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Abstract

Modeling the Energetic Landscape of Transition Metal Complexes via Electronic
Structure Theory and Chemically-Informed Artificial Intelligence Methodologies

Alexis W. Mills

Chair of the Supervisory Committee:
Professor Xiaosong Li
Department of Chemistry

Methods used to computationally study the electronic structures of complex chemical
systems are ever-evolving to address the desire for increased accuracy and reduced
computational cost. Modern advancements have given rise to sophisticated method-
ologies, such as Density Functional Theory (DFT), and offer a means in which to eval-
uate systems ranging from simple organic materials to transition metal nanoparticles.
Part T of this thesis will employ DFT in order to simulate spectroscopic signatures of
bimetallic platinum(IT) complexes and analyze the electronic structure as a function of
the complex ligand. Through this study, a general trend can be extracted to define a
set of design rules for building Pt(II) dimer complexes with desirable electron transfer
behavior. Part IT of this work will introduce a physics-informed reinforcement machine
learning (RL) algorithm that has been designed to learn from physically-motivated
actions and seek to address the cost challenges of studying large metal-hydride sys-
tems by adapting the RL algorithm to simulate the electronic landscape. Electronic
structure theory will supplement the RL algorithm, in the metal-hydride material
application, to improve the quality of the simulated physical properties and aid in

training the model.
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Part 1
ELECTRONIC STRUCTURE THEORY



Chapter 1
THEORETICAL BACKGROUND

1.1 Density Functional Theory

Prior to discussing the results presented in this thesis, it is worthwhile introducing
the methods used to computationally study the systems investigated. This discussion
will begin with a brief introduction to density functional theory (DFT), which is a
standard methodology that allows one to quantum mechanically treat a system and
characterize the electronic structure of matter.[88, 23] This is done by evaluating
the interactions between the electrons within the system and the electrons with an
external potential; where the external potentials simulate the electron’s attraction to
the nuclei of the system. When deriving DFT, it is most natural to begin with the

time-independent Schrodinger eigenequation
H|U) = E|T) (1.1)

where H is the Hamiltonian operator that acts on V¥, the eigenvector, to find the
scalar eigenvalue, F. Unless otherwise stated, the Hamiltonian considered in this
work will be limited to the nonrelativistic variety, meaning interactions such as spin-
orbit coupling are neglected for simplicity. Additionally, the eigenvector, ¥, in this
context will refer to the wave function of the system that holds all relevant information
about the system’s current quantum state.

It is useful to decompose H into the electronic kinetic (%), nuclear kinetic (77,),

electron-electron (V.), electron-nuclear (V.,), and nuclear-nuclear (V,,) interaction

terms such that the Hamiltonian becomes, H= Te + Tn + Vee + Ven + V,m Consid-



ering the various interaction terms and recognizing the inherent complexity that ac-
companies systems of high dimensionality, it is apparent that analytically solving the
Schrodinger equation for larger systems quickly becomes prohibitive.[46] To address
this, a number of approximations are assumed in an effort to ease the computational
challenge; the most fundamental being the Born-Oppenheimer approximation. This
approximation postulates that the electrons move considerably faster than their nu-
clei counterparts thus allowing the nuclei to be treated as stationary particles.[196]
As such, terms exclusively pertaining to the nuclei are fixed leaving any variability
to the electronic terms. These terms are defined below and can be used to construct

the electronic Hamiltonian:

~ 1 9
T = —EZVZ. (1.2)

P g (1.3)

ri—rj

Ven=—>_ Zr (1.4)

ri — R
il I

where lowercase letters pertain to electrons and uppercase letters represent properties
of the nuclei. The indices of the corresponding particles are represented by, ¢, 7, ..., etc.,
and the positions of these particles are held within the r vector. Additionally, Z is the
charge of the corresponding nucleus. Provided the Born-Oppenheimer approximation

is enforced, the V,, term can be redefined as V,,;:

Vext - ZV(ri) (15)

i

where v is the external potential acting only on the electrons of the system. Note
the 7' and Coulomb (‘766) terms are both considered universal and therefore the
same for all N-electron systems, while the Ve term is system-dependent as positively

charged particles become relevant.[23] Once the latter term has been defined for the



system, ¥ can be determined via Equation 1.1, then the observables can be evaluated
by calculating the expectation values for the corresponding operators of interest.
The wave function, however, is quite abstract compared to experimentally observable
properties, such as the electron density, imploring one to identify a more approachable
description of the system. This realization lays the groundwork for the development

of DFT.

1.1.1 Hohenberg-Kohn Theorems

Prior to 1964, DFT was non-existent and the Thomas-Fermi model' was utilized to
approximate the electronic distribution of a system. The foundation for DFT was
made possible once Hohenberg and Kohn (HK) introduced two theorems. The first
stating the ground-state energy of a system is related to the electron density and is
thus unique to that system and the second stating the ground-state energy can be

determined by minimizing the energy via the electron density.[204, 6]

HK Theorem I

A reductio ad absurdum argument will be pursued to demonstrate this first theorem.
To begin, a system with a nondegenerate ground-state is considered and the following

relationship is declared

/p(r)dr ~N.=0 (1.6)

which indicates the number of electrons in the system, N,., is determined by the
electron density, p. Next, two potentials are introduced, v(r) and v'(r), that have
ground-states, ¥ and V', respectively, and correspond to the same electronic den-

sity. As such, ¥’ will be used as a trial function for H. Considering the variational

L. H. Thomas and E. Fermi independently devised an approximation in which to model the elec-
tron distribution of a system and conveniently published their models in the same year, 1927.[175]



principle?, the following can be defined[204]
E < (V' |H|V') = (V'|H'|¥') + (V'|H — H'|V") (1.7)

E < FE + /p(r){y(r) —V(r)}dr (1.8)

and conversely

E' < (U|H'|V) = (U|H|T) + (U|H — H|T) (1.9)

E' <E— /p(r){y(r) — V' (r)}dr (1.10)

such that the summation of Equation 1.8 and Equation 1.10 become
E+E <E+FE (1.11)

which is not possible and therefore shows the ground-state density must be related

to a unique external potential.

HK Theorem 11

The second theorem proposes that once the ground-state electron density has been
determined, then all information about the molecule can be known. Their work proved
a universal functional of the electron density, F/[p|, exists and gives the ground-state
energy, provided the appropriate v is identified.[76, 23]

Ey = min (\I/\T + Vee’\p> + /dng(T)I/(T) =: Fp| + Vp] (1.12)

V—po

where F[p] is simply the sum of both the kinetic and Coulomb repulsion energies.

The above implies that if one knows the ground-state density of the system, then the

2The variational method is simply a means by which a trial wave function is adjusted, via vari-
ational parameters, to minimize the energy. In short, it allows one to approximate an impossible
problem by evaluating a solvable problem.



unique external potential of the system can be determined and the ground-state ¥ can
be found through a functional relationship. Assuming this holds true, then ground-
state observables are also functionals of py giving rise to the general relationship in

Equation 1.13.[§]
Olp] = (Wo[p)|O]Wolp]) (1.13)

1.1.2  The Kohn-Sham FEquations: Ezchange-Correlation Functionals

In 1967 Kohn and Sham revisited the relationship defined in Equation 1.12 and

devised the following relationship

E=/wmmm+§//%%%%mw+ﬂwm+&wmn (1.14)

where Ty[p(r)] is the kinetic energy and E,.[p(r)] is the exchange-correlation (XC)
energy of the system.[89] The former considers non-interacting electrons while the
latter considers interacting electrons. The authors then declare if the density of the
system is changing sufficiently slowly, thus abiding by the local density approximation

(LDA), then the following can be said about the exchange-correlation term

Bl = [ pr)esclor))ar (1.15)

where €,. is the XC energy of each electron.[89, 88] Plenty of ongoing work aims
at developing suitable XC functionals beyond those constrained to the just LDA.

Additional classes of XC functionals include:

1. Gradient-Corrected Functionals: dependent on the density and gradient of the

density
2. Meta-Generalized Gradient Approzimation (Meta-GGA): utilizes density, den-

sity gradient, and higher order derivatives of the density
3. Hybrid functionals: based on the previous two functionals and adds an addi-

tional term with some portion of Hartree-Fock exchange energy contribution



1.2 Linear Response Function

Deriving the linear response function aids in a deeper understanding of how vari-
ous properties, namely excitation energies, are calculated allowing for a better un-
derstanding of the system’s response to external forces. It is assumed the forces
acting on the system are sufficiently small such that they can be described reason-
ably well mathematically. The two main components that must be considered when
discussing time-dependent (TD) DFT include the Runge-Gross Theorem and the
Kohn-Sham (KS) formalism. The former allows a fixed initial state such that a rela-
tionship between p and an external potential can be made while the latter maintains
the HK theorem holds true and a non-interacting reference exists for the system

investigated.[89, 46, 159

1.2.1 Runge-Gross Theorem

The Runge-Gross theorem expands on previous work in the field and extends to the
TD domain. The theorem states that a direct mapping exists between the potential
a system evolves under and the density of that system.[159] Just as before, the brief
derivation will begin with the Schrodinger equation, however, this time the focus will
be on the time-dependent alternative since a “response” is sought after, implying an

evolution with respect to time.

A ow
HY ={— 1.16
where
H=T.+Vee+Ven (1.17)

and the f/m term becomes

Vear = _v(ri,t) (1.18)



where N is the number of electrons and v is the single-particle potential; note the
potential is now dependent on time in addition to the position. Having redefined
the above equations to accommodate the TD case, a brief proof of the Runge-Gross
theorem may proceed to show that two densities arising from a common ground
state as a result of two different potentials will always be unique if, and only if, the

potentials are sufficiently different.[46] That is to say
vA(r,t) £ vB(r,t) 4 c(t) (1.19)

where c is a constant at time . It is assumed that these potentials are expandable,
via a Taylor series, about ¢y3. Considering this and recalling that the potentials must
be sufficiently different, it can be said that a small non-negative integer, k, can be

identified such that [46]

ak
v (r) = %VAUE t)|t=to (1.20)
and similarly,
ak
vf(r) = ﬁuB(r, )] e=t, (1.21)

differ by more than just a constant, thus

vid(r) =g (r) # (1.22)

It is understood that the current densities, j(r,t), corresponding to the above
potentials are different and therefore have different electron densities. The general

mathematic representation of the current density is as follows: [46]

1

j(rat> = 2_2

[V — V0] (1.23)

where the wave functions are dependent on both the electron positions and the time in



this case. It should be noted that the current density and the electron density abide by
the continuity equation, which says the change in electron density is related to the flux
of j(r,t).][46] Through additional algebra and subtracting the two different densities,
a direct relationship between the external potentials and the current densities can be
made such that

82

B
@[ﬂ

A_B:_ Il
I Ny

7% =371 = VIpV (" = )] (1.24)
which gives rise to a relationship between the time-dependent electron densities on
the left-most side and the time-dependent external potentials on the right-most side
of the equation. This eventually leads to the mentioned one-to-one mapping stated

at the beginning of this section.[46]
p < v[p] + ¢ < Ulple ™ (1.25)

1.2.2 Kohn-Sham Formalism

Prior to moving forward, it is assumed that a reference state exists and is represented

by the following relationship

N
P = Z|¢i|2 (1.26)

where ¢ is the single-electron orbital that represents the i electron out of N total
electrons and is dependent on both r and t. The single-electron orbitals can be

represented as
M
¢i = ZCinj (1.27)
J

where x is the time-independent single-particle ¢ in basis M. These single-electron
orbitals make up the single Slater determinant, ®. It is further assumed that this

non-interacting reference has an external one-particle potential, v ; as such, the time-
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dependent Schrédinger equation can be rewritten as [46]

0

_(-Lle2 |

The universal function, and subsequently the action functionals, can be used to derive

the exchange-correlation, A,., term which adjusts Equation 1.28 to the following

D4 = (Lye 5 P t) | 0Aslpl\ . ks,
zat@— ( 2Vi +u—|—/dr P + Sp(r 1) ¢ = F77¢; (1.29)

It should be noted that the exchange-correlation action functional, or the xc kernel, is
unknown and thus requires one to make use of approximations. The most commonly
used approximation is the adiabatic approximation, which posits that the system

moves sufficiently slow as time progresses.[190]

1.2.3  Linear-Response TDDF'T

Having presented a brief overview of the previous theorems, the foundation for the
succeeding derivation is set and has been well defined. To begin, the notation will
shift to density matrix notation and the starting state will be the ground-state as no

electric field has been applied yet.

at pr pg™ qr pg— qr

i2po > [Fp,PS — P Fo] =0 (1.30)
q

where Fj,, and P,, correspond to the KS Hamiltonian and density matrix of the
ground-state, respectively, and p, g, r refer to orbital indices. Additionally, the idem-

potency condition holds, meaning the sum of Py, Py, over ¢ is equal to Py .[46]
Next, an external force is applied in order to observe the first-order linear response,

given by:

idpt > [Fp, Py — By Fo + Fp Py — P Fy ] (1.31)

8t pr pg— qr pg— qr pg qr pg— qr
q
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The KS Hamiltonian is adapted to accommodate the first-order change by including

the actual electric field, g,,, and the change in density. The former is represented as

1 —iw * W
gpq = §[que ! + fqpe t] (132)
while the latter is
AFO pq P1 1.33
a P, (1.33)

where w is the frequency and f is the one-electron operator. These two definitions

come together to give the updated KS Hamiltonian
F, = gpg + AF), (1.34)

Alternatively, the density matrix is updated such that the perturbation densities, d,
are considered

1 —iw * 1w
Py = 5 ldpe ™" + dppe™ (1.35)

Through substitution, a bit of algebra, and maintaing the idempotency condition, the
following is found, which forces the matrix blocks relating occupied-to-occupied and

virtual-to-virtual orbitals to be zero.

> (PP + Py Pl =Py, (1.36)

pg qr pg~ qr
q

Finally, the following equations can be derived

Fu, . OFu
FO dg; — doi FO + (fm + Z 0 ybj> P = wd,; (1.37)

0F;, 0F;,
E?dia - defa (fw, + Z apb = Ty + 8P yw) PO = wd,, (1.38)
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such that the following non-Hermitian eigenvalue equation can be found when a small

perturbation is applied to the system [46]

A Bl |X 1 0 X
=0 (1.39)
B* A*| |Y 0 —1{ |V
where ¢ is the energy, X is the excitation from an occupied to virtual orbital while

Y is the de-excitation from a virtual to an occupied orbital. The A and B matrix

elements are as follows

Aia,jb = (5ij(5ab(ea — Ei) + (Za’jb) + (za]fm]jb) (140)

Bia:jb = (Za’b]) + (Za’fxc’b]) (141)

with ¢,7 and a, b corresponding to occupied and virtual orbitals, respectively, and e
is the orbital energy.

Plenty of information can be gained from Equation 1.39 including the charge
transfer (CT) numbers, which indicate the likelihood of finding a particle or hole on
a given fragment of a molecule.[186] The CT numbers can be determined by first

defining the right and left eigenvectors to find the transition density matrices.

0 X

DV = (Wolala,|V,) = v oo (1.42)
pq

0 . 0 —Yf

qu:<\111|apap|\1]0>: Xt 0 (1.43)

Pq
where &;f, and a, are the creation and annihilation operators, respectively. Through

rotating the matrices into the atomic orbital (AO) basis, the charge transfer numbers
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can be determined

1
Qi = 1 30 3 [DIUSDS)as + (SD™)3(SD” )as(D8) 50 (D" S)as + (SD) 5 DL}
a€A BEB

(1.44)
where $ and « index AO fragments of components A and B, and S is the atomic

orbital overlap matrix.
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Chapter 2

EVALUATING THE ELECTRONIC STRUCTURE OF
BIMETALLIC PLATINUM(II) COMPLEXES VIA
DENSITY FUNCTIONAL THEORY

Using the methods introduced in the previous chapter, a series of bimetallic plat-
inum complexes are evaluated to understand the architectural influence on the elec-
tronic structure. Specifically, the ligand composition is investigated to identify the
dominating factors contributing to the experimentally observed platinum-platinum
contraction and ultimately the energetic landscape lending to ultrafast dynamics.
Reprinted with permission from Mills, A., Valentine, A., Hoang, K., Roy, S., Castel-
lano, F., Chen, L., and Li, X., 2021. General design rules for bimetallic platinum(II)
complexes. The Journal of Physical Chemistry A, 125, 43, pp.9438-9449. Copyright
2021, American Chemical Society.

2.1 Introduction

Square-planar transition metal complexes are often studied because of their attractive
photophysical and photochemical properties making them excellent candidates for
advancing molecular materials.[81, 28, 201] Platinum(II) complexes of this design are
of particular interest because of their rich excited-state properties extending from
long lifetimes and versatile photoluminescence to easily accessible redox profiles.[40,
35, 24, 106, 34] Notable applications capitalizing on these properties include organic
light emitting diodes[69, 194, 118, 200, 25], bio-sensors[97], and catalysis[18].
Binuclear platinum(II) complexes, in particular, have gained traction because of

their increased tunability accessed through modifying both the conjugation and bulk-
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iness of the attached ligands. The choice of ligand strongly influences whether the
complex behaves as a mononuclear system or takes advantage of the binuclear nature
of the complex. A large array of platinum(II) complexes have been synthesized with
attachments ranging from simple monodentate ligands[81] to large chelating cyclomet-
alating ligands[28, 118, 206, 24] to fine-tune and manipulate the electronic structure
and geometric configuration for the aforementioned applications.[193, 80, 79]

The primary use of these platinum dimer complexes has been to induce charge
transfer from the metal centers to adjacent electron-accepting ligands. Experimen-
tally, transient absorption spectroscopy is used to observe large structural rearrangements|28|
and intersystem crossing (ISC) to long-lived triplet states[85, 86, 19]; future studies
will explore the possibility of further transferring the charge-separated electron coher-
ently to additional ligands to drive additional chemical processes. To that end, a series
of platinum dimers were synthesized according to a butterfly motif.[69, 71] Bridging
ligands connecting the platinum atoms rigidly enforce a given metal-metal separa-
tion in both the ground and excited states, with direct implications for the nature
and ordering of the electronic states. Shorter Pt-Pt separations destabilize the occu-
pied 5d.2-5d.2 o* orbital, lowering the energy of metal-metal-to-ligand charge-transfer
(MMLCT) states relative to more local ligand-centered (LC) or monometallic metal-
to-ligand-charge-transfer (MLCT) states. The former deplete an antibonding orbital
between the metal centers, increasing the bond order and inducing large structural
changes.[25, 28, 83, 199, 24, 118, 172] Cyclometalating ligands then function either
as the location of local w-7* excitations or as electron-accepting ligands in the case
of (M)MLCT, with m-stacking interactions further influencing the shape of the com-
plex. The butterfly design allows for both a fixed metal-metal separation and flexible
motion as the complex relaxes in the excited state.

To gauge the effects of various input factors, the suite of molecules studied in
this paper systematically varies the constituent ligands. Smaller, pyridyl derivative,

bridging ligands enforce a narrower Pt-Pt separation and architecturally encourage
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MMLCT transitions, while bulkier fused rings hold the Pt atoms farther apart and
lead to more low-lying local LC and MLCT states. Cyclometalating ligands considered
in this study are planar aromatic hydrocarbons that form suitable electron acceptors.
Compared to the 2-phenylpyridine cyclometalting ligand, 7,8-benzoquinoline ligands
have a smaller 7-7* splitting and therefore lower the energy of the lowest-unoccupied
molecular orbital. These tunable elements vary the HOMO-LUMO energy gap, the
degree of flexibility in the molecule, and perhaps most importantly the relative ener-
getic ordering of the low-lying excited states. As fast ISC is desired, it is important
to have triplet states with local (LC) character[186] of lower energy than the bright
'MMLCT state, as ISC is fastest between states of different orbital character.[53]

Recent theoretical work by the authors have shown that square planar bimetal-
lic platinum(II) complexes are capable of supporting long-lived electronic coherence if
the interplatinum distance is reasonably small.[106] Coherent electronic behavior is of
great fundamental interest because of its influence over excited-state processes preva-
lent in nature such as efficient light harvesting.[33] It is, however, recognized that the
anticipated coherence in molecules of this design quickly dissipates once molecular
vibrational motions are considered as coupling to these modes begins to dominate
and encourage decoherence.[154] To compliment experimental results suggesting ul-
trafast photochemical processes, a theoretical study was conducted to support rapid
intersystem crossing, which is expected to take place within tens of femtoseconds.|[34]
Those results demonstrated that in the presence of strong spin-orbit coupling, ultra-
fast intersystem crossing can be anticipated.[186] These findings prompted further
investigation on the complex’s architectural influence over the electronic structure
and excited-state behavior.

