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Abstract
Modeling Chemical Reactivity for Battery Applications through Data-driven Methodologies
by
Xiaowei Xie
Doctor of Philosophy in Chemistry
University of California, Berkeley
Professor Kristin A. Persson, Co-chair

Associate Professor Eric Neuscamman, Co-chair

The following dissertation discusses the usage of data-driven approaches, combined with den-
sity functional theory (DFT), to study the complex reactions involved in the battery systems,
e.g., electrolyte degradation and solid electrolyte interphase (SEI) formation. Data-driven
approaches include the development of machine learning (ML) interatomic potentials for the
challenging charged/open-shell molecular species, reaction network construction based on
high-throughput DFT, ML, automated fragmentation and recombination strategies to yield
a thermodynamic landscape of millions of possible reactions for the SEI formation, and com-
putational screening of novel electrolytes for multivalent ion batteries based on their kinetic
barriers to reductive decomposition.

Chapter 1 provides a brief overview of battery chemistry and the computational modeling
tools for investigating such systems, e.g., ab-initio methods or classical /ML force fields. Fur-
thermore, this overview highlights the challenges and the strategies for the computational
modeling of battery materials, bulk electrolyte properties, and electrochemical and interfacial
reactions.

Chapter 2 describes the development of the Becke Population Neural Network (BpopNN)
model as an ML interatomic potential that is capable of handling charged molecules, which
are essential in electrochemistry and battery systems. This is accomplished by incorporating
electronic information (electronic population on each atom) into the descriptor and minimiz-
ing the total energy self-consistently with the total population constrained to be the total



number of electrons in the system.

Chapter 3 extends from the work discussed in Chapter 2 and demonstrates the application of
the BpopNN model to Li-organic systems, which have direct relevance to battery electrolytes.
Spin populations are incorporated into the model, and possibilities of using BpopNN to model
charge-transfer excited states are discussed.

Chapter 4 describes the study of using an automated reaction network and DF'T to probe the
formation mechanisms of Lithium Ethylene Monocarbonate (LEMC), a controversial organic
component of the SEI in lithium-ion batteries (LIB). It manifests another application of data-
driven methods and ML models to studying the complex reaction cascades or mechanisms in
battery systems. It was found that water is essential in the formation of LEMC; therefore,
LEMC is not likely to be the major component of the SEI if rigorously dried electrolytes
are used. Several novel mechanisms for forming LEMC were also proposed in an automated
fashion through a path-finding algorithm applied to the massive reaction network.

Chapter 5 describes a computational screening effort for novel electrolytes in the weakly-
coordinating fluorinated alkoxyborate and alkoxyaluminate salt family for Mg/Ca-ion battery
applications. The design metric employed is based on the redox potentials and the kinetics
for reductive decomposition, covering various decomposition patterns, e.g., the breaking of
Al/B-0O, C-O, or C-F bonds. The kinetic barriers for such decomposition pathways are ob-
tained and demonstrated to correlate well with their electrochemical performance for existing
electrolytes. Novel electrolytes that are never synthesized before are also proposed based on
this criterion.

Chapter 6 summarizes and concludes the thesis.
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Chapter 1

I Overview

Since the birth of the industrial revolution, the CO, emissions from fossil fuel combustion and
industrial processes have increased dramatically. In 2000, a total of 34.81 billion metric tons
of CO, was released; from 2000-2019, it was further increased by 45%, reaching 34.81 billion
metric tons. [1] As such, replacing fossil fuels with cleaner and renewable energy resources
is urged. Rechargeable batteries play a vital role in a green society for energy storage,
consumption, and transportation. Featured by the 2019 Novel Prize in Chemistry, Li-ion
battery (LIB) technology is one of the most revolutionary technologies that have completely
reshaped people’s daily life. The global lithium-ion battery (LIB) market is estimated to be
USD 44.5 billion in 2022 and is projected to reach USD 135.1 billion by 2031. [2] Despite the
success of LIBs, larger and larger scale applications set higher requirements, such as higher
volumetric and gravimetric energy density, higher rate capability, longer cycle life, safety, and
lower cost. Therefore in the past decade, tremendous research efforts have been dedicated to
improving the current Li-ion technology and developing new battery chemistries.

A battery is a complex multi-component system, encompassing cathode, anode, elec-
trolyte, separator, collector, etc. The complicated electrochemically coupled transport pro-
cesses across a wide range of time and length scales constitute a hurdle for a complete under-
standing of the structure-property relationship between battery materials, electrolytes, and
the overall electrochemical performance. The traditional way of conducting battery research
relies heavily on trial and error, requiring extensive research resources and sophisticated do-
main knowledge and experience. In recent years, data-driven techniques have emerged as
the fourth paradigm of materials research in addition to the existing empirical, model-based,
and computation-based science. [3-5] They open up new avenues for accelerated materi-
als discovery and design through both forward models (prediction of molecular or materials
properties) and inverse models (discovery and design of novel materials).

Although the introduction of data-driven methods to chemical /materials science is still
recent, there already exist some successful applications: prediction of new stable materials,
[6-8], prediction of various materials properties, [9-14] reducing the number of required first-
principle calculations, [15] or the computational cost of such calculations.[16]

At the core of data-driven methods lies the need for high-quality data. In the case of
computational science, this means we need an accurate description of the chemical system
of interest. Especially in the search for methods to improve battery performance, theoretical
studies addressing the structure-property relationship in batteries on an atomic level play an
increasingly important role. Ab initio or quantum chemistry (QC) methods — either based
on wavefunction descriptions or density functional theory (DFT) — provide a full quantum
mechanical treatment of the atomic system within certain approximations. These methods
are ideal for studying complicated electrochemical processes, such as electron transfer pro-
cesses and the consecutive radical reactions where open-shell, charged species are typically
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Figure 1.1: (a) Typical organic electrolytes for LIB. (b) Example molecular cluster structures of LiT solvated
in EC (left) and Mg®t with Mg[TFSI], salt solvated in DME (right) -

involved. There are two types of computational modeling techniques that are typically used
for studying the battery system properties, (1) static calculations and (2) dynamical simu-
lations. If DFT is employed, they would be static DFT calculations and ab initio molecular
dynamics (AIMD). [17] The former method is suited for providing in-depth insights on the
specific chemical process(es) of interest by evaluating the ground state energies or properties
of molecules, fragments, clusters, and crystal structures, providing access to redox stabilities,
electrolyte decomposition mechanisms, reaction or transport energies or barriers. Within the
latter method, the system is propagated in time by numerically integrating Newton’s equa-
tion of motion on the potential energy surface (PES) of typically an ensemble of molecules,
affording statistical properties, such as structural and transport properties of the electrolyte.

The main goal of this thesis is to use data-driven approaches combined with DF'T to study
the complex reactions involved in the battery systems, e.g., electrolyte degradation and solid
electrolyte interphase (SEI) formation.
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Figure 1.2: Electrochemical stability window.

II Chemical processes in battery systems

2.1 Battery operation mechanisms

A LIB typically contains a lithium or carbon-based anode, a lithium transition metal oxide
cathode (e.g., lithium cobalt oxide (LiCoO;)), and a polyolefin-based separator that is placed
between anode and cathode and soaked with the electrolyte. In most cases, the electrolyte
consists of an organic solvent and a LiT conducting salt. The solvent is usually a mixture
of cyclic and linear organic carbonates, e.g., ethylene carbonate (EC), propylene carbonate
(PC), dimethyl carbonate (DMC), diethyl carbonate (DEC), and ethyl methyl carbonate
(EMC). Figure 1.1(a) shows some typical organic solvents used in LIB. As conducting salt,
lithium hexafluorophosphate (LiPFg) or lithium perchlorate(LiClO4) can be used. During
discharge, Li" moves through the electrolyte from the anode to the cathode. The correspond-
ing electrons flow through an external electric circuit, and the electrical power is supplied
to the connected device. The charging process is the reverse: Lit are incorporated into the
anode from the cathode, and the electrical power is stored in the battery.

2.2 Electrolyte decomposition

Figure 1.2 is a schematic illustration of the relative electron energies in the electrodes and
the electrolytes in a standard battery cell. The cathode is the oxidant, and the anode is
the reductant. The energy separation E, between the adiabatic ionization potential (IP)
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Figure 1.3: (a) The mechanism for reductive decomposition of the EC electrolyte in LIB. (b) The mechanism
for reductive decomposition of the Mg[TFSI]; salt in Mg-ion batteries.

and electron affinity (EA) of the electrolyte dictates the electrochemical stability window
of the electrolyte. Note that some literature uses the gap between the HOMO and LUMO
of the electrolyte as the stability window, which is a similar concept but less rigorous than
IP and EA. Figure 1.2 (a) shows the scenario when the electrolyte is thermodynamically
stable, which means the electrochemical potentials of both electrodes (u4 for the anode and
pc for the cathode, referenced to e.g. Li/Li") locate within the E, of the electrolyte. If this
condition cannot be satisfied (Figure 1.2 (b)), reduction/oxidation of the electrolyte will
happen, creating solid-electrolyte interphase (SEI) and cathode-electrolyte interphase (CEI)
on the anode and cathode respectively. Such reduction/oxidation reactions are expected to
carry on during battery cycling unless the as-formed passivation layer creates a barrier for
electron transfer.

For elemental Li® and graphite, the two most common negative electrodes, the fermi en-
ergy of the anode, pu4, lies above the EA(LUMO) of practical, known nonaqueous electrolytes,
creating a thermodynamic driving force for the electrochemical reduction of electrolytes at
the surface of these negative electrodes.[18, 19] Anions and anion radicals produced by the
salt anion decomposition could further trigger a cascade of reactions that promote the de-
composition of other molecules.

Two well-known reductive decomposition mechanisms, for the EC electrolyte in LIB and
the Mg[TFSI], salt in MIB, respectively, are shown in Figure 1.3. Some typical molecular
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structures for the solvation shells of these two systems are given in Figure 1.1 (b). For
Li"EC, a shoulder bond in the ring (shown in red in Figure 1.3 (a)) is energetically favorable
to break upon reduction, creating ring-opened LiEC, which further leads to the formation
of lithium ethylene dicarbonate (LEDC), Li;COj3 etc. [20] In the Mg[TFSI], case, one C-S
bond in the reduced contact ion pair Mg" TFSI™ is exergonic to break (Figure 1.3 (b)), likely
decomposing into the fragments CF3- and [CF3S0,NSO5]—~Mg®. [21] The decomposition
mechanisms for a novel family of salts, the weakly-coordinating fluorinated alkoxyborate and
alkoxyaluminate salts for multivalent ion battery applications will be discussed in depth in
chapter 5.

2.3 Solid-electrolyte interphase (SEI) formation

In the field of battery research, understanding electrolyte interfaces are of paramount im-
portance because their properties crucially affect the overall performance and aging of the
battery cell. A famous example is the solid-electrolyte interphase (SEI), a thin surface pas-
sivation film that grows in situ at the anode/liquid organic electrolyte interface due to the
reductive decomposition of electrolytes (both solvents and salts). In the case of LIB, SEI
typically forms onto the electrode surface at potentials below 1 V vs Li/Li* (0.7 V vs Li/Li*
for most electrolytes).[22] An ideal SEI should be able to shut down electron transport and
thus prevent continuous reductive degradation of the electrolytes while allowing the working
ions to pass through.

These surface films usually form through out-of-equilibrium interfacial reactions. Such
reactions are notoriously difficult to characterize, and robust prediction of the chemical evo-
lution and associated functionality of the resulting surface film is one of the grand challenges
of materials chemistry. Progress in understanding the SEI layers has been achieved us-
ing techniques such as X-ray photoelectron spectroscopy (XPS), [23, 24] X-Ray Diffraction
(XRD),[25, 26] Fourier transform infrared (FTIR) spectroscopy, [27, 28] nuclear magnetic res-
onance spectroscopy (NMR), [29, 30] cryo-scanning transmission electron microscopy (cryo-
STEM), [31-33] Atomic Force Microscopy (AFM), [34-36] etc. Despite significant research
work, there is still limited understanding of what SEI layers consist of, by what mechanisms
they are formed, and how they influence SEI properties and battery performance.

Our current understanding of the SEI comes from a progressive buildup of knowledge
in the past decades. In 1983, Pelled proposed a double-layer SEI structure with a thin,
compact layer close to the electrode and a thick porous secondary layer closer to the elec-
trolyte, without mentioning any compositional information. [37] Nazri and Muller[25, 38§]
first showed the presence of Li;CO3 and oligomers (or polymers) in SEI on lithium surfaces
using XPS, FTIR, and in situ XRD. Later Aurbach et al.[39] revealed through FTIR/XPS
that lithium alkyl carbonates (dicarbonates or semicarbonates) instead of Li;COj are the
main SEI components resulting from carbonate solvent decomposition. Kanamura et al.[40]
reported by XPS that the compact layer near the lithium surface consists of LiF and LiyO,
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Figure 1.4: Schematic presentation of the mosaic structure of the SEI on Li/graphite anode (proposed by
Peled [41]). An ideal SEI should be ionic-conducting but electron-insulating.

whereas the porous layer above contains LiF and organic compounds. Peled et al. further
summarized previous findings and reported the mosaic structure of the SEI[41] (a schematic
figure is shown in Figure 1.4), which is frequently mentioned in the literature today. In short,
the SEI mosaic structure consists of multiple inorganic and organic products from electrolyte
decomposition: compact layers are formed of inorganic species like Li,O, Li;COj3, and LiF
near the anode surface, whereas the domains near the electrolyte consist mainly of oligomer
species and semicarbonates. [27, 40, 41]

In the case of the popular carbonate solvents, LioCOyg, lithium dicarbonates ((ROCOzLi)s),
and semicarbonates (ROCO,Li) predominate in the SEI. Specifically, it has been long be-
lieved that EC forms a stable SEI composed mainly of LEDC.[26, 27, 29, 39, 42-50] In
2019, work by Wang et al. [51] cast doubt on the LEDC characterization: it was suggested
that common LEDC standards[46, 48, 50] are comprised of lithium ethylene monocarbonate
(LEMC). This controversy will be investigated and discussed thoroughly in Chapter 4.

The composition and the stability of the SEI depend primarily on the formulation of the
electrolyte (solvent, additive, and salt) and the nature of the electrode surface, but also on
some other factors such as the charge and discharge rate, etc.[22] In reality, a slight change in
the electrolyte chemical structure could result in a dramatic change in battery performance.
For instance, propylene carbonate (PC), which has a single methyl group difference from the
commonly used electrolyte ethylene carbonate (EC), cannot form a stable SEI and leads to
the exfoliation of the graphitic anode because of co-intercalation.[52]
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Besides tuning the formulation of the electrolyte, a few strategies can be implemented
to improve the cycling ability of LIB systems. For instance, the surface termination can
be modified to reduce the material’s reactivity towards the electrolyte: it has been shown
that electrochemical performances can be improved through mild oxidation,[53] deposition
of metals oxides, [54] various coatings techniques.[55] It is also possible to deposit an artificial
passivation layer on top of the anode to protect the electrolytes from reacting with the
surface.[56, 57|

III Modeling techniques

3.1 Density functional theory (DFT)

Density functional theory (DFT) is undoubtedly the most widely used and cost-effective elec-
tronic structure method for studying ground-state molecular and material properties. Within
DFT, the high-dimensional many-body wavefunction ¢ (ry, 7y, ..., 7,) is replaced by a simple
variable, the electron density n(r) in the 3-dimensional space, and the total energy along
with other ground-state properties are defined as functionals of the electron density. This
has made the problem much simpler: as Kohn noted in his Nobel lecture in 1998, DF'T “has
been most useful for systems of very many electrons where wave function methods encounter
and are stopped by the exponential wall”. [58] The basis of DFT lies in the Hohenberg-Kohn
theorem,[59] stating that the external potential is a functional of the ground-state density
and that the ground-state energy/density can be determined by variationally minimizing the
total energy with respect to the density. If we define

Fln(r)] = (W|T + U|®) (1.1)

where T is the kinetic energy operator and U is the coulomb operator,

T = %/Vw*(r)vw(r)dr (1.2)

1 1 * * / / /
U= [ g 00 )0 (e (1.3

v —r'|

we can write the energy functional as
&m:/mm%mRm+Fm (1.4)

where V. (r,R) = 3, Z;e*/|[r —Ry| is the total Coulomb attraction between one electron
and the nuclei.
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It has been proven that E,[n] is at the minimum value at the correct ground state density,
under the constraint that the density integrates to the correct number of particles.

/n(r)dr =N (1.5)

The most commonly used method within DFT is the Kohn-Sham formalism. In the Kohn-
Sham treatment, the total energy is expressed as a functional of m mutually orthonormal
single-particle electron orbitals ¢;(r), i« = 1,...,m. The orbitals are related to the electronic
density according to n(r) =Y, filti(r)|* , where f; is the occupation of the ith orbital. For
the spin-unrestricted case, m = N and f; = 1, whereas for the spin-restricted case, m = N/2
and f; = 2. The total energy is given by

Fl{y}, R] = %Z fi / Vi () Vi (x)dr

% / L () () () (¢ )dedr’ + el

v — |
—i—/n(r)Vext(r,R)dr. (1.6)

Minimizing this functional over orbitals subject to an orthonormality condition (v;|1;) =
d;; yields the ground state energy.

Although Eq. 1.6 is formally exact, the exact form of the exchange/correlation functional,
which accounts for all the quantum-mechanical many-body effects, is unknown and this is
where the approximations in DF'T functionals are coming from. Therefore, the quality of the
electronic structure calculation relies on the quality of the approximation used for E,.. The
most common classes of approximations are the local-density approximations (LDA), [60]
generalized-gradient approximations (GGA), [61, 62] meta-generalized-gradient approxima-
tions (meta GGA),[63] as well as hybrid functionals [64] where a portion of exact exchange
from Hartree-Fock theory is incorporated to alleviate the self-interaction error. [60]

Static DFT calculations and AIMD simulations are especially suitable for studying the
electrode-electrolyte interfacial reactions, such as solvent/salt decomposition and the early-
stage SEI formation, as discussed in Sec II. FEarly pioneering work from Balbuena and
coworkers based on static DFT calculations clarified the reduction mechanisms of common
organic solvents and additives in LIB. [20, 65, 66] Since then, DFT calculations have been
extensively used to study the decomposition mechanisms of different electrolyte composi-
tions and how other factors could change the decomposition pathways, such as additives,
electrode surfaces, temperature, etc. To list a few examples, DFT studies revealed that
the electrochemical stability of electrolyte molecules varies in different environments.[67-69]
Clarke-Hannaford et al. adopted AIMD simulations to study the decomposition mechanism
of TFSI" and FSI" anions on the Li(001) surface at different temperatures. [70] AIMD results

9
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from Liu et al. showed that the structure of the exposed Li metal facet significantly affects
the LisSg decomposition, nucleation, and growth. [71] We need to note that although AIMD
simulations are ideal in terms of accuracy, they can only access very limited time regimes, at
most 100 ps for typical AIMD simulations; thus understanding chemical reactivities through
AIMD simulations is challenging without advanced sampling techniques.

3.2 Classical force fields

Classical force fields (or empirical interatomic potentials) treat the individual atoms as classi-
cal particles. Since no electronic degree of freedom is considered and relative simple functional
forms are used, MD simulations using classical force fields are very cheap and thus suitable for
modeling the nonreactive dynamics of a multicomponent system consisting of (1000 - 1M par-
ticles) for a large time scale (10 ps to 1 s depending on the model, but typically on the order
of ns). Classical MD simulations can therefore provide access to many important properties
such as diffusion constants, ionic conductivity, viscosity, etc. for battery electrolytes.

In classical force fields, potential energy functions usually follow a fixed pattern. The
force field describes the intramolecular and intermolecular potential energy of atoms in the
form of mathematical functions:

U= Unb + Ubond + Uangle + Utorsion (17>

where U,,;, represents interactions between atoms, and Usond, Uangie; Udinedral Tepresents bond
interactions between atom pairs, angle interactions between triplets of atoms, and torsion
interactions between quadruplets of atoms, respectively.

Detailed expressions of some widely used force fields, such as OPLS (optimized potentials
for liquid simulations),[72] AMBER (assisted model building with energy refinement), [73]
and CHARMM (chemistry at Harvard macromolecular mechanics), [74, 75] follow the formula
below with some variations:

12 6
Oij Oij qi9q;
Upp = dei; [ (ZL) — (=2 R 1.8
1<)

Ubond = Z K, (rij — 10)° (1.9)
bonds
Uangle - Z K9 (ka - 60)2 (110)
angles
Utorsion = Z Z K(f),n [1 + cos (n¢ijkl + 611)] (111)

torsions n
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where €;; is the Lennard-Jone (LJ) well depth, o;; is the LJ radius, 7;; is the distance
between two atoms, ¢; and g; are the charges of two atoms, ¢, is the dielectric constant of a
vacuum, K, Ky, and K, are the force constants, ry is the equilibrium bond value, 0, is
the bond angle, 0 is the equilibrium angle value, n is the multiplicity, ¢;jx is the dihedral
angle, and 9,, is the phase. The parameters needed to construct the force fields can either be
derived from experiments or fitted by ab-initio data for different atom types and interaction
modes.

For liquid electrolytes, the presence of ions leads to strong local electric fields and often ne-
cessitates the use of so-called polarizable force fields. [76] While simulations using the above
nonpolarizable force fields can predict decent molecular structures (e.g., solvation structures)
in ionic systems, [77, 78| the predicted thermodynamic, dielectric and transport properties
are often inconsistent with experiments, especially at higher salt concentrations.[78, 79] As
examples of polarizable force fields, APPLE&P[80] (atomistic polarizable potentials for lig-
uids, electrolytes, and polymers) and AMOEBA[81] (atomic multipole optimized energetics
for biomolecular simulation) attempt to include more accurate descriptions of electrostatic
interactions between molecules and the polarizability.

For instance, for the APPLE&P force field, U,, takes the following form to account for
induced dipoles: [80]

12 12 " 1
Unp = Y _ | Aag exp (—Baprij) — Caﬂri}%D( > L ] _ §Zg>ﬁ (1.12)

Basri; 4megr;;
i<j aplij 0745

—
where ﬁz = o;E! is an induced dipole at force center i, «; is the isotropic atomic

polarizability, E! is the total electrostatic field at the atomic site ¢ due to permanent charges

¢; and induced dipoles ﬁ?, €o is the dielectric permittivity of vacuum, Eﬁi is the electric field
due to fixed charges only, A,3 and B, are the repulsion parameters and C,3 is the dispersion
parameter for interaction between atoms ¢ and j with atom types a and £.

Indeed, there is a significantly enhanced correlation between simulation vs. experiment
data for the self-diffusion coefficients[80, 82] and electrolyte conductivity,[83, 84] obtained
from simulations using such polarizable force fields.

Because the bond interaction in classical force fields is usually in the form of harmonic
oscillators, as shown in Eqn. 1.9, as we dissociate a bond, the corresponding interaction
energy increases significantly. This precludes the usage of classical force fields in probing
chemical reactivities, i.e., breaking or forming chemical bonds. To solve this issue, ReaxFF is
developed for modeling the interactions on the basis of bond orders to allow for bond forming
and breaking in MD simulations.[85, 86]

Classical MD simulations are widely used in studying the bulk solvation structures, ionic
transport mechanisms, and physicochemical properties of battery electrolytes as described
below.

11
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Solvation structures
According to the coordination structure between cations and anions, solvated cations can be
classified as either free ions, solvent-separated ion pairs (SSIPs), contact ion pairs (CIPs),
and aggregates (AGGs), which are in the order of increasing number of anions participating
in the cation solvation. Highly concentrated electrolytes have unique solution structures
totally different from those of the corresponding dilute electrolytes. Generally, cations in free
or SSIP states dominate in low-concentration electrolytes (LCEs),[87], and CIPs and AGGs
take over in high-concentration electrolytes (HCEs). [88-91] MD simulations can provide
insights into the fractions of various cation structures by counting the number of free ions,
SSIPs, CIPs, and AGGs. This is relevant to the dissolution and dissociation degree of salts
because anions compete for the coordination of cations with solvents. And a high dissolution
and dissociation degree of salts are generally beneficial to implement ionic transport and
desirable rate performances for rechargeable battery electrolytes.

Ion transport mechanisms
Generally, the transport mechanisms in liquid electrolytes can be classified into two cate-
gories: vehicular diffusion, where ions and species diffuse in their solvation shells in a con-
certed fashion,[92] and structural diffusion, where ionic transport is accompanied by desolva-
tion and resolvation processes (also referred to as the ion-hopping mechanism).[93, 94] The
actual diffusion mechanism could also be mixed, where partial components depart from the
solvation shell and the remaining migrates along with the working ion. In MD simulations, an
understanding towards the ion transport mechanisms can be obtained through a comparison
between the length scale of collective diffusion and that of the solvation shell.

Physicochemical properties
MD simulations can also deliver understandings to many physicochemical properties of the
electrolytes at the atomic level. For example, the Green-Kubo relation derived from the
linear response theory gives properties such as the diffusion coefficient and viscosity.[95] The
Nernst-Einstein equation further relates the diffusion coefficient to ionic conductivity. The
dielectric constants of liquids, which determines their capability of separating cations from
anions, can be calculated from MD simulations based on the fluctuation in the total dipole
moment of the box.[96]

3.3 Machine learning potential energy surface

As stated in the previous sections, one would prefer to use DF'T whenever possible to study
battery materials. However, there exist many situations where statistical sampling or dynam-
ical behaviors are of interest, where MD simulations are preferable. MD simulations based on
classical force fields are, however, limited in terms of the accuracy they can achieve and the
capability of modeling chemical reactions (except for the reactive force fields). AIMDs can
model chemical reactions but are usually too computationally expensive to reach the time
scale to observe the desired reactions.

12
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In the last few years, with the advent of machine learning techniques, a new class of
potentials has emerged that rely on complex functions to describe the potential energy land-
scape, usually trained on data generated through DFT calculations. [97-100] Given some
suitable input features/descriptors to encode the geometrical characters of the molecules,
which usually also obey symmetries, a sophisticated non-linear function can be learned to
match the energies, forces, and some other molecular properties obtained from first-principles
calculations. If trained properly, this can, in principle, produce an ML force field with DFT
accuracy but only at a cost similar to classical force fields. In contrast to empirical poten-
tials (which are also often fitted to DFT data), ML models impose no particular functional
form, thus they can adapt more easily and flexibly to the training data, although this could
potentially cause overfitting. It is impressive that MD simulations of 100 million atoms have
already been achieved with ML force fields for water and copper systems. [101, 102] Clearly,
if ML potentials can describe the correct atomistic interactions, it opens up the possibility of
highly accurate investigations of battery materials, electrolytes, and even electrolyte-electrode
interphase on larger length and time scales.

In ML-based PESs, typically the total energy E of a chemical system is represented as a
sum of atomic energies FE;:[98]

E:ZN:E (1.13)

Atomic energies E; are predicted through a regression model such as neural networks (NN)
or gaussian process regression (GPR) based on descriptors that can represent the local geo-
metrical environment around each atom. Decomposing the total energy into atomic energy
contributions affords several important advantages, such as size-extensivity and near linear-
scaling cost. Global descriptors are sometimes used, such as Coulomb matrix, [103, 104] in
which case the total energy of the entire molecule is predicted, but those models are not
designed to obey the energy behavior at the dissociation limit (if a sufficiently large distance
separates two molecules, the energy of the complex should be the same as the sum of the
energies of the two isolated molecules computed with the same method). Many molecular de-
scriptors are designed up-to-date; prominent ones include the atom-centered symmetry func-
tions (ACSF), [105, 106], smooth overlap of atomic positions (SOAP),[107] bispectrum,[107]
the FCHL descriptor, [108] the Many Body Tensor Representation descriptor, [109] etc.

In recent years, it came to the realization that many traditional hand-crafted descriptors
have some significant limitations because they often do not satisfy the one-to-one map, i.e.,
the representation does not uniquely determine the molecule.[110] The existence of indis-
tinguishable configurations affects the expressive power of ML models because the model
cannot give distinguishable predictions for such configurations by construction. Further, as
an atom does not “see” the information from the atoms far away from itself (beyond the cut-
off distance), long-range information is completely missed, and this would cause problems for
incorporating electrostatic interactions, as they are inherently long-range. This aspect rep-
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resents a challenge for modeling battery chemistry, as electrostatic interactions are essential
in ionic systems. Structures that are open-shell or at a non-zero total charge could also con-
tribute to the complex electrochemical reaction pathways, further necessitating an accurate
description of long-range electronic structure, as the optimal electron density distribution
will be different for molecules at different total charges.

