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7.1 Diagram of polyG2G work�ow for case of polystyrene withnpair equal to
two andntranslate equal to one. The result of the latent translation is circled
by the dashed red line. Pink circles are carbon atoms, yellow circles are
benzene rings, and blue circles are NH2 groups. All hydrogen atoms are
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SUMMARY

Electrostatic capacitors are critical energy storage components in advanced electrical

systems in the defense, aerospace, energy, and transportation sectors. Compared with other,

more vigorously discussed, energy storage devices—such as batteries, fuel cells and super-

capacitors—electrostatic capacitors offer unparalleled power density (107 W kg� 1). This

attribute renders electrostatic capacitors particularly advantageous for deployment in di-

verse �elds, including wind pitch control (with maximum temperatures around 125 °C),

hybrid, all-electric and rail vehicles (� 150 °C), pulsed power systems (� 180 °C), aircraft

and aircraft launchers (� 300 °C), and space exploration (� 480 °C). A persistent hurdle

facing electrostatic capacitor technology involves improving their energy densityUe, es-

pecially at elevated temperatures. Overcoming this barrier would allow for considerable

reductions in both mass and volume requirements. Exploring previously unknown poly-

mers, and optimizing their chemical structure for use as a dielectric, is one route to the

discovery of capacitors that address such inef�ciencies.

However, locating these polymers within the vast chemical expanse is akin to searching

for a needle in a haystack. Arti�cial intelligence (AI) may be used to accelerate the process.

To date, state-of-the-art AI algorithms have primarily been developed and optimized for

game play, computer vision, natural language processing, and social networking, rather

than for physics, chemistry, and materials science. The �rst part of my dissertation �lls this

gap by developing AI tools in two areas:chemical structure generationandstructure-

property modeling. These include rule-based systems based purely on known chemistry,

as well as data-driven machine learning algorithms such as graph neural networks.

The second part of the thesis aims the developed tools at the discovery of polymer-based

capacitor dielectrics. Hundreds of thousands of previously unknown polymers were can-

vassed. A handful—belonging to the polynorbornene, polyimide, and other families—were

explored via molecular modeling (MD, DFT), chemical synthesis, and physical character-
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ization. Among these, one particular polymer named PONB-2Me5Cl displays remarkable

Ue values at room temperature and above. At 200 °C, the polymer has an extraordinary

Ue of 8.3 J/cc—over an order of magnitude higher than that of any commercial alternative.

This discovery widens the scope of potential applications for electrostatic capacitors at high

temperatures, such as wind pitch control, hybrid vehicles, and pulsed power systems, and

also reveals new structure-property relationships.

Despite the emphasis on polymers for electrostatic energy storage, the AI tools devel-

oped in this dissertation generalize to a broad spectrum of materials discovery challenges.

I have used the tools for the discovery of non-polymeric (MOFs) and polymeric materials

for other applications as well (gas storage and separation). Overall, this research demon-

strates the impact of AI on chemical structure generation and structure-property modeling,

highlighting the potential for materials design advancement.
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CHAPTER 1

INTRODUCTION

1.1 Background

A pivotal characteristic that sets humankind apart from the remaining animal kingdom

is the development of tools: from cookware in the Prehistoric Stone Age to hand-held

computers in the current Silicon Age. That these eras are named after materials is no

coincidence. Rather, it emphasizes a central truth: the technological progress of humankind

depends on the discovery, design, and optimization of materials.

For technologies of suf�cient complexity, �nding a suitable material among the vast

con�guration space of potential choices can feel like searching for a needle in a haystack.

The sheer numbers preclude the exhaustive synthesis, fabrication, and testing of all candi-

dates. Instead, modern science relies on modeling to inform which experiments are likely

to bear fruit and which are not. Among these techniques, arti�cial intelligence (AI) has

emerged as a particularly powerful tool, due to the capacity of machines to process vast

amounts of data in signi�cantly less time compared to the human brain.

However, state-of-the-art AI algorithms have primarily been developed and optimized

for game play [1], computer vision [2, 3], natural language processing [4, 5], and social net-

working [6], rather than for physics, chemistry, and materials science. This state of affairs

started changing over the past decade in response to the White House's Materials Genome

Initiative, the progenitor of a still-emerging “materials informatics” ecosystem. Since then,

AI has been applied to materials discovery in a number of applications, including capacitors

for electrostatic energy storage [7].

Electrostatic capacitors are critical energy storage components in advanced electrical

systems in the energy, defense, aerospace, and transportation sectors. Compared with other,
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more vigorously discussed, energy storage devices—such as batteries, fuel cells and su-

percapacitors—electrostatic capacitors offer unparalleled power density (107 W kg� 1) [8].

