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Abstract

The growing demand for high-energy-density and long-cycle-life lithium-based batter-
ies has intensified the need to understand and optimize the interfacial phenomena
that govern electrochemical stability, ion transport, cycling performance, and safety.
Among these interfacial phenomena, the solid electrolyte interphase (SEI) is of cen-
tral importance as it mediates Li-ion transport while passivating the electrode surface
and suppressing continuous electrolyte decomposition. The SEI is a thin, complex
layer formed through electrolyte decomposition at the electrode—electrolyte interface.
Despite its critical role, the SEI remains one of the least understood components of
electrochemical cells because of its chemical heterogeneity, structural complexity, and
dynamically evolving nature. These characteristics make direct experimental charac-
terization of Li-ion transport mechanisms within the SEI especially challenging. To
address this challenge, this thesis combines first-principles calculations and machine
learning approaches to investigate and model Li-ion diffusion processes in lithium-
based energy-storage materials, with particular emphasis on Li-ion transport through
the inorganic sublayer of the SEI.

The first part of this work focuses on the development of a generalized machine
learning framework, named the Machine Learned Diffusion Coefficient Estimator (ML-
DiCE), for predictive modeling of diffusion coefficients in multicomponent materials. A
large experimental diffusion-coefficient dataset covering impurity, self-, and chemical-
diffusion mechanisms in impure metallic and multicomponent alloy systems was cu-
rated and used to train Random Forest, Deep Neural Network, and Support Vector
Regression models. Through composition-aware feature engineering and systematic

hyperparameter optimization, the developed models achieved strong predictive per-
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formance, demonstrating the capability of data-driven approaches to capture complex
atomic diffusion behavior across diverse material systems. This work represents one of
the first systematic efforts to model diffusion coefficients in complex solid-state mate-
rial systems using machine learning techniques. The predictive framework and physical
insights developed from this study provide a foundation for extending data-driven dif-
fusion modeling toward Li-ion transport in SEI materials.

The second part of this thesis investigates Li-ion diffusion in inorganic SEI compo-
nents using density functional theory (DFT) combined with deep graph neural network
models. A comprehensive diffusion-coefficient dataset was generated using nudged elas-
tic band (NEB) calculations for eight major inorganic SEI components: LiF, LiCl, LiBr,
Lil, Li5 O, LisS, LizN, and Li;COg3. The dataset includes both grain and grain-boundary
diffusion pathways across homogeneous and heterogeneous interfaces. A path-aware
graph variational autoencoder (GVAE) was employed to learn latent representations
of diffusion trajectories, which were subsequently integrated into graph neural network
(GNN) models for potential-terrain-aware migration-barrier prediction. The combined
GVAE-GNN framework achieved strong predictive performance, with test-set R? val-
ues of 0.93 and 0.94 for grain and grain-boundary diffusion, respectively. The training
strategy enabled the model to learn features associated with the potential-energy ter-
rain governing Li-ion diffusion in both grain and grain-boundary systems. The analysis
revealed that Li-ion migration is governed not only by SEI chemistry but also by local
microstructural features such as exposed surface orientation, grain-boundary character,
and interfacial mismatch. These results establish a clear relationship between the struc-
ture of inorganic SEI components and Li-ion transport. It also suggest that suppressing
dendrite growth may require uniform Li-ion migration barriers and evenly distributed
migration channels across the inorganic sublayer of the SEI. Achieving this uniformity

depends on careful control of both phase composition and interfacial microstructure in
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SEI design.

Finally, this thesis explores MXene-assisted interfacial engineering as a case study
for stabilizing lithium-metal /SEI interfaces and regulating Li-ion flux. Using combined
DFT calculations and numerical descriptor analysis, Li-metal/MXene heterostructures
with different surface terminations were systematically screened. The study demon-
strates that mechanically optimized and electrochemically compatible MXene coatings
can form stable interfaces with lithium metal while promoting uniform ion transport
and minimizing interfacial distortion. In particular, ABC-stacked, Cr-based, fluorine-
terminated MXenes exhibited favorable adsorption energetics and enhanced interfacial
stability, indicating their potential as auxiliary SEI layers for Li-metal electrodes to
suppress dendrite growth and improve long-term electrochemical performance.

Overall, this thesis establishes integrated computational frameworks that combine
atomistic simulations, diffusion-coefficient modeling, and machine learning to acceler-
ate the understanding of ionic transport phenomena in SEI materials and guide the
rational design of stable SEI. The methodologies and insights developed in this work
provide a foundation for engineering SEI architectures through controlled ion transport,
optimized interfacial chemistry, and microstructural regulation, thereby enabling the
design of high-performance interfaces for next-generation lithium-based energy-storage

systems.
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Chapter 1

Introduction

1.1 Lithium-ion Batteries; State of the Art

Lithium-ion batteries (LIB), one type of metal ion batteries, are the gateway to reliable
and sustainable energy storage. Given the emerging scenario of electric vehicles (EVs),
where lithium-ion batteries are one of the integral parts, these greenhouse emissions
can be reduced by a great extent. Global sales of electric passenger vehicles are pro-
jected to surpass 10.5 million in 2022, which is about 4 million above the year-2021
level, the research firm Bloomberg NEF said in a recent report [1]. Despite being a
promising candidate, LIBs still need to be improved for far-reaching high energy den-
sity applications for high-mileage electric vehicle applications[2, 3]. The energy density
of the commercialized LIBs used in EVs ranges from 140 to 250 W-h kg=* [4, 5]. Apart
from the energy density, other properties of LIBs need to be improved, including relia-
bility, cost-effectiveness, and charging speed; in addition, factors affecting the thermal
runaways have to be optimized further.

The structure of a LIB is similar to any other electrochemical cell in that it has
a solid anode and cathode, and an electrolyte which could be either in a solid or lig-
uid phase [6, 7]. An illustration of major components of a typical LIB with their
relative thickness has been depicted in Figure 1.1. In contemporary LIBs, graphite

remains the most widely used commercial anode material due to its structural sta-



bility, low cost, and reliable cycling performance, though alternatives such as silicon
and silicon—graphite composites are increasingly explored for their significantly higher
theoretical capacities. On the cathode side, layered transition metal oxides domi-
nate, particularly LiCoO,, LiNi,Mn,Co,O, (NMC), and LiNi,Co,Al,O, (NCA), due
to their high energy density and well-established manufacturing processes[8]. More
recently, there has been a growing shift toward high-nickel NMC compositions and
cobalt-reduced or cobalt-free materials to improve capacity while lowering cost and
sustainability concerns. Additionally, LiFePO, (LFP) has gained renewed prominence,
especially in large-scale and electric vehicle applications, due to its excellent thermal

stability, long cycle life, and enhanced safety characteristics[9].

«

Anode current collector ( ~5 - 25 um)

Active anode material with binder ( ~100 - 400um)
Electrolyte Anode Seperator ( ~20 - 30 um)
Electrolyte ( ~30 - 90 pm)

Electrolyte cathode seperator ( ~20 - 30 um)
Active cathode material with binder ( ~70 - 320 um)

Cathode current collector ( ~5 - 25 um)

Figure 1.1: An illustration of different layers of a typical Lithium-based battery pack
with their relative thickness.

Despite the remarkable progress in LIB chemistry, the energy density of conven-
tional systems remains fundamentally constrained by the intercalation-based graphite
anode. In addition to this intrinsic limitation, the formation and evolution of the solid

electrolyte interphase (SEI) on electrode surface plays a decisive role in governing the



long-term performance, safety, and efficiency of lithium-ion batteries. The SEI, formed
via electrolyte decomposition at low potentials, acts as a passivating layer that en-
ables lithium-ion transport while suppressing further electrolyte degradation; however,
its instability and continuous growth often lead to capacity fade and increased cell
resistance.

To overcome the energy density limitations of conventional LIBs, lithium-metal
batteries have emerged as a promising next-generation technology. These systems
employ metallic lithium as the anode, owing to its ultrahigh theoretical capacity of
3860 mAh g~! and its lowest electrochemical potential of —3.04 V vs SHE. However,
this transition introduces critical challenges, including dendritic lithium growth, poor
cycling stability, and the formation of an unstable SEI. Therefore, understanding and
controlling interfacial phenomena in lithium-ion based battery systems has become

essential for enabling their safe and practical application.

1.2 Lithium-Metal Batteries: Merits and Demerits

Lithium-metal batteries (LMBs) are widely regarded as one of the most promising
next-generation energy-storage technologies because they can deliver significantly higher
energy densities than conventional lithium-ion batteries. Lithium metal possesses both
the highest theoretical specific capacity (3860 mAh g=!) and the lowest electrochemical
potential (—3.04 V vs SHE) among known anode materials. Despite these advantages,
the practical deployment of LMBs is severely limited by the instability of the lithi-
um/electrolyte interface. Lithium as an electrode lies at the most reducing end of the
electrochemical series and is therefore highly reactive toward electrolyte components.
As a result, spontaneous electrolyte decomposition occurs during cycling, leading to the

formation of a SEI, a chemically and structurally complex passive layer on the electrode



surface[10, 11]. Ideally, the SEI should electronically insulate the anode while allow-
ing fast Li-ion transport, thereby suppressing continued electrolyte decomposition. In
practice, however, the SEI formed on Li metal is often heterogeneous and mechanically
fragile, and it distributes Li ions nonuniformly across the electrode surface, undermin-
ing electrochemical performance. This results in uneven Li stripping and plating, low
Coulombic efficiency, continuous interfacial side reactions, and eventual capacity de-
cay. More importantly, spatial inhomogeneity in the SEI promotes nonuniform current
distribution and localized Li deposition, which can trigger uneven growth of Li-metal,
interfacial failure, and leads to cell short circuit. Although lithium electrode is an ideal
anode from a theoretical standpoint, the unstable nature of the SEI remains one of the
principal barriers to the practical realization of LMBs. Therefore, understanding and

controlling Li-ion transport through the SEI is critical for enabling stable LMBs.

1.3 Solid Electrolyte Interphase: Formation, Struc-
ture, and Function

The concept of SEI was introduced by Peled [12] in 1979 and later improved by Aurbach
et al. [13] in 1999. The major components of SEI are the precipitates of inorganic salts,
and together with the organic components this interphase plays an imperative role in
the cycling stability of anode[14]. Moreover, SEI has a significant role in ionic transport
through LIBs as this layer is permeable to Li-ions and prevents the tunneling of elec-
trons and electrolyte molecules between electrode and electrolyte, thereby providing
the electrochemical stability to the cell[15]. Nevertheless, this passive layer consumes
nearly 2 - 5% of active Li-ions for its irreversible formation and a few more percentages
in the subsequent cycles while resulting in the gradual fading of the capacity, Coulom-

bic efficiency, and the overall performance of the battery[16]. Further, the cracking



of SEI accelerates the lithium dendrite formation which leads to short-circuiting and
hence the thermal runaways of the battery pack. In short, SEI is a necessary layer for
Lithium-based battery systems that control battery lifespan, efficiency, and reliability.

The SEI is not limited to a specific electrode but is a ubiquitous feature in lithium-
based battery systems, forming on both anode and cathode surfaces as a result of
electrolyte decomposition. While the SEI is most prominently discussed in the context
of low-potential anodes such as graphite and lithium metal, analogous interfacial layers
also form on cathode surfaces, often referred to as the cathode electrolyte interphase
(CEI)[17]. These interphases originate from thermodynamic instability between the
electrolyte and electrode materials and evolve dynamically during electrochemical cy-
cling. Regardless of the electrode type, such interfacial layers play a crucial role in
regulating ion transport, suppressing continuous electrolyte degradation, and main-
taining electrochemical stability. However, their composition, structure, and stability
vary significantly depending on the electrode chemistry and operating conditions, mak-
ing their comprehensive understanding essential for improving the overall performance
and longevity of lithium-based batteries[18].

The major components of the SEI layer associated with lithium metal and graphite
electrodes are lithium fluoride (LiF), lithium oxide (Li2O), lithium carbonate (LioCO3),
lithium hydroxide (LiOH), lithium oxalate (LizC20y), lithium nitride (LiN), dilithium
ethylene glycol dicarbonate (CH,OCO,Li);Lis EDC, lithium methyl carbonate (LiOCO,CH3),
dilithium butylene dicarbonate (Li;BDC) and lithium ethyl carbonate (LiOCO,CyHs)
at temperatures in the range of 250-400 K[19]. SEI is generally modeled as a complex
multilayered mosaic-type structure with an inorganic inner layer close to the electrode
and an organic-porous-heterogeneous outer layer close to electrolyte[20]. There are
models such as 'two-layer-two-mechanism diffusion’ developed by Shi et al. [21], and

studies by Lu et al. [22] corroborate the multi-layer structure of SEI[23]. Since the



organic layer of SEI has a porous structure, Li-ion transport through this part can be
understood through Fick’s laws of diffusion and must be optimized to obtain a higher
ionic transport rate[21, 24]. Ionic transport through the inorganic layer of SEI varies
from component to component and is mainly carried out through vacancy diffusion,
concerted exchange, knock-off, and direct hopping mechanisms|[25]. Also, a substan-
tial Li-ion transport is also happening through grain boundaries of the aforementioned
inorganic components. Meanwhile, analysis of ionic transport through electrolytes
and separators shall be accounted for the complete understanding of ionic dynam-
ics in battery pack. There are many review articles available on the ionic transport
through separators including various solid and liquid electrolytes in Lithium-based
battery systems[26-32]. Further, SEI formation, growth, dendrite growth, properties,
functionalities, failure modes, and artificial SEI designs are well documented in the

past decades[33-35].

1.4 Complexity of the SEI: Chemical and Microstruc-
tural Heterogeneity

The formation of SEI is due to the redox reaction between electrolyte and electrode in
all LIBs. The structure and composition of this film are highly influenced by the sur-
face morphology of the electrode and the chemical composition of the electrolyte[36].
Electrochemistry of the formation reaction states that when the energy of the lowest
unoccupied molecular orbital of an electrolyte molecule stays lower than the highest
occupied molecular orbital of an electrode’s molecule, the electrons reduce the elec-
trolyte and forms a complex bi-layer on the surface of the electrode. Beginning from
the primitive work of Peled [12], a lot of advances have been contributed to obtaining

the modern picture of SEI. Up to this date, a promising model explaining the struc-



ture of SEI is the ‘the multi-component, multilayer structure’[37-40]. According to
this model, SEI is a two-layer thin film composed of an organic outer layer close to
the electrolyte and an inorganic inner layer close to the electrode. Figure 1.2 provides
a detailed illustration of SEI as described in the aforementioned model. During the
first charging phase, lithium ions from the cathode drift through the electrolyte and
get reduced by the anode along with a fraction of electrolyte molecules thus forming a
complex bi-layer on the anode. A very similar redox reaction also takes place on the
cathode surface and forms an SEI on its surface. SEI formed on lithium-based cathode
has been subjected to vigorous research activities in the last decade because it has a

direct influence on dendrite-growth and prevention measures[41-43].

Inorganic Organic
components components

Current collector

Electrode material
Inorganic sub-ayer
Organic sub-layer

Figure 1.2: A generic illustration of multi-component, bi-layered mosaic-model of SEI.
The inorganic part mostly composed of lithium halides, oxides, sulfides and carbon-
ates while inorganic part includes short-chain alkyl carbonates, poly-sulfides and poly-

meric species formed from reduction products of additives and organic solvents in
electrolyte[44, 45].

The nature of chemical components present in the inorganic layer of SEI depends
upon the electrolyte (along with the additives and stabilizers) and the electrode ma-

terial. A summary of the recently emerged LIB configurations and the associated SEI



components are listed in Table 1.1. Structural properties of the SEI depend upon
surface chemistry, temperature, voltage range during cycling, and cycling numbers,
wherein the time spent at low potentials is a crucial factor[46]. Generally, the in-
organic layer is composed of grains of LiF,Li;O,LiOH, Li;COg, and the lithium-ion
transport through this layer takes place through grains and grain boundaries of afore-
said components [47]. After the charging phase, a negligible fraction of electrons from
the anode tunnels through the formed inorganic layer reduces a fraction of the elec-
trolyte molecules, hence forms a thicker-porous-outer-organic layer. The components
of this layer are mostly organic complex molecules based on the chemical composition
of the electrolyte and additives[38].

The fabric of the inorganic layer associated with carbonaceous electrodes was put
forward by Peled, Golodnitsky, Menachem, and Bar-Tow[56]. They suggested that LiF,
LioCO3, LiCOs-R (R represents the organic species linked to the carbon atom), LiyO,
lithium alkoxides, and nonconductive polymers are the major components of this layer.
Later this fact was corroborated through surface analysis that the inorganic layer is
mainly formed by LiF, Li,PF,, PF,, Li;CO3 and Li;O, based on the cycling stage
and electrolyte’s chemical composition [57-60]. The phase of this inorganic layer was
revealed in a cryogenic electron microscopic study conducted by Zheng et al. [61], show-
ing that the nanocrystalline inorganic components, namely LiOH, Li;O, Li;CO3, and
LiF, are embedded as the amorphous organic phase. Shi et al. [21] have corroborated
the concept of conductivity across this layer and have postulated that the electronic
conduction is primarily obstructed by the inorganic constituents. However, they also
suggest that rapid Li-ion conduction is facilitated by Li;CO3 and LisO components.

In SEI, the organic and inorganic layers together serve as a dielectric membrane,
and its dielectric characteristics significantly influence uniform lithium deposition on

the electrode by maintaining a uniform current/potential distribution throughout the



Table 1.1: Recent advances in SEI components with their associated anode, cathode, and
electrolytes (2019 — 2022).

Cathode Electrolyte Anode SEI Components Comments

Li foil 1M LiTFSI in 1,1,2,2 -  Si—graphite Li2SO, and LigsN, SEI accommodates the volume

(thickness: tetracthoxyethane with  composite ! hydrocarbons, func- changes in Si/graphite electrode

0.25 mm) microporous polypropy- tional  groups such hence gives a good electrochemical
lene (Celgard 2325) and as H3C-0~ or performance. Also, the formed SEI
glass fiber as separators. —H2C-0-, —CO2, is smooth and continuous.

—CFs3, -0-C-0-
etc.[48]

Li-based 1.2M LiPFg in Pseudographite polyethylene oxide-type A specially synthesized graphite

cathode EC:EMC (3:7 w/w) polymers, alkyl carbon-  electrode (from ‘University of Idaho

ate (R — CH20CO2 —, thermolyzed asphalt reaction’) with
R - CH20CO2 — ) LiF, defects.

lithium alkoxide (R —

O -Li), LixPOyFz [49]

NMC622/ 1M LiPFg electrolyte  Graphite/super LiF, LiPFg, LioCO3, Li2COs, Li2O, and LixPOyFz are

CNT /su- in ethylene carbon- P/pvdf3 Li2O, LixPOyFz, car- the inner inorganic SEI compo-

per P/pvdf ate:diethylene car- bonate groups, oxy fluo-  nents and carbonate groups, Li2O,

2 bonate:ethyl methyl rophosphate group. [50]  and the oxy-fluorophosphate groups
carbonate; In a ratio of are the outer inorganic components
3:3:4 with SC1622 as stems from the electrolyte decompo-
the separator. sition.

Pure Li 1M LiPFg dissolved Graphite LiF, Li2COg3, compo- Celgard 2400 has been used as
in an ethylene carbon- nents on graphite sur- the separator. Also, here Fluorine
ate (EC) and diethyl face showing covalent atoms have been introduced on the
carbonate (DEC) CF bonds and semi- graphite surface using CF4 gas.
mixture(1:1 volume ionic CF bonds.[51]
percentage).

Li foil 1M LiPF6 in ethy- Graphite LiF, LiPxOyFz, LiF from either LiPFg or FI de-
lene carbonate (EC: LipCOs3, Li2O, composition, inorganic layer com-
dimethyl carbonate LiaSOy, ROSOzLi, posed of LiF, Li2SO4, ROSO2Li,
(DMC) (1:1, vol.) with LizS, Li2SO3 [52] Li2S, Li2SO3 and low concentration
glass microfiber filter as of Li2COs, Li2O and LixPFyOz.
the separator and Fluo- Outer layer with organic polymeric
rosulfonyl isocyanate as species.
the electrolyte additive.

Pure Li Adiponitrile/dimethyl Graphite LiF, ROLi, Li2oCO3z, ROLi form as a reduction product
carbonate-based  elec- organic carbonates, of DMC and deposits close to the
trolytes with lithium lithium carbide? groups  graphite surface. LiDFOB reduc-
bis borate or lithium such as SO372 and tion leads to a more protective SEI
bis imide and Freuden- polysulfur (or polysul- layer. The combination of LIDFOB
berg FS2026 non-woven fide) and decomposition ~ with FEC leads to low resistant SEI
polypropylene separa- products of lithium  with high LiF content.
tor. difluoro(oxalato)borate

(LiDFOB) with B-0O
bond[53]

NMC111 4 Fluorine-free electrolyte  Si—graphite Polymeric species  Forms a stable oxygen-rich SEI. Ca-
based on lithium  composite formed by VC, re- pacity fading occurs during long-
bis(oxalato)borate duction products of term cycles due to the higher
and vinylene carbon- the bis(oxalato)borate impedance across SEI while show-
ate(VC). anion.[54] ing good cycling stability at higher

temperatures.

NMA90 FEC and lithium  Graphite Inorganic layer of LiPFg ~ Forms passivation layer as SEI

4,5-dicyano-2-
(trifluoromethyl)imidazole
(LiTDI) in LiPFg-in-
EMC electrolyte.

and carbonate solvents
decomposition products
and organic layer with
LiTDI derived and N-
containing species.[55]

I Binder: lithium polyacrylate & LiF, Li2S, Li2S204, Li2SOs3.
21n a ratio of 94.0/0.75/3.0/2.25, and was cast onto an Al foil. The loading level is 15.84mg/cm? and thickness is 68um.
31In a ratio of 91.0/1.0/8.0 and deposited on Cu foil with a loading level of 8.55mg/cm? and thickness was 69um.

4 LiNi1/3Mn1/3Co1/302
5 LiNig.9Mng.05Alo.0502

evolved from fluoroethylene carbon-
ate. LiTDI decomposes and mod-
ifies the SEI layer, mitigates elec-
trolyte decomposition.



layer and suppressing lithium protrusions[62, 63]. Various types of dielectric break-
downs are reported in LIB (electrolytes, separators, and electrode materials have di-
electric characteristics). These breakdowns usually end up in thermal runaways. The
thermal runaways originating from SEI are particularly associated with the metastable
components present in the organic layer of SEI[64, 65]. Therefore, proper attention to
this layer shall be given when designing a battery pack. In addition to this, a ideal SEI
must have high elasticity, strong lithium-ion affinity, and hydrophilic properties, which
make them withstand the dielectric breakdown and prevents dendrite formation[66].
Furthermore, the consumption of active Li-ions (2 - 18%) during the formation of SEI
and successive cycles shall be optimized for the long term efficient cycling performance

of the battery.[67].

1.4.1 Recent Advances in SEI

Artificial SEI is a crucial and growing field related to LIBs, especially when designing
SEI with particular properties, such as the capacity to mitigate dendrite growth and
volume expansion of electrodes (in silicon based electrodes) and the ability to facilitate
fast and uniform ionic distribution to the electrode[68]. The need for the development
of an artificial SEI is significant when the naturally formed SEI degrades during the
cycling of the battery[69]. The initial concepts of artificial SEI put forwarded by Kim
et al. [70] in a work on the Kawasaki mesophase fine carbon electrode (KMFC). In
that work, the authors coated a Li;COj3 layer on KMFC electrode using PVdF as a
binder and found that artificial SEI provides good ionic conductivity and suppresses
the electrolyte decomposition. Later, Menkin et al. [71] proposed an artificial SEI

that stabilizes the structure of graphite and tin—copper anode on cycling, synthesized

10



through electropainting and vacuum-insertion techniques. Recent work of Luo et al.
[72] shows that LizN, popular for its high mechanical strength along with cellulose, is
a promising candidate for artificial SEI on lithium based electrodes. The cellulose was
introduced using nitrocellulose as an electrolyte additive, and their results demonstrate
a uniform lithium-ion distribution and suppression of dendrites growth on the lithium
electrode. In another work, Chen et al. [73] constructed an artificial inorganic SEI layer
composed of ZrO,, LioO, LisN, and LiNxOy rich with GBs on the surface of Li metal
and found that the resulting LiZrO(NO3),@Li electrode has a stable cycle life of about
550 hours at a high current density of 10 mAcm ™2 and mitigates dendrite growth.

A novel material derived from an elastic nano-parylene layer was found as a promis-
ing artificial SEI layer capable of handling large volumetric changes exhibited by Si
based electrodes. Specifically, parylene F and N are found to be very stable and com-
patible with the conventional carbonate-based electrolyte and have capacity retention
of greater than 75% after 480 cycles[74]. Gradient-type Li-rich artificial SEI has been
reported with a fast and stable ionic conductivity for polymer-based poly(ethylene
oxide)-lithium bis(trifluoromethanesulfonyl)imide composite solid electrolyte[75]. In
another study by Zhong et al. [76] states that lithium alginate-based artificial SEI over
lithium electrode exhibits a more stable lithium plating/stripping behavior along with
effective dendrite suppression and maintains capacity retention of about 94.0% coupled
with a Coulombic efficiency of 99.6 % after 1000 cycles at 4 C in a LiFePO,-Li full
cell. In a recent review on artificial SEI, Gao et al. [77] pointed out that artificial SEI
films containing the ceramic electrolyte provide excellent Li-ion transfer channels with
sufficient mechanical robustness that can mitigate the growth of lithium dendrites.
Their review concluded by stating that the rational design of polymeric materials with
high interactions between lithium-ions and lithium metal significantly suppresses the

lithium dendrite growth and side reaction between the electrolyte and lithium metal.
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In short, the challenges associated with unstable SEI formation, dendrite growth
on the anode (especially Li-metal electrodes), uncontrolled interfacial reactions, low
Coulombic efficiency (thus short cycling lifetime), and the volume expansion from the

anode end can be resolved to a large extent by designing an artificial SEL.

1.5 Scope and Objectives

The increasing demand for high-energy-density battery systems, particularly for appli-
cations such as electric vehicles and large-scale energy storage, necessitates not only
enhanced performance but also improved reliability and safety of lithium-based bat-
teries. While significant progress has been made from conventional LIBs to next-
generation LMBs, further optimization, particularly on developing high-energy density
batteries remains essential. Critical factors governing such battery systems includ-
ing performance, stability, and lifetime is the formation and evolution of the SEI on
electrode surface. As described earlier, this interphase forms spontaneously at the
electrode—electrolyte interface due to electrolyte decomposition and is inherently un-
avoidable in electrode-based battery chemistries. Despite its nanoscale thickness, the
SEI plays a pivotal role in regulating ion transport, preventing continuous electrolyte
degradation, and maintaining interfacial stability. Therefore, the design and control
of a stable and functional SEI is central to achieving reliable and high-performance
lithium-based battery systems across both existing and emerging technologies.

When examining failure mechanisms of SEI in battery systems, it is generally un-
derstood that SEI degradation can be categorized into three primary modes: thermal,
chemical, and mechanical. Thermal and chemical degradation are the dominant failure
modes for the SEI formed on graphite anodes in conventional lithium-ion batteries,

whereas mechanical failure is more prevalent in the SEI formed on silicon and lithium-
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metal electrodes.[78] Wherein especially, mechanical failure of the SEI associated with
lithium dendritic growth is a major challenge in developing high-energy density bat-
teries with Lithium metal electrode. In general, dendrite formation proceeds through
three stages: nucleation, growth, and penetration. Among these, the nucleation stage
is especially critical, as achieving spatially uniform nucleation is essential to prevent
dendrites from becoming formed.[78] One important factor that can trigger dendrite
nucleation is the accumulation of low-energy Li-ion diffusion channels at specific regions
of the electrode surface.[79, 80] This phenomenon with the repeated cycling amplifies
deposition inhomogeneities, leading to interfacial instability, and ultimately the growth
of filamentary lithium dendrites. Therefore, uniform Li-ion diffusion through the grains
and grain boundaries of the inorganic SEI is essential for stable lithium depositionFig-
ure and long-term battery operation.

Earlier computational studies on dendrite formation and SEI behavior have largely
focused on mapping Li-ion transport in a limited set of representative SEI compo-
nents. Most of these investigations rely on density functional theory (DFT), particu-
larly nudged elastic band (NEB) calculations, to determine Li-ion migration pathways
and activation barriers. A notable study by Ramasubramanian et al. [81] examined
LiF, Li,O, and Li;CO3 and demonstrated Li-ion transport through the grain bound-
aries of these phases. Their results showed that grain boundaries create multiple open
diffusion channels that facilitate faster Li-ion transport, with the highest diffusion rate
observed for the heterogeneous LiF/Li,O grain boundary compared with the corre-
sponding homogeneous LiF/LiF and Li;O/Li;O boundaries. However this work in-
clude a few selected diffusion pathways and limited surface terminations for a given
grain boundary. Similarly, Zheng et al. [82] investigated several ionic migration mecha-
nisms in bulk LiF, Li;COg3, LiOH, and Li;O. While this work attributed the relatively

fast Li-ion transport in LiF compared to other components, the broader transport
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picture within the SEI remains unaddressed, as the SEI is inherently an amalgam
of crystalline grains and grain boundaries. Soto et al. [83] reported, in their NEB
study of Li-ion diffusion mechanisms in the grains of LiF' and Li;COg, that among the
mechanisms considered—including knock-off, concerted exchange, vacancy diffusion,
and direct hopping—vacancy diffusion and knock-off are the most energetically favor-
able in these two components. FExisting studies of Li-ion transport in SEI materials
largely focus on one or a few components particularly about LiF, Li;O and Li;COg,
with relatively limited attention to the halide-rich SEI chemistry observed in modern
electrolytes.[84-87]. Also the studies incorporating grain boundary rich SEI model
concentrate only on a limited number of migration pathways within selected grains or
grain boundaries. This demands the need of an collective SEI modeling that include
grain and grain boundary diffusion in SEI through all reported SEI components and
their possible grain boundary configurations.

Building upon the identified research gaps in understanding Li-ion transport within
the complex, multicomponent, and grain boundary-rich morphology of the SEI, this
thesis aims to develop a comprehensive and data-driven framework to model diffusion
processes in SEI materials. Since the diffusion coefficient is the key physical parameter
governing Li-ion transport, the study begins with the development of a generalized
predictive approach by compiling and curating a sufficiently large dataset of experi-
mentally reported diffusion coefficients across material systems. However, due to the
scarcity of such data specifically for SEI components, this work further extends into
generating relevant physicochemical descriptors for SEI materials through targeted sub-
studies. These efforts enable the construction of machine learning models capable of
predicting diffusion behavior in complex SEI chemistry. Finally, guided by the design
principle that a stable SEI should promote homogeneous Li-ion flux through uniformly

distributed low-energy migration pathways, a focused case study on MXene-based in-
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terfacial systems is conducted. Using a combination of ab initio simulations and ma-
chine learning techniques, this study seeks to identify optimal MXene structures with
tailored surface terminations that can act as functional coatings on Li-metal electrode,
thereby stabilizing the SEI and enabling uniform lithium deposition for high-energy
density applications.

In short the overview of this thesis is summarized into three main bullet points as

described below;

e Development of a generalized diffusion coefficient modeling framework for multi-
component material systems, based on curated experimental datasets to establish

robust, transferable predictive capability.

e SEl-specific diffusion modeling, including diffusion coefficient data generation
and physicochemical feature engineering for SEI components, followed by the
development of deep learning models to predict Li-ion diffusion behavior within

the complex SEI environment.

e Design-oriented case study on MXene as an auxiliary layer for SEI, employing a
combined DFT and machine learning approach to identify optimized surface ter-
minations that promote uniform Li-ion transport and enable stable SEI formation

on L-metal electrode surfaces.