Herein, we investigate a collection of platinum dimers to devise a set of molecular
design guidelines to fine-tune the electronic structure and charge transfer character
of binuclear platinum(II) complexes. This study focuses on the effects of the steric

bulkiness and conjugation of the bridging and cyclometalating ligands, respectively.
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Through these modifications greater control over the excited-states can be realized and
the long-lived electronic or vibrational coherences can be exploited to drive valuable

excited-state processes.

2.2 DMethods

To study the geometric features of these platinum dimers, optimized geometries are
calculated in GAUSSIAN16 using spin-restricted density functional theory (DFT).[57]
Linear response time-dependent (TD) DFT is utilized for all excited-state calcula-
tions. The charge transfer (CT) character for each complex is determined quantita-
tively via linear-response TDDFT in order to assign CT character to select excited
states that have the potential to participate in the relaxation process. Charge trans-
fer numbers are calculated using a locally modified developmental version of GAUS-
STAN16 following the methods outlined in previous work.[115, 147, 148] Unless oth-
erwise stated, all calculations are completed using the wB97X-D|[26] functional with
the LanL2DZ effective core potential[191] and associated double-( basis set on the
platinum atoms and the 6-31g(d) basis set on all other atoms. Finally, all calculations
are completed in the gas phase as environmental effects (e.g. solvent) are expected

to have a uniform effect on the systems studied given their structural similarities.
2.3 Results & Discussion

A series of bimetallic platinum(II) complexes were synthesized by Castellano and co-
workers with varying cyclometalating (CML) and bridging ligands (BL) to modulate
the geometric and excited-state properties.[28] In this report, we discuss the effects
of varying ligand compositions and devise design rules that can be derived from these
observations. The CMLs for all dimers in this study are either 2-phenylpyridine (ppy)
or 7,8-benzoquinoline (bpy). The bridging ligands, on the other hand, vary by both
core architecture and substituent composition. Structures 1-9 feature a pyridine

derivative as the bridging ligand with either an oxygen or sulfur heteroatom atom
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Pt

9

Figure 2.1. Structures of bimetallic platinum(II) dimers

attached alpha to the nitrogen (see Fig. 2.1). Additionally, dimers 3 and 6-9 have
either a methyl or phenyl substituent in the other alpha position (6-substitution) to
increase the bulkiness of the ligand and ideally to modulate the platinum-platinum
distance. The influence of this coordinate is further explored in structures 4-5 and
10-11 by exchanging the pyridine group for a quinoline ligand that has a sulfur
attached in the second position or an oxygen attached in the eighth position. It
should be noted that the nitrogens of the CMLs in the sulfur series (1-5) have a cis

configuration while the nitrogens of the oxygen series (6-11) have been arranged in



19

a trans orientation; this is likely a consequence of “trans effects” often observed in

square-planar complexes.[36, 4]

Figure 2.2. General numbering scheme for all dimers in this study. Note
that N1 of the sulfur series will be on the opposite ring of the corresponding
CML.

To identify the optimum basis set/functional combination, benchmarking is com-
pleted on complexes 6-9. Pairings include B3LYP with 6-31g(d)/LanL.2DZ, CAM-
B3LYP with 6-31g(d)/LanL2DZ, wB97X-D with 6-31g(d)/LanL2DZ, and wB97X-D
with def2-TZVP/SDD. Qualitatively, a substantial difference is observed in the orien-
tation of the CM ligands when moving from B3LYP and CAM-B3LYP to wB97X-D,
as seen in Figure 2.3. While B3LYP and CAM-B3LYP find an A-frame orienta-
tion of the molecule, the dispersion corrections in wB97X-D induce an increased m-7m
interaction between the CML ligands, leading a more H-frame configuration that
closely matches the experimental crystal structure.[28] Complex 7 is further analyzed
in Table 2.1 to quantitatively demonstrate the increased agreement between the
calculated structure and the experimentally reported geometry. In addition to using

long-range and dispersion correction, the data presented support the use of a smaller
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Figure 2.3. Optimized geometries of complex 7 using a.) B3LYP and 6-
31g(d)/LanL2DZ, b.) CAM-B3LYP and 6-31g(d)/LanL2DZ, c.) wB97X-D
and 6-31g(d)/LanL2DZ, and d.) wB97X-D and def2-TZVP/SDD, where
the first basis set listed is applied to all light atoms and the second basis
set is used exclusively on the Pt atoms.

basis set as the larger basis set shows minute improvement, if any, when comparing
the equilibrium geometries calculated at the same level of theory.

Additionally, the static electronic spectra are calculated at the same level of theory
used to find the corresponding equilibrium geometries. The resulting spectra show
the line shape remains relatively consistent across all basis sets and functionals for
the lowest energy transition. Large differences begin to show up in the local character
of the second, higher energy peak of the spectra simulated via CAM-B3LYP. Notable
differences between these simulated spectra and the experimentally observed spectra
are found, specifically, in the line shapes of complexes 7 and 9, which display multiple

peaks in the region just under 350 nm. Interestingly, better agreement between sim-
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ulated and experimental spectra is seen when using BSLYP, which finds the correct
lower energy peak ordering across the complexes considered. The relative ordering be-
tween 7 and 8 appears to have changed once long-range correction is included, which
is demonstrated by both CAM-B3LYP and wB97X-D. However, given the increased
agreement between the calculated ground-state geometry using the latter functional
and the experimentally observed crystal structure, this study employs wB97X-D for
the remaining calculations. Although not demonstrated here, the authors found, in
a previous study, that including range correction is significant as it finds the correct
ordering of the triplet states, further supporting the use of wB97X-D.[186] Finally,
a larger basis set is used with wB97X-D to simulate the static electronic spectra in
appendix A. The only notable difference seen when increasing the basis set is a slight
red-shift in the transition energies, justifying the use of a smaller basis.
Ground State Structural Characterization

The effects of the various ligands on the geometric characteristics at the ground-
state equilibrium geometry are presented in Tab. 2.2. At the ground-state geometry,
complexes 1-9 appear to have very similar Pt-Pt distances at around ~2.9 A. Un-
surprisingly, moving the interacting atoms of the BL from the second to the eighth
position substantially increases the distance between the platinum atoms. This is
demonstrated in complexes 10 and 11 where the distance between the two transition

metals was calculated to be roughly 0.3 A greater than the previous nine complexes.

Basis set 6-31g(d)/LanL2DZ 6-31g(d)/LanL2DZ 6-31g(d)/LanL2DZ def2-TZVP/SDD -
Functional B3LYP CAM-B3LYP wBI7X-D wBI7X-D Exp.[28]
Pt1-Pt2 3.071 3.023 2911 2913 2.816
Pt1-N1 2.057 2.045 2.048 2.042 2.017
Pt1-N3 2.081 2.066 2.068 2.065 2.041
Pt1-Pt2-N2 98.69 97.57 90.49 90.81 91.25
N1-Pt1-Pt2-N2 63.13 62.32 64.21 64.69 61.37

Table 2.1. Selected bond lengths, angles, and dihedrals of 7 at the ground-
state geometry in units of angstroms and degrees (see Figure 2.2 for atom
reference).
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Figure 2.4. Collected absorption spectra for complexes 6 (black),
7 (red), 8 (blue), and 9 (green). The spectra presented were found
experimentally[28] (top left) and computationally using the following
functional and light/heavy atom basis sets: CAM-B3LYP with 6-
31g(d)/LanL2DZ (top right), BSLYP with 6-31g(d)/LanL2DZ (lower left),
and wB97X-D with 6-31g(d)/LanL2DZ (lower right).

This is an immediate reflection of the increased role played by the BL in mediating
the position of the transition metals.

As expected, the choice of chalcogen greatly influences the distance between the
Pt atom and the BL. By simply increasing the atomic size, the bridging ligand is
forced further away from the heart of the structure. The distance between these two
BLs, calculated via the center of mass point of pyridyl ring, seems to be unaffected

by the chalcogen and instead appears to be largely dependent on the CML archi-
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tecture. Generally speaking, as the CML becomes more rigid, and the flexibility of
the molecule becomes hindered, the BLs are forced further from one another. This
effect can be countered by incorporating a bulky, free-rotating, substituent on the BL.
As demonstrated by the sulfur series through the BL-Pt1-BL coordinate, the methyl
group introduced in 3 shows some influence over the BL-BL positions by slightly de-
creasing the angle, compared to 2, and forcing the BLs closer than they would be
otherwise.

The impact of the free-rotating substituent becomes more pronounced in the oxy-
gen series when comparing 7 to 9. The bulkiness of the phenyl group has a much
greater influence over the BL-BL distance than the comparatively smaller methyl
group. The effects of the larger hanging substituent are further explored by compar-
ing 8 to 9 where the CML is the only differing feature between the complexes. Based
on the previous observations, one might expect 8 to have slightly closer BLs since the
complex has not assumed a locked configuration induced by the rigid CML; this is,
however, not the case. In fact, the BL-Pt1-BL angle and the distance between the
BLs is substantially greater in 8 than 9. This is a consequence of the phenyl group
substituents of the BL, which have the freedom to orient in space in various ways and

subsequently influence the overall geometry. The influence of the CML can, however,

1 2 3 4 5 6 7 8 9 10 11
Pt1-Pt2 2945 2946 2950 2938 2934 20911 2911 2.940 2.912 3.257 3.258
Pt2-N4 2222 2217 2237 2239 2231 2.073 2.064 2.071 2.075 2.091 2.087

Pt1-O1/S1 | 2.345 2339 2371 2343 2336  2.185 2.177 2.203 2.183 2.175 2.165
BL-BL 4379 4494 4504 4615 4.840  4.668 4.845 5.147 4.342 3.641 3.624

CML-CML | 3.582 3.579 3.646 3.641 3.609 3.751 3.723 3.717 3.748 4.416 4.425

BL-Pt1-BL | 64.632 66.668 65.861 67.354 71.168 72.253 75391 79.973 67.161 66.374 67.362

Pt-Pt-C1 | 89.180 88.182 91.543 93.582 92.220 103.932 103.245 105.799 101.035 115.660 114.951

Table 2.2. Selected bond lengths, angles, and dihedrals of 1-11 at the
ground-state geometry in units of angstroms and degrees (see Figure 2.2
for atom reference). Calculations including BLs and CMLs were completed
by identifying the center of mass points on the respective ligands. For
uniformity purposes, only the pyridyl ring of the BL was considered when
finding the center of mass point.
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be preserved as the BL increases in size if the BL maintains reduced mobility. This
is supported by comparing 4 with 5 and 10 with 11, which both have BLs composed
of fused rings.
Static Electronic Spectra

The calculated absorption spectra for all complexes in this study are presented in Fig-
ure A.1 and Figure 2.5. The lower energy peaks of the absorption spectra, for com-
plexes 1-9, are assigned as having metal-metal-to-ligand charge-transfer (MMLCT)
character, which is consistent with findings reported in the literature.[28, 37, 94]
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Figure 2.5. Calculated absorption spectra for complexes 1-5 and 10-11.
The far left panel holds 1 (black), 2 (red), and 3 (blue). The center panel
shows both 4 (magenta) and 5 (orange) and the far right panel displays
both 10 (gold) and 11 (grey).

This MMLCT character is not observed in structures 10-11 of the oxygen se-
ries. Instead 10-11 yield lowest excited states that are generally centered on the
bridging ligand. The absence of MMLCT character in these structures is anticipated
considering the MMLC'T state arises when the d.2 orbitals of the two Pt atoms are
sufficiently close; thus forming a noticeable gap between both the do and do* orbitals
and promoting the latter to the HOMO. The excitation out of the do* orbital into
the 7* orbital is what characterizes the MMLCT transition and in turn increases the

bond order between the Pt atoms upon excitation. Recalling the Pt-Pt distance in
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complexes 10 and 11, it is recognized that their natural positioning prevents them
from interacting.

Stabilization of the MMLCT State
The internal heavy metal effect can be considered for these complexes as they hold
two platinum atoms at the heart of their structure. The heavy metal effect is simply
the increase in spin-orbit coupling between the singlets and triplets thus increasing the
probability of intersystem crossing (ISC).[137, 31] Considering this and experimental
evidence of ISC, additional electronic transitions to the triplet excited states, at the
ground-state equilibrium geometry, are analyzed via charge transfer numbers and
natural transition orbitals (NTOs).[28]

To emphasize the influence of the functional on the characterization of the elec-
tronic structure and the energetic landscape, the charge transfer (CT) numbers were
calculated using different functionals. Figure 2.6 demonstrates the change in the en-
ergetic landscape as the functional, and subsequently the geometry, changes for 6; the
chosen representative complex for this analysis. Although the electronic character of
the first singlet excited state of complex 6 is consistently assigned to MM (CM)LCT
character, with an average charge-transfer ratio of 0.849, the energy of this state is
observed to be quite sensitive to the functional. This CT state undergoes consider-
able destabilization (~1 eV) when moving from B3LYP to CAM-B3LYP. This energy
sensitivity carries over to the triplets as well and is most notable in states exhibiting
strong charge transfer character. The change in CT state ordering can be attributed
to the inclusion of range-correction, which has been shown to better predict charge-
transfer excitation energies.[184] This correction has a greater impact on CT states
as contributions from both the exchange functional and Hartree-Fock exchange inte-
gral are modified as a function of distance, thus giving rise to a better description of
the long-range orbital-orbital interactions.[182] Provided this, states with local tran-
sitions are expected to be less affected by this correction, which is generally what is

observed in Figure 2.6 considering the yellow states vary by only about 0.2 eV. The
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CT numbers were also calculated for complexes 7-9 and can be found in the appendix
B showing similar trends to those observed here.

The effects of both the geometry and functional can be observed by comparing
panels II-IV of Figure 2.6. Like CAM-B3LYP, wB97X-D is a range-corrected func-
tional, but it also directly includes dispersion corrections. To tease apart the two
effects, III gives the excited-state spectrum calculated using wB97X-D at the same
molecular geometry as in II: the state orderings and characters are nearly identical
between the two functionals, with a slight energetic shift. However, in allowing the
molecule to relax to the wB97X-D optimized geometry in IV, additional changes are
observed. The CT states are observed to stabilize once the CM ligands are brought
in close proximity via dispersion-corrections. Additionally, this change in geometry
allows states that were previously strongly CT in character to mix with states that
had predominately local character; giving rise to “mixed” states that have large con-
tributions from both (CM)LC and MM(CM)LCT electronic character. This is more

quantitatively represented in Table 2.3 where the elements of {2 are as follows:

MC — MM(CM)LCT
Q= (2.1)
(CM)MCT — (CM)LC

the MC notation indicates metal-centered, MM(CM)LCT is metal-metal-to-ligand
CT, (CM)MCT is ligand-to-metal CT, and (CM)LC is ligand centered. All of the
elements within this matrix correspond to either the platinum atoms, the CM ligand,
or both.

The energetic landscape strongly impacts the dynamic processes that can be ob-
served theoretically, which makes selecting the appropriate functional of utmost im-
portance. Given prior studies have demonstrated that these systems undergo fast ISC,
there should be low-lying triplet states with different character from the first singlet
state; per El-Sayed’s rules.[28, 186, 86, 53] This leaves CAM-B3LYP and wB97X-D as

the remaining viable options, from this analysis, for properly predicting the electronic
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structure. Recalling the increased agreement between the equilibrium geometry found

via wB97X-D, calculations going forward will utilize this functional.
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Figure 2.6. Jablonski diagram of complex 6 using I) B3LYP with 6-
31g(d)/LanL2DZ, 1I) CAM-B3LYP with 6-31g(d)/LanL2DZ, III) w97X-
D with 6-31g(d)/LanL2DZ at the CAM-B3LYP optimized geometry, and
IV)w97X-D with 6-31g(d)/LanL2DZ at the w97X-D optimized geome-
try. The states considered in this analysis are: 'MM(CM)LCT (blue),
SMM(CM)LCT (red), 3(CM)LC (yellow), 3Mixed (orange), and 3(BD)LC
(green).




State | Energy (eV) Q Charge-Transfer Ratio =~ Designation

1 2.402 ( 8:8“;’ 8:??1 ) 0.804 SMM(CM)LCT
L | 2 2.519 (88‘;’ 8%) 0.713 SMM(CM)LCT

3 2.543 8:811 8:32 0.906 IMM(CM)LCT

5 2.669 8:82 8:23 0.438 3Mixed

6 2.677 ( 8:82 8:;1; ) 0.540 3Mixed

| 2.745 ( e ) 0.162 3(CM)LC
II. | 2 2.759 8:8; 8:;? 0.138 3(CM)LC

3 3.137 8:3& 8:(13; 0.719 SMM(CM)LCT

4 3.285 8:8? 8::2 0.816 IMM(CM)LCT

5 3.314 o e 0.067 3(B)LC

1 2.852 8:8; 8:;? 0.210 3(CM)LC
IIL. | 2 2.869 8:8?1) 8:5’ 0.173 3(CM)LC

3 3.196 8:(1)(1) 8% 0.718 SMM(CM)LCT

4 3.312 8:8? 8:3 0.814 MM (CM)LCT

5 3.375 (8:(2)? 8:3{) 0.400 3Mixed*

Coam (00 0169 Nived
.| 2 2.869 o 8%) 0.192 3(CM)LC

s a0 o) 0.5 Nised

4 3.03 (8:8(15 8:3?) 0.861 IMM(CM)LCT

5 3.228 ( 8:8‘11 8::1 ) 0.818 SMM(CM)LCT

Table 2.3. CT numbers of 6 corresponding to Figure 2.6 where group
I) uses B3LYP with 6-31g(d)/LanL2DZ, II) uses CAM-B3LYP with 6-
31g(d)/LanL2DZ, III) uses w97X-D with 6-31g(d)/LanL2DZ at the CAM-
B3LYP optimized geometry, and IV.) uses w97X-D with 6-31g(d)/LanL.2DZ
* Mixed state with 3MC and

at the w97X-D optimized geometry.

SMM(CM)LCT contributions
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Complex | MM(CM)LCT MM(B)LCT (CM)LC (B)LC Misc.
3 0.7155 0.0205 0.0956  0.0063 0.1623
4 0.6517 0.0274 0.0875  0.0263 0.2072
6 0.7499 0.0085 0.1075  0.0019 0.1322
7 0.7719 0.0056 0.1167  0.0012 0.1046
8 0.7467 0.0083 0.0974  0.0020 0.1455
10 0.0038 0.0874 0.0018  0.8539 0.0531

Table 2.4. CT numbers for select complexes at the ground-state geometry
for the first singlet excited state where MMLCT is the metal-metal-to-ligand
CT to the specified ligand in parentheses and LC is ligand centered about
the ligand denoted in parentheses.

Table 2.4 outlines the charge transfer numbers for the first singlet excited state
of select complexes extending from sulfur derivatives to the larger oxygen derivatives.
These calculations show the S; state having 'MMLCT character for complexes with a
Pt-Pt distance < 3 A and 'bridging-ligand centered (BLC) character for systems with
a Pt-Pt distance > 3 A. This assignment is determined considering the contribution of
charge transfer from the metal to the cis-CML and the metal to the trans-CML. If a
noticeable contribution is observed to come from the M(trans-CM)LCT, in addition to
the M(cis-CM)LCT, then the metal atoms are considered close enough to facilitate
MMLCT. This assumption implies the leaving orbital, dox, is shared among the
platinum atoms, which is visualized in Figure 2.7

The dramatic difference in C'T character of both 10 and 11 compared to all other
complexes in this study has largely to do with the bridging ligand composition, which
inhibits many of the sought-after features in binuclear transition metal systems. This
ligand not only forces the platinum atoms to maintain a great distance from one
another, it increases the conjugation of the overall complex allowing greater dispersion
of electron density about the BL. The increased delocalization in turn lowers the
energy of the accepting orbitals making transitions more energetically competitive.