One way of tackling the first problem is to construct higher-order descriptors that can cap-
ture beyond 3-body correlations.[110] Schemes such as MTP,[111] ACE,[112] and NICE[113]
can in principle give a complete representation if expanded in a high enough order. Another
method is to design ”learnable” descriptors and to construct complicated architectures such
as graph neural networks (or MPNN, message passing neural networks) where the descriptors
are automatically determined/learned from the geometric structure of the entire molecule. A
lot of the degeneracies (e.g., the degenerate pair discussed in ref. [110]) can be alleviated once
the information about the whole molecule is redistributed onto each atom during training. In
MPNN, each atom is initially described by a feature vector, which is iteratively updated in
an interaction block using information about neighboring atoms (or even all atoms through
an attention mechanism|[114, 115]), such as distances and their feature vectors at the current
step. This approach also provides a solution for the second long-range problem. It was later
shown that global features such as total charge/spin could also be incorporated into MPNN
models, where the appropriate distribution of atomic partial charges/spins can be predicted
through multiple steps of iterative feature updates, and energies for molecules with different
total charges/spins can be predicted. [115, 116] However, describing systems with variable
electronic structure or where long-range interactions are essential is still an ongoing challenge
in general. The proposed ML models need sufficient testing, not only on the well-known QM9
dataset,[117] but also on how well they can perform for realistic systems in terms of geome-
try optimizations, MD simulations, etc. Chapters 2 and 3 will discuss a different method for
approaching the long-range problem: to train nonlinear energy functional of nuclear position
and electron populations (electron density projected onto each atom).

Although a lot of success has been achieved with ML force fields, and it was claimed
that ML potentials could show quantum mechanical accuracy without explicitly including
electrons, [118]the majority of the actual applications of such models are still on systems
that are more or less homogeneous such that the electronic information can be more likely
captured by a descriptor that can sufficiently describe the local geometrical environment and
short-range interactions. For the application of ML-based potential for the investigation of
battery electrodes and solid electrolytes, there are a number of recent studies on systems
that are semi-homogeneous, e.g. Li-C system [119], Li-S alloys, [120], LijcGeP3Sia-type
superionic conductors. [121] SEI has been typically modeled by force-field methods.[122] The
complexity of the SEI requires ML potentials to reproduce polarization effects and long-range
anisotropic electrostatic interactions and polarization. Furthermore, in the SEI formation,
structures that are far from equilibrium geometry and structures that are open-shell or at
a non-zero total charge could contribute to the complex reaction pathways. These not only
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pose a challenge for data generation but also require the ML model to contain the correct
physics to handle non-equilibrium, open-shell, and charged species simultaneously. Therefore
the real application of ML potentials in SEI models has not been seen; only a few examples
exist for simulating the solid-water interface where the reactions involved are simpler, i.e.,
proton transfer reactions. [123-125]
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Parts of this chapter were reprinted with permission from: “Incorporating Electronic
Information into Machine Learning Potential Energy Surfaces via Approaching the Ground-
State Electronic Energy as a Function of Atom-Based Electronic Populations” Xiaowei Xie,
Kristin A. Persson, David W. Small. J. Chem. Theory Comput. 2020, 16, 7, 4256-4270.

I Introduction

DFT computations continue to be the predominant approach to first-principles modeling
of chemical systems,[1-3] while empirical force-field based approximations continue to dom-
inate large scale simulations.[4, 5] As one category of approaches intent on bridging this
divide, ML-based methods for approximating first-principles PESs are drawing much atten-
tion. These methods largely reduce the computational cost while remaining remarkably near
to the accuracy of quantum chemistry calculations, and practical applications in chemistry,
physics and material science have been demonstrated[6-9]. So far, predictions of the elec-
tronic energy for neutral, closed-shell molecules (equilibrium or off-equilibrium) have been
successfully demonstrated. A ubiquitous theme in such methodologies is the development of
translationally, rotationally, and permutationally invariant descriptors based on nuclear po-
sitions. Prominent examples include the atom-centered symmetry functions[10, 11] of Behler
and Parrinello and the smooth overlap of atomic positions (SOAP)[12] by Bartok et al. Some
specific ML models that fit the general positions-to-energy characterization are RuNNer,[13]
Tensormol,[14-18] SchNet,[19, 20] ANI-1,[21-23] AMP,[24] DeepMD,[25] LASP,[26] QML,[27,
28] PhysNet, [29] GAP,[30] models based on atom-density representations by Ceriotti and
coworkers,[31-35] the spectral neighbor analysis potential (SNAP), [36] graph kernel meth-
ods,[37, 38] graph neural networks, [39, 40] methods based upon eigenvalues of the Coulomb
matrix, [41, 42] Bag-of-Bonds, [43] permutation invariant polynomials,[44] and others. Im-
pressive examples of large-scale applications of these methods include simulating proteins,
[14] amorphous carbon, [45-47] constructing phase diagrams of amorphous Li,Si, [48] etc.
However, descriptors based on atom positions alone exhibit some important limitations.
For example, they cannot be applied to more than one overall charge or spin state. Further-
more, far-away changes in the chemical environment may induce changes in the local charge
or spin state of a region of a molecule even if the local geometry is not changed apprecia-
bly. We illustrate this with an example in section 3.2.3 below. This general problem applies
to many molecules and materials. Examples relating to conjugation, like the emergence of
polyradicality with increasing length in acenes,[49-51] armchair versus zigzag edge effects in
graphene nanoribbons, [52-54] and the gradual ascencion to the effective conjugation length
in a variety of oligomers,[55-57] come to mind. Even more marked are examples involving
explicit ionization and charge transfer (CT). These include outer-sphere electron transfer
processes such as those occuring in Ferredoxin protein cores and other proteins[58, 59] and
large-scale organic donor-acceptor complexes with appealing electronic properties.[60-62]
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We stress the need for advanced ML-based methods to describe complicated heteroge-
neous systems such as found in electrode surfaces like the solid electrolyte interface (SEI)
in lithium-ion batteries (LIB).[63-67] As a small glance into the complexities involved here,
consider that the ground state of neutral lithium ethylene carbonate (LiEC), a key inter-
mediate in the reductive decomposition process to form the LIB SEI, varies in character
between neutral and CT, i.e. unpaired electron on Li or on the rest of the molecule. This
variation is subtly dependent on where the Li atom locates around the ethylene carbonate
(EC) molecule;[68] the transition between the two characters can be fairly rapid, and so for
position-based descriptors, whose terms don’t change rapidly in such transitions, this situa-
tion is clearly a practical difficulty. This is just one part of the SEI’s multiplex of charged
and uncharged species and the reactions between them, underscoring significant challenges
for ML descriptors. In principle, these general effects can be captured by a position based
descriptor along with the total charge and spin multiplicity of the molecule, as after all these
are the only inputs needed for a ground-state calculation. However, size extensibility, the
crucial property that a ML model may be uniformly and consistently applied to systems of
different sizes, favors the use of local, typically atom-centered, descriptors, which are diffi-
cult to reconcile with global parameters like total charge and spin. And, stretching these to
include the (possibly very) long range information required for these cases is challenging in
practice in terms of computational efficiency and numerical stability.

The above issues stem from a lack of explicit electronic information in the descriptors,
which suggests a general remedial approach. To successfully incorporate electronic infor-
mation, the basic scheme of the parent DFT model should be followed such that electronic
terms can adapt according to changes in neighboring electronic information, preferably in a
self-consistent or equilibrated way.

In this context, we would like to briefly reassess some of the models mentioned above. The
SOAP based descriptors make use of smeared atom density distributions, and together these
bear a rough resemblance to electron density. A recent variant[33] uses the electrostatic
potential (ESP) associated with such distributions as the basis for the SOAP expansion.
This approach provides enhanced long-range information, and we will comment more on this
important development at the end of this chapter. Nevertheless, these density distributions
are fixed and do not adapt to the electronic environment.

Several of the above ML approaches include a separate long-range, pairwise electrostatic
contribution to the energy. This inclusion has been shown to be very useful for describing
large Zn,, O,, clusters, [69], water clusters, [14, 70-72] proteins,[14] and other examples [73, 74].
Popelier and coworkers first proposed to employ NNs to construct environment dependent
multipoles.[75] Artrith et. al.,[69] and later on Yao et. al. [14] adopted a scheme where they
pretrain a neural network to predict atomic point charges, using the same descriptors (i.e.
symmetry functions) as they used to train energies. These charges were subsequently used
to compute the electrostatic term through Ewald summation [76] for periodic systems, or
Coulomb’s law for molecules. Another approach fits molecular dipoles to infer partial charges.
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[77] We note that there are also independent ML models specialized for predicting partial
charges, [78, 79] multipole moments,[32, 80, 81] and even the full electron density. [31, 82].
The latter method has been used e.g. to guide the inverse design of chemical materials based
on electron density information, to serve as an initial guess for SCF convergence, and more.
The above-mentioned methods all predict the electronic terms directly from local position-
based descriptors, and thus are not properly adaptable to the electronic environment.

In another direction, the various charge equilibration schemes, such as EEM[83] and
QEq[84] and several newer examples,[85-91] compute atomic charges self-consistently. These
models therefore exhibit some basic flexibility in the context of the above issues. How-
ever, they also employ very simple forms; this is advantageous for application to very large
molecular systems, but it limits the accuracy as compared to the above ML-based models.
Ghasemi, et al[92] developed a charge equilibration scheme where the intra-atomic energy
function comes from a deep NN that is parametrized by DFT data, and they used this to
predict the energies for both neutral and ionized NaCl clusters. To our knowledge, this impor-
tant development is the only extant positions-to-energy model that employs a high-level ML
approximation and that is also able to accommodate varying electronic structure. However,
the model is exclusively trained on self-consistent DF'T energies and its charges do not enter
the descriptor. Hence the charges are effectively auxiliary parameters as opposed to being
more directly associated with the electron density. This precludes, for example, obtaining
more than one SCF solution at a given geometry.

An open question remains as to how much electronic information should be incorporated.
At one extreme, it is possible to utilize the full electron density and create ML models that
map this directly to the energy. Some of these efforts are concerned with finding new DFT
approaches with unprecedented accuracy.[93-96] Others pertain more to the fact that com-
monly used functionals do not provide a direct non-iterative link between density and energy,
so a ML approximation for this, as with other orbital-free approaches, can greatly reduce
the associated burden.[20, 96-101] Effective self-consistency is then obtained by optimizing
the energy with respect to the density. This level of electronic information is ideal in terms
of accuracy, and it easily addresses the above issues, but it entails a significant increase in
computational requirements compared to the above models.

In the present chapter, we attempt to identify the simplest amount of electronic infor-
mation that is sufficient to solve the above issues, and how to incorporate it effectively. In
a sense, we are seeking a good balance between the above position-only approaches and the
full-density based approach. We focus on approximating regular DF'T functionals, and we ex-
plore the incorporation of atomic electron populations and associated electrostatic interaction
terms into the descriptor. Effectively, this divides the global charge and spin parameters into
local terms that may be naturally incorporated into local descriptors. In the following sec-
tions, we exploit CDFT to realize a natural map from intrinsic populations (self-consistently
optimal ones or otherwise) to energies, which may be approximated with deep neural net-
works, leading to a simple self-consistent approach that is qualitatively true to the parent
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DFT functional.

II Theory

2.1 Target Energy Function

2.1.1 Formal viewpoint

In the Levy constrained search approach in DFT,[102] each density p maps to the lowest
possible energy El[p] obtainable from a many-electron wave function associated with that
density. Thinking of the density as being a reduction of the many-electron density matrix,
the constrained-search idea may be generalized to any collection of reduced variables {v;}
(which may be functions, etc.):

E[{v;}| = min (V|H V), (2.1)
U—{v;}
where H is the many-electron Hamiltonian. Of course, in practice, the search over wave
functions and the energy expectation value on the right hand side will be replaced by a
search over orbitals and an approximate functional, respectively.

For {v;} in this chapter, we are primarily concerned with reducing the density to atom
populations, in particular Becke populations.[103] For these, the density is multiplied by a
weight function and integrated to produce a population value. For atom ¢ and spin o we
have

po = [ wiwpn o) (2.2)

The weight functions w; are localized to their respective atoms, they take on values between
0 and 1, maximizing on the pertinent atom, and they sum over all atoms to 1.

Our target function for machine learning is essentially E[p|, where we have placed the
populations into a vector p. Technically, this function is defined only for population values
that are non-negative and sum to appropriate values for the numbers of electrons of each spin,
or equivalently, the total charge and spin multiplicity. We can extend this function to the
larger domain of non-negative population vectors with no sum conditions by first applying
Py, s, which “projects” the population vector to a vector obeying the sum conditions:

N, o Zj pj,a

N, ’
where N, and Nj are the numbers of a and 3 electrons, respectively. Hence, our formal
target function is E[Pn, n,(p)].

[PNmN,B (p)]i,d = Dio + (23)
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The target function may be optimized with respect to the population values, with the
latter considered as input variables. This is much the same as optimizing DFT energies with
respect to the density or orbitals. Optimizing with respect to the populations thus defines
an SCF procedure. As to the issue of representability here, we only need to ensure that the
populations (after projection) are non-negative.

At this point, we need a way to obtain practical approximations to this target function,
which is the subject of the next subsection.

2.1.2 The target function in practice: CDFT

The above ideas may be applied to any of the functionals used in common practice, e.g.
B3LYP as we use below. That is, they each may be formally reduced to a functional of
populations.

Training data for the target function must be obtained with non-standard DFT calcula-
tions. Fully self-consistent DFT solutions provide data for certain population choices, how-
ever, by itself this would constitute a very limited training set. Energies for other population
choices may be obtained by using constrained DFT (CDFT),[104-106] which uses Lagrange
multipliers to optimize the DFT energy under various constraints. The use of constraints
on Becke-weight based populations has been implemented in Q-Chem,[107] and allows us
to, in principle, obtain the energy for any given set of populations. Much as how there are
generally numerous wave functions (and thereby energies) associated with a given density,
there will overall be many energies associated with a specific population vector. In fact, the
energy spread is much wider for populations than for the density, because there will gener-
ally be many densities associated with a given population vector. As with standard DFT
calculations, care must be exercised to attempt to obtain the lowest energy CDFT solution.

The accuracy of ML models of the DF'T energy is significantly enhanced by incorporating
energy derivatives into the loss function, i.e. it is desirable to train the model towards both
the direct value of the target function and its first derivatives. The xyz position derivatives
for CDFT have been previously derived.[108] For this present chapter, we also need a way to
compute the derivatives of the CDF'T energy with respect to populations. This is described
in the Appendix.

2.2 Model Energy Function

We adopted a widely accepted scheme in the ML PES field, where the total energy is decom-
posed into atom-centered contributions to ensure transferability across systems with different
sizes and compositions. A deep neural network (NN) framework was used to map an atom-
istic descriptor D;[Z, p, 7] to the atomic energy. The model energy function can be written
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Figure 2.1: General concept for the ML potential
as
EML - Z Z 6#[D7;[Z,p, T]] + Eintra[Z7p7 ,r] + Eel[Za D, T], (24)

noi€Ay,

where €, represents the output from the atomic neural network for the element p, and this
function is applied to the descriptor for atom i; A, is the set of atom indices corresponding to
element p; Z and r contain the atomic numbers and coordinates, respectively, for the entire
molecule. FEi.., and F, are simple intra-atomic and pairwise electrostatic terms, respectively,
and will be described below. An overview of our model, which we will call “BpopNN” for
“Becke Population Neural Network”, is shown in Figure 2.1. More details are given in the
following subsections.

2.2.1 Atomistic Descriptor

The descriptor we use in this chapter is essentially a variant of SOAP,[12] modified to describe
the electronic as well as nuclear environments. The regular SOAP descriptor is based on an
atomic power spectrum of a basic density distribution that represents the nuclei: for each
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atom, the latter is expanded in a set of radial basis functions (RBF) and spherical harmonics
that are symmetric about that atom, and the coefficients of this expansion directly produce
the spectrum. In our case, we want to adapt the density distribution to represent the varying
electrostatic environment.

The basic idea is to use the ESPs of the nuclei, and the ESPs of the o populations treated
as point charges, and likewise for the S populations. In fact, as in SOAP, we use separate
distributions for each element type, since this makes for a more refined descriptor. In our
lithium hydride applications below, we simplified the descriptor to be based only on the
nuclear charges and the total electron population on each atom. In the present subsection,
we will continue the development using spin populations. This is more general, and reducing
this descriptor to the total-population one is straightforward.

To simplify the computation of the descriptor elements, we approximate the 1/r term in
the ESPs with a single Gaussian function. Hence our density distributions take the form

put(t) = > XiBexp (= |r — ), (2.5)

icA,

where t is either v (for nuclear), «, or 3 corresponding to the type of point population, and
thus x7 = Zi, X' = Pi,a, and Xf = p; 3. Here we used B = 1.128 and v = 0.171, and 7 is in
the unit Bohr radius.

To build the descriptor for any atom in the molecule, we set the origin to that position
and project the radial slices of p,;(r) onto the pertinent set of spherical harmonics Y}, (T):

Put(®) =D D (1) Yim (). (2.6)

€A, Im

Note that the i sum includes the central atom (if it is of the element type u). In practice,
the [ sum must be limited to a range. In the applications below, we use a maximum [ value
of 6. Since x! does not depend directly on positions, the analytical form of the radial terms
can be derived following previous works [12, 109] as

Citm (1) = 4mx; B exp [—y(1? +17)]u(2yr7:) Yoy, (£:), (2.7)
where * denotes complex conjugation and ¢; are the modified spherical Bessel functions of
the first kind. Summing over pertinent atoms gives ;la and projecting these onto RBF's gives
a sequence of expansion coefficients cﬁgfﬂ with an extra index n. Underlying the projections
is the evaluation of the integrals (g, Yim|p), with g, denoting an RBF. In general, this can
be done by either analytical or numerical integration (e.g. Gauss-Legendre quadrature), but
in our case, we bypass these complications by simply evaluating cfnf(r) on a grid of r values.
The resulting coefficients are smooth with respect to nuclear positions, and technically, one
could choose RBF's whose projection coefficients match the evaluated grid values. Hence the
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grid spacings can in principle be selected to produce a result that is as satisfactory as the
explicit RBF /integration approach. A simple linear grid between 0.5 and 13.2 A was used in
this work; further refinement of the grid will be addressed in the future.

At this point, one can construct the power spectrum by contracting over m,

l
o = D leniml? (2.8)

m=—I

It is easy to prove the rotational invariance of p

7, as 3D rotations correspond to transfor-
mations of blocks of the cﬁfm by Wigner matrices, which are unitary.

For each atom in the molecule, we employ a separate power spectrum for each element-
type in the molecule, i.e. the power spectrum is split into different element channels. There
is active research aimed at reducing the cost associated with adding more atomic species,[18,
28, 35, 110] which is also of future interest for us. For now, the above treatment is sufficient
to prove the principle.

A radial cutoff of 13.2 A was used below in computing the descriptor, i.e. atom pairs
beyond this cutoff were neglected. The reason for choosing this relatively long cutoff is
that, as described below, in addition to the NN energies, we include a simple long-range
pairwise electrostatic term, as has been shown to be very useful in previous papers.[14, 69]
The influence of the switch in dominance between short-range NN and explicit electrostatic
terms is a general issue, but because this question is separate from the main theme of this
work, we chose the long cutoff to minimize this influence.

2.2.2 Neural Network Architecture

We employ separate neural networks for different element types, and for the applications
below, each element network contains two hidden layers with 30 neurons in each layer. This
size of neural network was used to best accommodate the number of training data and pre-
vent overfitting. Nonlinearities were introduced using a modified softplus activation function
In (1 4 exp (1002))/100. This form resembles the RELU activation function, which itself is
highly popular because it overcomes the vanishing gradient problem,[111] yet this softplus
variant has the advantage of being twice continuously differentiable.

In previous works, the ML model is usually trained towards the DF'T atomization energy,
as opposed to total energy. This has been shown to accelerate and balance training.[14] The
definition of atomization energy is ambiguous in the case of charged molecules, hence we
select a quadratic function of atomic charge that best fits the DFT energies for the pertinent
charge states of the isolated atom. FEj.[Z,p,r] is then the sum of these energies for each
atom. For lithium and hydrogen atoms found in the molecular applications below, we used
the following quadratic functions as baseline for atomic energies
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Eingraris = 0.0901¢% + 0.1088¢; — 7.4787 (2.9)
Einprats = 0.2471¢2 + 0.2403¢; — 0.4805, (2.10)

where g; is the atomic partial charge for atom ¢, i.e. ¢; = Z; — p; o — pis. This resembles the
intra-atomic term in charge equilibration models. [92]

We also used a simple pairwise Coulomb term to incorporate long-range electrostatics, as
shown in the following equation.

EalZ,p.7] = Ztanh(w)qff‘ (2.11)

J>i K

Parameters k (one each for different element pair types) were trained together with other
parameters in the neural network.
The loss function for the training is

r— Z ZH

atom M atom M
For the model presented below, both v; and v, were set to 1.5. The above sums go over the
training molecules, and F is the position gradient, f is the population gradient, and Nytom, m
represents the number of atoms in molecule M. Adaptive moment solver (Adam)[112] was
used to update the NN weights during training. Our implementation is built up from the
open-source package TensorMol,[14] which takes advantage of the automatic differentiation
scheme of Tensorflow.[113]

ECDFT EML FCDFT FMLH2 ”fAC/JIDFT _ fML H2

+ 72
M

2.12
Natom,M ( )

III Results and Discussion

We here test the performance of our method on Li, H,, clusters of varying size and geometry,
and overall charges of +1, 0, and -1. We chose this for the simplicity of having only two
element types. Lithium hydride clusters have been studied in several theoretical[114-119]
and experimental[120, 121] works, and have implications in various applications including
hydrogen storage.[122-126]

In the calculations below, we employ the descriptor described above, but, as mentioned
above, we modified it so that the total electron population on each atom, rather than the 2
spin populations, is used for the electronic terms.

3.1 Training-data generation and model training

In the training dataset, the cluster sizes vary from from n = 1 to 24, with increments of 3 or
4. We use two basic types of structures from which we obtain more samples: (1) collections of
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relatively widely separated LiH molecules (2-5 A between molecules), and (2) denser Li,H,,
systems with roughly cubic structures with alternating Li and H. We denote the first dataset
as “sparse”, and the second as “non-sparse” from here on.

For the sparse data, structures from DFT geometry-optimization trajectories were used in
the training dataset. For the non-sparse data, structures both from geometry-optimization
trajectories and Ab Initio Molecular Dynamics (AIMD)[127] trajectories were used. The
AIMD simulations used a temperature of 500 K and a time step of 20 a.u. (=~ 0.5 fs).

All structures were generated using overall charge 0, and calculations for the ionized
molecules used the same geometries. During the geometry optimizations, the LiH units in
the sparse structures cluster together in various ways and become less sparse, although they
remain less dense than the non-sparse data. All of these geometries exhibit alternating Li
and H atoms, i.e. no structures with Li clusters nor Hy molecules were obtained. This is
because Li clusters often entail spin polarization, and therefore we reserve the generation
of such structures for future work in which spin populations are used. More details of the
geometries used in the training dataset are included in the Appendix.

All DFT computations were conducted using the QChem|[107] program. The geometry-
optimization trajectories for the sparse data used the B3LYP[128, 129] functional with
D3(BJ) dispersion[130], the AIMD trajectories for the non-sparse data used the wB97X-
DJ[131] functional, and the geometry-optimization trajectories for the non-sparse data used
B3LYP (without dispersion). The reason for the overall use of different functionals is that we
began with wB97X-D, then switched to using B3LYP-D3(BJ) for computational efficiency,
and then encountered some implementational problems with D3(BJ) for Li-Li interactions, so
we finally switched to using B3LYP alone. These variations only occurred for the generation
of structures; for all geometries used in the training and test sets (the latter is described be-
low), we (re-)computed the DFT energy using B3LYP. All DFT calculations in this chapter
used the def2-SVPD basis set.[132]

For the final training set, we selected one per every several geometries from each trajectory,
with an interval of 2 to 7 depending on the trajectory’s length. On each of these geometries,
we computed unconstrained B3LYP solutions for the considered overall charges (41,0,-1),
and for each of these three, we performed 10 separate CDFT calculations. For each of these,
we added a random (uniform distribution from -0.05 to 0.05) charge fluctuation to each
atom’s charge value from the pertinent unconstrained SCF solution, and then computed the
associated CDFT energy, the energy derivatives with respect to atomic positions and atomic
charges (see Appendix for the latter).

The training data (~ 37000 points) were randomly separated to a training (95%) and a
validation set (5%) at the outset, and the validation error provides an estimate on how well
the model is trained. Typically the model reaches its best performance on test sets after
~ 500 epochs of training. The mean absolute error (MAE) on the independent validation set
of the energy is 1.523 kcal/mol per molecule.
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Table 2.1: Energy and charge errors for LisgHog sparse and LigoHgzo non-sparse test sets

MAE charge ~ MAE energy MAE charge ~ MAE energy
(e/atom) (kcal/mol/atom) (e/atom) (kcal /mol/atom)

LiggHsg sparse 0.000 0.188 LizoH3s non-sparse 0.007 0.235
neutral neutral

L129H29. sparse 0.011 0.136 LizoHso DON-Sparse 0.010 0.281
cation cation

L129H29 sparse 0.013 0.121 LigoHazo 1On-Sparse 0.013 0.168
anion anion

3.2 Testing the model

3.2.1 Li29H29 and Li32H32 clusters

We generated two test sets with larger molecules to test the transferability of our model:
non-sparse LigoHzs (41,0,-1 charge) from an AIMD trajectory and sparse LiygHsg (+1,0,-1
charge) from a geometry-optimization trajectory. For those test sets, CDFT calculations
for off-equilibrium charges were not conducted as we focus on comparing the self-consistent
solutions from DFT and the BpopNN model.

As discussed earlier, one advantage of our model is that the populations (i.e. partial
charges at present) can be optimized self-consistently. In other words, the ML-model energies
are optimized with respect to the partial charges. This process is reminiscent of the SCF
procedure in DFT calculations, and we denote this charge optimization procedure as “SCF-
q” in the remaining text. In general, each of these types of SCF can produce more than one
stationary point, i.e. solution. Since our objective is to find counterpart solutions between
DFT and ML and then compare them, we used the actual DFT partial charges as initial
guesses for SCF-q calculations for each geometry in the LisgHsg and LizsHso test sets. Other
initial guesses can be used but this increases the odds of obtaining an SCF-q solution that
does not correspond to the SCF one even when a pair of corresponding solutions exist. Of
course, general and effective initial guess schemes will eventually need to be developed for
the partial charges. The Li partial charges in our systems usually exhibit values between 0.5
and 0.8 (although the actual range covered throughout the whole dataset is —0.31 to 0.99).
It turned out that we obtained the same SCF-q solutions when starting with uniform guesses
of 0.4 for Li charges and -0.4 for H charges as when starting from DFT partial charges,
demonstrating the model’s capability of dealing with general reasonable initial guesses for
partial charges.

In Figure 2.2, we plot a comparison between the SCF-q BpopNN energies (converged
to threshold 10~7 Hartree/e) and the DFT energies for neutral and ionized molecules. The
statistics for energy and charge errors are shown in Table 2.1. For the sparse LisgHgg
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Figure 2.2: Performance on sparse LisgHog and non-sparse LizoHgzo test sets. All energies are in a.u.
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test set (Figure 2.2 (a)), the BpopNN energies are showing close agreement with the DFT
reference energies, with a charge MAE of ~ 0.01 per atom, an energy MAE of ~ 0.15
kcal/mol per atom. Non-sparse LizsHgo (Figure 2.2 (b)) provides a harder test set - there
are more neighbors around each center atom and the Li-H bonds are actively forming and
breaking in the AIMD trajectory, which makes it more challenging for the descriptor. We
still observe a charge MAE of ~ 0.01 and energy MAE of ~ 0.2 kcal /mol per atom for those
cases. There is no obvious deterioration in performance on ionized molecules compared with
neutral molecules.

