalized by strain and average minimal cycle
area as shown in Equation 3.5. For the strains and used in this work, negative values of A A}

contribute to lowering v.
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Panels a, b, and ¢ of Figure 3.4 show AA;-‘ of each cycle for unpruned, pruned, and
optimized networks respectively. As can be seen, the values of AAY become more disperse
as networks are pruned, and even more so when optimized. Additionally, it can be observed
that all cycles with very low values of AAY are concave, consistent with predictions from

previous work [40].

y=<i)<ZAAV+%mq> (3.4)

AA;
AAF = 220 (3.5)

Ae

The general observations which can be made about networks pictured in Figure 3.4 are
now made quantitative with AAY data taken from 30 independent networks at each stage
in the formation process. The distributions of AAY are shown in Panel (a) Figure 3.5.
Unpruned, pruned, and optimized networks show average AA7 of —0.55, —1.04, and —1.87,
respectively, with standard deviations of AA* of 0.72, 2.38, and 3.75. The distributions
become increasingly sharp as networks are pruned and optimized. Interestingly, the most
probable value of AA;‘ for unpruned, pruned, and optimized of networks increases from
—0.35, to —0.03 to 0.01. Consistent with the increasing most probable value, as networks
become more auxetic, a greater fraction of cycles within the network increase in area upon
material compression. The fraction of cycles with AA* > 0 for unpruned, pruned, and
optimized networks is 0.06, 0.16, and 0.17. This unexpected behavior paints a picture in
which materials become highly heterogeneous as they become auxetic. While negative values
of AAY contribute to lowering v, many cycles in the most auxetic materials do nothing, or
even grow. This suggests that auxetic behavior is largely the result of a relatively small

number of highly compliant cycles.

To better appreciate the contribution of cycles at each AA] to v, Panel b of Figure

3.5 shows AAYP(AAY), the probabilities weighted by the magnitude of deformation. This
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quantity corresponds to the relative contribution of cycles at that AA% to the total change
in network area and thus v. For unpruned networks, cycles with relatively small values of
AAT between —3 and 0 constitute 92% of cycles, and make up 84% of the change in area.
As networks becomes more auxetic, the picture changes significantly. In pruned networks,
70% of cycles show AAY between —3 and 0, which make up only 31 of the total change in
area. However a long tail of cycles of 30% of cycles with AA;*x < —3 contribute 61% of the
change in area. The picture becomes more extreme in the optimized case, where the 62%
of cycles with AAY between —3 and 0 contribute 14% of the total area chance, while the
21% with AAY < —3 contribute 77%. Together, these findings show that auxetic behavior is
marked by highly heterogeneous mechanics. This opens to door to designing materials with

a select few high compliant regions fused together by large relatively rigid sections.

3.2.10 Machine learning analysis

Modern machine learning techniques provide a powerful platform for understanding how
structure relates to material properties. Here, feed forward neural networks are trained to
predict v across the entire pruning and optimization process. By determining the minimal
feature set required to predict v, we can surmise which physical parameters control v.
Panel (a) of Figure 3.6 shows predicted values of v for a neural network trained on
histograms of angles between adjacent bonds on nodes. Examples of such histograms for
unpruned, pruned, and optimized networks are shown in Panel (c) of Figure 3.6. The neural
network is trained and tested on networks through the entire pruning process, and during the
optimization process for networks where bond coefficients and node positions are optimized,
and for networks where only node positions are optimized. Predictions are generated using
leave-one-out cross-validation. The predictions are accurate across the entire range of v,
with a mean-square error (MSE) of 0.0010. Interestingly, the network is predictive even
for networks where the bond coefficients have been optimized. This suggests that angles

between bonds play the dominant role in determining network properties even when bond
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Figure 3.6: Neural network predictions of v and sample distributions used to train network.
(a) Predictions of v for networks during pruning, and during optimization based on posi-
tions as well as bond strengths and positions. Neural network are trained only on angle
probability distributions. (b) Predictions of v for networks using node positions and bond
coefficients during pruning and optimization using the schemes in (a) as well as optimizing
only bond coefficients. Neural networks are trained on bond coefficient and angle probability
distributions. (c) Probability distributions of angles between adjacent bonds at nodes. (d)
Probability distribution of compressive and angular coefficients for optimized networks.
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coefficients have been optimized.

Panel (b) of Figure 3.6 show predicted values of v when an identically structured neural
network is trained on both angles as in Panel (a) as well as histograms of bond coefficients as
shown in Panel (d) of 3.6. Here, all classes of optimized networks as shown in Figure 3.2 are
included. Note that including bond coefficients is now necessary, as in some networks, only
bond coefficient are optimized. This suggests that using these two parameter sets, network
behavior can be completely captured.

Panels (c¢) and (d) of Figure 3.6 show snapshots of training data. Panel (c) shows prob-
ability distributions of angles between adjacent bonds on nodes for unpruned (Z=5.2), fully
pruned (Z=3.5), and fully optimized (using both node positions and bond coefficients) net-
works. As can be seen, the unpruned network angles are tightly distributed around 1.2
radians which corresponds to 2w /Zy where Zy = 5.2. In pruned networks, the average angle
grows to 1.8 radians and the distribution becomes more disperse. In optimized networks,
extremely small angles proliferate and a peak appears at w. Panel (d) shows probability

fomp / k’%mp and k?ng / kzgg . As can be seen, many angles are weakened

distributions for k
(82%), while a small fraction are unchanged or grow stronger. The average angle is 0.73
times as strong as its original value. Note that the large peak at 0.5 is due to the imposed
minimum angle strength. Compressive coefficients, on the other hand, show a broad distri-

bution with the majority growing stronger (98%). The average kfomp is 2.6 times stronger

than its original value.

3.3 Conclusion

The work presented here lays out a clear framework for designing tunable highly auxetic
isotropic materials with unique mechanical properties. Being metamaterials, the structures
will be auxetic if fabricated at any length scale, from building-scale to molecular-level struc-
tures. While fabrication for large scale devices is relatively straightforward, fabrication at

smaller scales presents a greater challenge. One such option is to use purposefully assem-
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bled DNA-functionalized nanoparticles. Such assemblies have been shown to have a host of
unusual mechanical properties[42, 43], and can be made amorphous (ask josh for citation), a
requirement for these materials. Glassy materials can also show a host of unusual and tunable
materials properties depending on material processing and formation conditions [44, 45, 46].
With sufficiently high resolution, 3D printing may also provide a feasible path towards ma-
terial fabrication [47]. With several possible routes forward, fabricating micro-scale auxetic

networks will prove a challenging yet fruitful avenue for materials development.

47



CHAPTER 4
AGE AND STRUCTURE OF A MODEL VAPOR-DEPOSITED
GLASS

4.1 Introduction

Glasses represent kinetically arrested states of matter, whose characteristics depend strongly
on the process of formation[48]. They are generally prepared by gradual cooling of a liquid
to temperatures below the glass transition, Ty, of the corresponding bulk material. The
properties of liquid-cooled, “ordinary” glasses depend on cooling rate and on the “age” of
the glass - the amount of time that the material is allowed to rest at a given temperature
(below Ty). Lower cooling rates (or ageing) lead to materials that lie deeper in the underlying
potential energy landscape. They tend to have a higher density[49, 50], greater mechanical
strength[51], lower enthalpy[49] and higher onset temperature (the temperature at which
the film transforms from a glass into a liquid upon heating)[52], than those prepared by
fast cooling. Higher stability is desirable in a wide range of applications, from organic

electronics[53] to drug delivery[54].

Recent experimental work has shown that glasses prepared by a process of physical vapor
deposition (PVD) can reach levels of stability that are equivalent to those of liquid-cooled
glasses allowed to age for thousands of years[50, 55]. These highly stable PVD glasses are
formed by depositing the glass former onto a substrate whose temperature is somewhat
lower than Tj. It has been proposed that newly deposited molecules can freely explore
configurational space near the surface of the growing film, leading to molecular arrangements
that correspond to lower free energy states than those accessible by quenching a bulk liquid

[50, 56, 57].
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The properties of three-dimensional (3D) PVD glasses have also been examined in com-
puter simulations. On the one hand, results for a 3D model glass former consisting of a
binary mixture of spherical particles indicate that vapor deposition leads to materials that
exhibit higher kinetic stability, and whose structure is similar to that of their liquid-cooled
counterparts[58]. On the other hand, simulations of model glasses consisting of anisotropic
molecules suggest that a PVD process leads to materials that exhibit varying amounts of
anisotropy[59]. Importantly, past simulations of vapor deposited glasses have relied on a
formation process that involves repeated minimizations of potential energy, which are in-
troduced for computational reasons. As such, past studies have been unable to reveal the
role that hot molecules impacting a surface can have on the relaxation of the underlying
glassy film. A recent study investigated the formation of highly stable 2D glasses prepared
through a “pinning” technique[60]. The authors formed equilibrium glasses by freezing in-
place a small fraction of the particles in a glass-forming liquid, raising the glass transition
temperature above the current temperature, and glassifying the system in an equilibrium
configuration. As insightful as the results from the pinning strategy have been, however,

such glasses do not incorporate the presence of an interface into the simulations.

Past studies of two-dimensional (2D) systems have shed considerable light into the behavior
of glasses. A variety of colloidal particles, including polystyrene and latex, have been shown
to assemble into monolayers exhibiting varying degrees of local and long-range order [61,
62]. By virtue of being quasi-2D, such studies allow for the direct observation of glassy
dynamics, including structural relaxation near the glass transition, thereby serving as a
source of validation for theory and simulations [63, 64]. Atomic 2D glasses have also been
prepared, consisting of silica on a graphene substrate [65]. Such systems show a coexistence
between crystalline and amorphous regions, which range in size from several unit cells to
tens of nanometers across. Going beyond systems of spherical particles, 2D colloidal glasses

have been formed using ellipsoids in order resist crystallization [66].
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In this work we build upon these past studies by introducing a PVD formation approach
that mimics closely that employed in experiments. Specifically, we avoid the artificial energy
minimizations and temperature controls that were employed in past computational studies of
3D systems. Furthermore, by restricting our simulations to 2D systems, where configurations
can be more easily visualized and inspected, we arrive at unambiguous correlations between
local structure and energetic stability. Three important results emerge from our analysis.
First, in contrast to previous reports, we find that vapor deposition leads to glasses whose
energetic stability far exceeds that of samples prepared by liquid cooling. Second, it is shown
that newly deposited particles generate cascades of hot particles that could serve to relax the
interior of the film, and that help explain the advantages of PVD processes for preparation
of new glasses. Third, we find that the structure of PVD glasses is isotropic and identical
to that of liquid-cooled glasses, provided these two classes of materials are compared under

preparation conditions for which their inherent structure energies are comparable.

4.2 Results

4.2.1 Model system

The details of the vapor deposition simulations presented here are discussed in the Methods
section. Here we point out that the model considered in this study consists of a binary
mixture of spheres whose glass-forming behavior in the bulk has been examined exhaustively,
and that vapor-deposited samples are prepared by depositing groups of hot vapor particles
onto a substrate held at a temperate Ts. Particles are deposited until a desired film thickness
of approximately 35 molecular diameters is reached. Liquid-cooled samples are prepared by
heating vapor deposited films above Ty, and then cooling them at a constant rate to a

temperature near zero. A representative system is shown in Figure 4.1, where the blue layer
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Figure 4.1: Diagram of liquid-cooled sample formed with ¢, = 1.4 x 10174. Type A and B
atoms are shown in white and black, respectively, while substrate atoms are shown in blue.
This film has an inherent structural energy, Erg, of —3.90. The background coloring in the
left and right panels represents values of bond order parameters ¢5 and gg as discussed in the
Structural features section. Substrate atoms are held tightly in place once equilibrated using

harmonic springs. Atoms are kept inside the simulation box using a harmonic repulsive wall
as described in Methods.

at the bottom represents the substrate, the white spheres are of type A, and the black spheres
are of type B. Vapor-deposited and liquid-cooled films are prepared using a wide range of
deposition and cooling rates. The inherent structure energy Ejg of a configuration, used to
quantify its stability, is the potential energy of a configuration brought to its local energy

minimum.

The 2D model considered here exhibits considerable local structure; to quantify this struc-
ture, we rely on two bond order parameters that assign values to each particle based on the
configuration of its neighbors [67]. The first, denoted by g5, selects for local pentagonal
order. The second, gg, selects for local rectangular order. The background colors in Figure

4.1 correspond to the magnitude of such order parameters.
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4.2.2  Energetic properties

The energetic properties of PVD glasses are determined using only particles in the “bulk”
region of the films, which is highlighted in Figure 4.2. It corresponds to a wide domain
of constant density and composition. Figure 4.2 shows results for a variety of PVD and
liquid-cooled films. From Figure 4.2, we point out two features that arise at the surface of
these films: first, the density near the surface decreases gradually. This results from the
surface being uneven, as density is simply taken as the number density at a horizontal cross
section. Second, x 4, the mole fraction of type A, rises near the surface of the films, as shown
by previously Shi et al.[68]. More stable configurations maximize A-B interactions, as e4p
is larger than €44 and egp. Type A particles, which are more abundant at x4 = 65%,

segregate to the surface to maximize these interactions.