Selected NTOs are displayed in Figure 2.7 to both support the CT assignment
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Figure 2.7. Representative NTOs of excited states are shown here where
a.) is IMMLCT of 3, b.) is 3BLC of 4, and c.) is 3CMLC of 5 at the
ground-state geometry. The hole orbital is found in the top row and the
particle orbital can be found on the bottom row.

and visually demonstrate the electronic character of various excited states. As men-
tioned previously, complexes 1-9 support !MMLCT where electrons are promoted out
of the do* orbital onto the ligand 7* orbital (Figure 2.7a). Conversely, 10-11 expe-
rience bridging-ligand-centered electronic character as a consequence of their inherent
architecture. Similar character is seen in the low-lying triplet of 4, which is shown in
Figure 2.7b. Surprisingly, the 3BLC appears in 5 at higher energy triplets as op-
posed to the low-lying triplet. The low-lying triplet of this complex is consistent with
complexes 1-9, which all have cyclometalating ligand centered (CMLC) character.
Perhaps this is a result of the differing conjugation between the BL and CMLs.
Bringing attention to Figure 2.8, it seems the increased conjugation of the CML

plays a significant role in stabilizing the triplet states while increasing the bulkiness of
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the BL has a minor stabilizing effect on the singlet state, in most cases. This can be
qualitatively analyzed by considering the differences between the singlet and triplet

states in the Jablonski diagram.
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Figure 2.8. Jablonski diagram for complexes 3-4, 6-8, and 10.

The most direct comparison of complexes across the oxygen and sulfur series is
between 3 and 7, which differ only by the choice of chalcogen. When comparing
these two complexes it becomes obvious that introducing a larger atom in the second
position of the BL causes increased electronic destabilization, which is reflected in the
higher energy of the 'MMLCT state of 3. This destabilization is further emphasized
in both 4-5 and 10-11 by incorporating sizable fused rings in close proximity. Though
the BL composition clearly plays a role in the 'MMLCT state, the positioning of the
CMLs does show some influence over the !MMLCT energy. Considering only com-
plexes with a Pt-Pt bond length < 3.0 A, there appears to be a linear relationship
between the 'MMLCT energy and the distance between the center of mass point of
the CMLs. An increase in distance of ~0.025 A can stabilize the 'MMLCT state by
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nearly 0.1 eV. The Pearson correlation coefficient was found to be —0.92 indicating a
strong negative correlation between this particular geometric feature and energy (ap-
pendix C). This suggests that through controlling the position of the CML the energy
of the '!MMLCT can be fine-tuned to create a more accessible state. Other explored
geometric features do not show a significant correlation with the energy. Complexes
10-11 are neglected in this calculation because of the significant architectural differ-
ence in the BL.

Additionally, it is recognized that the energy of the 3CMLC state is minimally
changed when comparing 3 and 7, indicating the BL has little to no influence over the
triplet states. Similarly, looking explicitly at the oxygen series, the relative positioning
of the 3CMLC state for 6 and 8 are reasonably consistent with one another while 7
shows noticeably different behavior. Complex 7 shows decent stabilization of the
S3CMLC states compared to 6 as a result of well separated conjugated CMLs. As
noted, the triplet states of 8 show no such stabilization with the addition of the
phenyl group on the bridging ligand compared to 6. Complex 8 does, however, show
a slight stabilization of the '!MMLCT state as a result of the modified bridging ligand.
Considering these observations, it comes as no surprise that both 'MMLCT and
3CMLC states are stabilized by the bulkier BL and conjugated CMLs of 9 (appendix
D). The stabilization of the triplet states, as the CML increases in conjugation, is
observed for all complex pairs in this study as a consequence of increased electron
delocalization.[68]

Charge Transfer Modulation
The extent to which the Pt-Pt distance influences the charge transfer character is
investigated by manually modulating the positions of the transition metals in com-
plexes 10 and 11. A series of geometries are interpolated between the ground-state
equilibrium and an optimized geometry that has a fixed Pt-Pt distance of ~2.6 A.
Single-point energy calculations are then completed to evaluate the energy of the first

singlet excited state at each geometry to build potential energy surfaces (PESs) for
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Figure 2.9. Potential energy surfaces of complexes 10 and 11 where the
ground-states are blue and red, respectively. The first two singlet excited-
states for 10 are represented by the purple (S;) and green (S3) surfaces
while the grey (1) and orange (S2) are 11 surfaces. It should be noted the
ground-state surfaces have been shifted up by 1.25 eV for plotting purposes.

further analysis (Figure 2.9).

In decreasing the distance between the platinum atoms, there is a noticeable rise
and subsequent fall in S; energy as the complex proceeds toward a shorter bond
length. This rise in the energy can be attributed to the geometric rearrangement
forcing the complex into a less than optimal configuration. In directing the complex
toward a geometry with a decreased distance between the Pt atoms, metal-metal
interactions can be accessed allowing the system to experience 'MMLCT, which is
expected considering the results presented earlier. Through this experiment, the exact
distance required to facilitate 'MMLCT can be identified via NTO analysis.

To determine the minimum distance needed to encourage a shift in electronic

character, geometries about the maximum point of the S; surface are sampled and
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their NTOs are collected. A noticeable change in the CT character is observed in
increments of just 0.008 A, as seen in Figure 2.10. The LC character about the
bridging ligand is maintained until the Pt-Pt distance reached 2.996 A, at which
point the CT transitions to mixed character. Among the mixed character observed at
this geometry, some contribution is found to come from 'MMLCT; though this does
not become the dominate contributing character until a further 0.008 A decrease is
experienced. This same trend is seen in complex 10, however, the mixed character
is observed at a slightly longer Pt-Pt distance (3.102 A) Similarly, by decreasing the
distance only 0.008 A, the dominating charge transfer character is observed to be

IMMLCT for the first singlet excited state.

Figure 2.10. NTOs of complex 11 with a Pt-Pt bond length (from right to
left) of 2.987, 2.996, and 3.004 A and electronic character MMLCT, mixed,
and LC, respectively. The hole orbital is in the top row and the particle
orbital is in the bottom row.
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Alternatively, the Pt-Pt bond length of complex 7 is increased to study the nec-
essary bond length required to stabilize the !MMLCT state and destabilize the LC
state in systems with a significantly smaller bridging ligand. Comparing the relevant
surfaces, there is a substantially steeper increase in energy as the system is forced out
of the equilibrium geometry and finds a metal separation of > 3 A (see appendix E).
Though this increase is expected, it is noticeably more dramatic than the change in
energy observed for complexes 10 and 11. This is likely due to the increased strain
forced on the smaller bridging ligand in order to obtain such separation. As before,
NTOs for geometries about the “hill-like” region are sampled to identify the transition
between 'MMLCT and the new electronic character. Complex 7 is observed to host
1LC character about the CML, which is unsurprising given the CML architecture is
well suited for greater electronic delocalization compared to the smaller BL.

Excited State Geometries
The first singlet excited-state equilibrium geometries are calculated to build a better
understanding of the structural characteristics post-photoexcitation and beyond the
Franck-Condon point. The most notable and consistent geometric changes, across
all isomers in this study, are those seen in both the distance between the Pt atoms
and the shifting of the CMLs relative to one another. Figure 2.11 compares the
geometries of both 3 and 7 to analyze the impact of modifying the chalcogen of the
BL. Interestingly, this did not appear to have a substantial influence over the Pt-Pt
contraction from the Sy to the S; geometry. In fact, complexes 1-9 all experience a
Pt-Pt contraction of just over 0.2 A. Systems 10 and 11, on the other hand, undergo
a slight increase in distance; though this is perhaps unsurprising considering the
bridging ligand composition.

The change in bridging ligand position between the Sy and S; geometries is, how-
ever, inconsistent across the complexes. As before, the position of the BLs were
evaluated by determining the center of mass of the pydridyl rings then calculating

the distance between the two points. It is observed that the BLs in the complexes
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Figure 2.11. Optimized geometries for the Sy and S; states of both
3 (a and b, respectively) and 7 (¢ and d, respectively). The platinum,
sulfur/oxygen, nitrogen, carbon, and hydrogen atoms are represented by
the cyan, yellow/red, blue, grey, and white spheres.

belonging to the sulfur series undergo a noticeable shift towards one another from
Sp to S;. Complexes 10-11, of the oxygen series, also experience a shift in BLs to-
ward one another with a comparable magnitude of ~0.4-0.5 A as seen in 4-5. This
rearrangement is allowed as a result of the CMLs distancing themselves from each
other through a twisting, divergent-type motion. Conversely, complexes 6-9 generally
see a slight repulsion between the bridging ligands when going from the ground-state
geometry to the first singlet excited-state geometry. As a consequence, systems 6-9
experience the opposite distortion in their CMLs and instead see them shifting toward
one another.

Perhaps the most interesting geometric change seen in these structures is that of
the angle formed by atoms Pt1-Pt2-C1. The difference in this angle for the sulfur

series was far more dramatic than that observed for the oxygen series. All sulfur
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complexes undergo a change of ~ 10 degrees while the oxygen complexes have a
modest change of ~ 4.5 degrees. This large difference may be attributed to the
difference in size between the oxygen and sulfur atoms forcing a greater shift in the

CMLs of the sulfur complexes to accommodate the structural limitations.
2.4 Conclusions

Although DFT does an exceptional job at simulating experimental results, it should be
emphasized that (TD)DFT is a non-relativistic, single reference method. Although
relativistic effects, namely spin-orbit coupling, are expected to be strong in these
bimetallic systems, they are largely neglected in this study. Instead, scalar relativis-
tic effects are indirectly considered via effective core potentials. Remaining within
the non-relativistic scheme allows a more direct analysis of the electronic structure by
representing states as spin-pure; thus excluding state splitting and additional state
mixing. A more rigorous treatment of relativistic effects is not expected to have a sig-
nificant impact on the calculated equilibrium geometry or simulated spectra presented
in this study. Though the density of states will increase, given additional transitions
would become allowed under the relativistic regime, explicit inclusion of relativistic
effects is not expected to substantially improve the intense spectral signals.[38] Addi-
tionally, since exchange-correlation kernels are fundamentally frequency-independent,
the calculations presented in this study are confined to the adiabatic approximation.
Finally, some evidence of double excitations, in the form of satellite peaks, can be
seen in the experimental spectra, the agreement between the observed and simulated
spectra suggests single excitations are dominant in these systems. Despite the limi-
tations noted, DF'T is able to adequately describe these systems and provide results
with excellent agreement to experimental findings.

In conclusion, quantum mechanical calculations on the ground and excited-state
structures have been carried out for a series of square-planar platinum(II) dimers with

a diverse selection of bridging and cyclometalating ligands. These calculations aim at
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giving insight to the effects of bridging ligand bulkiness and cyclometalating ligand
conjugation. Through this study, it was further confirmed the bridging ligand archi-
tecture and composition is largely responsible for modulating the platinum-platinum
distance. Additionally, it was observed that the position of the bridging ligands rela-
tive to one an other were somewhat influenced by the rigidity of the CML.

As anticipated, the geometric changes were accompanied by electronic structure
differences. The m-conjugation within the CML was found to have a noticeable stabi-
lizing effect on the triplet states of the bimetallic complexes while the bridging ligand
composition appeared to have a greater, albeit less dramatic, influence over the en-
ergy of the singlet state. Though the composition of the CMLs also seemed to slightly
stabilize the singlet states, the lowering of energy in the singlet states became more
pronounced when the CML positions changed. This stabilization can be attributed to
both the increase of delocalization, as a result of increased conjugated structures, and
the system reorienting in space to accommodate structural features. These results
reveal individual effects of ligand replacements as well as their mutual influence in
both electronic and nuclear structures in both the ground and excited states, which
serves as guidance in future molecular design and chemical tuning of transition metal

complexes for various applications.
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Chapter 3

MODELING THE ULTRAFAST INTERSYSTEM
CROSSING DYNAMICS IN PLATINUM DIMER
COMPLEXES

The previous chapter proposed a compelling energetic landscape suitable for fasci-
nating intersystem crossing dynamics, which have been evidenced experimentally on
an ultrafast timescale.[87] This chapter introduces a method in which the origins of
ultrafast intersystem crossing can be investigated via variational relativistic means.
The work presented has been adapted with permission from Valentine, A., Radler, J.,
Mills, A., Kim, P., Castellano, F., Chen, L., and Li, X., 2019. Resolving the ultra-
fast intersystem crossing in a bimetallic platinum complex. The Journal of Chemical

Physics, 151, 114303. Copyright 2019, American Institue of Physics.

3.1 Introduction

Platinum (II) complexes have been well-studied due to their luminescent properties.
As a result of their strong spin-orbit coupling, such complexes phosphoresce efficiently
and are good candidates for organic light-emitting diodes (OLEDs).[194, 75] Platinum
dimer complexes such as tetrakis(pyrophosphito)diplatinate(II) ([Pty(pop)4]?™), being
smaller than large supramolecular systems and thus easier to control, nevertheless
exhibit many of the same photophysical characteristics and have been extensively
studied experimentally [188, 187, 156] and theoretically.[130, 95] A series of binuclear
platinum complexes with different bridging and cyclometalating ligands have been
synthesized, forming a full library of bichromophoric metal complexes with subtly

different electronic structure.[118, 117, 29] This new generation of butterfly-shaped
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platinum dimers, such as the [Pt(ppy)(u-'Buspz)]s complex (ppy=phenylpyridine,
pz=pyrazolate) shown in Fig. 3.1, experimentally evinces rapid intersystem crossing

(ISC) and long-lasting vibrational coherence after photoexcitation.[114, 34, 19, 85]

By Bu
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Figure 3.1. Molecular structure for the !Bu-substituted pyrazolate-
cyclometalated diplatinum complex.

Recent theoretical work from the authors[106] demonstrated that the long-lived
(~20 fs) electronic coherence in the singlet metal-metal to ligand charge transfer
(*MMLCT) states of binuclear platinum complexes can be achieved through structural
modifications of the bridging pyrazolate ligands that sterically enforce certain inter-
platinum distances. However, pure electronic S1-So coherence quickly collapses to the
S; electronic state within 20 fs due to the coupling with molecular vibrations.[154] The
next stage of the ultrafast photochemical process in binuclear platinum complexes is
the intersystem crossing to a triplet manifold, experimentally reported to take place
before 150 fs after photoexcitation.[34] In this paper, we continue to investigate the
cascading excited-state pathway in photoexcited [Pt(ppy)(u-"Bugpz)]s by studying
the energetic landscape that supports the intersystem crossing dynamics from S; to

lower-lying triplet states.
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3.2 DMethods

3.2.1 Theory

Intersystem crossing, the transition between states of different spin multiplicities that
is formally spin-forbidden within non-relativistic quantum mechanics, plays an im-
portant role in photochemistry. This change of spin state is only possible through
spin-orbit coupling, a fundamentally relativistic phenomenon.[120, 138] We have re-
cently developed a non-perturbative, variational approach based on relativistic theory
to compute the spin-orbit coupling strength between spin-pure states.[185] We only
present a brief review herein and refer readers to Ref. [185] for theoretical details.
To observe a change in population between different spin states, a basis of states
must first be selected, and then couplings between those states must be evaluated.
As states calculated variationally in the presence of spin-orbit coupling will no longer
belong to a pure spin state, but rather a superposition of several spin states, it is
natural to perform calculations in a spin-pure basis where singlets, triplets, etc., can
be easily identified. As such, we define spin-pure states to be our spin-diabatic basis,
and spin-orbit-coupled states to be our spin-adiabats. In order to generate these,
we apply a spin separation technique so that the Dirac Hamiltonian can be written

as,[49, 155]

V T 02 02
H=| ]+ , (3.1)
rog-t) o e

where V' is the scalar potential, T the kinetic energy operator, ¢ the speed of light,
and m the electron mass. Spin and orbital angular momenta are coupled through the
o -pV x p term: the vector ¢ contains the Pauli spin matrices, and p is the linear
momentum operator. The first term in Eq. (3.1) is the spin-pure portion of the Dirac

Hamiltonian, which contains scalar relativistic effects, while the second term gives
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rise to spin-couplings.

Variationally solving the Dirac equation without the spin-orbit-coupling term will
produce spin-diabatic states, e.g., singlets, triplets, etc., denoted as {JK} In contrast,
when spin-couplings are included in the Dirac Hamiltonian, the resulting eigenstates,
{1}, correspond to spin-adiabatic states. In order to calculate the state-to-state
couplings between states of different multiplicities, we search for a unitary transfor-
mation matrix, T, relating {17} and {¢x} (see Ref. [185] for details). Finally, taking

the diagonal spin-adiabatic Hamiltonian H

Ey
H= (3.2)
Em
and rotating it into the spin-diabatic basis
B Wi

H=THT = v, E, (3.3)

yields a diabatic Hamiltonian in a spin-pure basis with off-diagonal spin-orbit cou-
plings that drive the intersystem crossing event. For the purpose of this work, nonadi-
abatic couplings between triplet states are effectively neglected, as we are principally
interested in the transition from singlet to triplet. Once the spin-orbit couplings can
be evaluated, what remains is to sample the nuclear configurations that result during
the photoexcitation process; we elect to perform a single Born-Oppenheimer molecu-
lar dynamics (BOMD) trajectory on the first singlet excited state, which will produce
representative nuclear geometries for the early times of the photoexcited dynamics.
In this work, we employ the exact-two-component (X2C)[93, 113, 139, 78, 111,
112, 160, 102, 140, 51, 62, 91, 52] transformed relativistic time-dependent density-
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functional theory (TDDFT)[52, 84, 145] method to compute spin-diabatic and spin-
adiabatic states, using the one-electron Dirac Hamiltonian without and with the spin-
orbit coupling term. To account partially for two-electron relativistic effects, the spin-
orbit operator within X2C is scaled by a semiempirical fudge factor,[15] reminiscent
of the use of effective nuclear charges to account for nuclear screening of valence

electrons by core electrons.
3.3 Computational Details

All calculations were performed using a locally modified copy of the development
version of GAUSSIAN16.[57] Geometries for the platinum dimer were optimized|98]
using the CAM-B3LYP functional,[202] the 6-31g(d) basis on light atoms, and the
LanL2DZ effective core potential and double-( basis set on the Pt atoms.[73] The
range-separated functional was employed in order to better describe the excited states
of this species, many of which are charge transfer in character; a comparison of differ-
ent functionals is presented in appendix F.[5] Born-Oppenheimer molecular dynamics
of the first singlet excited state were performed at the same level of theory, beginning
at the ground-state geometry with zero initial momentum, evaluated at 0.5 fs time
steps over 200 fs. Relativistic X2C-TDDFT calculations were performed with the
same functional and basis on light atoms, with the relativistic Sapporo double-( ba-
sis applied to Pt.[129] All non-relativistic density functional theory calculations were
performed on a pruned (75, 302) grid (Grid=UltraFine in GAUSSIAN16), while the
convergence of relativistic calculations was improved by switching to a pruned (175,

974) grid for light atoms and an unpruned (250, 974) grid for Pt (Grid=SuperFine).
3.4 Results & Discussion

Before discussing the dynamics, much information can be gleaned from static cal-
culations at the ground- and excited-state geometries of the [Pt(ppy)(u-"Buapz)]s

dimer complex, shown in Fig. 3.2 and given in full in appendix F. Relative to the
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Figure 3.2.1. S Figure 3.2.2. 5

Figure 3.2. Optimized geometries for the ground (a) and first singlet
excited (b) states of the platinum dimer. The dimer contracts upon pho-
toexcitation.

ground-state, the Pt-Pt bond distance in S; contracts from 3.0 A to 2.69 A, and
the phenylpyridine ligands fold toward one another, with their separation decreasing
from 5.23 A to 4.01 A. This behavior can be explained by examining the natural
transition orbitals (NTOs)[121] that correspond to an electronic transition from the
ground-state to the state of interest, plotted in Fig. 3.3. The S; state, which is
a metal-metal-to-ligand charge-transfer (MMLCT) state, promotes an electron from
the antibonding d.2 orbital between the two Pt atoms to a bonding combination of 7*
orbitals on the ppy ligands. This increases the bond order both between the Pt atoms
and between the ppy ligands, resulting in shorter separations between each. At the
ground-state geometry, there are three triplet states below S; in energy. T; and Ty
are ligand-centered (LC) states, while T3 is also MMLCT. Though not shown, at the
S1 geometry, S; remains MMLCT and Ty remains LC, while Ty and T3 switch in char-

acter. For a description of how excited-state characters are assigned,[116, 147, 148]



46

Figure 3.3.3. Tj3 Figure 3.3.4. S

Figure 3.3. (a)-(d): Natural transition orbitals (NTOs) of the first four
excited states at the ground-state geometry, corresponding to a vertical
excitation. For each state, the hole orbital is on the left and the particle
orbital is on the right. Ty and Ty are LC, while T3 and S; are MMLCT.
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T, T, T3 T,
Ver (meV) | 28 84 40 31
Igp (fs) | 134 15 66 110

Table 3.1. Spin-orbit coupling matrix elements Vgr of the four lowest-
energy triplets to S; at the ground-state geometry, and the corresponding
intersystem crossing rates I‘g} estimated from Fermi’s Golden Rule. Inter-
system crossing is fastest to Ty, with non-negligible transition probabilities
to the other triplets as well.

see appendix F.