Figure 2.3 (a) compares the partial charges obtained from DFT and the BpopNN SCF-q
procedure for a random test neutral LizoHgo structure; Figure 2.3 (b) depicts the absolute
partial charge error for the same molecule. There is a good agreement between the two
methods. The atoms on the corner of the molecule are showing slightly larger charge errors
than the atoms on the edge or in the middle.

In addition to the SCF-q procedure, geometries and partial charges can be optimized
simultaneously to a tight convergence (10~7 Hartree/A for geometries and 10~7 Hartree/e
for charges) using a conjugate gradient algorithm for both neutral and ionized molecules.
We adopted the geometry-optimization procedure that DFT uses, i.e. converging SCF-q at
each geometry cycle. In theory there is no need to follow this order, but this method turned
out to be more stable and efficient in practice. The cubic LizsHso structures were optimized
using BpopNN separately for cation, neutral, anion, and compared with the DFT optimized
geometries. Figure 2.4 shows the superposition of BpopNN and DFT optimized neutral
LigoHgo structures. The equilibrium geometries were successfully predicted with a root mean
square displacement (RMSD) of 0.0522 A, 0.0958 A, 0.0516 A for neutral, cation, and anion,
respectively, compared to the true DFT geometries. The superpositions and RMSD values
were obtained with Maestro.[133] The final absolute DFT and BpopNN energies are compared
in Table 2.2, along with the DFT and BpopNN predicted adiabatic ionization potential (IP)
and electron affinity (EA) values. The predicted IP and EA are showing qualitative agreement
with DFT (0.167 eV and 0.278 eV error for IP and EA respectively), although they are not
highly accurate. These errors are fairly reasonable considering the size of the trial molecule
(64 atoms) we are testing on, and the fact that B3LYP functional has 0.15 to 0.18 eV and
0.11 to 0.16 eV mean absolute deviations for IP and EA respectively for atoms and small
main group molecules. [134]

To make a preliminary comparison to existing ML methods, we used our training set
and the QUIP software package[135] to obtain a few variations of Gaussian approximation
potential (GAP) models,[30] differing e.g. in the cutoffs and auxiliary potentials employed
(see Appendix Sec. 5.4). It is necessary to train separate GAP models for cation, anion,
and neutral. For this, only our training data for equilibrium (i.e., regular SCF) energies are
applicable, which amounts to ~ 1100 data points (for each overall charge). For neutral and
anion, the GAP energy errors for the sparse (LisgHog) and nonsparse (LizaHso) geometries are
comparable to those of our model, while for cation, the GAP energy errors are significantly
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Figure 2.4: Geometry optimization on a cubic LizgasHso structure

Table 2.2: Energy statistics for a cubic LizoH3zo after geometry optimization

DFT energy BpopNN energy Energy Error

(Hartree) (Hartree) (kcal/mol/atom)
Neutral -260.956 -260.967 0.106
Cation -206.711 -260.716 0.046
Anion -260.962 -260.983 0.206
DFT (eV) BpopNN (eV)
IP 6.656 6.823
EA 0.172 0.450

larger. As to the latter result, we note that the cation-neutral energy gaps (from DFT or ML)
are generally significantly larger than the corresponding neutral-anion gaps, and as shown
in Figure 2.9, the distribution of DFT cation energies in the training set is noticeably less
uniform than in the other cases. The GAP optimized geometries for the 3 charge states of
LigoH3o are less accurate than those of BpopNN in both energy and structure. Details for
the above results are given in the Appendix Sec. 5.4.

3.2.2 Reaction Pathways

As another practical application of our model, we sketched the energy landscape of various
structural transformations for neutral and anionic Li;sHis. Diverse stationary-point struc-
tures were found for this system, ranging from cuboid structures to hexagonal structures
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Figure 2.5: Energy profile for various structural transformations for neutral LijoHjs. Superpositions and
RMSD values were obtained with Maestro.[133]

to structures with fused 6-4-6 membered rings, etc. Although some motifs can be seen in
a couple of optimized geometries in the training, these structures are overall distinct from
the structures found in the training set. This provides an assessment of how well the model
can perform in mapping out energetics for realistic reaction pathways. The resulting energy
profile for neutral LijsHqo structures is shown in Figure 2.5 and for anion LijsHis in Figure
2.6. All structures shown were individually optimized, e.g. the DFT neutral and anionic
structures are distinct.

The energies of Struct 1 from DFT and BpopNN were separately used as baselines,
so that only the energy difference between structures is shown. The difference in energy
between baseline structures for neutral relative to anion is 9.17 kcal/mol and 10.20 kcal/mol,
respectively for DFT and BpopNN. All the minimum structures and the transition states
(T'Ss) connecting them were obtained independently for DFT and BpopNN. Newton’s method
was used in the BpopNN to converge the TSs (to geometry gradient threshold 10~7 Hartree/ A
and charge gradient threshold 10~ Hartree/e) and the presence of one imaginary frequency
was confirmed for all cases. The pathways from TSs to minimum structures in BpopNN were
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Figure 2.6: Energy profile for various structural transformations for anion Li;oHps. Superpositions and
RMSD values were obtained with Maestro.[133]

confirmed by a steepest descent algorithm with a small step size. All the DFT TSs were
confirmed with one imaginary mode as well and pathways confirmed by Intrinsic Reaction
Coordinate (IRC) calculations. In general, the BpopNN geometries show close agreement
with DFT geometries (RMSD values are shown in the table inside each figure). Energies
for equilibrium structures are qualitatively good, although some deviations (2 to 3 kcal/mol)
can be seen for Struct 7 and anion Struct 3. Reaction barriers are showing qualitative
agreement as well, although there are cases with noticable quantitative error (neutral Struct
3 & TS 3 < Struct 4, neutral Struct 3 <+ TS 6 < Struct 7, anion Struct 2 < TS
2 ¢ Struct 3). Some caution needs to be exercised if one were to predict the lowest
energy structure from ML models, especially when the energy range is extremely small (See
anion Struct 1 vs Struct 7). At the very least, however, it is helpful to take advantage of
the computational speed of the NN and map out the whole transformation picture prior to
refinement with full electronic structure calculations.
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Figure 2.7: A charge separation example for neutral Li;sH;s

3.2.3 Long-range environmental effects

Finally, we would like to demonstrate the importance of optimizing the electronic components
self-consistently. Namely, we consider a model system that exhibits significant long-range
charge effects. Consider a neutral LijsH;5 cluster, which is the side-by-side interaction of two
sheets, one LigH; (“A”) and one Li;Hg (“B”) as shown in Figure 2.7. The two sheets are
separated by 6.52 A (“AB(6.5)") or 14.02 A (“AB(14)”). The first distance is beyond the
cutoff used by other common local position-only descriptors and the second one is even beyond
the long cutoff distance used in this work. For B3LYP, both inter-sheet distances exhibit
nearly full charge separation: the left sheet (A) bearing +1 charge and the right sheet (B)
bearing -1 charge. We note that a ML model based merely on local position-only descriptors
will not succeed for this system. In that case, for AB(14), monomer A doesn’t “see” monomer
B, so its predicted energy would mirror that for an isolated neutral A monomer, and likewise
for B. The predicted atom charges and the intra-monomer energies would be incorrect, and
the inter-monomer energy, which is largely electrostatic, would nearly be missed entirely.
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Table 2.3: A charge separation example for neutral Li;sHis

DFT energy BpopNN energy Absolute error
(Hartree) (Hartree) (kcal /mol)
AB(6.5) -121.524¢ -121.534 6.232
AB(14) -121.506¢ -121.525 11.801
AB(1000) -121.489¢ -121.515 16.286
A -64.213 -64.224 7.213
B -57.241 -57.254 8.403
AT -64.110 -64.112 1.210
B~ -57.372 -57.360 7.584
DFT (kcal/mol) BpopNN (kecal/mol)
AB(6.5) BE® -44.143 -34.760
AB(14) BE -33.168 -29.345
DFT (e) BpopNN (e)
q(A)¢ in AB(6.5) 0.993 0.729
q(A) in AB(14) 0.979 0.681
q(A) in AB(1000) 0.683 0.609

@ For CT solutions.

There exist DFT “neutral-neutral” solutions, with energies of -

121.4542 and -121.4536 respectively for AB(6.5) and AB(14). This is very close to the sum

of the energies of A and B.
’ Binding Energy.
¢ sum of partial charges on A atoms.
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As shown in Table 2.3, this problem can be solved qualitatively by incorporating self-
consistent electronic information: our model can predict the charge separation and qualita-
tively correct binding energies, although there were no direct scenarios of this kind in our
training data.

At extremely large A-B separation, AB(1000), both DET and BpopNN exhibit a partially
ionized state. For DFT, this stems from the well-known “self interaction” error (also called
“delocalization error”), and this kind of result is also expected of BpopNN. For AB(6.5) and
AB(14), BpopNN shows increased A-B charge separation relative to infinite separation. The
principal driving force for this, and the only one for AB(14), is the electrostatic attraction
between AT and B~. In other words, the long-range environment is the sole reason for
increased charge separation in BpopNN in this case, which explicitly establishes that the
model is adaptable to the environment.

The sum of BpopNN energies for AT and B~ is -121.4718 a.u., which actually is slightly
above the sum of BpopNN energies for A and B, -121.4785 a.u. The situation is opposite for
DFT, which may partially explain the increased A-B charge separation for DFT for AB(6.5)
and AB(14).

IV  Conclusions

In this chapter, we have highlighted the importance of incorporating adaptable electronic
information into ML models of PESs. For this, we presented a new general approach for
building ML models whose target function is a DFT populations-to-energy map, afforded
in practice by CDFT. Such models are functions of atom positions and atom-based electron
populations; optimization with respect to the latter variables allows for self-consistent ad-
justment to the electronic environment, akin to optimizing the density in DFT. This leads
to features analogous to regular orbital or density based SCF: solutions for different overall
charge states; solutions with different character (e.g. CT and non CT); spin polarized versus
not, etc. In this sense, we view this as a reduced or simplified electronic structure approach.
As a byproduct, this model can be used as a high-quality charge equilibration scheme, i.e.
partial charges of this model can also be used by themselves to infer molecular properties,
e.g. determining nucleophilic and electrophilic sites.

As a proof of concept for this approach, we trained a BpopNN model for Li,H,, systems.
For this, we simplified the target-energy map to use only total electron populations on each
atom, as opposed to the two spin populations. Subsequent testing on a variety of Li,H,
examples confirmed that the model exhibits qualitative accuracy for the energy of different
overall charge states, a flexible reduced electronic structure whose populations are generally
close to those of the parent DFT functional and that can adapt to the (particularly medium
to long-range) environment, and transferabilty to clusters of different sizes. We conclude
that BpopNN is a positive first step towards addressing some outstanding challenges for ML
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models, namely the handling of systems with electronic structure that is sensitive to the
surrounding environment.

This first application was designed for qualitative testing and it has several aspects that
can explain various inaccuracies and that are ready for refinement in future work. Although
partial charges are in principle adequate as a basis for the BpopNN approach, spin populations
will need to be incorporated in practice to effectively model the intricacies of the CDFT map.
In this context, it should then be noted that the reduction of the density to atom-based
populations is the furthest one can reasonably go; clearly less drastic reductions should also
be explored, and perhaps a useful hierarchy for this can be established.

Improvements in the descriptor can be made. Our descriptor is based on the ESP gener-
ated by the model’s populations as point charges, and it uses simple Gaussian functions to
approximate the ESP for each point. We could better approximate these ESPs or incorporate
them exactly. It would be particularly interesting to combine the ideas of this chapter with
those of LODE:[33] instead of using point charges to generate the ESP, proxy densities, now
integrating to the current populations on each atom, could be used to generate ESPs.

The fact that BpopNN models attempt to model DFT partial charges is advantageous for
the incorporation of long-range electrostatic interactions. The simple approach used here,
based on attenuated pairwise point-charge Coulomb interactions, would clearly benefit from
refinements to more reasonably approximate the local morphology of the interacting density
pieces.

Experimenting with the choice of ML architecture would be worthwhile, and especially
experimenting with the NN depth. Of course, this would require a larger training dataset.
The dataset used here is on the smaller side, so enlarging this is a focal point for future work.
There is also the plausibility that our dataset is insufficiently balanced. More specifically,
it only contains alternating Li-H clusters and cannot be reasonably applied to clusters with
distinguishable Li,, and (Hs), substructures, its geometries were obtained from trajectories
using only the neutral charge state, and generally our sampling method of particular AIMD
and optimization trajectories might not be varied enough. In the future we will explore more
efficient and balanced sampling methods, such as normal mode sampling.

In the future, we are primarily interested in moving beyond the LiH-cluster scope to
more general Li-organic systems. This significant increase in complexity should entail many
adjustments to the general approach presented above, and will serve as a firm test of its
efficacy.
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V Appendix

5.1 Population gradient of CDFT energy

In the present context, the CDFT Lagrangian takes the following form:

]\fatom*1
Leprr = B+ Y 0 Xio(pio(p) — cio), (2.13)
o =1

where v is the density matrix, the )\, , are Lagrange multipliers, the p; ,(p) are the functions
defined in eqn. (2.2), and the ¢; , are the target values of the constraints. For each spin, the
sum excludes one atom because the value of this last variable is implied by the usual condition
that the density integrates to the total number of electrons of that spin. An equivalent result
is obtained if a different atom is the one excluded from the sum, although of course the
A; and ¢; will adjust accordingly. This Lagrangian also formally applies to cases in which
fewer population constraints are used. In that case, we simply set the ¢; for any technically
unconstrained population to its relaxed value, and the associated A; is 0.

Optimizing Loppr with respect to the orbitals (i.e. 7) and the Lagrange multipliers gives
the CDFT energy, Ecprr[{ci»}]. At a stationary point of Leppr, we may apply the “enve-

lope” theorem to obtain
OEcprr _ JLcprr — A (2.14)
8cw 8cw ’

The target energy function E;[p] is essentially the same as Ecppr[{ci,}] except that it
is a function of all 2N,,m population variables. So we have to do a transformation between
variables. Again excluding the last atom, we can fix all ¢;, but one, ¢;,, and then vary
¢jo. Upon (re-)optimizing Loppr for this new set of constraints, p;, changes identically
as ¢j, does, and pn,,..» changes by the opposite amount, while all other populations are
unchanged. Denoting the direction corresponding to this overall change in populations by
e; ., we thus have

VE|p|-€io=—F""=—Nio- (2.15)

The vectors e;, are (most of) the columns of a block diagonal matrix W with two Natom
by Natom blocks, one for each spin type. That is, W = W, & W, with

1 0 0 1
0 1 ... 0 1
We=1|1: =+ ..+ if. (2.16)
0 0 1 1
-1 -1 —1 1_
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The last column in W corresponds to the fully symmetric direction of changing all pop-
ulations (of one spin type) by the same amount. Because the total numbers of each spin are
constant, the component of VFE; along this direction is 0. We thus have

VE,-W =v, (2.17)

where the latter vector contains the —\; along with two 0’s for the symmetric directions:

—)\Z‘7oé ifi < Natom
0 if 7 = Natom
v, = o Hatom . (2.18)
_)‘i*Natom,ﬁ if Natom <1< 2Natom
0 if © = 2Natom

By inverting W we readily obtain V E;[p] (in the regular population basis).
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5.2 Details on training data
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Figure 2.8: Example geometries of the training data

In Figure 2.9, we show a plot of the distribution of DFT energies for the training data.
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Figure 2.9: DFT energy per atom plot for the neutral, cation, anion training set. To aid visibility, the data
has been slightly shifted horizontally.
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5.3 Statistics for NN models with shorter cutoff

Table 2.4: Comparison across NN models with different radial cutoff distances for LisgHsg sparse test set

MAE charge MAE energy MAE charge MAE energy MAE charge MAE energy
(e/atom)  (kcal/mol/atom) | (e/atom)  (kcal/mol/atom) | (e/atom)  (kcal/mol/atom)

NN-1° NN-2° NN-3° \
LisgHgg neutral 0.009 0.112 0.009 0.181 0.011 0.129
LisgHygg cation 0.012 0.100 0.013 0.148 0.012 0.086
LiggHsg anion 0.018 0.148 0.017 0.138 0.017 0.075

NN-41 NN-5° NN-6" \
LisgHgg neutral 0.009 0.172 0.009 0.144 0.011 0.207
LiggHyy cation 0.011 0.144 0.011 0.103 0.013 0.181
LigsgHsg anion 0.030 0.136 0.016 0.094 0.018 0.094

NN-78 NN-g" NN-9° \
LisgHag neutral 0.009 0.083 0.010 0.251 0.009 0.105
LiggHyg cation 0.011 0.151 0.011 0.177 0.011 0.084
LiggHag anion 0.016 0.161 0.050 0.156 0.017 0.148

2 NN-1: Cutoff 5 A, evenly spacing radial grid of 32 grid points between 0.5 A and 5 A.
b NN-2: Cutoff 6 A, evenly spacing radial grid of 32 grid points between 0.5 A and 6 A.
¢ NN-3: Cutoff 8 A, evenly spacing radial grid of 32 grid points between 0.5 A and 8 A.
evenly spacing radial grid of 32 grid points between 0.5 A and 5 A.
evenly spacing radial grid of 32 grid points between 0.5 A and 6 A.
evenly spacing radial grid of 32 grid points between 0.5 A and 7 A.
evenly spacing radial grid of 25 grid points between 0.5 A and 5 A.
evenly spacing radial grid of 25 grid points between 0.5 A and 6 A.
evenly spacing radial grid of 25 grid points between 0.5 A and 7 A.

d NN-4: Cutoff 13.2 A,
¢ NN-5: Cutoff 13.2 A,
f NN-6: Cutoff 13.2 A,
& NN-7: Cutoff 13.2 A,
" NN-8: Cutoff 13.2 A,
i NN-9: Cutoff 13.2 A,
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Table 2.5: Comparison across NN models with different radial cutoff distances for LizoHse non-sparse test

set (Models are the same as those in Table 2.4)

MAE charge MAE energy MAE charge MAE energy MAE charge MAE energy
(e/atom)  (kcal/mol/atom) | (e/atom)  (kcal/mol/atom) | (e/atom)  (kcal/mol/atom)
NN-1 NN-2 NN-3
LigoHgo neutral 0.006 0.152 0.007 0.118 0.008 0.186
LisHs, cation 0.010 0.105 0.010 0.145 0.011 0.149
LizaHgo anion 0.012 0.210 0.014 0.221 0.014 0.173
NN-4 NN-5 NN-6
LizoHso neutral 0.007 0.218 0.007 0.163 0.008 0.299
LizpHgo cation 0.010 0.124 0.011 0.170 0.011 0.209
LizpHjo anion 0.014 0.173 0.013 0.210 0.043 0.203
NN-7 NN-8 NN-9
LizpHso neutral 0.006 0.099 0.007 0.244 0.007 0.162
LizoH3s cation 0.010 0.160 0.011 0.134 0.011 0.153
LizyHjo anion 0.013 0.156 0.013 0.213 0.014 0.166

Table 2.6: Energy statistics for a cubic LigoHgo after geometry optimization (Models are the same as those

in Table 2.4)

DFT (a.u.) NN-1 (a.u.) NN-2 (a.u.) NN-3 (a.u.) NN-4 (a.u.) NN-5 (a.u.)
Neutral  -260.956 -260.964 -260.967 -260.924 -260.948 -260.960
Cation -206.711 -260.728 -260.782 -260.806 -260.721 -260.697
Anion -260.962 -260.991 -260.983 -260.984 -260.983 -260.998
NN-6 (a.u.) NN-7 (a.u.) NN-8 (a.u.) NN-9 (a.u.) Our best model (a.u.)*
Neutral  -260.946 -260.946 -260.929 -260.949 -260.967
Cation -260.683 -260.713 -260.699 -260.691 -260.716
Anion -260.975 -260.963 -260.930 -260.967 -260.983
DFT (eV) NN-1 (eV) NN-2 (eV) NN-3 (eV) NN-1 (V) NN-5 (V)
IP 6.656 6.427 5.038 3.226 6.181 7177
EA 0.172 0.732 0.431 1.615 0.937 1.011
NN-6 (eV) NN-7 (eV) NN-8 (eV) NN-9 (eV) Our best model (eV)*
IP 7.172 6.324 6.262 7.000 6.823
EA 0.788 0.477 0.009 0.501 0.450

# The BpopNN model used in the main text.

Note that significant deviations from the DFT geometries were observed for the following
combinations: NN-2 LisoHso cation, NN-3 LigsH3s cation and neutral .

93



Chapter 2

5.4 Performance of the GAP models on the current test set

Table 2.7: Performance of GAP models (trained with unique geometries with equilibrium charges, more
details below) on the LisgHag sparse and LizsHszs non-sparse test sets (energy MAE in keal/mol/atom).

GAP-1* | GAP-2° | GAP-3¢ | GAP-49 | GAP-5°
LisgHog sparse neutral 0.277 0.253 0.467 0.323 1.864
LisgHog sparse cation 2.777 2.778 2.909 2.910 2.929
LisgHog sparse anion 0.473 0.439 0.466 0.479 1.934

LizoHj3o non-sparse neutral | 0.254 0.438 0.315 0.272 1.438

LissHso non-sparse cation 4.963 4.266 1.117 1.014 1.150
LizpoH3o non-sparse anion 0.400 0.430 0.285 0.284 1.516
2 GAP-1: Using 2 and 3-body and SOAP potential.[30] This is showing much
better result than training with SOAP alone.
b GAP-2: Using 2 and 3-body and SOAP potential trained with both energy
and nuclear position forces.
¢ GAP-3: Using 2-body and SOAP potential.
4 GAP-4: Using 2-body and SOAP potential trained with both energy and

nuclear position forces.
¢ GAP-5: Using SOAP potential with long cutoff (13.2 A).

Table 2.8: Performance of GAP models on LizgsH3o geometry optimizations. Absolute energies are shown for
the optimized geometries in each force field.

DFT Our best model * | GAP-1 | GAP-2 | GAP-3 | GAP-4 | GAP-5

Neutral Absolute Energy | o50 0561 | 960067 | -261.131 | -261.103 | -260.992 | -261.284 | N/A®
(Hartree)

Cation Absolute Energy | _oq) 71 -260.716 N/AP | NJAb | -276.864 | N/AP | N/Ab
(Hartree)

Anion Absolute Energy | o 6o -260.983 -261.446 | -261.078 | -260.980 | -260.980 | N/AP
(Hartree)

# The BpopNN model used in the main text.
> Unable to converge using BFGS line search algorithm in the ase package.[136]

The GAP models were trained with the QUIP code. [135] Details of the GAP model can
be found in the literature.[30] Other parameters we used to train the GAP models are listed
in the following command lines. The value of those parameters were determined by a rough
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grid search, and the ones showing the best performance on the LisggHog and LigsHso test set
were used. Note that for the geometry optimizations on the LisysH3zo molecules, we found it
necessary to use the DFT optimized geometries as the initial guess (unlike in the case of our
model). Out of all the GAP models, GAP-3 gave reasonable geometries for LizaHss neutral,
LigsH3o anion compared with the DFT optimized geometries, with RMSD values of 0.0804
A and 0.0798 A respectively.

Below are the command lines we used to train the GAP models for the neutral training
set. For training the cation and anion sets, a simple change to the corresponding xyz files
can be made.

GAP-1:

$ gap_fit at_file=LiH_all_training data_neutral_equilibrium.xyz gap={
distance_Nb order=2 cutoff=5.0 covariance_type=ARD_SE theta_uniform=1.0
n_sparse=15 delta=1.0: distance_Nb order=3 cutoff=4.0 covariance_type=
ARD_SE theta_uniform=1.0 n_sparse=50 delta=0.004: soap cutoff=4.0
covariance_type=dot_product zeta=2 delta=0.016 atom_sigma=0.7 1l_max=6
n_max=6 n_sparse=200 sparse_method=cur_points} e0={Li:-203.67672091316:
H:-13.63995354104} default_sigma={0.001 0.5 0.0 0.0} do_copy_at_file=F
sparse_separate_file=F gp_file=LiH_neutral_equi_gap_2b3bsoap.xml 2>&1 |
grep -v FoX

GAP-2:

$ gap_fit at_file=LiH_all_training_data_neutral_equilibrium.xyz gap={
distance_Nb order=2 cutoff=5.0 covariance_type=ARD_SE theta_uniform=1.0
n_sparse=15 delta=1.0: distance_Nb order=3 cutoff=4.0 covariance_type=
ARD_SE theta_uniform=1.0 n_sparse=50 delta=0.004: soap cutoff=4.0
covariance_type=dot_product zeta=2 delta=0.016 atom_sigma=0.7 1_max=6
n_max=6 n_sparse=200 sparse_method=cur_points} e0={Li:-203.67672091316:
H:-13.63995354104} default_sigma={0.001 0.5 0.0 0.0} do_copy_at_file=F
sparse_separate_file=F force_parameter_name=forces gp_file=
LiH_neutral_equi_gap_2b3bsoap_w_forces.xml 2>&1 | grep -v FoX

GAP-3:

$ gap_fit at_file=LiH_all_training data_neutral_equilibrium.xyz gap={
distance_Nb order=2 cutoff=5.0 covariance_type=ARD_SE theta_uniform=1.0
n_sparse=15 delta=1.0: soap cutoff=4.0 covariance_type=dot_product
zeta=2 delta=0.016 atom_sigma=0.7 1l_max=6 n_max=6 n_sparse=200
sparse_method=cur_points} e0={Li:-203.67672091316:H:-13.63995354104}
default_sigma={0.001 0.5 0.0 0.0} do_copy_at_file=F
sparse_separate_file=F gp_file=LiH_neutral_equi_gap_2bsoap.xml 2>&1 |
grep -v FoX &
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GAP-4:

$ gap_fit at_file=LiH_all_training_data_neutral_equilibrium.xyz gap={
distance_Nb order=2 cutoff=5.0 covariance_type=ARD_SE theta_uniform=1.0
n_sparse=15 delta=1.0: soap cutoff=4.0 covariance_type=dot_product
zeta=2 delta=0.016 atom_sigma=0.7 1l_max=6 n_max=6 n_sparse=200
sparse_method=cur_points} e0={Li:-203.67672091316:H:-13.63995354104%}
default_sigma={0.001 0.5 0.0 0.0} do_copy_at_file=F
sparse_separate_file=F force_parameter_name=forces gp_file=
LiH_neutral_equi_gap_2bsoap_w_forces.xml 2>&1 | grep -v FoX &

GAP-5:

$ gap_fit at_file=LiH_all_training data_neutral_equilibrium.xyz gap={ soap
cutoff=13.2 covariance_type=dot_product zeta=2 delta=0.001 atom_sigma
=0.7 1l_max=6 n_max=30 n_sparse=400 sparse_method=cur_points} eO={Li
:-203.67672091316:H:-13.63995354104} default_sigma={0.001 0.5 0.0 0.0}
do_copy_at_file=F sparse_separate_file=F gp_file=
LiH_neutral_equi_gap_soap_cutoff_13dot2.xml 2>&1 | grep -v FoX &
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I Introduction

In recent years, there has been a rise in interest in extending ML potentials beyond closed-
shell, well-behaved organic molecules or homogeneous materials. One important realization
is the limitations of local descriptors based on atomic positions: they are not directly suitable
for describing long-range electronic interactions because only local geometrical information
is encoded.

Resolutions to this problem more or less rely on deriving the appropriate partial charges
or spins for a given total charge or spin state for a molecule, thereafter long-range electrostat-
ics can be computed through Coulomb’s law and added on to the ML-predicted short-range
energies. Prominent examples include the charge equilibration via neural network technique
(CENT) method[1-3], where the optimal charge distribution is determined by minimizing a
quadratic energy expression of atomic charges, parametrized by the atomic electronegativities
and chemical hardness. The intuition is, compared with atomic charges, atomic electronega-
tivities are “local” properties that can be predicted from local descriptors. SpookyNet[4] and
a variation of AIMNet[5] directly predict the atomic partial charges and partial spins for a
given total charge/spin multiplicity through an attention mechanism|6] or a message passing
procedure. All the above methods can be expected to reliably reach the desired ground state
(GS) when the electronic character of the GS within each total charge/spin multiplicity is
similar across the chemical compound space of the training set and when the GS is well sep-
arated in energy from other SCF solutions or excited states (ES). Reasonable accuracy has
been achieved for charged organic molecules, |2, 5] ionic clusters (NaCl clusters), [1, 2]metal
clusters (Ags),[2, 4] singlet and triplet carbenes[4] and one example of periodic system (Auy
cluster on the MgO(001) surface).[2, 4]

However, complications arise when one wishes to apply such models to molecular systems
with multiple low-lying SCF solutions, e.g., metal-containing organic complexes. For this
kind of system, two or more low-lying SCF solutions are bundled in narrow spectral ranges,
mixing their electronic characters and exchanging their order in response to small nuclear dis-
placements. In these scenarios, standard SCF algorithms in DFT calculations, e.g., DIIS,[7,
8] GDM,[9] do not guarantee to converge to the GS (it also depends on the initial guesses);
instead, several SCF solutions need to be manually obtained to determine which one is the
true GS. Suppose one were to train an ML potential on this type of system, i.e. rapid change
in the electronic structure for the GS when the geometry does not change appreciably. In
that case, it is unclear how the ML model can bypass all the complexities that DFT faces
(especially near the state-crossing region), and “directly” map the nuclear positions, total
charge, and spin to the true GS.