A illustration of workflow of the aforementioned three points along with the out-

comes is also given in Figure 1.3.
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Figure 1.3: Schematic representation of the thesis workflow for understanding and
engineering Li-ion diffusion in the SEI. The study begins with the development of a
generalized diffusion coefficient modeling framework for multicomponent materials us-
ing curated experimental datasets and machine learning approaches. This is followed
by SEl-specific diffusion modeling, involving targeted data generation, physicochemi-
cal feature engineering, and predictive modeling to capture Li-ion transport behavior
within the complex SEI environment. Finally, a design-oriented case study on MXene-
based interfacial coatings is conducted using combined DFT and machine learning
methods to identify optimized surface terminations that promote uniform Li-ion trans-
port and enable stable SEI formation.
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Chapter 2

Motivation and Background

2.1 Ionic Transport in the SEI Components

Ionic transport within the SEI is governed by diffusion processes driven by gradients
in chemical potential and constrained by thermodynamic and kinetic factors. How-
ever, the inherently complex and heterogeneous structure of the SEI-—often described
as a multi-layered or mosaic-like assembly of organic and inorganic phases—poses sig-
nificant challenges for directly probing Li-ion transport using experimental or in situ
techniques. Furthermore, Li-ion diffusion spans a wide range of time and length scales,
from localized atomic vibrations occurring on the order of 107! s to long-range trans-
port across grains, grain boundaries, and electrode interfaces that can extend over
several seconds.[88]

To achieve a comprehensive understanding of ionic transport in such a system, it
is therefore essential to analyze the transport characteristics of individual SEI compo-
nents and their interfaces. In this context, the mechanisms of ionic diffusion—broadly
referred to as ionic migration—are reviewed here for the major stable SEI constituents
reported in the literature.

Theoretical modeling of ionic transport is predominantly carried out using first-
principles-based computational methods. These approaches focus on identifying mi-

gration pathways, transition states, and associated activation barriers, which together
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determine diffusion kinetics.

The thickness of the SEI and the crystallographic nature of its constituent phases
play a critical role in determining ionic transport properties. Notably, Li-ion trans-
port in nanoscale SEI environments can differ significantly from bulk behavior.[89]
For instance, electrochemical impedance spectroscopy studies by Guo and Gallant [90]
have shown that the ionic conductivity and diffusivity of Li;O formed on Li metal are
several orders of magnitude higher than those measured in bulk pellet samples. This
enhancement is attributed to the distinct chemical environment, high defect density,
and unique microstructural features present within the SEI.

In addition to microstructural effects, ionic size and lattice compatibility strongly
influence diffusion mechanisms. Soto et al. [25] demonstrated that Li-ions preferentially
diffuse via interstitial mechanisms in Na-based SEI structures due to their smaller
ionic radius relative to Na*. Conversely, Na® ions tend to favor concerted-exchange
mechanisms in Li-based lattices. Such findings highlight the importance of lattice
geometry and ion size mismatch in determining dominant transport pathways.

The primary diffusion mechanisms in SEI components include vacancy-mediated
hopping, interstitial diffusion (direct hopping), and interstitialcy (knock-off) mecha-
nisms. These processes are mediated by point defects such as vacancies and interstitials.[25,
89]

In the interstitial mechanism, Li-ions migrate through available interstitial sites
without significantly perturbing the host lattice.[91] In contrast, the interstitialcy mech-
anism involves an interstitial ion displacing a lattice atom, which in turn moves into
a neighboring interstitial site. The concerted-exchange mechanism represents a coor-
dinated movement of multiple atoms, minimizing lattice distortion and bond breaking
during migration.[92] These mechanisms predominantly govern diffusion within crys-

talline grains, commonly referred to as bulk diffusion.
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A molecular simulations study by Borodin et al. [93] suggest that Li-ion transport in
certain SEI environments may resemble diffusion in a highly polar, liquid-like medium,
further emphasizing the dynamic and non-uniform polycrystalline nature of the SEI.
Given that the inorganic SEI layer is typically polycrystalline, ionic transport also
occurs along grain boundaries (GBs).[94] It is well established that Li-ion diffusion
along GBs can be several orders of magnitude faster than through the bulk lattice due
to increased free volume and structural disorder at grain boundaries.[95]

Many earlier studies have treated the SEI as a homogeneous medium, thereby over-
looking its heterogeneous-polycrystalline nature. There are also models such as that
proposed by Shi et al. [21] distinguish between organic and inorganic layers, suggesting
that diffusion in the outer layer can be described by Fick’s law based transport, while
transport in the inner layer remains less well understood. Notably, such models often
simplify the composition of the inner layer (e.g., assuming dominant Li;CO3), whereas
experimental evidence indicates that it consists of a complex mixture of inorganic
phases.

Crystalline defects play a crucial role in facilitating Li-ion transport within SEI
components. As summarized in Table 2.1, various defect types—including vacancies,
interstitials, and defect complexes—significantly influence diffusion pathways and ac-
tivation energies. It is well understood that defects enhance ionic conductivity by
increasing the availability of migration sites.[96]

At a given temperature, the equilibrium concentration of defects depends on both
the atomic structure of the material and its electronic properties.[97] In the context
of the SEI, defect populations are further influenced by the local electrochemical envi-
ronment, including the electrode potential and interfacial conditions.[98] Consequently,
understanding defect formation energies and migration barriers is essential for captur-

ing the full dynamics of ionic transport in SEI materials.
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In the following sections, the dominant defect types, their formation energetics,
and their associated diffusion mechanisms are systematically discussed for major SEI

components.

Table 2.1: Major inorganic SEI components are listed along with their most probable
defect types, diffusion mechanisms, and migration barriers.

SEI  inorganic Major defects Diffusion mechanism Migration energy
components barriers (eV)
LiF Schottky pairs [99] vacancy diffusion [25] 8.17
Li-ion vacancies [99] concerted exchange [25] 4.07
knock-off [25] 6.10
direct hopping [25] 5.96
LiyCO3 Li-ion interstitials [21] knock-off 0.67-1.07
Li-ion vacancies [21] direct hopping 0.92-1.32
vacancy diffusion [25] 0.28
concerted exchange [25] 1.60
LioO cation-Frenkel pairs [100] knock-off 1.10-2.50
Vacancy defect 0.30-1.00 [101]
Interstitial defect 0.60-1.20 [101]
LiOH Vacancy defect knock-off 0.20 [61]

Interstitial defect

2.1.1 Lithium fluoride

LiF is a stable component of SEI that forms from electrolytes containing fluorine. It
is one of the major components of SEI along with other components — Li,O, LiOH,
and Li;CO3. The stability property of LiF has been utilized for generating long-
lasting interphases because it forms highly stable interfaces with the electrolyte[102].
LiF is also well known for its temperature tolerance. For that reason, using it as
a major component of SEI improves the high-temperature cycle performance of the
battery[103]. It has been reported that LiF can be formed through the decomposition
of salt such as LiPFg [104-106] and LiTFSI[107, 108], additives such as fluoroethylene
carbonate, or via reactions involving trace HF[105, 109, 110]. Cao et al. [46] says
that it is challenging to predict the mechanism of LiF formation. Given the popular

precursors LiPFg and carbonates, they concluded that formulation of LiF at 1.5 V
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proceeds through a concomitant occurrence of both direct PFg  anion reduction and
electrocatalytic transformation of hydrogen fluoride (HF).

Most of the diffusion studies in LiF were performed using the first principles-based
methods. These studies are performed in two parts: (1) the concentration of defects
in SEI in contact with electrodes and (2) the transport of the dominant defects (e.g.,
Li vacancy)[99]. Pan et al. [99] have correlated the chemical potential of lithium with
the voltage of electrodes. This is a promising approach to model ionic transport as
defect properties are linked to an electrochemical parameter. Furthermore, Pan et al.
[99] analyzed ionic conductivity of a total of seventeen possible native defects with
their relevant charge states in LiF and concluded that the main defect type in the
intrinsic region was Schottky pair and in the p-type region was Li-ion vacancy (here,
the regions are defined to describe the main defect reactions with different electrodes).
They have also conducted a fruitful comparison between lithium and sodium ions in
terms of the defect properties in their respective SEI component and found that the
energy required to create defects in LiF is the lowest when Na ions replace Li ions due
to the smaller size of the lithium-ion when compared to the sodium ion. Besides that,
lithium ions in Na-based SEI components prefer a mechanism involving the migration
of the interstitial ion through the knock-off or direct hopping mechanism.

In 2018, Soto et al. [25] reported in their NEB study on defects that the diffusion
barrier of positively charged F-vacancy is 0.69 eV and negatively charged Li-vacancy
ranges from 0.57 to 0.60 €V in LiF. In the same work, the authors also mentioned
that Li-ion migration in LiF is much higher (0.73 eV) when compared to Li;O (0.15
eV) and Li;CO3 (0.23 eV to 0.49 eV). This finding has also been verified in another
work by Zheng et al. [61] in which they claim that the key reason behind this fast
transport phenomenon is because similar ions are being localized in the surrounding

environments between the initial state and transition state during the diffusion process.
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Figure 2.1: Diffusion profiles of the different ionic migration mechanisms for bulk (a)
LiF, (b) Li;COs3 (c) LiOH, and (d) Li»O. Respective models used for the calculation
have been given in the first row where the circles represent the lithium vacancies.
Reproduced with permission from reference [61] . Copyright 2021 The Royal Society
of Chemistry.

The Li-ion diffusion through bulk LiF also points towards a higher diffusion barrier as
shown in Figure 2.1 (a) with vacancy-assisted mode as the favorable mechanism of
diffusion.

Energy profile of the diffusion barrier for various mechanisms of Sodium-ion diffu-
sion through LiF has given in Figure 2.2 (a). Among the given mechanisms mentioned
in the figure, concerted exchange between two lattice positions has the lowest activa-
tion energy (4.07 eV). However, this mechanism requires a significant change in the
structure, resulting in a migration barrier of 3.32 eV. Due to this high barrier, it can
be inferred that Na diffusion through LiF is not very likely compared to its diffusion
through NaF. Also for the same diffusion process, the direct hopping mechanism was

found to have the lowest energy barrier (0.38 eV), whereas the knock-off mechanism
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Figure 2.2: Diffusion profiles of the different ionic migration mechanisms for (a) LiF,
(b) Li;CO3. Adapted with permission from reference [25]. Copyright 2018 American
Chemical Society.

had a slightly higher barrier (0.52 eV).

When examining the ionic conductivity of LiF, a strong correlation to the electro-
chemical environment can be deciphered. For instance, the ionic conductivity of LiF
is reported to be approximately 1073! Sem™! when it is in contact with a negative
electrode and it increases to 107'2 Sem™! on a positive electrode [99].

When investigating the ionic conductivity of LiF, a notable correlation with the
electrochemical environment becomes apparent. Specifically, it has been observed that
the ionic conductivity of LiF is approximately 103! Sem~! when it is in contact with
a negative electrode, and this value increases to 107!2 Sem~! when it is in contact with
a positive electrode. This finding highlights the significance of the electrochemical con-
ditions in which LiF operates, and emphasizes the importance of understanding the
diffusion properties based on the surrounding media in order to optimize the perfor-
mance of LiF-based SEI.

An NEB study on bulk LiF suggests that lithium vacancy-assisted diffusion is diffi-
cult to happen at room temperature due to the higher migration energy barrier (0.729

eV)[111]. Also, this migration barrier is much higher than the lithium-ion migration
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barrier in graphite (0.48 eV to 0.49 eV) [112].

LiF is well-known for its insulating properties when it is in an SEI environment.
Theoretical studies have shown that crystalline LiF has a wide band gap of 10.8 eV,
which effectively prevents electronic tunneling through its lattice. Experimental mea-
surements, however, have shown the band gap to be even wider at 14.1 eV. The elec-
tronic density of states depicted in Figure 2.3 provides further evidence of this insulating
behavior. These findings highlight the importance of the unique electronic properties

of LiF, particularly in the context of its presence in LiF[61, 99].

2.1.2 Lithium carbonate

Lu and Harris [23] provided a brief summary of their TEM, HRTEM, and XPS studies,
outlining the presence of Lio,COj3 as one of the stable components of the SEI. They noted
that the inner inorganic layer is dense, and that the primary component is crystalline-
monoclinic Li,CO3. In a separate study, Shi and Lu reported the presence of Li;COs3
on both cathode and anode surfaces, and suggested that Li-ion interstitials are the
primary carriers of Li-ions in the voltage range of 0 — 0.8 V/Shi et al. [21].

In a follow-up study utilizing DFT calculations, they found that excess Li-ion in-
terstitials (below 0.98 V') and Li-ion vacancies (above 3.98 V') are the primary diffusion
carriers in Li,CO3. Both carriers are equally dominant within the voltage range of 0.98
-3.98 V. Additionally, they observed that Li* interstitials are the dominant diffusion
carriers in Li;CO3 on the anode (graphite), whereas Li* vacancies play this role on the
cathode (NCA).

A study conducted on bulk Li;COj3 that formed on graphite anode, identified five
crystallographically distinct migration pathways generated on a vacancy defect. The
study showed that the lowest energy barrier is approximately 0.227 eV, while the high-

est energy barrier is approximately 0.491 eV. This indicates that Li-ions can rapidly
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diffuse through the Li;CO3 compound when vacancies are present in the lattice. Ad-
ditionally, Figure 2.1 (b) in the study supports this finding, displaying a migration
barrier of 0.21 eV. The study also determined that direct hopping is the energetically
favorable mechanism for diffusion in bulk LioCOs.

The energy profiles for various mechanisms of diffusion of Sodium-ion through
Li,COg are given in the Figure 2.2 (b). The said figure depicts the knock-off mecha-
nism as an easy way of ionic diffusion through Li,COj3 with less energy expenditure.
Further, the underlying mechanism of the interstitial diffusion is knock-off mechanism,
which is controlled by the coordination number with Oxygen anions rather than by
the size of the open channels in Li;COjz [21]. This mechanism generally applies to
ionic conductors with isolated polyhedral anions or layered tetrahedral networks [21].
In addition to this, Iddir and Curtiss [113] has reported that vacancy-mediated Li-ion
diffusion is negligible when compared to the interstitial Li-ion diffusion along the (010)
plane of Li;COg3 through which an easy migration occurs with an energy barrier of 0.28
eV.

Although Li;COj3 contributes to strong mechanical rigidity of the SEI with a me-
chanical strength range of 192 to 330 M Pa, its effect on Li-ion transport is still
uncertain[114]. Some studies suggest that crystalline LioCOyj is a typical Li-ion conductor[115].
A previous study by Zhang and colleagues demonstrated that doping Li;CO3 with
Li3POy4 can enhance its ionic conductivity for temperatures up to 400°C[116]. How-
ever in 2004, Zhuang’s research group has shown strong evidence of particle isolation
that resulted from the formation of Li,COg3 on LiNi;_,Co,Al,Oy (NCA) particles[117].
In their study, some NCA particles could not be lithiated/delithiated after the surface
was covered with LipCOg; however, it is not clear if this was a result of Li;COg3 blocking
Li-ion transport or electronic tunneling [118].

Furthermore, Li;COj3’s lithiophobic nature is still evident in certain garnet com-
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posite electrolytes such as PLLA electrolyte, where removing Li;COj from its continu-
ous conductive interlayers leads to higher Lithium-ion carrier concentration and faster
Lithium-ion transport[119].

Meanwhile, the electronic band gap data of Li;COg3, which is theoretically 7.07 eV

and experimentally 7.5 eV, indicates that it exhibits electronic insulating behavior[15].

2.1.3 Lithium hydroxide

LiOH has a unique tetragonal layered-like crystal structure with the P4nmm space
group, with Lithium-ions occupying the central sites of the layered-like structure while
the OH groups are vertically connected with the layer structure. Electrically, LiOH
is an insulator with a band gap of 5.481 eV. It is formed in lithium-ion batteries
through the reaction between LiPFg salt and trace amounts of moisture in the battery
electrolyte, and can also form from the reaction between Li,O with water[120, 121].
The presence of LiOH in the SEI is well-established, and it is primarily found in aged
electrodes, likely due to the reaction of water with the methoxide and oxalate[122].
The presence of LiOH in the SEI plays a critical role in forming a protective layer on
the surface of the anode, which prevents further electrolyte reduction and degradation
of the electrode material.

Research has shown that bulk phase LiOH has the lowest migration barrier, es-
timated at 0.20 eV, and tends to prefer diffusion via the knock-off mechanism (as
illustrated in Figure 2.1 (c¢)). This mechanism is initiated by the diffusion of Li-ion
located at the interstitial site along the [001] direction, while simultaneously knocking
off an existing Li-ion from the lattice site, leading to the transition state. Compared
to other bulk diffusion mechanisms, LiOH also exhibits faster diffusion (with a diffu-
sion coefficient of 9.236 x 107% ecm? s7! at 300 K'), similar to that observed in LiF.

Furthermore, adsorption studies using Bader charge and differential charge density
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Figure 2.3: Total electronic density of states and the crystal structure of (a) LiOH, (b)
Li»O, (c) LipCO3, and (d) LiF. The dashed line indicates the location of the valence
band maxima, which is set to zero.Reproduced with permission from reference [61] .
Copyright 2021 The Royal Society of Chemistry.

have indicated a significant charge transfer between the Li adatom and LiOH, which
is greater than those observed in LiF, Li;COg3, and Li;O. This supports the bonding

nature between the lithium and oxygen atoms in LIOH[61].

2.1.4 Lithium oxide

Li,O is an active participant in SEI with an antifluorite crystal structure, which forms
when low-voltage anodes come into contact with solid or liquid electrolytes containing

oxygen[123]. Li-ion migration via knock-off, direct-hoping and vacancy assisted has
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been reported in Li;O and their corresponding energy profile is illustrated in Figure 2.1
(d). The dominant intrinsic defects in LioO are cation-Frenkel pairs, which consist of
an interstitial Lit and a negatively charged vacancy, according to Chadwick et al. [100].
Ionic migration in fluorite-structured materials is typically associated with thermally
induced Frenkel-type disorder at temperatures below the melting point[124]. The ionic
conductivity of LiyO is therefore moderately low (~ 107'% S/cm at room temperature),
similar to that of Li2CO3 (~ 107® Sem™1), but it can be increased through appropriate
doping[101, 125]. A change in activation energy is consistently observed at 650-800°C
and conductivity is insensitive to doping beyond this temperature region. However,
Lorger et al. [101] reported that ionic conductivity in Li;O is relatively insensitive to
doping for a temperature range of range 250-900°C, due to the low solubility of most
plausible dopants. In their defect chemical model of Li;O, they also mentioned that
the electronic conductivity is much lower than the ionic conductivity at least under
oxidizing conditions, which helps reduce the growth rate of SEI layers over anodes.
They concluded the findings by putting forward a controversial fact that, while ionic
transport is too slow in bulk Li;O, the Li;O present in SEI exhibits a faster ionic
conductivity. This fact could stem from the collective action of other SEI components
and the presence of more GBs, where faster Li-ion transmission occurs.

In more detail, the faster diffusion of vacancies in Li;O may result from lithium
vacancy-assisted migration along the cubic edges where Li atoms are located at the
corners of the simple cubic structure, as illustrated in Figure 2.4. The activation energy
for edge-oriented migration (0.152 eV) is much lower than that for migration over the
face or body diagonals[111]. In addition, the vacancy is located in an octahedral void
surrounded by six other lithium atoms (three on top and three on bottom), enabling
vacancies along the cubic edges to diffuse rapidly in a three-dimensional network.

In a related study, Guo and Gallant [90] investigated the ionic migration through
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Figure 2.4: (a—c) are energy profiles of different migration pathways of single lithium-
ion migration in Li;O. (d) illustrates the cubic structure and migration pathways,
marked with arrows. Red and green spheres are O and Li atoms, respectively, and
the white sphere indicates the Li vacancy position. Adapted with permission from
reference [111]. Copyright 2011 American Chemical Society.
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the solid-state Li;O interface on the lithium cathode end. Their research found that
the formation temperature significantly influences the transport parameters of LiyO
due to the emergence of larger grains and the decrease in grain boundary density
resulting from the higher reaction temperature. Furthermore, they reported that the
ionic conductivity and diffusivity of Li;O on lithium are several orders of magnitude
higher than the values obtained through bulk pellet measurements. This observation

is similar to that of Li;O present in the SEI formed on the anode.

2.2 Crystalline factors affecting the ionic migration

in SEI

2.2.1 Crystal Growth Surfaces

The formation of ionic migration channels in the inorganic sublayer of SEI is greatly
affected by the crystallographic planes of constituent components and their correspond-
ing directions. Typically, planes with lower surface energy are formed. As a result, the
grain boundaries of components in the inorganic sub-layer typically consist of planes
with the lowest surface energy. Furthermore, crystal planes with a larger specific sur-
face area hence have more exposed planes are beneficial for facilitating rapid transport
of Li-ions.[126]. Additionally, the formation of SEI is influenced by the surface energy
and stability of the cathode/anode material.[127]. Studies have shown that certain
planes ({111} and {110}) of Mn spinel cathode with a truncated octahedral shape
exhibit enhanced Li-ion diffusion, resulting in improved cycling properties[128-130].
Another notable correlation between ionic migration with planes and directions has
been demonstrated in a study conducted by Shi et al. [118]. According to the study,

the diffusion of Li™ and Li~ in Li,COj3 results in the formation of a lithium Frenkel pair
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when their distance is approximately between 3 to 5 A on the same (100) plane. The
motion of the interstitial and vacancy in the formed Frenkel pair is highly correlated
along [010] in the (001) plane. Another DFT-based study by Iddir and Curtiss [113],
found that the activation energy for Li-ion diffusion across the plane of Li,COj3 was
0.60 eV, which is higher than that for the diffusion along the open channels (0.28 eV)
in the [010] directions. This indicates that the diffusion of Li-ions across the plane of
Li,COs is slower compared to the diffusion along the open channels. Their subsequent
research on the same topic revealed that the energy barriers for Li* ion to hop through
the open channel and for a neutral Li vacancy to move along [001] are 0.28 eV and
0.23 eV, respectively. Islam and Bredow [131] conducted a study that showed a similar
trend in other SEI components as well. According to their investigation, the most
likely migration pathway for Li* in Li,O on its (111) plane is a zigzag pathway, rather
than a straight line along a direction parallel to the surface plane, with an activation
energy of 0.25 eV.

For further reference, the surface energies for selected planes of various SEI compo-
nents have been listed in Table 2.2. All the data in Table 2.2 have been validated with
VASP to check the consistency of the data. In addition to this, the surface energy of
unexplored components has also been added to the table. The trend in the table shows
that the most stable crystal surface for LiF, Li;COg, and LiOH, is (001), and it is (111)
for Li;O. Also, it is clearly visible that the surface energy of slabs with non-zero dipole
terminations (Ex: (111) surface of LiF, (100) surface of Li,O, and (001) surface of

LiOH) is higher when compared to the slabs with zero dipole symmetric terminations.

2.2.2 Grain Boundaries

Li-ion transport through GBs is faster than migration through lattice spaces. In a

study on GBs conducted by Chen et al. [73], it was shown that LisN based SEI films
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Table 2.2: Surface energy of all possible orientations of crystallographic planes of reported
SEI (inorganic) components.

SEI compo- Surface ori- Surface energy Theoretical - Experimental

nents entation per atom DFT (meV/A?)  (meV/A?)

LiF (001) 18.97 20[132]
(110) -4.82 46.09 49[132]
(111) 56.40 55[132)]

Li,CO3 (001) PS” 11.23 [133]
(110) -6.37 PS” 13.47[133]
(110) PS” 35.57[133]

Liy Oy (0001) PS” 41[134]
(1100) -4.86 PS” 52[134]
(1100) PS” 105[134]

Li,O (100) 74.78 75[135)
(110) -4.78 57.00 56[135]
(111) 29.25 30[135]

LiOH (001) 160.28 13[136]
(100) -5.09 21.46 16.22[136]
(111) 30.35 N.A

LiN (100) 127.23 N.A
(110) -3.73 40.51 N.A
(111) 38.22 N.A

LiyS (100) PS” 52[137]
(110) -4.07 32.60 33 [137]
(111) 22.52 21 [137]

* Polar surface termination: The conventional method used to calculate surface energy is
not efficient for polar surfaces because of its inability to decouple the two inequivalent
surfaces generated. Polar surface termination can be treated as compensating the charge
by capping with foreign atoms to satisfy the electron counting rule, hence nullifying the
polarity of exposed surfaces.
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rich in GBs on the surface of Li metal exhibit enhanced rate performance and long-
term cycle stability without dendrite formation. Similar to this, work on La—LiF
interface suggests that the GB with a stable vacancy structure and a smaller transport
energy barrier facilitates efficient Li-ion migration in the interface system[138]. Another
remarkable comment on this is from the work of Zhang et al. [139], in which they
state that abundant heterogeneous GBs among LiF, LiN,O,, and Li;O contribute to
uniform and rapid diffusion of Li-ions through SEI, which guarantees uniform Lithium
deposition.

A recent work of Ramasubramanian et al. [140] demonstrates the Li-ion transport
through GBs of LiyO, LiF, and Li;COg, in which they clearly mentioned that a faster
lithium diffusion occurs through numerous open channels formed by the GBs. Particu-
larly, their DFT studies shows that the fastest Lithium diffusion rate is observed in the
heterogeneous LiF/Li;O GB, compared to the homogeneous LiF /LiF and Li,O/Li,O
GBs. In terms of electronic transport, their studies suggest that achieving a dense
SEI structure with well-ordered grain boundaries (GBs) and sharp interfaces is essen-
tial to maintain electronic passivity, which in turn helps suppress dendrite growth and

electrolyte reduction.Feng et al. [141].
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2.3 Battery components affecting the structure of

SEI

2.3.1 Binders

Binders ensure the cohesion of the active material (electrode) particles to the current
collector plate while being electrochemically stable. The popular binder used in Li-ion
batteries are polyvinylidene fluoride (PVdF) and carboxymethylcellulose sodium salt
(CMC); wherein CMC is found as an excellent binder for carbonaceous as well as non-
carbonaceous silicon-based electrodes[142]. In addition to this, CMC has a beneficial
role in the irreversible capacity of a graphite electrode and helps form a stable SEI with
a low carbon content[143]. When it comes to the PVdF, which is also a good binder
but cannot endure the substantial volume changes on lithiation and hence cannot be
used in silicon-graphite based electrodes[144].

Binder material chemistry influences the formation of SEI. Chai, Qu, and Zhang
have reported that the presence of less reductive species in SEI during the first cycle
significantly improved the coulombic efficiency of their newly proposed chitosan-based
electrode when compared to the conventional PVDF-based anode[145]. The selection
of a polymer binder, such as carboxymethyl cellulose (CMC) or polyvinylidene fluo-
ride (PVdF), has a noteworthy impact on the irreversible deformation of the electrode,
which implies that the formation and growth of the SEI layer is influenced by the
polymer binder[146]. Similarly, Nafion — a binder additive has been reported as opti-
mizing the morphology and structural stability of the SEI[147]. These studies point

towards the fact that SEI’s structure can be influenced by the chemical composition
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of the binder and its physical properties. In short, the development of an efficient
binder material that is compatible with the SEI is inevitable for developing a stable

and efficient battery pack.

2.3.2 Separator

The separator is the packing component in LIBs that serves as the boundary be-
tween the electrode and electrolyte and stays very close to the SEI. The position of
the separator and its relative thickness is shown in Figure 1.1. The separator pro-
vides structural integrity to the battery pack in such a way that it serves as a rigid,
selectively permeable wall between the cathode, electrolyte, and anode. A good separa-
tor should have properties including good porosity, temperature tolerance, mechanical
strength, and chemical inertness toward the battery components. Moreover,this thin
layer (thickness ~ 20-30 um ) facilitates the ionic shuttling through its micropores
between electrodes[148, 149]. The role of a separator in a battery is to prevent the
internal short circuit arising from various reasons, such as dendrite growth, leakage of
liquid electrolytes, and extrusion of metal electrodes [150]. For safety reasons, most
separators are multilayered, designed with a circuit breaking feature, where certain lay-
ers have different phase transition temperatures. As the temperature of a cell increases,
the lower melting component melts and seals the pores of the adjacent separator layer
and stops the ionic transport, hence the current flow in the battery pack[150]. Gener-
ally, there are three classes of separators based on their synthesis mode and porosity,
which are (1) composite separators — synthesized by coating organic/inorganic mate-
rials on the surface of commercial polyolefin, (2) nonwoven separators — prepared by
reinstating organic or inorganic materials inside or on the fiber surface of commercial
polyolefin, and (3) the porous separators prepared by solution casting method[151]. A

work on ultrathin multilayers of commercial PE separators made with polyacrylic acid
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and ZrO, found that the surface chemistry of the separator influences the formation
of SEI and provides additional stability to the layer[152].

Ionic transport through the separator occurs through a convection-driven mecha-
nism if the pore size is in the order of nanometers, and it becomes a diffusion-driven
mechanism when the porous size reduces further [153]. In an in-situ study on hydraulic
pressure of the electrolyte in vanadium redox battery, Li et al. [154] examined the con-
vection through a microporous separator and found that the convection is mediated
by differential hydraulic pressures on both sides of the separator. Diffusion-mediated
ionic movement depends on the size, configuration, and total volume of the pore spaces
which hold the electrolyte. Apart from that, the chemical interaction effect, associated
with polar groups or sites in the membrane substrate, also affects the diffusion by either
elevating or depressing the diffusion coefficient selectively[155]. The area to improve
in a separator is the development of a potential and chemically compatible separator
that can sense and circumvent the thermal runaways and maintain a uniform ionic

conductivity from the electrolyte to the electrode.

Additives: Additives are chemicals mixed with electrolytes at a particular proportion
to prevent or enhance specific properties of electrolytes and the SEI layer. Fluoroethy-
lene carbonate (FEC) and vinylene carbonate (VC) are widely used for commercial-
ized additives[156, 157]. These additives facilitate the formation of inorganic LiF and
LipCO3 components in the SEI[158]. There are diverse categories of additives with
specific usages. One example is that the addition of flame-retardant additives (such
as phosphorus and halogen-based compounds) into traditional flammable electrolytes
mitigates thermal runways to an extent[159]. However, such additives depress the ionic
conductivity of the electrolyte and deteriorate the electrodes[160, 161]. Jankowski et al.

[162] reported that special functional additives are helpful for the controlled and rapid
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formation of SEI, which circumvents the capacity decay of the battery. Similarly, Yang
et al. [163] reported that an additive named octadecylamine (ODA) in a conventional
electrolyte (1.2M LiPFg in EC/DMC) with vinyl carbonate (VC) additive enhances the
ionic conductivity and physicochemical stability of the SEI in NCM-811 || Ti-SiOx@C
full cells. Also, they posit that ODA additives can be easily decomposed on the surface
of Ti—SiOx@C anodes compared to VC additives. In a DFT-based work on additives,
Park et al. [164] states that lithium tetrafluoro(fluoromalonato)phosphate (LFMP) as a
dual-functional electrolyte induces a LiF-rich SEI on graphite anode NCM811/graphite
cells at 60° C. Also, they observed that the SEI formed has a weak binding affinity to
PF5 and favors the formation of LiF. Recently, Xu et al. [165] put forward a gradient
SEI model with surface-rich polycarbonate in which they combined the advantages of
flexible polymer and high touristy ceramic through liquid alloy electrolyte additive.
Moreover, they have theoretically and experimentally verified that the gradient SEI
created by liquid alloy electrolyte additive accommodates the volume change and mit-
igates the dendrite suppression. Such additives are suitable for silicon-graphite-based

electrodes, where volume expansion is challenging [166].