The inherent structure energy, Ejg, is an effective measure of the position of a glass on
the potential energy landscape [69]. Inherent structure energies of several liquid-cooled and
PVD films are shown in Panel (a) of Figure 4.3. The deposition time for vapor deposited
films, ¢4e,, corresponds to the interval between addition of new groups of particles to the
growing film. During this time, newly deposited particles are allowed to cool down and
become integrated into the growing film. The cooling time, t.,,;, is the time over which
an ordinary film is cooled from T" = 5T, to T' = 0.2T,. Cooling and deposition times are
expressed in units of the alpha relaxation time of this system, 7,, which is calculated using
the self-intermediate scattering function at 7" = 1.107y, as shown in Figure 4.13. For all
simulations, new, “hot” particles are introduced into the system with an initial temperature
of T; = 5.0Ty. The simulated bulk Ty for this material is approximately 0.21 in Lennard-
Jones units, as determined by taking the fictive temperature of a liquid-cooled film prepared

With t.p0 = 1.4 X 103 7.
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Figure 4.2: Number density and composition for liquid-cooled and vapor deposited films
formed under several conditions. Data for liquid-cooled films are shown in Panel (a) while
data for vapor deposited films are shown in Panel (b). The dotted, dashed, and solid lines
represent films formed with t = 1.4 x 10(1:2:3) at film temperatures of (0.75, 0.85, 0.85) T.
From top to bottom in each figure, p is offset by (0.4, 0.2, 0.0) and x 4 is offset by (0.2, 0.1,
0.0). In (a), t refers to t.y, and T refers to the film’s current temperature in the course
of cooling. In (b), t refers to t4., and T refers to substrate temperature. Only atoms in
the bulk region shown are used in calculations unless otherwise specified. We define the
bulk region to be several o 44 away from where bulk composition and density properties are
reached to ensure that edge effects are not present in the data. Error bars represent 95%
confidence intervals.
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Previous experimental work has shown that the optimal substrate temperature, T, for the
formation of glasses via PVD lies in the vicinity of 0.857[50, 55, 70, 71]. For the 2D model
system considered here, we find that that the optimal substrate temperature (that leading
to the lowest inherent structure energy) for a given deposition time decreases as deposition
slows. PVD samples formed with ¢4., = 1.4 X 109 show an optimal Ty of 0.87 Ty, while
samples formed with #4., = 1.4 X 1047, show an optimal T of 0.687T, g of Ty, as shown in
Table 4.1. Furthermore, PVD samples prepared at lower deposition rates exhibit significantly
lower inherent-structure energies than those prepared at faster rates. As can be appreciated
in Figure 4.3, depositing with 4., = 1.4 X 104 7, and T = 0.68 Ty gives Erg = —3.965 while
tdgep = 1.4 X 10974 and T = 0.87 Ty gives Eyg = —3.918. Optimal temperatures are found
by fitting a cubic spline to the values of Ejg vs. T in panel (a) Figure 4.3 and taking the

temperature at the minimum energy value.

We suggest that the ideal deposition temperature decreases with slower deposition rate
due to a competition between thermodynamics and kinetics. As the substrate temperature
decreases, lower energy states become more thermodynamically favorable, but the kinetics
to reach such states become slower. As films are formed through more gradual deposition,
atoms are allowed more time to approach equilibrium energy states. As originally proposed
by Swallen et al., the ideal substrate temperature is where an ideal trade-off is found between
which states the system is moving towards (thermodynamics) and how closely the system

can approach those states (kinetics)[50].

Panel (b) in Figure 4.3 shows Erg of liquid-cooled films evaluated at 7' = 0.257} as
a function of cooling time (¢.,,;). Previous work on 3D models suggests that Ejg varies
linearly with log(t.o01) [72, 58]. The 2D glass model considered here exhibits a nonlinear
dependence. As shown in Panel (b) of Figure 4.3, a power-law fit of the form:

Erg =0.090¢ %987 _ 398 (4.1)
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Figure 4.3: Inherent structure energy of PVD and liquid-cooled films along with predicted
liquid-cooling rates required to form films with energy equal to that of PVD films. (a)
Inherent structure energy of PVD and liquid-cooled films vs. temperature. Dashed lines
represent liquid-cooled data while solid lines represent PVD data. For liquid-cooled samples,
the film’s temperature refers to the temperature at which Ejg was calculated during its linear
cooling. For PVD films, temperature refers to the substrate temperature with which the film
was formed. Legend values refer to ¢,y or ¢, for a given data set, in units of 7, (calculated
at T'= 1.10T, as shown in Figure 4.13). The ideal substrate temperature decreases as tg;,,
increases for PVD films as described in Table 4.1. Error bars represent 95 % confidence
intervals. (b) Inherent structure energies of liquid-cooled films at 1" = 0.25 Ty vs t.,, With
power law fit from Equation 4.1. Colors of the points correspond to the liquid cooling or
deposition rate of that the color represents in panel (a). If a point is grey, that particular
cooling rate is not shown in panel (a). 95% confidence intervals are shown. The X’s represent
predicted t.,,; values necessary to form liquid-cooled films with energy equal to PVD films,
as calculated using Equation 4.1. PVD film energies in panel (b) correspond to that of the
substrate temperature that yields optimal stability for each 4,
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describes our results reasonably well. Equation 4.1 can be used to estimate how slowly
a liquid should be cooled to form ordinary glass films having inherent structure energies
comparable to those of PVD films. These estimated cooling rates are shown by crosses in
panel (b) of Figure 4.3, for ¢4, values ranging from 1.4 x 10° to 1.4 x 104, separated by
order-of-magnitude intervals. On the basis of this simple extrapolation, one can anticipate
the most stable PVD configuration prepared here to be equivalent to a liquid-cooled sample
prepared with t.,,; = 1.6 x 10107, which is 1.1 x 10° times longer than the time utilized

for the slowest cooling rate that we could accomplish with our computational resources.

As PVD films are formed more slowly, the inherent structure energy apparently approaches
that of the deepest minima in the amorphous region of the potential energy landscape. By
setting the liquid cooling time equal to infinity in Equation 4.1, one can estimate that these
lowest energy states have inherent structure energies of —3.98. By this prediction, the most
stable configurations produced here for ¢4., = 1.4 x 10* with T = 0.67 Ty are only 0.013
above this value. We emphasize here that these estimates should be viewed with some
skepticism, as the curve shown in the inset of Figure 3 extends well beyond the data that
can be generated with available computational resources. Also note that the more stable
vapor deposited films show a similar, slowing rate of change for inherent structure energy as a
function of deposition time, which we believe supports the idea that these films are gradually

approaching the bottom of the amorphous regions of the potential energy landscape.

While the overall composition of each film is fixed, the local composition of the bulk region
cannot be controlled precisely. On average, type A particles are excluded from the bulk, and
the degree of exclusion varies by film formation type and formation time. It has been shown
that Ejg for 3D NiggPyq films depends linearly on composition over a small range [72]. That
linear dependence is also observed in our 2D films. To account for the variation in Ejg due
to composition effects, we perform linear fits of Ejg to x4 for several cooling times. We

find OF1q/0x 4 = 1.6 near x4 = 0.65 fits well across a wide range of film formation times
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during both liquid cooling and vapor deposition. The energy of all films is thus interpolated
to x4 = 0.65 for all films, including those used in Figure 4.3. The average x 4 values for
PVD and liquid-cooled films in the bulk are 0.648 and 0.637, respectively.

While the aim of this work is to investigate how vapor deposition may influence the
structure of glass films, it is worth pointing out that for situations where PVD films and
liquid-cooled films exhibit comparable structures, vapor deposition provides an efficient com-
putational method for generating low-energy glasses. For instance, forming a liquid-cooled
film with t., = 1.4 x 10°74 requires 5.0 x 107 time units and 5.0 x 10° seconds on a
particular machine. To form a vapor deposited film of equal energy, one can deposit with
tdep = 1.4 X 10274 and T = 0.76 Ty, which requires 5.12 x 106 time units and 4.1 x 10* sec-
onds on the same machine, or approximately one order of magnitude less CPU time. Using
predicted equivalent cooling rates from Table 4.1, we anticipate that this difference becomes
greater for more stable, lower-energy films. We estimate that our most stable PVD films,
prepared with 4., = 1.4 X 10 7,,, would require over three orders of magnitude more CPU

time if prepared by liquid cooling.

4.2.3  Kinetic properties

The stability of the PVD films prepared here, based upon two measures, is comparable
to that observed in experiment. First, we calculate the fictive temperature, Ty, of several
liquid-cooled and PVD films. The fictive temperature is defined as the temperature at which
the energy line extrapolated from the glass phase meets the energy line extrapolated from
the equilibrium liquid phase, as shown in Figure 4.4. In the experiments of Swallen et
al., the fictive temperature of the glass former 1,3-bis-(1-naphthyl)-5-(2-naphthyl)benzene
(TNB) (Ty = 347 K) was measured for three types of films: ordinary liquid-cooled films,
aged liquid-cooled films, and PVD films[50]. These authors found the 7't of these films to be

0.99 Ty, 0.95 Ty, and 0.91 T}, respectively. Later work in which PVD films were formed at
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Figure 4.4: Potential energy versus temperature for PVD and liquid-cooled films on heating.
Fictive temperatures, T'r, are calculated for three types of films: Shown in red and blue are
films formed by liquid cooling at our smallest and largest cooling time, respectively. Shown
in green are films formed by vapor deposition at our largest deposition time. The fictive
temperatue is calculated to be the temperature where the extrapolated liquid line (dashed
black) meets the extrapolated glass lines (dashed red, blue, green). Films are heated from
below Ty at a constant rate of 2 x 1076 in reduced units. We calculate fictive temperatures
of 1.05 Ty and 0.94 T} for the liquid cool films, and 0.89 T} for the PVD films.

slower deposition rates yielded TNB films with 7' of 0.88 T [73]. Following their work, we
calculate T'r for three types of films: films formed by liquid-cooling with t.,, = 1.4 X 101 74,
films formed by liquid-cooling with ¢.,,; = 1.4 X 106 7, (analogous to an aged glass prepared
by liquid cooling), and films formed by vapor deposition using our slowest deposition rate,
tdep = 1.4 X 10* 7. The results are shown in Figure 4.4. We find Ty =1051Ty, 0947, and
0.89 Ty for the three classes of films, respectively. To measure T, films were heated at a
constant rate of 2 x 1070 from well below Ty. The ordering and spread of the corresponding

fictive temperatures from simulations are consistent with those found in experiment.

Second, we calculate transformation times for both liquid-cooled and PVD films and com-
pare them to experiment. The transformation time is defined as the time required for a
material to melt after rapid heating to a temperature above Ty. Ultrastable PVD glasses

have been shown to melt through a liquid front that originates at the surface of the film.
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Growth front velocities for ultrastable indomethacin (IMC) have been measured across a
wide range of temperatures above Tj;. These velocities have been found to be constant over
a wide range of film thicknesses [74]. We measure film transformation times by rapidly heat-
ing films from below Ty to 1.1 Ty, and determining the time required for the film to reach an
equilibrium energy, as described in the Methods section. The results, normalized by 7, at
T = 1.1 Ty, are shown in Figure 4.14. Energies used to calculate these transformation times
are shown in Figure 4.15. The experimental 7, of IMC at T'= 1.1 Ty is 1.3 x 10~% seconds,
while our 2D system shows a 74 of 1.48 x 10710 seconds assuming a Ni-P model. Our most
stable PVD films show a transformation time of 158 7, and are 8.93 nm thick, using a
Ni-P model. Using data from the literature, we calculate that a 8.93 nm thick film of IMC
would melt over 354 74, where 7, is measured at 1.1 T, for IMC[74]. By this comparison,
our PVD films are just over half as stable as would be expected experimentally for films of
this thickness. Note, however, that this comparison is highly speculative, given that both
the materials and dimensionality of these two types of films are different. We suggest that
the lower stability observed in simulations relative to experiment is expected, given that our
slowest film growth rate (using a Ni-P model) is 48 pum per second. Experimental growth
rates are typically a few nanometers per second, i.e. several orders of magnitude slower.
Additional details on the conversion to real units and film growth rates are given in the

“Conversion to real units” section of the Methods[75].

4.2.4  Comparison with 3D films

Vapor deposition in two dimensions is more efficient than in three dimensions. Two-dimensional
films exhibit surface regions which show higher mobility than 3D films assembled using com-
parable models. This trait allows 2D materials to explore configuration space more effectively,
which we suggest leads to the lower inherent structure energy seen in 2D. To compare 2D
and 3D films formed by PVD, we examine 3D films with the same interaction parameters as

in 2D, but with x4 = 0.80, as in previous work [72, 58]. We define the efficiency of vapor
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deposition as the ratio of a PVD film’s growth rate to the film’s equivalent liquid cooling
rate. In 2D, equivalent ¢.,,; values are found using the power law shown in Equation 4.1. In
3D, Ejg is linearly fit to log(t.,.;) for accessible cooling rates. By combining results from
3D films generated using NVE deposition (Figure 4.16) with the 2D data presented here, we
estimate that vapor deposition in 2D is between 6 x 101 and 6 x 102 times more efficient

than in 3D for the films with the lowest inherent structure energies.

Molecules near the surface of a glassy film are more mobile than those in the bulk [76].
Highly mobile molecules can explore configurations more rapidly, thereby allowing films
prepared by vapor deposition to reach lower energies than those without mobile surface
regions. Consistent with this understanding of surface mobility and our estimated efficiencies,
we find that molecules near the surface of 2D films are both more mobile and encompass
a thicker region than in 3D. To quantify these observations, we calculate (Ar?) of 2D and
3D films for a range of temperatures and film stabilities. For 2D and 3D samples held at
T = 0.75T,, we find that molecules in the surface region are, on average, 70% more mobile
than those in the bulk. The high-mobility region extends nearly twice as far into the film
than in 3D, as shown in Figure 4.5. Surface mobilities do not depend strongly on film
stability, as shown in Figure 4.17. Mechanistically, we suggest that the thicker and more
mobile surface layer in 2D allows atoms to sample more configurations before being frozen
into their glassy states, thereby enabling exploration of lower energy basins along the free

energy landscape.

4.2.5 Heat transfer through films

As hot vapor particles impact the surface of growing films, energy is transferred from the
vapor into the film. In this material, heat transfers along tightly coupled strings of particles.
Correlated strings of particles in glasses have been reported before[77]. Note, however, that

the strings discussed here are inherently different as they correspond to events initiated by
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Figure 4.5: Mobility of atoms in both 2D and 3D PVD films. We measure (Ar?) with respect
to distance from film surface calculated over 7, op time units for 2D and 3D films. Both

films were formed with ¢4, = 1.4 x 101 Ta,2Ds Which gives nearly equal film growth rates.
The films are held at 7" = 0.757,. Comparing 2D to 3D, the surface region is 70% more
mobile and nearly twice as thick in 2D. The surface region is defined using the distance from
surface where linear interpolations of the bulk region and the more steeply sloped surface
region meet. Error bars represent the standard error from 20 2D and 3D films.

newly deposited hot surface particles that introduce a disturbance. Several representative
configurations of long strings are shown in Figure 4.6. Particles in these thin strings reach
kinetic energies near that of the vapor particle at impact. While 75% of these strings pene-
trate less than 4 atom diameters into the film, occasionally, such strings can be significantly

longer. In 3% of the cases, strings penetrate over seven atom diameters into the film, thereby

providing a highly focused energy transfer process down to a relatively large depth.