Such systems are ubiquitous, especially seen in the electrochemical reaction cascades
in battery environments, responsible for the ion-pair formation, the salt decomposition in
the electrolyte solutions, and the formation of the solid-electrolyte interphase (SEI) on the
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anode surface. For instance, one would be interested to know whether metal ions or organic
electrolytes/anions preferentially uptake an electron under reductive conditions. In the case
of LIB, the former is relevant to the formation of Li dendrite and the latter is responsible for
the formation of a variety of organic SEI components, e.g. LEDC,[10-14] LEMC,[15] etc.;
in Mg-ion batteries (MIB), it is shown that Mg-salt is prone to the ion-pair formation and
Mg**, but not TFSI™, is more likely to reduce first in the Mg*  TFSI~ complex to facilitate
subsequent salt decomposition reactions. [16]

Both the CENT method and methods based on graph neural networks (GNN) can only
obtain one “SCF” solution: the former approach relies on minimizing a convex target en-
ergy function of atomic charges which only has one minimum solution, and the latter method
only outputs one set of atomic charges/spins by construction. The BpopNN method (chapter
2), on the other hand, encodes the atomic populations into the descriptor, and a full self-
consistent procedure (through the variational principle, i.e., minimizing the total energy)
within the ML framework is used to derive the total energy and the atomic populations. In
this approach, unlike the CENT method, not only the long-range electrostatics, but the short-
range atomic energies are also dependent on the atomic populations, i.e., the whole procedure
is self-consistent. In GNN-based approaches, since different independent spin/charge embed-
dings are employed for different total charges/spins, little physical information is exchanged
between molecules with different total charges/spins. Theoretically, there is no problem with
constructing a separate ML PES for each electronic state, given that the electronic character
of each state is known beforehand; this is the case for many existing ML models for ES[17-
25]. Still, these ML models for ES are usually restricted to certain molecules or materials;
it is challenging to transfer the knowledge about different states across chemical compound
space. Ideally, geometrical and electronic information should be unified seamlessly and one
ML model capable of describing multiple electronic states across chemical compound space
should be trained.

BpopNN can model multiple SCF solutions by construction; thus it is capable of model-
ing excited states where the electronic character or the distribution of the electron density
undergoes significant change upon excitation, e.g., charge transfer (CT) excitations. CT ex-
cited states are relevant in many photophysical phenomena observed in organic photovoltaics,
such as aggregation-induced emission (AIE) [26] and thermally activated delayed fluorescence
(TADF). [27, 28] Although time-dependent DFT (TDDFT) is a popular choice for model-
ing ES energies and properties, it has severe shortcomings in modeling ES whose density
is significantly different from that of the GS:[29] this includes long-range CT, core-valence
excitations[30] and double excitations. [31] Orbital optimized DFT, i.e. ASCF, [29, 32] is
a complementary method for TDDFT that yields more accurate excitation energies for CT
excitations. BpopNN can be naturally applied for ASCF calculations, representing a novel
approach for modeling ES with ML potentials.

In this chapter, we build on the BpopNN method developed in chapter 2 and extend
it to include spin populations. We test the model on the challenging Li-organic systems
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and show that the model can predict adiabatic IPs and EAs in reasonable agreement with
DFT. Adiabatic IPs and EAs represent useful design metrics for developing novel, redox-
stable electrolytes. We further demonstrate that BpopNN can model CT excited states by
obtaining multiple equilibrium charge/spin solutions within the model.

II Methods

We adopted the same method as described in the BpopNN work (chapter 2), [33] except for
some slight modifications. In a nutshell, inspired by the Levy constrained search approach
in DFT, we use ML to model a well-defined function, the lowest energy achievable with
the atomic populations constrained to specific values. In practice, the training data can be
obtained from constrained DFT (CDFT), [34-36] which allows us to compute the energy for
any given set of population values. Here we used the Becke population scheme.[37] Once the
model is trained, a self-consistent procedure can be used (as in DFT) to derive the optimal
charge and spin populations for each atom in the molecule.
Our model energy function can be written as

Eui =YY _ €Di(Z,p. 7|l + Bl Z,p, 7] + Ea[Z,p, 7], (3.1)

noi€A,

where €, represents the output from the atomic neural network for the element p, and this
function is applied to the descriptor for atom i; A, is the set of atom indices corresponding
to element u; Z, r, and p contain the atomic numbers, coordinates, and atomic populations,
respectively, for the entire molecule.

Here we used the following baseline terms for atomic energies. These are quadratic func-
tions of atomic charge and spin that best fit the DFT energies for the pertinent charge and
spin states of the isolated atom. And Eiya[Z, p, 7] is then the sum of these energies for each
atom. For C, H, O, and Li atoms found in the molecular applications below, we used the
following functions

Eintra,ci = 0.1982¢% 4 0.1982s? + 0.2243¢; — 37.7984 (3.2)
Bintrani = 0.2586¢7 + 0.2586s7 + 0.2433¢; — 0.5018 (3.3)
Bintra.04 = 0.2271¢7 + 0.2271s7 + 0.2841¢q; — 74.9828 (3.4)
Eintrarii = 0.0886¢7 + 0.08865s7 + 0.1053¢; — 7.4832, (3.5)

where ¢; is the atomic partial charge for atom i, i.e. ¢; = Z; — p; o — pip and s; is the atomic
partial spin for atom ¢, i.e. s; = p; o — p; 3. This resembles the intra-atomic term in charge
equilibration models. [1]
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The Eq[Z,p,r| term represents a simple pairwise Coulomb term for incorporating long-
range electrostatics, as shown in the following equation.

EalZ,p,r| = Ztanh(ﬁrij)q;?j (3.6)

j>i K

Parameters k (one each for different element pair types) were trained together with other
parameters in the neural network.

The atomistic descriptor employed is similar to the one used in the previous BpopNN
model, [33], but spin populations are also incorporated as input variables besides the total
populations. The descriptor is a variant of SOAP, [38] where the proxy Gaussian densities
on each atom are modified to describe the ESPs from the nuclei, total populations, and spin
populations. Specifically, the proxy density takes the following form

p,u, Z XzBeXp ’I‘ - rz| >’ (37)
€A,

where ¢ is either v (for nuclear), p, or s corresponding to the total population or spin popu-
lation, and thus x¥ = Z;, x¥ = p;, and x§ = s;. Here we used B = 1.128 and v = 0.171, and
r is in the unit Bohr radius, and these values were determined by fitting a single Gaussian
function to the 1/r term in the ESPs. Technically we could choose to use the o populations
and [ populations instead of the total populations and spin populations; however, the latter
performed better in practice.

Projecting this set of proxy densities onto spherical harmonics, we have

plh Z Zczlm lm f (38)

i€A, Im

which has an analytical solution following previous works:[38, 39|

t

im (1) = 4mX; B exp [=y(r® + 1))|u(2yrr) Yy, (£:), (3.9)

where * denotes complex conjugation and ¢; are the modified spherical Bessel functions of
the first kind. Summing over pertinent atoms and self-contracting over m of the resulting
sum gives the atomistic descriptor pZ;t, which ensures the rotational invariance.

ce(r) = chpu(r), (3.10)

i€A,

C

pnl Z ”Cnlm (311)

m=—1

73



Chapter 3

We note that instead of projecting cﬁﬁn onto some radial basis functions, we choose to
evaluate it on a simple linear radial grid between 0.5 and 6.0 A.

The power spectrum is then split into different element channels, and a different neural
network is employed to infer the atomic energies for each element type. A radial cutoff
of 6.0 A was used below in computing the descriptor, i.e., atom pairs beyond this cutoff
were neglected. We employ separate neural networks for different element types, and for
the applications below, each element network contains two hidden layers with 100 neurons
in each layer. Nonlinearities were introduced using a modified softplus activation function
In (1 + exp (100z))/100.

The loss function for the training is

FCDFT flC
- EEI §£:|| j£:|

atom M atom M Natom M

€257 — £23)?
o>

For the model presented below, both v; and v, were set to 5.0. The above sums go over the
training molecules, and F' is the position gradient, f1 is the total population gradient, f2 is
the spin population gradient, and Nom as represents the number of atoms in molecule M.
Adaptive moment solver (Adam)[40] was used to update the NN weights during training.

ECDFT EML FML||2 DFT flML||2

(3.12)

atom M

III Results and Discussion

3.1 Training-data generation and model training

We apply the BpopNN model to Li organic systems, consisting of element types C, H, O,
and Li. The interaction between lithium and organic molecules is of interest, especially in
the context of LIB, where organic electrolytes are typically employed. Figure 3.1 shows a
representative set of training data.

The organic molecules used in training are taken from the ANI-1 dataset,[41] containing
small organic molecules of up to 8 heavy atoms. Molecules with elements C, H, and O are
selected, and either one or two Li are “placed” around the molecule, deleting H atoms as
needed. Specifically, if the organic molecule consists of any oxygen atoms, the Li atoms
are more likely to stay around those atoms as they have higher electronegativities; thus a
random O is chosen, around which Li is placed. If the oxygen belongs to an ethereal or
carbonyl oxygen type, Li is placed in a straightforward way; however, if the oxygen is part
of a hydroxy group, a hydrogen atom that is bound to the oxygen is replaced with Li. If no
oxygen atom is present in the molecule, a random carbon is selected, and one H atom that is
attached to the C atom is replaced with a Li. Although not strictly thorough, this procedure
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Figure 3.1: A representative set of training molecules.

covers various interactions between organic molecules and Li, as illustrated in Figure 3.3(a).
Note that in the case of Li interacting with a carbonyl oxygen, if the total charge of the
molecule is 0, two types of scenarios typically exist: (1) Li is Li* in character, and the
organic part is bearing a minus charge, (2) Li is Li- in character and the organic molecule
is neutral. We obtained 13224 unique molecules in total through this procedure, which were
then geometry optimized at total charges +1, 0, -1 at the wB97X-D[42]/def2-SVPD[43] level
of theory using the QChem|[44] electronic structure code. After geometry optimization, we
selected 3-4 geometries for each molecule along the optimization trajectory, and for each
of those, we performed 3-4 CDFT calculations by adding a random (uniform distribution
from -0.05 to 0.05) charge and spin fluctuation to each atom’s Becke charge/spin value from
the pertinent unconstrained SCF solution. The CDFT energies and energy derivatives with
respect to atomic positions, atomic charges, and atomic spins were used in the model training.
The training data (~ 1 million points) were randomly separated into a training (95%)
and a validation set (5%) at the outset, and the validation error provides an estimate on how
well the model is trained and can serve as an early-stopping criterion. The model reaches
its best performance on test sets after ~ 250 epochs of training. The mean absolute error
(MAE) on the independent validation set of the energy is 3.59 kcal/mol per molecule.
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Figure 3.2: BpopNN vs. DFT adiabatic IPs and EAs

3.2 Testing the model

3.2.1 Adiabatic IP and EA on larger Li-organic molecules

To test the general applicability of the model, we generated an independent test set from
317 organic molecules with 9-12 heavy atoms (number of C atoms and O atoms, excluding
Li) that were randomly taken from the Chemspider database.[45] We show the performance
of our model in predicting the adiabatic ionization potential (IP) and electron affinity (EA)
values.

Similar to the SCF-q procedure defined in chapter 2, total populations and spin popu-
lations can be optimized together self-consistently; we will call this the SCF-qs procedure
in the remaining text. On the top panel of Figure 3.2, we plot the comparison between
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Table 3.1: Energy, charge, and spin errors for the larger Li-organic test set

MAE energy MAE charge MAE spin

(kcal /mol /molecule) (e/atom) (e/atom)
Cation (scf-gs) 6.398 0.006 0.006
Neutral (scf-gs) 5.341 0.006 0.004
Anion (scf-gs) 4.336 0.009 0.003
Cation (@BpopNN geometry) 6.835 0.009 0.004
Neutral (@BpopNN geometry) 4.806 0.007 0.003
Anion (@BpopNN geometry) 6.608 0.010 0.002

MAE energy (eV) MAE energy (eV)
@ DFT geometry @ BpopNN geometry
P 0.235 0.291
EA 0.147 0.230

the adiabatic IPs and EAs obtained from BpopNN (from the SCF-gs procedure converged to
threshold 1072 Hartree/e) and DFT at the optimal DFT geometries at different total charges.
The bottom two plots in Figure 3.2 show the parity plots between the adiabatic IPs and
EAs obtained from BpopNN at its optimized geometries and those obtained from DFT at
the DFT optimized geometries. The statistics for energy, charge, and spin errors are shown
in Table 3.1. The BpopNN charges and spins show close agreement with the DFT ones,
with a charge and spin MAE of less than 0.01 e/atom. Energy errors are ~5 kcal/mol per
molecule, which is not very accurate but reasonable considering how challenging this type of
system is.

3.2.2 Charge transfer excited states

In this section, we show that it is possible to compute certain types of excited states with
BpopNN, through a particular approach for computing them in DFT, i.e., ASCF.[29, 32] In
ASCF, we make the orbital substitution(s) consistent with the excited state of interest, and
seek a solution to the Kohn-Sham equations corresponding to this electronic configuration,
i.e., orbitals are allowed to relax while maintaining the basic substituted configuration. It
has been shown that every stationary point of the exact ground state energy functional
E,(p) corresponds to an exact energy eigenstate, although the converse is not necessarily
true. [46] Similar to how E,[p;(r)] corresponds to the energy of the lowest energy state
with density p;(r), CDFT yields the lowest-energy state under the constraint(s) that the
electron population(s) on atoms is equal to the desired value(s). The target function map for
BpopNN thus follows the definition of CDFT, where a set of electron populations on atoms
are mapped onto the lowest possible energy with those populations. BpopNN is effective for
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Figure 3.3: (a) Types of Li interactions in the training set. (b) An example of a test molecule created through
fusing two training molecules together. (c) Parity plot of DFT vs. BpopNN excitation gaps for a test set of
anions.

modeling an excited state when no state with the same set of electron populations is lower
in energy. In other words, BpopNN is more suitable for modeling the type of excited states
where the atomic electron populations are noticeably different from that of the ground state,
e.g., charge-transfer excited states. There could be a problem with modeling, for example,
m— m* excitations when the molecular orbitals involved in the excitation differ mostly in
phases and do not result in a noticeable difference in the atomic electron populations.

Since we have all the training molecules computed at total charge +1,0, and -1, we
can imagine making a new molecule by fusing two training molecules together (making a
covalent bond) and studying the charge transfer across them. One example molecule is given
in Figure 3.3 (b), which has an overall charge +1. One could roughly consider this molecule
as a fused molecule between the orange molecule (left) at total charge +1 and the green
molecule (right) at total charge 0, or it could also be a fusion between the orange molecule at
total charge 0 and the green molecule at total charge +1. With DFT, we can indeed obtain
two SCF solutions: at the ground state, the left Li is roughly neutral in character, and the
right Li is cation in character; at the excited state, it is the opposite, as indicated by the
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Becke charges and spins. Not surprisingly, these two solutions are also found as stationary
points in BpopNN (converged to threshold 10~7 Hartree/e), with the equilibrium charges and
spins showing close agreement with DFT. The excitation gap predicted by BpopNN is 0.48
kcal/mol, compared with 2.60 kcal/mol in DFT. This demonstrates that BpopNN is capable
of obtaining multiple SCF solutions in practice.

Figure 3.3 (c) shows the DFT vs. BpopNN predicted excitation gaps for a benchmark set
of molecules with total charge -1, created through fusing two training molecules together as
described above (geometries of the fused molecules were not optimized). Anionic molecules
were selected because in most cases CT excited states can be easily obtained through a
HOMO— LUMO excitation. The mean absolute error (MAE) for the excitation gap of this
test set is 3.65 kcal/mol. We note that if the excitation gap is negative, it means in the initial
DFT calculation it did not converge to the ground state, and this only becomes apparent
when a state with lower energy is also obtained. Some other examples of CT excited states at
different total charges are given in Figure 3.4. For the cation examples in Figure 3.4 (a) and
the carbon nanohoop example in Figure 3.4 (b), we needed to select the appropriate MOs
that correspond to CT from one side of the molecule to another where the change of atomic
electron populations between states is obvious. The performance of BpopNN on estimating
the excitation gaps appears to be better for anionic molecules than for neutral or cationic
molecules. One possible explanation is that the optimal cation geometries are usually very
different from the optimal neutral geometries, so our test data are outside of the training
regime in terms of the geometries. Further, the electrostatics term needs to be improved to
produce the correct charge distributions.

IV  Conclusions

In summary, we have incorporated the spin populations, in addition to the total electron
populations, into the BpopNN model, expanding the scope of the open-shell molecules it can
handle. We trained and tested the model on a variety of Li-organic molecules, and the model
performed reasonably well in predicting the adiabatic IPs and EAs; these values bear close
relevance to the redox stabilities of electrolytes in LIBs.

We have also provided a proof-of-concept illustration of modeling C'T excited states with
BpopNN. It is possible to obtain such excited states, even though we did not intentionally
include any excited state data in the training set. For future work, we will further improve the
BpopNN model towards conducting dynamical simulations of the charge transfer processes
in the formation of the SEIL.
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Parts of this chapter were reprinted with permission from: “Data-Driven Prediction of
Formation Mechanisms of Lithium Ethylene Monocarbonate with an Automated Reaction
Network” Xiaowei Xie, Evan Walter Clark Spotte-Smith, Mingjian Wen, Hetal D. Patel,
Samuel M. Blau, Kristin A. Persson. J. Am. Chem. Soc. 2021, 143, 33, 13245-13258.

I Introduction

Out-of-equilibrium interfacial reactions which result in functional, transport-selective surface
films play a crucial role in materials-based technologies, enabling applications from batteries,
capacitors, water splitting, protective coatings, and alloy design. An exemplar in the fam-
ily of spontaneously-formed, enabling interfaces is the passivation layer which results from
the reductive decomposition of electrolytes on the anode of lithium-ion batteries (LIB) dur-
ing the first few charging cycles. This solid electrolyte interphase (SEI) is considered “the
most important but the least understood in rechargeable Li-ion batteries”, [1] due to the
complex relationships between battery conditions, SEI composition/morphology, and SEI
properties.[2-5] It is generally believed that an ideal SEI should be selectively permeable to
the electrochemically active charge carrier, i.e. Li", but also electron-insulating to prevent
continuous reduction of the electrolyte species.[6]

Over the last decades, careful bulk and surface characterization techniques, such as X-ray
photoelectron spectroscopy (XPS), [7, 8] Fourier transform infrared (FTIR) spectroscopy,
9, 10] nuclear magnetic resonance spectroscopy (NMR), [11, 12] cryo-scanning transmission
electron microscopy (cryo-STEM) [13-15], etc., have been employed to elucidate the chemi-
cal composition of the SEI on both Li metal and graphite. Critical understanding has been
gained as to early SEI formation as well as its aging. However, there are still numerous
uncertainties as to specific reaction mechanisms, influence of the electrode chemistry and
potential on competing reactions, and even the characterization of fundamental SEI com-
ponents such as e.g. lithium ethylene dicarbonate (LEDC). LEDC was first proposed to
be the major organic constituent of the SEI from the EC electrolyte by Aurbach et al. [9,
16-19], and later investigated extensively by numerous studies including synthetic efforts of
the LEDC standards and comparisons with those synthetic standards based on FTIR, XPS,
and NMR techniques.[11, 20-26]. Recent work by Wang et al. [27] cast doubt on the LEDC
charaterization: it was suggested that common LEDC standards[21, 23, 25] are comprised
of lithium ethylene monocarbonate (LEMC). The authors further suggested that LEMC de-
grades to ethylene glycol (EG) under DO extraction, thus rendering the 'HNMR spectra for
LEDC and EG indistinguishable. However, while characterization of LEDC is under debate,
questions also remain as to how LEMC forms under typical battery operation conditions and
if it truly replaces LEDC as a major early SEI component.

Computational modeling of SEI-relevant reactions has also provided crucial insights into
specific reaction mechanisms, including short-lived intermediate products.[28, 29] Prominent
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examples include the early pioneering work from Balbuena and coworkers based on static
DFT calculations to clarify the reduction mechanisms of common organic solvents and addi-
tives, [30-32| surface calculations [33-35], ab initio molecular dynamics (AIMD) simulations
[36, 37], and others. However, currently employed methodologies such as static DFT, ab
initio and classical molecular dynamics are inherently limited either by chemical intuition,
simulation time scales and/or sampling. In particular, more complex, rare, co-operative and
combined reaction pathways as well as the competition between different reaction mechanisms
are difficult to capture. However, progress has been made in the automated searching for reac-
tion pathways, traversing the potential energy surface (PES) using combinations of weighted
sampling, heuristic rules and graph theory.[38-57] Recently, a new data-driven methodology
was developed to analyze complex electrochemical reactive systems with minimal chemical
intuitive bias through the use of computational reaction networks.[58] Using this methodol-
ogy, pathways from Lit and EC to LEDC under reductive conditions corresponding to Li
metal were explored. It was demonstrated that the reaction network automatically recovers
previously suggested reaction mechanisms for the formation of LEDC as well as proposed
novel, thermodynamically feasible mechanisms that had not previously been reported. Here,
we utilize the same framework to identify possible reaction pathways leading to LEMC based
on automated pathfinding in a landscape built on ab initio thermochemistry. We compare
the proposed pathways on the basis of their thermodynamics, kinetics, and byproducts. We
note that thermodynamic analysis alone is inadequate for assessing the energetic landscape,
as kinetics also play a pivotal role in the SEI formation.[36, 59] In the present study, we
also conduct static transition state (TS) calculations for the promising paths from the path-
finding algorithm using a total thermodynamic cost cutoff, so as to refine the reaction network
predicted paths and assess their kinetic feasibility. The purpose of our work is two-fold:

(1) We implement and demonstrate a systematic and minimally biased methodology for
the generation of relevant species and reactions. Subsequently, reaction pathways to a certain
product of interest can be obtained in an automated fashion through pathfinding from a re-
action network containing these species and reactions. All relevant molecules were generated
through a systematic fragmentation/recombination procedure such that all reactions that sat-
isfy a certain constraint (involving <5 bond changes here) were included. The effectiveness
of this approach is tested on the formation of the new SEI component of interest, LEMC.
We demonstrate that our data-driven methodology recovers not only previously proposed
mechanisms, but also discover novel, competitive reaction pathways.

(2) We assess the reaction network-predicted pathways both in the context of experimental
findings and from a comparison with DFT-refined pathways. We note that the advantage
of the automatically generated pathways lies in the rapid evaluation of thermodynamically
plausible reactions covering a vast electrochemical space and provides a thermochemically
informed starting point for more bespoke computational and experimental explorations.
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II Methods

2.1 Generation of Candidate Molecules and Molecular
Intermediates through Fragmentation and Recombination

To generate the constituents of the reaction network, we employ heuristic rules based on ther-
modynamic data and associated machine-learned bond dissociation and formation, which
we denote as the fragmentation and recombination procedure. This approach enables the
generation of a large number of candidate molecular structures that represent the out-of-
equilibrium, transient landscape of possible molecular fragments that form under electro-
chemical electrolyte decomposition. These candidate structures are subsequently optimized
by electronic-structure methods to obtain minimum-energy structures. Molecular species are
treated as graphs based on the connectivity of atoms. Fragmentation is defined as breaking
one edge in a molecular graph and generating one or two molecular fragments; recombina-
tion is defined as forming one edge between two specified atoms on two molecular graphs and
forming one recombinant molecular graph. In a one-step fragmentation, fragment molecular
graphs are generated from breaking any one bond in the molecule. An n-step fragmentation
involves multiple sequential one-step fragmentation processes; at each stage, the fragments
from the previous stage undergo a one-step fragmentation, and the fragments from each such
one-step procedure are collected. Similar to the fragmentation procedure, a general one-step
recombination is conducted by iterating over all the molecular pairs in a given set of species,
iterating over all atoms in both molecules, and generating all recombinant molecules by con-
necting a bond. During the process, a graph isomorphism comparison is applied at each
step to check for structural duplicates, which are then removed. To compare and contrast
LEDC with LEMC formation pathways as a result of electrochemical decomposition of an
open system of Li", EC, H,O and electrons, we adopt the following procedure to generate
the relevant species (an overview is shown in Figure 4.1).

(1) All possible unique fragments were generated from 2-step fragmentation of Li" EC~
and one-step fragmentation of HyO. An initial filtering of the resulting fragments is conducted
to prevent the combinatorial explosion of the number of species. The filtering is done by first
constructing a small reaction network with only the original molecules and the fragments,
considering one-electron redox and one-bond change reactions, according to the previously
reported procedure [58]. Pathfinding to each species mentioned above enable us to identify
which fragments are thermodynamically accessible in the present model conditions by overall
exergonic reaction pathways (overall AG < 0). However, an exception is made for HyO
to include the fragments OH and H in all charge states, as breaking a bond in water is
endergonic in molecular calculations, but will occur favorably in the presence of Li metal (as
will be discussed in Sec 2.3 and Sec 3.1).

(2) All hypothetical recombinant structures were created by connecting one bond between
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Figure 4.1: Workflow for generating relevant molecules

the generated fragment molecules. There were no other criteria imposed except to ensure
chemically reasonable valences of the final recombinant products. Recombinant structures
that do not satisfy the valence (e.g. a carbon with more than 4 bonds or an oxygen with
more than 2 bonds) were discarded.

(3) A recent graph neural network BonDNet [60] was employed to predict the recombina-
tion reaction free energy and only those with negative AG upon recombination were retained.
We note that the mean absolute error (MAE) on the prediction of reaction free energies for
recombination is 0.45 eV with a high coefficient of determination (R?) value of 0.84 for 449
unique recombination reactions. The figure on the top right corner of Figure 4.1 plots the
BonDNet predicted vs DFT computed bond dissociation energies (BDEs; the recombination
free energy would be the negative number of the corresponding BDE). The higher MAE than
that reported in the BondNet paper is likely to originate from (1) examples far away from
the regime of the training set, e.g. forming a bond between sterically hindered oxygens and
(or) carbons and (2) the larger conformational space of large flexible recombinant molecules,
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as currently BonDNet is not taking the energies of different conformers into consideration.
The performance of BonDNet can be iteratively improved by adding more representative
data into the training set: by adding these recombinants back into the training, we observed
a reduction of MAE from 0.496 eV to 0.355 eV when testing on a new test set consisting of
a subset of the recombinants we previously eliminated (details given in Appendix Sec 5.6).
Out of 382 newly calculated recombinants, we only excluded 7 molecules (less than 2% error)
due to the BonDNet prediction error, which represents a low percentage loss and is unlikely
to change our conclusions significantly. Detailed error analysis on both models is given in
Appendix Sec 5.6.

(4) The geometries of the resulting molecules were optimized in DET. The initial guesses
for the 3D geometries of the recombinant molecules were generated based only on 2D molec-
ular connectivities from the OPLS 2005 molecular force field [61] as implemented in the
Schrodinger Python Suite. [62] To reduce the computational burden of generating the recom-
binant molecules, no conformational sampling was conducted. During geometry optimization,
a portion of the recombinant molecules changed their connectivities; those molecules were
removed from consideration as the results of BonDNet were no longer applicable and they
were no longer in the regime of one-step recombination.