2.4 Dendrite Formation and Thermal Runaway

Dendrite formation is a critical degradation process in Li based electrodes, particu-
larly Li metal electrode that ultimately limits safety and battery cycle life. In general,
dendrite evolution proceeds through three sequential stages: nucleation, growth, and
penetration. Among these, the nucleation stage is particularly crucial, as the spatial
distribution of initial lithium nuclei dictates the morphology of subsequent deposi-
tion. Uniform nucleation leads to smooth and dense lithium growth, whereas local-

ized nucleation promotes the formation of high-aspect-ratio structures that evolve into
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dendrites.[78] One of the key factors governing nucleation heterogeneity is the presence
of spatially non-uniform Li-ion transport pathways within the SEI. Specifically, the
accumulation of low-energy Li-ion diffusion channels at certain regions of the electrode
surface can locally enhance ionic flux, resulting in preferential lithium deposition at
these sites.[79, 80]

With repeated electrochemical cycling, these localized deposition events become
progressively amplified due to feedback between ionic transport and surface morphol-
ogy. Regions with initially faster Li-ion transport continue to attract higher ionic
flux, leading to uneven lithium plating and the development of protrusions[167]. As
these protrusions grow, they intensify local electric fields and current densities, further
accelerating dendritic growth. Eventually, these needle-like filamentary lithium struc-
tures can penetrate the SEI and, in severe cases, the separator, creating internal short
circuits.

The implications of dendrite penetration extend beyond mechanical failure to se-
vere thermal consequences. Internal short circuits can trigger rapid heat generation
due to localized Joule heating, which, when coupled with exothermic reactions between
lithium metal and electrolyte components, can initiate thermal runaway. This cascade
of heat generation and chemical decomposition can lead to catastrophic cell failure,
leading to thermal runaway. Therefore, controlling dendrite formation is not only es-
sential for electrochemical performance but also for ensuring battery safety particularly
for Li-metal based electrodes.

In this context, achieving uniform Li-ion diffusion across both grains and grain
boundaries of the inorganic SEI (which forms directly on electrode surface) is of
paramount importance. A structurally and chemically homogeneous SEI that facili-
tates isotropic ionic transport can suppress localized flux variations, thereby promoting

uniform lithium deposition and mitigating dendrite nucleation at its origin[168]. There
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are reviews and studies which corroborates the role of inorganic SEI components in
trapping active Li-ion which eventually gives dendrites. A review by Li et al. [168] de-
scribes SEI as a double-edged factor in dendrite growth such that it can both suppress
and promote dendrites depending on its structure, uniformity, and transport proper-
ties. An important point mentioned in this review is that non-uniform Li-flux is the
key reason behind the nucleation sites for dendrite growth. Author also mention about
localized current density and SEI morphology evolution are also important factors that
triggers dendrite growth. In another study by Cipolla et al. [169] observes the similar
logic behind dendrite evolution. They states that variations in SEI thickness create
non-uniform lithium-ion flux, leading to preferential deposition at regions of lower resis-
tance, while mechanical instability and cracking of the SEI generate localized hotspots
for dendrite nucleation. In short, the microstructure of SEI is the crucial factor that
determine the evolution and propagation of dendrites. In view of this, understanding
and engineering Li-ion transport pathways within the heterogeneous SEI structure is

a key step toward the development of stable and safe lithium-based batteries.

2.5 Modeling Diffusion Coefficient

Diffusion Coefficient, a key material property that is being extensively discussed through-
out this thesis. By definition, diffusion coefficient of an element in a host material is
defined as proportionality constant that defines the rate at which a substance trans-
fers through a unit surface in a unit time due to a concentration gradient. Diffusion

coefficient in solids is usually described by the Arrhenius equation:

E,
D = DO expﬁ (21)

where Dy is denoted as the pre-exponential factor and F, as the activation energy.
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T denotes the absolute temperature and R the universal gas constant. The parameters
Dy and E, are usually evaluated from the measurements of diffusion coefficients at a
series of temperatures.

Experimentally determining diffusion coefficients typically involves two main ap-
proaches: the tracer method and the interdiffusion method. The tracer method in-
volves tracking diffusing species tagged with radioactive isotopes, allowing for the
determination of tracer diffusion coefficients by applying known diffusion solutions
to measured concentration profiles. However, this method necessitates numerous in-
dependent measurements across various homogeneous alloys, with the number of re-
quired compositions scaling exponentially with the number of components, making the
tracer method a time-consuming process. In addition to this, the availability and sta-
bility of radioactive isotopes present further challenges especially when elements like
Al and Ca are employed as diffusing species[170]. In such scenarios, the secondary
ion mass spectrometry-based thin-film technique mitigates the stability problem to an
extent by employing enriched stable isotopes[171]. Additionally, such diffusion coef-
ficient calculation is hampered by the dependence on heavy isotopes as tracers espe-
cially when comparing different isotopic species of the same molecule. This is because
potential functions are invariant with isotopic substitution within the bounds of the
Born-Oppenheimer approximation, potentially overlooking many important but poorly
understood factors[172]. On the other hand, chemical diffusion, or interdiffusion, is
measured by bringing alloys of different compositions into contact and inducing diffu-
sion transport through chemical potential gradients. In this approach, techniques like
the Boltzmann-Matano method in binary systems and the Matano-Kirkaldy method
in ternary systems are commonly employed to determine the diffusion coefficients, of-
fering efficient alternatives to the tracer method[173, 174]. However, for multi-element

materials (number of elements in a composition > 4) it is generally impossible to apply
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this Onsager-formalism-based scheme to estimate the entire matrix of independent in-
terdiffusion coefficients, as the given number of independent diffusion paths, which are
one-dimensional by definition, cannot intersect in a multi-component space[175-177].

On the other hand, first-principles calculations and molecular dynamics simulations
have become efficient methods for determining diffusion coefficients with the increase in
computing resources. Particularly, the NEB and its modified version (climbing image
algorithm) implemented in the first principle codes are well-proclaimed for accuracy
in determining minimum energy paths and hence the diffusion coefficient[178, 179].
NEB relies on harmonic transition state theory which uses quadratic approximations
of the energy surface around saddle points where reaction intermediates situates[180].
Generally, reactions proceed through a minimum energy path (MEP), connected by
saddle points in the potential energy terrain commonly known as images in NEB[181].
First-order saddle points, where energy is at a maximum along the MEP but at a
minimum in all normal directions, determine the activation energy which can be further
solved for diffusion coefficient using Arrhenius equation[182, 183]. One major drawback
of NEB-based methods is the immense computational resources required when the
system becomes sufficiently large and multi-component.

Through various learning approaches, ML has already been established in material
science to understand complex interdependencies among material parameters, thereby
offering invaluable insights into tuning properties of materials for target-specific ap-
plications. Such approaches are particularly advantageous given the time-consuming
process of experimentally understanding material properties such as in the case od
diffusion coefficient. This opens a new dimension in material designing, enabling the
identification and optimization of the most promising diffusive element for a given ma-
terial. The knowledge of diffusion coefficient can be applied to the design of material

for various engineering applications ranging from alloy design to energy material opti-
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mization. For instance, a study by Lii et al. [184] investigated the impact of a solution
heat treatment at 693 K on MgySi particles in Mg—Al—-Si alloys. The study revealed
that the treatment led to spheroidization of MgsSi particles due to Si atom diffusion
along the Mg,Si/Mg interface, resulting in superior mechanical properties for the alloys.
Similarly in Titanium alloys with (a4 ) dual phases, the diffusion of a-stabilizing ele-
ments (Al, O, etc.) and [-stabilizing elements (Mo, V, etc.) into corresponding phases
during heat treatments is identified as a critical aspect of microstructural evolution,
which in turn makes the alloy apt for aerospace and marine application[185].

In general, predictive modeling in material science encompasses two main domains.
The first domain revolves around the prediction of a material’s mechanical proper-
ties, including fundamental factors like lattice parameters, lattice volume, density, and
a range of elastic features. These properties play a crucial role in determining how
a material responds to mechanical forces and deformations. For instance, the work
of Li et al. [186] predicts lattice constants from the fundamental features of material
composition. In a similar work, Peng et al. [187] examines the link between geometry
parameters, relative densities, and range of lattice constants to predict mechanical and
fatigue properties of lattice structures with different relative densities and crystalline
systems. Another paper by Lee et al. [188] explores high-order Bézier curves to opti-
mize lattice structures by using learning techniques, enhancing mechanical properties
like modulus and strength while maintaining efficiency in load bearing and energy ab-
sorption. On the other hand, the second domain is mostly on predicting electrical
and thermodynamic properties, encompassing key aspects like melting point, electrical
conductivity, thermal conductivity, specific heat capacity, and diffusion parameters.
Recent review articles have highlighted the optimum performance of ML-based mod-
els over analytical models in predicting thermal transport properties and advancing

thermo-electric materials research[189, 190]. Parallelly, similar studies are also ac-
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celerated in optimizing battery performance by targeting high-cycling efficiency, and
durability with superior safety precautions[191-193]. In the literature on ML-based
diffusion studies, most research focuses on liquid or gas diffusion media. For instance,
a study by Zhao et al. [194] utilized training data from molecular dynamics simulations
to estimate the diffusion coefficients of binary and ternary supercritical water mixtures,
employing neural networks with the aid of transfer learning. Similarly, other ML-based
studies have predicted self-diffusion coefficients in pure liquids, Lennard-Jones fluids,
and binary diffusion coefficients in gases[195, 196]. A detailed literature survey reveals
that while diffusion studies in fluid media are prevalent, there is a notable absence of
ML-based diffusivity studies in solids, particularly in alloy media[197-200].

From the literature on diffusion coefficients in materials, it is evident that the
availability of reliable data remains significantly limited across the research domain.
Although diffusion coefficients are fundamental transport parameters governing mass
transport processes, their experimental determination is often complex, method-dependent,
and resource-intensive. Consequently, the limited data that exists is largely concen-
trated on conventional alloy systems and well-characterized materials. Given the ab-
sence of prior ML studies that systematically utilize such sparse diffusion data, this
work motivates and establishes an ML-based predictive framework for conventional
alloys and impure metallic systems considering the available experimental data.

In the context of energy materials, particularly battery systems, diffusion coefficient
data is comparatively more available, primarily for alkali ions such as Li, Na, and K
in selected electrolyte systems. These include both conventional liquid electrolytes
and emerging solid-state electrolytes[201]. However, even within these systems, the
available data remains limited in scope and often exhibits inconsistencies arising from
variations in experimental methodologies. That being said, Li-ion diffusion data in

electrode materials is relatively accessible through well-established repositories such as
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the Materials Project and the NIMS Materials Database.

In contrast, diffusion coefficient data within the SEI is extremely scarce. The lim-
ited experimental data available is largely restricted to a few inorganic SEI components,
such as LiF, LiyO, and Li;COg, and often lacks consistency due to insufficient infor-
mation about control parameters of experiment. On the computational side, most
reported diffusion data has been generated using NEB calculations, with compara-
tively fewer studies employing molecular dynamics simulations. Furthermore, existing
studies predominantly focus on Li-ion diffusion in isolated, pristine SEI components
for specific defect sites, without capturing the complexity of realistic SEI environments
(multi-component structure). A comprehensive review of these studies is provided in
Section 2.1.

In light of these research gaps, the second part of this thesis focuses on the de-
velopment of a systematic and unified diffusion dataset for eight major inorganic SEI
components, namely LiF, LiCl, LiBr, Lil, Li;O, Li,S, LigN, and Li;COg3. This dataset
encompasses both grain and grain-boundary diffusion across representative low-energy
surfaces and interfaces, including both homogeneous and heterogeneous grain bound-
aries, thereby establishing a comprehensive design space for Li-ion migration in SEI
environments. Based of this dataset, a path-aware graph variational autoencoder
(GVAE) is employed to learn latent representations of NEB trajectories, which are
subsequently integrated into a graph neural network (GNN) framework for predict-
ing minimum-energy pathways and migration barriers which ultimately gives diffusion
coefficient of Li-atom.

Finally, beyond intrinsic SEI properties, this work also explores the role of an
auxiliary thin interfacial layer as a strategy to regulate Li-ion flux and enhance SEI
performance. This case stuidy is inspired by recent advances in two-dimensional (2D)

materials, particularly MXenes, such layers can provide high electronic conductivity,
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tunable surface chemistry, and robust thermo-chemical stability[202-204]. Their abil-
ity to facilitate uniform Li-ion distribution and offer abundant active sites makes them
promising candidates for interfacial engineering. Although MXenes have been exten-
sively studied as electrode materials, their application as a functional interlayer for
SEI modulation remains largely unexplored. Incorporating such 2D materials as aux-
iliary layers offers a potential pathway to achieve uniform ion transport, suppress den-
drite formation, and improve the long-term stability and performance of electrodes in

lithium-based battery systems.
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Chapter 3

Methodology

3.1 Ab-initio Modeling for Elemental Diffusion

3.1.1 Density Functional Theory

Density Functional Theory (DFT) calculations were employed to investigate the atom-
istic structure, energetics, and charge transfer characteristics of the systems under
study[205]. All simulations were performed within the framework of the Kohn—Sham
formalism, as implemented in a plane-wave-based computational package. The exchange—
correlation interactions were described using the generalized gradient approximation
(GGA), typically with the Perdew—Burke-Ernzerhof (PBE) functional. The interaction
between valence electrons and ionic cores was treated using the projector augmented
wave (PAW) method[206, 207]. A plane-wave basis set was used with an energy cutoff
chosen based on systematic convergence testing to ensure accuracy in total energies
and forces.

The Brillouin zone was sampled using Monkhorst—Pack k-point grids, with the
density of the mesh determined through convergence studies to balance computational
efficiency and precision. For slab or low-dimensional systems, reduced k-point sampling
along the non-periodic direction was employed. All atomic structures were fully relaxed
until the total energy and force convergence criteria were satisfied, typically within

thresholds of 107% eV for energy and < 0.05 eV/A for atomic forces. Additional
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convergence tests with respect to vacuum spacing, supercell size, and k-point density
were performed to eliminate spurious interactions and ensure reliable representation of
isolated systems.

These first-principles calculations enabled the evaluation of key properties such as
adsorption energetics, diffusion barriers, and charge redistribution, often complemented
by charge analysis methods such as Bader partitioning. Overall, DFT provides a robust
framework for linking electronic structure to macroscopic behavior, offering critical

insights into the mechanisms governing interfacial and transport phenomena.

3.1.2 Migration Barrier From First-principle Calculations

Transition state theory (TST) is based on statistical mechanics, explaining the ele-
mentary step reaction of slow thermal processes on a hypothetical ‘dividing surface’
separating reactant and product regions of phase space. The conventional TST is
based on a potential energy surface with a saddle point between reactants and prod-
ucts, where a transition state is a plane determined by normal coordinate analysis of
small vibrations around the saddle point. In other words, the plane referred to here
is obtained by minimizing displacement along the reaction’s normal coordinate[208].
The conventional TST valid at relatively low temperatures and in higher temperature
saddle point regions may no longer control the reaction rate[209]. Therefore, the gen-
eralized transition state is more significant in such scenarios. According to TST, the

rate constant at temperature 7' is defined as

keT Z _E,
k =2 1
TS 0th Zeg < k:BT> (3-1)

where kg and h are the Boltzmann and reduced Planck constants, respectively; Z;

is the partition function of the transition state without the contribution of the reactive
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mode, Z is the total partition function of the reactant state, and E, is the activation

energy defined as,

1 1
Ea — Vr —I— ézlhédl’]t — ‘/éq - ézj'ha}j’eq (32)

where the frequency w;, corresponds to the square root of the i positive eigenvalue
of the Hessian of the potential energy surface evaluated at the state r.

TST has several applications including the ability to predict temperature and time
dependence of defect nucleation[210], rate constants analysis for intersystem crossings,

spin-forbidden reactions, and spin-crossovers in large complex systems[211].

Figure 3.1: Potential energy terrain of a MEP for a chemical reaction[44, 45].
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3.1.2.1 Harmonic Transition State Theory

The application of TST is challenging due to the complexity of the equation for the rate
constant (k) [210]. This complexity in the expression (Equation 3.1) for k was simpli-
fied by Vineyard [212] by introducing quadratic approximations to the energy surface
around the critical points, hence giving harmonic TST (HTST) approximation[212,
213]. Generally, the chemical reaction proceeded through a minimum energy path

(MEP) as illustrated in Figure 3.1 (a) and this path is connected over saddle points
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(where most probable transition states are located) in the potential energy terrain.
Figure 3.1 (b) depicts the terrain of potential energy, where the initial and final con-
figurations are separated by a hyperplane passing through a first-order saddle point on
the energy ridge. Here the hyperplane normal is pointed towards the direction of the
unstable mode, the eigenvector of the Hessian matrix along which the saddle point is
a maximum|214]. In some reactions, the second-order saddle points may occur above
first-order saddle points on the ridge, relevant to the fact that a particular transition
mechanism and a certain product state are associated with those first-order saddle
points. For a reaction, the MEP is extrapolated by advancing each degree of freedom
of the system in such a way that the energy is minimal with respect to all degrees of
freedom normal to the path. Further, MEPs are not unique for a given initial and a
final configuration. For a first-order saddle point (SP), at each point on the MEP, the
energy is at a minimum with respect to all normal directions and maximum along the
MEP[215]. The global maximum energy of the first-order saddle points refers to the
activation energy for the reaction.

Vineyard’s approach in HTST, in line with TST, assumes that thermodynamic
functions can also be defined at the saddle points. Further, the theory holds good for
particularly solids at relatively low temperatures. This temperature approximation is
fulfilled through the assumption that the energy difference between the second saddle

point and the transition state shall be larger than kg7 i.e.,
E¥SP _ ETS > kpT (3.3)

hence the rate of a chemical reaction in HTST is given as,

i = 13Ny, —F
k = ' ¢ 3.4
HTST H] _ 13N71V;< €xXp (kBT) ( )
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where v; are vibrational frequencies of a hopping atom at its equilibrium position
pre-hop, and v} are the two real vibrational frequencies at the static saddle point.
Further, HTST treatment on diffusion obeys first-order kinetics and agrees with the
empirically observed Arrhenius expression for the temperature dependence of the rate
constant[216].

The HTST is subjected to quantum mechanical corrections in certain circumstances.
For instance, at very low temperatures, one has to consider the zero point energy
of the vibrational ground state. Otherwise, this may cause an underestimation of
activation energy[217]. Also, based on the nature of the system, one may expect the
tunneling from the reactant configuration to the final product configuration especially
when the barrier potential is thin. Neglecting the tunneling effect may result in an
underestimation of activation energy[218]. Similarly, replacing the classical partition
function with their quantum mechanical analogs for the harmonic vibrations of the

system can also influence the results of the rate constant[216].

3.1.2.2 Nudged Elastic Band Theory

Finding MEP is based on connecting the initial and final configuration of the reacting
species through a number of transition configurations (known as images in NEB calcu-
lations). According to the plain elastic band method (PEBM), these transition states
are assumed to be connected over a hypothetical spring of springs of zero natural length
(chain of states) in the potential terrain; optimizing the spring forces with respect to
the intermediate images while keeping the end point images yields the MEP [219]. In
PEBM, the effective force acting on the i** image in two-dimensional London-Eyring-

Polanyi-Sato (LEPS) potential[220] is expressed as,

—

F, = -VV(R;) + F* (3.5)
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where F’f is the spring force defined as
F} = ki1 (Ripr — Ry) — ki( Ry — Risy) (3.6)

where k is the spring constant between pairs of images.

However, the plain elastic band scheme suffers from the corner-cutting problem,
and thus overestimates the saddle point region in the terrain.

Since PEBM is weak in most of the cases in predicting the MEP, Jénsson et al.
[219] introduced a modified version, known as nudged elastic band (NEB) approach.
In this method, the spring force acting on the i image in the same potential terrain
is modified in such a way that the component of force acting on the image along the
MEP’s local tangent (parallel) component and its perpendicular one are considered

instead of the net force. The local tangent is expressed as,

Rit1— R
fo= AL —eml 3.7
|Riv1 — R (3.7)
And the spring force, F;NEB, becomes
where
Fr=—(VV(R) - VV(R) - %) (3.9)
and
F =k (|Ris1 = Ri| = [R; = Ria]) 7, (3.10)

In short, the parallel component of the true force and perpendicular component of

the spring force is projected out while minimizing the effective elastic force.

51



NEB has been further improved by Henkelman et al. [221] on introducing a climbing
image algorithm for an accurate estimation of local tangent thereby mitigating the
problems with kinks on the elastic band in certain reactions. They have also mentioned
a new strategy where the NEB is combined with the dimer method for minimizing the
computational effort in the estimation of the MEP[222, 223].

Furthermore, NEB has been improved by Zhu et al. [224] for finding the SPs of
the stress-assisted, thermally-activated dislocation process in FCC metals[225]. This
modification is known as free-end NEB which is efficient particularly when the MEP
is distorted by a high load, such that SPs comes close to the initial state. This is
implemented by cutting short the elastic band and allowing the end of the shortened

band to move freely on the potential energy surface close to the initial state[224].

3.1.3 Phonon Scattering in SEI Components

Thermal conductivity analysis of SEI components carried using standard phonon trans-
port theory, where key phonon properties, including frequency, group velocity, mean
free path, and relaxation time, are calculated using 2nd order harmonic and third-
order anharmonic FCs. The thermal conductivity analysis was carried out in the
ShengBTE framework, which is efficient in calculating the lattice thermal conductivity
of wide-bandgap crystalline solids [226, 227]. The Born effective charge and dielectric
constant are included to account for the nonanalytic behavior of the potential energy
surface in the Brillouin zone due to Coulombic interactions. The second-order FCs
and third-order FCs for this computation were generated using Phonopy and Thir-
dorder.py frameworks, respectively[228, 229]. The force convergence criterion was set
at -0.01 eV/A to calculate second-order harmonic and third-order anharmonic inter-
atomic FCs with exchange-correlation functional suitable for respective calculations.

All phonon calculations described here are carried out in 2 x 2 x 2 supercells after
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the convergence test carried out on supercells of various sizes. The K-point mesh and
the plane wave cutoff energy are selected based on the crystal system and the type of
elements present in the system. Density functional perturbation theory was used to
extract second-order FCs. For third-order FCs, the finite displacement approach was
used with an atomic displacement of 0.01 A from the equiLMBrium position and with
a closest neighbor cutoff distance of 3 A. Using dynamic FC matrices of the second
and third order, phonon relaxation times and the thermal conductivity tensor were
calculated using Fermi’s Golden rule in conjunction with the iterative solution of the
Boltzmann Transport Equation (BTE). Using BTE, the phonon scattering rates are
calculated, where the accuracy essentially depends on the number of sampling points
in the first Brillouin zone[230]. Combining the BTE and Fourier’s law([231, 232], the

phonon lattice thermal conductivity tensor can be calculated as
1
K = gﬂCv,,\vafo\’ (3.11)

where A\ = (g, v) denotes the phonon mode with polarization v and wave vector g, C,,
is the volumetric specific heat, v§ and vf are the a and g component of the phonon
group velocity vector vy, and 7} is the phonon relaxation time[233]. Here, phonon
volumetric specific heat can be obtained using Bose-Einstein statistics and phonon
relaxation time from Matthiessen’s rule[232, 233]. Through an iterative process using
Equation 3.11, the thermal conductivity tensor can be solved from the full solution
of the linearized phonon Boltzmann equation[234]. We used system-specific K-space
meshes for each system after convergence tests to solve the BTE.

In general, the total phonon scattering rate (inverse of phonon relaxation time) in

a crystalline system can be calculated using Equation 3.12[235].
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Tt =T + Ty T4 T (3.12)

1

where 71 77 T 1 and Ti_l represent the scattering rates due to phonon-phonon

wp
(Umklapp) scattering, phonon-boundary scattering, phonon-defect scattering, and phonon-
isotope scattering, respectively. In this study, the temperature-dependent lattice ther-
mal conductivity in SEI grains is calculated by considering only Umklapp phonon
scattering and is then compared with results that included phonon-grain boundary
scattering, accounting for the grain-structured characteristics of SEI. Since ShengBTE
is not explicitly accounting for boundary scattering, we added the boundary scattering
term to the code such that the relaxation time governed by boundary scattering as
T, = ﬁ where L is the characteristic length, i.e, grain size and v, is the phonon group
velocity vector for the respective mode. Now, 73 can be written as the sum of the
Umklapp scattering rate (7'1;1) and the boundary scattering rate as

S (3.13)

P
AT -1 -1 N
Top + 1T, T+ 2

Therefore, the lattice thermal conductivity is evaluated for grain sizes ranging from
L=2 nm to 10 nm, with increments of 2 nm, to capture the influence of grain boundary
scattering on heat transport. It is important to note that Equation 3.13 assumes per-
fectly diffusive grain boundary scattering, which simplifies the boundary interactions
by neglecting the possibility of partial specularity. In real polycrystalline materials,
phonon scattering at grain boundaries may exhibit partially specular behavior depend-
ing on phonon wavelength, boundary structure, and surface roughness. Additionally,
the model does not account for Kapitza resistance, which can become significant at
low temperatures due to phonon mismatch across grains. These simplifications may

introduce discrepancies between the calculated and experimental values, particularly
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in the low-temperature regime[232].

3.1.4 Modeling Grain and Grain Boundaries

Accurate modeling of material structures is a critical prerequisite for DFT simulations,
as it directly influences the convergence of both total energy and atomic forces. A
well-converged geometry is essential for reliably extracting key physical quantities such
as ground-state energy, interatomic forces, and free energy. In this thesis, all DFT
simulations were performed using the Vienna Ab initio Simulation Package (VASP).
VASP requires the input crystal structure to be defined in the form of a POSCAR file,
which contains detailed information about the lattice parameters as well as the atomic

positions, specified either in fractional or Cartesian coordinates.

3.1.4.1 Slab Models

To construct these input geometries, slab models of varying sizes were employed, with
careful consideration of the number of atomic layers and system dimensions to ade-
quately represent surface and interfacial phenomena. The choice of slab thickness and
atomic configuration was guided by the need to balance computational efficiency with
physical accuracy, ensuring that the modeled systems capture the essential structural
and chemical characteristics relevant to the study.

To facilitate the construction, manipulation, and analysis of atomic structures,
several computational tools were employed in this study. The Atomic Simulation En-
vironment (ASE) was used for programmatic generation and modification of atomic
configurations, enabling efficient creation of slab models and automation of simulation
workflows[236]. Pymatgen (Python Materials Genomics) was utilized for advanced
materials manipulation, including structure conversion, symmetry analysis, and inter-

facing with databases such as the Materials Project[237]. Visualization and manual

%)



inspection of structures were carried out using VESTA, which provides detailed three-
dimensional representations of crystal geometries and atomic arrangements[238]. Ad-
ditionally, OVITO (Open Visualization Tool) was used for post-processing and analysis
of atomic structures, particularly for visualizing defects, grain boundaries, and diffu-
sion pathways. Together, these tools form an integrated workflow for robust structure

generation, validation, and analysis in DFT-based studies[239].

3.1.4.2 Nearest Neighbor Algorithm

Diffusion coordinates were identified using a nearest-neighbor search algorithm. For
each NEB image, the slab model was first converted into a Pymatgen Structure ob-
ject. Periodic neighboring sites around each atom were then identified using the built-in
neighbor-search methods in Pymatgen. A cutoff distance of 1.5-2.0 A was used, de-
pending on the crystal structure and local bonding environment of each SEI component.
The resulting neighbor list was used to define possible Li-ion hopping pathways and to

track the corresponding diffusion coordinates across the NEB images.

3.2 Machine Learning Aspects in Modeling Elemen-

tal Diffusion

3.2.1 Data Mining: The Diffusion Coefficient

Input feature data : This study utilized diffusion data extracted from the material
database popularly known as MatNavi, developed by the National Institute of Ma-
terial Science, Japan[240]. Kakusan is the diffusion database subset under MatNavi
material database that aims to encompass fundamental diffusion data of metallic and

inorganic materials, primarily sourced from relevant literature references[241, 242]. The
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dataset used for this study includes attributes such as the diffusion coefficient (m?/s),
temperature (K), diffusing element, diffusion mode, reference literature, and compo-
sition of alloy with weight percentages of constituent elements. The diffusing media
presented in the dataset encompasses both multi-component alloys and impure metals,

with purity quantified as a percentage.
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Figure 3.2: Dataset overview: a) diffusion mode present in dataset for IM media and
b) MCA media. Frequency of temperature range of diffusion for ¢) IM media and d)
MCA media.

A comprehensive overview of the data collected for Impure Metallic (IM) and Multi-
Component Alloy (MCA) media is depicted in Figure 3.2. The choice selection of
diffusion modes for modeling is based on the dataset size. For example, Figure 3.2a il-
lustrates the IM media dataset, where the impurity and self diffusion modes comprise a
larger number of diffusion data points (3431 and 2567, respectively) compared to other

modes, thus making them suitable for training. Similarly, in MCA media (Figure 3.2b),
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self diffusion (3431 data points), impurity diffusion (2567 data points), and chemical
diffusion (483 data points) modes have been selected due to the sufficient amount of
data available. Some diffusion modes are ambiguously labeled in the dataset; for in-
stance, 471 data points are categorized under a diffusion mode termed ‘grain boundary,
self” in MCA dataset. Despite the sufficient number of data points in such modes, the
ambiguity in diffusion mode classification led to the exclusion of such modes of dif-
fusion from further study. Figure 3.2c and d display the experimental temperature
range, mostly between 500 and 1500 K, for calculating the diffusion coefficients in IM
and MCA media respectively. The periodic tables given in Figure C.1a and b highlight
the diffusing elements considered for IM and MCA media respectively. The percentage
contribution from each block is shown in the pie diagram given in the inset of the pe-
riodic table. The pie diagram illustrates the distribution pattern of diffusing elements
across both media types. It shows that a minority of diffusing elements originate from
the s and f blocks, while the majority stem from the d and p blocks in both media.
This visualization also facilitates the assessment of the model’s applicability to specific
diffusing elements and diffusion media, offering valuable insights for users.

Data preprocessing: The MatNavi database offers diffusion data along with es-
sential descriptors such as temperature, diffusion mode, diffusion medium composition,
and diffusion element for a diffusion coefficient. Specifically, in alloy compositions, it
provides the constituent ratios of elements as percentages, while in elemental media,
purity of the media is expressed as a percentage. Since most of the experimental data
are based on isotope tracer method, corresponding diffusing elements were tagged with
the information (mass number) of isotope used.

The data was initially categorized according to diffusion modes, with subsequent
removal of rows containing missing data points. Additionally, we identified and elim-

inated extraneous alphanumeric characters within the diffusion media representation,
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along with isotope labels associated with diffusing elements. Similarly, the dataset was
further treated to address outliers, missing values, and duplicate data. Before being
input into the featurization algorithm, the diffusion system was subjected to represen-
tation alterations that guarantee the process of diffusing element X across AaBbCcDd
(or Aa in the case of IM media) media at a specific temperature, where uppercase
letters denote the element and lowercase letters indicate the corresponding percentage
of the element. The overall preprocessing treatments are illustrated in a diagram given

in Figure C.3

Target data — the diffusion coefficient: The diffusion coefficient (D) presented
in the dataset is calculated based on Arrhenius representation of diffusivity given by

Equation 3.14.

D = Dy exp (1_3_?) (3.14)

where Dy is a temperature-independent constant, () the activation energy for diffusion,
R the gas constant and T the temperature. The statistical parameters of diffusion

coefficient for respective models are given in Table 3.1.

Table 3.1: Statistical parameters of target data — diffusion coefficient*.

Medium Diffusion Types of Number Minimum Maximum Mean  (p) Standard Coefficient
mode diffusion of data  (x107%) (x1077) (x10719) deviation of variation
medium# (o) (x107%) (%) (%)
Imnure metallic Impurity 33 2506 0.099 1800 1520 4220 3336.35
Hhedia © self 32 1240 0.028 0.011 0.046 0.058 1260.25
self 191 3431 22.70 0.009 0.020 0.022 1126.92
Multi-componentimpurity 271 2567 0.230 6.840 9.080 15.601 1724.90
alloy media chemical 14 483 5000 0.011 0.448 10.500 23.54

" Unit of Diffusion coefficient is given in m?/s in the table.
# Number of different types of diffusion media present in data.