This attribute renders electrostatic capacitors particularly advantageous for deployment in

diverse �elds, including wind pitch control (with maximum temperatures around 125 °C),

hybrid, all-electric and rail vehicles (� 150 °C), pulsed power systems (� 180 °C), air-

craft and aircraft launchers (� 300 °C), and space exploration (� 480 °C) [9]. An existing

challenge, however, is to improve the energy densityUe, especially at high temperatures,

of electrostatic capacitors, thereby saving space and weight. For example, DC bus capac-

itors in power inverters of hybrid vehicles can occupy more than 23% of the total weight

and 35% of the overall volume [10]. Cooling systems, required to stabilize temperature-

intolerant dielectrics, take up additional space and volume.

Today's high-power capacitors use biaxially oriented polypropylene (BOPP) as the di-

electric, a material that has served well for over three decades and one on which the com-

munity, industry, and supply chain have heavily invested in. BOPP and similar polyole�ns

possess low dielectric loss and a large electronic band gapEg due, in part, to the absence of

� systems. However, these polymers also have a low dielectric constant� (since� systems

are polarizable) and poor mechanical stability at elevated temperatures (since� systems

provide rigidity). The interplay of these various factors yields a situation where BOPP

maintains suf�cientUe at room temperature but then gravely diminishes as temperature

increases, as shown in the right-most panel of Figure 2.1. An alternative approach is the

use of commercial polymers with high thermal stability. However, these polymers trade

stability for low Eg and consequently a lowUe (see PI, PEEK, PEI, FPE at right of Fig-

ure 2.1). Additional constraints are further explored in Chapter 2, exposing the tightrope

that must be walked to craft new, functional polymer dielectrics that can meet the demands

of modern and future technologies.

To a large extent, the function of a polymer is governed by its underlying chemistry.

The number of chemical permutations is astounding; even the number of ways to derivatize
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styrene alone through arene functionalization is greater than1014 (see Appendix A). Within

this vast expanse, it is likely that a plethora of high-performance polymer dielectrics await

discovery. As illustrated in Figure 1.1, well-trained and calibrated arti�cial intelligence

(AI) tools serve as a beacon, guiding one ef�ciently through the sea of chemical possibili-

ties toward the most promising of samples. These recommendations emerge as candidates

for in-depth inquiry using computation, chemical synthesis, and physical characterization.

Figure 1.1: The design of materials using modern AI starts with data. Using data, models
may be trained to learn structure-property relationships. In parallel, a pool of structures is
generated digitally. The models are used to predict properties of each structure. Among
the structures with the best predictions, a few are handpicked by human domain experts.
Chemical synthesis and characterization of the hand-picked structures generates new data,
which is added to the existing database, forming a feedback loop. The steps of structure
generation and structure property modeling are the two focus areas advanced by this thesis.

Thus far, I have claimed that AI is a productive �eld with promising applications in

materials science, but have not yet addressedwhatAI is. The de�nition of AI adopted here

is a machine that does the right thing at the right timefor a given task1. Today, systems

1Those studying and developing AI are primarily concerned withconceptualtasks. This focus distin-
guishes AI from, for example, a calculator.
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that meet this condition—at least in speci�c data-rich contexts—are very much a reality.

For instance, given the image of a German Shepherd, machines can recognize it as adog

and not acat [11]. Or, given a large and small molecule of the same homologous series,

machines predict that the former will have a higher boiling point than the latter [12].

Although these achievements have blossomed in the past decade, the roots of AI date

back to 1943 when Warren McCulloch and Walter Pitts proposed the �rst arti�cial neu-

ral network (ANN)—a system of interconnected mathematical entities, arti�cial neurons,

recorded in the notation of propositional calculus [13]. They showed that, by getting the

ANN architecture (the number of neurons and the strengths of their connections) just right,

any given task could be performed2. This raises an important question: how can we opti-

mize the network architecture to suit a speci�c task? One painstaking option is for humans

to explicitly choose and program each parameter within the architecture. Alternatively, ma-

chines canautonomously learn the most effective values for each parameter through

direct analysis of data. This latter approach has come to be known as Machine Learning

(ML). In parallel, a distinct class of AI algorithms, such as expert systems [14, 15], were

developed to solve tasks by followingpre-de�ned rules programmed by humans. Today,

state-of-the-art AI systems balance the two approaches, being driven partly by heuristics

and partly by data3. The optimal balance depends on several factors such as the task com-

plexity, the sophistication of the heuristics, architecture, and learning algorithm, available

data, and hardware.

1.2 Achievements

The research [16, 17, 18, 19, 20] conducted in this thesis follows along two parallel tracks.