We obtained 570 candidate molecules in total through this procedure (45 from fragmen-
tation and 525 from recombination). We note that the generation of the network species is
self-contained, such that all fragments and recombinant molecules were generated from the
procedure (1)-(4). Specifically we emphasize that no molecules were added from previous
knowledge of Li electrolyte decomposition and that the target molecules LEDC and LEMC
were obtained in this automated fashion. All the molecules used in this work are given in the
Appendix; a more comprehensive dataset which contains, for example, fragments for various
salts and other electrolytes, is released in another work.[63]

2.2 Construction of Reaction Network and Identification of
Reaction Pathways

The reaction network was constructed as a connected graph using the same graph represen-
tation as described in previous work. [58] Allowing a broad range of reactions between the
molecular species, we chose to include “concerted” reactions (reactions that involve multiple,
simultaneous bonds breaking or forming) with up to 5 bond changes. Similar constraints
(usually < 2 bonds breaking and <2 bonds forming) were imposed in other works. [47, 51,
53] We emphasize that metal coordination reactions, such as Li bonding to a heteroatom, is
treated in the same manner regardless of their ionic/dative nature, which motivates an inclu-
sive, upper limit of allowed concerted bond changes. We note, however, the possibility that
reactions considered here as concerted, may in reality proceed through multiple elementary
steps. Hence, we consider reaction pathways as reasonable guesses for a collection of events
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Figure 4.2: Overview of the reaction networks generated in this work

that should be refined using quantum chemical calculations.

To efficiently include concerted reactions, a mixed-integer linear programming (MILP)
scheme modified from a previous work for atom-mapping[64] was utilized to calculate the
minimum chemical distance (CD), i.e. the minimum number of bond changes needed to
transform reactants to products, for all possible combinations of (up to two) reactants and
products (for details, see Appendix Sec 5.1). All molecular pairs that satisfy a given sto-
ichiometry were subsequently evaluated based on the minimum number of bond changes
required to convert one molecule pair to another. This procedure resulted in a collection of
all reactions that can be reached within 5 bond changes, totalling 570 species and 8,973,154
reactions.

To calculate the free energy for redox reactions relevant in Li-ion batteries, we employed
a potential of U = 0 vs Li/Li*. Hence, to represent the reaction free energy for an arbitrary
redox reaction, we employ the full-cell reaction A + Li(s) =A™ + Li*. The absolute electrode
potential for the lithium electrode is calculated to be ~ 1.40 V by adding the Li/Li* potential
relative to standard hydrogen electrode (SHE) to the absolute electrode potential of hydrogen
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electrode (4.44 V) [65-68]. We note that this is equivalent to a chemical potential of -1.40 eV
for a Li metal electron. The effect of the electrode potential (or any applied external potential)
can be easily accounted for, by shifting the free energy of the electron by -eU, where U is the
potential relative to Li/Li*. For instance, the graphite anode in LIBs operates at a potential
close to U = 0.2 V vs Li/Li* which is equivalent to an electron chemical potential of -1.60
eV.

To identify promising thermodynamic pathways from the nearly 9 million hypothetical
reactions, we adopted the same procedure for pathfinding as described in the previous work.
[58] This approach provides us with a ranked list of reaction sequences and each reaction
sequence connects the starting molecules to the target molecule (LEMC), within a grand
canonical thermodynamic ensemble, allowing for a variable number of each specie. A soft-
plus function, i.e. In(1+ exp (z)), of reaction free energy is used to determine the cost for
traversing a reaction in the reaction network based on computational efficiency and the tol-
erance for slightly endergonic reactions. However, we note that the resulting ranking from
the cost function is not used to exclude pathways from consideration. Indeed, after obtaining
the representative reaction pathways from the reaction network, we subsequently subject the
proposed pathways to a detailed quantum mechanical study to obtain the transition state
barriers (AGT) as well as the reaction energies of the complexes (AG) to verify their kinet-
ic/thermodynamic feasibility. This information is intended to refine the pathways obtained
from the reaction network which currently does not include any explicit kinetic information.
Furthermore, concerted mechanisms are refined in this more thorough exploration.

2.3 Computational Methods

DFT calculations were performed using the QChem|[69] electronic structure code. The ge-
ometry optimizations for the species included in the reaction network used the wB97X-V[70]
functional with the def2-TZVPPD basis set. [71, 72] Solvent effects were taken into account
by SMD implicit solvation models|[73], with user-defined parameters representing the Li-ion
electrolyte. Specifically, an experimentally measured dielectric constant (for 3:7 EC/EMC
binary mixtures|74]) of 18.5 was used; for all other parameters we used the values for pure
EC.[75] For all stationary point geometries, frequency calculations were conducted to ensure
they are true local minima on the PES for mininum stuctures or first-order saddle points for
TS structures. Gibbs free energies based on harmonic approximations were used throughout
to determine the energy landscape in the reaction pathways.

Geometry optimization and reaction path analysis for the predominant paths were per-
formed at the wB97X-DI[76]/def2-SVPDI72] level of theory with the C-PCM implicit solvation
model [77] (dielectric constant 18.5, optical dielectric 2.0, which is consistent with the SMD
parameters), while single point energies at the stationary points were obtained using the
wBI7X-V /def2-TZVPPD/SMD level of theory using the same SMD parameters as above.
These two levels of theory have been shown to perform well for metal organic systems. [78,
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79] We used the lower level of theory for computational efficiency in exploring the PES; in our
experience, these two levels of theories give good agreements in both molecular geometries
and relative energies. Vibrational frequencies were computed using the smaller basis, yielding
zero-point energies and thermal corrections. A procedure based on taking small fixed-length
steps in the steepest descent direction (the Euler’s method[80]) was performed to verify the
TSs connect to the expected reactant(s) and product(s) through a smooth energy-descent
path. For this verification in general, it is not necessary to obtain an optimal minimum-
energy path (MEP), through e.g. Intrinsic Reaction Coordinate (IRC) calculations, which
are more time-consuming.

Evaluating possible reaction paths to LEMC with and without water is a critical com-
ponent of this study, however we note that a single water molecule does not spontaneously
reduce in the presence of a single Li atom; it requires the presence of a metallic Li surface.
Hence, the network, being ignorant of extended surface effects, will extend an endothermic
(potentially artificial) cost to any water splitting reactions. As a consistency check, we ver-
ified that our level of theory does reproduce spontaneous water splitting reaction on a Li
metal surface from a cluster-based DFT model (see Appendix 5.2 for computational details).

Besides surface effects, explicit solvation may exhibit a non-trivial impact on the reaction
pathways. Although calculating every path with explicit solvation would be beyond the scope
of the current work, we have obtained the reaction paths with one explicit EC molecule for
two representative cases, the EC and LEDC hydrolysis paths as shown below. The results are
included in Appendix Sec 5.5. In these two examples, the presence of one EC can lower the
rate-limiting barrier of a path by 0.1-0.4 eV if the solvent molecule is near the reaction center.
Nevertheless, in our case explicit solvation does not qualitatively affect our assessment of the
kinetic feasibilities of the reaction paths.

III Results and Discussion

Herein we present and analyze the formation pathways to a recently identified, potential key
component of the Li-ion SEI; LEMC.[27] Analyzing the top-ranked 30,000 pathways, first of
all, we found that many of them were in fact the same, except for a difference in the order
of reactions. These “duplicate” paths exhibit the same cost, and eliminating the paths with
identical costs to threshold 1072 resulted in 434 unique paths (the unique paths are included
in the Appendix). We further grouped the paths roughly based on the main molecules
involved in the paths and report the representative paths below. While this elimination may
exclude subtle mechanistic differences in the paths, we believe that the main features are
preserved.

Analyzing the participant molecules in the reaction pathways leading to LEMC formation,
interestingly, we found that only 8 paths (among the 434 unique ones) proceeded without
water. Furthermore, DFT refinement of these paths suggests none of these pathways are
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kinetically feasible, with the rate-limiting barriers for the key reactions in the paths exceeding
2 eV (details shown in Appendix Sec 5.4). This important result indicates that water is
likely to be critically important in the formation of LEMC. We note that the presence of
kinetically infeasible paths is inevitable: this is a direct consequence of including a broader
scope of reaction possibilities. Indeed, the identified infeasible mechanisms were found to
include over-complicated concerted mechanisms connecting unstable radical and species, e.g.
carbene. Since this artifact may result in missing important non-water mechanisms, we
constructed another reaction network with more limited concerted reactions, and the details
will be given in Sec 3.3 below. An overview of the two reaction networks considered in this
work is given in Figure 4.2.

The two major pathways that have been proposed in the literature, namely the EC hy-
drolysis and LEDC hydrolysis reactions, were successfully identified by the reaction network,
validating our data-driven approach. Additionally, other possibly interesting pathways were
discovered and will be discussed below, such as a pathway that generates lithium hydride,
pathways involving new, recombinant compounds that have not been conventionally consid-
ered to be important in the SEI formation, and a pathway involving the breakage of the
(CH,)O—-C(=0)OLi bond in LEDC.

In the following sections, we divide the reaction pathways to LEMC into three categories:
(i) direct paths from EC, Li* and H,O, where only the fragments of LIEC serve as interme-
diates in the paths, (ii) paths involving recombinant molecules, and (iii) paths without water
participation. We present, for each category, both the representative paths predicted from the
reaction network and the DFT validated /refined free energy diagrams, with some discussion
about the similarities/differences between them. We also discuss the physical implications of
those paths in the context of experimental findings.

3.1 Direct reaction paths to LEMC from EC, Li™ and H,O

Figure 4.3 shows a representative set of “direct” paths leading to the formation of LEMC,
utilizing EC, Li™ and H,O as the starting molecules. Although differing in the detailed steps,
the two major mechanisms identified were (i) LiOH or OH  attacking an EC or LiECT to
form LEMC (path A, B, C, E) and (ii) LIEC, water and a second electron react to form
LEMC and hydride (path D). Figure 4.4 presents the energy profiles from DFT (ignoring
explicit solvation and surface effects) corresponding to these two mechanisms. We note that
the generation of LIOH and or OH™ species can be corroborated by the known instability of
water against Li metal,[81] which is also captured within our level of theory, when an explicit
surface is included (see Appendix Sec 5.2). Since the reaction network does not have any
knowledge of water splitting on the Li surface, it used indirect mechanisms for generating
LiOH and/or OH™.

The reaction of LiOH attacking EC to form LEMC was proposed by Wang et al. and
also experimentally confirmed by adding anhydrous LiOH to an EC/LiPFg solution. [27]
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Figure 4.3: Direct paths to LEMC from EC, Lit and H,O identified by the reaction network

In the EC + LiOH — LEMC reaction, we identified two mechanisms through DFT (purple
and black paths in Figure 4.4 (a)): one is a single-step process where LiOH directly attacks
the ethylene carbon in the EC; another one is a step-wise process where LiOH attacks the
carbonyl carbon to form a tetrahedral intermediate, and a subsequent shoulder bond breaking
and proton transfer creates LEMC. The former one-step process has a high barrier of 2.24
eV (Struct 3 — TS 5; 1.95 eV with an explicit EC molecule, as shown in Figure 4.14, Struct
1 — TS 3), whereas the step-wise mechanism exhibits an effective overall barrier of 1.33 eV
(Struct 3 — TS 4; 0.95 eV with an explicit EC molecule, as shown in Figure 4.14, Struct 1 —
TS 2). The reaction barrier can be significantly lowered if the hydroxide ion is free and not
bound to lithium (0.25 eV, Struct 7 — TS 6; 0.27 eV with an explicit EC molecule, as shown
in Figure 4.14, Struct 6 — TS 4). This is consistent with the fact that Li* is a strong Lewis
acid, and the nucleophilicity of bare hydroxide anions is expected to be greatly reduced in the
presence of Li*.[82, 83] Similarly, the electrophilicity of EC would be enhanced by Li*, thus
also increasing the reactivity between the two species. We consider OH™~ + LiECT — LEMC
a more realistic scenario for EC hydrolysis, as (i) LiOH has extremely low solubility in organic
solvents, (ii) OH  should be expected to be present because the electron-abundant anode
represents a highly basic environment, [84] and (iii) LiEC™ is considered to be abundant in
battery electrolytes and the LiT-coordinated EC is reduced at a higher potential than the
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pure solvent.[30]

Path D in Figure 4.3 as proposed from the reaction network represents another possibility
of LEMC formation. In path D, a neutral LiEC is further reduced to LiEC™ and reacts with
water to form LEMC and a hydride ion. (c-EC?*7)Li", where c-EC?~ represents the cyclic
EC dianion, was proposed previously by Leung et al., [36] and the reduction rate of ¢-EC~
was estimated based on Marcus theory to be significantly higher (at ~ 10* order) than that
of EC, but lower than that of o-EC ™, which is the ring-opened EC anion. Leung et al. also
suggested that the doubly reduced (c-EC? )Li" favorably ring opens at the shoulder bond
and release CO. Regardless of the existence of c-EC*" (or its life time), the reaction network
suggests a reaction path according to EC + Li* + 2e” + H,O — LEMC + H™. This poses a
possibility of a simultaneous (presumably asynchronous) formation of hydride and LEMC. We
anticipate that the hydride will react rapidly with any available Li* ion to form LiH, which
is likely to - in the presence of water - further react to LiOH on its surface. Experimentally,
LiH was first characterized by IR spectroscopy on Li metal with wet electrolyte solutions, [85]
and later observed as a main dendritic product in the Li-anode-SEI by cryo-STEM mapping
[15] and XRD experiments. [86]

Examining this hypothetical path more carefully, we obtain a mechanism that resembles
the black path in Figure 4.4 (a). Note that the overall charge state for the structures in
the energy profile in Figure 4.4 (a) is neutral, whereas in Figure 4.4 (b), the overall charge
is -1. We were unable to identify a path that proceeds through (c-EC?7)Li*, presumably
because water is more readily reduced than ¢-EC™ (the hydrogen evolution potential occurs
at 2.21 V relative to Li/Li", [87] whereas the reduction potential of c-EC™ is calculated
to be 1.16 V relative to Li/Li". [36]). Since the reaction network assigns a potentially
overestimated endothermic penalty (depending on the distance to the fresh Li metal surface)
to water reduction (see Sec 2.3), it proposes reduction of LiEC rather than H,O. In the
DFT refinement, we see a favorable water splitting in the anion state and identify a path
corresponding to H-Li—-OH~ + EC — LEMC + H (Figure 4.4 (b)). We include a water
splitting step with LiIEC™ at the beginning only for the sake of completing the energy diagram,
however the LIEC™ in Struct 1 is Li~ EC in character, as revealed by the Mulliken[88] atomic
charge (-1.17 e) and spin (0.0 a.u.), and the Li in the structure is considered a Li surface
proxy, coordinating to EC. A similar argument can be made for the water splitting step in
Figure 4.4 (a), where the Li is neutral in character (Struct 1). As mentioned in Sec. 2.3,
metallic surface effects are neglected in the reaction network, and to confirm that water
splitting is indeed spontaneous within our level of theory, we used a cluster DFT model
consisting of 32 Li atoms and found that the reaction is almost barrierless (see Appendix Sec
5.2) and consistent with previous work (0.12 eV).[89] We note that although water reduction
reactions are usually considered to be equivalent to hydrogen evolution reaction (HER), this is
a simplified picture as the detailed mechanisms involve adsorbed species H,qs and OH,45.[89,
90] Hence, the as-formed hydride ion, most likely created through water splitting on the Li
surface, is presumably stabilizing the TS structures along the path and the overall barrier
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network

(0.72 eV as the rate-limiting barrier, Struct 4 — TS 3) is much lower than that for the black
path in Figure 4.4 (a). Further investigation is necessary to determine the plausibility of this
path and whether cooperative effects could further lower the barrier in this pathway.

Generally comparing our results with previous investigations of water reactivity with Li
metal surface, our results are consistent with Shang et al.[89] who found the final products of
H;0 reacting with a Li surface to include LiOH, a small amount of LiH, Hy gas, and various
water complexes.

3.2 Reaction paths to LEMC from EC, Lit and H,O involving
recombinant molecules

By including recombinant molecules into the reaction network, we were able to identify
some pathways to LEMC involving new intermediate molecules en route to the formation
of LEMC, as shown in Figure 4.5. Note that the inclusion of LEMC and LEDC, along
with other recombinants is a direct consequence of graph enumeration. In other words, those
molecules are naturally considered irrespective of any prior knowledge of the SEI components
previously studied in the literature.

The hydrolysis reaction of LEDC (path A in Figure 4.5) was both proposed by Wang
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et al. [27] and Rinkel et al. [84]. This pathway was successfully identified by our reaction
network, albeit with a low ranking (ranking 352 among the 434 unique paths), presumably
owing to the endergonicity of the last LEDC + H,O — LEMC + LiHCOj3 reaction step
(0.07 eV). We also note that the LEDC and LEMC conformers used in the reaction network
are linear configurations, due to inadequate sampling of the conformational space. Applying
a conformational search under implicit solvation identified a puckered LEDC structure (see
Figure 4.6 (a)), which is lower in energy than the linear conformer by 0.6 eV. While this
puckered conformer obtained here may or may not be representative under explicit solvation
(to our knowledge, there is no known crystal structure for LEDC[23, 27, 91]), the significant
energy difference highlights the impact of LEDC conformation to the reaction energetics.

Examining more closely path A and its kinetics, we found that the single-step LEDC
hydrolysis step exhibits a high barrier (3.05 eV, Figure 4.10, Struct 1 — TS 1). However,
hydrolysis reactions do not usually proceed in a single step,[92-94] and therefore we attempt
to obtain the barrier for a step-wise hydrolysis of LEDC passing through a tetrahedral in-
termediate, either with neutral water or OH . The rate-limiting barrier of the water version
of this path is 1.48 eV (Figure 4.6 (a), Struct 1 — Struct 4; 1.37 eV with an explicit EC
molecule, as shown in Figure 4.15, Struct 1 — TS 3), which is lowered significantly compared
to the single-step path. Under basic conditions (starting from OH ), the barrier was calcu-
lated to be 1.76 eV from the entrance complex (Struct 1 — TS 1), 0.62 eV from the starting
materials (LEDC + OH™ — TS 1) for the black path and 1.09 eV (LEDC + OH™ — TS 4)
for the green path (Figure 4.6 (b)).

In polymolecular reactions, such as the hydrolysis of LEDC, there is a possibility that
the entrance complex before entering the transition state region is lower in energy than the
sum of the starting materials, in which case the rate-limiting step may be determined by
the energy difference between the TS and the entrance complex. Hence, whenever there is
a non-negligible discrepancy between using the sum of the free energies of the individual
reactants and the free energy of the entrance complex as the baseline for the barrier height,
we included the results for both scenarios.

We observe that the LEDC hydrolysis reactions are less kinetically favorable compared
to the EC hydrolysis pathway and the hydride pathway based on our calculations; however,
LEDC hydrolysis was found to occur both in DMSO-dg solutions (with pure LEDC plus
1.5 equiv. of water) and in the solid state on a time scale of minutes, as evidenced by
"HNMR and FTIR. [27] Explicit solvation effects, especially in the case of water, are known
to significantly impact kinetics [42, 95, 96] and further investigation is needed to elucidate the
fast kinetics of this reaction. Indeed, if the surrounding water plays a pivotal, catalytic role in
the hydrolysis of LEDC to LEMC, it may be less favorable in the battery environments, where
water is assumed to be at impurity concentrations. The presence of the DMSO solvent could
also be of relevance (pure LEDC can only be synthesized as LEDC -2 DMSO|27]) as LEDC is
highly soluble in DMSO and solvation effects are known to impact reaction thermodynamics
as well as kinetics.
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Besides the LEDC mediated pathways, two additional representative recombinant molecules
were identified in the formation of LEMC: LODEC (lithium 2-(2-oxido-1,3-dioxolan-2-yl)ethyl
carbonate) in path B and LODC (lithium 2-oxido-1,3-dioxolan-2-yl carbonate) in path C in
Figure 4.5. These molecules have not been proposed, to our knowledge, in the SEI litera-
ture, although LODEC was observed in an AIMD simulation of EC based electrolytes.[97]
The reaction network suggest both recombinants to undergo hydrolysis and form LEMC.
Examining the mechanistics of both reactions (Figure 4.11), we are unable to find a single-
step hydrolysis reaction for both recombinants. Allowing for multistep reactions, in path
B, LODEC and water transform to EC, LEC and LiOH crossing a 1.62 eV barrier and we
surmise that EC and LiOH subsequently react according to the path in Figure 4.4 (a) to
create LEMC. For path C, LODC initially decomposes to EC and LisCO3 (which may exist
as LIECT-LiCO3 ") and LiCO3~ may facilitate water splitting and lead to the formation of
a tetrahedral intermediate (Struct 4 in Figure 4.11 (b)) with the subsequent formation of
LEMC. However, this is equivalent to the EC + LiOH — LEMC path (Figure 4.4 (a)), black
path).

3.3 Reaction paths to LEMC without water

There are 8 reaction-network-identified paths starting from EC, LiT that do not involve
water (see Appendix Sec 5.4 for the paths). However, these paths exhibit highly complex
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concerted reactions (involving 4 or 5 bond changes) connecting unstable open-shell species,
with likely short lifetimes; those reactions were then verified to exhibit high barriers by
DFT (see Appendix Sec 5.4). We note that reactions involving up to 5 bond changes were
included in the reaction network to accommodate hydrolysis reaction mechanisms. Hence, to
explore non-water containing reactions, another reaction network was constructed, limiting
the concerted reactions to < 2 bond changes and this reaction network consisted of 418,640
reactions. This procedure reveals some potentially feasible paths to LEMC starting with
EC, Lit only (two representative paths are shown in Figure 4.7) and are discussed below.
We note that these two paths are the two shortest paths from the 2-bond-change reaction
network. The range of costs for the paths (where the cost of a path is defined as the sum of
the softplus function values of reaction free energies for all the reactions involved in the path)
in this smaller network is 2.39-3.12, which is significantly higher than that for the previous
5-bond-change reaction network (0.88-1.57), thus we considered it unnecessary to analyze the
paths beyond the several top-ranking ones.

Path A in Figure 4.7 proceeds through an H-abstraction from LiEC, resulting in lithium
vinyl carbonate (LVC) and a subsequent reaction between the H radical and LEDC creating
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LEMC and LiCO; (neutral). This pathway is supported by previous findings by Shkrob
et al,[98, 99] where VC was observed by NMR as a major product when EC undergoes
electron radiolysis, and the formation mechanism was suggested to be an H-abstraction of
EC by a secondary radical (e.g. ring-opened LiEC) creating EC(—H)- (which is a H loss
radical from EC), followed by a rapid radical disproportionation reaction. The existence of
EC(—H) - was confirmed by electron paramagnetic resonance (EPR) spectroscopy. Although
radiolytic ionization creates both oxidation and reduction products, a detailed analysis of the
relative yield between for the analogous radical and anion of propylene carbonate, PC(-H) -
and PC-~ and laser photoionization experiments (excluding the possibility of oxidation)
enabled the authors in that work to conclude that PC(—H) - radicals can indeed form through
reduction chemistry. Thus a similar scenario should be expected for EC(—H) - radicals. We
note that, while the reaction network nicely captures the essence of this reaction series, it
oversimplifies the first step to be LIEC — LVC + H - as the process (according to ref.[98]) is
presumably LIEC — o-LiEC, then o-LiEC + EC — LEC + EC(—H) - and finally EC(-H) -
+ Li" — LVC. The reaction barrier for the second step (LEDC + H- — LEMC + Li + CO»),
is calculated to be 1.26 eV (Figure 4.8). However, H- is not necessarily involved; we expect
H- to be unstable and will react rapidly with its neighboring environment. The favorable
thermodynamics of this path suggests that other radical species and/or the Li surface could
facilitate a similar bond breakage (a homolytic cleavage of the (CHy)O—C(=0O)OLi bond)
in LEDC, resulting in a (CHy)O- moiety which would immediately abstract another H -
(from for example EC) to form LEMC. Soto et al. reported LEDC decomposition in AIMD
simulations, including CO52~ and CO3?~ detachment from LEDC, in the absence or presence
of radicals in the solution. [100] In fact, the C-O bond breakage of LEDC on the Li (100)
surface, creating COy bound to the surface, was calculated from DFT (PBE functional) as
AET =0.22 eV and AE = —1.94 eV.[68] The resulting fragment may be further decomposed
by breaking the —CHy—O bond, however with a high associated barrier (1.8 eV). Hence
it is reasonable to assume the possibility of LiOC(O)OCH,OLi undergoing H-abstraction
reactions to create LEMC, although further investigations are recommended regarding the
H- or H' source and the associated reaction barriers.

For path B in Figure 4.7, we were unable to locate the TS for the last step (LIHCO3 +
o-LiEC — LEMC + LiCOy ) with DFT. An overall neutral T'S was identified, corresponding
to LIHCO3 + o-LIEC — LEMC + LiCO, (Figure 4.12), however the step exhibits a high bar-
rier of 2.75 eV and hence, under the current modeling conditions, presumably not kinetically
feasible.

Finally, we comment on what the presented work means in the likelihood of LEMC
being present in the early stage Li metal or graphite SEI, instead of LEDC. All identified,
feasible paths to LEMC (the EC hydrolysis path, the hydride path, the LEDC hydrolysis
path, the path involving (CH3)O—-C(=0)OLi bond breakage in LEDC) either required water
and/or LEDC. Indeed, the currently proposed reaction mechanisms for forming LEMC in
the literature all require water participation.[27, 84] Hence, assuming trace water impurities
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in commercial electrolytes (~ 10 ppm of water in rigorously dried electrolyte) would not
produce detectable amount of LEMC. However, it is possible that some water may originate
from the cross-talk between the positive and negative electrodes, e.g. from the oxidation of
EC at the cathode to produce water and CO,. [84, 101, 102] Our only non-water containing
path is effectively a conversion of LEDC into LEMC, and as such requires LEDC to form
first.

IV Conclusion

In this work, we developed a graph reaction network based on a database of systematically
generated DFT-calculated molecular fragments and recombinants, specifically to explore re-
action mechanisms for the formation of LEMC, relevant for the interface formation in lithium-
ion batteries. The network allows for reactivity under a grand canonical formalism, treating
all species as open. Our constructed reaction network is very dense, consisting of over 570
species and ~ 9 M reactions; this rich data allows us to embrace an unprecedented num-
ber of electrochemical reaction possibilities and predict reaction mechanisms without explicit
knowledge of intermediates. A cost function based on the Gibbs free energy of the pathways
was employed to rank the pathways, which were also manually inspected. Predominant path-
ways were further evaluated for mechanistic and kinetic feasibility using DFT. All relevant
molecules, including our target molecule LEMC, were generated from fragmentation/recom-
bination of the starting materials (EC, Li* and H,O) with no imposed bias towards known
SEI components. We note that our methodology can in principle be applied to any electro-
chemical, reactive system, although caution should be applied to avoid the rapid growth of
combinatorial complexity. To prune the combinatorial complexity of possible recombinant
molecules, machine learning was employed to predict reaction free energies to determine the
feasibility of recombinant molecules. However, we emphasize that, in the present work, no
other limitations, e.g. a priori identification of reactive sites, are imposed except for the
elimination of recombinants with irregular valence.

Exploring the formation of LEMC with any amount of EC, H,O, Li", and electrons at
the Li metal chemical potential, we successfully recovered - automatically - the two major
literature-proposed mechanisms, namely EC and LEDC hydrolysis. Based on detailed DFT
calculations of the reaction barriers, the direct EC hydrolysis mechanism was identified as
the most kinetically feasible under the current model conditions, with the further sugges-
tion of being significantly accelerated under basic conditions. In addition to these known
paths, we also identify a hydride-generating mechanism and a radical mechanism through
the (CHy)O—C(=0)OLi bond breakage in LEDC, although those two mechanisms are more
likely to be relevant on/near the Li metal surface.

Importantly, we find that nearly all feasible routes to LEMC, identified by the reaction
network, require the participation of water, which is consistent with previously proposed
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mechanisms.[27, 84] Since the formation of LEDC does not require water, our results suggest
that decreasing or increasing the water concentration at the anode offer control of the SEI
LEMC/LEDC ratio. Indeed, trace water impurities in rigorously dried electrolytes (~ 10
ppm) should not be able to produce detectable amounts of LEMC. However, recent works,
[84, 101] show that water can originate from EC oxidiation at the cathode to produce water
and CO,.

We note that our predicted pathways to LEMC formation assume model conditions, such
as the absence of an explicit surface as well as explicit solvation effects; both of which can
contribute significantly to the mechanistics of the reactions. Despite these caveats, this
work represents the first exploration of reaction pathways to LEMC based on a general,
graph network of first-principles thermodynamics. The predicted pathways reproduce both
existing, literature-suggested pathways as well as novel ones. Such predictions are critical
for understanding the early-stage formation of the SEI and may be leveraged to develop
next-generation electrolytes/additives for Li-ion batteries. Our work illustrates that our
methodology can be used for discovering novel reaction mechanisms and demonstrate the
potential of the chemically-consistent reaction network formalism for automated probing of
complex, out-of-equilibrium electrochemical reaction mechanisms.