Prima facie, it can be seen that the diffusion coefficient has extremely low order of
magnitude ranging from 1072 — 10~7 m?/s in the overall data. Secondly, the aggrega-

tion of data points at certain frequencies is evident (Figure C.4) because the diffusion
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coefficients corresponding to most of the alloys are collected for a widely varying range
of temperatures from the experiment. This results in an elevated value for the coeffi-
cient of variation as given in Table 3.1. In particular, self-diffusion in IM media, and
self and chemical diffusion in MCA media show higher variance compared to other
modes of diffusion. Considering this higher variability in target data, log-transformed
values of the diffusion coefficients were used for training. This study prefers the log-
transformed diffusion coefficient as the target variable since it exhibits close proximity
to the normal distribution behavior as seen in Figure C.4, aiding in better performance

of models.

3.2.2 Feature Engineering

Performance of predictive models in the ML domain is highly influenced by both the
quantity and quality of data, as well as the choice of training algorithms. This study
observes that the choice of descriptors plays a significant role in predicting diffusion
coefficients. Descriptors encompass factors that have direct or indirect influence on
diffusion coefficients and are therefore considered meticulously in this study. In light of
this, we included a detailed set of descriptors separately for diffusing elements and diffu-
sion media for predicting diffusion coefficients, acknowledging that certain descriptors
may pertain specifically to the chemical and structural characteristics of the chemical
species involved. In addition to this, the temperature corresponding to the diffusion is

placed as an important feature considering its direct influence on the target variable.

3.2.2.1 Fundamental Material Attributes

Figure 5.1 presents an overview of our modeling approach through featurization, where

we utilize the Magpie featurization preset available in the Matminer library to fea-
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Figure 3.3: Workflow of predictive modeling of diffusion coeffieint in conventional
alloys.

turize the composition of the diffusion medium and the diffusing element. Matminer,
an open-source Python library designed for material data mining, serves as a valu-
able resource in our featurization scheme and model development.[243]. The Magpie
featurization preset includes statistical computations for elemental attributes as mean,
average deviation, range, mode, minimum, and maximum [244]. A detailed overview of
all such attributes along with the statistical operation considered is given in Table C.6.
When employing the Magpie algorithm to extract composition features, we consid-
ered descriptors weighted by the composition fraction of each element. However, this
weighted scheme was omitted when featurizing the diffusion element. Consequently,
two sets of descriptors were generated, one corresponding to the diffusion media and
the other to the diffusing element. Then, these two sets of features underwent sepa-
rate Pearson’s correlation analyses implemented through Pandas — a Python library,
wherein features exhibiting a correlation exceeding 90% were excluded[245, 246]. For
instance, in cases where two features displayed a correlation above 90%), we retained the

feature with the greater Mean Absolute Deviation (MAD). Pearson’s correlation (71 r2)
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between feature-1 (f1) and feature-2 (f2), was computed using the Equation 3.15.

> (f1 - f1) (f2: - f2)
\/Z (fLi— F1)° (12— f2)°

(3.15)

Tff2 =

where f1, and f2; are the feature values, and f1 and f2 respective sample mean.
Pearson’s coefficient, a statistical metric, quantifies the magnitude and direction of a
linear correlation between two continuous variables. This coefficient varies between -1
and 1, with 1 indicating a flawless positive linear relationship, -1 denoting a perfect
negative linear correlation, and 0 signifying no linear association. The correlation-
based filtering was applied separately to each set of features, the features of the diffusion
medium and element were merged, and then another correlation analysis was performed
in the combined feature space. However this time features with a correlation greater
than 75% were omitted, by retaining the feature with the highest MAD (= % oy ri—
Z| where n is the number of data and, x; and Z are data point and mean of the data

respectively). This feature space is then considered for further analysis and training,.

Feature space analysis: Scaled principal component analysis (PCA) based on the
covariance matrix was utilized to minimize the dimension of the data due to the large
number of features. There are various ways to calculate the number of PCs [247, 248].
In this study, the choice of the number of PCs to be retained was based on the explained
variance. Finally, the training was performed using both decomposed feature space
(PC space that explains 99% of variance in data) and pristine feature space for a

comparative analysis of the model’s performance.
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3.2.3 ML Models

3.2.3.1 Random Forest

For the predictive modeling of diffusion coefficient in conventional alloys, considering
the size of data, number of features, and complexity among features, the Random
Forest (RF) has been chosen as the main algorithm for training purposes with hyper-
parameters optimized through GridSearchCV() method implemented thorough scikit-
learn[249] library. Here, a computationally intensive tuning scheme, incorporating a
broad range of hyperparameters, is employed to maximize the R? and minimize the
MSFE scores to ensure the optimum performance of model. For a comparative study
of performance of models based on the algorithm chosen, we also included the training
and testing results of Support Vector Regression and Deep Neural Networks. In all
models, training and testing were carried out in segmented data intervals in order to
determine the ideal range of target data that provides maximum model performance
with a larger number of training data. Furthermore, we conducted 10 random trials
to assess the stability of the model’s performance across different test-train sampling

sizes while maintaining a test-train ratio of 20% and 80% throughout.

3.2.3.2 Support Vector Machine Regression

Support Vector Machine Regression (SVR) is a supervised learning method that ex-
tends the principles of support vector machines to regression problems. Instead of
minimizing the training error directly, SVR aims to find a function that deviates from
the target values by at most ¢ while maintaining maximum flatness. This is achieved

by solving the optimization problem:
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N
min_ 2wl + 036+ €) (3.16)
=1

subject to

yi—(W-x;+b) <e+&, (W-x+0b) —y <e+¢, (3.17)

&6 20, (3.18)

where € defines the width of the insensitive tube, C' is a regularization parameter
controlling the trade-off between model complexity and tolerance to deviations, and
&, & are slack variables. By introducing kernel functions, SVR can effectively model
non-linear relationships in high-dimensional feature spaces, making it a powerful tool

for regression tasks with complex underlying patterns.

3.2.3.3 Deep Neural Networks

Deep Neural Networks (DNNs) are a class of machine learning models composed of
multiple layers of interconnected neurons, capable of learning complex non-linear rela-
tionships from data. A DNN maps an input x to an output y through a sequence of
transformations, where each layer applies a linear operation followed by a non-linear

activation function:

h® = o (WORED 1 p0) | (3.19)

where h¥) represents the activations of the I-th layer, W® and b® are the weights and
biases, and o is a non-linear activation function such as ReLLU or sigmoid. The final

output layer produces the prediction y:
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y = f(x:0), (3.20)

where 6 denotes all learnable parameters. The model is trained by minimizing a loss

function L(y,y) over the dataset, typically using gradient-based optimization:

0« 0—nVeL, (3.21)

where 7 is the learning rate. Due to their depth and flexibility, DNNs are particularly

effective in capturing high-dimensional and highly non-linear patterns in data.

3.2.3.4 Graph Neural Networks

Graph Neural Networks (GNNs) are a class of deep learning models designed to oper-
ate on graph-structured data, where relationships between entities are explicitly repre-
sented. In a graph G = (V, £), nodes V are associated with feature vectors, and edges £
encode their interactions. GNNs learn node representations by iteratively aggregating
information from neighboring nodes through a message-passing scheme. At layer [, the

node embeddings are updated as:

h§l+1) — 0 Z W(’)h§l)+b(” , (3.22)
JEN(9)

where hl@ denotes the feature vector of node i at layer [, N(i) represents the set of
neighboring nodes, W@ and b() are learnable parameters, and o(-) is a non-linear
activation function. After several such layers, the learned node embeddings can be

used to predict graph-level or node-level properties:

y = f(G;0), (3.23)
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where 0 denotes all model’s learnable parameters. By explicitly incorporating relational
structure, GNNs are particularly well-suited for modeling complex systems such as
materials, molecules, and crystalline interfaces.

This thesis used GNN mainly to include material structure data (as POSCAR —a
VASP format) into training which used for GNN based predictive modeling of Li-ion

through SEI components.

3.2.3.5 Variational Autoencoders

Variational Autoencoders (VAEs) developed by Kingma and Welling [250] are gen-
erative models that learn a probabilistic latent representation of data by combining
principles from neural networks and variational inference. In this thesis used VAE as
a main tool for meaningful and scientifically consistent data augmentation.

In VAE, instead of mapping inputs to a deterministic latent space, it assume that
the data x is generated from a latent variable z with a prior distribution, typically
Gaussian. The encoder learns an approximate posterior gy(z|x), while the decoder
reconstructs the input via pyg(x|z). The latent variables are sampled using the repa-

rameterization trick:

z=p+o0e €e~N(0I), (3.24)

where p and o are outputs of the encoder. The model is trained by maximizing the

evidence lower bound (ELBO):

£ = Eyy a0 log po(x]2)] — Dice. (go(zlx) || p(2)) (3.25)

which balances reconstruction accuracy and regularization of the latent space. By

learning a continuous and structured latent representation, VAEs enable efficient sam-
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pling, interpolation, and generation of new data instances.

3.2.4 Generative Models for Materials

A generative modeling approach was also explored in this study as a possible route for
designing SEI structures with controlled Li-ion diffusion behavior. The general objec-
tive was to learn the structural manifold of Li-containing inorganic SEI components
and generate candidate structures that could provide more uniform Li-ion transport
pathways. The selected framework was based on a latent-variable generative model
in which the material structure, represented by atomic numbers (A), atomic coordi-
nates (X), and lattice parameters (L), is encoded into a latent vector (z). The decoder
then reconstructs the structure either from a noise-perturbed representation or directly
from the latent space, with the loss function defined by comparing the reconstructed
structure with the target relaxed structure. In one attempt, the model was trained to
learn the transformation from POSCAR to CONTCAR, where the initial and relaxed
structures were compared and the reconstruction loss was optimized. In a second at-
tempt, only relaxed CONTCAR structures were used: Gaussian noise was added to the
atomic coordinates and structural representation, and the model was trained to denoise
and recover the original relaxed configuration. This strategy was intended to help the
model learn physically meaningful local distortions around equilibrium structures.
Figure 3.4 presents the proposed generative modeling workflow for generating can-
didate SEI structures for Li-ion diffusion studies. In this framework, an input structure
is first encoded into a latent representation using a variational autoencoder-type ar-
chitecture, where the encoder estimates the latent mean p and variance o. A random
noise term is then used to sample points from the latent space, allowing new structural
variants to be generated rather than only reconstructing the original input. The sam-

pled latent vector is decoded to produce candidate POSCAR-like structures, which
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Figure 3.4: Proposed generative modeling workflow for SEI structure generation and Li-
ion migration barrier screening. An input structure is encoded into a latent space using
a variational autoencoder-based model, followed by random sampling and decoding to
generate new POSCAR variants. The generated structures are filtered based on their
suitability for NEB calculations, exported for DFT validation, and compared with
GNN-predicted migration barriers before being considered for experimental relevance.

can then be screened for physical and geometric validity. Structures that provide a
reasonable NEB pathway are exported for DFT-based migration barrier calculations.
The resulting DFT migration barrier can then be compared with the value predicted
by the trained GNN model. If the DFT and GNN-predicted barriers are consistent, the
structure can be considered as a possible candidate for further experimental considera-
tion. If not, the generated structure can be treated as a new variant and reintroduced
into the workflow for further refinement. In this study, this workflow was considered as
a future-facing approach because the available dataset was not large enough to train a
fully reliable generative model.

However, the generative model work could not be advanced into a fully predictive
generative design framework because the available dataset was limited in both size
and diversity. A good generative model for SEI design would require a substantially

larger number of relaxed structures, diffusion pathways, and corresponding migration
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barriers across different SEI chemistries and interfaces. Therefore, this part of the
study should be considered an initial attempt toward generative structure modeling

for SEI materials rather than a completed generative design workflow.

3.3 Model Evaluation Schemes

3.3.1 Evaluation Matrices

As a standard regression problem, the following three evaluation criteria have been
used to compare the performance of all models, including the Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE) and coefficient of determination (R?)

calculated as follows.

n
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3.3.2 Uncertainty Quantification

In addition to error estimation, we have also performed an uncertainty analysis in our
modeling. Our findings demonstrate that the errors generated by the RF' algorithm

implemented in LoLo (an RF-centered machine learning library in Scala) library are
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well-calibrated[251].  As mentioned in Ling et al. [252]’s work, an ideally calibrated
uncertainty estimate should have a particular relationship with the errors of an ML
model. Specifically, the distribution of r(z)/o(x) where () is the normalized residuals
of the prediction given by r(x) = % (here, f(xz) — f(x) is the difference between

the predicted and actual value) and o(z)is the uncertainty of the prediction given by

Equation 3.29,

o(x) = (Z max[ag<x),w]) + 52(x) (3.29)

where o?(z) is the sample-wise variance at test point x due to training point i, w
is the noise threshold in the sample-wise variance estimates, and &(x) is an explicit
bias function. The noise threshold is set to w = min;o?(z;), the magnitude of the
minimum variance over the training data as suggested by Ling et al. [252]. If the
uncertainty estimates were perfectly well-calibrated and the samples in the data set
were independently distributed, then the normalized residuals would follow a Gaussian

distribution with zero mean and unit standard deviation.
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Chapter 4

Predictive Modeling of Diffusion

Coeflicient

Machine Learned Diffusion Coefficient Estimator (ML - DiCE) — a collection of ML
models that can predict the diffusion coefficient for two modes of diffusion in impure
metallic (IM) media and three modes of diffusion in multi-component alloy (MCA) me-
dia with an accuracy above 90%. In particular, our model considers self and impurity
diffusion modes in IM media, and self, impurity, and chemical modes of diffusion in
MCA media. The choice of these models are based on three key criteria: 1) the quality
of the data which ensures the diversity in DM and DE; 2) quantity of data that ensures
the availability of sufficient number data points for a given ML algorithm to perform
optimally; 3) variability in diffusion coefficient that aims for a lower standard devia-
tion which results in reliably across different DM present in data. The model has been
trained with a sufficiently large experimental dataset using the Random Forest(RF),
Deep Neural Network (DNN) and Support Vector Regression (SVR) algorithms from
the Scikit — learn library. A separate featurization scheme was employed for diffusing
elements and diffusion media that include fundamental atomic properties as well as
composition level features of the diffusion media for multi-component diffusion media.
Remarkably, our model encompasses 95% of elements from the periodic table, either as

diffusing elements or part of the diffusion medium’s composition, allowing it to predict
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diffusion coefficients across a wide verity of diffusion processes. The model performs
optimally for a temperature range of 100-3500 K. Rigorous cross-testing against exper-
imental data ensures the reliability and accuracy of our predictions, establishing our
model as a valuable tool in understanding and predicting diffusion processes.

This chapter is structured as follows: Section 3.2 presents an overview of the data
types used, data preprocessing, accessible experimental features, statistical consid-
erations regarding the data, and the criteria employed for model selection. Section
3.2.2 delves into a comprehensive analysis of feature engineering alongside the training
scheme. In section 4.2, we discuss a comparative analysis of model’s performance with
RF, DNN and SVR algorithms and potential bias and limitations of the model. This
section also includes an individual assessment of model performance, key feature ex-
traction techniques, and an uncertainty analysis. Finally, the conclusions drawn and

the model’s accessibility are discussed in section 7.1.

4.1 Machine Learned Models of Diffusion Coeffi-

cient

4.1.1 Impurity Diffusion in Impure Metallic Media

In the impurity diffusion mode comprising 2506 data points, correlation analysis re-
vealed that among the 19 features of diffusing element and 35 features of diffusion media
show correlations below 90%. The heatmaps illustrating the correlation between fea-
tures after removing highly correlated features are given in Figure 4.1. Figure 4.1a
describes the feature space of diffusing element, characterized by a predominantly neg-
ative correlation trend compared to the feature space of diffusion media shown in

Figure 4.1 b, where a more positive correlation trend is evident on average, denoted
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by the red squares. Merging these two feature spaces yields a combined feature space,
excluding features with correlations exceeding 75%. Specifically, three features were
eliminated from diffusing element’s feature space, and four from diffusion media’s. The
correlation heatmap of the combined feature space, depicted in Figure 4.1 ¢, indicates
an average feature correlation of less than 25% after the final correlation correction.

Finally, the temperature feature is integrated into the combined feature space, leading
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Figure 4.1: Feature spaces — impurity diffusion in IM media for a) diffusing elements,
b) diffusion media, and c) the combined feature space used for training. Features
of diffusing elements and diffusion media are indexed sequentially and the respective
indices are marked in the combined feature space for reference. Common abbreviations
such as ‘min.” for minimum, ‘avg.” for average, and ‘dev.” for deviation are used.
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to a training dataset dimension of 2497 x 49 (comprising 48 diffusion features and
temperatures). Notably, some rows with missing variables in the feature space have
been omitted, which accounts for the dataset’s dimension of 2497.

After analyzing the distribution of the target variable, the diffusion coefficient, it is
apparent that the log-transformed diffusion coefficient exhibits a more normal distri-
bution compared to the pure diffusion coefficient. In this model, using the log of the
diffusion coefficient as the target variable proves beneficial (with a better R2 score).
The Figure C.4a illustrates this shift, with the mean and standard deviation for the
pure diffusion coefficient being 1.15 x 1077 m?/s and 2.64 x 1075 m?/s, respectively.
After applying the logarithm transformation, these values become 31.00 and 7.06, re-
spectively. The log-transformed diffusion coefficient is more suitable for modeling due
to its normalized distribution characteristics. Similarly, the feature, temperature also
exhibits a normal distribution, with a mean of 1010.39 K and a standard deviation of
450.69 K.

PC analysis (Figure 4.2a) reveals that 25 PCs can represent 90% of the variance
in the data, whereas 39 PCs can represent 99% of the variance. Notably, the number
of PCs needed to represent at least 90 % variance is remarkably higher, indicating the
presence of complex relationships among the descriptors[253]. Figure 4.2b depicts the
important features when projecting eigenvectors of features in the PC space spanned
by the first two PCs that together represent ~ 24% of variance in data. In this figure,
red and blue arrows represent important features of diffusing elements and diffusion
media, and other trivial features are marked by green arrows. Further, the features
of diffusing element namely the GS bandgap, electronegativity, number of p valance,
number of p unfilled, Mendeleev number, column, and covalent radius are identified as
the most contributing features to the PC1 and PC2. In contrast, only one feature of

diffusion media, the min. melting temperature, is identified as the most contributing
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Figure 4.2: PC analysis; a) PCs that explain cumulative variance with inset graph that
depicts variance of features represented by 25PCs and b) most contributed features in
PC space spanned by first two PCs. The eigenvectors of features are projected as
arrows. The important features of diffusing element are marked in red, diffusion media
in blue, and other less contributing features in green color. The scatter plot in the
background illustrates the scaled distribution of data points in PC space.

feature in the same PC space. The decreased variance (~ 24%)of the data represented
in PC 1 and 2 is the prime reason for this. However, when considering the magnitude of
eigenvectors of features in 39-dimensional PC space, as given in the inset of Figure 4.2a,
it can be seen that the majority of features exhibit a variance above 80%. Therefore,
39 PCs that explain 99% of the variance in data are used when training with PCs.

Figure 4.3a displays the model’s performance when trained using feature space,
yielding a R? score of 0.94; b, on the other hand, displays the model’s performance
when trained with PCs, yielding a R? value of 0.90. Although the feature-trained
model outperforms PC-trained model in terms of the R? score, it is noteworthy that
the PC-trained model exhibits a slightly lower MSE compared to the feature-trained
model.

When examining the model’s uncertainty as given in Figure C.5a, both models

show that the root mean square out-of-bag approach is not a well-calibrated metric;
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Figure 4.3: Performance of model — impurity diffusion in IM media: a) when trained
with the entire feature space (dimension: 2497x 49) and b) with principal components
of the entire feature space(dimension: 2497x 39). The gray solid lines depict the
uncertainty associated with each data point.

it significantly overestimates the error for a substantial portion of the data points.
In contrast, employing the Lolo uncertainty approach results in comparatively well-
calibrated uncertainty estimates (Figure C.5b), indicating that the samples in the
dataset are independently distributed. On comparing Lolo uncertainty estimates be-
tween feature-trained and PC-trained models as shown in Figure C.5b, histograms
are closer to normalized distributions of residuals in feature-trained rather than PC-
trained models. Nevertheless, the Lolo uncertainty approach cannot comprehensively
address all sources of uncertainty as seen from the small outgrowth of histogram in
Figure C.5b. This is particularly due to the uncertainties arising from factors not ex-
plained by the existing feature set—commonly referred to as ‘unknown unknowns’ as
mentioned in Ling et al. [252)’s work. For example, the diffusion coefficient data is
unavailable for certain temperature steps, leading to gaps in information. The absence
of such information may slightly undermine the reliability of uncertainty estimates.

Upon examining the feature importance derived from the RF algorithm used dur-
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Figure 4.4: Feature importance — impurity diffusion in IM media: features of diffusing
elements are highlighted in bold fonts and diffusion media are given in normal fonts.

ing training, we noted that 16 out of the 49 features used hold significance based on
their mean accuracy decrease score. These crucial features, along with their respective
standard deviations, are detailed in Figure 4.4. Notably, the temperature of the dif-
fusion process emerges as the most pivotal feature among them. Furthermore, within
the subset of seven important features pertaining to diffusion elements, the number of
unfilled orbitals stands out as the most critical. Likewise, within the nine important
features associated with diffusion media, both the minimum melting temperature and

GS volume were identified as significant.

4.1.2 Self Diffusion in Impure Metallic Media

The dataset for self-diffusion in IM media has 2506 data points. 19 features of diffusing
elements and 35 features of diffusion media were identified to have mutual correlations

of less than 90% by correlation analysis. Figure 4.5a describes the feature space of
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diffusing element, characterized by negative and positive correlation trends in equal
proportion compared to the feature space of diffusion media shown in Figure 4.5b,
where a more positive correlation trend is evident on average, denoted by the reddish
squares. After merging the feature spaces of diffusing element and diffusion media
and removing features with correlations over 75%, one feature from diffusing element
and sixteen features from diffusion media were eliminated. The resulting correlation
heatmap (Figure 4.5¢) shows an average feature correlation below 25% after the final
correction. Additionally, the temperature feature was incorporated into the combined
space, resulting in training data of dimension 2506 x 30 (29 diffusion features and
temperatures).

Statistical analysis reveals that the log-transformed diffusion coefficient displays
a more normalized distribution compared to the original diffusion coefficient, lead-
ing to better modeling performance (with an improved R? score). As illustrated in
Figure C.4b, the mean and standard deviation of the pure diffusion coefficient are
8.09 x 1072 m?/s and 7.68 x 107! m? /s, respectively. Following the logarithmic trans-
formation, these values shift to 34.90 m?/s and 6.01 m?/s. This transformation en-
hances modeling performance due to the normalized distribution trend. Similarly, the
temperature feature also demonstrates a normal distribution, with a mean of 1027.98
K and a standard deviation of 500.71 K.

PC analysis (Figure 4.6 a) shows that 16 PCs capture 90% of the data’s vari-
ance, while 24 PCs capture 99%. Notably, representing at least 90% variance requires
significantly more PCs, indicating complex relationships among descriptors[253]. In
Figure 4.6 b, important features are shown using eigenvectors projected onto the first
two PCs, explaining 28% of the variance. Diffusing element’s features such as covalent
radius, Mendeleev number, melting temperature, electronegativity, number of p, and d

valence, and number d unfilled, and GS volume contribute most to PC1 and PC2. Con-
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Figure 4.5: Feature spaces — self diffusion in IM media for a) diffusing elements,
b) diffusion media, and c¢) the combined feature space used for training. Features
of diffusing element and diffusion media are indexed sequentially and the respective
indices are marked in the combined feature space for reference. Common abbreviations
such as ‘min.” for minimum, ‘avg.” for average, and ‘dev.” for deviation are used.

versely, only one feature of diffusion medium, the average deviation of row, is identified
as the most contributing feature in the same PC space. The decreased variance of the
data (=~ 28%) represented by PC 1 and 2 is the prime reason for this. However when
considering the magnitude of eigenvectors of features in 24-dimensional PC space, as
given in the inset of Figure 4.6a, it can be seen that the majority of features exhibit a

variance above 80%. Therefore, 24 PCs that explain 99% of the variance in data are
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Figure 4.6: PC analysis; a) PCs that explain cumulative variance with inset graph that
depicts variance of features represented by 24PCs and b) most contributed features in
PC space spanned by first two PCs. The eigenvectors of features are projected as
arrows. The important features of diffusing elements are marked in red, diffusion
media in blue, and other less contributing features in green color. The scatter plot in
the background illustrates the scaled distribution of data points in PC space.

used when training with PCs.
Figure 4.7a shows the model’s performance when trained with feature space, achiev-

ing an R? score of 0.95; in comparison, Figure 4.7b shows the model’s performance when

trained with PCs, resulting in an R? value of 0.91. Despite the feature-trained model
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Figure 4.7: Performance of model — self diffusion in IM media: a) when trained with
entire feature space (dimension: 2506 x 30) and b) with principal components of the
entire feature space (dimension: 2506 x 24). The vertical gray solid lines depict the
uncertainty associated with each data point.

outperforming the PC-trained model in R? score, both models exhibit a very similar
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MSE score of approximately 1.5 x 10721

When examining the model’s uncertainty (Figure C.5¢), both models reveal that
the root mean square out-of-bag approach is not well-calibrated; it tends to overesti-
mate errors significantly for many data points. Conversely, using the Lolo uncertainty
approach yields comparatively well-calibrated uncertainty estimates (Figure C.5d), in-
dicating independently distributed samples in the dataset. Comparing Lolo uncertainty
estimates between feature-trained and PC-trained models (Figure C.5d), histograms
show closer-to-normalized distributions of residuals in the feature-trained models than
in the PC-trained ones. However, as mentioned in Sec. 4.1.1, the Lolo uncertainty
approach cannot comprehensively address all sources of uncertainty, as evidenced by
the histogram’s outgrowth in Figure C.5d. This is mainly due to the missing diffu-

sion coefficient data for certain temperature steps, resulting in the overestimation of

uncertainty.
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Figure 4.8: Feature importance — self diffusion in IM media: features of diffusing
elements are highlighted in bold font and diffusion media are given in normal font.

When analyzing the feature importance derived from the RF' algorithm used during
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training, we observed that 11 out of the 29 features used are significant based on their
mean accuracy decrease score. These important features, along with their respective
standard deviations, are detailed in Figure 4.8. As expected, the temperature of the
diffusion process emerges as the most crucial feature among them. Furthermore, within
the subset of eight important features related to diffusing elements, melting temperature
and number of unfilled orbitals are highlighted as the most pivotal. Similarly, within
the two important features associated with diffusion media, both average deviation of

row and average deviation in GS volume were identified as highly significant.

4.1.3 Self Diffusion in Conventional Alloys

In the context of self diffusion mode, with 3431 data points, 18 features of diffusing
elements and 87 features of diffusion media have been identified that correlate less
than 90%. The heatmap presented in Figure 4.9 visualizes the feature space follow-
ing the post-correlation filtration. In Figure 4.9 a, diffusing element’s feature space
shows predominantly positive correlations, similar to diffusion medium’s feature space
depicted in Figure 4.9 b, where a positive correlation trend is also noticeable on av-
erage, highlighted by reddish squares. Then, the combined feature space was formed
by excluding highly correlated features (over 75%), resulting in the elimination of 6
features from diffusing elements and 47 from diffusion media. The correlation heatmap
of the combined feature space (Figure 4.9 c) indicates an average feature correlation
of less than 25%. Finally, incorporating temperature into the combined feature space
expanded the dataset to dimensions of 3431 x 54, comprising 53 diffusion features and

temperature.
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Figure 4.9: Feature space — self diffusion in MCA media: combined feature space of
diffusing element and diffusion media used for training. Features of diffusing elements
are highlighted in bold fonts and diffusion media in regular fonts(Individual feature
space of diffusing element and diffusion media for this model are given in Figure C.6a
and b respectively). Common abbreviations such as ‘min.” for minimum, ‘avg.” for
average, and ‘dev.” for deviation are used.

A statistical examination of the distribution of the diffusion coefficient, reveals that
log-transformed diffusion coefficient follows a more normal distribution compared to
the normal diffusion coefficient. Employing the log of the diffusion coefficient as the
target variable in this model results in a better R? score. Figure C.4c visually depicts
this transformation, with the mean and standard deviation for the normal diffusion
coefficient being 3.27 x 1072 m?/s and 2.89 x 107! m?/s, respectively. After the
logarithm transformation, these values shift to 33.80 m?/s and 5.37 m?/s, respectively.

The log-transformed diffusion coefficient is favored for modeling because it closely aligns
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with normal distribution. Likewise, the temperature feature also exhibits a normal
distribution, with a mean of 1234.19 K and a standard deviation of 374.52 K.

PC analysis (Figure 4.10 a) indicates that 21 PCs capture 90% of variance of data,
while 40 PCs capture 99%. This disparity suggests complex relationships among de-
scriptors, as more PCs are needed to represent at least 90% variance. In Figure 4.10 b,
important features are displayed using eigenvectors projected onto the basis of first two

PCs, together explaining approximately 28% of the total variance in data. diffusing
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Figure 4.10: PC analysis — self diffusion in MCA media; a) PCs that explain cumulative
variance with inset graph that depicts variance of features represented by 40 PCs and
b) most contributed features in PC space spanned by first two PCs. The eigenvectors
of features are projected as arrows. The important features of diffusing elements are
marked in red, diffusion media in blue and other less contributing features in green
color. The scatter plot in the background illustrates the scaled distribution of data
points in PC space.

element’s features such as Mendeleev number, melting temperature, and number of p
unfilled orbitals are significant contributors mainly to PC1. In the same PC space,
important diffusion medium’s features include mean number of p valence, minimum
GS volume, and mazimum GS magnetic moment. Given the fact that PC1 and PC2
collectively represent approximately 28% of the variance in the data, considering a

higher-dimensional PC space that incorporates greater variance is recommended for
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training. The scatter plot given in the inset of Figure 4.10a suggests that training with
40 PCs is beneficial as most features capture above 90% variance.

This model exhibits overfitting when trained with the feature space using RF. This
is primarily due to the high diversity in diffusion media within the self diffusion dataset,
which comprises 191 distinct types of diffusion media, as given in Table 3.1. Therefore
we choose MLPRegressor to train the model using feature space that gives R? score of
0.93 with MSE 2.48 x 10722, Training was also performed using 40 PCs that captured
99% of variance in training data. Figure 4.11b illustrates the model’s performance
when trained using the PC space with RF, achieving an R? score of 0.92 with MSE
1.65 x 10722, These results are very similar to those obtained from the MLPRegressor
using the feature space. This indicates that despite the high diversity in the feature
space leading to RF' overfitting, projecting the features to PC space and then using

PCs for RF training yields accurate results and precise uncertainty estimates.
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Figure 4.11: Performance of model — self diffusion in MCA media when trained with a)
the entire feature space (dimension: 3431 x 54) and with b) the principal components
of the entire feature space (dimension: 3431 x 40). The gray solid lines depict the
uncertainty associated with each test data point.

On comparing out-of-bag uncertainty estimates calculated using feature space (trained

with MLPRegressor since RF is overfitting) and PC space (trained with RF') as given
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in Figure C.5e it can be seen that both training schemes overestimates errors for many
data points. However using Lolo approach, as given in Figure C.5f the uncertainty

estimates are more normally distributed for most of the data points.
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Figure 4.12: Feature importance — self diffusion in MCA media: MLPRegressor were
used with feature permutation scheme. Features of diffusing elements are highlighted
in bold font and diffusion media are given in normal font.

Figure 4.12 summarizes the feature importance analysis calculated using MLPRe-
gressor based on feature permutation. Among the six key features of diffusing elements,
manimum number of p and d valence were identified as most important. For diffusion
media, out of twenty important features, mean electronegativity and range of d valence
of the composition elements were highlighted as most important. Furthermore, tem-
perature of diffusion process stands out as the most important feature among all other

features.