Heat transferred along strings enters the film much more rapidly than would be expected
from a diffusive mechanism. To illustrate the difference, one can rely on a simple one-
dimensional continuum model where heat only transfers by diffusion. The continuum model’s
surface is initialized at a high temperature, such that the total amount of heat added to the
continuum and molecular dynamics models are the same. Parameters for the continuum
model, such as heat capacity and thermal diffusivity, are determined from molecular dynam-

ics simulations as described in the Methods section. One can then generate temperature
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Figure 4.6: Strings of high-energy particles resulting from the impact of a vapor atom during
the PVD process. The four panels, (a), (b), (c), and (d), show independent examples of
energy transfer along strings of particles after a vapor particle impacts the surface of the
film. The kinetic energy of each particle is normalized by kpT},. Prior to impact, the films
were equilibrated at 7" = 0.57;. As energy travels through the string, it is localized to
only one or two atoms at a time. For clarity, atoms involved in a string are shown with
their maximum kinetic energy over the lifetime of the string. The particle that impacted
the surface is colored red or green, depending on whether it is of type A or B, respectively.
Particles already in the film are colored white or black for type A or B, respectively.

profiles with respect to distance from the film’s surface of these two models as they evolve
in time. Figure 4.7 shows the temperature profile of the PVD films shown in Figure 4.6 as
compared to the continuum model at 1.1 x 10~ 27, after impact or initialization. If one looks
at heat transfer averaged over many films, the continuum results are recovered, as shown in

Figure 4.21. However, in the case of long strings, heat transfer is much faster and energy is

much more localized than in the continuum case, as shown in Figure 4.7.
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Figure 4.7: Temperature profiles resulting from continuum and molecular dynamics heat
transfer when vapor particle impacts on the surface of a film. The temperature profile of
molecular dynamics simulations shown in Figure 4.6 is shown 2.6 x 10~%7,, after the impact
of a vapor atom, as compared to temperature profile from similar continuum simulation.
The continuum simulation is initialized with a high temperature at its surface to match heat
added by vapor atoms’ impact. Molecular dynamics simulations which show long strings are
used to show the process’s effect on thermal transport. The molecular dynamics temperature
profile is taken from a narrow slice of the film around the four strings shown in Figures 4.6,
such that the temperature increase can be easily resolved.
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4.2.6  Structural features

The 2D films considered here exhibit considerable local pentagonal and rectangular order.
Figures 4.1 and 4.8 show representative configurations of the system. The ¢5 and ¢g order
parameters (which select for local pentagonal and rectangular order, respectively), are used
here to analyze the structure of the films[67]. Additional details on the order parameters’
selectivity for different geometries are given in Figures 4.22, 4.23, and 4.24. The ¢; order
parameter, which is calculated for each particle based on the arrangement of its neighbors,
is defined in Equation 4.2, where «a is a particle, IV is the set of a’s neighbors, and Y}, is the

spherical harmonic for the specified [ and m:

m<l

@)= |5 S lamfa)l (1.2
m=—I
1
ma) == Y (a — n) (4.3)
a N%ZN z

High g5 pentagons tend to form mostly as five white type A particles surrounding a single
black type B particle. For this reason, g¢5 is calculated only for type B particles. The
qs parameter is calculated for all atoms. The nearest four neighbors of atoms in high ¢g
rectangular structures tend to be of different type, thereby maximizing the A-B interaction.
Figure 4.1 shows a contour map of g5 and gg values calculated for a liquid-cooled film with a
cooling time of ¢y, = 1.4 x 101. Here §j denotes a time averaged q; parameter averages over
in-cage vibrations. It can be seen that high-qg clusters are of medium size, while locally-
ordered g5 clusters, which cannot tessellate, appear to be pentagonal. A similar coexistence
of medium-range ordered clusters and locally-ordered structures was reported in a simulated

atomic glass system in which particles’ anisotropy frustrated crystallization[78].
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Figure 4.8: Contour maps of g5 and gg for liquid-cooled and PVD films both with Ejg =
~3.95. Panel (a) shows liquid-cooled film formed with t.y = 1.4 x 10° 74 at T = 0.25T.
Panel (b) shows vapor deposited film formed with tg., = 1.4 x 10374 and Ty = 0.75T,.
These films are of equal inherent structural energy, allowing for direct comparison of the
structures. The ordering within these two films shows no systemic differences, suggesting
that isotropic PVD glasses are equilvalent to those formed by liquid cooling when the films
are of equal inherent structure energy.

To assess the extent of order in these films, particle groups are classified as highly ordered
or not using a simple cutoff scheme described in the “Order parameters” section of Methods.
High-order cutoff values are chosen to be ¢5 = 0.55 and ¢g = 22.0, or 78% and 34% of their
values relative to perfectly pentagonal or square configurations (which yield the maximum

values for these order parameters). All results can be reproduced using different cutoffs as

shown in Figures 4.25, 4.26, 4.27, 4.28, 4.29, 4.30, .

We define the degree of order, D;, as the fraction of particles involved in high-/ ordered
groups. We plot the D; for all PVD and liquid-cooled films in Figure 4.9. We find that as
the films become more stable, the gg character decreases, while the g5 character increases.
This can be appreciated by visually comparing Figure 4.9 to Figure 4.3, and by comparing
the relatively unstable film in Figure 4.1 to the relatively stable films in Figure 4.8. Given
the direct relationship between these parameters and Ejg, we conclude that the structure

and stability of these films are well captured by the ¢5 and gg parameters.
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Figure 4.9: Degree of g5 and gg order in PVD and liquid-cooled films. Dashed lines represent
data from liquid-cooled films, while solid lines represent data from PVD films. Panel (a)
shows data for the gg order parameter while Panel (b) shows data for the g5 order parameter.
The colors correspond to the same rates as in Figure 4.3, where blue is t = 1.4 X 100 74,
orange is t = 1.4 x 10° 7, and colors in between are separated by one order of magnitude
in cooling rate. Dj increases with film stability while Dg decreases. These data show the
same trends as the inherent structure energy shown in Figure 4.3, suggesting that these
metrics provide a quantitative link between structure and stability in these glassy films. Dg
is calculated using all particles in the bulk, while Dj is calculated using only type B particles
in the bulk, as pentagonal structures form almost exclusively around these atoms. Error bars
represent the standard error; they are only shown for liquid-cooled samples when the error
is non-negligible.
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Figure 4.10: Degree of g5 and ¢g ordering for vapor deposited and liquid-cooled films versus
inherent structural energy. Solid circles represent vapor deposited data while open circles
represent liquid-cooled data. Data for liquid cooling is taken from runs with t.,, ranging
from 1.4 x 10! 7, and 1.4x 10 7,, while data for vapor deposition is taken from runs with tdep

ranging from 1.4 x 109 7, to 1.4 x 10% 74, Only data from films with 7" < 0.57}; are used. g5
and gg show an inverse relationship with ¢5 increasing with film stability and gg decreasing.
The ¢; values of films with equal energy appear substantially equivalent regardless of film
formation style, considering that compositions of the two types of films are not identical.
Figure 4.10 shows the degree of g5 and gg order vs. Ejg for all liquid-cooled and PVD
films. Only data from films well in the glassy state, T < 0.2, are included. The ¢5 and
gs trends with temperature are similar and independent of the process of formation. These
results can in fact be used to estimate inherent structure energy from degree of order since
both D5 and Dg behave monotonically with Ejg. The degree of gg order for PVD films on
average lies slightly below that of liquid-cooled films. We attribute this slight difference to

the differences in composition between PVD and liquid-cooled films: on average, their bulk

compositions are Y4 = 0.648,0.637, respectively.

Note, however, that more subtle differences could in principle exist between PVD and
liquid-cooled samples. In Figure 4.31, we present data on the scale of ordered groups in
these films. As with D;, we find that the properties depend solely on Ejg of the films.

Figure 4.8 compares vapor deposited and liquid samples with Ejg ~ —3.95. The contour
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map shows no systematic differences in high-order cluster size, location, or shape. Comparing
the film in Figure 4.1 to the more stable films in Figure 4.8, one can appreciate the increase

in ¢5 and the corresponding decrease in gg character that comes with increasing stability.

To conclude, a new method was introduced to prepare glasses in silico through a process
of vapor deposition. The method was applied to investigate a model 2D glass forming liquid.
After comparing the structure and energy of the resulting materials to that of ordinary liquid-
cooled glassy films, it was found that in-silico physical vapor deposition greatly expands the
range of film properties and structures that can be accessed as compared to traditional liquid
cooling. In the 2D materials studied here, the range of structures includes pentagonal clusters
and square-grid ordered regions of varying size. Under appropriate conditions, forming films
by physical vapor deposition creates extremely low energy films, equivalent to liquid-cooled
films cooled five orders of magnitude slower than possible on available computers. By varying
the rate of vapor deposition, it is found that the ideal substrate temperature decreases with
slowing deposition rate. In 2D, the surface layer of glassy films is thicker than it is in 3D,
leading to a more effective PVD formation mechanism. Upon impacting a growing PVD
film, newly deposited molecules form strings of hot particles that can reach well into the
interior of the film, possibly providing an additional relaxation mechanism that helps the
system explore its energy free landscape. An analysis using bond order parameters that
select for square and pentagonal order revealed that films transition from a high square-grid
character structure to a locally-ordered pentagonal structure as films stabilize. By examining
the change in D5 and Dg in films formed using both methods, it was possible to establish
that the degree of order does not depend on the formation type. More generally, the results
presented in this work serve to demonstrate that, for the simple, isotropic model considered
here, the glassy materials prepared by PVD are the same as those prepared by gradual
cooling from the liquid phase, and that PVD glasses correspond to liquid-cooled glasses

prepared at extremely slow cooling rates.
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4.3 Methods

4.3.1  Simulation Parameters

The films in this work consist of a binary mixture of Lennard-Jones particles with a third
particle type acting as the substrate. The interaction potential is given by Equation 4.4,
where r is the distance between two particles, r. is the distance beyond which interactions

are not considered, and € and o change the strength and range of the interactions.
E = 4e ((5)12 - (5)6) r < e (4.4)
T

These simulations use the values r. = 2.5, €44 = 1.0, eqp = 1.5, egg = 0.5, 044 = 1.0,
oap = 0.8, opp = 0.88. Values of € and o for the A and B particles acting on the substrate
are 1.0 and 0.75, respectively. The masses of all particles are set to 1.0. The simulation
box uses periodic boundary conditions in the z dimension and finite in y. The x dimension
is parallel to the substrate while the y dimension is perpendicular. The simulations box is
300 4 4 wide and the height is set so that the boundary is 100 4 4 above the surface of the film
as it grows. A timestep of At = 0.005 is used for all simulations. A Nosé-Hoover thermostat

is used to maintain the temperature of all NVT ensembles [79].

Inherent structural energies were calculated by minimizing configurations using the FIRE
algorithm with energy and force tolerances of 1 x 10_10[80]. All simulations were performed

using LAMMPSJ[81] and all figures were generated using Matplotlib[82].

4.3.2  Formation of PVD Films

Vapor deposited films are formed by initializing a substrate, then adding groups of atoms to
the simulation box and allowing them to settle and cool on the growing film. The substrate
is formed such that it does not impose any strong ordering the on film. First, substrate

particles are randomly placed in a small rectangular area near the bottom of the simulation
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box. The rectangle spans the width of the box and is 3 044 tall. The atoms are tethered to
their original positions using harmonic springs with a spring constant £ = 5. The substrate is
then minimized using the FIRE algorithm. The substrate atoms are then re-tethered to their
minimized positions using harmonic springs with £ = 1000. The initial weak spring ensures
that the substrate thickness stays roughly constant during the minimization. Throughout the
simulation the temperature of the substrate is held constant using a Nosé-Hoover thermostat
in an NVT ensemble as described above. A wall with a harmonic repulsive potential is placed
10 0 4 4 above the substrate. The wall is moved as the film grows to keep the distance between
the film and the wall constant.

The film is grown using the following method: Ten particles are initialized in a region 3—5
o 44 above the growing film. The particle types are chosen to keep the film configuration as
close to x4 = 0.65 as possible. The particles are initialized with random velocities at 7' = 1.0,
as in previous work[58, 72]. The new particles and the growing film are then simulated as an
NVE ensemble for ¢4,,. The new particles cool by natural heat transter through the growing
film to the substrate. This process is repeated until the films have a height of approximately
300 44-

In all but films formed with ¢4, = 1.4 X 109, the film temperature was tightly distributed
around 7. Film temperatures for those formed with ¢, = 1.4 X 10 were deposited quickly
enough that T'¢;;,, was roughly 0.17} higher than T5. In these cases, the actual temperature

of the film was used in data.

4.3.8 Formation of Liquid Cooled Films

Liquid-cooled films are generated by heating vapor deposited films to 7" = 1.0, then recooling
linearly over the time ¢.,,;. The wall and substrate spring parameters are not changed during
this process. To ensure the independence of each liquid-cooled film, the heated configurations
are equilibrated for a random time ranging from 100 to 10000 time units while at 7" = 1.0.

The films are cooled to T" = 0.05, at which point the inherent structural energy has essentially
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stopped decreasing.

4.3.4  Transformation Time Measurements

Transformation times are measured by heating a film to 7' = 1.1 Ty over 100 time units,
then setting the thermostat to 7" = 1.1 Ty and measuring the potential energy of the film as
it melts. When a film’s potential energy is 90% of the way from its initial energy to its final
energy, it is said to be transformed. We find that if the films are instantaneously heated from
very low temperatures (7' = 0.25 T;) to above T}, the films expand extremely quickly, push
off the static substrate, effectively ‘jump’. For this reason, we introduce the initial heating

step.