V Appendix

5.1 Details on the MILP algorithm

The MILP algorithm is slightly modified from a previous work on reaction atom-mapping
(notations were kept the same). [64] Stereochemistry and bond orders are not considered
because there are no stereocenters in the molecules in the database and bond orders cannot
be unambiguously determined for most of the molecules.

C=min ) (1- > agu)+ Y (- > ayw)
o

(i,5)€BR (k,l)eBp (k,l)eBp 1,j)€BR
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where
A ={1,2,...,n}: atom indices involved in the reaction
Br ={(i,7) : 1,5 €A, i < j, i and j bonded in reactants}
Bp ={(k,l): k,l €A, k <, k and [ bonded in products}
T}, Vi €A: type of atom ¢ in reactants
TE Vi €A: type of atom k in products

_J 1, if atom ¢ in reactants is mapped to atom £ in products
Vil = 0, otherwise
Vi,k € A
1, if bond (4,7) is mapped to bond (k, 1)
Qijkl = .

0, otherwise

\V/(’l,j) S BR7

\V/(ki, l) € Bp

5.2 Details on the water splitting reaction on the Li surface

The Li surface was derived from a body-centered cubic (bce) Li-bulk structure taken from
the Materials Project database[103, 104] with lattice parameter a = 3.51 A, which shows
good agreement with previous experimental (3.49 A), [105] and theoretical results. [106] The
lowest surface energy facet (100) was used. [33, 107] The cluster consists of 2 layers of Li
with 16 atoms in each layer (see Figure 4.9). The bottom layer and the edge of the top layer
were frozen during the geometry optimization and TS calculations to help maintain the bulk
bee structure. One imaginary frequency was confirmed for the block of the hessian matrix
corresponding to the active atoms (Li atoms that are not frozen, water and the EC molecule)
in the TS structure. The Gibbs free energies of the stationary structures were obtained by
adding the vibrational free energy to the electronic energy (there are no translational or
rotational degrees of freedom).

The TS structure for the water splitting reaction on an explicit Li surface is shown in
Figure 4.9, and the barriers at various levels of theory are given in Table 4.1).
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Figure 4.9: Transition state structure for water splitting on a Li cluster

Table 4.1: The reaction barrier for water splitting on a Li cluster

free energy barrier (eV)

wh97x-D/6-31G/gas phase -0.067
wh97x-D/def2-SVPD /gas phase -0.016*
wh97x-D /def2-SVPD /PCM? 0.027°
wh97x-V /def2-TZVPPD /SMD? 0.041¢

“ Single point correction on the optimized geometry from wh97x-D/6-31G /gas phase level
of theory.
b The EC parameters for implicit solvation was used, as described in the computational
methods in Sec. 2.3
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5.3 Supplimentary free energy diagrams
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Figure 4.10: One-step LEDC hydrolysis path
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Figure 4.11: LEMC paths involving recombinant molecules
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Figure 4.12: A LEMC path without water participation, corresponding to the key step in path B in Figure
4.7

5.4 Kinetically infeasible LEMC paths without water
participation

Below we show 8 non-water paths identified by the 5-bond-change reaction network, and
the DFT energy diagrams for the 3 major reactions involved in those paths, i.e. each path
contains at least one of the 3 reactions. All 3 reactions exhibit high rate-limiting barriers (> 2
eV) from the paths we were able to find at a lower level of theory. Although we cannot prove
these paths are the lowest-barrier ones connecting the starting materials and the products,
this result strongly suggest they are unlikely to be kinetically feasible.

For the energy diagrams for reaction 1 (Figure 4.13 (a)) and reaction 2 (Figure 4.13
(b)), we used wBI7X-D|[76]/def2-SVP[72] level of theory with the C-PCM implicit solvation
model [77]. For reaction 3 (Figure 4.13 (c)), we encountered some numerical issues with the
frequency calculations when optimizing the structures in C-PCM (some imaginary frequen-
cies are artificial but hard to cancel), and thus switched to single point implicit solvation
corrections on the structures optimized in gas phase at the same level of theory.

Molecules are drawn as graphs and different colors on the nodes correspond to different
atomic species as follows:

Red: oxygen

Black: carbon
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Grey: hydrogen
Pink: lithium.
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Non-water pathway 2 (ranking 247):
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Non-water pathway 3 (ranking 309):
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Non-water pathway 4 (ranking 343):
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Non-water pathway 5 (ranking 351):
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Non-water pathway 6 (ranking 391):
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Non-water pathway 7 (ranking 401):
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Non-water pathway 8 (ranking 418):

210 +556 ¢ 070 158 ﬁ
158?< 057, k= 3}(

155

044 15q V
151 WL +556 = =181 M

126



Chapter 4

1.94 %

162 +55 + —2 95 +543 /

543 / 4210 §< =0T, 940

127



Chapter 4

&

0.68

(b) Reaction 2
128

TS3
3.28

Struct 3

Struct 1
Struct 2 © t-:)u:‘t‘
-0.52 )
& T,
(¥
(a) Reaction 1
1 AG(eV)
162 +556 ¢ =595 < 4543 //
TS 1 b ‘
2.24 ’*
: ©  Struct2
M 214
.f‘; © [V TS 2
/ ’ 1 k 0.98
[ ©
" o’u
Struct 3
Struct 1 ‘\
0.00 Struct 4

© -0.13



Chapter 4

\ -
. N N4
A AG(eV) 210 ’\ o 151 \ 7{7
at A
TS 1
0.93 Ts 2
—_ 0.43
Struct 1 Struct2 Struct 3
0.00 -0.14 -0.11
Overall anion
Struct 1 h, Struct 5
J L%
Struct 2 _q* q Struct 6
Struct 3 m‘m’ Struct 7
Struct 4 Struct 8

g

- ;/
o, ggs Tl 4207 I b
.”k,\
W
TS 3
0.32
TS 4
-0.53
Struct 6
0.11
TS5
_ -1.86
Struct4 Struct5 Barrierl —_—e_
-1.45 1.39 arrierless Struct 8
-1.73 Struct 9
-1.98

Struct 7
-3.73

Struct 9
u o

L%

Tzl
L1
P omgh
ik etk

(c) Reaction 3

' d
m 033
v e
TS 4
<
[
ateg

TS5

Figure 4.13: Energy diagrams for the 3 major reactions involved in the 8 non-water LEMC paths in the
5-bond-change reaction network

5.5 Effects of explicit solvation on the reaction paths
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Figure 4.15: The LEDC hydrolysis path with one explicit solvent molecule (EC)

In Figure 4.14 is shown the EC hydrolysis path with an explicit solvent molecule (EC),
which can be compared to the right part of Figure 4.4 (a). The rate-limiting barrier for the
black path is 0.95 eV with an explicit EC molecule (Struct 1 — TS 2 in Figure 4.14) and 1.33
eV without an explicit EC molecule (Struct 3 — TS 4 in Figure 4.4 (a)). The rate-limiting
barrier for the purple path is 1.95 eV with an explicit EC molecule (Struct 1 — TS 3 in
Figure 4.14) and 2.24 ¢V without an explicit EC molecule (Struct 3 — TS 5 in Figure 4.4
(a)). The rate-limiting barrier for the blue path is 0.27 eV with an explicit EC molecule
(Struct 6 — TS 4 in Figure 4.14) and 0.24 eV without an explicit EC molecule (Struct 7 —
TS 6 in Figure 4.4 (a)).

In Figure 4.15 is shown the LEDC hydrolysis path with an explicit solvent (EC), which
can be compared to Figure 4.6 (a). There are subtle differences in the atomic arrangements
in the intermediate or TS structures, but the overall rate-limiting barrier (1.48 eV vs 1.37
eV) did not change appreciably.

Overall, one explicit solvent molecule (EC) tend to lower the barrier if it is close to the
reaction center (as seen in the black and blue path in the EC hydrolysis paths and the LEDC
hydrolysis path) and will not change the barrier appreciably if it is rather far away from the
reaction center (as seen in the blue path in the EC hydrolysis path). How much the barrier
can be lowered by including the explicit solvent molecule(s) is presumably a case-by-case
scenario and need to be investigated in depth. However, at least in the cases we studied, this
does not qualitatively change the assessment of the kinetic feasibilities of the reaction paths.
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5.6 Effects of using different dielectric constants in the implicit
solvation model

We show in Figure 4.16 the LEDC hydrolysis path calculated with implicit solvation models
with different solvent parameters. The two solvents considered are 3:7 EC/EMC (dielectric
18.5, optical dielectric 2.00) and DMSO (dielectric 46.8, optical dielectric 2.18). Note that
the geometries are optimized with CPCM with different dielectric constants and optical
dielectric constants, and single point corrections are performed at a higher level of theory
and SMD model (again using the parameters for 3:7 EC/EMC or DMSO). The reaction
energies and barriers only differ by sub kcal/mol between the two paths, which indicates
changing parameters in the implicit solvation model would not have significant impact on
the calculated reaction pathways.
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(Note: geometries optimized with different implicit solvent)

Figure 4.16: The LEDC hydrolysis path computed with implicit solvation model with different dielectric
constants

5.7 Analysis of the BonDNet prediction error

The BonDNet prediction error on the recombinant molecules is 0.454 eV, higher than that
reported in the BondNet paper. We have conducted error analysis for these predictions, as
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shown in Figure 4.17 (distribution of the error by reactant charge), Figure 4.18 (distribution of
the error by bond dissociation type) and Figure 4.19 (10 reactions with the largest prediction
errors).

In order to analyze how sensitive our procedure for selecting recombinant molecules is
to the BonDNet prediction error, we have calculated with DFT a new set of recombinant
molecules. There were 1804 recombinants that we filtered out based on the old BonDNet
prediction (endergonic upon recombination) and we have calculated here a random subset
of those. Out of 384 successful calculations, 56 molecules did not change their connectivities
during geometry optimization. These 56 molecules can be formed by 72 unique one-bond
reactions. There were only 7 recombinant molecules (out of 384) that we should have included
in the reaction network (but have not due to the prediction error with BondNet). In other
words, for only 7 molecules did BonDNet predict an endergonic recombination when the
recombination reaction was in reality exergonic. We acknowledge there is always a possibility
of missing important species/reactions. However, in reality, it is impossible to exhaustively
include all possible species and reactions, and the 7 molecules neglected here represent a small
percentage loss which is unlikely to significantly change our conclusions. We have included
the optimized geometries for these 7 molecules in geometries.zip for reference.

In addition, we have trained a new BonDNet model by adding the recombinant molecules
from the old test set (the test set in the main text) into the training, and observed an
reduction of MAE from 0.496 eV to 0.355 eV when predicting on the new test set described
above. This result indicates the performance of BonDNet can be iteratively improved by
adding more, representative training data. We plot the DFT vs BonDNet predicted bond
dissociation energies (BDEs) in Figure 4.20. The reactions with the 10 largest prediction
errors for the new test set from the new BonDNet model are given in Figure 4.21.

The large error from BonDNet for these molecules (either from the old or new test set)
could originate from two aspects: (1) they are slightly larger molecules than those in the
training set; (2) some bond types are underrepresented in the training. Since the two BondNet
models are predicting on different test sets (i.e. the old test set for the current model mainly
consists of endergonic bond dissociation reactions and the new test set for the new model
mainly consists of exergonic bond dissociation reactions), the bond types that have large
prediction errors also differ. Although adding the data from the old test set to the training
improves the error for the new test set from 0.496 eV to 0.355 eV, the presence of new
bond types limits how far the error can be lowered. For the old test set, the bond types
that have high errors (from the current BonDNet model) are bonds between the carbon in
C(=0)OLi (e.g. 3), 5) in Figure 4.19), C(=O)OLiOR (e.g. 1), 2), 4), 6), 9), 10) in Figure
4.19), C(=0)(OR); (e.g. 7), 8) in Figure 4.19) and another carbon/oxygen of various types.
For the new test set, those with high errors mostly involve the bonds between the oxygen
in C(=0O)OLiOR (e.g. 1), 2), 3), 4), 5), 6), 7), 9), 10) in Figure 4.21). All of the high-error
cases described above involve forming a bond between already sterically hindered carbons
and oxygens, which are underrepresented in the training. However, the error (for predicting
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on these bond types) can be readily improved by including these cases back into the training
set.
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Figure 4.17: Distribution of BonDNet prediction error by reactant charge for the old recombinant molecules
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Figure 4.18: Distribution of BonDNet prediction error by bond dissociation type for the old recombinant
molecules
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Parts of this chapter were reprinted with permission from: “The reductive decomposition
kinetics and thermodynamics that govern the design of fluorinated alkoxyaluminate/borate
salts for Mg-ion and Ca-ion batteries” Xiaowei Xie, Noel J. Leon, David W. Small, Evan
Walter Clark Spotte-Smith, Chen Liao, Kristin A. Persson. J. Phys. Chem. C. 2022.
https://doi.org/10.1021 /acs.jpcc.2¢06653.

I Introduction

Electrolyte design is a fundamental challenge in battery electrochemistry. Numerous inter-
actions must be considered to optimize both the transport within the bulk electrolyte as well
as interfacial reactivity. In the ideal case, an electrolyte should allow for reversible metal
plating and stripping (if in contact with a pure metal electrode) or reversible intercalation
and deintercalation (if in contact with an intercalation electrode) and should exhibit a wide
electrochemical window. This stability can either be intrinsic or can be enabled by the forma-
tion of an appropriately passivating solid electrolyte interphase (SEI) layer. Most commonly,
electrolytes are designed based on trial and error, guided by previous results for analogous
systems, however, rational design based on computed electrolyte properties is a desirable
alternative to accelerate the advancement of battery technologies. While Li-ion batteries re-
main dominant in applications ranging from electric vehicles to portable consumer electron-
ics, multivalent batteries, such as Mg- or Ca-ion batteries, are receiving growing attention as
next-generation alternatives.[1-3] However, to realize the promise of earth-abundant Mg or
Ca energy storage, improved understanding of the processes that govern electrolyte stability
in these systems is needed.

As multivalent-ion systems tend to form more stable ion pairs in solution than their
monovalent alkali metal ion counterparts,[4, 5] metal ion de-solvation and undesirable metal
ion-assisted anion decomposition reactions, especially from partially reduced metal ions such
as Mg'/Ca™, present a formidable challenge. Theoretical investigations on magnesium
bis(trifluoromethanesulfonyl)imide (Mg(TFSI)s) indicated that the ion pairs formed between
partially reduced Mg™ cations and TFSI™ facilitate the decomposition of the anion through
an energetically favorable C-S bond breaking.[6] It is also notable that simple salts for Mg-
ion batteries, e.g. Mg(TFSI), require a significant concentration of chloride (C17) to enable
plating/stripping at low overpotential.[7, 8] Early investigations found that chloride (Cl )
protects the passivation layer by oxidizing impurities like HoO via the formation of Mg—Cl
(ad) and/or MgCl,. [8, 9] More recently, cooperative anion effects between TFSI™ and Cl™
have been observed in Mg-, Zn-, and Cu-based systems to enable more reversible metal disso-
lution and deposition, showcasing the importance of the relative association strength between
the constituent anions and the working cations in tailoring the electrochemical performance
of electrolytes. [10] In spite of their promise, chloride-based electrolytes are not compati-
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ble with high voltage oxide cathode materials and usually suffer from corrosion problems,
hindering practical applications of this strategy.

Recently, the fluorinated alkoxyaluminate/borate salts have emerged as a family of promis-
ing electrolyte candidates for Mg- and Ca-ion batteries.[11-17] Due to the presence of multiple
electron-withdrawing fluorinated sites, the resulting anions tend to be weakly coordinat-
ing, leading to higher ionic conductivity and perhaps reducing the likelihood of undesirable
Mg™" /Ca™-assisted anion decomposition reactions. [6] Following the initial success of one salt
in this family, magnesium bis-tetrakis(hexafluoroisopropyloxy)borate (Mg[B(hfip)4]2),[13, 18,
19] it was shown by Li[14] and Shyamsunder[15] that reversible Ca*" deposition /stripping
was possible at room temperature through the calcium version of this salt, Ca[B(hfip)4]s. In
fact, based on both experimental and computational solvation structure analysis, the contact
ion pair (CIP) population was found to be extremely low for Ca[B(hfip)4]s in various ethereal
solvents, [20, 21] validating the design principle based on anion association strength.

Though initial electrochemical results show promise of fluorinated alkoxyborate and alkoxya-
luminate salts, the structure-property relationships within this family of electrolytes remain
unclear. In particular, insufficient attention has been paid to the electrochemical, thermody-
namic, and kinetic stability of these salts. Along these lines of research, Jankowski et al. [22]
reported free energies for decomposition reactions involving the breaking of B-O, C-O, and
C-F bonds in a variety of Mg-borate salts. They concluded that the delicate balance between
the electron-withdrawing effects and the degree of ligand substitution in Mg[B(hfip),]s ren-
ders it the most promising Mg electrolyte. However, the complete decomposition pathways
and the associated kinetic barriers were not addressed. Investigations of thermodynamic
as well as kinetic stability are critical in order to ensure long cycling lifetimes. Although
the CIP population can be constrained to be low by designing weakly-coordinating anions,
one can imagine that if there exist (thermodynamically and kinetically) favorable pathways
for consuming the CIPs, the bulk equilibrium will restore the CIP population. Recently,
we reported a Ca electrolyte, Ca[TPFA],, that is capable of room temperature plating and
stripping, and we found that the computed kinetic barriers for the reductive decompositions
of Mg[TPFAJ, and Ca[TPFA], correlated well with an overall lower Coulomb efficiency of
Ca[TPFA], compared to Mg[TPFA],.[17] This hints at the possibility of discovering even
more stable electrolytes via computational guidance.

In the present combined theoretical-experimental study, we systematically evaluate the
redox stabilities for ten fluorinated alkoxyaluminate/borate salts coupled with either Mg**
or Ca®T by examining their redox potentials and possible decomposition pathways through
B/Al-O, C-O and C-F bond cleavage. The alkoxy groups (as part of the anions) investi-
gated here include the trifluoro-tert-isopropoxy (tfip=—OCHMe(CF3)), trifluoro-tert-butoxy
(tftb=—0OCMez(CF3)), hexafluoro-tert-isopropoxy (hfip=—OCH(CF3),),
hexafluoro-tert-butoxy (hftb=—0OCMe(CF3),) and
perfluoro-tert-butoxy (pftb=—OC(CF3)3) groups. These abbreviations for these groups will
be used throughout the remaining text.
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We use kinetic barriers of reductive decomposition reactions as a metric for assessing and
predicting electrolyte performance with respect to stability during cycling. Specifically, we
argue that a high energy barrier for salt decomposition is desirable. Though it is possible for
selective electrolyte degradation to positively contribute to electrode passivation and enable
high Coulombic efficiency and capacity retention through SEI formation, very few SEI layers
in Mg-ion or Ca-ion batteries have possessed high ionic conductivity, often requiring high
overpotentials to plate or strip.[7, 23, 24] Mg[B(hfip)4]s is believed to form an SEI layer,
however, the functional properties of the film may not be sufficient without the addition of
sacrificial additives.[25] Here, we suggest possible promising salts for both Mg-ion and Ca-ion
batteries based on their computed properties. We further analyze the correlations between
the decomposition barriers and the central element of the anions (Al vs B) and the alkoxy
functional groups. These findings offer a path forward for deriving useful design principles
for developing novel high-performance electrolytes.

II Results and discussion

2.1 Electrochemical windows

We calculate the theoretical electrochemical windows from the adiabatic ionization potentials
(IP) and electron affinities (EA) for the anions, with and without the metal ion present. It
has been shown that metal-coordinating anions (CIPs) are more susceptible to reduction
than the bare anions, whereas the bare anions are more easily oxidized on the cathode. [16,
26] Ilustrative structures of CIPs and bare ions are outlined in Figure 5.1(a). We show the
computed electrochemical windows in Figure 5.1(b), using the oxidation potentials for bare
anions as the upper limit and the reduction potentials for CIPs as the lower limit. The
complete electrochemical windows for CIPs and bare anions are given in Appendix Figure
5.9 and 5.10 respectively; we observe, as expected, that the electrochemical windows are
consistently shifted upwards when the metal ion (Mg*" or Ca®*) is present.

The oxidation potentials for the bare anions indicate great oxidative stability for all the
anions, although there exist some variations across the salts. The reduction potential of the
CIP is a measure of how thermodynamically favorable reduction of the metal-coordinating
anion is, at a certain potential. From Figure 5.1(b) we find that all the ion pairs show
positive EAs at the Mg/Ca electrode potential, indicating they are all exergonic for single-
electron reduction. It is worth noting that different levels of theory (B3LYP-D3(BJ)[27-29]
vs wB97X-D3)[30] results in fairly different absolute numbers, especially for the reduction
potentials, which could differ by up to ~ 0.5 eV, but the trend across the different ligands
remains. The differences between the two levels of theory in oxidation potentials for the bare
anions mostly originate from discrepancies in the optimal geometries for the two levels of
theory (details given in Appendix Sec. 4.1).
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Figure 5.1: (a) Concept of contact ion pairs (CIP) and bare anions. (b) Electrochemical windows for
the anions. Bare anions (X~ = monoanionic ligands) were used for oxidation potentials (upper limit)
and contact ion pairs ([M**X |f, M = Mg/Ca) were used for reduction potentials (bottom limit).
Two levels of theory were used for comparison: the redox potentials shown in the regular bars are
based on wB97X-D3/def2-TZVPPD/CPCM/RIJCOSX//wB97X-D3/def2-SVPD/CPCM/RIJCOSX level of
theory, whereas the black dashed lines and the numbers in parenthesis are from B3LYP-D3BJ/def2-
TZVPPD/CPCM//B3LYP-D3BJ/def2-SVP /CPCMjkgel of theory. The numbers in the middle of the bars
are the energy gaps between the two redox potentials (stability windows).
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Across the ligands examined, we find that the tftb/hftb ligands have the potential to
show relatively higher reductive stability while maintaining the weakly-coordinating behav-
ior. However, redox potentials alone do not determine performance, e.g. Mg" [B(HFIP),] "
shows relatively high reduction potential, yet it exhibits excellent electrochemical behavior
experimentally. [13] High kinetic barriers for the subsequent decomposition reactions (after
the initial one-electron reduction) can effectively inhibit detrimental decomposition, as has
been hypothesized for the case of the acetonitrile (ACN) solvent in Mg systems. [31] In the
following sections we present a comprehensive investigation of reduction-mediated decom-
position pathways, motivated by NMR spectroscopy and elucidated by structure-chemical
trends.

2.2 Decomposition of the salts

2.2.1 "B NMR experiments

To gain insight into the possible decomposition mechanisms of the salts, we conducted ''B
NMR experiments on the Mg borate salts in this family (Figure 5.2). Briefly, cooled solutions
of Mg(BHy)s in dimethoxyethane (DME) were reacted with its respective alcohol (ROH =
tfip, hfip, tftb, hftb and pftb), until no effervescence was observed. The reaction mixtures
were heated mildly overnight to ensure complete conversion of borohydride starting material,
as evidenced by the absence of doublets (0-20 ppm) in 1'B NMR spectra. Tfip is an exception
as minor doublet signals were seen due to its low relative acidity. The mixtures were then
left at either room temperature or 75 °C for one week and ''B NMR spectra were recorded.
For some cases (where ROH = tftb, hftb, and pftb), two unique peaks were observed, with
characteristic signals corresponding to the anionic 4-coordinate B (0-10 ppm) and the neutral
3-coordinate B (15-25 ppm),[32-34] respectively.

The presence of both tri-/tetra-coordinate boron species indicates a rearrangement of
alkoxide ligand from the boron center to a magnesium cation, when the alkoxide is sterically
bulky enough to overcrowd the tetra-coordinate boron center. At elevated temperature,
more B(OR)3 is produced through B-O bond breaking for the tftb, hftb and pftb ligands,
accompanied by precipitation of solid byproducts and lowered signal to noise in the spectra.
Mg[B(OR)4]2 is stable at 75 °C when R = tfip/hfip. This result provides experimental
evidence for B-O bond breaking decomposition even without reducing conditions, which
motivated us to investigate the Al/B-O bond decomposition further computationally.

2.2.2 Decomposition barriers for the neutral ion pairs

We examine three types of decomposition patterns for the one-electron reduced CIPs, namely
from breaking the bond that is closest to the metal ion in each of the following bond cat-
egories: (1) Al/B-O, (2) C-O, and (3) C-F. The Al/B-O bond breaking decomposition is
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Figure 5.2: ''BNMR experiments on the Mg borate salts.

discussed in Sec 2.2.1, the C-O bond breaking decomposition was proposed in ref.[16] and
the C-F bond breaking decomposition is considered because MgFy and CaF, are observed in
the SEI with this family of electrolytes.[15] Figure 5.3 shows exemplary free energy diagrams
for the Al/B-O bond breaking decomposition, i.e. for Ca™[Al(tftb),]  and Ca™[B(tftb),] .
Figure 5.4 shows free energy diagrams for examples of the C-O and C-F bond breaking de-
compositions, i.e. for Ca™ [Al(tftb)4] . A complete set of energy diagrams for other salt vari-
ations are given in the Appendix, for all combinations of M [X(Y),]” (M=Mg/Ca, X=Al/B,
Y=tfip,tfth,hfip,hftb pfth); a simplified version (showing energy levels only) of those energy
diagrams for Al/B-O bond breakage is shown in Figure 5.5(a). We note that although all the
ligand variations exhibit qualitatively similar Al/B-O breaking decomposition pathways for
aluminates and borates, they can differ in the number of reaction steps and intermediates;
in such cases, in Figure 5.5(a), we have aligned the horizontal positions of the energy levels
for analogous structures across the series (e.g. where the degree of the Al-O/B-O bond dis-
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sociation matches, etc.). The rate-limiting step of a decomposition pathway is determined
by the energy difference between the starting material (or the lowest-energy intermediate,
if lower in energy than the starting material) and the highest-energy TS. The rate-limiting
decomposition barriers for all considered bond breakages and ligand variations are given in
Figure 5.5(b). For the C-O bond breaking paths, the rate-limiting barrier is shown in Figure
5.5(b) only when the barrier is less than 1.0 eV (see the discussions later in this section).

To identify the origin of the differences in the energy profiles, we analyze the Al/B-O
bond breaking pathways from a structural perspective. In the case of the aluminates, taking
Ca™[Al(tfth),] as an example (Figure 5.3(a)), the initial bi-dentate (Al coordinating to two
oxygens in the anion) rearranges over a low barrier (0.15 eV) to a tri-dentate CIP (Struct 2),
followed by a rotation of the axial Al-O bond (Struct 2 — TS 2 — Struct 3). Subsequently
the Al-O bond opposite (180°) to the aforementioned rotated Al-O bond breaks to create
the decomposed product, Ca*" (tfth) [Al(tftb)s]  (Struct 3 — TS 3 — Struct 4). The initial
rotation of the Al-O bond exhibits low barriers for all the ligand variations (< 0.3 eV),
consistent with the longer Al-O bonds (~ 1.8 A) as compared with the B-O bonds (~ 1.5 A)
which allows the aluminates to deviate more easily from the tetrahedral geometry, creating
space for an extra electron. For borates, on the contrary, we see a more straightforward
dissociation of one B-O bond, although in some cases, such as for Ca*[B(tftb),] , minor
geometrical-arrangement steps may precede the rate-limiting TS (TS 3) (Figure 5.3(b)).
Unique among the borate salts are the complexes with the pftb ligand, where the B-O bond
is already significantly dissociated at the intermediate geometries: see Struct 2 in Figure
5.25 for Mg"[B(pfth)s]~ where the B-O bond is 3.52 A and Struct 2 in Figure 5.30 for
Ca™ [B(pftb),]” where the dissociated B-O bond is 4.05 A. These dissociation lengths are
reached before the principle TS, i.e. the one that is qualitatively conserved across all ligands
and labeled as “TS” in Figure 5.5(a). Thus we consider the TS before those intermediates
(TS 1 in Figures 5.25 and 5.30) the rate-limiting TS with very low barriers of 0.03 eV and
0.07 eV, respectively.