There is the “Methods” track. By combining ideas from computer science, chemistry,

physics, and materials science, I have developed new AI-based methods for modeling ma-
2This bold statement deserves quali�cation. McCulloch and Pitts demonstrated that ANNs can represent

anycomputablefunction. Therefore, by “any task”, I mean any task representable by a computable function.
3Even data-hungry algorithms like multilayer perceptrons are a combination of both approaches. After

all, the decision to craft a learning machine in the image of the human brain is a heuristic.
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terials. Then, there is the “Materials” track. I have applied the tools developed in the

Methods track to the discovery of new materials, including a new polymer with the highest

recorded energy density at 200 °C. This section introduces the achievements of each track,

listed in order of their appearance in this document: starting from Chapter 2 and ending

with Chapter 8. Chapter 9 recounts the contributions and limitations of this thesis and

looks forward to the next important steps in the �eld of polymer informatics.

1.2.1 Advancedmaterials

The primary achievement at the time of writing is the development of PONB-2Me5Cl.This

polymer has the highest energy density ever recorded at 200°C. It was discoveredin

silico using the AI algorithms developed in this thesis, then subsequently synthesized and

characterized, respectively, by the Greg Sotzing and Yang Cao groups at the University

of Connecticut. This achievement is detailed in Chapter 2. Within the same chemical

family, three other AI-suggested polymers have been synthesized and characterized as part

of this thesis. These polymers lag behind PONB-2Me5Cl, but still display energy densities

exceeding commercial alternatives at 200 °C.

Another important target metric, besides high energy densities at high temperatures, is

sustainability. It requires consideration not just in dielectrics but in all corners of chemistry,

materials science, and manufacturing. To partially address this issue for dielectrics,I sug-

gest a handful of polyimides which are predicted to be soluble in water or ethanol, the

two greenest solvents, while also exhibiting similar energy density pro�les to PONB-

2Me5Cl. These polymers are currently being analyzed for synthetic feasibility in the Sotz-

ing lab.

Aside from dielectrics, I have studied gas separation membranes. Membranes are fa-

vored over incumbent technologies (e.g., distillation) because they require up to 90% less

energy to operate [21]. However, the challenge is that the separation performance of tra-

ditional polymer membranes has been bounded—high selectivity or high permeability can

5



be achieved, but not both at once.To address this issue, a family of previously unknown

polymers have been proposed that are predicted to surpass the 2008 Robeson Upper

Bound for CH4-CO2 separation. The initial designs were proposed by myself and then

subsequently re�ned, primarily by M.G. Finn and his group (Georgia Tech), as well as

Ryan Lively (Georgia Tech).

Metal-organic frameworks (MOFs) for ef�cient methane storage have also been studied

[17]. Methane is of interest because it is the primary component in natural gas. MOFs are

a class of porous materials that have attracted attention for this application due to their high

surface area [22], stability [23], ease of synthesis, and chemical tunability [24].I have

proposed a new MOF predicted to surpass the 2008 world-record holder in methane

uptake. GCMC simulations of methane uptake on a DFT-optimized structure of the new

agree with the prediction. These calculations were performed by Zhenzi Yu and David S.

Sholl at Georgia Tech.

1.2.2 Advancedmethods

In Section 1.1, it was established that modern AI systems tend to perform best when taking

advantage of both heuristics and data. This thesis takes steps toward striking this balance

in two areas listed in Figure 1.1: structure-property modeling and structure generation of

polymers.

Structure-property modeling

The advances in modeling techniques include a series of three ML systems that accurately

model methane storage in MOFs [17] (Chapter 5).One system predicts gravimetric

methane uptake at 35 bar and room temperature (RT). The other two systems predict

RT volumetric methane uptakeat any pressure. The difference between the two volu-

metric methane uptake systems is that one requires both the MOF unit cell and expensive

geometric features as input, while the other only requires the unit cell. We found that each
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of the three MLP-based models outperform prior work. In particular, the cheaper volu-

metric uptake model shows good accuracy while generalizing to “extreme” chemistries not

seen during training.

In a separate work, I have developed a multitask graph neural network (GNN) archi-

tecture and training regimen tailored to polymers [20].The GNN framework was used

to train models for 97 different polymer properties (Chapter 6). These models display

higher accuracy and faster inference than legacy methods [20]. The code used to train these

models is publicly available athttps://github.com/Ramprasad-Group/polygnn

and, in four months, has users at multiple institutions across the world.

Structure generation

One structure generation algorithm developed in this thesis takes in a wish-list of

properties and then uses ML to directly generate polymers that tick each box [18]

(Chapter 7). In other words, the algorithm is a long-sought [25, 7] solution to the inverse

problem. Using this VAE-based algorithm, a data set of 784,631 polymers were generated,

tailored to the dielectric application. The algorithm generates chemically-valid polymers

at a 93% rate, a notable improvement over prior methods.