4.83.5 Thermal Conductivity Measurements

Parameters for the one-dimensional continuum heat transfer were taken from molecular
dynamics simulations. In the model, the equation ‘é—?cv = q = kVT is iterated, where T is
temperature, t is time, ¢, is heat capacity, and « is thermal conductivity. ¢, is determined
by heating the systems around in the temperature of interest, and measuring the energy
required. Thermal diffusivity is measured using the Green-Kubo relation which relates the

auto-correlation of heat flux to thermal diffusivity.

4.3.6  Order Parameters

When selecting highly ordered gg clusters, two techniques are used to refine groupings. First,
any cluster that is of 5 or fewer atoms is ignored. Second, we note that multiple gg clusters are
occasionally connected by single-atom-wide chains of gg-ordered atoms. For the purposes of
counting cluster size, we would like to separate these clusters, as they are structurally distinct
(but still connected). To do this, we remove particles from gg clusters using the following

method: First, we count how many of a given atom’s neighbors (within a radius of 1.2) are in
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a gg ordered group. Then we look at those ordered neighbor particles and perform the same
count. If the sum of all of these ordered neighbors is less than five, we remove the particle
from its ordered group, as the atom is likely part of some thin protrusion or connection. The
beta relaxation time is defined here as the time over which the self-intermediate scattering
function decays from its initial value of 1 to its in-cage plateau value of roughly 0.9 as shown
in Figure 4.42. A neighbor cutoff of 1.2 was used for equation 4.3. This value represents
the first minimum in the radial distribution function and gave good contrast for bond order

parameter values.

4.3.7  Conversion to Real Units

In order to facilitate comparison to experiment, the Lennard-Jones units used in this work
are converted to real units. We cast type A particles into nickel and type B particles into
phosphorus. The simulated atom of nickel (type A) has mass and Lennard-Jones parameters
of unity; to convert into real units, one only needs the energy, length, and mass by which those
parameters were normalized. Dimensional analysis shows that the time unit in simulation
is given by typit = 0\/m_/e, with Lennard-Jones parameters for nickel as € = 5.65kcalmoll
= 23,640 mol!, o = 2.5521019m, and the mass is 58.69103kgmolt [75]. Dividing the and
mass by Avogadros number, we find that the real time unit is 4.02110'3s. Our longest PVD
simulations lasted 9.2100 simulation timesteps with dt = 0.005 Lennard-Jones time units,
which translates into a real time of 1.8510™%s. Films are roughly 350, or 8.93 x 10~ 9meters

thick, giving a growth rate of 48um per second.
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4.4 Appendix

Figure 4.11: A sample vapor deposited configuration generated using ¢4, = 1.4 x 10%7,, with
Ts = 0.67T,. This film represents one of our most stable configurations. Type A particles

are shown in red while type B particles are shown in green.
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Figure 4.12: A sample liquid cooled configuration generated using t,.,,; = 1.4 x 1017, taken
at T' = 0.257}. This film is among our less stable configurations. Type A particles are shown

in red while type B particles are shown in green.
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Figure 4.13: Self-intermediate scattering function for 2D films at 7" = 1.17Ty and T" = 1.25T}

calculated with ¢ = 5.8, as determined from the static structure factor. 7, is taken to be

where the value of the self-intermediate scattering function decays to 1/e. We normalize all

simulation times by 7, taken at T'= 1.17y, 370 Lennard-Jones time units.
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Figure 4.14: Transformation times of PVD and liquid-cooled films measured at 7" = 1.17}.

Transformation times are normalized by 7, measured at 7" = 1.17,. The characteristic

formation time of the films, ¢4y, refers to ¢4, for PVD films and .,y for liquid-cooled

films. Error bars represent standard deviations of transformation times.
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Figure 4.15: Potential energy vs. time for films which have been quickly heated to 1.17j.
Energies are used to calculate film transformation times shown in Figure 4.14. Dashed lines
represent liquid cooled data while solid lines represent vapor deposited data. Legend values
refer to t.y, Or t4e, for a given data set, in units of 7o (calculated at T = 1.107j). The
transformation time is defined to be when the film has moved 90% of the way from its initial
energy to its equilibrium energy. This is a two stage melting process. In the first stage,
which we observe here, locally ordered structures melt. In the second, film composition will
re-equilibrate given the new temperature. As described in the main text, the composition
of these films is not uniform, and can depend on formation method and rate. Thus energies

after the first stage of melting are not all precisely equal.
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Figure 4.16: Inherent structural energies for liquid cooled, NVE deposited, and NVT de-
posited films for 3D glass films. We find that NVE deposition is at least as efficient as NVT
in 3D as well. We use the standard 3D Kob-Andersen model, with x = 0.8, and deposit at
several rates and substrate temperatures. Figure XX shows that NVE energies are at least
as low as in NVT Dashed lines represent liquid cooled films, solid lines represent PVD films
formed with NVE deposition, which dotted lines represent PVD films formed with NVT
deposition. The data shows that both NVE and NVT deposition produce highly stable
films. The data also shows that NVE deposition is at least as effective as NVT, making it
a preferable method as it is more physically realistic. Error bars represent standard error.

The cooling or deposition rate is represented by 7, which is in Lennard-Jones units.
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Figure 4.17: Mobility data for 3D PVD films formed at several deposition rates with T =

0.8Ty. Films formed with slower deposition rates are more stable and show slightly lower

mobilities. The deposition rate is labeled as 74e,. Note that the films formed with 74, =

2.0 x 10~° are thinner than others, thus the data does not extend as far from the surface.
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Figure 4.18: Mobility data for 2D and 3D PVD films equilibrated at several temperatures,
all formed using NVE deposition at tg., = 1.4 X 1017, which corresponds to roughly the
same growth rate for both types of films when growth rates are normalized by 7,. Dashed
lines represent 3D films, while solid represent 2D films. The fraction of species A, A = 0.65,
0.80 and Ty = 0.21, 0.335 in 2D and 3D, respectively. < r2 > is measured for At = 7. As
temperature increases, the mobile layer extends further into the film. At the same multiple
of Ty, the mobile layer in 2D always extends further. At this deposition rate, the growth

rate of 2D and 3D films are nearly equal.
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Figure 4.19: Change in x and y from vapor atoms’ position at initial touchdown and cooling
to their position once 300 more atoms have been deposited and the tracked atoms have been

glassified. Values shown are for type A atoms only. Films are formed using 4., = 1.4 10%7,.
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Figure 4.20: Change in x and y from vapor atoms’ position at initial touchdown and cooling
to their position once 300 more atoms have been deposited and the tracked atoms have been

glassified. Values shown are for type B atoms only. Films are formed using ¢4, = 1.4 1047,
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Figure 4.21: Temperature profile for PVD films shortly after the impact of many vapors,
and a 1-dimensional model which mimics a PVD film where heat only transfers by diffusion.
PVD film data are shown in green while data from the continuum model are shown in blue.
In contrast to material presented in the main text, where the impact of only one atom was
considered, here we consider the impact of many atoms. As a result, the continuum results

are recovered.
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Figure 4.22: Several sample configurations for which the g5 and ¢g order parameters are
calculated. The q parameters are calculated for the red center atoms of each configuration.
Note that the q order parameters are based on spherical harmonics and thus depend only on
the angle between the red center atom and each neighbor. Thus configurations such as an
octagon and a square represented by 8 points as shown in (e) are equivalent. Also included
are calculated g5 and gg values for configurations (a) through (e). gb selects strongly for 5-
fold symmetry (b) and weakly for 8-fold symmetry (e). The cutoff we use for high g5 order is
above the g5 value for an 8-fold symmetric configuration as shown in (e). The gg parameter

selected strongly for 4 and 8-fold symmetry, and very weakly for other symmetries.
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Figure 4.23: Several sample configurations for which the g5 and ¢g order parameters are

calculated. The calculated values are shown in the associated table. The blue dashed line

represents a perfect pentagon. The q parameters are calculated for the red center atoms

of each configuration. The configurations range from a perfect pentagon (a) which yields a

maximum g5 value to configurations which yield lower g5 values. While these configurations

are representative, they are by no means the only configurations which yield these values.

The configurations were generated by starting with a perfect pentagon and randomly rotating

points around the center until the desired g5 value was reached. Panel (d) represents a g5

value of 0.55, that used as a cutoff in the main work.
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Figure 4.24: Several sample configurations for which the g5 and ¢g order parameters are
calculated. The calculated values are shown in the associated table. The blue dashed
line represents a perfect square, which yields a maximum ¢g value. The q parameters are
calculated for the red center atoms of each configuration. The configurations range from a
perfect square (a) which yields a maximum ¢g value to configurations which yield lower gg
values. The configurations were generated by starting with a perfect square and randomly
rotating points around the center until the desired gg value was reached. Panel (e) represents
a qg value of 22, that was used as a cutoff in the main work. Note that while many of these
configurations appear similar to the eye, different cutoffs can distinguish between varying
degrees of order. For example, increasing the high-order gg cutoff from that used for (e)
to that used for (d) significantly decreases the fraction of high-order atoms, as can be seen
comparing Figure 4.9 in the main work to Figures 4.28 and 4.25 in the Supplementary

Information.
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Figure 4.25: Fraction of highly ¢g ordered atoms for vapor deposited and liquid cooled films.

Solid lines represent vapor deposited films, while dashed lines represent liquid cooled. The

color of each line represents the rate at which its films were formed, as described in the main

text. The data here was generated using a gg cutoff value of 24, rather than 22 as in the

main text.
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Figure 4.26: Fraction of highly g5 ordered atoms for vapor deposited and liquid cooled films.

Solid lines represent vapor deposited films, while dashed lines represent liquid cooled. The

color of each line represents the rate at which its films were formed, as described in the main

text. The data here was generated using a gs cutoff value of 0.60, rather than 0.55 as in the

main text.
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Figure 4.27: Degree of g5 and ¢g ordering, Dy, for vapor deposited and liquid cooled thin
films vs. inherent structural energy, Erg. Solid circles represent vapor deposited data while
open circles represent liquid cooled data. Films used are identical to those used in the main

text. This data uses the high crystallinity thresholds as shown in Figures 4.25 and 4.26.
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Figure 4.28: Fraction of highly ¢g ordered atoms for vapor deposited and liquid cooled films.
Solid lines represent vapor deposited films, while dashed lines represent liquid cooled. The
color of each line represents the rate at which its films were formed, as described in the main
text. The data here was generated using a gg cutoff value of 20, rather than 22 as in the

mailn text.
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Figure 4.29: Fraction of highly ¢5 ordered atoms for vapor deposited and liquid cooled films.
Solid lines represent vapor deposited films, while dashed lines represent liquid cooled. The
color of each line represents the rate at which its films were formed, as described in the main
text. The data here was generated using a g5 cutoff value of 0.50, rather than 0.55 as in the

main text.
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Figure 4.30: Degree of g5 and ¢g ordering, Dy, for vapor deposited and liquid cooled thin
films vs. inherent structural energy, E7g. Solid circles represent vapor deposited data while
open circles represent liquid cooled data. Films used are identical to those used in the main

text. This data uses the high crystallinity thresholds as shown in Figures 4.25 and 4.26.
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gs Cluster size

Figure 4.31: Average size of gg high-order clusters for liquid cooled and vapor deposited
films as discussed in the main text. Cluster size is reported in number of atoms. Dashed
lines represent liquid-cooled data while solid lines represent vapor deposited data. We find
that ordered gg domains grow smaller with film stability and decreasing D8. The noise in
this data is due to the low number of gg clusters found in each sample. The data shows
that the ¢g cluster sizes for vapor deposited and liquid-cooled films are roughly equivalent
for films of equal energy. Error bars represents 95% confidence intervals. As films become
very stable, they show so few gg clusters that the data become noisy. Thus, cluster size data

for our most stable films is not included.
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Figure 4.32: Radial distribution function for all-all in liquid cooled films formed with ¢.,,; =

1.4 x 1097, at T' = 0.16 and PVD films formed with ¢4, = 1.4 x 1037, with Ty = 0.16.
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Figure 4.33: Radial distribution function for A-A in liquid cooled films formed with ¢.,,; =
1.4€57, at T' = 0.16 and PVD films formed with ¢4, = 1.4 x 1037, with Ts = 0.16.
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Figure 4.34: Radial distribution function for A-B in liquid cooled films formed with ¢.,,; =
1.4e57, at T'= 0.16 and PVD films formed with tdep = 1.4 x 1037'a with T = 0.16.
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Figure 4.35: Radial distribution function for B-B in liquid cooled films formed with .., =
1.4€57, at T' = 0.16 and PVD films formed with ¢4, = 1.4 x 1037, with Ts = 0.16.
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Figure 4.36: Structure factor for all-all in liquid cooled films formed with ¢.,,; = 1.4e57, at

T'=0.16 and PVD films formed with ¢4, = 1.4 X 1037, with Ts = 0.16.
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Figure 4.37: Structure factor for A-A in liquid cooled films formed with .., = 1.4e57, at

T =0.16 and PVD films formed with t.,, = 1.4 x 1037, with T} = 0.16.
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Figure 4.38: Structure factor for A-B in liquid cooled films formed with ¢.,,; = 1.4e57, at
T'=0.16 and PVD films formed with ¢4, = 1.4 X 1037, with Ts = 0.16.
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Figure 4.39: Structure factor for B-B in liquid cooled films formed with ¢.,,; = 1.4e57, at
T =0.16 and PVD films formed with t., = 1.4 x 1037, with T; = 0.16.
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Figure 4.40: Inherent structural energies for liquid cooled and NVT deposited 2D films.
Dotted lines represent liquid cooled energies and solid lines represent vapor deposited. All
conditions in these simulations are identical to those done in the main work except for
the deposition style. Films produced by NVT deposition are significantly less stable than
those produced by NVE deposition. NVT deposition in 2D also fails to show an ideal
substrate temperature as is shown in both experiment and NVE deposition. Previous work
has employed thermostats to control the temperature of the substrate, film, and newly added
atoms, with new atoms being cooled linearly to the film temperature (NVT deposition). In
this work, a thermostat is only applied to the substrate, which acts as a heat bath for the

rest of the film, which has no thermostat applied to it (NVE deposition).
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Figure 4.41: Deviation of film temperatures from substrate temperatures for all deposition
rates and substrate temperatures. Legend values refer to ¢4, in units of 7, measured at
T = 1.10Ty. The deviation occurs due to the heat from vapor atoms. Heat is absorbed by
the substrate, which is held under at constant temperature. If deposition occurs quickly,
a temperature gradient through the film occurs. Each point represents the average of the
instantaneous temperature of ten 35 ¢ thick films. At equilibrium, the temperatures of the
film and substrate will be equal to within thermal fluctuations. However if vapor atoms
are added too rapidly, the film temperature could deviate from that of the substrate. For
films deposited with t4., = 1.4 x 1097, T'fi1m was used for all calculations. For all other

deposition rates, Ts was used in calculations.
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tdep/ Ta | Ts/ 1y teool/ Ta
1.4x10% | 0.87 | 1.5x10?
1.4x101 | 0.79 | 4.0x10°
1.4x10%2 | 0.73 | 1.4x10°
1.4x103 | 0.70 | 4.7x107
1.4x10% | 0.68 | 1.5x10%0