4.1.4 Impurity Diffusion in Conventional Alloys

In the impurity diffusion mode, encompassing 2567 data points, 19 features of diffus-
ing elements and 85 features of diffusion media were identified to correlate less than
90%. As depicted in Figure C.7a, diffusing element’s feature space predominantly ex-

hibits negative correlations, contrasting with diffusion media’s feature space shown in
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Figure 4.13: Feature space — impurity diffusion in MCA media: combined feature space
used for training. Features of diffusing elements are highlighted in bold characters
and diffusion media in regular fonts(Individual feature space of diffusing element and
diffusion media for this model are given in Figure C.7a and b respectively). Common
abbreviations such as ‘min.” for minimum, ‘avg.” for average, and ‘dev.” for deviation
are used.

Figure C.7b, where a positive correlation trend is evident on average, highlighted by
reddish squares. Subsequently, the combined feature space was created by excluding
highly correlated features (over 75%), resulting in the removal of 4 features from dif-
fusing elements and 47 from diffusion media. The correlation heatmap of the combined
feature space (Figure 4.13¢) indicates an average feature correlation of less than 25%.
Finally, integrating temperature into the combined feature space expanded the dataset
to dimensions of 2567 x 49, comprising 50 diffusion features and temperatures.

To enhance the model performance during training, the diffusion coefficient is trans-

formed to a log scale, resulting in a more normal distribution and a better R? score.
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The mean and standard deviation for the original diffusion coefficient are 1.66 x 107
m? /s and 1.98 x 107% m? /s, respectively, while after the logarithm transformation, these
values shift to 32.90 m?/s and 8.53 m?/s, respectively as shown in Figure C.4d. Simi-
larly, the temperature feature exhibits a normal distribution with a mean of 1049.33 K

and a standard deviation of 422.75 K.
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Figure 4.14: PC analysis — impurity diffusion in MCA media; a) PCs that explain
cumulative variance with inset graph that depicts variance of features represented by
43PCs and b) most contributed features in PC space spanned by first two PCs. The
eigenvectors of features are projected as arrows. The important features of diffusing
elements are marked in red, diffusion media in blue, and other less contributing features
in green color. The scatter plot in the background illustrates the scaled distribution of
data points in PC space.

PC analysis (Figure 4.14a) reveals that 25 PCs capture 90% of the data’s variance,
while 43 PCs capture 99%. This discrepancy indicates complex relationships among
descriptors, requiring more PCs to represent at least 90% variance. In Figure 4.14b,
important features are displayed using eigenvectors projected onto the first two PCs,
explaining approximately 22% of the total variance in data. Diffusing element’s fea-
tures such as number and band gap significantly contribute to PC1. Similarly, notable
diffusion media’s features include 0-norm, mazimum melting temperature, and range
of d walence in the same PC space. Considering that PC1 and PC2 collectively rep-

resent only 22% of the variance in the data, we selected a 43-dimensional PC space
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that captures 99% of the variance for PC-based training, as shown in the inset of
Figure 4.14a. In this space, most features contribute over 80% variance ensuring the

effective inclusion of all of the features.
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Figure 4.15: Performance of model — impurity diffusion in MCA media when trained
with a) the entire feature space (dimension: 2567 x 49) and b) principal components
of the entire feature space (dimension: 2567 x 43). The vertical gray solid lines depict
the uncertainty associated with each data point.

Similar to the self diffusion model in MCA media described in Sec. 4.1.3, this model
also displays overfitting when trained with the feature space, mainly because of the
highly diverse diffusion media (271 types) present in the data. For this reason, we used
the MLPRegressor for training with the feature space, achieving a higher R? score of
0.98, as shown in Figure 4.15a. However, RF performs well when trained using 43
PCs but a comparatively lower R? score of 0.95 as depicted in Figure 4.15b. When
examining the MSE of both training schemes, the differences are minimal, with MSE
values on the order of 10716,

When comparing out-of-bag uncertainty estimates calculated using the feature
space (trained with MLPRegressor since RF is overfitting) and the PC space (trained
with RF') as shown in Figure C.5g, it is evident that both training methods tend to

overestimate errors for many data points. In contrast, the Lolo approach, depicted in
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Figure C.5h, provides uncertainty estimates that are more normally distributed across

most data points.
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Figure 4.16: Feature importance — impurity diffusion in MCA media: MLPRegressor
were used with feature permutation scheme. Features of diffusing elements are high-
lighted in bold font and diffusion media are given in normal font.

Figure 4.16 summarizes the feature importance analysis calculated using MLPRe-
gressor based on feature permutation. Among the four key features of the diffusing
elements, minimum GS bandgap was identified as the most significant. For diffusion
media, out of six important features, mean melting temperature and minimum number
of unfilled orbitals of composition elements were highlighted as the most important.
Further, temperature of diffusion process was identified as the most influential feature

overall.

4.1.5 Chemical Diffusion in Conventional Alloys

The dataset for self-diffusion in IM media comprises 483 data points. From correla-
tion analysis, 9 features of diffusing elements and 45 features of diffusion media were

identified with correlations below 90%. Figure C.8a depicts the feature space of dif-
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fusing elements, showcasing mainly positive correlation trends. Similarly, Figure C.8b
illustrates the feature space of diffusion media, also with predominantly positive cor-
relations, indicated by the reddish squares. Upon merging these feature spaces and
filtering out features with correlations exceeding 75%, 5 features from diffusing ele-
ments and 30 features from diffusion media were removed. The resulting correlation
heatmap (Figure 4.17) exhibits an average feature correlation below 25% after these

adjustments. Lastly, incorporating the temperature feature into the combined space
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Figure 4.17: Feature space — chemical diffusion in MCA media: combined feature space
used for training. Features of diffusing elements are highlighted in bold characters
and diffusion media in regular fonts(Individual feature space of diffusing element and
diffusion media for this model are given in Figure C.8a and b respectively). Common
abbreviations such as ‘min.” for minimum, ‘avg.” for average, and ‘dev.” for deviation
are used.

led to training data dimensions of 483 x 20 (19 diffusion features and temperature).
The statistical analysis indicates that the log-transformed diffusion coefficient ex-
hibits a more normalized distribution compared to the original diffusion coefficient.

This normalization leads to improved modeling performance, reflected in an enhanced
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R? score. In Figure C.4e, the log-transformed standard deviation graph displays two
bell-shaped curves, indicating higher data variability, mostly symmetric around the
mean. Specifically, for the pure diffusion coefficient shown in Figure C.4e, the mean
and standard deviation are 5.83 x 107! m?/s and 1.17 x 107'° m?/s, respectively.
After logarithmic transformation, these values shift to 30.01 m?/s and 5.59 m?s, re-
spectively. This transformation contributes to improved modeling performance due to
the normalized distribution trend. Additionally, the temperature feature also demon-

strates a normal distribution, with a mean of 1264.02 K and a standard deviation of
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Figure 4.18: PC analysis; a) PCs that explain cumulative variance with inset graph
that depicts variance of features represented by 12PCs and b) most contributed features
in PC space spanned by first two PCs. The eigenvectors of features are projected as
arrows. The important features of diffusing elements are marked in red, diffusion
media in blue, and other less contributing features in green color. The scatter plot in
the background illustrates the scaled distribution of data points in PC space.

The PC analysis (Figure 4.18 a) reveals that 7 PCs capture 90% of the data’s vari-
ance, while 12 PCs capture 99%. It is noteworthy that achieving a representation of at
least 90% variance necessitates a considerably higher number of PCs, indicating com-
plex relationships among descriptors. In Figure 4.18 b, important features are depicted
using eigenvectors projected onto the first two PCs, explaining 43% of the variance.

Notably, a single feature of diffusing element, the number of d unfilled orbitals, appears
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as the strongest feature which is more leaned to PC1. And, features of diffusion media,
such as the 2-norm, average deviation of number, range of Mendeleev number, mode of
the number of p valence, range of the number of p valence, average deviation of valence,
and minimum space group number, are identified as the most contributing features in
the same PC space. However, when considering the magnitude of eigenvectors of fea-
tures in the 12-dimensional PC space that includes higher variance of data, as shown
in the inset of Figure 4.18a, it is visible that the majority of features exhibit a variance
above 80%. Therefore, 24 PCs that explain 99% of the variance in the data are used
during training with PCs.

Figure 4.19a shows the model’s performance when trained using the feature space,
resulting in an R? score of 0.94. Conversely, Figure 4.19b displays the model’s perfor-
mance when trained with PCs, achieving an R? value of 0.96. Comparing these models,

the PC-trained model slightly outperforms the feature-trained model, despite similar

MSE scores.
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Figure 4.19: Performance of model — chemical diffusion in MCA media: a) when
trained with the entire feature space (dimension: 483 x 20) and b) with principal
components of the entire feature space (dimension: 483 x 12). The gray solid lines
depict the uncertainty associated with each data point.

When examining the model’s uncertainty (Figure C.5k), both models demonstrate
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that the root mean square out-of-bag approach is poorly calibrated, tending to overes-
timate errors significantly for many data points. In contrast, using the Lolo uncertainty
approach yields comparatively well-calibrated uncertainty estimates (Figure C.51), indi-
cating independently distributed samples in the dataset. Comparing Lolo uncertainty
estimates between feature-trained and PC-trained models (Figure C.51), histograms
show closer-to-normalized distributions of residuals in the feature-trained models than
in the PC-trained ones. However, as mentioned in Sec. 4.1.1 and Sec. 4.1.2, the Lolo
uncertainty approach cannot comprehensively address all sources of uncertainty, as ev-
idenced by the histogram’s outgrowth in Figure C.51. This is primarily due to missing

diffusion coefficient data for certain temperature steps.
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Figure 4.20: Feature importance — chemical diffusion in MCA media: Features of
diffusing elements are highlighted in bold font and diffusion media are given in normal
font.

When analyzing the feature importance derived from the RF used during training,

we observed that 7 out of the 20 features used for training are significant based on their
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Table 4.1: Performance overview of all models.

s . Number of R? MSE (x107%)
Diffusion Medium — Model features RF DNN SVR RF DNN SVR
Impure metallic Impurity 49 0.94 093 0.88 12.50 387.9015.40

Self 30 0.95 0.92 0.87 0.015 0.04800.047

Impurity 54 * 0.98 0.97 * 1030.11363.4
Multi-component alloy Self 54 * 096 090 * 0.00250.0021

Chemical 20 0.94 0.96 0.93 0.00680.00920.0047

* Model is overfitting.

mean accuracy decrease score. These important features and their respective standard
deviations are detailed in Figure 4.20. Notably, the temperature of the diffusion process
emerges as the most crucial feature among them. However, only one feature related to
diffusing elements, the number of s valence is identified as important. Similarly, within
the subset of important features associated with diffusion media, both mean Mendeleev

number and mean electronegativity were identified as significant.

4.2 Performance Analysis of Models

This section includes a comparative analysis of performance of models trained with RF,
DNN and SVR algorithms. All models are trained with the methodology described in
methodology section with corresponding feature space as described in sections 4.1.1 —
4.1.5. When evaluating the model’s performance using R? and MSE scores, the results
indicate that RF and DNN trained models outperform SVR models. Specifically, RF
models demonstrate optimal performance in predicting impurity and self-diffusion in
IM media and DNN models for impurity, self and chemical diffusion in MCA media,
as given in Table 4.1. The same table also highlights the overfitting of RF models
as the number of features increases in the case of impurity and self diffusion in MCA
media. Since the highly correlated features of the DE and DM were removed during

the feature engineering step, none of the features from the final feature space removed
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to negotiate hyperparameter tuning time. This approach maximizes the model’s pre-
dictive performance, as all features in the final feature space contribute, either directly
or indirectly, to the model’s efficiency.

The prediction bias and limitations of a ML model can be understood through the
nature and diversity of the training data along with R?, MAE score and uncertainty.
Figure C.1 and Figure C.2 provide a comprehensive overview of the diffusion data
used for training. The pie charts in Figure C.1 clearly illustrate that nearly 40% of
DEs are from the d-block for both IM and MCA media, which explains the model’s
higher efficiency in predicting d-block elements as DE. Similarly, the average percentage
contributions from the s, p, and f blocks are 15%, 32%, and 11%, respectively, for DE,
leading to a corresponding bias in prediction accuracy. Furthermore, as shown in
Figure C.2, the majority of DM is also composed of d-block elements, which results in
the model being more inclined toward accurate predictions of diffusion coefficient for

DM composed of d-block elements.
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Chapter 5

GNN Assisted Modeling of Li-ion

Transport in SEI

In this work is about a deep-learning-assisted framework to model Li-ion transport
across the inorganic SEI by combining density functional theory (nudged elastic band)
calculations with graph neural network learning. A systematic diffusion dataset was
first generated for eight major inorganic SEI components, namely LiF, LiCl, LiBr,
Lil, LiyO, LisS, LisN, and Li;COs3, covering both grain diffusion and grain-boundary
diffusion over representative low-energy surfaces and interfaces. This dataset includes
homogeneous and heterogeneous grain boundaries, providing a unified design space for
Li-ion migration in SEI environments. A path-aware graph variational autoencoder
(GVAE) was then used to learn latent representations of NEB trajectories, and the
learned embeddings were incorporated into a predictive GNN model for minimum-
energy-path and migration-barrier estimation. The combined GVAE-GNN framework
achieved strong predictive performance for both grain and grain-boundary diffusion,
with test-set R? values of 0.93 and 0.94, respectively. Feature-importance and latent-
space analyses further show that migration behavior is governed not only by composi-
tion, but also by local structural factors such as exposed surface, saddle-point character,
and grain-boundary energetics. The results reveal clear transport trends across SEI

chemistries, with halide-rich systems generally associated with narrower low-barrier
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distributions, while LisN, Li;COg3, and structurally mismatched heterogeneous grain
boundaries exhibit broader and higher-barrier landscapes. This study give a physics-
informed machine-learning framework for mapping and predicting Li-ion migration in
complex SEI structures and provides insight into how SEI chemistry and microstructure

jointly control interfacial ion transport.

5.1 Motivation for Data-Driven Modeling

Earlier computational studies on dendrite formation and SEI behavior have largely
focused on mapping Li-ion transport in a limited set of representative SEI compo-
nents. Most of these investigations rely on density functional theory (DFT), particu-
larly nudged elastic band (NEB) calculations, to determine Li-ion migration pathways
and activation barriers. A notable study by Ramasubramanian et al. [81] examined
LiF, Li;O, and Li;CO3 and demonstrated Li-ion transport through the grain bound-
aries of these phases. Their results showed that grain boundaries create multiple open
diffusion channels that facilitate faster Li-ion transport, with the highest diffusion rate
observed for the heterogeneous LiF/LisO grain boundary compared with the corre-
sponding homogeneous LiF/LiF and Li;O/Li;O boundaries. However this work in-
clude a few selected diffusion pathways and limited surface terminations for a given
grain boundary. Similarly, Zheng et al. [82] investigated several ionic migration mecha-
nisms in bulk LiF, Li;CO3, LiOH, and Li;O. While this work attributed the relatively
fast Li-ion transport in LiF compared to other components, the broader transport
picture within the SEI remains unaddressed, as the SEI is inherently an amalgam
of crystalline grains and grain boundaries. Soto et al. [83] reported, in their NEB
study of Li-ion diffusion mechanisms in the grains of LiF and Li;COg, that among the

mechanisms considered—including knock-off, concerted exchange, vacancy diffusion,
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and direct hopping—vacancy diffusion and knock-off are the most energetically favor-
able in these two components. Existing studies of Li-ion transport in SEI materials
largely focus on one or a few components particularly about LiF, Li;O and Li,COs,
with relatively limited attention to the halide-rich SEI chemistry observed in modern
electrolytes.[84-87]. Also the studies incorporating grain boundary rich SEI model
concentrate only on a limited number of migration pathways within selected grains or
grain boundaries. This demands the need of an collective SEI modeling that include
grain and grain boundary diffusion in SEI through all reported SEI components and
their possible grain boundary configurations.

As a first phase of this study, we consider the major inorganic SEI components LiF,
LiCl, LiBr, Lil, LiyO, LiyS, LigN, and Li;COg. Li-ion diffusion pathways in these ma-
terials were mapped using NEB calculations. As grain formation in the SEI is strongly
influenced by the exposed surface and its crystallographic orientation, grain-diffusion
calculations were performed over a broad range of low to medium energy surfaces iden-
tified on the basis of surface energy. For grain-boundary diffusion, both homogeneous
and heterogeneous grain boundaries were included using the listed SEI components.
These grain-boundary pairs were constructed on the basis of grain-boundary energy
and Coincidence Site Lattice (CSL) theory. For both grains and grain boundaries, all
possible symmetry-unique Li-ion diffusion pathways were identified and considered for
NEB calculations, with more details provided in the Methodology section. This proce-
dure resulted in a large dataset describing Li-ion migration across the SEI, including
diffusion coordinates, crystallographic orientations, migration energetics, surface en-
ergies, and grain-boundary energies. To the best of our knowledge, this is the first
study to systematically map Li-ion migration across such a broad set of major inor-
ganic SEI phases, their low-medium energy surface orientations, and representative

grain-boundary configurations within a unified SEI design space.

99



In the second stage of this work, the Li-ion diffusion information generated from
the DFT-NEB calculations is used to develop a graph neural network (GNN)-assisted
predictive model for estimating Li-ion migration pathways in a given grain or grain-
boundary environment of SEI components. This step is motivated by the high compu-
tational cost of DFT-NEB calculations, which makes exhaustive screening of the large
number of possible SEI chemistries, surface orientations, and grain-boundary configu-
rations impractical. For instance, in LiF, three stable surfaces are reported in literature
with surface energy ranging from 20 — 50 meV/ A2[81, 254]. This alone can results in
three distinct grains of LiF with respective growth surfaces. Considering the symmet-
rically distinct diffusion sites in this grain which further demands respective number
of times NEB calculations required to completely map the potential energy terrain of
Li-ion intra-grain diffusion. As the slab thickness used in this work was intentionally
kept small to enable high-throughput DFT-NEB calculations across a large number
of SEI components and interfaces, the corresponding intra-grain diffusion should be
interpreted mainly as surface or near-surface diffusion rather than fully bulk-like diffu-
sion in large supercells. Therefore, a balance between computational cost and dataset
diversity was adopted to generate diffusion data for multiple SEI chemistry, surfaces,
and interface configurations. Although thicker slabs generally provide more bulk-like
environments and quantitatively better-converged migration barriers, the thinner slabs
used in this work were intentionally adopted to enable high-throughput generation of
a diverse diffusion dataset spanning numerous SEI components, surfaces, and interface
configurations.

Given the SEI components and their diverse local atomic distributions, crystal-
lographic orientation, and interfacial environment involved in the diffusion dataset,
crystal graph data is extensively used throughout the modeling in this work. A GNNs

based modeling approach is therefore particularly well suited to this modeling, as they
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can naturally encode atomic connectivity, local coordination, and geometric features
that govern migration energetics, unlike traditional machine-learning models that rely
primarily on fixed feature vectors and often struggle to capture such structural com-
plexity. With recent advances in machine learning and its applications to materials sci-
ence, state-of-the-art increasingly focused on the use of graph neural networks (GNNs)
for the prediction of structural and material properties, the conditional generation of
novel materials and molecules, and the design of new materials tailored to desired
target properties[255-260].

When its comes to SEI and machine learning perspectives, a few works can be ex-
emplified. One earlier work by Soleymanibrojeni et al. [261] used a kinetic Monte Carlo
method to model SEI formation as a function of reaction barriers. It built an initial
database using a design-of-experiments approach to train a Gaussian process classifica-
tion model, which was later improved through active learning. However, a key limita-
tion of this approach is that the migration barriers are not learned or predicted directly
from atomistic structure; instead, they are treated as predefined coarse-grained input
parameters whose ranges are approximated from first-principles calculations and liter-
ature data. In a similar work Li et al. [262] developed active-learning ML interatomic
potentials trained on DFT data from amorphous SEI structures to predict Li trans-
port and migration barriers in Li;CO3 and Li2EDC which covers only a limited subset
of SEI chemistries, and remains computationally expensive for long-timescale simula-
tions when using the more accurate neural-network potential. In general, there have
been several attempts to use machine-learning-assisted simulations and predictions for
battery interfaces, including SEI formation, lithium dendrite growth, interfacial ion
transport, and atomistic modeling with machine-learned interatomic potentials[263].
However, these studies still rely largely on limited, chemistry-specific datasets—often

focused on only one or two major SEI components—and their accuracy and transfer-
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ability for migration-barrier prediction remain constrained by the limited availability
of high-quality DFT- or simulation-derived training data. Based on these observations,
we note that a GNN-based modeling approach has not yet been applied specifically
to understanding Li-ion diffusion in the SEI, nor have DFT-NEB datasets spanning a
wide range of SEI components been systematically integrated with machine learning
to establish design rules for SEI architecture. In this scenario, the present study, which
provides a large NEB dataset encompassing both grain and grain-boundary diffusion
together with a GNN-based modeling approach, establishes a rational design space for
SEI structures by the prediction of Li-ion migration behavior across a broad range of

SEI components.

5.2 Dataset Description and Design Space

This study consists of two phases: (i) generation of Li-ion DFT-NEB migration-barrier
data for selected SEI components namely, LiF, LiCl, LiBr, Lil, Li,O, LiyS, LisN, and
Li»COj3 and (ii) development of GNN-based predictive models trained using DFT-NEB
data. The methodology as a whole is illustrated as a flowchart as shown in Figure 5.1

The structures of the SEI components were obtained from the Materials Project
repository using the MPRester API, with the lowest-energy-above-hull entries selected
for each component [264]. These bulk structures were subsequently geometrically
optimized through DFT calculations. DFT calculations were performed using the
Vienna Ab-initio Simulation Package (VASP)[205]. The projector augmented-wave
method was used to describe core-valence interactions, together with the Perdew—
Burke-Ernzerhof (PBE) exchange—correlation functional within the generalized gradi-
ent approximation (GGA)[265-267]. A plane-wave kinetic-energy cutoff of 500 eV was

applied throughout. Geometrical optimizations were continued until the forces on all
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Figure 5.1: Workflow of modeling Li-ion transport in SEI. Diffusion minimum energy
path and migration barrier estimated using nudged elastic band method implemented
in DFT computational code. Graph variational autoencoder used to augment data and
GNN transformer model for predictive modeling.

atoms were below 0.1 eV/A. Brillouin-zone integrations employed Monkhorst—Pack
k-point meshes of 7 x 7 x 7 for bulk and 3 x 3 x 1 for slab initial optimization calcu-

lations. The structural and energy information after the optimization step is given in

Table C.4.

5.2.1 Diffusion Coefficient Data Generation

This study considered Li-ion vacancy diffusion to estimate migration barriers, following
prior reports that vacancy-mediated diffusion is the most favorable mechanism in SEI
components compared with concerted exchange and knock-off mechanisms [83, 85,
268]. The MinimumDistanceNN() class in Pymatgen was used to identify candidate
diffusion sites and pathways in the grain structures while excluding symmetrically
equivalent sites. Initial and final configurations for each diffusion event were then
constructed and geometrically relaxed before NEB calculations. Intermediate images
representing the Li-ion migration coordinates were then generated using the VTST

scripts maintained by Henkelman Research Group[269]. For each diffusion process,
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five intermediate images were introduced between the initial and final states to reduce
the overall computational cost of the DFT calculations, with the images obtained
through linear interpolation along the migration path. All images were then optimized
simultaneously to determine the minimum energy path (MEP). Migration barriers
were calculated using the NEB method as implemented in VASP, with the climbing-
image NEB (CI-NEB) scheme employed to locate the saddle point accurately[179]. The
migration barrier was defined as the maximum energy along the MEP relative to that

of the initial state.

5.2.2 Grain Diffusion

The geometry-optimized bulk structures were used to construct slab models for migration-
barrier calculations in grains. For each slab, a vacuum layer of 10 A was introduced
along the z-direction, while periodicity was preserved along the x and y directions.
Slab thicknesses of 5-7.5 A were chosen to balance physical accuracy with the com-
putational cost associated with the multiple DFT calculations required for each NEB
simulation. This vacuum-slab configuration was employed in the DFT-NEB calcula-
tions to reduce spurious interactions between adjacent images. Grain-diffusion slabs
were subsequently generated using Pymatgen [237] by selecting exposed surfaces with
surface energies below 250 meV/ A2, as lower-energy surfaces are generally more stable
and more likely to occur naturally in grain structures [81]. The surface energy, (Ysur),

was calculated using Equation 5.1

Esa _NEu
Vsurf = fab S bulk (51)

where FEjy.;, is the total energy of the relaxed slab, Ey,y is the bulk energy per unit

structure, N is the number of units, and S is the surface area of the slab.
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Table 5.1: Statistical overview of grain surface energy for the SEI components consid-
ered in this study.

2
SEI component Grain surface Surface energy (meV/ A )

Maximum Minimum Average

LiF (100), (110), (210),  107.1 74.4 85.9
(211), (221)
LiCl (100), (110), (210) 18.3 7.6 13.0
LiBr (100), (110), (210) 10.8 10.5 10.6
Lil (100), (110), (210) 22.1 7.2 12.2
Li;O (110), (111) 57.2 35.4 46.3
LisS (110), (111) 32.7 22.8 27.7
LisN (100), (110) 57.2 31.5 44.4
LiyCOs3 (001), (100), (110) 105.5 39.7 35.0

The resulting structures of grain, together with their corresponding surface termi-
nations and surface energies, are summarized in Table 5.1. Diffusion sites were then
identified from these grain models using nearest-neighbor analysis to determine plau-
sible Li migration pathways. When multiple diffusion sites were symmetrically equiv-
alent, only one representative site was retained to avoid redundancy in the dataset.
On average, 10-15 NEB calculations were performed for each grain structure, enabling

systematic mapping of the diffusion-energy landscape.

5.2.2.1 Grain Boundary Diffusion

Homogeneous grain boundaries: Grain-boundary migration-barrier data were gen-
erated using homophase grain-boundary models constructed on the basis of Coincidence
Site Lattice (CSL) theory. In this approach, the degree of lattice coincidence between
two adjoining grains is quantified by the CSL parameter, defined as the ratio of the
area of the coincidence site lattice to that of the fundamental lattice. To sample rep-
resentative low-Y boundaries, CSL values of 3, 5, 7, 9, 11, and 13 were considered.

The corresponding rotation axes, rotation angles, grain-boundary planes, number of
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grain-boundary planes, and interfacial spacings used in this work are summarized in
Table 5.2.

Table 5.2: Coincident site lattice parameters used to construct low-X GB in SEI com-
ponents.

X Rotation axis Rotation GB plane
angle (°)

3 [110] 70.52 (111), (112), (110)

5 [001] 36.86 (012), (021), (100), (013), (031)
7 [111] 38.21 (132), (514), (111)

9 [110] 38.94 (114), (221), (110)

11 [110] 50.47 (332), (113), (110)

13 [100] 22.61 (032), (023), (100), (051), (015)

The grain-boundary structures were generated using the open-source Python pack-
age aimsgb, which enables construction of periodic grain-boundary models for both
cubic and non-cubic crystals. For each SEI component, grain-boundary supercells
were built from the parent crystal by joining grains A and B according to the pre-
scribed CSL relationship. Default aimsgb settings were used for model generation,
except 10 A vacuum thickness, 1.75 A interfacial separation beyond default construc-
tion, primitive-cell reduction enabled, and an atomic-plane tolerance factor of 0.25 A.
A few atomic layers were removed along the £z directions to reduce the system size
to approximately 100-150 atoms, thereby keeping the models computationally less de-
manding. The resulting grain-boundary slabs were constructed with thicknesses in the
range of 5-10 A. A few sample grain boundary structures constructed in such a way
is illustrated in Figure 5.4.

To exclude energetically unfavorable grain boundaries, the grain-boundary energy
of each model was evaluated using Equation 5.2:

ESE — NAEx — NgE
yap = —AB AQSA BLB (5.2)
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Figure 5.2: Representative homogeneous (¥£3) grain boundaries constructed by cleaving
along the (-111) plane for (a) LiF, (b) LiCl, (c¢) LiBr (d) Lil, (e) Li2O, (f) LisS, (g)
LisN, and (h) Li;CO3. The grain-boundary interface is highlighted in blue.
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where ygp is the grain-boundary energy, ESE is the total energy of the relaxed grain-
boundary structure, £4 and Eg are the bulk energies of structures A and B, N4 and
Np are the numbers of unit cells of A and B, respectively, and S is the interfacial
area. Grain boundaries with energies greater than 1000 mJ/m? were excluded from
the dataset, since such high-energy interfaces are generally much less stable, less likely
to form or persist under realistic conditions, and may therefore introduce physically
less relevant diffusion pathways into the analysis.

To focus the diffusion calculations on the grain-boundary region, selective dynam-
ics were employed to constrain atoms far from the interface, while atoms in and near
the boundary region were allowed to relax. Candidate Li migration pathways were
then identified by selecting diffusion sites across the grain boundary on the basis of
local coordination analysis using Pymatgen[237]. In particular, the destination site for
Li diffusion was chosen as a neighboring Li-vacancy site in the vicinity of the inter-
face. Symmetrically equivalent initial and final diffusion sites were excluded to avoid
redundant NEB calculations. The resulting grain-boundary diffusion pathways were
subsequently used in climbing image-NEB calculations to determine the corresponding
migration barriers.

Heterogeneous grain boundaries: In addition to homogeneous grain bound-
aries, heterogeneous grain-boundary models were also incorporated into the train-
ing dataset to account for interfacial diffusion across distinct SEI components. As
classical CSL theory is not directly applicable to hetero-interfaces, these structures
were constructed using a coherent lattice-matching approach based on the Zur-McGill
algorithm[270], which identifies commensurate in-plane supercells between two dissimi-
lar crystals under prescribed mismatch and angular tolerances. We used CoherentInterfaceBuilder ()
class from Pymatgen to build these systems. To maintain computational feasibility,

only interface models with small supercell areas, average lattice mismatch below 5%,
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and atom counts compatible with DFT calculations were retained. After lattice match-
ing, the film was rotated and strained to match the substrate, and the interface was
assembled with an appropriate interfacial gap (= 1.5 A) and vacuum spacing (10 A).
Only a limited number of such heterogeneous grain boundaries were included, as many
candidate interfaces were found to be structurally less stable and associated with rel-
atively high grain-boundary energies. A few representative heterogenous grain bound-
aries are given in Figure C.9 As in the homogeneous grain-boundary models, diffusion
pathways were selected across the interface by excluding symmetrically equivalent sites

and choosing nearby Li-vacancy destinations for NEB calculations.

5.2.3 Training Data

The training dataset was generated from two categories of diffusion data for SEI com-
ponents: (i) grain diffusion and (ii) grain-boundary diffusion. For both categories,
the target property is the Li-ion migration barrier, determined from the MEP of the
diffusion process connecting the initial and final Li diffusion coordinates. The set of
energies corresponding MEP of images in the NEB calculation, hereafter referred to
as the profile energy along the MEP, was also included as a target, given that the
migration barrier corresponds to the maximum energy value within this set.

The overview of grain diffusion training data is given in Figure 5.3, where the first
subplot depicts the perpendicular nudged elastic force along the MEP, showing that
the force distributions are generally centered near zero for most SEI components, which
suggests reasonably well-converged NEB pathways. However, LigN and Li;CO3 exhibit
noticeably broader spreads and larger extrema, indicating greater variability in local
migration environments. The second subplot presents the profile energies along the
diffusion path, which remain relatively narrow and close to zero for most components,

whereas LizN shows a substantially wider distribution with pronounced negative excur-
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sions, showing a more diverse set of intermediate-state energetics. The third subplot
summarizes the migration barriers, one of the target data, revealing that LiCl, LiBr,
and Lil are associated with comparatively lower and more compact barrier distribu-
tions, while LiO, LisS, and especially LisN display broader distributions and higher
upper ranges, indicative of more high-energy diffusion pathways. LiF and Li;COj
also show moderate-to-high barriers with appreciable spread. And, the last subplot
shows the number of NEB runs used for model training and testing. Total number
of NEB data generated for grain diffusion is 280 where LiF contributes the largest
number of samples, while the remaining components maintain reasonably balanced
train—test splits. Overall, the dataset captures both comparatively simple and highly
variable grain-diffusion behaviors across the SEI components, providing a diverse basis
for model training.