One more structure generation system was developed.Using this algorithm, a massive

database of 233,422,187 polymers have been enumerated(Chapter 8). This system is

driven by heuristics; rather than having the system learn from data, I embedded it with the

principles of known chemistry. Therefore, chemically-valid polymers are generated at a

100% rate. In addition, partial synthesis pathways are proposed for each polymer.
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Part I

The Materials Track
In this Part, I detail the search for new materials in select applications. Various aspects of search

are covered, including design, discovery, chemical synthesis, and physical characterization. Each

search process has been enabled, at least in part, by the development of new AI algorithms, the

focus of Part II.
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CHAPTER 2

POLYMER DESIGN FOR DIELECTRICS

2.1 Background

In Section 1.1, the importance and scope of electrostatic capacitors was established. To

recap, capacitors are energy storage devices made up of oppositely-charged electrodes with

a dielectric in between (to prevent charge from passing between the electrodes). However,

the commercially available dielectrics display undesirable trade-offs, each possessing some

positive attributes but at the expense of others (Figure 2.1b-c). These trade-offs manifest in

unacceptably lowUe at high temperatures (Figure 2.1d).

Figure 2.1: Commercial dielectrics cause device manufacturers to make dif�cult choices.
Lean too far into a high band gapEg and you fall to a low dielectric constant� and low
glass-transition temperatureTg. Shift toward highTg and high� at risk of plunging theEg.
The polymers (a) proposed in this work escape these constraints (b-c), enabling a highUe

at high temperatures (d).

Here, I report a previously unknown polynorbornene dielectric, named PONB-2Me5Cl

(see Figure 2.1a), with unprecedentedUe at room temperature and above. As shown in

Figure 2.1d, the polymer has an extraordinaryUe of 8.3 J/cc at 200 °C—over an order of

magnitude higher than that of any commercial alternative at the same temperature. PONB-

2Me5Cl was discoveredin silico using an advanced AI protocol for chemical structure

optimization. This protocol demonstrates a robust pathway for the creation of synthetically
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accessible polymer designs that meet stringent property and performance targets. At a high

level, the AI protocol starts with the digitization and application of well-known polymer-

ization reactions to purchasable monomers, forming hypothetical polymers that �ll gaps

in uncharted but synthetically amenable regions of the chemical space. This automated

process scales selected key principles adopted by chemists when formulating novel poly-

mer hypotheses. Finally, machine-learned structure-property models are used to screen

the set of generated structures for candidates predicted to meet each materials property

requirement. The entire optimization protocol is named “polymers designed by Virtually-

Executed Rule-Based Synthesis Experiments” (polyVERSE) and is detailed in Chapters 7

and 9.

Inspired by the success of the polynorbornene class of designs, I evaluate the possibility

of designing towards additional target metrics, including sustainability. Polymer designs

that meet needed performance targets while also allowing for synthesis using green sol-

vents are put forth. Other polymer families are explored as well, including polyimides. I

propose improvements that can be made to these polymers—e.g., by R-group engineering

or nano�llers—to further boost high temperatureUe and reduce loss.

2.2 Results

For use in high temperature applications, the dielectrics in capacitors must be stable at

extreme operating temperatures (e.g., they must have a highTg) while simultaneously ex-

hibiting a highUe. The maximumUe of an electrostatic capacitor using a linear dielectric

is determined by the dielectric's breakdown �eld (Ebd) and its dielectric constant (� ):

Ue =
1
2

"0�E 2
bd (2.1)

where"0 is the vacuum permittivity. Due to the intricate nature of dielectric breakdown

mechanisms in polymers, direct simulations of breakdown under realistic conditions are
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impractical. A promising alternative approach is to include a positively correlated proxy

such asEg [26] during the design process. In summary, a polymer with a highTg, large

Eg, and high� is likely to exhibit a highUe at high temperatures.

Regrettably, simultaneous achievement of all three properties is beyond the capabilities

of available polymers. I cast the search for new, suitable dielectrics as an optimization

problem over the space of polymer chemical structures. polyVERSE is a two-step for-

malization of the problem. Initially, synthetically amenable structures are generated (see

Figure 2.2a for an overview and Chapter 8 for details). Finally, the properties of each struc-

ture are predicted using structure-property models (Figure 2.2b). Each model functions as

a discerning sieve, sequentially honing in on increasingly attractive structures for high-Ue,

high-temperature applications. Structures with the best predicted properties are selected

for synthesis (Figure 2.2c).