El-Sayed’s rules [53] maintain that ISC is fastest between singlets and triplets that
differ in electronic character. Ts is the only triplet that is LC at both geometries,
while S; is MMLCT. In addition, Ty is lower in energy than S; at the ground-state
geometry, while it is higher in energy at the S; minimum, implying there is a crossing
between the two states somewhere between the two geometries. Those two facts allow
us to postulate that Ty is the most likely candidate for ultrafast ISC. However, using
the procedure outlined above, it is possible to be more quantitative. The spin-orbit
couplings at the ground-state geometry between the four lowest-energy triplets and
S1 are shown in Tab. 3.1. As expected, the coupling to T, is quite strong at 84 meV
(680 cm ™), which is easily strong enough to allow for ultrafast intersystem crossing.
A crude estimate for the ISC rate can be obtained by inserting these coupling values

into Fermi’s Golden Rule,

Ly = 2L p(Ey), (3.4

and neglecting the density-of-states by setting p(E;) = 1 eV~!. Shown also in
Tab. 3.1, the ISC rate is fastest between the S; and Ty states, at a rate of 15 fs.
The ISC rates to the other triplets are slower, but are nevertheless still considered
to be ultrafast events, with rates ranging from 66 fs to 134 fs—all faster than the

experimental resolution of 150 fs.
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Figure 3.4. Non-relativistic Born-Oppenheimer molecular dynamics sim-
ulation along the S; surface of the platinum dimer. (a) Geometric pa-
rameters as a function of time. The distance between the platinum atoms
and between the ppy ligands both decrease over the early times of the
simulation. Dashed lines indicate the value of these parameters at the S
equilibrium geometry. Note the different scales on the y-axis for the two
parameters. (b) The potential energy surface (PES) of the low-lying sin-
glet and triplet states relative to the ground-state energy at equilibrium (Sg
shifted 2.0 eV for clarity). S; reaches a relative minimum, and intersects
with Ty and T3, at 85 fs with a Pt-Pt bond distance of 2.72 A.
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While these static data are compelling evidence of ultrafast intersystem crossing
to the second triplet excited state, ISC is an inherently dynamic process.[138] In order
to qualitatively incorporate some of the photoexcited dynamics into the study of this
molecule, an ab initio direct Born-Oppenheimer molecular dynamics (BOMD)[99,
100] trajectory was performed for 200 fs on the S; surface, at the same TD-CAM-
B3LYP/LanL.2DZ level of theory as above. The simulation began from the Frank-
Condon point with zero initial momentum. The full potential energy surface (PES)
at this level of theory is shown in Fig. 3.4b. At this level of theory, S; proceeds
directly to the vicinity of the S; minimum, reaching a local energy minimum around
t = 85 fs. In these first 85 fs, the Pt-Pt bond length (shown in Fig. 3.4a) decreases
rapidly, from 3.0 A to 2.72 A, near the S; minimum value of 2.69 A. The energy rises
somewhat as the Pt-Pt bond length decreases past its equilibrium value to a minimum
of 2.63 A, after which it begins to turn back toward equilibrium. The ppy ligands,
whose orientation is the second major change between the ground- and excited-state
geometries (also shown in Fig. 3.4a), are much slower to react, steadily approaching
one another over the course of the simulation but remaining far from the equilibrium
separation of 4.01 A.

Interesting dynamics are also visible in the triplet states over this range of geome-
tries. As expected, S; intersects with both Ty and T3, around the same time as it
reaches its local energy minimum. The change in electronic character of these states
over the course of the simulation is evident. S; remains MMLCT over the entire
trajectory, and Ty remains L.C. However, T, is LC at short times, becoming MMLCT
by t = 85 fs, while T3 follows the inverse pattern. This behavior is manifested within
the PES: T; and Ty track one another closely for the first 50 fs, after which they
diverge and Ty and T3 then rise in energy together. From these dynamics, it is clear
that the photodynamics are strongly downhill for the first 80 fs, where we therefore
consider the BOMD results to be representative of configurations likely sampled at

short times after photoexcitation. After that point, particularly if ISC is fast enough
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that lower-lying triplet states might be meaningfully populated, it is less clear that
the BOMD simulation remains physically meaningful, and consequently we restrict

ourselves to considering the first 60 fs of the simulation.

Energy (eV)

Energy (eV)

Time (fs)

Figure 3.5. Relativistic PES of the Pt dimer computed with X2C-TDDFT
using geometries sampled from Born-Oppenheimer molecular dynamics sim-
ulations along the S; surface (Sp shifted 2.5 eV for clarity). (a) Spin-
diabatic PES predicts S; crossing the triplets To and T3 at an earlier time
of 40 fs. (b) Spin-adiabatic PES shows that strong spin-orbit coupling
dramatically changes the potential energy landscape, splitting triplets in
energy by up to 0.1 eV and preventing the intersection of surfaces.

With nuclear configurations now sampled, what remains is to evaluate the spin-
orbit coupling between excited states at these geometries. To that end, single-point
calculations were performed every 1 fs over the first 60 fs using X2C-TDDFT with
and without spin-orbit coupling, with the resultant surfaces shown in Fig. 3.5. The
PESs of spin-diabatic X2C results (Fig. 3.5a) look much the same as those from

the effective core potential. However, even in the absence of spin-orbit coupling,
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the explicit inclusion of scalar relativistic effects leads to an even earlier singlet-
triplet crossing, occurring around ¢t = 40 fs. Each triplet state in the spin-free X2C
calculations correctly exhibits a three-fold degeneracy; for clarity, only one of each
triplet state is shown in Fig. 3.5a. In contrast, a pronounced change occurs upon the
inclusion of spin-orbit coupling (Fig. 3.5b). States that belong to the same triplet
manifold are no longer degenerate and split in energy, by up to 0.1 eV in the case
of T3. The spin-orbit-coupled state corresponding to S; at short times is nearly flat
over the trajectory, unlike its spin-diabatic counterpart, which steadily decreases in
energy. While any degree of coupling between singlets and triplets would prevent true
state crossings, one might expect to see several avoided crossings in regions where S,
crossed triplet states in the spin-free calculations. Instead, there is very little change
in relative energies along the trajectory, suggesting that spin-orbit coupling between
states is strong relative to energetic differences. The dramatic change induced by spin-
orbit coupling is evidence of very strong singlet-triplet interactions in the platinum
dimer that lead to rapid ISC.

Using the procedure outlined above and detailed in Ref. [185], the spin-adiabatic
states are rotated into the spin-diabatic basis, with the results plotted in Fig. 3.6a.
Remarkably, the qualitative character of the spin-pure results is almost completely
recovered; S; again decreases in energy, triplets nearly regain their degeneracy, and
there is a clear state crossing between S; and the triplets Ty and T3. The diabatic
couplings to S; from the various triplet states are also plotted in Fig. 3.6b. Singlet-
triplet spin-orbit coupling is very strong in this species. As expected, Ty couples
most strongly to Sy, by nearly 90 meV (725 cm™!) over the first 40 fs. Coupling to T
and T, is also significant, varying from 30 meV to 65 meV, while the S;-T; coupling
strength averages only 17 meV. However, this does not rule out the importance of the
T, state in the photochemical process because it can couple to other triplet states
after the ISC occurs.

Finally, the effect of spin-orbit coupling on singlet and triplet populations imme-



o2

Energy (eV)

~ 9ol ()
5 [ e—m—— ___ ———
g 80f ~. ]
= 70} -_———T - T, N~ 4
o 60} _——T, ——- T 7 T~
9 50 [ T -
& 40p -~ =~ I -
= 30 =
5 20 S~
o Tee——m ~
O 10} T ]
o ‘ ‘ ‘ ‘ -
0 10 20 30 40 50 60
Time (fs)
Figure 3.6. (a) Energies of spin-adiabatic states rotated into the spin-

diabatic basis.

The diabatic transformation of the spin-adiabatic states

recovers the qualitative character of the spin-diabatic states: the triplet
states regain their degeneracies, and S; decreases in energy over time and
crosses with Ty and T5. (b) Diabatic coupling of triplet states to S;. The
norm of each set of singlet-triplet couplings is presented. Ty couples most
strongly, by nearly 90 meV over the first 40 fs.
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Figure 3.7. Population dynamics driven by spin-orbit coupling over the
first 60 fs. The S; population drops by 70% over the first 10 fs, followed by
oscillatory behavior.

diately following photoexcitation can be explored by directly propagating the popu-

lations according to
—iHAt

c(t + At) = exp -

c(t), (3.5)

where ¢;(t) is the coefficient of state {/;Z at time ¢, and where non-adiabatic coupling
has been neglected. The resulting populations, equal to |¢;(¢)]?, are shown in Fig. 3.7
for the first 60 fs of the simulation, beginning with the total population in S; at
time t = 0. A rapid depletion of S; is observed, dropping by 70% in just 10 fs. As
expected, much of the population is transferred into Ty, reaching an initial maximum
of 60% at time ¢t = 10 fs. After 10 fs, other triplets gain appreciable magnitude and
oscillatory populations are observed. That the population of S; oscillates over time
rather than steadily decreases is expected, as a consequence of a lack of coupling
between triplet states. In particular, though the T, state is not efficiently populated

in this simulation, it is lowest in energy and does not couple efficiently to Si; were

the triplet populations to funnel into Ty, the reverse ISC reaction seen in the S;
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oscillations would be prevented. Transfer to T; can only be achieved through two
factors neglected in this study: nonadiabatic coupling and vibronic effects. The
former allows for direct population transfer between triplet states, while the latter
can lead to broken symmetries and an increased internal conversion rate. Were these
effects included, the intersystem crossing event would likely be rendered irreversible,

and from these results, we predict the ISC rate to be under 15 fs.
3.5 Conclusion

In this work, we have demonstrated that strong spin-orbit coupling effects lead to
ultrafast intersystem crossing in the [Pt(ppy)(u-"Buypz)]z dimer upon photoexcitation
to the first singlet excited state. State-to-state spin-orbit couplings were evaluated
using a variational approach, applied to structures sampled from the ab initio excited-
state molecular dynamics. The rate of ISC is evaluated using both Fermi’s Golden
Rule and time-propagation of state coefficients. Due to its LC electronic character,
its low energy separation from S;, and its strong spin-orbit coupling to Sy, the second
triplet excited state Ty is the most likely candidate for the initial ISC event. While
the experimental resolution of intersystem crossing in this species is 150 fs, this work
suggests the intersystem crossing event is much more likely to occur within the first
15 fs, dramatically narrowing the window during which a change in spin state is likely
to occur.

In the absence of explicitly evaluating nonadiabatic coupling between triplet states,
and without allowing nuclear relaxation along triplet trajectories, nothing in the
Hamiltonian in Eq. (3.3) will prevent the reverse ISC reaction. Development of an-
alytical nuclear gradients, valuable in both nuclear dynamics and the evaluation of
nonadiabatic coupling, remains therefore an important goal for variational relativis-
tic methods. Future work will also consider the possibility of implicitly incorporating
nonadiabatic coupling via a local diabatic transformation:[66, 146] once triplet states

can efficiently couple to T4, which does not meaningfully participate in the ISC, it is
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expected that the intersystem crossing will no longer appear reversible.

Finally, this work is evidence of the importance of choosing an appropriate basis
for describing dynamical processes. Fully variational relativistic calculations, though
more accurate in their depiction of spin-orbit coupling, render identification of the
relevant states much more difficult, as it is no longer meaningful to speak of them as
singlets or triplets. In contrast, after rotating into a spin-pure basis as above, states
fully recover their multiplicities and are clearly identified. This procedure, in effect
a form of spin-purification, is an important step in the use of variational relativistic

calculations in the simulation of intersystem crossing events.
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Chapter 4

THE FOUNDATIONAL FRAMEWORK OF Al
ALGORITHMS

“Artificial intelligence” is the broad term the encapsulates all forms of machine
learning and is generally divided into three primary categories: supervised, unsu-
pervised, and reinforcement machine learning. These three methodologies all seek
the same primary goal, which is to identify the underlying patterns of known in-
formation such that future predictions are as accurate as possible. Typical prob-
lems addressed by these forms of analysis include classification, regression, clustering,
and detection.[101, 63] The work in part II of this thesis will focus on building and
implementing reinforcement learning (RL) algorithms to detect optimal states and

ultimately solve problems of chemical relevance.
4.1 Elements of Reinforcement Machine Learning

Prior to discussing the more technical aspects of RL, it is worthwhile introducing the
universal elements of the basic framework to better appreciate the architecture and
novel functionality. As mentioned earlier, reinforcement machine learning differs from
supervised and unsupervised methods in a number of ways, the most notable being
RL does not require a pre-trained model and therefore handles input in a unique
manner, relative to the more classical techniques. The key elements contributing to

the unique functionality of RL include the following:

1. State(s): the current description of the system at a given time step. This
should hold very specific information, unique from other states, allowing the

algorithm to learn the consequences/advantages of being in a given state. If one
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considers building a molecule from scratch using RL, the state of this problem
may hold information such as the set of atoms included in the molecule, the
positions of each atom in Cartesian space, and even the multiplicity of atoms

considered.[171]
. Action(s): a change to the current state determined by the RL algorithm; or

more specifically, the agent of the RL algorithm. Actions allow for the collection
of more data points in order to build a reasonable data set in which to train the
model. In the early phases of model building during RL, the actions tend to be
more stochastic; however, once sufficient data has been collected, the actions

are more logically selected in order to achieve the predefined objective.

. Agent: the decision-making component that selects which actions to take when
in a given state. Initially, the agent is completely unaware of how the system
behaves in the environment and must collect data (states) by taking actions. As
new states are collected, the agent periodically undergoes training to understand
the effects of its actions. After sufficient data collection and training, the agent
is capable of detecting patterns and thus making informed decision allowing
optimal states to be reached more efficiently. The agent will be represented by

a neural network in this work.

. Policy: the set of guidelines/rules the agent devises in response to training.
In short, as the policy advances, it is better equipped to guide the agent and

encourage the selection of better actions to find desirable states.
. Environment: the interacting portion of the problem that receives the new state,

which is determined by applying the selected actions on the current state. The
environment evaluates the new state and a reward is granted that rates the
quality of the actions. A potential energy surface (PES) may serve as a suitable
environment for one who is looking to locate signature states of a molecule (i.e.
global minimum or saddle points) via RL. If one were to consider a PES as
the environment, information that can be extracted to evaluate a given state

include the energy and subsequently the gradient.
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6. Reward: a scalar value that rates the quality of the new state once it has been
subjected to the environment. The reward function is a predefined component
that should reflect the objective and encourage the agent to proceed toward said
objective by awarding greater values when seemingly good actions have been
selected. This is one of the most complicated components to build and should
be strategically designed to keep the agent from converging to suboptimal states

or succumbing to the cobra effect!.
4.2 Dynamic Programming

Reinforcement machine learning operates under the dynamic programming (DP)
regime and involves solving control problems via sequential problem solving and split-
ting the problem into sub-problems.[14] The objective is to identify an optimal policy
such that the reward is maximized. In order to identify said policy, DP assumes a
Markov decision process (MDP) model, which provides information about the states,
actions, dynamics, and rewards. An analytic representation of the dynamics is un-
necessary, instead a transition probability is generated to predict a mapping from the
current state to the next state.[21]

Dynamic programming follows the principle of optimality, which states that all re-
maining decisions, after the initial state and decision, make up the highest performing
policy.[13] The principle of optimality is significant because it gives rise to the func-
tional equation and thus a means in which the optimal policy, 7, can be identified.
An effective optimal policy is one that is capable of maximizing the value function,
v(s), which is the expectation of the return function given the state. Simply put, it

dictates how the agent will respond in a given state such that the maximum possible

!The cobra effect is an example of perverse incentive, which is when the reward function encour-
ages unintentional outcomes. The experienced outcomes are generally negative and unconducive
to solving the problem of interest.
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reward is achieved.

Ux(s) = Ex[G|S; = 5] (4.1)

where v is the state-value function that follows policy 7, s is the state at time ¢, and
Gy is the return function. The return function is defined as the summation of all

future rewards at a discounted value leading the former equation to become:

o0

0r(s) = B3 7 RerigalSi = o (12)

i=0

where ~ is the discount factor, ranging anywhere from 0 to 1. The return function
represents the quality of the current state by estimating whether or not the current
state has the potential to give rise to higher rewarding future states; as such, a higher
return value is desirable and indicative of a good state.[177, 203] The discount factor
is important because it ensures convergence of the value function and dictates the
extent to which the agent is concerned with future rewards. Finally, the expectation
indicates what the reward is expected to be should the agent continue following 7

from state s.
4.3 The Value Function Bellman Equations

In an effort to derive the the state-value Bellman equation, one may rewrite Equation
4.2 as:
Ur(s) = Ex[Ri1 + G |S = 5] (4.3)

in order to separate the initial state from all subsequent states and remain compliant
with the principle of optimality. Provided the algorithm progresses dynamically, a

transition probability distribution must be defined

p(s',rls,a) =P(S; =5, Ry =7r|S;_1 = s,A_1 = a) (4.4)
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which states that given state s and taking action a, the new state will be s’ and the
agent will be awarded r. The sum of the probability distribution for selecting a in s

will sum to 1.

ZZp(s’,ﬂs,a} =1 (4.5)

s’eSrer

Continuing with the derivation, Equation 4.3 can be split into two parts:
E.[R|S = 5] =) 7(s,a) > p(s,rls,a)r (4.6)

and

E.[vGi1|S: = s] = Ex[y ZWiTt+z‘+2|St = 5] (4.7)
=0

Focusing on Equation 4.7, the discount factor can be moved such that the equa-

tion becomes:

E[7Gi1| S = 5] = YE[> V'ripitalSi = s (4.8)

=0

and the expectation can be rewritten as:

Ex [Z VTirivalSe = 8] = Z 7(s,a) ZP(S/> rls,a)Ex [Z VrivivelSepr = 8 (4.9)

=0 a =0

Adapting the state-value function from the previous section, one finds:

Ur(s') = EW[Z V'ririvalSern = 8] (4.10)
i=0
Ew[z Vriyisa|Se = 5] = Z (s, a) Zp(s’, r|s, a)vg(s') (4.11)
ZIO a S,

The two parts of the initial equation can be recombined to find the Bellman
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equation of the state-value function, which is a recursive relationship:

v (s) = Z 7(s,a) Zp(s’, rls, a)[r + yv(s")] (4.12)

a

Furthermore, the Bellman Optimality equation can be defined as:
Ve (8) = maz v, (s) (4.13)

which indicates the best possible policy will give the greatest possible reward. There-

fore the Bellman Optimiality equation of Equation 4.12 is:[177]
Ve (5') = mazaen Zp(s’, rls, a)[r + yv(s)] (4.14)

Through a similar derivation, the Bellman Optimality equation of the state-action

value function is found to be:

Gr(8,0) = Ep«[Rip1 + ymaxae aqrs (Siv1,a’)|S; = s, Ay = a (4.15)
4.4 Neural Network Architecture

The value functions discussed in the previous section are of utmost importance in RL
as they connect all of the key elements of the architecture together. From the previous
section, it is recognized that the equations derived collect all data in a single function
and use the devised function to assess future states and actions in order to achieve
the main goal.[161] Because of the inherent complexity of these functions, it is most
appropriate to use neural networks in order to adequately represent them in complex
problems. Neural networks are a suitable choice because of their advanced computa-
tional structures that have been modeled after biological network architectures.[60]
The general architecture of neural networks (NN) includes a series of layers and

a number of neurons per layer. The depth of the NN and the number of neurons in
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each layer is largely dependent on the objective and complexity of the problem. A
standard NN consists of an input layer, hidden layer(s), and an output layer. The
input layer will have a number of neurons equal to the number of input values, or
features of the input, while the output layer will have a number of neurons equal
to the number of expected output values. The hidden layer(s), positioned between
the input and output layers, will have a predetermined number of neurons, which
is given as a hyperparameter prior to training and should be determined based on
the complexity of the problem investigated; the number of hidden layers can also be
adjusted to accommodate the complexity of the problem. For increasingly complex
problems, deep NN are implemented to capitalize on the increased nonlinear mapping
capabilities offered under these architectures.