The grain-boundary diffusion dataset consists of 198 homogeneous and 104 hetero-
geneous grain boundary NEB calculations. Figure 5.4 (a) summarizes these data on
a per-component basis. For homogeneous grain boundaries, each case is assigned to
the corresponding SEI component since both grains belong to the same material. For
heterogeneous grain boundaries, component-wise involvement counting was used. For
example, if LiF forms grain boundaries with both Li,S and LiyO, its involvement is
counted twice, once for the LiF/ LisS boundary and once for the LiF/ Li;O bound-
ary. Hence, the bars corresponding to the heterogeneous grain boundary in Figure 5.4
(a) represent the frequency with which a given SEI component participates in het-
erogeneous grain boundaries. For homogeneous grain-boundary cases, Figure 5.4(b)
further resolves the data according to the CSL value of the interface, classified by
the corresponding ¥ values. This subplot therefore illustrates how the homogeneous
grain-boundary dataset is being distributed across different boundary types for each

SEI component.
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Figure 5.3: Overview of Li-ion grain diffusion through SEI components; a) box plot
of average nudged elastic force b) energies of intermediate images in minimum energy
path, ¢) migration barrier and number of NEB runs and their test—train partition in
SEI components. Prima facie, lithium halides exhibit comparatively lower migration
barriers for grain-boundary diffusion than other SEI components.
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The heterogeneous grain-boundary dataset is summarized in Figure 5.4(c) as a
pairwise component matrix, where each entry denotes the number of heterogeneous
grain-boundary configurations formed between two SEI components. The planes in-
volved such grain boundaries are given in Table C.5.

Together, the two types of grain boundaries contribute a total of 2114 data points
as each NEB calculation consists of seven intermediate structures. Figure 5.4(d) shows
the train—test split of this dataset for each SEI component. The labels above the bars
indicate the corresponding numbers of training and test samples, which highlights the
component-wise fraction of data used for training and testing. Figure 5.5 depicts the
distribution of (a) NEB force along band, (b) profile energy, (c¢) migration barrier and

(d) grain boundary energy in homogeneous grain boundaries.

Featurization: The final dataset contains both the scalar migration barrier and
the profile energies along the diffusion pathway for each NEB calculation. To describe
grain and grain-boundary diffusion environments, two categories of descriptors were
considered: (i) composition-based chemical features and (ii) structure-based features.

For composition-based descriptors, we employed Magpie-preset featurization imple-
mented in the Matminer library[243]. Specifically, the compositional feature set was
generated using a MultipleFeaturizer combining Stoichiometry(), ElementProperty(),
ValenceOrbital(), and IonProperty(). These descriptors capture complementary
chemical information, including elemental fractions, statistical elemental-property at-
tributes, average valence-orbital characteristics, and ionic-property-related features.
The initial feature filtering was performed using Pearson’s correlation coefficient; specif-
ically, when two features exhibited a correlation greater than 90%, the feature with
the larger mean absolute deviation was retained. For predictive modeling in materi-

als science, the use of fundamental physicochemical properties of a system as input
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Figure 5.5: Statistical overview of NEB dataset for grain boundary diffusion: Boxplots
of the (a) NEB force values along the diffusion pathway for converged NEB images, (b)
energies of intermediate images in minimum energy path, (¢) Li-ion migration barriers
and (d) grain boundary energy. A lower migration barrier in grain boundaries composed
lithium halides can be observable, wherein especially LiCl based grain boundary exhibit
lower among all other lithium halides.




features has proven promising in previous studies[271-274]. The detailed informa-
tion of the composition features used in this study are tabulated in Table C.6. The
space-group information included in the feature space was determined from the local
crystal structures associated with the NEB images and diffusion environments rather
than from composition-based estimations. In addition to these composition-derived
descriptors, several structural descriptors were incorporated in train data. These in-
clude the exposed surface of the grain slab model (or the grain-boundary surface for
grain-boundary systems), surface energy (or grain boundary energy for grain-boundary
slabs) and a binary indicator specifying whether a given NEB image corresponds to the
saddle-point configuration. Importantly, slab models associated with the NEB path-
way, including the initial, intermediate, and final images, were represented as graphs
to preserve the local atomic connectivity and geometric environment during diffusion.
More information about graph construction is given in subsection 5.2.4. Together,
these composition and structure-based descriptors provide a unified representation of
the chemical identity and atomistic diffusion environment of each SEI system.

It should be noted that some composition-derived descriptors, such as melting tem-
perature and space-group number, are not interpreted here as direct causal variables
governing Li-ion transport. Rather, these descriptors act as proxy representations of
broader structural and bonding characteristics of the SEI components. In contrast,
local structural descriptors such as exposed surface orientation, grain-boundary ener-
getics, and saddle-point environment are more directly connected to the underlying
diffusion physics because they influence Li-site connectivity, local coordination envi-
ronment, bottleneck geometry, and interfacial structural disorder along the migration
pathway.

Feature-dependence analysis was also performed to identify the most important

features among the original descriptors that are directly correlated with the MEP.
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For this, permutation importance was used. In this approach, the trained model kept
fixed, and one feature is shuffled across the test samples while the prediction error for
the MEP is recalculated. A large increase in error indicates that the shuffled feature is
important for predicting the target property, MEP. This method is particularly suitable
here because it measures the model’s actual predictive reliance on each feature and

remains valid even for nonlinear models.

5.2.4 Graph Neural Network

Crystal graph construction: The encoding process begins with the construction of a
periodic crystal graph from a POSCAR and CONTCAR structures (VASP input/out-
put files) corresponding to NEB images. Each structure is represented as a graph,
G = (V, &), where atoms correspond to nodes, V = {v;},, and edges, £ C V x V, rep-
resent interatomic interactions within a cutoff radius. The featurizer extracts fractional
atomic coordinates, riractional ¢ R?, atom types, Z;, lattice parameters (lengths a and
angles av), and periodic boundary information. The resulting PyTorch Geometric ob-
ject contains node features, edge indices, and periodic image offsets, thereby enabling
graph construction under periodic boundary conditions. This study uses ‘Directional
Message Passing Neural Network’ (DimNet++) to generate graph embedding of grain
and grain boundary structures[275, 276]. According to review articles published in
recent years on GNN applications in materials science and drug design, DimeNet has
been widely used in these domains[277-279]. Additional information about its archi-
tecture and message-passing scheme, including the fractional-to-Cartesian coordinate
transformation, periodic distance computation, triplet construction for angular interac-
tions, radial and spherical basis expansions, edge embedding, edge-to-node projection,
angular interaction blocks, accumulated node representations, and graph-level readout,

are briefly provided in the Supplementary Material.
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Predictive model: A multi layered GNN model is used to predict diffusion en-
ergy profiles and migration barriers directly from initial NEB structures. Figure 5.6
(a) depicts the architecture of the model. Training data, the NEB trajectory consists
of seven structures, including the two end point geometries, along the reaction coor-
dinate, and each structures, as mentioned earlier, is represented as a periodic crystal
graph. Individual structures are encoded using a GNN encoder using DimeNet++,
producing embeddings g; € R*°. Additionally, a pretrained graph variational au-
toencoder (GVAE) was used to incorporate SEI component distribution information
into each NEB data point, thereby enabling each data point to retain awareness of its
position within the SEI component space. A summery of GVAE used is provided in
subsection 5.2.5.

The role of the GVAE pretraining in the present framework is primarily to learn
embedded latent representations of the crystal graph structures and their configura-
tional relationships (from the latent space) within the diverse SEI diffusion dataset.
Although the GVAE is pretraining includes NEB trajectory information along with
structure information, the resulting latent embeddings are intended to capture gener-
alized structural characteristics of diffusion environments rather than directly encode
explicit migration barriers or NEB energy profiles. During inference, the predictive
GNN model operates on graph-based structural representations together with the pre-
trained latent embeddings, without directly requiring NEB energies, force profiles, or
converged minimum-energy pathway information as input features.

To incorporate diffusion pathway information, each structural embedding is aug-
mented with projected scalar physical descriptors (f;) namely exposed surface informa-
tion, surface or grain boundary energy, saddle-point indicator, force along the band,
DF'T energy per atom and compositional features and a learnable positional embedding

(pi) specifying the position of intermediate structure along the diffusion path. Thus
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Figure 5.6: Schematic illustration of the (a) predictive GNN model architecture. A
grain-boundary NEB data point for LiF is shown as an illustrative example. The NEB
images marked in white indices represent the initial and final structures, those in yellow
indicate intermediate structures, and marked in red corresponds to the saddle point.
The representative boxes illustrated beneath each structure denote the compositional
features. Black connecting lines represent pre-processing operations, while gray lines
depict the on-the-fly training and testing pathway of the model. Panel (b) depicts
architecture of of GVAE model where M is the ground truth structure and M is
the noised counterpart. A, X, and L denotes atom types, atom positions and lattice
parameters. Role of GVAE in this design is to provide embedded representation of a
complete NEB calculation (include all images and their features) to the GNN.
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the resulting per-image representation (e;) is given as;
e, =g +§+pi (5.3)

which is then grouped into a sequence E = [eg,...,es] and processed using a
multi-layer Transformer encoder. Self-attention across images enables the model to
capture energy curvature, saddle localization, and collective structural evolution along
the diffusion pathway.

From the contextualized embeddings, the model predicts per-image profile energies,
U;, which are shifted to enforce the VI'ST[179] convention.

The migration barrier is then derived directly from the predicted profile. Depending

on configuration, the barrier is computed as a differentiable softmax pooling,

P = 2 <zj eXp@j/r)) g o0

where parameter 7 controls smoothness. The model is trained using a multi-task
objective combining profile energy regression, barrier regression, and a consistency reg-
ularizer enforcing agreement between the predicted barrier and the maximum predicted
profile energy. This physics-informed formulation ensures that the learned represen-
tation captures both local structural manifold and global diffusion energetics within a

unified pathway-level model.

5.2.5 Graph Variational Auto Encoder

A path-aware GVAE design logic is used in this study to learn structural latent repre-
sentations of NEB data points. Unlike conventional crystal VAEs that treat configura-

tions independently, VAE used here encodes all seven structures of an NEB trajectory
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jointly as a single data point, allowing the model to learn collective geometric informa-
tion along the reaction coordinate and positional awareness in SEI component space.
This design enables the learning of diffusion processes in individual SEI components
while preserving an intuitive understanding of the SEI as a whole.

The GVAE architecture illustrated in Figure 5.6 (b), is adapted from the Crystal
Diffusion Variational Autoencoder developed by Xie et al. [280]. In contrast to a con-
ventional reconstruction-based VAE, this framework employs a denoiser-based decoder,
which is trained to recover the original input from slightly perturbed representations
rather than simply reconstructing an unaltered ground-truth structure. For continuous
attributes, such as atomic coordinates, a perturbation is introduced through Gaussian
noise. For discrete attributes, such as atom types, direct addition of continuous noise
is not meaningful; therefore, the training procedure instead perturbs the data by in-
terpolating between the true and predicted probability distributions. Such a denoising
objective improves the strength of the learned latent space and captures chemically
and structurally relevant variations. Detailed information about training scheme using

GVAE is given in supplementary material.

5.2.6 Training and Validation

Grain diffusion: The GVAE model developed in this work serves as a supportive mod-
ule for the predictive GNN model. Its main function is to learn a latent representation
for each NEB calculation in a higher-dimensional space. This latent representation en-
codes the relative position of each NEB calculation, and therefore each MEP, within the
broader configurational space defined by all SEI components and their corresponding
diffusion pathways.

The GVAE was tuned by varying the training batch size, latent-space dimension,

and feature/target normalization strategy as shown in Figure C.10 (a—c). Based on

120



this analysis, the best overall performance was obtained with a batch size of 16, a
latent dimension of 128, and a learning rate of 0.004. Since the GVAE used here
follows a semi-latent-diffusion VAE scheme, the effect of latent diffusion strength was
also examined by varying the perturbation applied to atomic coordinates and lattice
parameters; these results are also summarized in Figure C.12.

The performance of the fine-tuned GVAE was further analyzed by varying the
KL-divergence weight parameter, 5, from 0.1 to 1.0, as shown in Figure 5.7(a). The
parameter /3 controls the extent of latent-space regularization in the GVAE model[281].
In the present case, this regularization determines how the NEB data corresponding
to different SEI components are distributed in the learned latent space. The corre-
sponding KL-divergence convergence behavior is shown in Figure 5.7(b). Among the
tested values, 5 = 0.6 provides the best balance between regularization and reconstruc-
tion quality. A visualization of this latent space in 3-D with t-Distributed Stochastic
Neighbor Embedding (t-SNE) based dimensionality reduction technique is shown in
Figure 5.10 (a). A clear clustering of SEI components are visible in this basis with LiF
forms comparatively bigger hull among the components. Furthermore, as shown in
Figure 5.7(c), this GVAE gives the most accurate reconstruction of lattice parameters,
atomic coordinates, and atom types. Representative grain structures reconstructed by
the GVAE are shown in Figure C.13, demonstrating that the model reproduces the
lattice parameters, atomic coordinates, and atom types with good accuracy.

After training the GVAE with § = 0.6, the learned latent embeddings of the NEB
structures were incorporated into the predictive GNN model. To evaluate the contri-
bution of these embeddings to the predictive performance, the GNN was tested under
three different input schemes: (1) using the original descriptors (graph representations
of the NEB images and the composition-based chemical descriptors) together with

the GVAE-derived latent embeddings, (2) using only the original descriptors, and (3)
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Figure 5.7: For grain diffusion, performance of the GVAE model in terms of convergence
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parameter ( ranging from 0.2 to 1.0. The reconstruction performance of the GVAE
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using the GVAE-derived latent embeddings. In the first setting, original descriptors

were concatenated with the latent embeddings learned by the GVAE. In the second

setting, each NEB calculation was represented only by its original descriptors, without

latent-space information. In the third setting, the GNN was trained using only the

GVAE-derived latent representation. The performance of these three models was com-

pared using the test R? score and mean absolute error (MAE) for MEP prediction, as

shown in Figure C.11 (b — d).
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Figure 5.8: Comparison between the MEPs predicted by the GNN model and those
obtained from NEB calculations for grain diffusion of (a) LiF (100), (b) LiCl (110), (c)
LiBr (110), (d) LiI (110), (e) Li,O (110), (f) LiyS (110), (g) LigN (110), and (h) Li,COs3
(100). The exposed surface corresponding to each grain is indicated in the brackets.
The model achieves a point-wise MEP MAE of approximately 0.05 — 0.08 eV and a
migration barrier MAE of about 0.10 eV, which reduces to a range of 0.04 — 0.05 eV
when clear outliers reported in the case of Li;O and LisN are excluded.

Among the three training schemes, the GNN model that incorporated both the

original descriptors and the GVAE-derived latent embeddings achieved the best pre-

dictive performance, with a test-set R? score of 0.93 and an MSE of 1.02 x 1072, as

shown in Figure 5.7(d). This result indicates that the latent representation learned by

the GVAE contains additional physically meaningful information from SEI component
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space about the configurational relationships among diffusion pathways that is not
fully captured by the original descriptors alone. Therefore, this model was selected for
further benchmarking.

To assess its predictive reliability across the SEI components, representative test
cases were selected from all components considered in this study with their low-index
exposed surfaces. The corresponding minimum energy paths predicted by the GNN
are compared with those obtained directly from NEB calculations in Figure 5.8 (a —
h). Overall, the predicted MEPs reproduce the main features such as saddle points of
the NEB calculated profiles with good agreement across the different grain systems,
demonstrating that the combined GVAE-GNN framework is able to capture the Li-ion
diffusion pathways in grain diffusion in selected SEI components.

To validate the model a separate sample set of grain models constructed for all
SEI components described in this study. This set of data never been used in any part
of training or testing. The validations results are provided in supplementary material
(Figure C.17).

Feature-importance analysis was further carried out using the trained GNN model,
and the corresponding importance scores are presented in Figure 5.9. Among the
composition-derived descriptors shown in Figure 5.9 (a), melting temperature, space-
group number, and ground-state volume emerge as statistically important features.
However, these quantities should primarily be interpreted as proxy descriptors reflect-
ing broader structural and bonding characteristics of the SEI components rather than
direct causal variables governing Li-ion transport. For example, higher melting tem-
peratures generally correlate with stronger ionic bonding and reduced lattice flexibility,
which can suppress local structural relaxation during Li migration and thereby increase
activation barriers. Similarly, the space-group symmetry influences the connectivity

and anisotropy of Li-ion hopping pathways through its control over neighboring Li-site
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Figure 5.9: Feature importance analysis of grain diffusion: important features iden-
tified from the subset of a) composition-derived and b) structural features are listed
based on mean accuracy decrease score. The statistical measures mentioned in the be-
ginning of each composition-derived descriptors is attributed to the number and type of
elements present in SEI component. A dominance of structure related features (grain
exposed surfaces, DFT and surface energies) can be observable with the highest feature
importance score compared to composition-derived features.
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arrangement and diffusion-channel topology.

More physically direct insight is obtained from the structural descriptors shown in
Figure 5.9 (b). The exposed surface orientation strongly affects the local Li coordina-
tion environment, surface relaxation behavior, and migration bottleneck geometry, all
of which influence the smoothness of the migration-energy landscape. In particular,
the relatively higher importance of the (210) and (111) surfaces suggests that local
crystallographic topology plays a significant role in determining accessible low-energy
diffusion channels. Likewise, the strong contribution of saddle-point and surface-energy
descriptors indicates that Li-ion migration in SEI grains is governed not only by com-
position, but also by the local energetic roughness and structural continuity of the
diffusion pathway. These trends are further consistent with the relatively smooth and
narrow migration-barrier distributions observed for lithium halides compared with LisN
and Li;COs.

Latent-space analysis further indicates that the GVAE learns chemically distinct
regions within the generative manifold. As shown by the PCA and t-SNE based pro-
jections in Figure C.14 (a and b), the latent representations exhibit clear component-
dependent clustering for the major SEI phases, demonstrating that the model captures
meaningful differences in their underlying structural and Li-ion diffusion characteris-
tics. To visualize cluster separation, the original 256-dimensional latent vectors were
projected onto a three-dimensional Cartesian basis using t-SNE, as shown in Figure 5.10
(a). This reduced representation clearly highlights both the separation and the partial
overlap among the various SEI components, reflecting similarities and differences in
their learned latent descriptors. Sampling points for migration barrier generated from
each component-specific hull through the barrier head produced characteristic distri-
butions for each SEI component. These data distributions are given as violin plots

in Figure 5.10 (b and c¢) which further show that halides such as LiCl and Lil are
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Figure 5.10: Data sampling scheme in latent space: (a) distribution of grain-diffusion
data for different SEI components in the GVAE latent space, visualized in a 3-D Carte-
sian basis after t-SNE dimensionality reduction; (b and c) violin plots of the data
generated from the hulls of the respective SEI components. The red dot in each hull
indicates the hull center. Panel (b) shows that halide SEI components exhibit gener-
ally low migration barriers with narrow distributions, with LiCl and Lil being more
favorable to Li-ion conduction and LiBr displaying comparatively broader variability.
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associated with relatively narrow, low-barrier distributions, whereas LizN and Li;COs3
exhibit substantially broader and higher-barrier distributions, with Li;O and LiyS ly-
ing in between. Overall, these results suggest that the GVAE latent space is not only
structured by composition, but also encodes physically relevant variations in ionic mi-

gration behavior across different SEI components.

Grain boundary diffusion: Following the procedure adopted for grain diffusion,
the GVAE model for grain boundary diffusion was optimized through hyperparameter
tuning for latent space dimension, batch quantity, learning rate, and weight decay, as
shown in Figure C.15 (a — d). Among the tested configurations, a batch size of 8, a
latent dimension of 128, and a learning rate of 0.001 yielded the best overall perfor-
mance of GVAE model. Evolution of total test loss of the tuned model for KL-weight,
g =0.2,0.4,0.6,0.8 and 1.0, shown in Figure 5.11 (a), indicates stable convergence.
The corresponding KL-divergence also shown in Figure 5.11 (b) show that § = 0.4 pro-
vides the best balance between latent-space regularization and reconstruction fidelity.
Then the reconstruction quality of GVAE model was assessed using the R? scores of
reconstructed lattice parameters, atomic positions, and atomic types, as presented in
Figure 5.11 (c). Overall, the model reconstructs the grain boundary slabs with high
fidelity, achieving an average R* score of approximately 0.85. A representative set of
samples from distinct grain boundaries are given in Figure C.13 (e — h) for a visual
comparison of reconstruction efficiency.

Using the optimized GVAE latent representation, the predictive GNN model was
subsequently trained for grain boundary diffusion. As in the grain diffusion case, three
training schemes with distinct feature sets were considered. In addition to the NEB
descriptors used in the case of grain diffusion, the feature space for grain boundary dif-

fusion was expanded to include grain boundary type (homogeneous or heterogeneous),
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Figure 5.11: For grain boundary diffusion, performance
of convergence of the (a) total test loss and (b) KL divergence for different values of
the weighting parameter § ranging from 0.2 to 1.0. The reconstruction performance of
the GVAE for lattice parameters, atomic coordinates, and atom types is shown in (c),
and the corresponding R? score for migration-barrier prediction using GNN model is

shown in (d).
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grain boundary energy, and the exposed surface of the grain boundary. These addi-
tional descriptors were introduced to better capture the grain boundary configurations
in such systems.

The GNN model for grain-boundary diffusion showed the best performance when
the composition-derived features were combined with the latent embeddings learned
by the GVAE model. A comparison of the three training settings is presented in
Figure C.16 (a — c¢). The best-performing model Figure 5.11 (d) achieved an R? score
of 0.94 with an MAE of 1.21x1072. This improvement indicates that the GVAE-derived
latent embeddings transfer useful information about the distribution of different grain-
boundary environments in the latent space, enabling the GNN model to predict the
MEP more accurately compared to other two training approaches.

Using the best-performing GNN model, feature-importance analysis was further
carried out, and the results are shown in Figure 5.12. Among the composition-derived
descriptors given in Figure 5.12 (a), average melting temperature and space group
number were identified as the most important similar to that identified in grain dif-
fusion. Most important structural features, shown in Figure 5.12 (b) are saddle-point
indicator, grain-boundary energy, DF'T energy per atom, CSL 3, and surface indices.
The prominence of these geometric and structural features indicates that the MEP for
Li-ion diffusion is strongly governed by the local structural environment, particularly
the orientation of the surfaces forming the grain boundary. Among the important
grain-boundary surfaces identified in this work, (-111), (110), (112), (032), and (001)
have also been reported in experimentally observed stable SEI configurations in earlier
studies[282, 283].

More physically meaningful trends emerge from the structural descriptors shown
in Figure 5.12 (b). The dominant importance of saddle-point environment, grain-

boundary energy, CSL X, and exposed grain-boundary surfaces indicates that Li-ion
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Figure 5.12: Feature importance analysis of grain boundary diffusion: important fea-
tures identified from the subset of a) composition-based and b) structural features are
listed based on mean accuracy decrease score. The statistical measures mentioned in
the beginning of each composition-derived descriptors is attributed to the elements
present in SEI component. A close examination on feature importance can tell that
grain boundary diffusion is strongly governed by localized structural descriptors (saddle
point and grain boundary energetics) showing a sharper and strong feature importance
distribution compared to grain diffusion, where structural effects are more distributed
across surface-related features.
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Figure 5.13: Data sampling scheme in latent space: (a) distribution of grain bound-
ary diffusion data for different SEI components in the GVAE latent space, visualized
in a 3-D Cartesian basis after t-SNE dimensionality reduction; (b) violin plots of the
data generated from the hulls of the respective SEI components. The red dot in each
hull indicates the hull center. A few clusters have been illustrated here for a better
visualization. Panel (b) shows that grain boundary diffusion generally exhibits higher
and more broadly distributed migration barriers compared to bulk, with more variabil-
ity depending on the specific interface chemistry, particularly for mixed-component
boundaries. Due to numerous grain boundary structures involved in the analysis, only
important one selected based on migration energy barrier is included in the illustration.
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transport across interfaces is governed primarily by local interfacial structure and ener-
getic disorder. Grain-boundary energy is particularly important because it reflects the
degree of lattice mismatch and structural distortion at the interface. Higher-energy in-
terfaces generally exhibit more disrupted Li-site connectivity and a more heterogeneous
local energy landscape, which increases migration barriers.

Similarly, the influence of CSL ¥ suggests that crystallographic coherence between
neighboring grains plays a key role in maintaining continuous low-energy diffusion
pathways. Lower-Y grain boundaries tend to preserve better atomic registry across
the interface, whereas higher-Y boundaries introduce more disordered migration envi-
ronments. The importance of exposed surface orientation further indicates that the
local coordination geometry at the interface strongly influences Li-ion mobility. These
observations collectively suggest that interfacial transport in SEI is controlled not only
by chemistry, but also by the structural compatibility and energetic stability of neigh-
boring grains forming the interface.

Using the optimized GVAE model, the latent-space distribution was projected into
three dimensions using t-SNE, as shown in Figure 5.13 (a). The visualization reveals
tightly packed clusters corresponding to various grain boundaries, with only negligible
overlap, indicating that the model effectively captures the diversity of grain-boundary
environments. To further analyze migration-barrier trends, each cluster was enclosed
within a hull and sampled within the latent space. The resulting migration-barrier dis-
tributions generated through the GVAE decoder are shown in Figure 5.13(b). These
distributions indicate that heterogeneous grain boundaries generally exhibit higher mi-
gration barriers than homogeneous grain boundaries. Among the homogeneous grain
boundaries considered, LiF-LiF and LiyO-Li;O show the lowest barrier ranges, approx-
imately 0.58-1.20 eV and 0.20-0.86 eV, respectively. In contrast, among the hetero-

geneous grain boundaries, Li;O-LioCOj3 gives a comparatively higher barrier range of
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about 1.05-1.65 eV. Furthermore, grain boundaries involving lithium halides tend to
produce migration barriers in the range of 0.5-1.5 eV. These results suggest that the
chemical mismatch at heterogeneous interfaces creates a more resistive energy land-

scape for Li-ion transport than that found in homogeneous grain-boundary systems.

5.3 Model Performance and Analysis

In this work, we developed a unified DFT-NEB and GNN-based framework to describe
Li-ion transport across both grains and grain boundaries formed in SEI. Widely re-
ported components in SEI, namely LiF, LiCl, LiBr, Lil, Li;O, LisS, LizN, and Li,CO3
are cosidered in this study. The generated diffusion dataset spans 280 grain-diffusion
NEB calculations and grain-boundary dataset comprising 198 homogeneous and 104
heterogeneous grain boundaries, corresponding to a total of 261 diffusion data points.
Each NEB diffusion data point consists of seven intermediate structures. The predictive
framework achieved high accuracy for both transport regimes, with test R% = 0.93 for
grain diffusion and R? = 0.94 for grain-boundary diffusion, showing that the combina-
tion of graph-based structural encoding and GVAE latent representations can reliably
capture the minimum-energy-path landscape across a chemically and structurally di-
verse SEI design space.

Beyond predictive accuracy, the present results provide quantitative design insights
into how SEI chemistry and microstructure jointly govern Li-ion migration. For grain
diffusion, the latent-space sampling results show that lithium halides generally define
the lowest-barrier and most spatially uniform transport landscape. In particular, LiCl
and Lil exhibit mean migration barriers of only ~ 0.12 and ~ 0.11 eV, respectively,
with narrow standard deviations of 0.08 and 0.10 eV. Li;O also remains comparatively

favorable, with p ~ 0.14 eV and o ~ 0.10 eV. Further, LisN and Li;CO3 show much
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broader and higher barrier distributions, with LizN reaching p ~ 0.93 eV and o ~ 0.69
eV, and Li;COj3 yielding p ~ 0.50 eV and o ~ 0.40 eV. These differences indicate
that grain diffusion in the SEI is not controlled solely by composition, but also by
the roughness of the underlying migration-energy landscape: halides and Li;O provide
both lower average barriers and better transport uniformity, whereas LigN and Li;COj3
introduce stronger local variability in Li-ion mobility. This is consistent with the
observed feature-importance trends, where the dominant composition-based descriptors
are melting point temperature, space-group number, and ground-state volume, while
the saddle-point indicator and exposed surface orientation are the most influential
structural factors. In the grain diffusion model, the saddle-point flag alone carries an
importance score of about 0.03, far exceeding other structural descriptors, and among
the exposed surfaces the (210) and (111) planes are more influential than (001), which
contributes almost negligibly.

The grain-boundary results further show that interfacial transport is systematically
more restrictive than intra-grain transport, and that the transport penalty depends
strongly on interface type and boundary energetics. Even the most favorable sampled
homogeneous grain boundaries, such as Li;O-Li;O and LiF-LiF, have mean migration
barriers of 0.62 and 0.71 eV, which are already higher than the best grain-diffusion
barriers. More resistive interfaces, including LioCO3-Li;COg, LioO-LisCOs3, LisO-LisS,
LipS-LisS, LigN-LisN, and LiCl-LiCl, cluster around 1.08 to 1.28 eV, with the largest
spreads observed for LisN-LizN (¢ =~ 0.33 €V) and LiyS-LisS (0 =~ 0.25 eV). These
results indicate that grain boundaries can act as major bottlenecks for ionic trans-
port even when the parent phases themselves are not intrinsically poor conductors.
The feature-importance analysis reinforces this interpretation: in the grain-boundary
model, the saddle-point indicator has the largest structural importance score, followed

by grain-boundary energy, grain-boundary type, DFT energy per atom, and CSL .
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Thus, unlike grain diffusion, grain-boundary transport depends explicitly on interfacial
stability and crystallographic matching, not merely on bulk material identity.

Another important outcome of this study is that lower-energy and lower-complexity
interfaces tend to support more favorable Li-ion transport. The results indicate that
lower CSL ¥ boundaries are generally associated with lower migration barriers, whereas
higher 3 interfaces tend to produce a more rugged barrier landscape. Similarly, lower-
index grain-boundary planes tend to be more favorable, especially in the lithium
halides. Among the important grain-boundary surfaces identified, (111), (110), (112),
(032), and (001) are also consistent with surfaces reported in experimentally observed
stable SEI configurations in earlier studies. In addition, the present results show that
heterogeneous interfaces are generally more resistive than homogeneous ones. This
trend is especially significant for halide-carbonate combinations, for which the bar-
rier distributions can exceed 1.50 eV, indicating that chemical mismatch across the
interface can severely disrupt low-energy Li-ion pathways.

Despite the SEI design scope of the present framework, a few limitations of this
model should be noted. First, the diffusion analysis is restricted to vacancy-mediated
Li-ion transport, while other mechanisms such as interstitial and knock-off diffusion
were not considered. Second, the study focuses only on crystalline inorganic SEI com-
ponents and therefore does not capture the role of organic species, mixed inorganic-
organic interfaces that are often present in SEI structures particularly found close to
electrolyte. In addition, the calculations and model predictions are based on static
DFT-NEB energetics and do not explicitly include temperature-dependent effects, dy-
namic structural disorder, or long-time interfacial evolution during electrochemical
cycling. These factors should be incorporated in future work to extend the present
structure-transport framework toward a more complete description of realistic SEI be-

havior.
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Taken together, these results suggest a clear physical picture for SEI transport
design. Fast and spatially uniform Li-ion conduction is most likely to arise in SEI mor-
phologies enriched in halide and oxide grains with relatively low-barrier surfaces, while
high fractions of LigN, Li;COs3, and energetically unfavorable heterogeneous interfaces
are expected to increase transport heterogeneity. Since localized low-energy pathways
can concentrate ionic flux and thereby promote nonuniform lithium deposition, the
microstructural distribution of grains and grain boundaries is expected to be just as
important as the SEI chemistry itself for suppressing dendrite nucleation and growth.
In this sense, the present framework does not merely provide a predictive model for
migration barriers; it establishes a quantitative structure-transport map for the in-
organic SEI, showing that SEI performance should be engineered through control of
phase selection, exposed surface orientation, grain-boundary character, and interface

stability.
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Chapter 6

MXene Integration in SEI: A Case

Study

6.1 Motivation for MXene-Assisted SEI Engineer-
ing

Conventional SEI layers formed through spontaneous electrolyte decomposition are of-
ten structurally heterogeneous and mechanically fragile[34, 284]. Although inorganic-
rich SEI components such as LiF, Li;O, and Li,COg3 possess desirable properties in-
cluding high mechanical strength and chemical stability, their ionic transport behav-
ior strongly depends on the interfacial microstructure, grain boundaries, and defect
distributions[12, 285, 286]. Further, many inorganic SEI phases exhibit nonuniform
ionic diffusion pathways, leading to localized current hotspots that promote uneven
lithium deposition on electrode surface[78, 287]. Such Lithium depositions eventually
gives needle-like Lithium metallic structures, often referred as dendrites which then
triggers internal short-circuit in battery pack[288]. Therefore, designing SEI archi-
tectures capable of simultaneously improving ionic conductivity, mechanical stability,
and interfacial homogeneity has become a critical research objective in next-generation
high-energy density battery systems particularly with Lithium metal electrodes.