Though the polyVERSE contains polymers from a number of chemical families, I ini-

tially focus on polymers that can be formed by ring-opening metathesis polymerization

(ROMP) since this class contains polymers with the best reportedUe at high temperature

to date [27, 28]. As depicted in Figure 2.1a, ROMP is characterized by cleavage of a cyclic

double bond; this relieves the ring strain and drives the polymerization forward.

In this work, the properties of interest areTg, Eg, and� . Relating a polymer's chemical

structure by hand to any one of these three properties is highly nontrivial. Instead, machine

learning is utilized to train three structure-property models, one each forTg, Eg, and� . Due

to practical reasons, such as amount of available data, we consider the dielectric constant

at 100 Hz and room temperature� RT
100. The models are trained on large data sets for the

three properties using the Polymer Graph Neural Network (polyGNN) algorithm [20]. In

polyGNN, a polymer is reduced to its repeat unit. This repeat unit is then converted to a

graph with atoms as nodes and chemical bonds as edges. On a randomly chosen test set,

the models achieved good accuracy, with a RMSE of 32 °C forTg, 0.48 for� RT
100, and 0.47

eV for Eg [20]. Further details on the polyGNN algorithm and models are presented in
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Figure 2.2: (a) Structures are generated in three steps. First, a master database of available
monomers in curated. Then, a polymerization reaction is chosen. For that reaction, a subset
of monomers is selected on the basis of established chemical rules, others are rejected.
Finally, the selected monomers are chemically-transformed from a monomer into a polymer
repeat unit. (b) Properties are predicted using structure property models. (c) Screening is
performed using a sequence of carefully chosen, application-speci�c, �lters: highTg, Eg

and� . Each �lter nudges the search closer to the ultimate goal—a polymer dielectric for
high temperature, highUe capacitors.

Chapter 6.

In total, 28,428 ROMP-based polymers are generated from the set of “Available monomers”.

I screened this list for those with exceptional polyGNN-predicted properties:Tg > 100°C,

� RT
100 > 3, andEg > 4 eV. Second, I rank ordered the remaining structures according to

the product of their predicted propertiesTg � � RT
100 � Eg. Finally, �ve of the top twelve

candidate structures (see Appendix, Section B.1) were selected as synthetic targets by Stuti

Shukla (University of Connecticut) on the basis of raw materials cost and prior experience

[27] with ROMP.
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2.2.1 Energystorageperformance

Of the �ve candidates, high molecular weight samples of PONB-2Me5Cl, PNB-2,5dimethyl

(PNB-2,5DM), PNB-2Me5Cl, and PNB-3Cl4Me (see Figure 2.1a for the chemical struc-

ture of each polymer) were prepared and cast into �lms. Polymerization of the �fth poly-

mer was unsuccessful. The resulting �lms were characterized with differential scanning

calorimetry (DSC) to determineTg, spectrometry to determineEg, and spectroscopy to de-

termine� as a function of temperature and frequency. In general, there is close agreement

between my polyGNN predictions and our experimental measurements (see Appendix,

Section B.2). The mean prediction error was12 °C for Tg, 0.4 eV forEg, and 0.7 for

� RT
100.

As predicted by the polyGNN models and depicted in Figure 2.1b-c, each of the newly

discovered dielectrics breaks out of the inverseTg–Eg and� –Eg relationships exhibited by

commercial polymers. The highTg of each �lm ensures mechanical robustness at high

temperatures. PONB-2Me5Cl has the highestEg (4.4 eV) of the group of �lms. The high

Eg acts as a substantial barrier to electron conduction, leading to an unprecedentedEbd

(> 800 MV/m at 100 °C and 750 MV/m at 200 °C, see Figure 2.3a). This property is

complemented by a moderate, thermally-stable dielectric constant (see Figure 2.4a). The

combination, extraordinaryEbd and moderate� , results in elevatedUe sustained from room

temperature to 200 °C. I emphasize in particular that PONB-2Me5Cl possesses aUe of 8.3

J/cc at 200 °C—aUe value that is 11� that of any commercial polymer at this tempera-

ture—potentially eliminating the need to consume energy and space with cooling systems

in demanding applications such as wind pitch control, hybrid, electric and rail vehicles and

pulsed power systems.

The performance of PONB-2Me5Cl may be understood by contrasting its chemical

structure with other polymers. For example, PONB-2Me5Cl possesses bicyclic rings and

double bonds that stiffen the backbone, while its pendant phenyl ring impedes rotation

around the chain axis. These structural features endow PONB-2Me5Cl with aTg signif-
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Figure 2.3: (a) Displacement-electric �eld (D-E) loops for PONB-2Me5Cl at four temper-
atures (include room temperature, RT). (b) Discharged energy density vs. breakdown �eld
at 200 °C for notable commercial and reported polymer-based dielectrics [30, 31, 28, 27,
32, 33].

icantly higher than that of saturated hydrocarbons like BOPP. Thus, PONB-2Me5Cl re-

mains stable at high temperatures, while BOPP completely breaks down below 125 °C.