Table 4.1: Predicted liquid cooling time required to form films with energy equal to vapor
deposited samples deposited with ideal substrate temperature. Predicted liquid cooling rates
are calculated using Equation 4.1. Ideal substrate temperatures are found by fitting a cubic
spline to Eyg vs. Ts at a given ¢4, using data shown in Figure 4.3.
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Figure 4.42: Self-intermediate scattering function for 2D films at T" = 0.8T} calculated with
q = 5.8, as determined from the static structure factor. We use data from this figure to
estimate the in-cage relaxation time, 75, which is used to time-average positions for analysis
of local order. The time must be at least long enough for particles to sample configurations
within the local cage. For this reason, we use the time where the scattering function has

fully decayed to its plateau value, 10 Lennard-Jones time units.
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CHAPTER 5
AGGREGATION AND SOLUBILITY OF A MODEL
CONJUGATED DONOR-ACCEPTOR POLYMER

5.1 Introduction

In thin-film organic semiconductors, specifically bulk-heterojunction organic photovoltaic
(OPV) cells[83, 84], the film morphology is exceedingly complex[85]. The inability to control
morphologies of organic semiconductors (OSC) is perceived as a limiting step in the successful
commercialization of these materials [86]. While some OSC exhibit glass transition tempera-
tures (T) below room temperature[87], many have T}’s significantly above 298K([88, 89, 90]
and exist in kinetically trapped, glassy morphologies. As solution-deposition is the most
common processing route for many OSC, solution-phase conformations may be kinetically
trapped into the deposited film morphology.

Evidence has emerged indicating that solution-phase polymer conformations influence
the morphology of solution-deposited thin-films[91, 92, 93, 94, 95, 96, 97, 98, 99, 100,
101]. Increases in OSC performance have been obtained via solution-deposition at high
temperatures[102] or in poor solvents[103, 104, 105], suggesting that control over solution-
phase aggregation phenomena can improve device performance. Many OSC materials ag-
gregate in solution, as even relatively good solvents are not “good” in the traditional Flory
definition[106]. Indeed, even for short oligomeric chains, optical studies have revealed the
occurrence of single-chain folding in oligomers above a critical molecular weight;[107, 108] in
test systems, the enthalpic contributions to similar processes have been quantified[109]. Side-
chain engineering has proven a powerful avenue for manipulating solubilities of conjugated
polymers, with branched versions of common alkylic side-chains often improving solubility
relative to that of chemically equivalent linear side-chains.[110]

Molecular modeling is used here to shed light on the solution-phase conformations of con-

jugated polymers. While experimental methods can be applied to assess general aggregation
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trends,[111, 112, 113] molecular simulations can describe the atomistic structure of the ag-
gregates that give rise to complex optoelectronic phenomena. We emphasize that in recent
studies, atomistic[114, 115, 116, 117, 118, 119] and coarse-grained[120, 121, 122] simulations
have broached the topic of solution-phase conformations of conjugated polymers. However,
an understanding of the thermodynamic contributions to conjugated polymer solubility, and
their potential chemical manipulation, is lacking.

In this letter we examine the conformations and solubilities of the common OPV polymer
PTBY in explicit solvents, and determine the mechanisms by which side chain structure
influences these essential properties. To assess solubility, we determine the free energy change
upon aggregation of a pair of PTB7 oligomers. We validate this approach by comparing
free energies to experimental solubilities and find general agreement for a series of common
solvents. Results are also validated against aggregation of longer oligomer chains. Once
validated, we employ this approach to study the solubility of three side chain variants of
PTBT7: branched (2-ethylhexyl), linear (octyl), and cleaved (methyl). We find that side
chains disrupt the stacking of conjugated polymer backbones, and in the case of branched
side chains, enhance solubility. However, the enhanced solubility is not directly related to the
disrupted backbone structure, but rather the destabilization of the solvent associated with
the more disordered, bulky structure. These results provide both an experimentally-validated
framework for screening conjugated polymer solubility and a means of understanding the

structural origin of solubility in conjugated materials.

5.2 Results

5.2.1 Solubilities in a variety of solvents

Three common solvents/additives are studied: chlorobenzene (CB), chloronapthalene (CN),
and diiodooctane (DIO). Our approach, based on dimer formation, captures three key contri-

butions to the Flory-Huggins y parameter: solute-solute, solute-solvent, and solvent-solvent
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interactions. The details of the procedure are provided in the Methods but, to summarize:
Pairs of PTB7 stacked oligomers are solvated. Dimers of PTB7 are used, which are long
enough to show strong stacking motifs. Steered molecular dynamics is performed to gener-
ate initial configurations for free energy sampling, which is performed using replica exchange
umbrella sampling, measuring the free energy with respect to the center-of-mass (COM)
separation of the two conjugated PTB7 backbones.

Calculated free energies of aggregation (A A) are shown in Figure 5.1, where r is the COM
separation, n is the degree of polymerization, and L. is the contour length. Free-energies
are normalized by the degree of polymerization (n). PTB7 in CB and CN shows a shallow
free energy basin with a minimum of ~ —8.4 kJ/mol-n, whereas in DIO it exhibits a deeper
basin of &~ —25.1 kJ/mol-n. The deeper free energy basin in DIO indicates that DIO is
a worse solvent than both CB and CN. Experimentally determined solubilities for PTB7
in CB, CN, and DIO are (;75, ;75 and j0.1) mg/mL, respectively. It was not feasible to
determine exact solubilities, and solutions with high concentrations of PTB7 were opaque
and gel-like. Despite this, experiments clearly differentiate between good and poor solvents,
and simulations are in agreement. The two free-energy minima of Figure 5.1 present at
r/Le =~ 0.5 and /L. =~ 0.05 correspond to the oligomers having one or both, respectively,
of their monomers stacked with the other oligomer. This suggests that PTB7 oligomers
(dis)aggregate via a sliding process, rather than a rotationally isotropic approach. Visual

examination of trajectories as shown in Supplementary Information supports this hypothesis.

5.2.2  Single chain properties

To ensure that dimers capture simulated polymer solubilities more broadly, we study the
structure of PTB7 10-mers in CB, CN, and DIO. Ten-mers are initialized in a self-folded
state and are run for 100 ns at 300 K. Three replicates are run for each solvent. Aggregates
unfold in good solvents and remain folded in poor solvents. The 10-mers in CB unfold at 4,

10, and 53 ns. Two of three 10-mers in CN unfold at 13 and 40 ns, while the third remains
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Figure 5.1: Free-energy vs COM separation of two PTB7 oligomers with 2-ethylhexyl side-
chains in CB, CN, and DIO. Free-energy is normalized by the degree of polymerization (n)
and the COM separation (r) by oligomer contour length (L.). Poor solvents yield more
stable aggregated states, corresponding to low values of AA at r/L. =~ 0.

folded. All 10-mers in DIO remain folded. These results are consistent with solubility
trends from dimer simulations. From configurations which unfold, persistence lengths of
PTBT7 are calculated to be 4.3 nm and 4.1 nm in CB and CN, respectively, using a simple
worm-like chain model[123]. To further validate these results, small angle neutron scattering
measurements were performed on low molar mass PTB7 (= 35 kg/mol) in d°-CB. From
these measurements, the persistence length was determined via a flexible cylinder model to
be 5+ 1 nm at 298 K, which is in good agreement with our calculated value, particularly
since the persistence length is expected to be larger for higher molar masses. These results
suggest that dimers capture the relevant polymer behavior to predict solubilities.

Solubility parameters can also be computationally determined as explained in the Sup-

porting Information; however, they fail to capture experimental solubility trends.
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(a) Branched (b) Linear (c)  Cleaved

Figure 5.2: Representative configurations of PTB7 aggregates with (a) branched (2-
ethylhexyl), (b) linear (octyl), and (c) cleaved (methyl) side-chains. The aggregate with
branched sidechains is poorly stacked while tgat with linear or cleaved sidechains is well-
stacked. These behaviors are quantified through average backbone stacking energies of AU =
—58, =71, and —88 kJ/mol-n for a), b), and c) respectively.

5.2.8  Modifying polymer architecture

Having established that free energy calculations qualitatively predict solubility, we examine
the mechanisms by which PTB7 sidechains might be varied to control solubility and aggre-
gation. To that end, PTB7 is studied in explicit CB solvent with three different types of
side-chains: branched, linear, and cleaved. The branched and linear variants are chosen to
conserve carbon atoms (2-ethylhexyl/octyl). Representative snapshots of the polymer archi-
tectures are shown in Figure 5.2. Dimers are used for branched and linear variants, while
4-mers are used for those with cleaved side chains. These degrees of polymerization ensure
that the aggregate shows an aligned and stacked structure, as would be seen in a larger

polymer.
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Figure 5.3: a) Free energy b) potential energy and c¢) entropy vs scaled COM separation
r/L¢ of two PTBT oligomers with three variants of side-chains in explicit CB solvent. All
energies are normalized by the degree of polymerization (n).
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The free energies of aggregation for the side chain variants are shown in Figure 5.3 a).
The free energy minima suggest that the structures with linear and cleaved side chains also
aggregate via a sliding mechanism. Branched PTBT7 is more soluble than that with linear side
chains, as demonstrated by the 8.4 kJ/mol-n difference in the depth of the free energy basin.
This phenomenon is commonly observed in experiments[110], accounting for the proliferation
of polymer architectures with branched side chains. Curiously, the PTB7 cleaved side-chain
oligomer shows a free energy basin that is nearly identical to that of the variant with linear
side chains. This goes against the intuition that the addition of side chains reliably increases

solubility:.

5.2.4 Understand energetic contributions

To quantify how side chain structure influences solubility, the free energies of aggregation are
decomposed into enthalpic and entropic contributions in Figure 5.3 b) and c), respectively.
The linear sidechain variant is the most enthalpically stable, and also shows the lowest
entropy, suggesting an ordered aggregate, which is corroborated by Figure 5.2 b). The
branched side chain variant differs, showing the highest enthalpy and the second lowest
entropy. The cleaved side chain variant, on the other hand, shows the highest entropy. This
is likely due to the side chain degrees of freedom being reduced upon aggregation, which
does not occur in the cleaved side-chain case. The backbone stacking energy for the three
side-chain variants suggests that this entropic difference is not due to backbone stacking

disorder (AU = —88 kJ/mol-n vs -58 and -71 for branched and linear, respectively).

Entropic contributions can be attributed to backbone and side chain disorder, however en-
thalpic contributions require more study. Figure 5.4 a) partitions AU into polymer-polymer
interactions shown in solid lines and solvent interactions shown in dashed lines. The nega-
tive of the solvent interaction energy is shown. The variant without side chains shows the

smallest AU for both types of interactions, as it has the fewest atoms. Interestingly, AU of
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polymer-polymer interactions is strongest for oligomers with branched side chains, despite
showing the highest system AU. Two features must be explored: first, why do polymers with
branched side chains aggregate more favorably, and second, how do these stable branched

side chain aggregates lead to a less stable system overall?

The favorable polymer-polymer interactions are not explained by enhanced backbone
stacking interactions. Figure 5.4 b) shows backbone-backbone energies for the three PTB7
variants, demonstrating that side chains disrupt backbone stacking. The data show that
cleaved, linear, and branched side chains destabilize aggregates from least to greatest, respec-
tively. These backbone energies do not correlate with polymer-polymer energy, suggesting
that while side chains disrupt w-stacking, they are not directly responsible for the change in
solubility:.

Figure 5.4 ¢) demonstrates that the enhanced stabilization of oligomers with branched
side chains originates from strong sidechain-backbone interactions. With the backbone stack-
ing disrupted, the branched architecture of the side chain can associate freely with the back-
bone, resulting in the highly stable oligomer aggregate.

We now examine solvent energies in Figure 5.4 d). Solid lines depict the AU of polymer-
solvent interaction energy and in dashed lines the AU of solvent-solvent interaction energy.
The data show that aggregates with branched side chains interact least favorably with the
solvent, despite having the same number of atoms as those with linear side chains. This
energetic contribution is largely responsible for destabilizing the system of aggregated PTB7
with branched side chains. We therefore suggest that the more disordered aggregation motifs
caused by the branched side chain structures create a less favorable interaction surface for
the solvent, which plays a crucial role in determining solubility.

Taken together, these results unveil the intricate behavior of solubility in complex organic
molecules. While dogma has long held that branched side chains increase solubility by

disrupting backbone stacking, we propose a more subtle picture. While side chains do disrupt
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Figure 5.4: Potential energy (AU) contributions of the three PTB7 variants. For all panels,
blue, green and red data sets refer to branched, linear, and cleaved sidechain structures. a)
AU of polymer-polymer interactions (solid lines) and the negative sum of solvent-polymer
and solvent-solvent interactions (dashed lines). The difference between these two is the total
AU of the system. b) AU of interactions between conjugated oligomer backbones. Results
indicate that sidechains disrupt backbone stacking. ¢) AU of sidechain-backbone (solid lines)
and sidechain-sidechain (dashed lines) interactions. d) AU of polymer-solvent (solid lines)
and solvent-solvent (dashed lines) interactions. 95% confidence intervals are shown.
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backbone stacking, this does not directly lead to increased solubility. In fact, aggregates
with more complex side chains are more stable in the absence of solvent. Rather, the side
chains’ effect on solvent interactions dominate the enthalpic contribution to the free energy
of aggregation. Entropic contributions can be understood through the lens of side chain-
induced disorder, however these interactions are relatively small compared to the enthalpic
contribution. To design materials with higher solubility, we suggest that new designs should
include side chains that maximize polymer disorder to the extent that it disrupts solvent

structure.