Figure 4.1 demonstrates the general structure of a simple NN where the input
layer takes a single input value and the expected output from the NN has a size of
two. Additionally, the sample NN includes two hidden layers each with 4 neurons.
The dotted lines indicate the connections between each layer and are assigned unique
weights, w;;, which are updated throughout training.

Once a suitable architectures has been devised, one may define an appropriate loss
function to minimize such that the weights of the network optimize via backpropaga-
tion during training. RL seeks to specifically optimize the value function, therefore

the loss function in this work will be a modified state-action value function.
4.5 'Training Neural Networks via Backpropagation

Backpropagation is a means by which one can train neural networks and minimize the
loss function; this method works by continually updating the weights, which connect
the layers of the NN.[158, 197] In other words, backpropagation ultimately seeks to
find weights that allow a network to output results that are sufficiently close to the
true results. It is useful to develop a deeper understanding of this process before

moving forward, to better appreciate the power of this method and its impact on



64

 Ovgzmz2sOn
| LTSS LS e
OSSO e SO
/_/_——— N /;’/ \\-‘)zl
C)‘~~ /C 7‘( ,>3.‘<
\\ \,/)* 7 -
~ P > TN\ /-
SO I

Figure 4.1. Schematic of a deep neural network where the circles indicate
a neuron and the dotted lines are each assigned unique weights that neurons
of one layer to another. The neural network pictured here takes a single
input and maps it to the first hidden layer, which is composed of 4 neurons.
Each neuron of the first hidden layer then maps the output to the second
hidden layer. Finally, the second hidden layer maps the output to an output
layer with two units.

developing successful machine learning models. To begin, the following relationship,

connecting the input to the output, is defined:

where z is the input of neuron j, the weight connecting j to neuron 7 is wj;, and the
output of 7 is y. Each layer is typically assigned an activation function that provides
a real-value output value; this derivation will use the sigmoid activation function?,

which is:
1

= 4.17
I+e (4.17)

Yj

20ther popular activation functions include the hyperbolic tangent (tanh) function, the recti-
fied linear unit (ReLU) function, and the softmax function. These functions are imperative for
incorporating non-linearity into the NN.
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Next, the loss function will be defined as follows for simplicity:

1
L= > (i —t) (4.18)
J
where ¢ is the true output value. Having defined the above equation, the partial

derivative of the loss function with respect to the output can be represented as:

OL
— =y —t, 4.19
ayj J J ( )
which gives rise to the relationship
oL _ OL y; (4.20)
dx; Oy, 0x; '

through the chain rule. By differentiating the sigmoid activation function with respect

to x and substituting the resulting equation into the above, one finds:

oL L

— = —:(1 — y; 4.21
axj ayjy]( y]) ( )

The chain rule can again be utilized to write:

oL 0L dx; 0L
8wﬂ N 833]‘ awﬁ N 81;]-

Yi (4.22)

and
8yi n F (9xj I

(4.23)

At this point, the partial derivative of the loss function with respect to y can be
determined for any neuron in the second to last layer when the 3—5 is known.[158]

This process is repeated for each earlier layer in order to find g—fu. The latter term is



then used to update the weights via gradient descent.

Aw = —Oza—L

ow

where « is the learning rate limiting the weight update.

66

(4.24)
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Chapter 5

DEVELOPING A PHYSICALLY-MOTIVATED DEEP
REINFORCEMENT MACHINE LEARNING
ALGORITHM

Considering the high computational cost of evaluating the energetic landscape
of systems using traditional quantum methods (i.e. DFT), a deep machine learning
approach is explored in this chapter to build a foundation for an alternative analysis
method. A physics-supplemented deep deterministic policy gradient algorithm is
extended upon and implemented in a model system to demonstrate the capability
and versatility of AI methods in solving problems of chemical interest. The work
presented in this chapter has been adapted with permission from Mills, A., Goings,
J., Beck, D., Yang, C., Li, X. Exploring potential energy surfaces using reinforcement
machine learning. The Journal of Chemical Information and Modeling, 62 (13), 3169-
3179. Copyright 2022, American Chemical Society.

5.1 Introduction

Computationally modeling chemical systems has been a valuable tool for many years
as theoretical methods allow a deeper look at the systems under investigation. In
order to extract meaningful data from theoretical simulations and closely reproduce
experimental results, the systems investigated must first be optimized to find the
equilibrium geometry allowing for more accurate characterization. Optimization tech-
niques have been around for decades and range from the rational function method
to the direct inversion in the iterative subspace method.[162, 176, 9, 39] Traditional

optimization methods can be improved upon by including regularly updated second-
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order couplings between coordinates via the Hessian matrix.[50] This, however, has
the potential to substantially increase the computational cost; especially in cases with
high-dimensional spaces.[163, 2]

High computational costs have been combated with quasi-Newton methods that
circumvent calculating the full Hessian and instead find a suitable approximation. |20,
168] Further advancements have led to the development of first-order direct inver-
sion of the iterative subspace methods; which has demonstrated similar, if not better,
performance compared to quasi-Newton methods.[55, 149, 70, 98, 122, 61| These algo-
rithms, however, have their faults, which include premature convergence, oscillatory
behavior, and taking steps in the wrong direction consequently leading to unreliable
solutions.[55, 98] Additionally, most optimization algorithms rely on the input struc-
ture being reasonably close to the equilibrium geometry, through the aid of molecular
visualization programs, which is not always the case; especially as the structures
become larger and increasingly more complex.

In an effort to improve the performance of optimization methods, while maintain-
ing good quality energy predictions, machine learning algorithms have recently been
explored. Notable advancements in the past decade have utilized supervised learn-
ing methods to build DFT-quality potential energy surfaces (PES).[173, 12] However,
methods relying on training data often suffer from substantial overhead, that comes
with pre-training models, and insufficient sampling variability, which can be a con-
sequence of specialized datasets. One might consider overcoming such limitations
through the implementation of reinforcement machine learning techniques, which is a
subcategory of machine learning that does not require datasets for initialization and
is capable of learning on-line.

Recently, RL has been applied, in concert with classical methods, to molecular
optimization problems with the objective of improving convergence.[2] RL works by
optimizing a policy through a developer designed reward system that evaluates the

quality of the algorithm’s predictions. This method has been implemented in the
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work of Ahuja et al. where they devise a method using RL to find an appropriate
correction term for steps within the BFGS algorithm. However, this work implements
a preconditioned policy thus forgoing one of the greatest benefits of RL, the ability
of learning without initializing a pre-trained model.

The work presented in this study demonstrates the remarkable problem solving
capabilities of an RL agent as it navigates through various PES to identify the global
minimum and locate local minima points. The surfaces included in this study were
explicitly selected as model environments because of their multiple minima regions
making the global minimum less obvious to the agent; thus significantly increasing
the difficulty of the problem. The algorithm implemented herein extends on the deep
deterministic policy gradient (DDPG) method, introduced in the work of Lilicrap
et al., by incorporating an optimizing target state and utilizing gradient vector in-
formation indirectly provided by the state defined in this problem.[105] Though the
DDPG framework has been shown to work well in high-dimensional spaces, the ex-
periments herein will be limited to two degrees of freedom for ease of visualization

and interpretability.
5.2 Theory

At the most fundamental level, an RL algorithm consists of an agent that inter-
acts with a predefined environment to collect the highest possible rewards. Through
trial-and-error and accumulated rewards, the agent uses the acquired experiences to
optimize a policy (i.e., function approximator) in order to solve a given problem. As
more experiences are collected and the policy matures, the agent begins to make more

informed decisions and subsequently completes tasks with increased efficiency.

5.2.1 The Markov Decision Process

The optimization problem, within the RL regime, will be framed as a Markov decision

process (MDP); which is the process of selecting an action to achieve the highest
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rewarding future state, given the transition probabilities.[150, 3] An MDP is preferred
because of its simplicity and superior performance in stochastic environments.|10,
179] Within this formalism, the states are assumed to obey the Markov property,
which is to say that all pertinent information for future states is held in the current
state. States of this nature are considered “memory-less” since past states are deemed
irrelevant and are promptly ignored.[77] Mathematically, the transition probability of
a Markov state can be represented by the following relationship:[177]

p(S/,Tls,a) - Pr[Rt—i-l =T, St—i—l = S/|807A07 R17 ceey St—laAt—la Rt7 StyAt] (5 1)
= PT[RtH =7,5141 = S/|St, At]

where s and s’ are the current and next states, respectively, r is the reward, a is
the action, and t is the time. Since the problem is framed as a process, the dynam-
ics of the environment are evaluated via the transition probabilities.[178] Because
of their dynamic nature, MDP models require the following information: the state
space, action space, reward function, and transition probability function; generally
collected in a tuple, (S,.A, R, p).[108] Problems within the MDP framework can be
approximately solved by learning an optimal policy through reward updates as high

probability trajectories in the environment are traversed.[131]

5.2.2  Policy Gradient Theorem

Policy gradient methods are commonly used to solve MDP problems and will be
the class implemented in this study. These particular methods are appealing be-
cause of their increased convergence arising from parameterizing the policy such that
actions are selected in the direction of the greatest possible reward via gradient
ascent.[170, 143, 144] Methods of this class are optimal for real world problems as

they are able to handle continuous action spaces by representing their policy as a
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probability distribution; generally written as ug(a; s) = Pla; s, 0].[143, 82] This indi-
cates the policy, u, follows parameter vector 6 to select a;, given the current state, s;.
The parameter vector, in this context, will be composed of weights that are extracted

from a function approximator.

5.2.8 Actor-Critic Method

The actor-critic (AC) method is a sub-model of the policy gradient theorem class
that combines formerly unrelated models to capitalize on their individual benefits
and make a, single, superior model. The AC model consists of two parts:[170, 90]
I.) an actor that optimizes the parameters of a stochastic policy via gradient ascent
I1.) a critic that estimates the Q-value function via temporal-difference learning
The two components work in tandem to find an optimal policy function through
parameter updates directed by the learned value function.[90] The latter component

learns through the recursive relationship:

Q(s1,ar) = Elr(sy, a) + yE[Q(st41, as11)]] (5.2)

where E is the expectation and v is the discount factor, which is a predetermined
hyperparameter that indicates how heavily future rewards are weighted. Equation
5.2 is commonly known as the Bellman equation and is of great significance in RL
as it relates the state and the action to one another. The critic is then updated by

minimizing the following loss function:

L(09) = E[(Q(s1, ai;09) — y.)?] (5.3)

where ¥, is

Ye = (81, ar) + YQ(Seq1, 11(S411); QQ) (5.4)
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The critic network is then used to update the actor network through gradient

ascent

Voud = E[V ,5,)Q(s, u(st); QQ)VGMM(St; 0")] (5.5)

The AC model combines Q-learning-type methods with policy gradient methods
to improve convergence issues common in the former by including gradient-based
optimization via the latter. Additionally, large variances, often seen in actor-only
models, are controlled by incorporating low-variance knowledge of the dynamics via
the critic model; which has the added advantage of increasing the agent’s rate of

learning.[67]

5.2.4 Deep Deterministic Policy Gradient

The DDPG method expands on the AC architecture by implementing target networks
and including a memory of past experiences, which work together to improve both
the stability and sampling efficiency, respectively.[105] The target networks, denoted
by a prime symbol, are slowly updated throughout the training process, relative to

the online actor and critic networks, using the following soft update implementation
0« 76" + (1 —7)6% (5.6)

where 7 is a very small constant and x can be either pu or ) for the actor or critic,

respectively.
5.3 DMethods

Herein, a hybrid-DDPG (hDDPG) algorithm is implemented that utilizes the gradient
vector, calculated from the potential energy and position information, in an effort to

help direct the agent toward the global minimum of the PES. This takes inspiration
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from classical methods that rely solely on optimizing systems via gradient-descent and
novel techniques that have shown improved optimization convergence. Additionally,
an updating target state is implemented by first introducing a recorded target value
and then periodically replacing this value as a higher rewarded state is identified; this
is incorporated in the reward function to aid in finding the optimal solution. The

general process is outlined in Algorithm 1.

Algorithm 1 hDDPG

1: Initialize the environment and agent’s memory

2: for episode=1,2,....M do

3 Reset the initial state

4 if done is not True then > termination condition has not been triggered
5: Select a; using the following conditions:

6 if energy increased 3 consecutive steps then

7 Use gradient vector forces to select actions: a; = —VE

8 else

9: Use pg(a; s) to select ay

10: end if

11: Apply a; and evaluate the environment’s response to s; via the reward

function

12: Consult the termination conditions to update done if necessary

13: Update memory and and train the agent

14: end if

15: end for

The agent is composed of an AC architecture with complimentary target actor
and target critic networks as well as an experience memory. The target networks are
additional neural networks used to ensure stability as the agent advances; they are
updated during training following Equation 5.6.[170]

To encourage exploration, this work implements both Ornstein-Uhlenbeck (OU)
noise and randomized initial states, within preset environmental bounds, for each
episode. OU noise has been included as it satisfies the Markov property and the
OU process demonstrates temporal homogeneity.[45] Additionally, randomized initial

states allow the agent to build a better understanding of the environment as more of
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the area is stochastically surveyed.

The Miiller-Brown PES was selected as the initial model environment for this
study because of its increased complexity arising from the numerous minima energy
regions. This surface is modeled by the following equation, which is simply the sum

of four Gaussians:[16]

4
Mz, y) = Z Asexplai(z — T;)° + bi(x — To)(y — i) + cily — 5:)°] (5.7)
i=1
where
A = (=200, -100, —170,15);a = (=1, —1, —6.5,0.7);
b=(0,0,11,0.6);c = (—10, —10, —6.5, 0.7); (5.8)
7 =(1,0,—-0.5,—1);5 = (0,0.5,1.5, 1)

An observation space was set by limiting the = value between [—2,1.25] and the
y between [—0.5,2.25], which can be visualized in Figure 5.1. Actions selected via
the function approximator are screened and clipped prior to passing through the step
function to ensure s; remains within the aforementioned limits. This keeps the agent
from saturating the memory with useless experiences that may hinder learning or
force exploding/vanishing gradient problems.[47]

Considering the stochastic nature of RL and the complexity of PES, a number
of termination conditions are defined to prevent nonphysical states from dominating
the replay buffer. The agent is instructed to abandon an episode if the calculated
energy increases a total of 25 times, a reward of zero is granted 5 times, the allotted
steps have been reached, or there is a notable increase in energy; this last condition
is case specific. For example, in the case of Miiller-Brown surface, if the following
relationship is met, the episode will promptly terminate: A, > 2 % |\;|, where )\; is
the current state’s energy and )\; is the initial state’s energy of the episode. This
particular condition enforces tighter exploration constraints when the initial state is

in an energetically positive or null region. Alternatively, if the initial state is in a more
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Figure 5.1. Contour of the Miiller-Brown potential energy surface.

energetically negative region, the agent is granted more freedom to explore the area
per this relationship. It should be reiterated that this final condition is well suited
for the Miiller-Brown potential energy surface and may not perform well for surfaces

with different energetic ranges.

5.4 Results & Discussion

5.4.1 Improving the Critic with an Advanced Reward Function

The critic is immediately dependent on the quality of the reward granted (Equation
5.2), therefore devising a strategic reward function is instrumental in the agent’s
ability to learn and solve the problem of interest. As such, the reward function is
scenario specific and must incorporate relevant properties of the environment to ensure
the highest quality actions are identified and, subsequently, utilized.[132, 127, 128]
Two reward functions are compared in this section to illustrate the significance of
a well defined function that compresses multiple aspects of the PES into a single,

unitless, value. The first reward function implemented is simply the difference between
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A of the previous state and current state:

Te = A—1 — Nt (5-9)

Algorithm 2 Moving Target Reward Function

1. Calculate Euclidean distance, €;, between [xju, Yiow] and [z, yi]
2: if A\, > Aoy then

3: if ¢, = ¢;,_1 then

4 ry =0

5 else if ¢, > ¢;_; then
6: ry=—1x%¢

T else

8 r = clip(1/€, 0, @)
9

end if
10: else if \; = A\, then
11: T = €
12: else
13: re = clip(1/e, 0, ¢) *p
14: Update A\, with new lowest observed energy
15: end if

The second reward function evaluated can be found in Algorithm 2. The very
first step of this function is to extract the positional components of the state, [z,y]
and calculate the Euclidean distance, €, between the current coordinates and the
coordinates with the lowest recorded potential energy, .., Next, the \; is compared
to Ajow to determine if the agent has found a lower energy state. If the agent’s most
recent state is found to have a more positive energy, the first sub-route is chosen and
assigns a reward based on the calculated Euclidean distance. Notice the only way
to obtain a positive reward, via this route, is to have found a smaller e indicating
the agent is indeed moving toward the target state. However, if a new target has
not been found, the maximum positive reward will be limited to ¢, where ¢ is set
to 10 for all PES explored in this work, via the clip function; which ensures the

value does not exceed ¢ or go below 0. Alternatively, if the agent decides to remain
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stationary, a reward of zero is assigned as nothing is learned therefore nothing is
gained. Finally, if the agent identifies a lower energy state than A\, the target state
is updated and a maximum reward of ¢ * ¢ can be collected, where ¢ is set to 5 in
this study thus limiting the maximum possible reward to 50. It is worth mentioning
that reward clipping seen in lines 8 and 13 of Algorithm 2 is necessary to avoid
exploding/vanishing gradient issues that accompany states with extraordinarily large
value disparities. The update feature within the reward function will be termed the
moving target going forward as this recorded state is frequently updated as the agent
learns more about the environment. It should be recognized that the recorded state
represents the best possible solution to the problem, with respect to the acquired
experiences.

Utilizing the standard DDPG implementation, the agent trained on the moving
target reward function (Algorithm 2) was evaluated against the agent trained via
the simple reward function (Equation 5.9). Both agents were allotted 750 episodes
to optimize a policy where the first 90% of episodes randomly initialized a starting
state, which can be thought of as the training set, while the last 10% of episodes
used a fixed initial state that was deemed sufficiently far from the optimal point to
evaluate what the agent has learned. These final 10% of episodes are intended to act
loosely as a “test” set to evaluate the quality of the policy. It should be noted that
the agent never stops learning and will still collect the experiences from these last

10% of episodes to train the networks.

Learning the Miiller-Brown Potential Energy Surface

The initial states recorded during training, using both the simple and moving target
reward functions, have been plotted in Figure 5.2 to demonstrate the extent in which
exploration is practiced. Figure 5.2a suggests that both agents have seemingly equal
opportunities to traverse the surface and build a reasonable picture of the landscape

as the area is well surveyed in both simulations. The corresponding surface, in Figure
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5.2b, however, plots the recorded terminal states and illustrates the learning variance
between the two agents. The agent learning from the simple reward function falls
short of locating the global minimum and instead fixates on a region approaching the
nearest local minima. The agent trained on the moving reward function appears to
frequent this region initially, but eventually learns of a better solution and begins to
find terminal states localized in the global minimum of the surface, which is likely a

consequence of having a well defined target to aid the agent’s decision-making.

a.)

2.04,

15],
1.0{
0.5

0.0 [in

0.5
22

Figure 5.2. a.) Initial and b.) terminal states of all episodes for the agent
trained on the simple reward function (orange) and the agent trained on
the moving target reward function defined by Algorithm 2 (purple) atop
the true Miiller-Brown potential energy surface.