Second, PONB-2Me5Cl contains several� systems per repeat unit while BOPP is com-

pletely devoid of such features. As a result, theEg of BOPP is over 1.5 eV higher than

that of PONB-2Me5Cl. Despite this, BOPP'sEbd at room temperature is lower than that

of PONB-2Me5Cl (750 MV/m [29] compared with 825 MV/m, as shown in Figure 2.3a).

This suggests that breakdown in BOPP is due to thermal or electromechanical effects rather

than electronic effects [8]. Third, the presence of� systems and polar groups (e.g., CO),

raises the� of PONB-2Me5Cl above BOPP while maintaining a reasonable dielectric loss

(see Figure 2.4b).

Although signi�cant strides have been made that explain the interplay between chem-

ical structure and energy storage performance, this research reveals other unresolved as-

pects. First, it is observed that while PNB-2Me5Cl and PNB-2,5DM differ only in the

chemical identity of one aryl substituent R4, this slight difference altersEbd by approxi-

mately 30 MV/m andUe by about 0.7 J/cc at 200 °C (Figure 2.3b). Even more impactful is
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Figure 2.4: The dielectric constant (a) and dissipation factor (b) of PONB-2Me5Cl as a
function of frequency and temperature. Contour plots are displayed on the walls of each
diagram.

the backbone chemistry. PNB-2Me5Cl and PONB-2Me5Cl are identical except for R1, yet

PONB-2Me5Cl possesses increasedEg and� , leading to a striking escalation at 200 °C in

Ebd andUe of almost 300 MV/m and over 5.5 J/cc, respectively (Figure 2.3b).

While not yet fully understood, these subtle chemical tweaks can be utilized to de-

sign higher-performing polynorbornenes. For example, a straightforward hypothesis is that

PONB-2,5DM—containing oxygen at R1 and methyl groups at R2 and R4—would pos-

sess a higherUe than any of the polymers studied here. Interestingly, the polyVERSE

database (Chapter 8) currently lacks PONB-2,5DM—despite its chemical similarity to the

other polymers—due to the absence of its corresponding monomer in the ZINC database

version we downloaded. This omission highlights the usefulness of human ingenuity and

supervision in chemical structure generation, even when using current state-of-the-art AI.

2.2.2 Greenerpastures

It is appropriate to evaluate and contextualize the environmental impact of the materials

proposed in this work. We focus on a few key aspects, including lightweighting and chem-

ical synthesis. A lighter vehicle requires less energy to move, resulting in improved fuel

ef�ciency and lower greenhouse gas emissions. Historically, this objective has driven the
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adoption of lighter load-bearing materials like aluminum, carbon �ber, and plastics. Addi-

tional savings may be realized by economizing the capacitor, which can account for over

20% of a vehicle's weight. As a practical example, each dielectric in Figure 2.3b elimi-

nates the need for weighty capacitor cooling systems up to 200 °C. Among these, those

with higherUe are preferred, as this attribute reduces the amount of capacitor material re-

quired to store a given amount of energy. Regarding this matter, PONB-2Me5Cl shows a

large improvement relative to traditional polymers (e.g., FPE and PI). Further gains are pos-

sible; in special cases, theUe and thermal stability of traditional polymers has been boosted

by incorporation of semiconducting nano�llers [30, 31]. The ef�cacy of this strategy with

respect to PONB-2Me5Cl is left to future work.

We now shift focus from the environmental impacts of lightweighting to that of chem-

ical synthesis. Each synthesis step typically requires energy inputs, raw materials (some

of which may be derived from natural resources, such as petroleum-based feedstocks) and

generates waste (some hazardous). Therefore, from an ecological perspective, shorter syn-

thetic pathways are often preferred. In terms of PONB-2Me5Cl, fair comparisons areo-

POFNB [27] and PSBNP-co-PTNI0.02 [28], two recently-discovered polymers with high

Ebd andUe at 200 °C (see Figure 2.3b). Each polymer also happens to be synthesized

by ROMP. PONB-2Me5Cl is synthesized from starting materials in a three-step proce-

dure, two steps to prepare the monomer and one for polymerization (see Section S4). The

number of steps is identical foro-POFNB. PSBNP-co-PTNI0.02, meanwhile, is a binary

copolymer, synthesized in six steps total. One monomer is synthesized from commercially

available starting materials in a four-step procedure and the other in a one-step procedure.

In the �nal step, the two monomers are copolymerized. These comparisons suggest that

the environmental pro�le of PONB-2Me5Cl is not inferior relative to the limited group of

known polymers in its class.