5.3 Methods

Simulations utilize the opls-aa force-field for explicit solvent[124], and an opls-style atomistic
force-field for PTB7 recently parameterized in the literature[114]. Simulations employ the
GPU code DASH[125]. A Lennard Jones interaction cutoff of 1 nm was used for all sim-
ulations. Coulombic interactions in the solubility parameter simulations used the damped
shifted force with a cutoff of 1.2 nm. Coulombic interactions in the free-energy simulations
used a short-range cutoff of 1.2 nm and the particle-particle-particle-mesh formalism for
long-range interactions. The Nose-Hoover thermostat was used, with a time constant of 200

fs. Details of the free energy sampling are given in Supplementary Information.

5.3.1 Fxperimental Solubilities

Saturated solutions were prepared by mixing an excess of PTB7 with a small volume of each
test solvent, (200 to 300)uL, and stirring for 24 h at room temperature. The saturate was
filtered from the solution using a 0.45 pum PTFE filter and diluted in ortho-dichlorobenzene
(oDCB) to achieve an optical density suitable for ultraviolet-visible (UV-Vis) absorption
measurement. Measurements were performed at room temperature using a PerkinElmer

Lambda 950 UV/Vis spectrometer.[126] Absorbance was compared to a set of standard
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curves with known concentrations of PTB7 in oDCB.

5.3.2 Measurement of Persistence Length

Small angle neutron scattering (SANS) measurements were performed at the NIST Center for
Neutron Research (NCNR) on the NG7 SANS instrument, and data were reduced and fit to
a flexible cylinder model using software described elsewhere.[127, 128] Detailed information

is provided in the Supporting Information.

5.4 Appendix

5.4.1 Free Energy Sampling

Simulations of the dimer aggregate are initialized at low density and equilibrated at 1 atm
with dimers held in a stacked configuration. The collective variable sampled is the distance
between the conjugated backbone center of mass for each oligomer. Steered MD is performed
in SSAGES to generate snapshots required to initialize free energy sampling [129]. Free
energy sampling is performed using replica exchange umbrella sampling, also with SSAGES.
Umbrella sampling windows are placed from 3.0 A to the oligomer contour length at intervals
of 0.5 A. A harmonic restraint potential of k=3 kCal/mol is used, and exchanges between
neighboring replicas are proposed every 1 ps. 16 independent replicates are average for each
curve, and each replica exchange window is sampled for a total of 3 ns, totaling 1.9 us of
simulation time for the shortest oligomers. A weighted histogram analysis method[130] is

used to compute the free-energy surfaces of Figures 5.1 and 5.3.

5.4.2  Computational Solubility Parameters

Solubility parameters are calculated using an approach in line with previous work[131, 132],
in which Equation 5.1 is directly evaluated. In the expression of Eq. 5.1, Ez pap and Ey j;,

are the molar potential energy contribution of z (dispersive or electrostatic potentials) in
106



m
Olit dsim | Od.sim | e.sim | Ra | sprBr(31)

PTB7 18.0 | 17.5 43 | N/A
CB 19.6|133] | 19.8 | 19.3 4.4 3.7 > 75
DIO 18.8|133] | 19.6 | 19.5 1.7 4.8 < 0.1

oDCB | 20.5[134] | 20.9 | 20.1 5.8 9.5
Toluene | 18.2[134] | 18.7 | 18.1 4.9 1.3

[133]
[133]
CN 20.7[133] | 20.9 | 204 | 43 | 5.8 > 75
[134]
[134]

Table 5.1: Calculated solubility parameters as compared to literature, with R, values for
PTBT7 and each solvent. Literature values of the Hildebrand parameter from experiment and
group theory contribution are listed in column d;;;. Value for DIO is calculated from group
contribution theory while the remainder are determined experimentally, Values of the Hilde-
brand parameter as calculated in simulation are given in column dg;,,. g, 1S decomposed
into two Hansen-like solubility parameters, d; and ., which represent dispersive and electro-
static cohesive energy densities. R, is calculated as the geometric distance between PTB7
and each other solvent’s solubility parameters. Absolute solubilities s p g7 were determined
as described in the text.

the vapor and liquid phases, respectively, and V), is the molar volume of the pure solute.
Ez vap is measured by equilibrating a single molecule in vacuum and measuring the average
potential energy contribution of z. E,, j;, is measured by equilibrating a liquid of the molecule
and measuring the separate dispersive and electrostatic components. All simulations are
maintained at 300 K and 1 atm, with data taken over the course of 5 ns for both liquid and
vapor simulations. To measure V;;, the molar volume of PTB7, a box of 80 PTB7 dimers are

equilibrated at 1 atm for 5 ns, and the appropriate potential energies are measured.

E —FE.
5y = \/ xﬂ)apv x,liq (5.1)
m

§=1/03+ 62 (5.2)

To assess the validity of this approach, we compute the solubility parameters of PTB7,
CB, DIO, CN, oDCB, and toluene, and compare them to experimental values found in the

literature (Table 5.4.2). Solubility parameters are computed as described in Methods.
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Computed solubility parameters accurately reproduce experimentally observed Hilde-
brand parameters. The prediction for DIO, on the other hand, is significantly different, pos-
sibly because the value from literature is calculated from group contribution methods rather
than experiment[133]. To test the ability of classical force-fields to predict the solubility
parameters of conjugated polymers, PTB7’s solubility parameters, dq 4, and electrostatic
de,sim, are computed. To assess the accuracy of PTBT7’s solubility parameters, we have com-
pute the solubility radius (R,;) of PTB7 in CB, CN, oDCB, Toluene and DIO. It is clear
from Table 5.4.2 that the computed solubility radii do not accuracy describe the trends in
solubility observed experimentally. Because of this generally poor performance, we adopt a
more sophisticated atomistic simulation methodology to understand the structure and ag-
gregation of PTB7 in explicit solvents. We note that this has no impact on the utility of
experimentally derived solubility parameters, which have recently been applied successfully

to organic semiconducting materials[135, 136, 137].

5.4.3 Small Angle Neutron Scattering (SANS) Data and Fit Results

All measurements were performed under dark conditions due to reports in the literature
suggesting that the radius of gyration of a semiconducting polymer chain is reduced in
the presence of illumination.[138]. Data reduction and correction to absolute intensity was
performed using the NCNR macros[127] in IgorPro.[126] Measurements were performed on a
special grade of PTB7 obtained from 1-Material with a manufacturer’s estimated molar mass
of (25 to 50) kg/mol at a concentration of 2 mg/mL in d°-chlorobenzene. Measurements
were made at 298 K and 308 K. Reduced data for the two temperatures were simultaneously
fit (with the contour length and contour length polydispersity constrained to be equal for
the two samples) to a flexible cylinder model in SasView using the DiffeRential Evolution
Adaptive Metropolis algorithm (DREAM) fitting engine.[128]SANS Data and the fits using
the flexible cylinder model for PTB7 in d®-chlorobenzene (d°-CB) are shown in Figure 5.5.

The fit results are given in Table 5.2 below. From the contour length, the molar mass was
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Figure 5.5: SANS Data for PTB7 in d®-chlorobenzene (2 mg/mL) at a) 298 K and b) 308
K. Lines correspond to the best fit to the flexible cylinder model. Error bars correspond to
one standard deviation in the experimental uncertainty.

estimated to be ~ 35 kg/mol, which falls well within the range provided by the manufacturer

- further validating the fits. The persistence length (l,) was computed from the Kuhn length

(Iy;) through the following relationship: l,=lj /2.
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Table 5.2: Parameters obtained from fits to SANS data with the flexible cylinder model.
SLD is the polymer scattering length density fit parameter (not corrected by sample con-
centration), Radius is the cylinder radius, I, is the Kuhn length, T is the temperature, and
Lc and P.D. are the contour length and contour length polydispersities, respectively, which
were forced to be equal for both fits. The scattering length density for the solvent was set
t0 4.909 x 1076 as determined from the NCNR scattering length density calculator.

T L Iy, P.D. Radius SLD Background

(K) | (nm) | (nm) ratio (nm) 1076 (A) (em™1h)
208 [48+2 [ 10+1 | 0.5+0.2 | 1.32+£0.03 | 4.802 + 0.002 | 0.041109 + 0.00008

308 11£2 1.37£0.03 | 4.806 £ 0.002 | 0.040773 £ 0.00008
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CHAPTER 6
MOLECULAR-LEVEL CHARACTERIZATION OF ORGANIC
PHOTOVOLTAIC INTERFACES USING NMR-INFORMED
SIMULATION TECHNIQUES

6.1 Introduction

In thin-film organic semiconductors, specifically bulk-heterojunction organic photovoltaics
(OPVs) cells[83, 84], the development of rigorous processing-structure-function models is im-
paired by challenges in structural characterization techniques. While a variety of techniques
exist to characterize organic electronics, few produce a molecular-level understanding of film
structure. For example, electronic microscopy cannot distinguish between organic phases of
similar electron density[139], a common trait in organic electronics. Scattering curves can
yield ambiguous interpretations as there is typically not a unique fitting model. To address
this and other issues, we introduce a new materials characterization technique which com-
bines rotational-echo double-resonance (REDOR) NMR with molecular simulation to yield
a molecular-level perspective of the bulk heterojunction in organic photovoltaics.

In recent years, REDOR NMR has emerged as a powerful technique to characterize dis-
tances between atoms with non-zero nuclear spins[140]. This technique, which measures
dipolar coupling between such nuclei, has been applied widely to characterize various crys-
talline and molecular structures, for example in inorganic compounds[141, 142] or small
organic molecules[143, 144, 145, 146]. Dipolar coupling decays with inverse distance cubed,
making this technique a sensitive reporter to particle distances. More recently, this technique
has been applied to the organic photovoltaic blend of electron donor poly(3-hexyl thiophene)
(P3HT) and electron acceptor phenyl-C61-butyric acid methyl ester (PCBM), to study the
interfacial structure within these complex devices [147]. For this system, 13C -detect 2H -

dephase REDOR NMR is employed, where for P3HT the beta-hydrogens are 2H enriched,

111



and for PCBM the fullerene cage is isotopically enriched to roughly 18% 13C . These modi-
fications create dipolar couplings which relate to the distances between atoms in P3HT and
PCBM, and thus to bulk phase separation and interfacial structure.

To relate REDOR measurement to physically meaningful quantities, however, the signal
must be mapped to an atomic configuration. This is a daunting task, as the problem is
underdetermined. In addition, rigorously calculating REDOR signals from atomic configu-
rations is exceedingly computationally intensive[147]. Recently, approximations have been
developed which allow for REDOR NMR measurements to be computed as a relatively
straightforward closed-form function of atomic coordinates[147, 148, 149]. These new func-
tional forms open the door for molecular simulation to perform this crucial mapping and
uncover the molecular-level structure of organic photovoltaics.

Here, we introduce techniques to generate large-scale simulations which show specified
REDOR NMR signals. Using a representative coarse-grained model, we first show that while
a REDOR NMR signal does correspond to many distinct configurations, when prepared prop-
erly these configurations are indistinguishable when one studies their phase separation and
interfacial behavior. We then use the techniques developed to study with atomistic models
the PSHT /PCBM bulk heterojunctions which show a variety of REDOR NMR signals, in-
cluding those formed in experiment. Finally, we use this technique to study the free energy
of phase separation within the P3HT /PCBM system, with application to experimental for-
mation processes. Importantly, these techniques bypass the standard timescale limitations of
molecular dynamics[150, 151] by directly biasing simulations to show experimentally-relevant
configurations. Taken together, this work lays out a framework for generating experimen-
tally relevant bulk heterojunction configurations and investigating the underlying free energy

surface of complex amorphous mixtures.
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Figure 6.1: Diagram of REDOR biasing technique. On left is shown a fully-formed
P3HT/PC61BM bulk heterojunction with P3HT shown in red and PC61BM in teal. This
system has been biased to show an experimental REDOR signal. At right is shown a zoomed-
in P3HT-PCBM pair. The single 2H atom on each P3HT monomer interacts with the
13 enriched fullerene cage of the PC61BM. The distances between the pairs of atoms, rOH,
are used in equation 6.1 to calculate the REDOR signal and apply biasing forces.

6.2 REDOR Simulation Technique

REDOR NMR is employed to study phase separation in complex organic photovoltaic ma-
terials. PC61BM is synthesized such that the fullerence cage consists of 18% 13C atoms,
while P3HT is synthesized with 2H in the beta position. These resulting couplings between
2H and 13C atoms yield a REDOR signal which corresponds to interfacial structure and
phase separation, with fast signal decay corresponding to smaller 2H - 13C distances on av-
erage, or more mixing of the two components, and slow signal decay corresponding to larger
2H - 13 distances on average, or less mixing. A diagram depicting a bulk heterojunction

with 2H - 13C couplings highlighted is shown in Figure 6.1.

Recent work has demonstrated that straightforward functional forms can accurately ap-
proximate REDOR NMR signals[147]. These functional forms are closed form expressions of
the relevant atoms’ coordinates - those with non-zero nuclear spin. Here we briefly outline

the functional forms developed by Nieuwendaal. Equation 6.1 gives the form of the dipolar
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coupling, where i is the permeability of free space, the two values of v are the gyromag-
netic ratios of the two species, in this case 2H and 13C, and r;; is the distance between
the two atoms. Equation 6.2 describes the REDOR signal as a function of dephasing time
(t) given by a single 2H/13C spin pair. A single 13C with multiple 2H neighbors yields the
functional form given by Equation 6.3. The entire sample gives a signal which is simply the
average of that given by each 13C | as shown in Equation 6.4. To bias simulations to match
experimental REDOR measurements, an external potential is introduced to the system as
shown in Equation 6.5. A biasing force is applied to each atom given by F; = —g—g where 7

represents the ith particle.