Demonstrating Knowledge of the Surface

To evaluate the quality of training completed prior, the last 10% of episodes will be-
gin with a fixed initial state. Of these last 10% of episodes, the final 50 episodes are
plotted in the form of trajectories in Figure 5.3 to visually represent the improved
convergence when an updating target is included in training. Lacking any formal

direction via a target, the orange trajectories are observed to localize at a suboptimal
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area between two minima regions, which reflects the trend observed during training.
This is likely a consequence of receiving comparable positive rewards from the sur-
rounding minima regions rendering the agent unsure of which is the better option.
From this analysis, it becomes clear that Equation 5.9 is not suitable for efficiently
traversing complicated environments in the allotted episodes. Perhaps given more
time to learn and explore via randomized state initialization, the agent would even-
tually converge to the global minimum; however, from the collected data, it seems
the agent has settled on converging to a rather poor solution. Although granting the
agent more time to collect experiences is a viable option, it is certainly not the most
efficient; instead, modifying the reward function to indirectly hold more information
about the surface will likely lend to increased learning and thus convergence to a more

suitable solution.

2.0

1.5

Figure 5.3. Trajectories for episodes 700-750, which have a fixed starting
point (—1.75, —0.45), using a simple reward function (orange) and the mov-
ing target reward function (purple) on the Miiller-Brown potential energy
surface.
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The purple trajectories from Figure 5.3 show increasingly better solutions than
their counterpart orange trajectories. Every trajectory the agent pursues in these
final episodes immediately fall down the surface until a slight increase in \; is found,
in which case the agent redirects and proceeds toward the global minimum region.
Though impressive, this is perhaps unsurprising as the reward function with the
optimizing target is explicitly designed to give a better description of the environment
by considering both A\; and € to relate s;_1, s; and s, to one another. That is to say,
the geography of the environment is now considered in addition to the state’s potential
energy, which has a noticeable impact on the quality of the policy. Having motivated
the importance of a descriptive reward function, moving forward, an optimizing target
is implemented and the moving target reward function, outlined in Algorithm 2, will

be utilized.

5.4.2  Guiding the Actor with Physics

To further improve the agent’s learning rate, it is expected that ensuring valuable ex-
periences are collected in the memory will allow for an increased rate of convergence
to optimal solutions. To address this, the hDDPG algorithm is developed where the
actor is designed to incorporate physically meaningful experiences, via gradient vec-
tor information, whilst learning the surface. This vector is calculated intermittently,
based off of a predefined criterion, and used in place of policy selected actions. The
gradient is utilized to help direct the agent specifically when it demonstrates a lack
of environmental awareness through consecutively collecting negative rewards. Ad-
ditionally, the inclusion of gradient vector information broadens the applicability of
this framework and allows for additional stable states to be easily located; namely,

potential reactants and intermediates of the investigated system.
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Figure 5.4. Contour plot of Miiller-Brown potential energy surface built
using every sampled point during exploration via a.) DDPG and b.) hD-
DPG where red points are initial states for each episode and the blue points
are sampled states during the episodes. The average reward (c.) for each
episode is recorded for standard DDPG (purple) and the hDDPG (green)
algorithms.

Learning with Physics

A series of training runs are analyzed to illustrate the differences in the agent’s ability
to locate the global minima region using the DDPG and hDDPG algorithm. A side-
by-side comparison of representative training runs, from each algorithm, is presented
in Figure 5.4. The red points represent the initial state of each episode and the blue
points are all other states visited by the agent at some point during the episode. The

initial states are visually found to be well dispersed about the environment allowing
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for increased exploration and a diverse set of states to learn from. The increased ex-
ploration significantly improves the agent’s ability to describe the environment, which
is demonstrated by the underlying contour plot that is interpolated using strictly the
states visited by the agent of the respective algorithm. Additionally, the blue points
emphasize the regions the agent found to be of great interest through clustering, in-
dicated by the dense dark blue regions. The higher density cloud about coordinates
(—0.75,1.5) in Figure 5.4b suggests the hDDPG algorithm does a better job at lo-
cating the global minimum region and continually visits that area when compared
to DDPG. The DDPG agent, on the other hand, appears to have an affinity for the
space between the global minimum and a local minimum well.

The quality of the policy and rate of learning is evaluated through analyzing the
average collected reward, which is seen in Figure 5.4c where the average rewards are
plotted for the DDPG and hDDPG algorithms. The glaring difference between the
two plots is the rapid increase in average reward allotted for the latter compared to the
former, suggesting a significant difference in the learning rates. An average reward of
~5 is granted by episode 300 for the hDDPG agent, which is nearly 300 episodes sooner
than convergence to a comparable average reward for the DDPG agent. This indicates
the hDDPG agent is able to quickly locate a satisfactory solution and continually
select subsequent actions that would grant generally higher rewards. A closer look
at the two plots show the DDPG agent struggles to maintain an average positive
reward for nearly the first half of training, unlike the hDDPG agent who maintains
a positive reward, consistently, after about 100 episodes-worth of experiences. This
difference can be attributed to the use of physically motivated actions that help direct
the hDDPG agent toward better solutions and thus higher rewards.

Quality experiences collected through improved guidance via gradient vector ac-
tions has a substantial impact on the agent’s ability to learn and make improved
decision. It should be noted that the hDDPG actor used the gradient to direct the

trajectory for only 2% of the total steps during training. Additionally, these physically
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motivated actions were less frequently utilized in later episodes indicating the agent
gained enough information to continue independent of the gradient vector. These su-
perior experiences contribute to the collection of more physically meaningful states,
which strongly enhance the agent’s visualization of the environment. An additional
effect of finding more physically meaningful states and successfully progressing toward
a defined target is avoiding premature termination. Unlike the hDDPG training, the
standard DDPG training was found to have terminated many of the earlier episodes
rather quickly, depriving the agent of sufficient data/experiences to learn from. This
very likely contributes to the difference in learning rate between the DDPG and hD-
DPG agents.

Figure 5.5. The interpolated surface (black) compared to the true Miiller-
Brown surface (green) for the DDPG agent (top row) and the hDDPG agent
(bottom row) after 5, 10, 25, and 50 episodes (from left to right).

A visualization of the environment through the agent’s perspective is shown in
Figure 5.5 to demonstrate how the collected experiences, after a set number of

episodes, influence the agent’s perception of the surface. The plots represented by
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the black curves are interpolated from the limited experiences collected after the in-
dicated number of episodes. These surfaces are plotted above the true Miiller-Brown
surface to appreciate the agent’s ability to build the environment purely based on
collected states. Remarkably, after only 5 episodes, the hDDPG agent is capable of
building a surface that resembles the Miiller-Brown surface and by 50 episodes, the
agent’s idea of the environment is nearly identical to the true surface. Alternatively,
the DDPG agent is unable to initially form a reasonable image of the surface as the
selected actions during exploration have led to states populating the outer regions
of the environment. Furthermore, because of the poor actions, the first couple of
episodes during training for the DDPG agent were terminated prematurely to keep
from saturating the memory with states along the environment’s boundaries and sub-
sequently collecting an abundance of negative rewards. This lack of data contributes
strongly to the agent’s inability to demonstrate a satisfactory understanding of the
environment in early episodes. However, through additional training, the standard
DDPG agent begins to form a better picture of the surface. In fact, by 50 episodes,
both agents seem to have collected sufficient data to build a surface that closely re-
sembles the expected Miiller-Brown PES suggesting the observation space has been
well explored.

Though the agent has built a sensible interpretation of the environment by episode
50, that does not necessarily indicate the policy has been optimized to solve the
problem under investigation. This is further emphasized by revisiting the average
reward plots (Figure 5.4c), which show the soonest an agent is capable of making
consistently high rewarding actions is just before episode 300. Although the first 50
episodes acquired rather low rewards, these episodes are still valuable as they allow
the agent to explore critical point regions as it searches for the global minimum.
The RL algorithm has been devised such that states resembling critical points are
recorded during training if they satisfy the following conditions: i.) the magnitude

of the gradient is approaching zero and ii.) the state of interest is sufficiently far
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Recorded Minima Points
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Figure 5.6. Recorded minima points (red) collected during 50 episodes
training and visualized on the true Miiller-Brown surface.

from all previously recorded points. Condition i is set to confirm the current state
of interest does not reside on a slope of the surface while condition i restricts the
number of points that can be recorded within a given proximity. As training progresses
and additional states are identified as potential critical states, they are compared to
previously recorded states, via the Euclidean distance, and are either added to the
list of recorded minima points or they replace a nearby existing point. A state can
only replace an existing state if the observed energy of the new state is lower than
the existing state’s energy.

Condition i is recognized to have the potential of recording problematic regions
of the surface such as saddle points while the replace action, applied during the list
update, can force an existing state out of this region and onto a slope of the surface.
To remove such states from the minima list a final check is completed by first ensuring
conditions ¢ and 4z are still satisfied and then evaluating the quality of the recorded

states relative to the interpolated PES built using all states visited by the agent.
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Each state from the list is evaluated on the interpolated surface by sampling a small
grid-like region about the recorded state and comparing the energies of each point. If
any of the sampled states are observed to decrease in energy by 10% of the recorded
state’s energy, then the state is decidedly not a local minima and is removed from the
list.

The collected minima points of the Miiller-Brown surface from representative sim-
ulations are recorded in Table 5.1 to show that although a suitable policy is not yet
optimized for either DDPG or hDDPG agent, they are both capable of exploring the
surface and identifying points in local minima regions. It is recognized that the DDPG
agent has not been allotted sufficient training time to capture all minima regions as
indicated by the missing data in the table. The limited training time emphasizes the
impact that intelligent actions have on efficient data collection. The recorded minima
points collected by the hDDPG agent are presented in Figure 5.6 to further visualize
the collected states. The resolution has been increased, in the form of contour lines,
to illustrate the accuracy of the recorded states relative to the expected minima point
of the true surface. Remarkably, all local mininma regions are successfully found and
recorded during training regardless of well depth or location. This is largely due to the
incorporated physics, which encourage directed learning and guides the agent along
the surface towards lower energy regions of the environment. Though the physics-
informed actions appear to play a significant role in locating minima regions early on

in training, the importance of exploration should not be overlooked as this also has a

DDPG hDDPG
X y A X y A
—0.0965 0.4572 —80.3822 | —0.0154 0.4536 —80.5743
- - - 0.6689 0.0417 —107.1873
—0.5207 1.3663 —134.1448 | —0.5498 1.4637 —146.4170

Table 5.1. Collected minima points recorded by both the DDPG and
hDDPG agents during the first 50 episodes of training.
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substantial impact on the agent’s ability to identify and collect representative points

of these regions.
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Figure 5.7. Terminal states for episodes 250-350 atop the true Miiller-
Brown potential energy surface for a.) DDPG and b.) hDDPG where the
color bar indicates the episode number and corresponding color.

As stated previously and observed in Figure 5.4c, higher rewards are not accu-
mulated until roughly episode 300, it is at this point that an optimized policy begins
to take form. Additional information, giving insight to the agent’s progression, can
be extracted from the location of the terminal states for each episode. Figure 5.7
showcases the agent’s ability to identify and proceed toward the global minimum be-
tween episodes 250 and 350 by plotting the terminal state for each episode in the given
range. This range was selected as it covers the transition from lower to higher average
rewards in the case of the hDDPG agent. The agent trained via DDPG displays a
chaotic arrangement of terminal states with hardly any comprehensible trend. Con-
versely, the hDDPG agent appears to be honing in on the global minimum, indicated
by the color gradient approaching red as the deepest region of the well is reached.
The trend in terminal state location differs greatly between the two algorithms and

demonstrates the significance of learning from physically meaningful states, which are
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objectively states of higher quality and therefore greater value.
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Figure 5.8. The average energies at each step for episode ranges 250-350
(solid lines), corresponding to Figure 5.7 episodes, and 500-600 (dotted
lines) for the standard DDPG algorithm (purple) and the hDDPG algorithm
(green). The dotted grey line indicates the true global minimum of the
Miiller-Brown surface.

The average energies at each step between episodes 250-350 are plotted in Figure
5.8 as solid lines to show the agent’s progression as each step passes. These results
clearly show the hDDPG agent has a far superior understanding of the environment
and is capable of nearing the global minimum much sooner than the DDPG agent.
The standard DDPG agent, on the other hand, is still finding it quite difficult to
satisfactorily solve the problem and instead converges to an energy of ~ 50, well off of
the anticipated ~ —146 value. Additionally, the standard DDPG agent terminates,
on average, after roughly 40 steps thus halting any further data collection. After
additional training, episodes 500-600 show more promising results, at least for the
hybrid agent, which appears to nearly reach the global minimum in the later steps

of the episode. Though the standard agent is further from the global minimum,
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Figure 5.9. Trajectories for episodes 500-600 for the a.) standard DDPG
algorithm and b.) hDDPG algorithm where the solid circle is the starting
state of the episode.

it is still showing significant improvement compared to earlier episodes; however, it
has yet to show improved performance over the hybrid agent, which exhibited better
decision-making after only ~300 episodes.

Once the agent has been allotted a generous period of training it begins to show
improved decision making and consistently reaches positions reasonably close to the
global minimum as shown in Figure 5.9. This is particularly exciting as a number
of starting points force the agent through local minima regions. The agents, however,
do not succumb to the false positive reinforcement awarded when s; has a lower
energy than s; ;. This can be attributed to the advanced reward function and more
specifically the implemented moving target, which aids in directing the state to the
position with the lowest recorded energy.

The target’s location for the DDPG and hDDPG algorithms is recorded in Figure
5.10 to show the progression as training advances. At first glance, it is apparent that

the target is infrequently updated considering the tens of thousands of steps taken
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Figure 5.10. Energy and position (inset plot) of the recorded targets as
DDPG (purple) and hDDPG (green) training progressed.

during training. This suggests the optimal target is located rather quickly, which is
supported by the rapid decrease in energy of the target state. In fact, the energy of
the target begins to converge by episode 100 in both cases. Target updates made later
in training are recognized to have rather small improvements in energy and remain
in the vicinity of global minimum well.

As previously observed, through convergence to a lower energy seen in Figure 5.8,
the hDDPG agent is found to more rapidly learn the minimum region which is likely
due to its ability to quickly identify a low energy target (Figure 5.10). Additionally,
fewer suboptimal targets were identified, compared to the DDPG algorithm, which
supports the collection of more valuable experiences and thus leads to overall improved

training. In fact, it only took the hybrid agent 0.03% of the total steps to find
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the minimum point, which is half of what the standard agent required to find a
comparable target. The standard agent required more steps because the initial poor
quality targets, located about the surrounding areas of the optimal minima region,
led to the collection of poor quality experiences. As reflected in the data presented,
there are consequences to learning with a suboptimal target and they manifest in the
agent’s learning rate. These targets are, however, quickly replaced by better states as
additional exploration is completed allowing the agent to optimize the policy. This
shows both the adaptability of the policy and the importance of identifying a good
target state early on to ensure subsequent experiences collected are of higher quality.
Since a target near the global minimum is found earlier in the hDDPG method,
through the aid of gradient vector information, the agent is capable of selecting actions
that move the state toward the optimal target sooner in training. This allows the
memory to fill with more valuable experiences that are then used to train the neural

network and more rapidly build an improved policy.

FEvaluating the Physics-Informed Actor

The quality of the trained policy can be evaluated in the last few episodes, where an
initial state has been fixed, to analyze the agent’s trajectory of choice based on the
experiences collected. The trajectories in Figure 5.11 show both agents are able to
identify the global minimum, however, the paths they pursue are quite different. The
hDDPG agent finds trajectories that generally follow the gradient of the surface while
the DDPG agent continues along the surface until there is a rise in energy and then

proceeds toward the global minimum.

5.4.3 Beyond the Miller-Brown Surface

Additional PES have been developed, by modifying the Miiller-Brown surface, to
evaluate the hDDPG agent’s ability to learn in different environments. Surface I,

in Figure 5.12, modifies the variables defined in Equation G.3 (see appendix G)
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Figure 5.11. The final 50 trajectories from the DDPG (purple) and hD-
DPG (green) simulations.

such that a new global minimum is introduced in the lower left region. Alternatively,
surface II is developed to hold a series of large, energetically competitive, regions in
which the agent has the potential of erroneously identifying as the global minimum.
The true global minimum, located in the lower right region, has been designed to take
up the least area on the surface and make locating the solution more challenging for
the agent.

In changing only the landscape and maintaining all previously used initial condi-
tions, the hDDPG agent is capable of successfully locating the global minimum region
in both environments. The average reward collected per episode is plotted in Figure
5.13a and 5.13b to visualize the agent’s ability to rapidly converge to a solution on
surfaces I and II, respectively. In both instances, the agent only requires roughly 200
episodes of learning before identifying a suitable target state and consistently finding

the global minimum region of the respective surface. The terminal states have been
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Figure 5.12. Modified Miiller-Brown potential energy surfaces.

plotted in Figure 5.13 to further support the identification of the global minimum
region as the recorded terminal states begin to cluster about the minimum energy

region.
5.5 Conclusions

The research presented in this study has demonstrated that implementing an advanced
reward function, which compresses multiple environmental properties (i.e. the energy

and corresponding position), has the potential to substantially improve the quality
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Figure 5.13. Average reward per episode in environment I (a) and II (b)
and the recorded terminal states of episodes 1-750 on surfaces I (¢) and IT

(d).

of the policy. By offering a more complete picture of the environment and defining a
set target point in a single value, the agent receives a fine-tuned reward that directly
relates the quality of s; to the optimal state identified. This provides better direction
to the agent and noticeably improves not only the rate of convergence, but the rate
of convergence to the optimal solution. Policy optimization is further improved by
incorporating physically motivated actions to guide the agent through the environ-
ment. Incorporating meaningful actions allows for valuable positive experiences to be
collected in the memory during training, which ultimately increases the probability
of selecting good actions in the future. When trained on positive, physically sound,
experiences, the agent has a better chance of developing a more accurate picture of
the environment and subsequently converging to a more optimal solution.

It is recognized that the action space explored in this work was confined to two
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dimensions for demonstrative purposes, which is rather limited. This model is, how-
ever, expected to extend well to problems with increased dimensionality and greater
action spaces. It should be noted that with an increased action space, the agent will
require more exploration in order to devise a suitable policy; which will lead to an
increase in computational cost. Additionally, a slight increase in cost is expected to
come from training a more complicated neural network, however, this is anticipated
to scale linearly with the system complexity.

Through this research, we hope to have shed light on the robustness of reinforce-
ment machine learning and its applicability to complicated environments. Reinforce-
ment machine learning has been realized as a powerful tool for solving traditionally
challenging problems in all fields and most recently in the field of physical chemistry.
It is our belief that these methods have the potential to dramatically accelerate re-
search discoveries in chemistry and allow previously inaccessible research avenues to

finally be pursued.
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Chapter 6

APPLICATION: SOLVING HYDRIDE POSITIONS IN
COPPER-HYDRIDE NANOMATERIALS

Work from the previous chapter will be adapted in this chapter to accommodate
more complex systems with increasing challenges and advanced metrics by which to
learn from. A series of experimentally known copper-hydride nanomaterials will be
used as benchmarking tools to evaluate the performance of the RL algorithm and

illustrate the agent’s versatility.
6.1 Introduction

Metal-hydride nanoclusters are useful materials for a number of different applications
ranging from CO, reduction to hydrogen storage.[181, 126, 174] These materials have
been recognized as candidates for the aforementioned applications because of their
unique reactivity arising from the transition-metal hydride character.[135] Though
these materials have desirable properties, oftentimes, the exact structures are in-
ferred from spectra (i.e. X-Ray crystallography and nuclear magnetic resonance) as
a consequence of spectroscopic limitations leaving the atomically-precise structure
a mystery.[17, 96, 103] In order to utilize more accurate methods, such as neutron
diffraction, and obtain resolvable spectra, one must grow large pure crystals, which is
often quite challenging in and of itself.[44] Provided these known limitations, artificial
intelligence algorithms have been explored in an effort to resolve nanocluster struc-
tures at a fraction of the cost and with comparable precision to advanced spectroscopic
techniques.

Artificial intelligence methods have gained increased traction in the past few
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decades because of their advanced utility and robust pattern recognition. Such meth-
ods have found applications in the field of chemistry with developments such as SchNet
or the CGCNN model, both of which implement convolution neural networks (CNN)
to predict physical properties.[166, 198] Recently, three-dimensional CNNs were de-
vised and used to predict the hydride sites within copper nanoclusters with impressive
accuracy.[192] The previously mentioned algorithms can be categorized under the clas-
sical supervised machine learning method, which requires prior model training and,
consequently, access to sizable data sets. The work presented in this chapter seeks
to forgo such overhead by adapting the recently developed hybrid-deep deterministic
policy gradient (hDDPG) method to optimize hydride positions within copper nan-
oclusters. The hDDPG algorithm differs from the previous methods as it falls under
the reinforcement machine learning regime.