Along with short synthetic pathways, raw materials—such as solvents—with low im-

pact are desired. Solvents are used in high volumes, including in the production of synthetic
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polymers, which amounts to 30 million tons annually [34]. Thus, the search for “green”-

solvent-compatible polymers has intensi�ed. The dielectrics discovered in this work were

polymerized in dimethylacetamide (DMAc) and tetrahydrofuran (THF)—solvents that are

decidedly not green. Traditionally, a solvent is de�ned as green only if its environmental,

health, and safety (EHS) impacts are low and the resources required to produce the sol-

vent are sustainable [35]. The importance of these criteria is well documented. In 1989,

as part of the Montreal protocol, carbon tetrachloride was banned for its contribution to

ozone layer depletion [36, 37]. According to the 2015 World Health Organization IARC

evaluations, chloroform and dichloromethane are likely to be carcinogenic to humans [38].

Meanwhile, the current production of many solvents, especially hydrocarbons, is dependent

on petroleum derivatives.

Attempts to enumerate and weight different EHS and sustainability criteria have led to

an array of green solvent lists. The lists come from different organizations (pharmaceu-

tical companies [39, 40, 41, 42], societies [43], academia [35, 44, 45, 46, 47], and col-

laborations between these groups [48]), exhibit different goals (identi�cation of classical,

commercially-available green solvents [39, 47] vs. identi�cation of novel green solvents

not yet on the market [48]), and thus offer different conclusions.

In this section, I focus on the two “greenest” solvents in the Byrne et al. [47] guide:

water and ethanol. Both solvents have a “recommended” EHS pro�le and are sustainable,

with water being a renewable resource and ethanol being derived from biomass at an indus-

trial scale. Although PONB-2Me5Cl is soluble in THF and DMAc, we found it insoluble in

water and ethanol (additionally, we found that PONB-2Me5Cl is not soluble in 1-butanol,

and is only partially soluble in ethyl acetate, the next two greenest solvents in the Byrne et

al. guide). Motivated by these �ndings, I trained a polyGNN model on 26,884 data points

to predict the room temperature solubility of a given polymer in 61 solvents, including the

two green solvents of interest (see Section 6.3.3 for more details on this model). Combin-

ing this solvent model with the previously trained triad of polyGNN models, I screened

17



the polyVERSE for polymers predicted to be soluble in water or ethanol while also main-

taining good high temperature dielectric properties—Tg > 200°C, � RT
100 > 3, andEg > 4

eV.

Our initial polyVERSE database, containing only the ROMP-based structures, yielded

zero hits meeting all four criteria. I then pivoted to the polyimide family, which contains

a handful of commercially available polymer dielectrics (e.g., Kapton®, Ultem®, SIXEF-

44®, Per�ouro polyimide, Upilex-S®) with highTg [49]. Polyimides are synthesized in two

steps. First, the condensation of a dianhyride and diamine yields a polyamic acid prepoly-

mer. Finally, the amic acid groups on the prepolymer are converted to imide groups, com-

monly by heat treatment. A handful of polyamic acids and polyimides have been reported

to be soluble [50, 51, 52, 53] or partially soluble [54] in water or ethanol. Encouraged

by these �ndings, we crafted a reaction template for polyimides. Applying this template

to the data set of “Available monomers” yielded 66,103 candidate polyimides, which were

then deposited into the polyVERSE database. Out of these, a few hundred structures were

predicted to meet all four criteria. We further selected those polyimides with the most af-

fordable monomers, narrowing the list to four candidate structures. These four polymers

are currently being synthesized by Pritish Aklujkar (University of Connecticut) following

the synthetic routes displayed in Figure 2.5.

It should be noted that the four selected polyimides exhibit slightly lower predicted

Tg values than the four ROMP polymers discovered in this work (204-213 °C vs. 220-243

°C), but signi�cantly higher predictedEg values (5.4-5.7 eV vs. 4.3-4.4 eV), which implies

higherEbd for the polyimides. The high band gap is due, in part, to the absence of aromatic

rings in the polyimides. Meanwhile, these polymers can still maintain a relatively high

Tg due to an abundance of aliphatic rings. In fact, previously synthesized fully aliphatic

polyimides exhibitTg as high as 423 °C [55, 56].
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Figure 2.5: Out of 66,103 polyimides, approximately 1800 are predicted to exhibitTg >
200 °C, � RT

100 > 3, andEg > 4 eV. Roughly half of these structures are predicted to be
insoluble in water and/or ethanol (gray pluses). The others, represented by green dots,
are predicted to be soluble in water and/or ethanol. Four of these structures with feasible
synthetic pathways are proposed. *The solubility prediction is performed on the polyamic
acid precursor to the polyimide.