In recent years, artificial SEI engineering has emerged as an effective strategy to sta-
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bilize lithium-metal interfaces by introducing externally designed interfacial layers with
controlled physicochemical properties[289, 290]. However, many existing artificial SEI
materials suffer from limitations such as poor ionic conductivity, insufficient flexibil-
ity, weak interfacial adhesion, or inadequate accommodation of volumetric fluctuations
during cycling[291]. Consequently, there remains a strong need for multifunctional in-
terfacial materials that can provide stable ion transport properties while mechanically
reinforcing the electrode surface.

MXenes have emerged as a promising candidates for such interfacial engineering
applications due to their unique combination of metallic conductivity, tunable surface
chemistry, layered morphology, and mechanical robustness. The two-dimensional (2-
D) structure of MXenes provides large interfacial contact area and continuous ion
diffusion pathways, while their surface functional groups such as —O, —OH, and —F
can strongly influence lithium adsorption and SEI chemistry[292, 293]. In particular,
earlier studies suggests that fluorine-terminated MXenes may facilitate the formation
of LiF-rich interphases, which are known to possess high interfacial stability and strong
dendrite suppression capability[285, 294]. Additionally, the high mechanical flexibility
of MXene nanosheets enables them to accommodate repeated interfacial deformation
during lithium plating and stripping, thereby reducing crack formation and SEI failure.

Another major motivation for integrating MXenes into SEI architectures arises
from their ability to regulate lithium nucleation behavior. Uneven lithium nucleation
is often initiated by localized current density fluctuations and energetically favorable
Lithium deposition sites. Due to their conductive and lithiophilic surfaces, MXenes
can homogenize local electric fields and distribute Li-ion flux more uniformly across
the electrode surface[295, 296]. Such behavior can potentially reduce the formation
of isolated lithium protrusions that evolve into dendrites during long-term cycling.

Also, the interlayer galleries within MXenes may serve as low-energy Li-ion transport
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channels, improving interfacial ionic diffusion kinetics which directly results higher
Lithium intercalation[297, 298|.

From a computational perspective, MXenes also provide an ideal material category
for systematic high-throughput screening and atomistic modeling. Their compositional
diversity, tunable surface terminations, and structural versatility enable extensive ex-
ploration of structure-property relationships relevant to electrochemical interfaces. Pa-
rameters such as adsorption energy, work function, electronic conductivity, interfacial
binding strength, and Li-ion migration barriers can be systematically evaluated using
DFT calculations[299, 300]. Such computational approaches provide valuable mecha-
nistic insights into how MXene chemistry and surface morphology influence SEI sta-
bility and ionic transport behavior at the atomic scale.

Therefore, the motivation of the present work is to investigate MXene-assisted SEI
engineering as a pathway toward achieving mechanically stable, ionic conductive, and
dendrite-resistant interfacial architectures for lithium-metal batteries. Although sev-
eral isolated studies have explored the incorporation of specific MXene systems into
artificial SEI architectures, a collective high-throughput investigation encompassing a
broad spectrum of MXene compositions, surface terminations, and structural config-
urations for identifying optimal MXene integration within the SEI has not yet been
systematically conducted[301]. In view of this, by combining high-throughput compu-
tational screening with detailed atomistic diffusion analysis, this study aims to identify
optimal MXene structures capable of enhancing interfacial stability of Lithium elec-
trode and facilitating uniform Li-ion transport through inorganic sublayer of SEI asso-
ciated with Lithium electrode. The choice of selecting Lithium electrode for this study
is due to its importance as a promising high-energy density electrode while suffering
with the dendrite formation on cycling.

The proposed case study models the electrode—electrolyte interphase as a two-
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dimensional MXene layer deposited onto a lithium-metal electrode surface, where sub-
sequent electrochemical cycling results in the formation of an SEI layer. This MXene-
assisted interfacial architecture is designed to serve as a mechanically robust and elec-
trochemically favorable intermediate layer between the lithium metal electrode and the
dynamically evolving SEI, thereby promoting interfacial stability and more uniform Li-

ion transport.

6.2 Literature Review: MXenes as an Auxiliary

Layer for SEI

The development of lithium-metal batteries has increasingly focused on engineering
stable electrode—electrolyte interfaces capable of suppressing dendrite growth while
maintaining efficient Li-ion transport. Among the emerging interfacial materials, MX-
enes have attracted considerable attention due to their metallic conductivity, tunable
surface chemistry, mechanical flexibility, and layered two-dimensional structure. MX-
enes are generally represented by the formula M,, 1 X, T,, where M corresponds to an
early transition metal, X represents carbon and/or nitrogen, and 7, denotes surface
terminations such as —O, —OH, and —F[292, 293]. These surface functionalities, com-
bined with high electronic conductivity and structural tunability, make MXenes highly
suitable for interfacial engineering in advanced battery systems. Experimental and
theoretical studies have shown that MXenes can act not only as conductive substrates,
but also as artificial SEI layers, lithiophilic hosts, and mechanically robust interlayers
that regulate lithium deposition behavior[295, 296].

Recent experimental investigations have demonstrated that MXene-based coat-
ings can significantly improve the stability of lithium deposition by homogenizing

ion flux and suppressing dendritic growth[302]. In particular, Ti-based MXenes such
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as TizCy T, have shown strong lithiophilic behavior owing to their surface functional
groups and metallic nature[297]. The layered morphology of MXenes enables uniform
distribution of local current density across the electrode surface, thereby minimizing
localized lithium accumulation that typically initiates dendrite nucleation[287, 290].
Furthermore, the high mechanical strength and flexibility of MXene nanosheets al-
low them to accommodate repeated volume fluctuations during lithium plating and
stripping, reducing interfacial fracture and SEI instability.

Several studies have further shown that MXenes contribute directly to the formation
of stable inorganic-rich SEI layers[294, 296]. For example, surface terminations con-
taining fluorine and oxygen facilitate the generation of LiF-rich interphases, which are
widely recognized for their high mechanical modulus and chemical stability. LiF-rich
SEI structures are particularly effective in suppressing dendrite penetration because
they combine electronic insulation with sufficient Li-ion conductivity[285]. Experimen-
tal reports on MXene-modified lithium electrodes have revealed reduced nucleation
overpotentials, smoother lithium morphology, and improved cycling stability even un-
der high current density conditions[295, 296]. Additionally, hybrid artificial SEI struc-
tures composed of MXenes and secondary materials such as boron nitride, graphene
derivatives, or polymeric coatings have demonstrated synergistic effects in simultane-
ously improving mechanical robustness and ionic transport pathways.

The unique layered structure of MXenes also plays a significant role in facilitating
ion transport across interfaces. Unlike dense insulating coatings, MXenes possess open
interlayer galleries that can provide low-energy Li-ion migration channels[297, 298].
Previous electrochemical studies have shown that expanded MXene interlayer spacing
improves ion accessibility and enhances ionic diffusion kinetics. Moreover, the metallic
conductivity of MXenes enables rapid electron transport while maintaining intimate

interfacial contact with the lithium substrate[297, 303]. This combination of ionic
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and electronic transport properties makes MXenes promising candidates for designing
multifunctional artificial interphases that simultaneously regulate charge transfer, ionic
conduction, and mechanical stability.

Beyond lithium-metal systems, MXenes have also been extensively investigated in
sodium-ion and potassium-ion batteries, where severe volume expansion and unstable
interfacial behavior present similar challenges[304]. In these systems, MXene frame-
works have been shown to stabilize electrode architectures by constructing intercon-
nected conductive networks capable of accommodating large structural deformation.
For example, TizCyT,-bonded hard carbon electrodes demonstrated significantly im-
proved cycling stability and rate capability because the MXene network effectively
buffered volume expansion and maintained structural integrity during repeated ion in-
sertion and extraction[305]. The studies further revealed that MXene layers prevent
particle pulverization, enhance charge transfer, and create continuous ion diffusion
pathways through their open porous morphology.

The multifunctional role of MXenes observed in alkali-ion battery systems pro-
vides a strong scientific basis for their integration into SEI engineering strategies for
lithium-metal batteries. In particular, the ability of MXenes to simultaneously act as
conductive scaffolds, mechanical stabilizers, ion-transport mediators, and chemically
active interfacial layers suggests that they can serve as ideal substrates for controlled
SEI formation. Furthermore, the large compositional diversity of MXenes, includ-
ing variations in transition metal species, carbon/nitrogen chemistry, surface termina-
tions, and stacking configurations, offers a broad design space for tailoring interfacial
properties. Recent high-throughput computational databases containing thousands of
MXene structures have further accelerated this field by enabling systematic screen-
ing of electronic, structural, and surface characteristics relevant to electrochemical

applications[306, 307].
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Motivated by these developments, the present study investigates MXene-integrated
SEI architectures through a combined high-throughput computational and atomistic
modeling framework. The study focuses on identifying MXene candidates that exhibit
strong interfacial stability with lithium metal, suitable electronic and mechanical com-
patibility with inorganic SEI components, and favorable Li-ion migration pathways
across the MXene-SEI interface. By combining adsorption energy calculations, elec-
tronic structure analysis, and nudged elastic band calculations for interfacial Li-ion
transport, this work aims to establish fundamental design logics for MXene-assisted

SEI engineering in lithium-metal batteries.

6.3 MXene Database and Candidate Selection

The MXene structures investigated in this study were selected from the MXgap database,
a machine-learning-oriented repository developed for predicting the electronic proper-
ties of MXene materials. The database originates from the work titled MXgap: A MX-
ene Learning Tool for Bandgap Prediction developed by Diego Ontiveros, Sergi Vela,
Francesc Vines, and Carme Sousa[308]. The dataset was constructed based on large-
scale DFT screening studies reported in Energy € Environmental Materials (2024) and
Journal of Materials Chemistry A (2023), where more than 4,000 MXene structures
were systematically evaluated for their structural and electronic properties[309].

The MXgap dataset contains extensive information related to elemental composi-
tion, structural descriptors, density of states (DOS) features, and hybrid-functional
bandgap values for a broad range of MXene systems. The MXene structures follow
the general chemical formula M,, 1 X,, T, where the transition metal component M in-
cludes Sc, Y, Ti, Zr, Hf, V, Nb, Ta, Cr, Mo, and W, while X represents either carbon

or nitrogen[292, 309]. The surface termination groups 7T include various functional
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species such as F, CI, Br, I, O, S, Se, Te, H, OH, and NH, with layer thicknesses corre-
sponding to n = 1,2,3. Additionally, multiple structural configurations and stacking
arrangements were considered for each MXene system, allowing systematic evaluation
of their electronic behavior. An overview of such MXene phases considered for high-

throughput screening is illustrated in FIG.
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Figure 6.1: MXene phases considered for high-throughput screening for for integrating
into SEI. Total of 4356 different MXene structures. In the figure M stands for transition
metals, X for carbides/nitrides, T for surface terminations, and n is number of the layers
in MXene phase. This structure database refereed from MXgap dataset developed by
Ontiveros et al. [308]

The original database was generated through comprehensive first-principles calcula-
tions performed using DFT within the VASP package. The calculations employed pro-
jector augmented wave (PAW) pseudopotentials and plane-wave basis sets, while both
generalized gradient approximation (PBE) and hybrid-functional (PBEQ) approaches
were used to accurately determine the electronic structures and bandgaps of the MX-
enes. Structural optimization, stacking stability, surface termination effects, and elec-
tronic density of states were systematically analyzed across the large compositional

space of MXenes[310, 311].
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In the present work, the MXgap database served as the primary source for identify-
ing candidate MXene structures relevant for SEI engineering and interfacial stabiliza-
tion studies. Since the objective of this study focuses on improving Li-ion transport
and interfacial stability within inorganic SEI systems, candidate MXenes were selected
based on several important criteria including structural stability, surface chemistry,
electronic conductivity, and suitability for Li-ion interaction. Particular emphasis was
given to terminated MXenes possessing chemically active surface groups, as these ter-
minations strongly influence lithium adsorption behavior, interfacial charge transfer,
and the formation of stable SEI phases.

Among the available MXene families, fluorine- and oxygen-terminated systems were
considered especially relevant because of their potential role in promoting LiF-rich and
inorganic-rich interphases, which are known to enhance SEI mechanical strength and
suppress dendrite growth[299, 309]. Furthermore, transition-metal carbides and ni-
trides with stable layered structures and favorable electronic properties were prioritized
for subsequent atomistic simulations and diffusion analysis. The large compositional
diversity available within the MXgap dataset enabled efficient screening of multiple
MZXene chemistry and surface terminations prior to detailed first-principles investiga-
tions. In addition to the primary MXene dataset, the database also contains a separate
collection of lanthanide-based MXenes that were excluded from the original machine-
learning training process and instead used as unseen systems for validating predictive

model performance.
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6.4 High-Throughput Screening

6.4.1 MXene—Lithium Electrode: Adsorption Energy

To evaluate the interfacial stability between the selected MXene structures and the
lithium-metal substrate, adsorption energy calculations were performed using slab-
based DF'T simulations. In this approach, optimized MXene monolayers were placed
on top of low-index lithium metal surfaces to construct MXene—Li heterointerfaces,
followed by full structural relaxation of the combined system. The adsorption energy
was then calculated to quantify the thermodynamic affinity between the MXene coating
and the lithium electrode. A strong negative adsorption energy indicates favorable
interfacial interaction and suggests the formation of a mechanically stable 2-d layer on
the lithium surface. On subsequent cycles, the SEI eventually then formed on this 2-D
MZXene layer.

The adsorption behavior plays a critical role in determining the effectiveness of MX-
enes as artificial SEI substrates. Weakly interacting interfaces may suffer from delami-
nation during repeated lithium plating and stripping cycles, whereas excessively strong
interactions may distort the MXene structure or adversely influence Li-ion transport
across the interface. Therefore, an optimal MXene coating should exhibit sufficiently
strong interfacial binding to maintain structural integrity while preserving favorable
ionic transport characteristics.

The adsorption energy of the MXene-Li interface was calculated using:

Eads - EMXene/Li - ELi - EMXene (61)

where Eyfxene/ri corresponds to the total energy of the fully relaxed MXene-Li het-

erostructure, E; represents the energy of the isolated lithium slab, and FEj;xene 18
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the energy of the isolated MXene monolayer. Negative adsorption energies indicate
energetically favorable adsorption and enhanced interfacial stability.
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Figure 6.2: (a) Distribution of adsorption energies for Li-MXene heterostructures,
showing adsorption energies ranging from —1.3 to —2.0 eV. (b) Selected top-performing
MXenes exhibiting the strongest interfacial binding with Li metal. Stacking orientation
mentioned in MX phase’s name as ABA and ABC with termination configurations as
H, HM, and HMX.

During the structural optimization process, particular attention was given to inter-
facial lattice matching, lateral stacking registry, surface termination orientation, and
equilibrium interlayer separation between the MXene coating and the lithium substrate.
To account for different possible adsorption environments at the Li-MXene interface,
multiple lateral configurations corresponding to top-site, bridge-site, and hollow-site
registries were systematically generated by translating the MXene sheet along the in-
plane lattice directions (a a and b) prior to relaxation. In addition, several initial
interfacial separations of 2.0, 2.5, and 3.0 A were considered to identify the energeti-
cally most favorable equilibrium interface geometry. The resulting adsorption energies
were subsequently used as an initial screening parameter for identifying MXene candi-
dates capable of forming stable and mechanically robust interfaces with lithium metal.

An overview of range of adsorption energy of such systems is shown in Figure 6.2
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(a). Among the simulated systems, the MXene namely CroNO, with ABA stacking
observed to have strongest adsorption energy of -2.24 eV. The next highest MXene

systems that shows stronger adsorption energies can be seen in Figure 6.2 (b).

6.4.2 Mechanical Property Screening

In addition to interfacial adsorption stability, the mechanical robustness of MXene
coatings was evaluated through in-plane elastic stiffness and structural strain analysis.
Since lithium dendrite propagation is strongly influenced by the local mechanical re-
sponse of interfacial layers, mechanically stiff MXenes are expected to provide improved
resistance against dendrite penetration and interfacial deformation during repeated
plating and stripping cycles. Therefore, the elastic response of isolated MXene mono-
layers was considered as an important screening criterion for identifying mechanically
stable interfacial coatings.

The in-plane elastic stiffness of MXenes was evaluated using the elastic tensor com-
ponents C; and Cy, which describe the resistance of the material against uniaxial
deformation along the principal in-plane crystallographic directions. These elastic con-
stants were obtained from strain—stress calculations using DFT by applying small lat-
tice deformations to the optimized MXene structures. Higher values of C1; and Cs,
indicate greater mechanical rigidity and enhanced resistance toward structural defor-
mation under electrochemical cycling conditions.

For two-dimensional MXene systems, the in-plane stiffness tensor can be expressed

as:

1 0°E

Cis = 4y dede,

(6.2)

where Ay represents the equilibrium surface area of the MXene monolayer, E is the
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total energy of the strained structure, and ¢; corresponds to the applied in-plane strain
component. In the present work, particular attention was given to the principal stiff-
ness components C; and Coy (due to the 2-D nature of MX-phases) for comparing the
relative mechanical stability of different MXene candidates. The calculated in-plane
elastic stiffness components, C'; and Css, for the highest-reported MXene candidates
are summarized in Figure 6.3. The calculated elastic stiffness heatmap indicates that
several oxygen- and fluorine-terminated chromium-based MXenes exhibit exceptionally
high in-plane stiffness, with C}; and Cy, values approaching ~ 290 Nm~!. In partic-
ular, CroCO2 and CryCFs-based systems demonstrate the highest mechanical rigidity,
suggesting their strong potential to mechanically reinforce the Li-MXene interface.

Along with elastic stiffness, the structural strain induced after adsorption on lithium
metal was also evaluated. Excessive deformation of the MXene layer after interface
formation may lead to structural instability, loss of mechanical integrity, and disruption
of Li-ion migration pathways. Therefore, the lattice strain generated during MXene—Li
interface formation was calculated as ¢, = %1 x 100, where [ is the equilibrium lattice
parameter of the isolated MXene and [ corresponds to the lattice parameters a or b
after interface formation with lithium metal. This study uses the average structural
strain, defined as €.y, = %, along the in-plane a and b directions. Lower structural
strain indicates improved interfacial compatibility and reduced distortion of the MXene
coating.

Figure 6.4 reveals a clear positive correlation between lattice mismatch and average
structural strain, showing that geometrically mismatched interfaces undergo larger
structural deformation during interface formation. Most energetically stable Li-MXene
heterostructures are distributed within a moderate mismatch range of approximately

2-3.5%, where the associated structural strain remains below ~ 2%. In contrast,

interfaces with larger mismatch values (> 4%) generally exhibit substantially higher
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Figure 6.3: C; and Cy of top 30 MXene phases along with their stacking orientation
(ABA and ABC) and termination hollow-site configurations (H, HM, and HMX).
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Figure 6.4: Scatter plot showing the relationship between lattice mismatch and average
structural strain after MXene adsorption on Li metal. A positive correlation between
the two descriptors is observed, indicating that larger lattice mismatch generally leads
to increased interfacial distortion after adsorption. The color scale represents the ad-
sorption energy of the corresponding Li-MXene heterostructures.

structural strain, indicating reduced interfacial compatibility and increased mechanical
distortion. The adsorption-energy distribution further suggests that several strongly
adsorbing MXenes maintain relatively low strain despite moderate lattice mismatch,
indicating that favorable interfacial bonding can partially compensate for geometric
incompatibility. Overall, the results indicate that achieving both low lattice mismatch
and limited post-adsorption strain is essential for constructing mechanically stable and
structurally coherent Li-MXene interfaces.

To further ensure stable interface formation, lattice mismatch between the MX-
ene monolayer and lithium slab was systematically minimized during heterostructure
construction. The lattice mismatch describes the geometric compatibility between the
Li slab and MXene lattice. Since large mismatch values may introduce interfacial
stress and structural instability, supercell combinations with the lowest mismatch were

prioritized during the screening process. The lattice mismatch was evaluated using:

152



§ = [anxene —aul | 4 (6.3)
ari

where apsxene and ap; correspond to the in-plane lattice parameters of the MXene and
lithium surface supercells, respectively. Interfaces exhibiting lower mismatch values
were considered more favorable for stable heterointerface formation.

Together, the elastic stiffness, structural strain, and lattice mismatch descriptors
provide insight into the mechanical suitability of MXenes as auxiliary layer for SEI.
MZXene coatings possessing high in-plane stiffness combined with low interfacial strain
and small lattice mismatch are expected to maintain structural integrity during long-
term electrochemical cycling and provide mechanically stable pathways for uniform

lithium deposition.

6.4.3 Electronic Compatibility

The electronic compatibility of MXenes with lithium metal and inorganic SEI envi-
ronments was evaluated using charge transfer analysis and intrinsic MXene bandgap
characteristics. Since interfacial electronic structure strongly influences lithium nucle-
ation behavior, charge redistribution, and electrochemical stability, these descriptors
provide important insight into the suitability of MXenes as auxiliary layer for SEI
engineering.

Charge transfer at the MXene—-Li interface was investigated to quantify the re-
distribution of electronic density occurring after interface formation. The transfer of
charge between lithium metal and the MXene surface directly affects interfacial bond-
ing strength, lithiophilicity, and local electrostatic potential distribution[312].

The interfacial charge transfer was estimated using Bader charge analysis according

to:
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Ag = qMXene/Li — qMXene — qLi (6.4)

where g xene/ri corresponds to the total electronic charge of the combined heteroint-
erface, while g/ xene and qr; represent the charges associated with the isolated MXene
and lithium slab, respectively. Positive and negative values of Aq indicate electron
accumulation and depletion across the interface.

Figure 6.5 presents the distribution of interfacial charge transfer for MXenes with
different surface terminations after adsorption on lithium metal. Among the inves-
tigated terminations, oxygen- and fluorine-functionalized MXenes exhibit the highest
average charge transfer, indicating stronger electronic interaction and enhanced inter-
facial bonding with lithium metal. In contrast, hydrogen- and tellurium-terminated
MZXenes show comparatively lower charge redistribution, suggesting weaker electronic
coupling at the interface. The relatively narrow distribution observed for oxygen-
terminated MXenes further indicates consistent interfacial electronic behavior across
different MXene compositions. The results suggests that surface termination chemistry
strongly governs interfacial charge redistribution and plays a critical role in determining
the electronic compatibility and stability of Li-MXene heterostructures.

In addition to interfacial charge redistribution, the intrinsic electronic properties
of isolated MXenes were evaluated using bandgap data obtained from the MXgap
database[313]. MXenes exhibiting moderate-to-low bandgaps were considered favor-
able for lithium-metal coating applications due to their limited electronic tunneling
and improved interfacial charge redistribution characteristics[314-316]. Excessively
conductive coatings may promote undesirable electron leakage toward the electrolyte
and accelerate parasitic interfacial reactions.[20].

The bandgap values used in this study were obtained from hybrid-functional PBEO
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Figure 6.5: A comparative overview of charge transfer between MXene and Li-metal
illustrated as box-plots. As expected, MXene with oxygen and fluorine surface termi-
nations exhibits elevated charge transfer that point towards the comparatively better
stability of adsorbed MXene.
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Figure 6.6: PBEO bandgap distribution of the most stable MXene configurations with
different transition metals, carbon/nitrogen compositions, and surface terminations.
Numerical values correspond to the calculated PBEO bandgap in eV, while cells marked
as dark blue indicate metallic MXenes with negligible or zero bandgap. The results
show that semiconducting behavior is more frequently observed in n = 1 MXenes,
whereas increasing layer thickness generally promotes metallic character. Plots corre-
sponding to n = 2,3 are given in Figure C.18
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calculations available within the MXgap dataset. Since the combined Li-MXene inter-
face is expected to exhibit metallic behavior due to the presence of lithium metal, the
intrinsic MXene bandgap was considered a more meaningful screening descriptor than
the bandgap of the complete heterostructure.

Figure 6.6 presents the PBEO bandgap distribution of stable MXene configurations
with different transition-metal compositions and surface terminations. A strong depen-
dence of electronic behavior on both transition-metal chemistry and surface functional-
ization can be observed. In particular, Sc- and Y-based MXenes exhibit comparatively
large bandgaps, especially for oxygen-, sulfur-, and selenium-terminated surfaces, in-
dicating pronounced semiconducting character. In contrast, several Ti-, Cr-, Mo-, and
W-based MXenes remain metallic or possess very small bandgaps across most surface
terminations. The results further show that oxygen-terminated carbides generally ex-
hibit larger bandgaps relative to halide- or hydroxyl-functionalized systems, highlight-
ing the significant role of surface chemistry in tuning the electronic structure. Overall,
coexistence of metallic, semi-metallic, and semiconducting MXenes within the screened
dataset provides substantial flexibility for tailoring interfacial electronic conductivity

and charge redistribution behavior in artificial SEI applications.

6.4.4 Selection of MXene Candidates for MXene—SEI Inter-

faces

Following the high-throughput screening process, MXene candidates were ranked based
on six primary descriptors: (i) adsorption energy, (ii) in-plane elastic stiffness (Cy; and
Cy), (iil) structural strain after adsorption, (iv) lattice mismatch with lithium metal,
(v) interfacial charge transfer, and (vi) intrinsic MXene bandgap. The objective of

this multi-parameter screening framework was to identify MXene coatings capable of
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simultaneously providing strong interfacial adhesion, mechanical robustness, structural
compatibility, and favorable electronic characteristics for lithium electrode.

MZXenes exhibiting strongly negative adsorption energies, high in-plane stiffness,
low interfacial strain, small lattice mismatch, and balanced charge redistribution were
considered particularly suitable as a auxiliary layer between Li-metal electrode and
SEL

The top-performing MXene candidates identified through this screening procedure
were subsequently employed for constructing MXene—SEI heterointerfaces involving
major inorganic SEI components including LiX (X = F, Cl, Br, I), Li;O, LisS, Li;COs,
and LigN. These interfaces were then used for atomistic Li-ion migration studies using
CL-NEB calculations to investigate the role of MXene-assisted interfaces in regulating

Li-ion transport across the SEI.

6.4.5 Screening Score

To systematically rank the large number of MXene candidates involved in the high-
throughput screening workflow, a composite screening score was introduced by combin-
ing the key interfacial, mechanical, structural, and electronic descriptors into a single
normalized metric. The screening score provides a convenient means of identifying MX-
ene coating that simultaneously exhibit favorable adsorption stability, high mechanical
stiffness, low interfacial strain, minimal lattice mismatch, balanced charge redistribu-
tion, and suitable electronic properties for lithium-metal interface stabilization. The
score was calculated using a weighted combination of normalized descriptor functions

according to:

S = wlf(Eads) + w2f<Cavg) + wa((S) + w4f<€avg) + w5f(Aq) + w6f<E9) (65)
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where F,qs is the adsorption energy, C,y, represents the average in-plane elastic stiff-
ness, 6 corresponds to the lattice mismatch, €,,, denotes the average structural strain
after adsorption, Aq is the interfacial charge transfer, and E, is the intrinsic MXene
bandgap. The functions f(x) represent normalized forms of each descriptor, while w;
are weighting factors assigned according to the relative importance of the corresponding
property toward interfacial stability and electrochemical performance. MXene candi-
dates exhibiting higher screening scores were considered more suitable for subsequent

MXene-SEI interface modeling and Li-ion migration barrier studies.

6.4.6 Score Analysis
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Figure 6.7: Pearson correlation coefficient between the normalized descriptors of Li-
metal-MXene heterosystems.

The raw descriptors of Li-metal /MXene heterosystems are summarized in Table 6.1.
Among the screened candidates, Cr-based MXenes dominate the top-ranked configu-

rations, indicating their favorable balance between adsorption stability, mechanical
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Table 6.1: Top Li-MXene candidates ranked using the composite screening score based
on adsorption stability, mechanical stiffness, lattice compatibility, structural strain, and
charge transfer characteristics.

MXene Eaas Ci1 Cz2 Mismatch Strain Aq Score
(eV) (o) (%)  (e7)

Cr2NF2(ABC) -2.074 264.0 258.2 1.02 0.53 0.425 0.887
(HMX)

Cr3N2S2(ABA) -2.153 262.2 249.8 2.11 1.22  0.388 0.817
(HMX)

Cr2NO2(ABA) -2.244  262.9 269.7 3.13 1.51  0.529 0.797
(HMX)

Cr2NS2(ABA) (HX) -1.961 241.5 238.3 2.14 1.42 0.401 0.794
Cr2CS2(ABA) (HX) -1.784 248.1 266.0 1.24 0.90 0.294 0.793
Cr3C202(ABA) -1.829 280.5 281.6 1.89 1.28 0.437 0.793
(HX)

Cr2CCI2(ABC) (HX) -2.032 242.0 241.0 2.09 1.21  0.330 0.792
Cr3C2F2(ABC) -2.132  285.3 268.3 2.88 1.50  0.467 0.790
(HMX)

Cr3N202H2(ABA) -2.016 236.3 236.7 2.50 1.44  0.431 0.790
(HX)

Cr2CF2(ABC) (HM) -1.915 295.8 245.2 2.34 1.37  0.461 0.786
Cr2CO2H2(ABC) -1.824  276.8 278.5 2.01 1.20 0.346 0.772
(HM)

Cr2CO2(ABA) (HX) -2.170 292.8 290.0 3.06 1.84  0.458 0.765
Cr4C302(ABA) -1.922 254.2 257.3 2.45 1.81  0.435 0.762
(HMX)

Nb2CO2H2(ABA) -1.664 221.3 244.1 2.25 1.20 0.391 0.751
(H)

Cr3C2Br2(ABC) -1.956  241.9 239.1 2.97 1.52  0.365 0.743
(HMX)
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robustness, and interfacial compatibility with lithium metal. In particular, fluorine-
and oxygen-terminated Cr-based MXenes consistently exhibit strong adsorption en-
ergies in the range of approximately —1.9 to —2.2 eV, together with relatively high
in-plane elastic constants exceeding 240 N/m in most cases. These results suggest that
such interfaces can simultaneously provide strong Li affinity and sufficient mechanical
rigidity to maintain structural stability during electrochemical cycling.

The highest-ranked candidate, CroNFy with ABC stacking, achieved a composite
screening score of 0.887, primarily due to its combination of strong adsorption energy,
low lattice mismatch (1.02%), minimal structural strain (0.53%), and moderate charge
redistribution. More generally, the top-performing MXenes tend to exhibit lattice
mismatch values below ~ 3% and average structural strain below ~ 1.8%, indicating
good geometric compatibility with lithium metal. Oxygen-terminated MXenes, while
often displaying comparatively larger charge transfer and stronger adsorption, also tend
to induce slightly higher structural strain due to stronger interfacial interactions. In
the meantime, sulfur- and chlorine-terminated systems generally maintain lower strain
and mismatch values while still preserving favorable adsorption characteristics.