Reinforcement learning algorithms offer powerful optimizing potential and incred-
ible versatility resulting from their advanced architecture and increased model adapt-
ability. A key component of the hDDPG architecture is the inclusion of deep neural
networks, which are utilized because of their ability to solve complex, non-trivial,
problems. The adaptability of RL algorithms, in general, can be attributed to the
fact these models are not initially trained on a specific set of data, but rather learn
from experiences within a defined environment. The environments in this work will
be the experimentally observed X-ray crystal structures, supplemented by electronic
structure theory, and the signals will be determined through theoretical calculations
using the PM6 semi-empirical method, which was selected for computational cost

considerations.
6.2 Methods

The hDDPG framework is implemented in this study and extended to nanomaterial
systems where the hydride is controlled by the agent and all other atoms of the

complex are held stationary, thus abiding by the approximations made in Markov
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decision processes; which belong to the class of stochastic sequential processes.[150]
These particular processes are unique in that a decision-maker exists to determine
which actions to take in a given state. Upon selecting actions, a reward signal is
received that rates the decision and a probability distribution is specified for the next
state.[150]

Prior to running a simulation, the hydride-free environment is initialized using
the structure obtained from X-ray crystallography, allowing the exact positions of all
the heavy atoms to be known. Next, if available, the spectroscopic signatures from
NMR are evaluated to determine the minimum hydride bonding order; which is then
used as a hyperparameter for the RL algorithm. This experimental information is
used during each step to evaluate whether the proposed structure is chemically valid
by confirming the current hydride state satisfies the minimum inferred bonding or-
der and the proposed hydride position is sufficiently far from all surrounding atoms.
Should the hydride state pass these validation checks, the current state is evaluated
via the GAUSSIAN16 software package using the PM6 semi-empirical method. This
method provides the environment’s signals using single point energy calculations that
evaluate both the total energy of the current state and the corresponding gradient;
the latter being contingent on the convergence of the SCF calculation. The calculated
total energy is then utilized in the reward function outlined in Algorithm 3, which
has been adapted from the Miiller-Brown potential energy surface application to ac-
commodate this problem.[124] The most notable modification made is the ability to
handle states that have been deemed chemically invalid.

At the topmost level, the reward function searches for the total energy, \;, of the
current state, then passes through the appropriate loop. If the current state has been
evaluated and the total energy has been determined, the second level compares the
current energy to the lowest recorded energy, \,. If the current state is found to
be lower in energy, then the state is recorded as the new lowest energy state and a

unitless reward is calculated based on the Euclidean distance. It should be noted
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Algorithm 3 Reward Function

1: Calculate Euclidean distance, €;, between s, and s;
2: if )\; exists then
3: if Ay > A\, then

4: if ¢, = ¢,_1 then

5: ry =0

6: else if ¢, > ¢;,_; then
7 = —1x%x¢

8: else

9: re = clip(1/e, 0, ¢)
10: end if

11: else if \; = )\, then

12: Tt = €

13: else

14: re = clip(1/e, 0, 9) *@
15: Update A\, with new lowest observed energy
16: end if

17: else > s, is chemically invalid
18: if A\, exists then

19: if ¢, = ¢;,_1 then

20: r, =0

21: else if ¢, > ¢, then
22: T = —2% ¢

23: else

24: re = clip(1/e;, 0, ¢)
25: end if

26: else

27: re=-1%¢p

28: end if

20: end if
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that ¢ and ¢ are defined as 10 and 5, respectively, in this application. As such, the
highest possible reward at any given state is 50. Conversely, if the state is found to
be chemically invalid by the prior checks, a total energy is not calculated and the
reward function proceeds through the second route where the Euclidean distances
of the previous and current states are compared. This is done to evaluate whether
the agent is moving toward the lowest energy state or away. If the state is found
to be closer, though chemically invalid, then a positive reward should be granted to
encourage the agent to continue moving in the direction that would approach the
known lower energy state. Notice the increased negative reward granted, compared
to the comparable condition from the first loop, when the system is found to be both
invalid and moving away from the lowest energy state. This is done to discourage
such trajectories since they provide little information in that they are unreasonable
states and they appear to be moving in a direction that is not anticipated to net any
meaningful knowledge. Finally, if the state is invalid and insufficient exploration has
been experienced, up to the current time step evaluated, then the function is lacking
physically meaningful information and is left granting a fixed reward.

In addition to evaluating the quality of the current structure, via the energy and
ultimately the reward function, states of desirable properties are recorded in a list
and returned upon completion of the training simulation. The conditions to update
the list are evaluated during each step and consider both the energy and the force
of the current state, if available. As a first condition, if the current state’s energy is
found to be lower than any of the prior list entries, then the state is considered for
recording. Alternatively, if the forces are available, then the force magnitude of the
hydride is evaluate and considered for recording if it falls below a preset threshold,
which was set to 0.09 in this work. Once a state has been marked as a state of interest,
it may be added by appending to the list or replacing an existing entry. The act of
replacing a state within the list is allowed if the energy of the new state is within

0.0001 Hartrees of an existing state’s energy. If this condition is met, then the lower
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energy state replaces the existing state in the list. Conversely, if this criteria is not
met, the state is simply appended to the list. Additionally, the act of appending may
occur by considering the forces alone, should they exist. This has been explicitly
allowed in order to capture states that may be considered “good” states, though fail
to reflect that in the calculated total energy; which is a recognized consequence of
theoretical methods. This list will be referred to as the candidate list going forward.

To ensure adequate exploration is pursued by the agent during training, a Voronoi
diagram of the nanocluster is created where each atom serves as a base point. From
the diagram, the vertices with nearby transition metal atoms are randomly selected
and used as the initial state for the hydride to incorporate an artificial element of
exploration and aid in developing a more versatile problem-solving agent. This is
done for the first 80% of episodes, the last 20% of episodes randomly select a state
from the existing candidate list to use as the initial state. By initializing states using
candidate list entries, the agent has the opportunity to fine-tune the entries of the
list and find more suitable hydride positions within the general region.

In an effort to reduce the number of seemingly unphysical states and keep the
episodes from running for extended periods of time, a series of termination conditions
are defined to end an episode. The conditions set are as follows:

1. The maximum number of steps have been reached

2. 60% of the maximum steps where found to be chemically invalid

3. 60% of the maximum steps failed to converge during the SCF procedure

4. The cumulative reward for the episode exceeds -75
6.3 Results & Discussion

A collection of experimentally synthesized and structurally known copper clusters are
investigated in this study to demonstrate the precision that can be achieved using
reinforcement machine learning.[104, 110, 43| Each structure features a single hydride

and a copper core, which can be seen in Figure 6.1. The ligands about the core vary
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in size and bulkiness to provide a variety of environment types.

Figure 6.1. Copper nanoclusters studied in this work where white, grey,
blue, yellow, pink, orange, dark orange, and red correspond to hydrogen,
carbon, nitrogen, sulfur, copper, selenium, phosphorous, and oxygen, re-
spectively.

6.3.1 Fvaluation via Cumulative Rewards

The most straightforward method in which to gauge the quality of a trained agent
and subsequent policy is to evaluate the accumulated rewards as a function of the
episode. The total reward for each episode is presented in Figure 6.2 to visualize
the agent’s progress throughout the simulation. To begin, the left most plot of Fig-
ure 6.2 indicates the agent requires just under 200 episodes of exploration before

developing a fundamental understanding of the nanomaterial. The negative rewards
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in the first 100 episodes reflect the agent’s poor understanding of the environment
and lack of basic chemical knowledge. These episodes generally conclude early as a
consequence of termination condition 2 in that many of the proposed structures find
hydride locations far too close to neighboring atoms or colliding with stationary atoms
of the environment. Though the states collected in the first one hundred episodes are
poorly rewarded, they ultimately contribute to the steep learning curve that follows
in the next 200 episodes.

As mentioned, the newfound understanding of the environment is reflected in the
positive rewards collected after episode 200 and can be attributed to the increased
exploration arising from randomized initial starting states. This increased exploration
allows for more diverse experiences and enforces more informed learning, which en-
courages better decision-making. As the agent learns to take better actions, which
manifests in chemically valid structures, the number of steps the episodes experience
are observed to increase. This, in turn, provides more opportunities for the agent to
collect rewards and increase the cumulative reward upon completion of an episode.
In fact, the termination condition generally triggered from episode 200 onward is
condition 1.

After the dramatic learning curve experienced between episodes 200 and 400, the
remaining episodes demonstrate generally better action selection; however, a tempo-
rary decrease in reward is observed just before episode 600. This originates from a
number of chemically invalid structure proposals, that arise from a desire to continue
exploration. It should be noted that although these episodes netted a lower overall
reward, the trajectories were not entirely ludicrous. These episodes simply experi-
mented with different pathways in order to find a comparable terminal state. Soon
after this brief detour, the plot is observed to converge to a reward of 140 indicating a
suitable policy has been identified. Similarly, convergence to a reasonably high reward
is found to occur in case II. Case II, however, could have benefited from additional

training as the final episodes do not appear to converge but rather steadily increase.
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Figure 6.2. Total reward accumulated at the end of each episode for
clusters I, IT, and IIT (from left to right) where the red trace indicates the
rolling average of the reward with a window length of 50.

6.3.2 FEpisodic Fvaluation

To better visualize the agent’s progression during training in case I, one can investigate
the trajectories explored during episodes at varying points of the simulation. Figure
6.3 presents the trajectories at the beginning of the simulation (left) and toward the
middle of the simulation (right), which covers the region of the reward plot where the
most dramatic change is observed. This is done to illustrate the improvement of the
policy as more experiences are collected. It is clear that during the earlier episodes a
suitable target state has yet to be identified rendering exploration seemingly unguided,
as evidenced by the vast area covered and chaotic trajectories. Remarkably, by episode
300, a general point of interest appears to have been identified and is consistently
pursued in the subsequent ten episodes. In the ten consecutive trajectories illustrated,
the agent appears to terminate in a common area despite initializing in a number
of completely unrelated states. This can be attributed to exceptional exploration
that has allowed the agent to develop a practical policy and, subsequently, a good
understanding of the nanocluster structure.

Though the policy appears to be optimizing, given the convergence of the final

state in trajectories 300-310, it is unclear as to whether the policy is optimizing to

1000
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Figure 6.3. Hydride trajectory for case I during episodes 10 to 20 (left)
and 300 to 310 (right).

the experimentally observed hydride position. To confirm this, a series of trajectories
throughout the simulation can be extracted and the final states can be compared
to the known hydride position. For the most straightforward analysis, a handful of
episodes, with the same initial state, were analyzed and are presented in Table 6.1.

At the very beginning of the simulation, the agent demonstrates understandably
poor decision-making as a consequence of an underdeveloped policy. Without any
formal guidelines in which to follow, the agent is incapable of proposing a single valid
state at this point and thus receives a large negative reward as the final state finds
a hydride position nearly 7 angstroms away from the true position. This behavior is
quickly corrected by episode 41 where 21 of the states visited qualified as chemically
valid and the final position of the trajectory was found to be just over 0.5 angstroms
away from the experimentally reported position. Little improvement is observed over
the next 100 episodes in terms of distance, however, the total energy is reported to

have undergone a notable decrease. Unsurprisingly, as training progresses the distance
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Episode Complete Episode ‘ Final Step
Valid  Total Episode | Ar (A)  Total Force
States Reward Dura- Energy  Mag.
tion (s) (Hartree)
2 0 -89.086 10 6.824 — —
41 21 9.037 303 0.662 15.894 0.148
151 25 25.531 329 0.542 15.858 0.034
286 25 47.020 284 0.253 15.847 0.021
443 25 145.231 252 0.139 15.829 0.014
641 25 123.241 237 0.142 15.829 0.014
798 15 98.220 175 0.113 15.843 0.011

Table 6.1. Analysis of episodes that had the same initial state, which was
recorded to be 2.766 angstroms from the experimentally observed hydride
position. The distances calculated indicate the distance between the final
state of the episode and the position of the experimentally observed hydride
position. Finally, the force magnitude on the hydride was evaluated and
the total energies for the respective states were calculated.

and energy decrease and the reward begins to significantly increase. The increase in
cumulative reward indicates the ability of the agent to find regions very near the
lowest recorded point and, presumably, the optimal position.

The method used for calculating the total energy, however, is the limiting factor
and will ultimately dictate the quality of the agent’s prediction. Such limitations
are directly reflected in the results from episode 443 compared to episode 798. The
former has a lower energy, but is observed to reside further from the true position
when compared to the latter. It is, however, noted that the force magnitude calculated
on the hydride atom of episode 798 is lower than all other reported states, despite
the energy not being the minimum recorded energy. This limitation is acknowledged
and addressed by updating the candidate list based on both an energy criteria and
a force criteria such that states of this nature are not overlooked and excluded from

post-simulation data analysis.
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Absence of Minimum Energy State Biasing
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Once the simulation has completed and training concludes, the candidate list is evalu-

ated to identify the best positions found by the agent. Additional analysis is required

to vet the resulting list and extract notable points. As a first step, the data is clus-

tered based on their position in space in order to group proposals that fall within

close proximity. From each cluster, the lowest energy state is extracted and saved.

The results, after the first 80% of episodes, are recorded in Table 6.2, which shows

the ten lowest energy states as well as the corresponding episode and step they were

found. Only the first 80% are considered in this analysis to demonstrate the quality

of the policy prior to biasing good initial states for the final 20% of episodes.

Episode Step Energy Force Mag. Ar
797 3 15.8277 0.0092 0.1128
325 4 15.8299 0.0158 0.2829
323 3 15.8301 0.0158 0.2792
732 4 15.8316 0.0258 0.1587
753 8  15.8359 0.0309 0.2848
282 21 15.8369 0.0315 0.3731
194 5  15.8402 0.0435 0.5469
768 5  15.8425 0.0068 0.0447
726 5  15.8427 0.0075 0.1014
689 4 15.8428 0.0075 0.1005

Table 6.2. Proposed states from the candidate list after clustering into
15 group and extracting the lowest energy state from each cluster. The
energy is reported in Hartrees and Ar, reported in angstroms, is calculated
between the predicted hydride and the experimentally observed hydride

position.

These data further demonstrate that the level of theory used to evaluate the

total energy of the structure will strongly influence the agent’s ability to identify an

experimentally accurate target state. Considering this, the forces are evaluated and
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the force magnitude on the hydride of interest is calculated as an additional metric.
This proves fruitful as the candidate list is updated considering both energy and
force magnitude and therefore captures a remarkably accurate state in episode 768.
Although the energy is not the lowest in the list, the force magnitude is closest to zero
and the position is calculated to be 0.04 angstroms away from total agreement with
the crystal structure. This builds a strong argument for using the forces as the driving
metric, however, without a successfully converged SCF calculation the forces cannot
be evaluated rendering an entirely force-dependent algorithm unfeasible. Instead, the
forces are used as a secondary metric for determining the quality of a state, provided
it has been evaluated during the semi-empirical calculation.

Though the gradient is not always readily available, it does prove highly useful
when it has been evaluated. In addition to considering the forces in the reward
function, they are consulted when the agent continually selects poor actions. More
specifically, the gradient is used in place of NN selected actions to encourage the
system to proceed in a direction that minimizes the total energy. This periodically aids
in training as the forces are used for 3% of the total steps. It should be acknowledged
that a large contributing factor to the minimal use of the forces during training may
be due to the absence of their availability as a limitation of the method and failure to
converge during the SCF procedure. Though limited, they are highly influential and

ultimately support the optimization process.

Minimum Energy State Biasing

The final 20% of episodes select initial states from the candidate list in order to bias
ideal regions of the PES where the equilibrium geometry is expected. In doing this
and taking advantage of the agent’s accumulated knowledge, one can expect to find
a number of proposed structures reasonably close to the true value. Table 6.3 re-
ports the the difference between the proposed structures and the crystal structure

hydride positions. The first few guesses for case I and IT are remarkably close to the
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experimentally observed structure and locate positions within 0.2 A. The inability of
case III, to find a comparably close position, could be a consequence of insufficient
training, which is implied by the failure to converge the cumulative reward. Addition-
ally, it was observed that although a number states were deemed chemically valid, the
SCF procedures were unable to converge ultimately depriving the agent from utilizing
gradient directed actions. This withheld crucial information from the agent and likely

contributed to the subpar candidate structures.

I IT I1I
0.1105 0.1755 0.2594
0.1823 0.1857 0.3143
0.1485 0.1600 0.3221
0.1592 0.2716 0.3509
0.2445 0.4143 0.4419

QU W N =

Table 6.3. Proposed states from the candidate list after clustering into
15 group and extracting the 5 lowest energy state from each cluster. The
proposed positions are then sorted by energy and the distances, reported in
units of angstroms, are calculated relative to the respective crystal struc-
ture.

6.3.4 Al versus DFT Optimization

To illustrate the power of a well trained Al algorithm, compared to more traditional
optimization methods, the initial state of episode 798, from section 6.3.2, was op-
timized using DFT with the CAM-B3LYP functional and basis set 6-31g(d). The
optimization concluded after 10 hours and 30 minutes, however, it failed to meet the
minimum SCF convergence criteria. Conversely, the agent, trained on 797 episodes,
was capable of completing episode 798 in just under 3 minutes and found a reasonably
accurate hydride position. The failure of DF'T is likely due to the complex potential
energy surface and the presences of intense energetic barriers between the initial and

true equilibrium state making it difficult for DF'T to locate the optimal geometry when
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given a poor initial structure. This highlights the shortcomings of standard methods
in that they often require user intervention and expertise when initial guesses for such
calculations are exceptionally far from the optimal states. This further supports the
increased robustness of the reinforcement learning methodology for solving compli-
cated environments and identifying trends that traditional algorithms are incapable
of navigating independently.

Though DFT struggles to find an optimal hydride position given the same ini-
tial state as episode 798, without additional user intervention, the final state of this
episode, from the RL model, is expected to provide a suitable initial structure for
optimization via DFT. After roughly 4 hours, the DFT optimization does indeed
complete and identifies a position 0.102 angstroms away from the known hydride lo-
cation. This improves the RL guess by ~0.010 angstroms, which is a surprisingly
small improvement. Perhaps additional functional tuning is required to find better
agreement between the simulated and crystal structures, but that is beyond the scope
of this study.

Considering the previous results, it is proposed that rather than using the RL
model and DF'T methods competitively, they can be used in tandem. The prior results
emphasize the importance of providing an initial state near the optimal structure in
order for DFT to be successful, so the lowest energy structure from the candidate list
can be selected as the initial guess for DFT optimization in order to maximize the

quality of the predicted state.
6.4 Conclusion

The study presented herein demonstrates the impressive problem-solving ability of
strategically designed artificial intelligence algorithms. It is shown that without suf-
ficient knowledge of where the hydride resides within the nanocluster, the RL agent
is able to successfully learn the general structure, develop a basic understanding of

chemistry, and outperform traditional DFT calculations when given initial guesses
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sufficiently far from the equilibrium geometry. Additionally, a well trained model is
found to provide comparable results to DFT calculations in a fraction of the time
when given objectively good initial states to optimize.

Though the agent is capable of finding a number of excellent candidate state, it
must be recognized that the algorithm is only as accurate as the level of theory used.
Additionally, candidate states will tend toward states with minimum energies defined
by the semi-empirical method (used in this study), which has the tendency to provide
positions that disagree with experiment; as shown in section 6.3.2. Improvements
on this can be done by implementing strict chemistry rules without sacrificing the
collection of experiences and improving the reward and update functions to prioritize
the force magnitudes when they exist. Finally, this method is capable of handling a
single hydride, which is very limiting in that many systems of interest are designed
to hold a higher concentration of hydrides. As such, further method development is
necessary to accommodate cases of this motif.