D;;(t) = —Z—ﬁvgﬁ (6.1)
]
Yo, (t) = 0.67(1 — exp(—(ktDij)2)> (6.2)
Yo,)=1- [[ (-Ygm,®) (6.3)
j€neigh
AS —
S—O(t) =Ye(t) (6.4)
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6.3 Results and Discussion

6.3.1 Coarse grained polymer model

The process of mapping a handful of experimental REDOR data points to a large simulation

consisting of thousands of particles is a highly underdetermined problem. Here, we show

that while this problem is underdetermined, a particular REDOR signal yields a unique set
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a structural characteristics that is robust to a variety of material formation techniques. To
demonstrate the uniqueness of the REDOR measurements, we use a coarse grained molecular
dynamics model consisting of a mixture single bead molecules and bead-spring polymers with
a glass transition temperature (7;) = 26K for the 50/50 particle mass fraction used here,
where each particle has a mass of 1. The Lennard-Jones parameters between the bead (a)
and chain (b) types are for o in A: (a-a, 3), (a-b, 2.25), (b-b, 1.5) and € in kCal/mol: (a-a,
0.12), (a-b, 0.096), (b-b, 0.06). The parameters are chosen to inhibit crystallization. These
two molecules are analogous to PCBM and P3HT, which are used for experimental and
simulation work later in the text. Bead and polymer systems are initialized in four distinct
configurations: completely mixed (mixed), phase separated with polymer initialized within
a sphere surrounded by beads (separated), phase separated with polymer formed in a single
periodic cylinder (cylinder), and phase separated with polymer formed in four evenly spaced
cylinders (multi cylinder). Simulations are initialized in these four configurations at a range
of temperatures and then biased to values of AS/Sy corresponding to low, medium, and high
degrees of phase separation. Low and high phase separation corresponds to values of AS/S,
reached in fully mixed and fully phase separated configurations. For each configuration,
interfacial area between the polymer particles and bead particles is calculated, along with
phase purity (¢). Here, ¢ is defined as the mean square deviation of local mass composition
from the bulk composition. Results are shown in Figure 6.2. As can be seen, at temperatures
increase past Ty, samples approach identical values of SA/vol and ¢ regardless of initial
configuration. Samples prepared below T, do not necessarily show the same structural
features, indicating that the different systems were unable to relax to structurally similar
configurations. Thus, we suggest that if the system of interest is sufficiently mobile, a given

REDOR signal yields a unique structure as determined by the metrics studied here.
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Figure 6.2: Structural metrics calculated for coarse-grained systems which have been ini-
tialized in a variety of configurations, then biased towards particular REDOR values. The
four colors correspond to different initial structures as defined in the main text: ‘mixed’,
‘separated’; ‘cylinder’; and ‘multi cylinder’. These four initial configurations are then biased
to three different REDOR values, corresponding to REDOR values which are high (fully
mixed, dotted lines), medium (partially mixed, dashed lines), and low (phase separated,
solid lines). We then calculate SA /vol of the polymers and beads, and ¢. As temperature
increase past Ty = 26K, initial configurations can be biased to structurally indistinguishable
final configurations based on the REDOR value, expect in the case of the fully mixed initial
configuration.
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6.3.2  Organic photovoltaic systems

Having established that a given dephasing curve yields systems with unique structural char-
acteristics when prepared properly, we examine the structural features of the P3HT /PCBM
bulk heterojunction. Experimental REDOR measurements are of films which are 50/50
P3HT/PCBM by mass. We create systems in simulation which match these films’ exper-
imental REDOR values by applying the external potential as shown in Equation 6.5. Ex-
perimental and simulated REDOR signals are shown in Figure 6.3. The REDOR biasing
technique produces simulated configurations which closely match experimental REDOR sig-
nals. A representative configuration which shows experimental REDOR values is shown in
Figure 6.1. Also shown in Figure 6.3 are REDOR data sets for simulations which have been
biased to show the minimum and maximum values of AS/Sy = 0 and 1. These values corre-
spond to the least and greatest achievable phase separation, respectively. While the function
form of the REDOR signal allows for the values between 0 and 1, the physical constraints

of the force field limits the signal to within the bounds seen in Figure 6.3.

6.3.3 Bulk heterojunction analysis

Having created materials which show experimental REDOR signals, as well as those which
correspond to minimum and maximum phase separation, we now analyze the structural and
composition features which result. To analyze phase purity in these systems, we calculate the
local mass fraction of each of the studied systems. Mass fractions are calculated for grid cells
with a side length of 1.3 nm, and are shown in Figure 6.4. For films with AS/Sy — 1 regions
with composition near the global value of 50/50 mass fraction appear become dominant. For
experiment unannealed and AS/Sy — 0 configurations, there exist many regions of near-
pure P3HT, and small populations of pure PCBM. The values of ¢ for each class of film, along

with the purity of each phase is reported in Table 6.1. Here, purity is defined as as the mass
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Figure 6.3: Experimental and simulated REDOR curves. The ‘Exp unannealed’ set shows
the experimental REDOR signal for a 50/50 P3HT/PC61BM unannealed blend. The ‘Sim
unannealed’ set shows the REDOR signal from a simulation which has been biased to show
experimental REDOR data. The ‘Sim AS/Sy — 0’ and ‘Sim AS/Sy — 1 7 sets show the
REDOR signals of simulations which have been biased to show average AS/S values of 0
and 1, respectively. These sets demonstrate range of values which REDOR the signal can
physically assume within this system.
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Figure 6.4: Probability distributions of local mass fraction of P3HT for P3HT /PCBM blends
biased to different REDOR signals. Mass fractions are computed on a grid with a side length
of 1.3nm. Error bars are 95% confidence intervals. Systems are created with a side length
of 15nm to allow for large domains to form.

Table 6.1: Interfacial and phase purity statistics for bulk heterojunction simulations formed
with particular REDOR values. SA/vol, ¢, and purity of both P3HT and PC61BM phases
are shown.

AS/Sy— 0 AS/Sy— 1 Exp unannealed

SA /vol (A1)

0.032+3.6 x 104

0.204+3.5x 104

0.109+2.7 x 10~42

¢

0.204+4.2 x 104

0.023+2.1x 1074

0.122+38 x 1074

Purity P3HT

0.933+1.1 x 1073

0.651+6.1 x 10~°

0.841+1.6 x 10~°

Purity PC61BM

0.949+6.1 x 104

0.581+9.4 x 1073

0.780 + 3.7 x 1073

fraction of a given component in grid cells where it is in the majority. At maximum phase
separation, AS/Sy — 0, the two phases are nearly pure, with P3HT and PC61BM at 93 and
95% purity, respectively. Note that even for complete phase separation, the calculated purity
values will be less than 100% due to grid discretization in the calculation. For experimental
films, phase purity for P3HT and PC61BM drop to 84 and 78%. This demonstrates that

while experimental films show distinct phases, the domains are far from pure.
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6.3.4 Free energies of phase separation

To shed further light on phase separation within the bulk heterojunction, we study the free
energy of phase separation. To calculate this quantity we employ two collective variables:
AS/Sy(t = 5.5ms) and AS/Sy(t = 19.6ms). We find that using these two REDOR time
points as collective variables is sufficient to bias the simulation between the extremes of
complete phase separation and complete mixing. We use replica exchange umbrella sampling
to perform these calculations. As noted previously, simulations with an applied REDOR
bias must be allowed to equilibrate above Ty. As a result, free energies of phase separation
are calculated for systems above Ty. Sampling is performed with bins which sweep the
diagonal of this two-dimensional collective variable space. Values of AS/Sy (t = 5.5ms)
range from 0.01 to 0.35, while those for AS/Sy (t = 19.6ms) range from 0.08 to 0.83.
These values were determined by measuring the REDOR signal of systems biased to show
AS/Sy — 0 and AS/Sy — 1 at all time points. Sixty evenly spaced bins are created, linearly
interpolating between the low and high bounds for each dephasing time. A restraint strength
of k =5 kCal/mol is used for each collective variable. The resulting free energy surface is

calculated as a function of dephasing times and then re-cast as a function of ¢.

The results for a system measured at 600K are shown in Figure 6.5. Panel a shows the free
energy as a function of the two collective variables: AS/Sy (t=5.5ms) and AS/Sy (t=19.6
ms). To allow for clearer interpretation, the free energy is re-plotted in Panel b as a function
of ¢. The free energy landscape is a single minimum with a depth of roughly 80 kCal/mol
from fully mixed or fully phase separated to the equilibrium state. This demonstrates that
in an experimental system, there are no significant free energy barriers to reaching the

equilibrium state.
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Figure 6.5: Panel a: Free energy with respect to the two sampled collective variables mea-
sured at 600K. Panel b: Free energy plotted as a function of phase separation, ¢ along with
the probability distribution of ¢. The free energy surface is smooth, indicating that there
are no significant free energy barriers to achieving equilibrium.
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CHAPTER 7
DASH - A GPU-ACCELERATED MOLECULAR DYNAMICS
ENGINE

7.1 Introduction

In recent years, graphics processing units (GPUs) have come to the forefront of high per-
formance computing[152, 153, 154]. In contrast to central processing units (CPUs) which
have relatively few powerful processors, modern GPUs such as the GeForce Titan V contain
over 5000 processors. For highly parallelizable problems, the tightly coupled cores on the
GPU can yield speedups of 10 times over optimized CPU code executing on a entire node
[155, 156, 157]. Molecular dynamics can be effectively parallelized on a per-bead (atom)
basis, making it amenable to GPU acceleration. A number of molecular dynamics packages,
such as LAMMPSJ[158], Gromacs[159], and NAMD[160], employ heterogeneous CPU/GPU
implementations, while others such as HOOMD-Blue[161], and OpenMM][162, 163, 164] pro-

vide pure GPU implementations.

Here, we introduce DASH, a high-performance, python-driven, GPU-implemented molec-
ular dynamics engine. DASH implements the feature set necessary for both atomistic and
coarse grained molecular dynamics, as well as several novel features, which are described in
this work. Among the features highlighted here are: an efficient coupling scheme between
CPU-based free energy sampling software and GPU-based molecular dynamics, a highly op-
timized implementation of path-integral molecular dynamics, and a flexible runtime analysis

technique which utilizes both CPU and GPU parallelism.
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7.2 Description of Software

7.2.1 Basic Features

In addition to several novel features which are highlighted in subsequent sections, DASH
includes all of the standard components and functionality required to perform molecular
dynamics simulations for a variety of systems. A brief description of the features is given

below; a more complete description is provided in the the user documentation.

e Pair potentials: Lennard-Jones, Lennard-Jones with force shift, Lennand-Jones (CHARMM
variant), Weeks-Chandler-Andersen (WCA), soft sphere, damped shifted force (DSF)
charge interactions, and particle-particle particle-mesh (PPPM) charge interactions.

New pair potentials can be easily added. Complicated aspects such as traversing
neighborlists are abstracted from the programmer and user through effective use of

C++ templates.

e Bonded potentials: Harmonic bonds, quartic bonds, FENE bonds, harmonic an-
gles, CHARMM angles, cosine-delta angles, OPLS dihedrals, CHARMM dihedrals,
harmonic impropers, CVFF impropers. As with pair potentials, adding additional

potentials requires little effort on the part of the programmer.

e Miscellaneous potentials: Walls (harmonic and Lennard-Jones potentials), linear
momentum control, TIP3P, TIP4P, q-TIP4P/Fw, and E3B3[165] water potentials,

per-particle spring restraints, as well as harmonic and quartic external potentials.

e Thermostats, barostats: Nosé-Hoover thermostat, Langevin thermostat, Andersen
thermostat, velocity rescaling thermostat, Nosé-Hoover barostat, Berendsen barostat,

Monte Carlo barostat.

e Integrators: Velocity Verlet, FIRE relaxation[80], gradient descent relaxation.
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Figure 7.1: Timesteps per second for HPMC oligomer solvated in q-TIP4P /Fw water. DASH
employs a single GPU in this benchmark, while LAMMPS employs up to 64 threads. DASH
is run on a GeForce 1080Ti, while LAMMPS is run on tightly coupled 16 thread Sandy
Bridge E5-2670 processors.

DASH also shows very strong performance. We benchmark DASH versus LAMMPS using
a complex molecular system: an oligomer of hydroxymethylpropyl cellulose (HPMC) solvated
in ¢-TIP4P/Fw water. The system consists of 20,565 atoms. This benchmark includes pair
interactions, bonded potentials, short and long range electrostatics (using PPPM method),
and rigid body dynamics. The performance in shown in Figure 7.1. Here, DASH uses a
GeForce 1080T1, while LAMMPS uses 16 thread Intel Xeon E5-2670 Sandy Bridge processors.
Extrapolating the performance of LAMMPS, one would have to employ 146 Sandy Bridge
cores in order to match the performance of DASH on a single GPU, assuming linear strong

scaling for LAMMPS.

7.2.2  Efficient free energy sampling

Molecular dynamics typically achieves a 10X speedup when run on a GPU vs. a CPU-only
machine. This is due to the trivial parallelizability of molecular dynamics - namely paral-
lelizing systems on a per-particle basis as well as spatially across multiple GPUs. Free energy

sampling, on the other hand, is not so easily parallelized. Free energy sampling methods
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inherently rely on collective variables[166, 167, 168, 169]. These collective variables may
involve particles spanning the entire system, making spatial parallelization challenging, or
they may involve complex calculations which do not commute, making per-particle paral-
lelization difficult. As a result, existing free energy sampling packages perform computations
on the CPU[166, 167, 168, 169]. This presents challenges for GPU-based molecular dynam-
ics engines, as transferring data between CPU and GPU memory is a costly process. We
circumvent this issue by making the following assumption: In many free energy sampling
problems, only a small fraction of particles in the system are involved in the relevant collec-
tion variables. For example, in protein simulations, solvent molecules typically comprise the

vast majority of atoms, while typically only proteins are involved in biasing[170].

We design a coupling to the free energy sampling package SSAGES [168] which takes
advantage of this assumption, resulting in significantly improved performance. Typical CPU-
GPU coupling involves copying all particle information between the CPU and GPU at each
timestep. The implementation of the DASH/SSAGES coupling involves significantly less
copying between the CPU and GPU. At simulation initialization, the element of SSAGES
which wraps DASH, referred to as the ‘hook’, establishes which particles are involved in
collective variables for the free energy sampling. At each simulation timestep, the particles
involved in the free energy biasing and copied to a dense array on the GPU, which is then
transferred to the CPU. Forces for free energy biasing are calculated in serial on the CPU,
the array is returned to the GPU, and forces are written into the active list of particles on

the GPU.