2.2.3 Generativedesignof dielectrics

In addition to ROMP-based polymers and polyimides, I explored other hypothetical poly-

mer dielectrics [18]. These polymers were produced using a generative ML algorithm

named Polymer Graph-to-Graph Translation (polyG2G). At a high level, this algorithm

takes in a wish list of user-de�ned property values and directly outputs polymer structures

predicted to meet each target, bypassing the use of monomers, reaction templates, or even

structure-property models. In other words, polyG2G solves the inverse problem for poly-

mers. Details formalizing the algorithm are provided in Chapter 7.

As a tangible application, here, polyG2G was used to search for new high-performing

polymers that possess aEg > 6 eV, a electron injection barrier (� e) > 3 eV as well as a

Tg > 450 K. � e is de�ned as the energy difference between the conduction band of the

dielectric and the Fermi level of the electrode, typically Aluminum. Therefore, polymers

with both a highEg and a high� e possess large barriers to electronic conduction, raising
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Figure 2.6: Flowchart describing the computational work�ow: use the set of known poly-
mers to train polyG2G. Then use polyG2G to generate structures. Finally, a handful of new
polymers are screened based on their estimated properties and evaluated using DFT and
MD.

Ebd .

The computational work�ow is summarized in Figure 2.6. A data set of known poly-

mers is used to train a polyG2G model. Using the trained model, 784,631 polymers were

generated, each speci�cally designed to meet the target property objectives. The perfor-

mance of these new polymer designs was estimated using trained structure-property GPR

models (one each forTg, Eg, and� e). The training procedure for these models is elaborated

in Section 2.3.3. Out of 784,631, the 20 polymers with the highest �tnessF were screened

and evaluated using DFT and MD. The equation used for screening is

F = U � Tg � Eg � � e � Rmt (2.2)

whereTg; Eg; � e are the GPR property predictions of a given polymer,Rmt is the ratio

between number of main chain atoms per repeat unit and total number of atoms per repeat

unit, andU is the uniqueness of the polymer (see Appendix C for details pertaining to the

calculation ofU). Polymers with largeU are favored for wider coverage of the chemical

space. Polymers with largeRmt are also favored. For such polymers, the initial 3D atomic

con�gurations required for DFT simulations are relatively straightforward to construct. To

build the con�guration, single bonds of a monomer are rotated to get a suitable conformer

that can be subjected to periodic boundary conditions. As polymers with fewer and smaller

side chains have a lower probability of intrachain con�ict, we can autonomously construct

atomic con�gurations using the Python package Polymer Structure Predictor [57]. Once
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Figure 2.7: GPR predictions of unseen test set polymers (gray circles) and 20 polyG2G-
generated polymers (red stars) for the following properties: a) band gap and b) electron
injection barrier. Prediction uncertainties are plotted as shaded bars.

the initial structure is generated, DFT-based structure relaxation is performed. Following

the structure relaxation, additional DFT calculations are performed to compute theEg and

� e. DFT-related details are given in Section 2.3.4.

A comparison of the DFT- and GPR-predicted values for the twenty high-�tness poly-

mers are shown in Figure 2.7. It is observed that the agreement between DFT and GPR

for these new cases is comparable with the GPR error on the test set1. It is notable that

polyG2G has designed new polymers (red stars in Figure 2.7) that exhibit properties near

the upper reaches of the labeled data set (gray circles in Figure 2.7). In fact, ten of the

twenty candidate polymers exhibit DFT-computed properties which surpass the objectives

and are therefore likely to exhibit largeEbd . These candidates are shown in Table 2.1. MD

calculations performed by Shivank Shukla (Georgia Tech) further corroborate polyG2G.

The MD-predictedTg value for each of the ten polymers is above 450 K, our initial design

constraint. I emphasize that the ten polymers shown in Table 2.1 are not hand-picked, but

rather are systematically derived from the multistep protocol illustrated in Figure 2.6.

Finally, through visual inspection, it is clear that the suggested polymers are structurally

1In ML, it is good practice to evaluate a model on labeled data that was not used during training. This
held out data forms the “test set”.
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Table 2.1: Structures and properties of 10 novel, high-value, targets discovered by
polyG2G. Band gaps (Eg) and electron injection barriers (� e) are DFT estimates. Glass-
transition temperatures (Tg) are MD estimates.

Structure
Properties

Eg, DFT (eV) � e, DFT (eV) Tg, MD (K)

6.04 3.13 584

6.52 3.05 514

6.21 3.27 609

6.07 3.12 508

6.14 3.08 480

6.28 3.24 576

6.32 3.24 561

6.07 3.08 514

6.26 3.19 520

6.29 3.17 517
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