To conclude, this work has aimed to design and support a foundation for further
research and advancement in Al development for chemistry applications. The meth-
ods introduced here are intended to provide a means in which to identify structurally
sound hydride positions within large materials that are otherwise unapproachable to
standard workflows as a consequence of their immense size and need for an extraor-

dinary amount of computation resources.
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Chapter 7

DEVELOPING A MULTI-AGENT FRAMEWORK FOR
OPTIMIZATION METAL-HYDRIDE COMPLEXES

The previous chapter laid the groundwork for the methodology used in this chap-
ter, which is intended to optimize materials with more than one unknown hydride
position. As before, the algorithm used here will build on that which was introduced
in chapter 5, however, instead of using a single actor, multiple actors will be initialized
to solve the problem of interest. The data presented herein are preliminary results

and demonstrate the progress of ongoing work.

7.1 DMotivation

As mentioned in the previous chapter, copper metal-hydride materials have various
application including the reduction of COy via catalysis mechanisms, which is signif-
icant for emission control and reducing unnecessary atmospheric damage.[41] Based
on reported DFT calculations, the primary contributors to the reduction process were
found to be both the surface metals as well as the hydride ligands of the system.[181]
Considering this, in order to develop efficient catalysts the materials should hold
an increased number of sites in which this mechanism can proceed; thus requiring
materials with both various surface metal sites and hydride ligands available for in-
teractions. The work in this chapter will fixate on the desire to increase the number
of hydrides within the system and focus on a means in which to optimize the overall
structures of the materials. Specifically, the algorithm from chapter 6 will be adapted

to accommodate systems with more than one hydride.
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7.2 Theory

By considering systems with more than one moving component, the observation space
is naturally expected to increase, which consequently increases the computational
cost. A multi-agent framework is proposed to adjust the computational load of each
agent, however, this introduces new challenges that were largely absent in the previous
single-agent application; one of which being the element of non-stationarity. Non-
stationarity arises from multiple moving parts within a single environment rendering
the traditional MDP invalid for this problem; instead, the problem must be reframed

as a Markov (stochastic) game.

7.2.1 Markov Games

To properly accommodate a multi-agent framework, one must first redefine the prob-
lem as a Markov game (MG), which is merely an extension of the classic Markov
decision process. This is necessary as the actions selected from all agents in the sys-
tem strongly contribute to the state dynamics.[22] As such, the environment from
each agent’s perspective becomes non-stationary. At each step the MG considers the

complete set of actions and rewards from all agent giving rise to the modified tuple:
MG = (N,S, A, R, p) (7.1)

where the only new component of the tuple is N, which represents the set of agents.
Additionally, A is redefined to be a set of joint actions, II ;A;, thus becoming a
joint action space where n is the total number of agents.[119, 22] This requires a
modification to R and p, as they both rely on the joint-actions. The reward function
becomes, S x A — R™, and the transition probability becomes, p(s'|s, 7), where @

is the joint-action.[119, 107].
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7.3 DMethods

As before, the problem investigated will operate under the model-free regime for ease
of implementation and to avoid unintentional biases from inadequately defining the
model. This renders the algorithm both goal-oriented and increasingly more versatile

as the former point allows for adaptability to different environments.[22]

k s

Figure 7.1. General schematic of the multi-agent framework where af and
r¢ represent the action and reward at step ¢ for the respective agent, denoted
by the superscript z. Additionally, R;, indicates the global reward deter-
mined after the complete system has been evaluated via GUASSIAN16.

To mitigate the inevitable increase in computational cost, the environment is
segmented via K-means clustering where k is set equal to the number of hydrides
that are expected to reside within the nanocluster and the atoms of the cluster are
partitioned into k clusters. For instance, a system with two hydrides will be split into
two cluster, or sub-environments, as indicated by the dotted line in the blue portion

highlighted of Figure 7.1. Each resulting cluster will have a designated actor that
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selects actions independent of one another, which is illustrated in the green highlighted
section of Figure 7.1. Additionally, each actor will receive a minor reward, r;, at this
phase that rates the action based on crude chemical criteria. The local reward is based
on whether or not the local environment, with the proposed hydride position, meets
the following conditions: a.) the hydride is not colliding with surrounding atoms and
b.) a transition metal is within close proximity. The hydride bonding order is of little
use at this point because the complete environment is not considered during this check.
If both agents have proposed seemingly valid states, the sub-environments are joined
and a second check is completed to confirm the chemical validity of the structure.
This evaluation extends on the previous conditions and asserts the hydrides are not
colliding and they meet the minimum bond order define by the set hyperparameter
(derived from NMR spectra). Should the state prove adequate and the second check
indicates the structure has maintained chemical validity upon combination, a single
point energy calculation is completed to determined a global reward using the function
outlined in Algorithm 3 of the previous chapter. To summarize, the actors will
work in a cooperative capacity, as opposed to competitive, and seek to collectively
optimize the total reward. Each actor will execute actions locally and receive indirect
information of the global environment through the single critic that communicates to

all actors.
7.4 Results & Discussion

The preceding discussion analyzes two different simulations, the first utilizes a purely
NN approach whilst the other consults the gradient when the agent-selected actions
increase the energy of the system for three or more consecutive steps. The quality of
these actions are illustrated in Figure 7.2 by plotting the number of chemically valid
states relative to the total number of steps taken per episode. It should be noted that
the first simulation was allotted 1500 episodes while the physics-informed simulation

had only 1000 episodes to train. Remarkably, both simulations rapidly find trajec-
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tories that encourage the hyrides toward the center of the Cu cluster, which is the
general region they are expected to reside. However, it is surprising the agent devoid
of physics appeared to find more chemically valid structures throughout the simulation
and concludes with a series of episodes that find a number of viable structures.
Alternatively, the physics-informed agent demonstrates poor understanding and
a lack of learning within the given timeframe. Upon further investigation, it was
found that this agent rarely utilized the gradient due to its limited availability as
a consequence of either chemically invalid structures or failure to converge during
the SCF procedure. Considering the lack of gradient accessibility, it is reasonable to
consider this simulation largely NN driven, which explains the resemblance between

the results of Figure 7.2a and b for the comparable regions.

a.) b.)

:WW

Steps
-
¥

o 200 400 600 800 1000 1200 1400 o 200 400 600 800 1000
Episode Episode

Figure 7.2. Total steps (blue) and number of chemically valid structures
(green) are illustrated in the plots above for a simulation run in the absence
of physically-motivated actions (a) and with physically-motivated actions
(b). The bold solid lines indicate the rolling mean value using a window
size of 50.

Although the plot indicates a large number of proposed structures are chemically
invalid based on the criteria defined in the “Methods” section, that is not to say the
structures are completely meaningless. A more in depth analysis shows the actors are

capable of quickly identifying the central region of the cluster as an ideal location for
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the hydrides and continually seek this area in subsequent episodes. In fact, it seems
that many of these structures fail the second validity check because the hydrides are
colliding with one another. This is due to the overlapping area between the sub-
environments that both actors have access to. This inevitably leads to orientation
complications as both actors can direct their respective hydrides to identical locations.
Provided this, extended periods of training are necessary allowing the actors to realize
this obstacle and identify a solution. The pure NN simulation appears to have had
sufficient training allowing the agent to address this challenge and identify sensible
structures during the later episodes.

Toward the end of the NN pure simulation, the individual actors are observed
to work together much more effectively and demonstrate suitable spatial awareness,
which is manifested in the high volume of chemically valid structures. At this point
in training, the proposed hydride positions are sufficiently far apart and generally
localized in the proper structural region allowing the actors to fine-tune their actions.
The increase in valid structures after episode 1200 is in part due to the fact the
initial states are sampled from the candidate list. In doing this, regions in which the
hydrides are expected to reside are biased to improve the quality of the agent-proposed

structures.

Episode Step Energy H; Ar Hy Ar
1353 3 4.5792 0.5204 0.7802
208 9 4.5869 0.7824 0.2366
498 20  4.5874 0.7883 0.8726
1499 10  4.5876 1.1424 0.8783
522 17 4.5888 0.8949 1.1627

Table 7.1. The first five lowest energy states, from the proposed struc-
tures, extracted during post-simulation data analysis via K-means cluster-
ing where k is set equal to 15. The energies are reported in Hartrees and
the distances, Ar (recorded in angstroms), are calculated between the pre-
dicted hydride positions and the hydride positions from the reported crystal
structures.
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Upon completion of the simulation, it is observed that after 1500 episodes the
lowest recorded energy is found to be 4.5792 Hartrees. Following the same post-
simulation data analysis practiced in chapter 6, the 5 lowest energy states are recorded
in Table 7.1. Naturally the lowest energy state was found later in the simulation as
these episodes initialized with guesses near the anticipated equilibrium state. This

allows for a new, lower energy, state to be more easily identified.
7.5 Conclusion

It should be reiterated that this work is in the early phases and has been shown here
to illustrate the progress made by advancing the algorithm from a single-agent to a
multi-agent framework. Further research is required to optimize this methodology
and encourage increased agent performance. For instance, designing a more elegant
local reward function is expected to significantly improve the decision maker’s ability
to select sensible actions by providing a more informative rating.

Preliminary results have been presented in this chapter to introduce ongoing
work focused around optimizing complex materials through advanced Al algorithms.
Though in the early phases, the data presented shows encouraging results and has
the potential of providing alternative methods for resolving nanomaterial structures.
Through this research, we hope to support experimentalist in designing and analyzing

novel materials for practical applications.
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Appendix A

STATIC ELECTRONIC SPECTRA WITH wB97X-D AND
DEF2TZVP SDD
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Figure A.1. Collected absorption spectra for complexes 6 (black), 7 (red),
8 (blue), and 9 (green) using wB97X-D with def2-TZVP/SDD.




140

Appendix B

CHARGE TRANSFER NUMBERS OF BIMETALLIC
PLATINUM DIMERS

The following CT tables demonstrate the remaining oxygen derivatives, with
shorter Pt-Pt distances, experience the same trends observed in the main text for
complex 6. The 'MM(CM)LCT state is found to be quite sensitive to the functional
used; specifically, the inclusion of range-correction is shown to largely influence the
electronic landscape by shifting the CT states. This energetic shift carries over to the

triplet states exhibiting strong CT character as well and can lead to state mixing.
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State | Energy (eV) Q Charge-Transfer Ratio Designation
1 2.402 ( 88? S?i ) 0.804 3MM(CM)LCT
B3LYP 2 2.519 ( 88? ggé ) 0.713 3MM(CM)LCT
3 2.543 ( 88? 832 ) 0.906 11\’11\"[(CM)LCT
5 2.669 882 82; 0.438 3Mixed
6 2.677 882 833 0.54 3Mixed
1 2.745 e 0.162 5(CM)LC
CAM-B3LYP | 2 2.759 o s 0.138 5(CM)LC
3 3.137 8(1)1 8?; 0.719 3MM(CM)LCT
4 3.285 ( 88(1; 81(2] ) 0.816 1MM(CM)LCT
5 3.314 ( ggé ggé ) 0.067 3Mixed
1 2.788 ( 88; 822 ) 0.469 3Mixed
JBITX-D | 2 2.869 ( e ) 0.192 3(CM)LC
3 2.963 882 81(1’) 0.485 3Mixed
4 3.03 88? 8;? 0.861 1MM(CM)LCT
5 3.228 ( 8811 SIi ) 0.818 31\’11\{(01\’1)LCT

Table B.1. CT numbers of complex 6 using basis sets 6-31g(d) on light
atoms and LanL.2DZ on Pt
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State | Energy (eV) Q Charge-Transfer Ratio ~ Designation
1 2.321 ( 88? 8(13? ) 0.795 SMM(CM)LCT
B3LYP 2 2.368 ( 88? ggi ) 0.741 SMM(CM)LCT
3 2.432 ( o ) 0.919 IMM(CM)LCT
5 2.589 881 8?2 0.253 3(CM)LC
6 2.623 881 8?11 0.282 3(CM)LC
1 2.552 3:3(1) g:gg 0.066 3(CM)LC
CAM-B3LYP | 2 2.556 88(1) 88; 0.066 3(CM)LC
3 2.983 883 8§i 0.415 3Mixed
4 3.033 ( 88; 823 ) 0.293 3(CM)LC
6 3.271 ( gg? g:g ) 0.809 IMM(CM)LCT
1 2.67 ( 88(1] 823 ) 0.13 3(CM)LC
wB97X-D 2 2.715 ( 8:81 8:8? ) 0.086 3(CM)LC
3 2.846 88; ggg 0.715 SMM(CM)LCT
4 2.989 88? 8;; 0.881 'MM(CM)LCT
5 3.095 ( 88; 8?3 ) 0.417 3Mixed

Table B.2. CT numbers of complex 7 using basis sets 6-31g(d) on light

atoms and LanL.2DZ on Pt
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State | Energy (eV) Charge-Transfer Ratio ~ Designation
1 2.33 ( 88? 8;8 ) 0.85 SMM(CM)LCT
B3LYP 2 2.451 ( 88? 8111 ) 0.832 SMM(CM)LCT
3 2.451 ( 88:13 ggg ) 0.915 IMM(CM)LCT
5 2.672 88; 8 g? 0.41 3Mixed
6 2.675 883 8 2? 0.365 3(CM)LC
1 2744 ggg 35’ 0.173 3(CM)LC
CAM-B3LYP | 2 2.762 o s 0.136 5(CM)LC
3 3.076 88? 8 ?Z 0.635 SMM(CM)LCT
4 3.095 ( 88(1] 882 ) 0.143 3Mixed
6 3.203 ( gg? ggé ) 0.844 IMM(CM)LCT
1 2.738 ( 88; 822 ) 0.647 3Mixed
wB97X-D 2 2.876 ( 8:8; 8;3 ) 0.197 3(CM)LC
3 2.93 88? 8 gi 0.874 IMM(CM)LCT
4 2.933 882 8 22 0.331 3(CM)LC
5 3.104 8?); 8 gfli 0.582 3Mixed

Table B.3. CT numbers of complex 8 using basis sets 6-31g(d) on light

atoms and LanL.2DZ on

Pt
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State | Energy (eV) Charge-Transfer Ratio ~ Designation
1 2.252 ( 88? gﬁ ) 0.856 SMM(CM)LCT
B3LYP 2 2.297 ( 88(2) 8111 ) 0.84 SMM(CM)LCT
3 2.339 ( 88(2] 8357) ) 0.927 IMM(CM)LCT
5 2.573 881 8 ;i 0.224 3(CM)LC
6 2.599 881 8 ;é; 0.226 3(CM)LC
1 2.551 o e 0.066 3(CM)LC
CAM-B3LYP | 2 2557 88(1) 88; 0.064 3(CM)LC
3 2.961 882 8 g 0.516 3Mixed
4 3.025 ( oo e ) 0.35 3(CM)LC
7 3.184 ( 83‘1) g:g ) 0.85 IMM(CM)LCT
1 2.665 ( 88} 8;2 ) 0.23 3(CM)LC
wB97X-D 2 2.708 ( 8:81 88? ) 0.089 3(CM)LC
3 2.757 88? 8 ;Z 0.679 SMM(CM)LCT
4 2.861 8811 8 gi 0.905 'MM(CM)LCT
5 2.999 ggg 8 gfli 0.597 3Mixed

Table B.4. CT numbers of complex 9 using basis sets 6-31g(d) on light

atoms and LanL.2DZ on Pt
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Appendix C
PEARSON CORRELATION COEFFICIENT
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Figure C.1. Plot of S; state energy as a function of distance between
the cyclometalating ligands at the center of mass point. The slope was
calculated to be -1.781 and the Pearson coefficient was calculated to be
-0.92.
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Appendix D
JABLONSKI DIAGRAM OF ALL PLATINUM
COMPLEXES

Figure D.1. Jablonski diagram for complexes 1-11. The colors of each
level are as follows: MMLCT (red), 'BLC (pink), >MMLCT (orange),
3CMLC (green), 3BLC (purple), and *Mixed (grey).




Energy (eV)

Appendix E

POTENTIAL ENERGY AS A FUNCTION OF
PLATINUM-PLATINUM BOND LENGTH
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Figure E.1. Potential energy surface of 7 where the ground-state is green,

the first singlet excited-state surface is red, and the second singlet excited-
state is blue.
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Appendix F
FUNCTIONAL DEPENDENCE

To analyze the excited-state character of the platinum dimer complex, and to
examine the choice of density functional, the charge-transfer numbers (2,5 are evalu-
ated at the ground-state geometry (see below) for the first six excited states using the
functionals CAM-B3LYP,[202] PBE,[141] B3LYP,[11] and wB97X-D[26], presented in
the following tables. The 6-31g(d) basis was used on light atoms, and the LanL.2DZ
effective core potential and double-¢ basis set on the Pt atoms.[73] The fragment
A was chosen to be the m-accepting ligands and the fragment B was chosen to be
the platinum centers. Consequently, the elements of 2 correspond to following state

designations

LC  LMCT
Q= : (F.1)
MMLCT  MC

where LC and MC mean ligand- and metal-centered, respectively, while LMCT and
MMLCT are ligand-to-metal and metal-metal-to-ligand charge transfer, respectively.

First, the range-separated hybrid functional CAM-B3LYP, which was used in the
text, is presented in Table C.1. The first two triplet states are clearly ligand-centered,
followed by a number of MMLCT states. In sharp contrast, the pure functional PBE,
which lacks any exact Hartree-Fock exchange, finds only charge-transfer states, all
much lower in energy than the states captured by CAM-B3LYP. This is consistent
with the tendency of pure functionals to dramatically overstabilize charge-transfer
states. Next, the hybrid functional B3LYP (Table C.3), which contains some degree
of exact exchange, does not stabilize the charge-transfer states as radically, but still

finds a number of MMLCT states below the first LC states. Interestingly, the LC
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Table F.1. Charge-transfer numbers from TD-CAM-B3LYP.

State | Energy (eV) Q Designation
e (S

2 | 210 (g m) 1€

3 3.064 (géi 8:(1)411 SMMLCT
4 3.242 (ggg 88;) IMMLCT
5 3.326 (82; 88;) SMMLCT
6 3.475 (ggg 882) IMMLCT

Table F.2. Charge-transfer numbers from TD-PBE.

State | Energy (eV) Q Designation

0.06 0.00\
1 1.633 (0'79 007) MMLCT

0.05 0.00
0.81 0.05
0.06 0.00

3
3 1.789 081 0.05 MMLCT
4 1.883 0.050.00 'MMLCT

2 1.754 IMMLCT

0.82 0.05
0.06 0.00
0.86 0.01
0.06 0.00
0.86 0.01

5 2.160 SMMLCT

6 2.175 'MMLCT




Table F.3. Charge-transfer numbers from TD-B3LYP.

State | Energy (eV) Q Designation
1 2.308 D00 boe) MMLeT
o | a7 09) e
3 2.496 (8% 88;) SMMLCT
e (09000 e
e (B0
ol (B

Table F.4. Charge-transfer numbers from wB97X-D.

State | Energy (eV) Q Designation
T e (S0 e
o (20w
3 3.118 Egé‘; 8?}% SMMLCT
s (0900 e
) 3.3372 (8;? 88(15) SMMLCT
| e (20

150



151

states from B3LYP have nearly the same energy as those from CAM-B3LYP, sug-
gesting that both functionals treat LC states similarly, but BSLYP overstabilizes the
charge-transfer states. Finally, the range-separated and dispersion-corrected wB97X-
D functional (Table C.4) yields very similar results for the first five excited states.
These results are consistent with the intuition that range-separated functionals should
be used when examining systems featuring both local and charge-transfer excitations
in order to treat both on an equal footing, and for that reason CAM-B3LYP was used
in this study.
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Appendix G
BEYOND THE MULLER-BROWN SURFACE

The additional surfaces were devised using the following equation:[16]

AMz,y) = Z Asexplai(x — z;)* + bi(x — ;) (y — 4i) + cily — 5:)°] (G.1)

i=1

where surface I assigns the following values to the corresponding variables

A = (—150, —120, —250, —200, —150, —170, 15);a = (=1, —1,—1,—1, —1,—10,0.7);
b=(0,0,—1,0,1,11,0.6); c = (5, —15, —10, —10, —10, —6.5, 0.7);

z=1(1,,1.7,-1.5,1,0,—0.5, —1); y = (1.25,0.75, —0.25,0,0.5, 1.5, 1)
(G.2)

and surface IT uses the following values

A = (=130, —150, —125, —100,5); a = (—2.5, —5, —2, —6.5, 0.5);
b=(0.5,0,0.5,0.75,0.6); c = (—1,—10, —1,—6.5,0.7); (G.3)
z=(—151,0,—-0.5,—1);5 = (0.75,0,0.5, 1.5, 1)