Using this scheme, free energy sampling can be performed while incurring a minimal over-
head. We perform benchmarks using a test system of the common conjugated polymer
PTBT solvated in chlorobenzene. The entire system consists of roughly 50,000 atoms. Um-
brella sampling[171, 172] is performed on the center of mass distance between two PTB7

oligomers, which make up roughly 400 atoms in the system. Running umbrella sampling
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incurs a 4% overhead versus simulations without umbrella sampling. For comparison, free
energy sampling is performed using GPU acceleration in GROMMACS for a similar sys-
tem, and an overhead of 103% is incurred. The sparse copying scheme implemented in
the DASH/SSAGES coupling enables significant performances enhancement over traditional

methods.

7.2.3  Efficient path-integral molecular dynamics

Nuclear quantum effects (NQEs)-such as zero-point energy and tunneling—are important
in numerous physical and chemical processes, including enzyme catalysis, phase behavior,
solvation structure, and isotope effects[173, 174, 175, 176, 177, 178, 179, 180, 181, 182, 183].
Traditionally, classical MD simulations neglect NQEs, which can result in quantitatively or
even qualitatively incorrect behavior, particularly for studies that feature light nuclei or low
temperatures.

Path-integral molecular dynamics (PIMD) provides an appealing framework to include
NQEs in a classical simulation, by exploitation of the “classical isomorphism”[184] enabled by
the Feynman path-integral formulation of quantum statistical mechanics [185]. Based on the
equivalence of an exact quantum mechanical partition function with a classical configuration
integral in an extended ring-polymer phase space[184], PIMD can be used to compute equilib-
rium properties for a quantum mechanical system by configurational sampling of an extended
ring-polymer Hamiltonian. The formalism underlying PIMD is also the starting point for cen-
troid molecular dynamics (CMD) [186, 187] and ring-polymer molecular dynamics[188, 189,
which are techniques for approximating quantum time correlation functions. Although sim-
ulation studies employing PIMD are becoming more common[190], in part due to recent
methodological[191, 192, 193, 194, 195, 196] and software developments[164, 197], widespread
and effective use of PIMD (and related techniques) remains limited by (1) its increased com-
putational expense relative to standard MD simulations and (2) its availability in versatile

MD packages/codes. Implementation in DASH aims to address both issues by providing an
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efficient, easy-to-use GPU-based platform for performing PIMD simulations.
In practice, PIMD requires simultaneous simulation of P replicas of the physical system

with interactions prescribed by an effective ring-polymer Hamiltonian:

where rg-k) is the position of the jth atom in the kth replica, pﬁk)

is likewise for the momenta,
my is the mass of the jth atom (treated equivalently across replicas), U(rgk)7 o rgl\;)) is the
potential energy of the kth replica, wp = P/fh, and cyclic boundary conditions are applied
as k =0 = P. In eq. 7.1, the interactions ordinarily computed in an MD simulation are aug-
mented by harmonic forces between same-indexed atoms in adjacent replicas. Consequently;,
PIMD simulations are typically at least P times more expensive (with additional overhead
due to communication between replicas) than a standard MD simulation. This amounts to
greater than an order-of-magnitude increase in computational cost since good convergence of
thermodynamic properties is practically obtained when P 2 Shwmax with wpax representing
the fastest vibrational frequency in the system[193], such that simulations with P = 16 or
P = 32 are common.

DASH provides basic, efficient support for conducting PIMD simulations. Both NVT
and NPT conditions can be simulated using the Andersen thermostat and a Monte Carlo
barostat; the number of replicas (beads in the ring-polymer) is allowed to be any power of
2 (within memory requirements); and by using the physical mass, RPMD simulations for
approximate quantum dynamics are permitted. PIMD in DASH is further distinguished by

several key features:

e PIMD is enabled in DASH by default, such that running a classical MD simulation is
achieved by executing a PIMD simulation with P = 1 (although the user need not be
aware of this). This design choice ensures that all algorithms and data structures within

DASH are compatibly designed to work with P > 1 from the beginning. Importantly,
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thread communication can be limited by using shared memory sensibly for kernels
that depend on P in a non-trivial way, and data can be arranged to take advantage of
both temporal and spatial locality. This is in contrast to naive implementations that
treat replicas independently but then require intermediate information-transfer among

replicas, which limit code performance.

Executing PIMD simulations is remarkably simple. Because PIMD is included by
default, no additional packages, plug-ins, or installations are required, and a PIMD
simulation can be run from an existing classical configuration with the addition of just

two lines to the user’s python script.

The equations of motions are integrated using an efficient normal-mode scheme[192].
The harmonic forces between replicas, while computationally cheap, introduce high
frequencies into the system that may require reduced timesteps and cause inefficient
energy exchange, since the ring-polymer frequencies are well separated from the phys-
ical frequencies of the system. The normal-mode integration scheme[192] essentially
takes advantage of the fact that the “free” ring-polymer Hamiltonian, which includes
the spring forces between replicas, can be integrated analytically in the normal-mode
representation, such that appropriate splitting of the time-evolution propagator per-

mits timesteps that are typical for classical MD simulations.

Non-bonded interactions are efficiently handled by performing all neighbor-listing op-
erations with the centroids of the ring polymers and by computing long-range elec-
trostatics via Ewald summation with ring-polymer (RP) contraction at the centroid
level[193, 194]. Using RP contraction avoids the need for separate Ewald summa-
tions for each replica and reduces computational cost without sacrificing accuracy. For
real-space cutoffs of 10-12 A, the root-mean-square error associated with using RP
contraction for this portion of the energy calculation is expected to be less than 0.03%
[194].
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Figure 7.2: Benchmark comparison for path-integral molecular dynamics of a solvated
polysaccharide oligomer using DASH and LAMMPS in terms of (a) timesteps elapsed per
second and (b) nanoseconds simulated per day. The difference in relative performance re-
flected by the two metrics is due to a change in timestep size for stability in the LAMMPS
simulations.

Support for more recent, advanced thermostats/barostats[192, 195] as well as mixed-quantum
resolution systems via mixed time-slicing[191] is planned for future releases.

As a first benchmark for PIMD, we compare our implementation in DASH to an imple-
mentation in LAMMPS, which is among the most widely used MD codes available. Specif-
ically, we simulate an oligomer of HPMC in aqueous solution using the CHARMM force
field[198] for HPMC and ¢-TIP4P /Fw water—a flexible 4-site model parameterized for PIMD
simulations[199]; a classical simulation (P = 1) consists of 20,565 atoms, 13,782 bonds, 7,179
angles, and 751 dihedrals, such that a simulation with P = 64 includes 1,316,160 particles

and an additional 434,304 massless charge sites on the waters. DASH simulations were exe-
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cuted using a single GeForce 1080Ti GPU card. LAMMPS simulations were executed using
fix pimd (included in the USER-MISC package) with four tightly coupled Intel Xeon E5-2670
16-thread Sandy Bridge-EP, with 64/P processors allocated to each replica. The results are
shown in Figure 7.2, with Figure 7.2a first indicating the metric of timesteps elapsed per
second. Here, DASH begins about 2.2 times faster than LAMMPS for the conventional MD
simulation, but that advantage widens to about a factor of 5, with some fluctuations, for
PIMD. This performance gain is good considering the the disparity in resources (one GPU
card versus 64 processors). Additionally, PIMD simulations in LAMMPS also required re-
duced timesteps to prevent atoms from being lost during simulation. Thus, we utilized the
largest allowable timestep in increments of 0.05 fs that allowed the simulations to run error-
free during benchmarking for LAMMPS; all DASH simulations were stably performed using
a 1.0 fs timestep. This additional consideration is reflected in Figure 7.2b, which shows the
metric of nanoseconds per day. In this case, DASH outperforms LAMMPS by at least an
order of magnitude for all P > 1. Despite indications of a normal-mode integration scheme,
LAMMPS performance was not improved when using the nmpimd option in this case.

As a second benchmark, we consider the performance of PIMD simulations of 1000, 2000,
and 10,000 q-TIP4P/F water molecules. Using DASH on a single GeForce 1080Ti with a
timestep of 0.5 fs and P = 32, we obtain 6.4, 3.3, and 0.67 nanoseconds per day. These
numbers compare favorably to benchmarks of 1.7 and 1.2 nanoseconds per day for 1000 and
2000 molecules [200], respectively, reported using OpenMM), which provides GPU support
for PIMD via its RPMD plugin, on a Nvidia GTX680. Because the GTX680 is a lower
performance GPU card compared to the 1080Ti, this comparison simply illustrates that
the PIMD implementation in DASH is competitive with other high-performance GPU-based

codes with PIMD support.
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7.2.4  Callback functionality

Flexible runtime data processing methods are essential to effective molecular simulation.
Through its Python-driven interface, DASH allows for the user to inject python callbacks
into the C++4 runtime. These callbacks are called at user-specified intervals. DASH supports
two distinct callback modes. The first, synchronous callbacks, are ideal for when data in
the simulation (such as particle positions) must be modified by the callback in runtime. A
schematic of this method is shown in Figure 7.3a. In this model, upon a callback being
issued, computation on the GPU stops, and data is transferred to the CPU. Once complete,
the user-defined python callback is called, and data is processed and transformed. Finally,
data is transferred back to the GPU and the simulation resumes. This method leads to
the GPU idling for a significant amount of time, which slows the simulation. However, any

changes made to the simulation state are carried over to the GPU.

In more performance-critical situations or where data must only be processed, rather than
modified, asynchronous callbacks are the superior choice. This method uses CPU-parallelism
and GPU streams to maximize performance. A schematic of this process is shown in Figure
7.3b. At the turn where a callback must be fired, the main CPU thread copies atom data to a
GPU buffer and launches a child CPU thread. This child thread creates a GPU stream which
runs in parallel to the main GPU stream. This second GPU stream transfers data from the
GPU buffer to the CPU. Meanwhile, the simulation continues to run. Once data transfer
to the CPU is complete, the child CPU thread calls the user callback and data analysis is
performed. Once complete, the child CPU thread is destroyed. This process allows for almost
arbitrarily complex runtime analysis to be performed while incurring minimal performance

penalties.

To demonstrate the effectiveness of this technique, we assess performance on a Lennard-

Jones fluid system using two callbacks in both synchronous and asynchronous mode. The
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Figure 7.3: Schematic of runtime operations for a) synchronous and b) asynchronous call-
backs. Synchronous callbacks can modify particle quantities during runtime, while asyn-
chronous callbacks allow for more complex runtime computations without compromising

simulation speed.
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Figure 7.4: Particle timesteps per second versus callback frequency for simple and complex
callback operations in synchronous and asynchronous mode. The simple call back (Position)
records the position of a single particle, while the complex callback (RDF) computes the ra-
dial distribution function for several particles. Asynchronous callbacks allow for significantly
accelerated simulations while computing complex quantities.

first callback simply records the position of a single particle, while the second computes a
radial distribution function for several particles - a much more computationally demanding
task. These two functions stand in for generic simple or complex functions which a user
may define on runtime. The results are shown in Figure 7.4. As can be seen, asynchronous
callbacks allow for significantly improved performance even in computationally intensive
applications. This is because the GPU idle time is eliminated in the asynchronous callback
structure. With sufficiently short intervals, performance decreases even for asynchronous
callbacks. This is because in the current implementation, only one asynchronous thread
may be running at once. The simulation must wait until one callback has finished before

beginning a second.

7.3 Conclusion

To conclude, DASH offers a flexible, high-performance framework for performing molecular

dynamics on both atomistic and coarse-grained systems. Being purely implemented on the
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GPU, DASH makes good use of the otherwise-idle CPU to perform free energy sampling
or runtime callbacks. In addition, DASH offers an efficient implementation of path integral
molecular dynamics, which takes advantage of the spatial locality of particles in a given ring
polymer. These features, together with the overall high performance of the engine, make

DASH an effective and easy-to-use molecular dynamics engine.
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CHAPTER 8
CONCLUSION

In this work, we have introduced a variety of techniques which make possible or enhance
the design and study of amorphous materials. Casting disordered materials as mechanical
metamaterials, we show that through a variety of pruning and optimization schemes, mate-
rials can be developed which show Poisson’s ratios near the lower mechanical limit. These
techniques create an extensible framework for designing tailor-made metamaterials. In the
future, such concepts will likely be applied to creating three-dimensional analogues in exper-
iment. Other avenues could also be explored, such as creating materials which show tuned
acoustic or thermal properties. While the fabrication of such devices in three dimensions
will no doubt be challenging, 3D printing technology is rapidly advancing, and with any luck
will enabled these advances in simulation to be translated into reality.

Physical vapor deposition provides another appealing method of tuning disordered ma-
terials, in this case glasses. The findings in this work provide valuable insight into the
underlying nature of these materials. Employing the findings in this work, a variety of useful
extrapolations become valid. Trends based on liquid-cooled glass data such as those de-
scribing density, moduli, or transition temperatures, can now be applied to vapor deposited
glasses based on extrapolations from the liquid-cooled analogues.

Organic photovoltaics, a perennially challenging area for practitioners of both simulation
and experiment, are perhaps the most complicated system studied here. The alphabet soup
of semiconducting organic materials combined with their rich phase behavior yields innu-
merable parameters which an experimentalist must explore. Here, our simulations provide
valuable tools to make this task more tractable. By pre-screening and designing materials for
solubility, an entire dimension in an experimentalist’s search space is removed. Furthermore,
by employing the REDOR NMR-based biasing technique developed in this work, new in-
sight can be gained into the fine-grain detail of the complex yet important interfaces between

electron donors and acceptors in organic photovoltaics.
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Ultimately, all of this work is powered by software. In our molecular simulation engine,
DASH, we seek to enhance the state of simulation software by providing a high-performance,
easy-to-use, and flexible software package. Combined with its unique features such as an effi-
cient path integral molecular dynamics scheme and efficient coupling to free energy sampling

software, DASH is a useful addition to the simulation community’s library of software.
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