Comparing the full energy diagrams across the ligand variations shown in Figure 5.5(a)
and the rate-limiting barriers shown in Figure 5.5(b), we note that the tftb ligand exhibits
the highest barrier for decomposition across aluminate salts, whereas the hfip ligand exhibits
the highest barrier across borate salts, regardless of whether Mg"™ or Ca' is the counter
ion. Experimentally, there has been remarkable success with the [B(hfip)4]  anion, in both
Mg-[13] and Ca-[14, 15] systems, consistent with the high decomposition barriers observed in
our calculations. Specifically, the Mg[B(hfip),]s salt has shown exceptional electrochemical
performance in terms of oxidative stability (~ 4 V vs Mg), ionic conductivity, and coulombic
efficiency. [13] The Ca[B(hfip)y]s salt also supports reversible Ca?t deposition /stripping, al-
though the accumulation of CaFy on the Ca surface indicates reductive salt instability. [15]
For aluminates, there are some experimental investigations on the Mg salts while the Ca
version of the salts are less reported on. Mg[Al(hfip),|s demonstrated excellent coulombic
efficiency, [11, 12] and Mg[Al(pftb),], showed oxidative and reductive stability[16]; they are
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Figure 5.4 Representative decomposition pathways through C-O and C-F bond breakage.
(a)Ca™[Al(hftb)4]” decomposition through C-F bond breakage. (b)Ca™[Al(hftb),]” decomposition through
C-O bond breakage.

predicted from our calculations to possess decomposition barriers of 1.31 eV and 0.89 eV,
respectively. As the Ca salts (ion pairs) trend towards lower barriers than their Mg counter-
parts, we predict their performance will be the most affected by the specific ligand choice. For
instance, our calculations indicate that the tftb ligand needs to overcome a 0.99 eV barrier to
decompose whereas the pftb ligand only needs to overcome a 0.43 eV barrier; the difference
in these numbers implies a significant difference in rate constants for decomposition at room
temperature. We note that the barriers may not necessarily correspond quantitatively with
the experimental rate constants, as DFT limitations and effects such as explicit solvation and
solvent rearrangement are unaccounted for here, however, the predicted qualitative trend can
be employed to guide the comparison between the ligand variations.

Examining the C-F bond breaking decomposition pathways, all variations of salts exhibit
a straightforward one-step path for Ca™ to abstract a fluorine atom from the —CF3 group
in the nearby alkoxy group. In Figure 5.4(a), we show one example of such a path, i.e. for
Cat[Al(hftb),] , which showcases a low barrier of 0.32 eV. As shown in Figure 5.5(b) (and the
energy diagrams in Appendix Sec. 4.4), such fluorine-abstracting decomposition pathways
are highly exergonic (AG ~ — 2.0 eV) with low barriers for all salt variations (the largest
barrier is 0.66 eV for Mg [Al(tfip),] ). Our calculations also indicate that the Ca salt barriers
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generally trend lower than their Mg counterparts, consistent with experimental observations
that increased CaFy formation on the anode surface, as compared to MgF5.[15] Although low
barriers and large negative reaction AGs are observed here, we note that the first coordination
sphere of the metal ion is saturated with solvents, e.g. Mg?" is sixfold coordinated by oxygen
atoms from both solvent molecules and the salt anions for Mg(TFSI), in diglyme, [35] and
this aspect is missed in our calculations. We also speculate that mitigating reactions such as
hydrogen abstraction may provide avenues to restore the salt efficacy in this case, in contrast
to e.g. the more detrimental Al/B-O bond breaking reactions which will likely cause an
irreversible salt breakdown.

Finally, a single-step C-O bond breaking decomposition pathway was identified for some
salt variations, mainly Ca salts with the hftb or pftb ligands (Ca*[Al(hftb),]~, Ca™ [Al(pftb),]~
Ca®[B(hftb),] , Ca™[B(pfth),]  and Mg™[B(hftb),] , see bars labeled with blue stars in Fig-
ure 5.5(b) and the complete energy diagrams are given in Appendix Sec. 4.3). For borates,
a B-O bond would break simultaneously with the C-O bond breaking, consistent with obser-
vations by Jankowski et al. [22] For single TS reactions, the barriers for C-O bond breaking
decomposition are comparable in magnitude (usually very low) to that for Al/B-O bond
decomposition. Hence, C-O bond mediated decomposition is expected to manifest for these
salts. For the other salts, a multistep path involving the product from C-F bond breakage
was identified, possessing a high rate-limiting barrier due to a stable intermediate state (see
Appendix Sec. 4.3). Nevertheless, we have included the rate-limiting barriers in Figure 5.5(b)
if they are less than 1.0 eV.

Considering the kinetic barriers for all types of decomposition pathways, we identified the
tftb ligand as the most promising ligand for aluminate salts because it exhibits the highest
barrier for decomposition under reductive conditions, whereas the hfip ligand shows the most
promise in the borate salt series, for both Mg- and Ca- systems.

2.3 DFT investigation of the difference in decomposition kinetics
between aluminates and borates

DFT-based analysis was undertaken to elucidate the apparent differences in the kinetic bar-
riers across the ligand variations for the borate/aluminate salts, i.e. the high barrier of the
tftb (hfip) ligand for aluminates (borates), respectively.

We divided the ion pair complexes into different structural components to qualitatively
isolate the substructure that is responsible for the barrier variations. In the current investiga-
tion, we performed two kinds of division, as shown in Figure 5.7(a). The aluminum ion pair
complexes were divided into the M-OR (M=Ca/Mg) and the AI(OR); substructures (Figure
5.7(a): left); the boron ion pair complexes were divided into the core (B,0, and Ca/Mg) and
the ligands (Figure 5.7(a): right). In the following section, for simplicity, we focus on the Ca
salts with the following three ligands (tftb, hfip, hftb) for investigation of the barrier differ-
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ences. We consider these three examples to be representative, as they occur in the middle of
the electronegativity /bulkiness range of the five ligands. We note the conclusions obtained
here can be extended to the tfip and pftb ligands as well as the Mg version of these salts.
We analyzed the charge distribution across these complexes for both the starting material
(SM) and the TS geometries, based on the natural atomic charges obtained from the Natural
Bond Orbital (NBO) analysis.[36] In Figure 5.7(b) we plot the change in natural charge
for the Ca atom (on the left) and the change in the sum of the natural charges on the
CaOR fragment (on the right) for the SM, TS, and product geometries. Note that the
set of aluminate rate-limiting TSs, i.e. one for each ligand variant, comprises two distinct
structure types, corresponding to “T'S1” and “T'S2” on the energy diagram shown in Figure
5.5(a). However, there is only one rate-limiting T'S structure type for the borates (plotted
as “TS” in Figure 5.5(a) or “T'S2” on Figure 5.7(b)). As the reaction proceeds, the Ca
oxidation state changes from Ca™ to Ca?", which is expected and aligns well with previous
studies. [6] The Ca natural charges for the borates at the T'Ss are significantly smaller than
those for the aluminates (both TS1 and T'S2), indicating that the aluminate T'Ss show more
charge-separated character. This is also reflected in the sum of natural charges on the CaOR
fragments: the aluminate TSs are close to [CaOR]T[AI(OR)3]™ in character while the CaOR
components in borate TSs are approximately neutral. The amount of charge transfer can
also be deduced from plotting the iso-surface of the spin density, which is more well-defined
than the atomic partial charges as there are numerous possible definitions of the latter. The
spin density plots are shown in Appendix Figures 5.60-5.65. To further elucidate why the
aluminate TS exhibits an enhanced charge transfer character, we calculated the EAs for
Al(OR)3 and B(OR)3. In Appendix Sec. 4.7 we show three types of such values, namely the
adiabatic electron affinity (EA), vertical attachment energy (VAE), and vertical detachment
energy (VDE), the latter two representing the vertical electron affinities at the optimized
neutral and anion geometries respectively.[37] An apparent distinction between B(OR); and
Al(OR); (see Figure 5.59) is that all the B(OR); compounds show negative adiabatic EAs
whereas the AI(OR); EAs are positive, indicating the B(OR); compounds are less amenable
to reduction. Even in the case of the optimal anion geometries (bent), the VDEs for B(OR)3
present more than 1 eV lower than their AI(OR)3 counterparts. Even though full charge
transfer must be reached in the end product, the borate salts evolve through neutral B(OR)s,
which lowers the energy. This phenomenon can be indeed observed from the energy diagrams:
e.g. in Figure 5.3(b) the BO3 moieties are close to planar (as is optimal for isolated neutral
B(OR)3) for all TS geometries whereas for aluminates the AlO3 moieties are easily bent (i.e.
tetrahedral-like, which is optimal for isolated anionic Al(OR)s) from early on (Figure 5.3(a)).
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Figure 5.6: NCI plot of the Cat[Al(tftb),]  and Ca®[B(tfth)s]  complexes

Table 5.1: Selected parameters (The Laplacian of the density V2p, density at the Bond Critical Point p
@BCP(3,-1), Mayer bond order m, Bader atomic charges ¢) for the QTAIM analysis of the starting complexes)

V?p (a.u.) p (a.u.)

structure bond path bond length (A) @BCP(3-1) @BCP(3-1)

m q(Al/B), ¢(0)

Ca'[Al(tftb)]  ALO 1.802 0.602 0075  0.584 2553, -1.373
Cat[Al(hfip),]”  ALO 1.803 0.599 0.074  0.578  2.566, -1.365
Cat[Al(hftb),]”  AL-O 1.798 0.608 0.075 0592 2.565,-1.363
Ca™ [B(tftb),] B-O 1.540 0.445 0126  0.715 2.369, -1.312
Ca't[B(hfip)s]” B-O 1.506 0.548 0.138  0.765 2.369, -1.320
Ca't[B(hfth),]” B-O 1.568 0.378 0.116  0.671 2.378,-1.305

The joint analysis of the bonding structure of the SMs (the CIPs) by the quantum theory
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of atoms in molecules (QTAIM[38]) and the more qualitative noncovalent interaction (NCI)
plot[39, 40] method reveals the covalent and non-covalent nature of the Al-O and B-O bonds.
Table 5.1 lists the information extracted from the QTAIM study, i.e., electron-density values
p and values of the laplacian of the density V?p at bond critical points (BCPs, i.e. (3,-1)-type
points)[38], and from the analysis of the corresponding Bader atomic charges ¢ and Mayer
bond orders m. The electron density at the BCP indicates the amount of shared density
between the bonded atoms and the Laplacian of the electron density depicts the extent of
charge concentration or depletion.[38, 41] The fact that the p values at the critical points are
of the magnitude of 7 x 1072 (for aluminates) and 1 x 10~! (for borates) and that the V?p
values are larger than zero indicate the Al-O and B-O bonds in the starting tetrahedral ion
pairs are both in the ionic regime,[42] with B-O being more covalent in character.

To further visualize the types of interactions involved in the Al-O or B-O bonding, we
employed the NCIplot method which utilizes the reduced density gradient as an indicator
of non-covalent interactions, as characterized by large density gradients in the regions where
the density itself is small. The type of NCI can be further classified by the sign of the second
eigenvalue Ay of the Hessian of p, i.e. stabilizing and bonding-like interactions are present
when Ay < 0, destabilizing or repulsive interactions when A\, > 0, and finally dispersion
interactions when A, is close to 0. These regions can be conveniently visualized from the
blue, red, and green colors, respectively, on an NCI plot. Figure 5.6 shows NCI plots for
the Ca™ [Al(hfip)s]” and Ca™[B(hfip),]” complexes, where in the case of Ca™[Al(tfth),]” an
attractive NCI isosurface is clearly present in between the Al-O bonds, whereas the NCI
isosurface of Ca'[B(tftb),]  is repulsive, corroborating the more ionic nature of the Al-O
bond vs B-O bond. The blue attractive region is enlarged in the TS2 for Cat[Al(tftb),]
compared with the SM, mostly likely due to the increased favorable electrostatic interactions
from the charge separation as discussed earlier.

We reiterate that even at TS1, the amount of charge transfer in the aluminates is signif-
icantly larger than for the borates, as reflected in both the Ca natural charges and the spin
density plots shown in Appendix Figures 5.60-5.65. The results indicate that almost an entire
electron is transferred from Ca™ to the AI(OR); component at the stage of the TS (regard-
less of whether it is TS1 or TS2). To estimate the electronic contribution of the CaOR and
Al(OR);3 fragments to the energy barrier of the reaction, we perform single point calculations
for each fragment at the geometry it has within the full-complex for SM, TS1 and TS2, at
the B3LYP-D3(BJ)[27-29]/def2-TZVPPDI[43, 44]/CPCM[45] level of theory. Different total
charges were imposed for the fragments in the SM and TS to account for the charge sepa-
ration, e.g. for the CaOR fragment, a total charge of 0 was used for the SM configuration
whereas a total charge of +1 was used for the TS configuration. The fragment-only barrier
is then the difference between the fragment energy in its T'S configuration and the fragment
energy in its SM configuration (Eqn 5.1 and 5.2). We also computed the binding energies of
these fragments in the SM and TS geometries. For example, the SM binding energy is the
difference between the full-complex energy and the sum of the fragment energies in their SM
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Figure 5.7: Al/B-O bond breaking barrier analysis for aluminates/borates. (a)Illustrative picture of how
the complexes are divided into two regions for probing the origin of the barrier differences. (b)Natural
charge analysis for the Ca and the CaOR (OR=tftb,hfip,hftb) fragment. (c) Electronic energy barriers for
different fragments. (1) The electronic energy barriers for the CaOR and the AI(OR)3 fragments for the TS1
geometry (see Figure 5.5(a)). Note that different total charges are used for the SM and TS in computing
the barriers for each fragment. The CaOR barriers are calculated from the [CaOR]® — [CaOR]" transition;
the Al(OR); barriers are calculated from the [Al(OR)3]® — [AI(OR)3] ™ transition. Similarly, the binding
energy barriers correspond to subtracting the binding energy between [CaOR]?~[Al(OR)3]% in the SM from
the binding energy between [CaOR]T—[Al(OR)3]  in the TS. The CaOR barrier, the AI(OR)3 barrier, and
the binding energy barrier sum to the total energy barrier. (2) is the same as (1) but is for the TS2 geometry
in aluminates. (3) Barriers for the borates calculated with the core part of the ligand part taken from the
original SM and TS geometries. 163
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configurations. The difference between the binding energies for the TS and SM geometries
is a binding energy barrier (Eqn 5.3).

AE 1 (CaOR) = E([CaOR]" at TS geom) — E([CaOR]" at SM geom) (5.1)
AE 1 (AI(OR)3) = E([AI(OR)3]™ at TS geom) — E([AI(OR)3])° at SM geom) (5.2)

AFE t (binding) = (E(TS) — E([CaOR]* at TS geom) — E([Al(OR)3]™ at TS geom))
—(E(SM) — E([CaOR]” at SM geom) — E([AI(OR)3]° at SM geom)) (5.3)

We plot these energies, as well as the fragment-only barriers in the first two diagrams
in Figure 5.7(c). Since the rate-limiting TS is different for Ca™[Al(tfth),] ", Ca*[Al(hfip),]”
and Ca™[Al(hftb),] ", it is important to consider both TS1 and TS2 in the analysis. We
observe from Figure 5.7(c) that the total electronic energy barrier calculated from both
TS1 and TS2 is distinctly higher for Ca®[Al(tftb),]” than that for Ca*[Al(hfip),]” and
Ca®[Al(hftb)4] . The same trend is found for the fragment-only electronic energy barri-
ers for the [AI(OR)3]°(SM geom.) — [AI(OR)3] (TS geom.) transition (the green bars in
Figure 5.7(c)(1) and (2)), while the corresponding data for the CaOR fragment is roughly
constant for the ligand series. Hence, we suggest that the AI(OR); fragment effectively
determines the barriers and that there exists a significant ligand effect for stabilizing the
[AI(OR)3]  fragment. The more electron-withdrawing ligands (hfip and hftb) exhibit lower
barriers, consistent with the expected anion-stabilizing effects of such groups.

We performed analogous fragment-based calculations on the three borates (see Figure
5.56), however in this case the fragments of the SM and TS configurations were assigned
neutral charges to reflect the low amount of charge separation in the full-complex T'Ss. Similar
to the aluminate case, the B(OR)3 fragment-only barriers roughly correlate with the overall
barriers, but not with the electron-withdrawing nature of the ligands. This is unsurprising
given that the fragments in the calculations are neutral.

Therefore, the charge transfer analysis does not explain the high barrier of the hfip anion
within the borate family. To move forward, we note that the hfip ligand possesses a single H
atom in the alkoxy group, while the other two borate anions have a methyl group there, which
increases the steric hindrance. To quantify the inter-ligand steric repulsions, we divided the
SM and TS structures into the core and ligand substructures (Figure 5.7(a)) and analyzed
the electronic barrier for each component, similar to the above procedure for the CaOR
and Al(OR); fragments. Each broken covalent bond was compensated with H atoms, whose
positions were optimized while holding the other atoms fixed.

We find that the resulting ligand barriers correlate well with the actual barriers (green
bars in Figure 5.7(c)(3)), and the ligand barrier differences between Ca™[B(hfip),]” and the
other two salts explain ~ 50% of the actual barrier differences. Furthermore, importantly,
we observe that the barrier of the ligand-only subsystem of Ca*[B(hfip),]  is significantly
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Figure 5.8: Speculative scheme for the kinetic control of the decomposition pathways (Al-O/B-O bond
breakage)

different from those for Ca™[B(tftb),]” and Ca®[B(hftb),] , indicating a distinction in the
inter-ligand interactions in the hfip complex. We used the second-generation absolutely
localized molecular orbital energy decomposition analysis (ALMO-EDA2)[46-48] technique
to further analyze the various energy components of the interactions between the four bare
ligands. The EDA analysis divides the fragment interaction energy into frozen, polarization,
and charge transfer contributions. The frozen part can be further divided into several other
physically relevant terms, i.e. electrostatics, Pauli repulsion, and dispersion, either through
the “classical” or “orthogonal” approaches,[47] where the Pauli repulsion is the term that
corresponds most naturally to the concept of steric repulsion. Indeed, we find among the
EDA terms, the Pauli repulsion term correlates well with the decomposition barrier for
borates: for Ca™[B(tftb),]” and Ca®[B(hftb),]  there was an apparent decrease in the Pauli
repulsion term going from the SM to TS (-1.44 eV with the classical approach or -0.90 eV
with the orthogonal approach for tftb, -1.41 or -0.81 eV for hftb) whereas Ca™[B(hfip)4]
showed a slight increase (0.35 or 0.1 eV). These results support the hypothesis that more
steric repulsion exists for the SMs of Ca™ [B(tftb)4]~ and Ca™[B(hftb),] ", which resolves once
one of the ligands dissociates from the tetrahedral geometry and releases the steric strain.
We note that the analogous EDA analysis performed on the aluminates did not show any
meaningful correlation with the barriers, as the magnitude of all the EDA components is
small (detailed numbers from the EDA analysis are given in the Appendix Sec. 4.6).
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To summarize our findings, Figure 5.8 illustrates the origin of the kinetic behaviors of the
borate and aluminate salt decomposition pathways through Al-O/B-O bond cleavage. For
borate salts, since the B-O bonds are short (~ 1.5 A), steric hindrance is significant for bulky
ligands confined in the tetrahedral geometry. Comparing the tftb, hfip, and hftb ligands, the
hfip ligand is the least bulky, thus the starting material is less sterically hindered and the
highest barrier for breaking the B-O bond is observed. In the case of aluminates where Al-O
bonds are longer (~ 1.8 A), steric factors are less important and the electronic effects play an
essential role in determining the barrier. This is due to the highly charge-transferred nature
of the TS (compared to that of the borates), which is stabilized more by functional groups
that are more electron-withdrawing. The tftb ligand is the least electron-withdrawing among
the three ligands, and therefore the highest barrier is observed.

III Conclusion

Motivated by the recent interest in fluorinated alkoxyaluminate/borate electrolytes for multi-
valent energy storage applications, we performed NMR spectroscopy and an extensive compu-
tational investigation of electrochemical windows and the reductive decomposition pathways
through various bond breaking patterns for a series of fluorinated alkoxyaluminate/borate
salts. Kinetic barriers are obtained, for the first time, for the decomposition reactions which
rationalize the reductive behavior and hence electrochemical performance. Across the ligand
variations studied, we predict the Al-tftb and B-hfip combinations to be promising candidates
based on the calculated high barriers for decomposition through Al/B-O bond breaking un-
der reductive conditions. Our theoretical predictions support previous experimental reports
of excellent electrochemical behavior in both Mg and Ca systems for borate salts with hfip
ligands. To our knowledge, aluminate salts with tftb ligands have not yet been experimen-
tally studied and investigations are currently underway. In addition to the thermodynamic
and kinetic results presented here, our mechanistic investigations suggest a significant dif-
ference between alkoxy-borate and alkoxy-aluminate salts in factors controlling the kinetics
for Al/B-O bond breaking decomposition: variations in decomposition barriers for borate
salts are mostly determined by steric factors, whereas electronic effects are more important
in aluminate salts, suggesting that different design rules should be considered under different
scenarios, which will aid in the future design of functional electrolytes.
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IV Appendix

4.1 Supplementary electrochemical windows

Electrochemical windows for Mg?* or Ca?™* coordinating anions
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Figure 5.9: Electrochemical windows for CIPs. Two level of theories were used for comparison: the redox
potentials shown in the regular bars are based on wB97X-D3/def2-TZVPPD/CPCM/RIJCOSX//wB97X-
D3/def2-SVPD/CPCM/RIJCOSX level of theory, whereas the black dashed lines and the numbers in paren-
thesis are from B3LYP-D3BJ/def2-TZVPPD/CPCM//B3LYP-D3BJ/def2-SVP/CPCM level of theory. The
numbers in the middle of the bars are the energy gaps between the two redox potentials (stability windows).

During geometry optimization, several CIPs changed their connectivities. A C-C bond break-
age was observed for [MgAl(pftb),]*", [MgB(pftb),]*", [CaAl(pftb),]*" [CaB(pfth)s]*" at
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both levels of theory and for [MgB(tftb),]*" at the wB97X-D3/def2-TZVPPD/CPCM/
RIJCOSX//wB97X-D3/def2-SVPD/CPCM/RIJCOSX level of theory. Since the oxidation
reactions of these CIPs are already very endergonic i.e. oxidation potentials are on the order
of ~ 7 eV, we consider these geometrical changes not of much significance.

Electrochemical windows for bare anions

8.0

Potential (V vs Mg/Mg?* or Ca/Ca’*)

Ligands

Figure 5.10: Electrochemical windows for bare anions. Two levels of theory were used for comparison: the re-
dox potentials shown in the regular bars are based on wB97X-D3/def2-TZVPPD/CPCM/RIJCOSX//wB97X-
D3/def2-SVPD/CPCM/RIJCOSX level of theory, whereas the black dashed lines and the numbers in paren-
thesis are from B3LYP-D3BJ/def2-TZVPPD/CPCM//B3LYP-D3BJ/def2-SVP/CPCM level of theory. The
numbers in the middle of the bars are the energy gaps between the two redox potentials (stability windows).

Similar to the previous figure, we observed connectivity changes for the following anions.
[B(tfth)4]°,[B(hftb)4]°: B-O bond breakage at the wB97X-D3 level of theory;
[B(pftb)4]%: B-O bond breakage at both levels of theory;
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B(hfip)4]* : C-H bond breakage at the level of theory;
p g Yy
[B(pftb)4]*> : B-O bond breakage at the BSLYP-D3BJ level of theory.
These geometrical differences can partially account for the energy discrepancies seen be-

tween the two different levels of theory.

4.2 Decomposition pathways through Al-O/B-O bond breakage
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Figure 5.11: Mgt[Al(tfip)s]  decomposition pathway through Al-O bond breakage
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Figure 5.12: MgT[Al(tftb),]” decomposition pathway through Al-O bond breakage
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Figure 5.13: Mg'[Al(hfip)s]~ decomposition pathway through Al-O bond breakage
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Figure 5.14: Mg™[Al(hftb)4]” decomposition pathway through Al-O bond breakage
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Figure 5.15: Mgt[Al(pftb)4]” decomposition pathway through Al-O bond breakage
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Figure 5.16: Ca™[Al(tfip),]~ decomposition pathway through Al-O bond breakage
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Figure 5.17: Ca™[Al(tftb),]” decomposition pathway through Al-O bond breakage
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Figure 5.18: Ca™[Al(hfip)4]” decomposition pathway through Al-O bond breakage
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Figure 5.19: Ca™[Al(hftb)4]” decomposition pathway through Al-O bond breakage
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Figure 5.20: Ca™[Al(pftb),]” decomposition pathway through Al-O bond breakage
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Figure 5.21: Mg " [B(tfip)s]~ decomposition pathway through B-O bond breakage
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Figure 5.22: Mg"[B(tftb),]  decomposition pathway through B-O bond breakage
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Figure 5.23: Mg ' [B(hfip)s]  decomposition pathway through B-O bond breakage
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Figure 5.24: Mg [B(hftb),]~ decomposition pathway through B-O bond breakage
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Figure 5.25: Mgt [B(pfth)4] decomposition pathway through B-O bond breakage
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Figure 5.26: Ca™[B(tfip);]  decomposition pathway through B-O bond breakage
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Figure 5.27: Ca™ [B(tftb)s]  decomposition pathway through B-O bond breakage
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Figure 5.28: Ca™[B(hfip)4]” decomposition pathway through B-O bond breakage
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Figure 5.29: Ca™[B(hftb),]” decomposition pathway through B-O bond breakage
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Figure 5.30: Ca™[B(pftb),]” decomposition pathway through B-O bond breakage

4.3 Decomposition pathways through C-O bond breakage

Note that for Mg [Al(tfth)4] ", a local minimum that corresponds to the product from C-O
bond breakage was not found within the level of theory employed.
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Figure 5.32: Mg'[Al(hfip),]  decomposition pathway through C-O bond breakage
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Figure 5.33: Mg'[Al(hftb)4]” decomposition pathway through C-O bond breakage
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Figure 5.34: MgT[Al(pftb)4]  decomposition pathway through C-O bond breakage
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Figure 5.35: Ca™[Al(tfip)s]~ decomposition pathway through C-O bond breakage
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Figure 5.36: Ca™[Al(tftb)s]  decomposition pathway through C-O bond breakage
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Figure 5.37: Ca™[Al(hfip)s] decomposition pathway through C-O bond breakage
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Figure 5.38: Ca™[Al(hftb),]  decomposition pathway through C-O bond breakage
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Figure 5.39: Ca™[Al(pftb)4]” decomposition pathway through C-O bond breakage
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Figure 5.40: Mg ™ [B(tfip)s]  decomposition pathway through C-O bond breakage
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Figure 5.44: Mg™[B(pftb),]” decomposition pathway through C-O bond breakage
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Figure 5.49: Ca™[B(pftb)4]  decomposition pathway through C-O bond breakage
4.4 Decomposition pathways through C-F bond breakage

If not shown here, the C-F bond breaking decomposition pathway can be found as the first
step in the C-O bond breaking decomposition pathway as shown in Sec 4.3.
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Figure 5.50: Ca®[Al(hftb),]~ decomposition pathway through C-F bond breakage
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Figure 5.51: Ca™[Al(pftb)4]” decomposition pathway through C-F bond breakage

209



Chapter 5

AG(eV)

000 - 0.48

Struct 2
-1.74

Figure 5.52: Mg"[B(hftb),]” decomposition pathway through C-F bond breakage
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Figure 5.53: Mg"[B(pftb)4] decomposition pathway through C-F bond breakage
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Figure 5.54: Ca™ [B(hftb),]” decomposition pathway through C-F bond breakage
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4.5 Results from CaOR-B(OR)3 separation for borates
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Figure 5.56: Barrier analysis for borates from CaOR-B(OR)3 separation
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4.6 Results from EDA analysis
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Figure 5.57: EDA analysis of the interaction energy barriers between the four ligands for the B-O bond
breaking decomposition for borates
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Barrier EDA for ligands in aluminates (V)
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Figure 5.58: EDA analysis of the interaction energy barriers between the four ligands for the Al-O bond
breaking decomposition (T'S2) for aluminates

4.7 Electron affinities for A1(OR)3; and B(OR)3 complexes

The adiabatic electron affinity (EA), vertical attachment energy (VAE), and vertical detach-
ment energy (VDE) were computed for the AI(OR); and B(OR)3 complexes (OR = tftb,
hfip, hftb) at BBLYP-D3(BJ)/def2-SVP level of theory. The EA, VAE, and VDE follow the
definitions below.[37]
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VAE = E(optimized neutral) — E(anion at optimized neutral geometry)
VDE = E(neutral at optimized anion geometry) — E(optimized anion)

EA = E(optimized neutral) — E(optimized anion)
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Figure 5.59: Various electron affinity values for AI(OR)3 and B(OR)3

4.8 Spin density plots for structures along the Al/B-O bond

breaking decomposition pathways

For aluminates, TS1 and TS2 correspond to the two possible rate-limiting T'Ss as shown in
Figure 5.5(a) in the main text. In the detailed energy diagrams, SM, TS1, TS2, and PDT
correspond to Structl, TS2, TS3 and Struct4 in Figure 5.17, Figure 5.18 and Figure 5.19.
For borates, TS corresponds to the rate-limiting T'S as shown in Figure 5.5(a) in the main
text. In the detailed energy diagrams, SM, TS, PDT correspond to Structl, TS3, Struct4 for
Ca®[B(tftb),]  (Figure 5.27), and Struct1, TS1, Struct2 for Ca™ [B(hfip),]  (Figure 5.28) and
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Ca®[B(hfitb),]~ (Figure 5.29). The iso-surface for spin density at each geometry was plotted
at an isovalue 0.0004 (e/ Bohr?’). As can be seen from the spin density plots, for aluminates
the spin densities are partially transferred from Ca® to AI(OR)3 (mostly Al atom) at TS1
and fully transferred at TS2; for borates, the spin densities are partially transferred from
Cat to B(OR); (mostly B atom) at TS. The degree of charge transfer is larger for TS1 in
aluminates than TS in borates.

SM TS1 PDT

Figure 5.60: Spin density plot for Ca™ [Al(tfth)4]”
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SM TS1 TS2 O Al PDT

Figure 5.61: Spin density plot for Cat[Al(hfip),]~
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SM TS1 TS2 () w POT

Figure 5.62: Spin density plot for Ca*[Al(hftb),]”
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SM TS PDT

Figure 5.63: Spin density plot for Cat[B(tftb),]~
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SM TS PDT

Figure 5.64: Spin density plot for Ca™ [B(hfip),]~
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SM TS PDT

Figure 5.65: Spin density plot for Ca™ [B(hftb),]”

4.9 Computational and experimental details

4.9.1 Computational details

DFT calculations for decomposition pathways were performed using the QChem[49] 5.3 elec-
tronic structure code. Geometry optimizations were performed at the B3LYP-D3(BJ)[27-
29]/def2-SVP[44] level of theory, while single point energies at the stationary points were
obtained using the B3LYP-D3(BJ)/def2-TZVPPD[43, 44] level of theory with the C-PCM
implicit solvation model[45] using the dielectric constant and optical dielectric constant of
dimethoxyethane (DME). We used the lower level of theory for computational efficiency in
exploring the potential energy surface (PES); TS calculations are very cost prohibitive as they
often require numerous iterations, encounter convergence difficulties, and can require multiple
hessian calculations to successfully converge. Vibrational frequencies were computed at the
stationary points using the theory level that produced them (i.e. the lower level), as required
for obtaining the associated zero-point energies and thermal corrections. A procedure based
on taking small fixed-length steps in the steepest descent direction (the Euler’s method[50])
was performed to verify the T'Ss connect to the expected reactant(s) and product(s) through
a smooth energy-descent path.[51]
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For computing the oxidation/reduction potentials of the CIPs and the bare anions, we
employed two levels of theory for comparison. The first one is the same as what we used for
the reaction pathway calculations mentioned above, except that the C-PCM model was used
during geometry optimization because the involved dication or dianion species would not
usually remain stable in the gas phase. For the second level of theory, geometries were opti-
mized at the wB97X-D3[30]/def2-SVPD[44]/CPCM level of theory using the RIJCOSX[52]
approximation as implemented in the ORCA[53] 5.0.2 code, while single point energies were

obtained using the wB97X-D3/def2-TZVPPD/CPCM/RIJCOSX level of theory.

4.9.2 Experimental details

All experiments were performed using a dry box under an argon atmosphere. Perfluoro-
tert-butanol (pftb, Oakwood Chemical), 1,1,1,3,3,3-hexafluoro-2-methyl-2-propanol (hftb,
Sigma-Aldrich), 2-trifluoromethyl-2-propanol (tftb, Sigma-Aldrich), 1,1,1,3,3,3-hexafluoro-
2-propanol (hfip, Sigma-Aldrich), and 1,1,1-trifluoro-2-propanol (tfip, Sigma-Aldrich) were
purchased and dried over 3 A molecular sieves for two days before use. All solvents were
purchased from Sigma Aldrich and dried over 3 A molecular sieves. Mg(BHy), was purchased
from Sigma Aldrich and used as received. NMR, spectra were recorded on a 300 MHz Bruker
Avance spectrometer at ambient temperature. !B NMR spectra were referenced and locked
externally to BF; - Et50 solution in CDCl3 (§ 0 ppm).

The target Mg[B(OR),)s salts were synthesized in one pot using adapted procedures
similar to that of Mg[B(hfip),], and Mg[B(pftb),]s.[13, 54] In 20 mL borosilicate scintillation
vials, Mg(BHy)s powder (27 mg, 0.5 mmol) was dissolved in DME to form mixtures of 0.1M.
The solutions were cooled to -20 °C in a glovebox freezer loaded into aluminum heating
blocks. To the stirring, cooled mixtures were added the respective alcohols (ROH, 8.2 eq,
4.1 mmol), dropwise, at which point, very slow hydrogen evolution occurred. The reaction
mixtures were allowed to warm to room temperature until no evolution was observed. Each
reaction was stirred and heated to 60 °C overnight to ensure full conversion of borohydride
starting material. Leftover B-H borohydrides can be observed by non-decoupled !B NMR
with characteristic doublets, often between 0-20 ppm. Aliquots of each reaction mixture were
loaded into J-young NMR tubes and held at either room temperature or 75 °C for one week
before NMR spectra were recorded. In the reaction mixtures containing tftb, hftb, and pftb,
small amounts of solid precipitate were observed at the bottoms of the J-young NMR tubes.

Chemical shifts:

Mg|[B(tfip)4]2 :

(RT, 1 week) "B NMR (96 MHz, DME-in situ): ¢ 22.18 (minor), 4.73.

(75°C, 1 week) "B NMR (96 MHz, DME-in situ): § 22.22 (minor), 18.86 (minor), 9.51(d,
minor), 4.67 (s).

Mg[B(hfip),]> :

(RT, 1 week) "B NMR (96 MHz, DME-in situ): § 5.42.
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(75°C, 1 week) "B NMR, (96 MHz, DME-in situ): ¢ 5.39.

(RT, 1 week) "B NMR (96 MHz, DME-in situ): § 19.90.

(75°C, 1 week) "B NMR (96 MHz, DME-in situ): § 19.50.

(RT, 1 week) B NMR (96 MHz, DME-in situ): ¢ 17.50, 3.82.
(75°C, 1 week) "B NMR (96 MHz, DME-in situ): § 17.15, 3.46.
Mg[B(pftb)4]s :

(RT, 1 week) ''B NMR (96 MHz, DME-in situ): ¢ 21.33, 6.03.
(75°C, 1 week) "B NMR (96 MHz, DME-in situ): § 21.37, 6.04.

225



Chapter 5

Bibliography

John Muldoon, Claudiu B Bucur, and Thomas Gregory. “Quest for nonaqueous mul-
tivalent secondary batteries: magnesium and beyond”. In: Chemical reviews 114.23
(2014), pp. 11683-11720.

Pieremanuele Canepa et al. “Odyssey of multivalent cathode materials: open questions
and future challenges”. In: Chemical reviews 117.5 (2017), pp. 4287-4341.

Yaosen Tian et al. “Promises and challenges of next-generation “Beyond Li-ion” bat-
teries for electric vehicles and grid decarbonization”. In: Chemical reviews 121.3
(2020), pp. 1623-1669.

Bengt Elgquist and Margareta Wedborg. “Stability of ion pairs from gypsum solubility
degree of ion pair formation between the major constituents of seawater”. In: Marine
Chemistry 3.3 (1975), pp. 215-225.

Masaki Okoshi et al. “Theoretical analysis on de-solvation of lithium, sodium, and
magnesium cations to organic electrolyte solvents”. In: Journal of the Electrochemical
Society 160.11 (2013), A2160.

Nav Nidhi Rajput et al. “The coupling between stability and ion pair formation in
magnesium electrolytes from first-principles quantum mechanics and classical molecu-
lar dynamics”. In: Journal of the American Chemical Society 137.9 (2015), pp. 3411
3420.

Robert E Doe et al. “Novel, electrolyte solutions comprising fully inorganic salts with
high anodic stability for rechargeable magnesium batteries”. In: Chemical Commu-
nications 50.2 (2014), pp. 243-245.

Ivgeni Shterenberg et al. “Evaluation of (CF3S02) 2N-(TFSI) based electrolyte so-
lutions for Mg batteries”. In: Journal of The Electrochemical Society 162.13 (2015),
AT118.

Justin G Connell et al. “Tuning the reversibility of Mg anodes via controlled surface
passivation by H20/Cl-in organic electrolytes”. In: Chemistry of Materials 28.22
(2016), pp. 8268-8277.

226



Chapter 5

[10]

[11]

[12]

[19]

[20]

[21]

Justin G Connell et al. “Anion Association Strength as a Unifying Descriptor for the
Reversibility of Divalent Metal Deposition in Nonaqueous Electrolytes”. In: ACS
Applied Materials € Interfaces 12.32 (2020), pp. 36137-36147.

Jake T Herb, Carl A Nist-Lund, and Craig B Arnold. “A fluorinated alkoxyalumi-
nate electrolyte for magnesium-ion batteries”. In: ACS Energy Letters 1.6 (2016),
pp. 1227-1232.

Toshihiko Mandai, Yong Youn, and Yoshitaka Tateyama. “Remarkable electrochemi-
cal and ion-transport characteristics of magnesium-fluorinated alkoxyaluminate—diglyme
electrolytes for magnesium batteries”. In: Materials Advances 2.19 (2021), pp. 6283—
6296.

Zhirong Zhao-Karger et al. “A new class of non-corrosive, highly efficient electrolytes
for rechargeable magnesium batteries”. In: Journal of Materials Chemistry A 5.22
(2017), pp. 10815-10820.

Zhenyou Li et al. “Towards stable and efficient electrolytes for room-temperature
rechargeable calcium batteries”. In: Energy & Environmental Science 12.12 (2019),
pp. 3496-3501.

Abhinandan Shyamsunder et al. “Reversible calcium plating and stripping at room
temperature using a borate salt”. In: ACS Energy Letters 4.9 (2019), pp. 2271-2276.

Ka-Cheong Lau et al. “Widening electrochemical window of Mg salt by weakly coor-
dinating perfluoroalkoxyaluminate anion for Mg battery electrolyte”. In: Journal of
The Electrochemical Society 166.8 (2019), A1510.

Noel J Leon et al. “Room-Temperature Calcium Plating and Stripping Using a Per-
fluoroalkoxyaluminate Anion Electrolyte”. In: The Journal of Physical Chemistry C
(2022).

Zhonghua Zhang et al. “Novel Design Concepts of Efficient Mg-Ion Electrolytes to-
ward High-Performance Magnesium—Selenium and Magnesium—Sulfur Batteries”. In:
Advanced Energy Materials 7.11 (2017), p. 1602055.

Aobing Du et al. “An efficient organic magnesium borate-based electrolyte with non-
nucleophilic characteristics for magnesium—sulfur battery”. In: FEnergy & Environ-
mental Science 10.12 (2017), pp. 2616-2625.

Darren M Driscoll et al. “Rationalizing Calcium Electrodeposition Behavior by Quan-
tifying Ethereal Solvation Effects on Ca2+4 Coordination in Well-Dissociated Elec-
trolytes”. In: Journal of the Electrochemical Society 167.16 (2020), p. 160512.

Nathan T Hahn et al. “Concentration-dependent ion correlations impact the electro-
chemical behavior of calcium battery electrolytes”. In: Physical Chemistry Chemical
Physics (2022).

227



Chapter 5

[22]

[23]

[24]

[25]

[26]

[30]

[31]

Piotr Jankowski et al. “Development of Magnesium Borate Electrolytes: Explaining
the Success of Mg [B (hfip) 4] 2 Salt”. In: Energy Storage Materials (2021).

Z Lu et al. “On the electrochemical behavior of magnesium electrodes in polar apro-
tic electrolyte solutions”. In: Journal of Electroanalytical Chemistry 466.2 (1999),
pp- 203-217.

Seoung-Bum Son et al. “An artificial interphase enables reversible magnesium chem-
istry in carbonate electrolytes”. In: Nature Chemistry 10.5 (2018), pp. 532-539.

Kun Tang et al. “A stable solid electrolyte interphase for magnesium metal anode
evolved from a bulky anion lithium salt”. In: Advanced Materials 32.6 (2020),
p. 1904987.

Feilure Tuerxun et al. “Effect of interaction among magnesium ions, anion, and sol-
vent on kinetics of the magnesium deposition process”. In: The Journal of Physical
Chemistry C' 124.52 (2020), pp. 28510-28519.

Axel D Beck. “Density-functional thermochemistry. III. The role of exact exchange”.
In: J. Chem. Phys 98.7 (1993), pp. 5648-6.

Chengteh Lee, Weitao Yang, and Robert G Parr. “Development of the Colle-Salvetti
correlation-energy formula into a functional of the electron density”. In: Physical
review B 37.2 (1988), p. 785.

Stefan Grimme, Stephan Ehrlich, and Lars Goerigk. “Effect of the damping function
in dispersion corrected density functional theory”. In: J. Comput. Chem. 32.7 (2011),
pp- 1456-1465.

You-Sheng Lin et al. “Long-range corrected hybrid density functionals with improved
dispersion corrections”. In: Journal of Chemical Theory and Computation 9.1 (2013),
pp. 263-272.

Trevor J Seguin et al. “Elucidating non-aqueous solvent stability and associated de-
composition mechanisms for Mg energy storage applications from first-principles”. In:
Frontiers in chemistry 7 (2019), p. 175.

HS Lee et al. “The synthesis of a new family of boron-based anion receptors and
the study of their effect on ion pair dissociation and conductivity of lithium salts
in nonaqueous solutions”. In: Journal of the Electrochemical Society 145.8 (1998),
p. 2813.

Hannes Bohrer et al. “From unsuccessful H 2-activation with FLPs containing B
(Ohfip) 3 to a systematic evaluation of the Lewis acidity of 33 Lewis acids based
on fluoride, chloride, hydride and methyl ion affinities”. In: Dalton Transactions
44.16 (2015), pp. 7489-7499.

228



Chapter 5

[34]

[35]

Francis A LeBlanc et al. “Synthesis, Characterization, and Properties of Weakly Coor-
dinating Anions Based on tris-Perfluoro-tert-Butoxyborane”. In: Inorganic Chemistry
56.2 (2017), pp. 974-983.

Saul H Lapidus et al. “Solvation structure and energetics of electrolytes for multivalent
energy storage”. In: Physical Chemistry Chemical Physics 16.40 (2014), pp. 21941—
21945.

Eric D Glendening, Clark R Landis, and Frank Weinhold. “NBO 6.0: Natural bond
orbital analysis program”. In: Journal of computational chemistry 34.16 (2013),
pp. 1429-1437.

Jonathan C Rienstra-Kiracofe et al. “Atomic and molecular electron affinities: pho-
toelectron experiments and theoretical computations”. In: Chemical reviews 102.1
(2002), pp. 231-282.

Richard FW Bader and TT Nguyen-Dang. “Quantum theory of atoms in molecules—
Dalton revisited”. In: Advances in Quantum Chemistry. Vol. 14. Elsevier, 1981,
pp. 63-124.

Julia Contreras-Garcia et al. “NCIPLOT: a program for plotting noncovalent inter-
action regions”. In: Journal of chemical theory and computation 7.3 (2011), pp. 625-
632.

Erin R Johnson et al. “Revealing noncovalent interactions”. In: Journal of the Amer-
ican Chemical Society 132.18 (2010), pp. 6498-6506.

Tsong-Song Hwang and Yu Wang. “Topological Analysis of the Electron Density Dis-
tribution of Bis (diiminosuccinonitrilo) nickel, Ni (C4N4H2) 2: Comparison between
Experiment and Theory”. In: The Journal of Physical Chemistry A 102.21 (1998),
pp. 3726-3731.

Paul Lode Albert Popelier, FM Aicken, and SE O’Brien. Atoms in molecules. Vol. 188.
Prentice Hall Manchester, 2000.

Florian Weigend and Reinhart Ahlrichs. “Balanced basis sets of split valence, triple
zeta valence and quadruple zeta valence quality for H to Rn: Design and assessment
of accuracy”. In: Physical Chemistry Chemical Physics 7.18 (2005), pp. 3297-3305.

Dmitrij Rappoport and Filipp Furche. “Property-optimized Gaussian basis sets for
molecular response calculations”. In: The Journal of chemical physics 133.13 (2010),
p. 134105.

Vincenzo Barone and Maurizio Cossi. “Quantum calculation of molecular energies
and energy gradients in solution by a conductor solvent model”. In: The Journal of
Physical Chemistry A 102.11 (1998), pp. 1995-2001.

229



Chapter 5

[46]

[47]

[48]

[49]

[50]

[51]

Paul R Horn and Martin Head-Gordon. “Polarization contributions to intermolecular
interactions revisited with fragment electric-field response functions”. In: The Journal
of chemical physics 143.11 (2015), p. 114111.

Paul R Horn, Yuezhi Mao, and Martin Head-Gordon. “Defining the contributions
of permanent electrostatics, Pauli repulsion, and dispersion in density functional the-

ory calculations of intermolecular interaction energies”. In: The Journal of chemical
physics 144.11 (2016), p. 114107.

Paul R Horn, Yuezhi Mao, and Martin Head-Gordon. “Probing non-covalent in-
teractions with a second generation energy decomposition analysis using absolutely
localized molecular orbitals”. In: Physical Chemistry Chemical Physics 18.33 (2016),
pp. 23067-23079.

Evgeny Epifanovsky et al. “Software for the frontiers of quantum chemistry: An
overview of developments in the Q-Chem 5 package”. In: The Journal of chemical
physics 155.8 (2021), p. 084801.

Bruce C Garrett et al. “Algorithms and accuracy requirements for computing reaction
paths by the method of steepest descent”. In: The Journal of Physical Chemistry 92.6
(1988), pp. 1476-1488.

Xiaowei Xie et al. “Data-Driven Prediction of Formation Mechanisms of Lithium
Ethylene Monocarbonate with an Automated Reaction Network”. In: Journal of the
American Chemical Society 143.33 (2021), pp. 13245-13258.

Frank Neese et al. “Efficient, approximate and parallel Hartree-Fock and hybrid DFT
calculations. A ‘chain-of-spheres’ algorithm for the Hartree-Fock exchange”. In:
Chemical Physics 356.1-3 (2009), pp. 98-109.

Frank Neese et al. “The ORCA quantum chemistry program package”. In: The
Journal of chemical physics 152.22 (2020), p. 224108.

Jian Luo et al. “A stable, non-corrosive perfluorinated pinacolatoborate Mg electrolyte
for rechargeable Mg batteries”. In: Angewandte Chemie 131.21 (2019), pp. 7041-7045.

230



Chapter 6

Chapter 6

Conclusions and Future Work

231



Chapter 6

Computational modeling of battery chemistry is always filled with great promises and
challenges. There are so many parameters to be tuned only from the modeling perspective:
effects of electrolyte/salt/additive composition including both their identities and concen-
trations, electrode surfaces, cathode materials, etc. A slight change in a single parameter
could result in a change in microscopic properties such as the cation/anion solvation struc-
tures, the interfacial reactions, and the chemical composition of the surface film, which can
further affect the macroscopic properties such as ionic conductivity, electrical conductivity,
dielectric properties, viscosity, and those properties will eventually be linked to the overall
battery performance. During my doctoral studies, I have demonstrated how to apply data-
driven approaches to investigate battery chemistry, including the fundamental ML force field
development for handling species seen in such systems, the usage of a massive reaction net-
work with DFT data to probe interfacial reactions, and computational screening of novel
electrolytes.

Within chapters 2 and 3, I discussed the development of BpopNN, a physics-based ML
potential applicable to molecules with varying electronic states. ML approximations to DF'T
PESs are showing great promise for reducing the computational cost of accurate molecular
simulations, but at present, they are not applicable to large-scale simulations of battery elec-
trolytes or interfacial reactivities. An accurate description of long-range electrostatics and
charge transfer is needed to achieve this goal. BpopNN addresses a common problem for
most ML potentials based on local descriptors: they are not suitable for describing molecular
systems in which the local electronic structure is sensitive to the medium to long-range elec-
tronic environment. Conceptually, the method is based on approaching the true DFT energy
as a function of electron populations on atoms; in practice, this is realized with available
density functionals and CDFT. The new approach creates approximations to this function
with neural networks. These approximations thereby incorporate electronic information nat-
urally into an ML approach, and optimizing the model energy with respect to populations
allows the electronic terms to self-consistently adapt to the environment, as in DFT. The
effectiveness of this approach was confirmed with a variety of calculations on LinHn clusters
(chapter 2) and Li-organic systems (chapter 3). Interestingly, multiple SCF solutions can
also be obtained with BpopNN, making it capable of modeling CT excited states.

In chapter 4, a data-driven approach, i.e. an automated reaction network was used to
investigate whether LEMC or LEDC is the major organic component of the LIB SEI. The
data-driven, automated method is based on a systematic generation of relevant species using
a general fragmentation/recombination procedure which provides the basis for a vast thermo-
dynamic reaction landscape, calculated with DFT. The shortest pathfinding algorithms are
employed to explore the reaction landscape and obtain previously proposed formation mech-
anisms of LEMC as well as several new reaction pathways and intermediates. For example,
we identify two novel LEMC formation mechanisms: one which involves LiH generation and
another that involves breaking the (CH2)O-C(O)OLi bond in LEDC. Most importantly, we
find that all identified paths, which are also kinetically favorable under the explored condi-
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tions, require water as a reactant. This condition severely limits the amount of LEMC that
can form, as compared with LEDC, a conclusion that has direct impacts on the SEI formation
in Li-ion energy storage systems. The data-driven framework presented here is also generally
applicable to any electrochemical system and is expected to improve our understanding of
surface passivation.

Chapter 5 described a computational electrolyte design rationale for Mg/Ca-ion bat-
tery applications. The stabilities of the weakly-coordinating fluorinated alkoxyborate and
alkoxyaluminate salts are examined, based on "B NMR experiments (in collaboration with
Dr. Noel J. Leon at Argonne national laboratory) and DFT calculations of their redox poten-
tials and detailed reductive decomposition pathways involving the breaking of Al/B-O, C-O
or C-F bonds. The kinetic barriers for such decomposition pathways are obtained and they
are demonstrated to correlate well with their electrochemical performance for existing elec-
trolytes, e.g. Mg[B(hfip)sls, Ca[B(hfip)s]s, Mg[Al(hfip)s], Mg[Al(pftb)s]s, Ca[Al(pftb)]s.
Based on the decomposition kinetics, the hfip ligand for borates and the tftb ligand for
aluminates are identified as promising ligands for constructing the salt anions; the borate
prediction corroborates the success of the B-hfip salts. An important distinction between
borate and aluminate salts in the factors governing the Al/B-O bond breaking barriers is
also discussed, suggesting useful design rules for functional electrolytes.

Rechargeable batteries have already changed the world and are supposed to become
an indispensable part of a future zero-carbon society. With more computing power and
high-quality data becoming available, beyond conventional trial-and-error approaches, the
combination of experimental, theoretical, and data tools is strongly expected to establish a
data-driven research paradigm for exploring the nature of chemistry and designing functional
materials for next-generation energy storage applications.

There are many open directions for future research:
MD simulations with BpopNN

In this thesis, I presented the application of BpopNN for static calculations, i.e. structure
and energy prediction, reaction pathway analysis, etc. In the future, I intend to utilize the
NN potential to perform large-scale MD simulations. One ultimate goal is to simulate the
formation of the SEI with an ML force field that is capable of capturing possible reactivities
but at a much reduced computational cost than DFT. This could bridge the gap between
AIMD and classical MD simulations and afford fundamental insights into the atomistic-level
SEI formation processes.

Another interesting direction is to use BpopNN to conduct grand-canonical MD simula-
tions. BpopNN, unlike AIMNet or SpookyNet, can naturally deal with fractional number of
electrons. In AIMNet[1] and SpookyNet[2], separate NNs (or separate embeddings) are used
to predict the energies and forces for molecules at different integer total charge states. The
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target energy function for BpopNN, on the contrary, is defined for any possible (integer or
fractional) total charge/spin states, and a universal ML model is used for all the total pop-
ulation choices. In the field of battery simulations, we are naturally interested in the impact
of electrode potentials on ionic/electron transport and interfacial reaction mechanisms, be-
cause batteries are typically operated at a fixed potential. Indeed, a significant change in the
reaction profile was observed for the Li intercalation processes with the constant-potential vs
constant-charge approaches. [3] This could be a promising application of BpopNN although
some challenges need to be overcome, e.g., how to solve for the fermi energy of the electrode
within the ML force field.

It is also of interest to use BpopNN to conduct excited state dynamics in general. Lit-
erature is scarce on this topic, but there could exist electron transport processes in the SEI
formation that involve CT excited states. Very limited excited state interatomic potentials
are transferable to different compounds and excited states of different electronic characters.
[4, 5] ML functionals based on atomic electron populations like BpopNN have the potential
to achieve cheaper but widely applicable excited state ML interatomic potentials.

Improving the scheme for sampling training data

One reason that BpopNN is not yet applicable to large-scale MD simulations is the lack of
efficient sampling of structures. As a result, if the geometry encountered in MD simulations
falls out of the training regime, the energy and forces deviate a lot from the true values
(sometimes even lead to NaN), causing unstable MD trajectories or even unphysical struc-
tures. In order to tackle this problem, I need to go beyond the often-used method of using
geometry optimization and (or) MD trajectories to sample structures, but to incorporate
intelligent methods to actively search and selectively include useful reactive structures, such
as meta-dynamics[6] and active learning.[7] This is especially true for complex systems like
the SEI where higher energy parts of the potential energy surface are frequently seen in the
possible reactions.

Improving the physics in the ML model

The energy expression we used in BpopNN for incorporating long-range electrostatics (a
damped tanh function) is presumably too simple, especially considering the Becke populations
are not configured to optimally match the electrostatic potentials. Other charge schemes
(Hirshfeld,[8] Mulliken,[9] Restrained Electrostatic Potential (RESP) charges[10]) should be
tested and compared with Becke charges. More complicated functional forms can also be
developed to represent the correct long-range electrostatic behaviors.

The atomistic descriptor employed also needs improvement. Although SOAP[11] is a
successful descriptor in this field, it suffers from the loss of angular information when con-
tracting over m, inhibiting its overall expressive power of complicated geometries. Learnable

234



Chapter 6

descriptors[12] or equivariant features[13] are popular options to tackle this problem.

Investigating the impact of different electrolytes/additives/electrodes for the
SEI formation with the reaction network

In this thesis, I investigated the formation mechanisms of LEMC when using EC-based
electrolytes in LIB, with or without water participation. It is worthwhile to investigate how
the reaction mechanisms change with different electrolyte formulations, different additives
involved, etc. The effect of the electrode is also important, but it is currently only accounted
for through using different electron chemical potentials (to represent the different electrode
potentials) and no chemical reactivities involving electrodes are taken into consideration. For
a better description of the interfacial reactivities, we hope to incorporate the chemical nature
of the electrodes into the reaction network in the future.

Automating TS search for computational electrolyte design

TS searches are expensive and error-prone, especially for the kind of ion pairs for battery
research seen in chapter 5. This is presumably why kinetics are less used than thermodynam-
ics as metrics for screening promising electrolytes. Luckily, automated TS search tools exist,
e.g., AutoTS, [14] and it would be helpful if the TS search processes can be automated with
a high success rate for this kind of molecular clusters and thus rational electrolyte design can
be further accelerated. AutoTS is successfully used in our research group for kinetic Monte
Carlo simulations for the Li-anode SEI formation. [15]
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