Another important observation from the table is that strong adsorption energy
alone does not necessarily lead to the highest screening score. Instead, the composite
ranking favors MXenes that achieve a balanced combination of adsorption stability, me-
chanical stiffness, low interfacial distortion, and moderate electronic interaction. This
highlights the importance of considering multiple coupled descriptors simultaneously
when designing MXene-assisted artificial SEI architectures for stable lithium-metal
interfaces.

Figure 6.7 presents the Pearson correlation matrix between the major Li-MXene
screening descriptors. A strong positive correlation is observed between C1; and Cho

(r = 0.84), indicating that MXenes exhibiting high stiffness along one in-plane direction
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generally maintain comparable mechanical rigidity along the other direction. Lattice
mismatch and structural strain also show a strong positive correlation (r = 0.83),
suggesting that larger lattice mismatch at the Li-MXene interface leads to increased
structural distortion after adsorption. In contrast, adsorption energy exhibits a strong
negative correlation with both C; and Cs,, implying that mechanically stiffer MXenes
tend to form more stable and strongly bound interfaces with lithium metal. Charge
transfer (Aq) shows moderate positive correlation with elastic stiffness and screening
score, indicating that electronically active interfaces often coincide with mechanically
strong MXene. The composite screening score is positively correlated with mechan-
ical stiffness and charge transfer, while negatively correlated with lattice mismatch
and structural strain, confirming that the most favorable Li-MXene interfaces are
characterized by strong adsorption stability, low interfacial distortion, and enhanced

mechanical strength.
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Chapter 7

Conclusions and Future Directions

This thesis developed integrated computational and machine-learning frameworks for
understanding and optimizing diffusion-controlled processes in energy-storage materi-
als, with particular emphasis on Li-ion transport through the SEI. The work combines
first-principles calculations, diffusion theory, data mining, feature engineering, and
graph-based deep learning to address challenges associated with predicting atomic dif-
fusion and engineering stable battery interfaces. The major contributions of the thesis
can be summarized into three connected parts. First, a generalized machine-learning
framework, named Machine Learned Diffusion Coefficient Estimator (ML-DiCE), was
developed to predict diffusion coefficients in impure metallic and multi-component alloy
systems. Second, a physics-informed graph neural network framework was established
to model Li-ion migration in inorganic SEI components (considering its grains, and
grain boundaries rich environment) using DFT-NEB data. Third, a design-oriented
MXene case study was carried out to identify promising two-dimensional auxiliary lay-
ers for stabilizing Li-metal/SEI interfaces and regulating Li-ion flux. Together, these
studies establish a computational foundation for accelerated diffusion modeling and
provide design guidelines for engineering stable, fast ion-conducting, mechanically sta-

ble, and dendrite-resistant interfaces in lithium-based batteries.
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7.1 Modeling Diffusion Coefficient

The first major contribution of this thesis is the development of the Machine Learned
Diffusion Coefficient Estimator (ML-DIiCE), a data-driven framework for predicting
diffusion coefficients across different diffusion modes in impure metallic (IM) and
multi-component alloy (MCA) systems. The framework was trained using experi-
mentally reported diffusion data covering a broad range of diffusing elements, host
media, compositions, temperatures, and diffusion environments. Five diffusion mod-
els were developed within this framework: impurity diffusion and self-diffusion in IM
media, and self-diffusion, impurity diffusion, and chemical diffusion in MCA media.
Separate featurization schemes were employed for the diffusing species and diffusion
media using elemental descriptors, composition statistics, thermodynamic features,
and temperature-dependent information. Random Forest (RF), Deep Neural Network
(DNN), and Support Vector Regression (SVR) algorithms were systematically eval-
uated, with optimized models achieving prediction accuracies above 90% for several
diffusion modes. These results demonstrate that ML-DiCE can serve as a generalized
predictive framework for estimating diffusion coefficients in complex metallic systems,
particularly conevnetional alloys.

A key outcome of the ML-DiCE study is that diffusion behavior can be learned
directly from experimentally curated data without requiring explicit analytical formu-
lations for every atomic transport process. The model captured nontrivial relationships
between the diffusion coefficient, the intrinsic properties of the diffusing element, the
chemical complexity of the diffusion medium, and the temperature of the diffusion
process. In particular, the use of composition-aware descriptors significantly improved
the prediction of diffusion in MCA systems, showing that the host environment plays

a central role in determining diffusion kinetics. The model also revealed physically
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meaningful feature dependencies. Descriptors such as atomic radius, atomic volume,
electronegativity, number of unfilled orbitals, valence-orbital characteristics, ground-
state volume, melting temperature, Mendeleev number, and temperature were found
to influence diffusion predictions. These findings indicate that ML-DiCE is not only
a predictive tool, but also a data-driven approach for identifying material descriptors
that govern diffusion in alloy systems.

The broader significance of ML-DiCE lies in its ability to accelerate diffusion-
informed materials design. Diffusion coefficients are critical parameters in heat treat-
ment, phase transformation, microstructural evolution, oxidation, creep, coating de-
sign, and alloy development. However, experimental measurement of diffusion co-
efficients is often time-consuming, expensive, and difficult for multi-component sys-
tems. By enabling rapid estimation of diffusion coefficients from accessible physico-
chemical descriptors, ML-DiCE provides a useful screening tool for selecting diffusing
species, optimizing alloy compositions, and guiding experiments or atomistic simula-
tions. The framework developed in this part of the thesis also motivated the subsequent
SEl-focused Li-ion diffusion modeling work, where diffusion prediction becomes even
more challenging because of the complex chemistry, nanoscale morphology, and grain-
boundary-rich nature of the inorganic SEI.

Despite its strong predictive capability, ML-DiCE has several limitations. The
model performance is inherently dependent on the quality, diversity, and distribution
of the available experimental data. Some diffusion modes and element groups remain
underrepresented, which can introduce prediction bias toward more frequently occur-
ring systems, particularly those dominated by transition-metal or d-block elements.
In addition, the model is most reliable within the temperature, composition, and ma-
terial domains represented in the training dataset, and its extrapolation to entirely

unexplored systems should be treated with caution. Another important limitation is
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that ML-DiCE primarily uses composition-level and elemental descriptors; therefore,
it does not explicitly resolve atomistic migration pathways, defect energetics, local
structural disorder, grain-boundary character, or diffusion-channel geometry. For this
reason, ML-DiCE predictions should be interpreted alongside atomistic simulations,
provided uncertainty estimates, and experimental validation when applied to new ma-

terial systems.

7.2 SEI Design Insights

The second major contribution of this thesis is the development of a physics-informed
graph neural network framework for modeling Li-ion transport in the inorganic SEI.
A systematic diffusion dataset was generated using DFT-based climbing-image nudged
elastic band (CI-NEB) calculations for eight major inorganic SEI components, namely
LiF, LiCl, LiBr, Lil, Li;O, LiyS, LigN, and Li;COs. Unlike earlier computational
studies that focused mainly on a few representative SEI components such as LiF, LiyO,
and Li,COgs, this work considered a broader SEI chemistry and included both grain
and grain-boundary diffusion environments. Representative low- and medium-energy
exposed surfaces, homogeneous grain boundaries, and heterogeneous interfaces were
incorporated to construct a unified design space for Li-ion migration in inorganic SEI
systems.

To learn from this diffusion dataset, a path-aware graph variational autoencoder
was employed to encode latent representations of NEB migration trajectories. These
learned embeddings were then integrated into graph neural network models to predict
minimum-energy pathways and migration barriers. The combined GVAE-GNN frame-
work achieved strong predictive performance, with test-set R? values of 0.93 and 0.94

for grain and grain-boundary diffusion, respectively. This result demonstrates that
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graph-based learning can effectively capture the structural and chemical complexity of
SEI diffusion environments. More importantly, the use of graph representations allowed
the model to incorporate atomic connectivity, local coordination, crystallographic ori-
entation, and interfacial structure, which are difficult to represent using conventional
fixed-vector descriptors alone.

The SEI-GNN study revealed several important structure-transport relationships.
Halide-rich systems, particularly those containing LiCl, LiBr, and Lil, generally ex-
hibited narrower and lower migration-barrier distributions, suggesting comparatively
more uniform Li-ion transport characteristics. In contrast, LisN, Li,COg, and struc-
turally mismatched heterogeneous grain boundaries showed broader and higher-barrier
transport landscapes. These trends indicate that SEI chemistry alone is not sufficient
to determine ionic transport behavior. Instead, Li-ion migration is jointly governed by
chemical composition, exposed surface orientation, grain-boundary structure, saddle-
point environment, local coordination geometry, and grain-boundary energetics. The
feature-importance analysis further showed that structural descriptors become espe-
cially important for grain-boundary diffusion, where localized interfacial disorder and
saddle-point configurations strongly affect the migration barrier.

These findings provide direct insight into SEI design. A stable SEI should not
merely contain ionically conductive phases; it should also promote spatially homoge-
neous Li-ion flux across grains and grain boundaries. If low-energy diffusion pathways
are concentrated only in localized regions of the SEI, Li ions may preferentially migrate
through these channels, creating nonuniform current distribution at the electrode sur-
face. Such localized transport can promote uneven Li deposition, dendrite nucleation,
and progressive interfacial instability. Therefore, engineering SEI microstructures with
distributed low-barrier pathways, stable grain boundaries, and reduced interfacial mis-

match is essential for achieving uniform lithium plating and long-term cycling stability.
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The GVAE-GNN framework developed in this thesis provides a computational route
to evaluate such structure—transport relationships before carrying out expensive large-
scale atomistic simulations or experimental screening.

The third major contribution of this thesis is the MXene-assisted SEI case study,
which explored two-dimensional MXene materials as potential auxiliary layers for sta-
bilizing Li-metal/SEI interfaces. A high-throughput screening strategy was used to
evaluate MXene candidates based on multiple descriptors, including Li-MXene adsorp-
tion energy, in-plane mechanical stiffness, lattice mismatch, structural strain, charge
transfer, and electronic compatibility. This multi-criteria design approach was moti-
vated by the fact that an effective interfacial modifier should simultaneously provide
strong adhesion to Li metal, mechanical integrity, favorable interfacial compatibility,
controlled electronic behavior, and the ability to promote uniform Li-ion transport.
The screening results showed that several Cr-based MXenes, particularly F- and O-
terminated configurations, exhibit favorable adsorption energetics and stable interfacial
characteristics. Among the top candidates, CrosNF, with ABC stacking showed espe-
cially promising behavior, combining strong Li adsorption, low lattice mismatch, low
structural strain, and favorable charge-transfer characteristics. These results suggest
that properly selected MXene layers can act as functional interfacial modifiers to reg-
ulate Li-ion flux, reduce interfacial distortion, and improve SEI stability on Li-metal
electrodes.

Although the SEI-GNN and MXene studies provide useful design guidelines, several
limitations remain. The current SEI diffusion dataset primarily considers crystalline
inorganic SEI phases under relatively idealized structural conditions, whereas real-
istic SEIs often contain amorphous regions, organic decomposition products, mixed
inorganic—organic domains, impurities, defects, and dynamically evolving interfaces.

The DFT-NEB calculations were also limited by computational cost, which restricted

167



the number of possible components, surfaces, interfaces, and diffusion mechanisms
that could be explored. In addition, the present SEI-GNN framework focuses mainly
on vacancy-mediated Li-ion diffusion and does not explicitly include coupled electro-
chemo-mechanical effects, electronic transport, electrolyte decomposition, space-charge
effects, or cycling-induced structural evolution. Similarly, the MXene case study pro-
vides a screening-level assessment, but further calculations are required to evaluate
complete MXene-SEI-Li heterostructures, long-term stability, and Li-ion transport

across realistic coated interfaces.

7.3 Future Research Directions

Several important research directions emerge from this thesis. For generalized diffusion-
coefficient modeling, future work should focus on expanding the ML-DiCE dataset
toward more diverse chemistries, diffusion modes, temperature regimes, and under-
represented element groups. Incorporating additional data from experiments, first-
principles calculations, molecular dynamics simulations, and CALPHAD-informed dif-
fusion databases could improve the coverage and transferability of the model. Future
versions of ML-DiCE should also include more rigorous uncertainty quantification, ac-
tive learning, and out-of-distribution detection so that model predictions can be accom-
panied by reliability estimates. Another useful direction is to combine composition-level
descriptors with structure-sensitive descriptors, such as defect formation energies, mi-
gration barriers, local coordination environments, and grain-boundary features. Such
integration would bridge the gap between rapid data-driven diffusion prediction and
atomistic diffusion physics.

For SEI-focused Li-ion transport modeling, future studies should extend the present

crystalline inorganic SEI dataset toward more realistic SEI environments. This includes
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amorphous inorganic structures, mixed organic—inorganic interfaces, electrolyte-derived
decomposition products, doped SEI phases, and finite-temperature structural fluctua-
tions. Reactive force-field simulations, ab-initio molecular dynamics, and machine-
learning interatomic potentials could be used to generate larger and more diverse
datasets beyond the scale accessible to DFT-NEB alone. Active-learning strategies
can also be used to automatically identify the most informative diffusion pathways and
reduce the number of expensive first-principles calculations. In addition, future models
should include multiple diffusion mechanisms, such as interstitial diffusion, knock-off
mechanisms, concerted exchange, and coupled vacancy—interstitial processes, rather
than focusing only on vacancy-mediated migration.

A particularly important direction is the multiscale coupling of atomistic diffusion
models with continuum-level electrochemical, mechanical, and thermal simulations.
Migration barriers and local diffusion heterogeneity obtained from DFT and GNN
models can be passed into phase-field models, kinetic Monte Carlo simulations, or con-
tinuum transport models to study Li deposition morphology, dendrite nucleation, stress
evolution, and heat generation during cycling. Such a multiscale framework would di-
rectly connect atomistic SEI structure to macroscopic battery performance and safety.
Experimental characterization methods such as cryogenic transmission electron mi-
croscopy, X-ray photoelectron spectroscopy, electrochemical impedance spectroscopy,
and operando spectroscopy can further be used to validate the predicted SEI compo-
sitions, transport trends, and interfacial stability.

For MXene-assisted SEI engineering, future work should move beyond descriptor-
level screening toward explicit modeling of complete Li-metal/MXene/SEI heterostruc-
tures. NEB calculations across MXene-SEI and Li-MXene—SEI interfaces would help
determine whether the selected MXene candidates truly promote uniform Li-ion trans-

port. The electronic properties of MXene coatings should also be optimized carefully,
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since an ideal auxiliary layer must balance interfacial stability with electronic passi-
vation to avoid continuous electrolyte reduction (from parasitic redox reactions). Ad-
ditional studies should evaluate the chemical stability of MXenes against electrolyte
decomposition products, the mechanical response of MXene-coated Li surfaces during
repeated plating and stripping, and the role of different surface terminations in con-
trolling Li affinity. Experimental validation of the top-ranked MXene candidates would
be an important step toward confirming their practical relevance as artificial SEI or
interfacial-modifier layers.

Deep learning-based generative modeling of material structures represents an im-
portant future direction for designing SEI components that can withstand dendrite for-
mation in high-energy-density lithium-based electrodes. Such approaches may also be
useful for addressing other interfacial degradation mechanisms, including electrode vol-
ume expansion commonly observed in silicon-based anode materials. In this research,
an initial attempt was made to generate new lithium salt structures with uniform
Li* migration energy barriers within its grain structure. However, due to the limited
availability of migration barrier data across a wide range of lithium-based salts, this
approach could not be extended to produce physically meaningful or conclusive results.

The proposed strategy was to train a graph variational autoencoder using controlled
perturbations in lattice parameters, atomic coordinates, and atom types. The goal
was to allow the model to learn the structural and energy landscape of lithium salts
associated with specific Li™ migration pathways and migration energy barriers. With a
sufficiently large and diverse dataset, this approach could become a powerful framework
for capturing the energy landscape of Lit diffusion in complex SEI materials. In the
future, such generative models could be used to design new SEI-forming compounds
with more uniform ion-transport pathways, improved interfacial stability, and enhanced

resistance to dendrite growth.
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Overall, this thesis demonstrates that combining first-principles calculations with
machine learning can significantly accelerate the understanding and design of diffusion-
controlled materials processes. ML-DiCE provides a generalized framework for predict-
ing diffusion coefficients in metallic systems, while the GVAE-GNN model establishes a
structure-physics-aware approach for predicting Li-ion migration in complex SEI envi-
ronments. The MXene case study further illustrates how these computational insights
can be translated into interfacial design strategies for lithium-metal batteries. The
methodologies and findings developed in this work provide a foundation for future
efforts aimed at engineering stable SEI architectures with controlled ion transport, im-
proved mechanical integrity, and enhanced electrochemical stability for next-generation

energy-storage systems.
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Appendix A

Computational Resources

Table A.1: Summary of computational resources utilized for NEB calculations carried
out using CHPC, PSC, and NREL computational facilities.

Category NEB calcula- Components per cal- CPU hours
tions culation

Grain diffusion 282 8 1,128,000

Homogeneous grain 638 8 2,552,000

boundaries

Heterogeneous grain 104 8 416,000

boundaries

Total 1024 8192 total components 4,096,000

Each NEB workflow consisted of one initial relaxation, two geometry optimizations, and a five-image
NEB calculation, corresponding to eight computational components per diffusion pathway.

The computational workload summarized in Table A.1 was distributed across mul-
tiple national high-performance computing facilities, including the Center for High
Performance Computing (CHPC), the Pittsburgh Supercomputing Center (PSC), and
the National Renewable Energy Laboratory (NREL) computational facilities. In total,
approximately 4.1 million CPU hours were utilized for density functional theory and
nudged elastic band (NEB) simulations performed throughout this study.

The GPU-based computational workload summarized in Table A.2 was carried out
using multiple high-performance GPU computing facilities. These included L40S GPU
resources from the University of Oklahoma Supercomputing Center for Education and
Research (OSCER), GPU resources supported by the U.S. Department of Energy’s
Office of Critical Minerals and Energy Innovation and located at the National Labo-
ratory of the Rockies, and NVIDIA RTX 3090 GPU resources available through the
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Table A.2: Summary of GPU computational resources utilized for machine learning
model development, hyperparameter optimization, and graph-based diffusion coeffi-
cient prediction.

Category Number of GPU hardware GPU hours
tasks

GVAE pretraining 3 NVIDIA L[40S / RTX 18
3090

GNN model training 36 NVIDIA L40S / RTX 288

and tuning 3090

Final model training 3 NVIDIA L40S / RTX 24

and testing 3090

Additional  validation - NVIDIA 1L40S / RTX -

runs 3090

Total 42+ Multiple GPU facili- 330+
ties

GPU resources were primarily used for graph variational autoencoder (GVAE) pretraining, graph
neural network (GNN) model training, hyperparameter optimization, and final model validation. The
reported GPU hours are approximate and were estimated based on the number of training runs and
the wall time required per run.

CHPC at the University of Utah. These resources were used primarily for training
graph-based machine learning models, including graph variational autoencoders and
graph neural networks, as well as for hyperparameter optimization and model vali-
dation. Overall, these GPU resources enabled the efficient training of deep learning
models for predicting diffusion-related material properties and supported the machine

learning component of this study.
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Appendix B

Database and Codes

The machine learning and graph neural network frameworks developed in this work
are publicly available through GitHub repositories at https://github.com/skvarjun/
ML-DiCE and https://github.com/skvarjun/gnn-dice. These repositories include
the source codes, training workflows, and implementation details used throughout this
study. In addition, the datasets generated and utilized for the machine learning mod-
els are hosted on the Hugging Face platform at https://huggingface.co/datasets/
skvarjun/SEI-NEB and https://huggingface.co/datasets/skvarjun/Li-metal-MXene-SEI
to support transparency, reproducibility, and future development by the research com-

munity.
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Appendix C

Supplementary Figures and Tables

C.1 Elemental Diffusion Coefficient Prediction in

Conventional Alloys Using Machine Learning

C.1.1 Model Feasibility
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Figure C.1: Diffusing elements (highlighted in red color) and their cumulative percent-
age from each block (pie chart in the inset) of the periodic table for IM media a) and
b) MCA media present in the data.
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Figure C.2: Frequency of weighted percentage of elements present in the composition
of a) IM media and b) MCA media present in the training data.

C.1.2 Data Preprocessing Steps

> IM diffusion media § n
element;

Removing
special
characters

ffusion media

gation to
M & MCA

Removing missing data;
-Temperature

-DE or Dm

-Diffusion coefficient

Training Data

Outliers identification
through;

-Variance

-Standard deviation
-Scatter plots

Figure C.3: Schematic diagram of material data proprocessing. The program used for
preprocessing is available in GitHub repository, https://github.com/yanqingsu/ML-

DiCE
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C.1.3 Feature Information

Table C.1: Composition features along with the statistical operations considered for

featurization of diffusing elements and diffusion media.

Feature Statistical operations considered Description

0-norm 0 Number of elements in composition
2-norm 2 Fractions of elements present
3-norm 3 Fractions of elements present
5-norm 5 Fractions of elements present
7-norm 7 Fractions of elements present
10-norm 10 Fractions of elements present
Number Minimum, Maximum, Range, Mean, Aver- Atomic number

Mendeleev Num-
ber

Atomic Weight
Melting T
Column

Row

covalent Radius
electronegativity
Ns Valence*

Np Valence*

Nd Valence*

Nf Valence*

N Valence

Ns Unfilled*

Np Unfilled*

Nd Unfilled*

GS volume

GS bandgap

GS magnetic mo-
ment

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Minimum, Maximum, Range, Mean, Aver-

age deviation, Mode

Ordering number listing the chemical elements column
by column through the periodic system[317]
Atomic weight in amu

Melting point in Kelvin

Column on periodic table

Row on periodic table

Single bond covalent radius

Electronegativity scale proposed by Allen [318§]
Fraction of electrons from the s valence sub-shell be-
tween all present elements

Fraction of electrons from the p valence sub-shell be-
tween all present elements

Fraction of electrons from the d valence sub-shell be-
tween all present elements

Fraction of electrons from the f valence sub-shell be-
tween all present elements

Fraction of electrons from the valence shell between all
present elements

Fraction of unoccupied s sub-shell in all present elements
Fraction of unoccupied p sub-shell in all present elements
Fraction of unoccupied d sub-shell in all present elements
Volume per atom in the ground state

Band gap of atom in the ground state

Magnetic moment per atom in the ground state

* Ref. Meredig et al. [319].

177



C.1.4 Standard Deviation of Target Variable and Tempera-

ture
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Figure C.4: In each graph set, the leftmost figure represents the standard deviation
of the diffusion coefficient, the middle figure illustrates the standard deviation of the
diffusion coefficient after taking the logarithm, and the rightmost figure displays the
standard deviation of temperature. The data for a) impurity and b) self-diffusion modes
in IM media, and impurity, self, and chemical diffusion in MCA media are represented
by ¢), d), and e), respectively.
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C.1.5

Uncertainty Analysis

By assuming constant error

a) b) With Lolo uncertainty estimates
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Figure C.5: Probability density distributions of normalized residuals, calculated

through eight-fold cross-validation. Each graph set consists of two figures: on the
left, it is assumed that all entries have constant error (out-of-bag errors), while on
the right, the error distribution is depicted using Lolo uncertainty estimates calculated
based on variability and correlation with inclusion of points in their randomly drawn
training set. Graph sets a — d illustrate the uncertainty behavior of the impurity and
self diffusion models in an IM media, while, graph sets ¢ up to | present the uncertainty

behavior of the self, impurity, and chemical diffusion in MCA media.
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C.1.6 Correlation Analysis
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Figure C.6: Correlation values of features of a) diffusing elements and b) diffusion
media for the model self diffusion in MCA media. Name of features of diffusion media
with respective indices are given in Table C.2
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Table C.2: Name of features of diffusion media along with their respective indices from
the heatmap.

Index Feature

Index Feature

Index Feature

Index Feature

19
20

21

22

23

24

26

27

28

29

30

31

32

33

34

36

37

38

39

40

O-norm
2-norm

Min. number

Max. number
Range number
Mean number

Avg. dev. number
Min. Mendeleev num-
ber

Max. Mendeleev num-
ber

Range Mendeleev num-
ber

Mean Mendeleev num-
ber

Avg. dev.
number
Min. melting tempera-
ture

Max. melting tempera-
ture

Range melting tempera-
ture

Mean melting tempera-
ture

Avg. dev. melting tem-
perature

Min. Column

Mendeleev

Avg. dev. Row
Min. covalent radius
Max. covalent radius

Range covalent radius

41
42

43
44
45
46

47
48

49

50

51

52

53

54

55

56

58

59

60

61

62

Mean covalent radius
Avg. dev. covalent ra-
dius

Min. electronegativity

Max. electronegativity
Mean electronegativity
Avg. dev. electronega-
tivity

mode electronegativity
Min. number s valence

Max. number s valence
Mean number s valence
Avg. dev. number s va-
lence

Min. number p valence
Max. number p valence
Mean number of p va-
lence

Avg. dev. number p va-
lence

mode number p valence
Min. number d valence
Max. number d valence
Range number d valence
Mean number d valence
Avg. dev. number d va-

lence
Min. number f valence

63
64

65
66
67
68

69
70

71

72

73

74

76

7

78

79

80

81

82

83

84

Max. number f valence
Mean number f valence

Avg. dev. number f va-
lence

Min. number Valence
Max. number Valence
Range number Valence

Mean number Valence
Avg. dev. number Va-
lence

Max. number s unfilled

Avg. dev. number s un-
filled
Min. number p unfilled

Max. number p unfilled
Mean number p unfilled
Avg. dev. number p un-
filled

Mode number p unfilled
Min. number d unfilled
Range number d unfilled
Avg. dev. d unfilled
Max.
filled
Avg. dev. number of f

unfilled
Min. number unfilled

number of f un-

Max. number unfilled

85
86

87
88
89
90

91
92

93

94

95

96

97

98

99

100

101

102

103

104

105

Range number unfilled
Avg. dev. number of
Unfilled

Min. GS volume

Max. GS volume
Range of GS volume
Mean GS volume

Avg. dev. GS volume
Min. GS bandgap

Max. GS bandgap
Mean GS bandgap
Mode GS bandgap

Min. GS magnetic mo-
ment

Max. GS magnetic mo-
ment

Mean GS magnetic mo-
ment

Avg. dev. GS magnetic
moment

Min. space group num-
ber

Max. space group num-
ber

Mean space group num-
ber

Avg. dev. space group
number

Mode space group num-
ber

Compound possible
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Figure C.7: Correlation values of features of a) diffusing elements and b) diffusion media

for the model impurity diffusion in MCA media. Name of features with respective

indices are given in Table C.3
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Table C.3: Name of features of diffusion media along with their respective indices from
the heatmap.

Index Feature

Index Feature

Index Feature

Index Feature

20 0-norm 40 Mean covalent radius 60 Min. number of f va- 80 Max. number of f un-
lence filled
21 2-norm 41 Avg. dev. of covalent 61 Max. number of f va- 81 Avg. dev of number of f
radius lence unfilled
22 Min. number 42 Min. electronegativity — 62 Mean number of f va- 82 Min. number of unfilled
lence
23 Max. number 43 Max. electronegativity 63 Avg. dev. of f valence 83 Max. number of unfilled
24 Range number 44 Mean electronegativity — 64 Min. number of valence 84 Range number of un-
filled
25 Mean number 45 Avg. dev of electroneg- 65 Max. number of valence 85 Mean number of unfilled
ativity
26 Avg. dev of number 46 Mode of electronegativ- 66 Range number of va- 86 Avg. dev. of number of
ity lence unfilled
27 Min. Mendeleev num- 47 Min. number of s va- 67 Mean number of valence 87 Min. GS volume
ber lence
28 Max. Mendeleev num- 48 Max. number of s va- 68 Avg. dev. of number of 88 Max. GS volume
ber lence valence
29 Range Mendeleev num- 49 Mean number of s va- 69 Min. number of s un- 89 Range GS volume
ber lence filled
30 Mean Mendeleev num- 50 Avg. dev. of s valence 70 Max. number of s un- 90 Mean GS volume
ber filled
31 Avg. dev. of Mendeleev 51 Min. of p valence 71 Mean number of s un- 91 Avg. dev. GS volume
number filled
32 Min. Melting tempera- 52 Mean number of p va- 72 Avg. dev. of number of 92 Max. GS bandgap
ture lence s unfilled
33 Max. melting tempera- 53 Avg. dev. of p valence 73 Min. number of p un- 93 Mean GS bandgap
ture filled
34 Range of melting tem- 54 Mode number of p va- 74 Max. number of p un- 94 Mode GS bandgap
perature lence filled
35 Mean of melting tem- 55 Min. number of d va- 75 Mean number of p un- 95 Min. GS magnetic mo-
perature lence filled ment
36 Avg. dev. of melting 56 Max. number of d va- 76 Avg. dev. of number of 96 Max. GS magnetic mo-
temperature lence p unfilled ment
37 Min. column 57 Range number of d va- 77 Min. number of d un- 97 Mean GS magnetic mo-
lence filled ment
38 Range of row 58 Mean number of d va- 78 Max. number of d un- 98 Avg. dev. GS magnetic
lence filled moment
39 Max. covalent radius 59 Avg. dev. number of d 79 Range number of p un- 99 Min. space group num-
valence filled ber
100 Max. of space group
number
101  Mean of space group
number
102 Mode of space group
number
103 Compound possible*
* Binary.

183



123 456 7 89

10
2 i
13
g R Min. nulr)'nber jé
ange number
g 1 Number ) Meangnumber 16
& Avg. deviation number 17
T 2 Mendeleev Number Min, Mendeleev number 18
o . Max. Mendeleev number 19
c 3 Melting temperature 'Range of Mendeleev number 20
D Avg. deviatiori of Mendeleev number 21
= Electronegativity Mode of Ii\{lenrjteleev nlilmber - 1 %g
S ean melting temperature 1
S5 Number of s valence Range of me,ltin? t%mpe?a%ure ‘ -24
o Mean melting tfemperature r - 25
26 Number p valence H N - gg
R Number of d unfilled Avg. deviation Tow .. ‘58
g Number of unfilled Max. covalent radius N - g
= umber of unfille 1
5 8 . X [ B B - u
@ 9 pace group number cm =
c

P 0003 03 G300 G300 60 63 LI N

-3
-32
-33
. 5 -34
Index of features of diffusing elements A'},"‘;%"u”m“brgtr’gﬁ gf‘,%ﬂgg J-1 n I R
1.00 Mode number of p valence l- -37
Range of number of d valence [ | I || I - 38
0.75 Avg. deviation number of dvalenc || -39
: Max. number of valen | I - 40
Rapge of valen -4
. 0.50 Mean numbér of valence | B ot Bun 1 i%
Avg. deviation number of valenc 1
L 0.25 aximum number of p unfille || HE HE -4
Maximum number of d unfille | | 5
Range of number of unfilled 6
-0.00 Max. GS volume 7
Ava, devi {uﬂeanfﬂégs \i'olum g
- vg. deyiation o volum
0-25 9 {fean GS band [ :ll - 50
Avg. deviation of GS magnetic momen | 1
-0.50 Min. of space group number 52
. Max_ of space group numbe, | | 1. B -53
-0.75 Avg. deviation of space group number ML EL. .0 Lo L0 oL .. 1 .- 54
QU £ bbb b b B b B 00 000000 CO00 G000 GO 00 N NN PN PO M NOMD N b b b ok ok s ok k.
_100 AWN=0O OO~ 0 Awm—cwwwmmawr\:—-cwwﬁl [=214] -?-WM—'QCD-W"-JO'JCH-D-QM—'Q
Index of features of diffusion media

Figure C.8: Mutual correlation values of features of diffusing elements and diffusion
media for the model impurity diffusion in MCA media.
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C.2 Deep learning assisted modeling of Li-ion trans-
port in SEI: A Graph neural network based
study

C.2.1 SEI Components Considered for GNN Predictive Mod-
eling

Table C.4: Optimized lattice parameters and DFT energy per atom of the SEI com-
ponents considered in this study.

SEI com- Geometry —Lattice parameters (4)  Lattice angles (°) DFT energy per
ponent atom (eV)
oo
0®
LiF o0 a=b=c=3.98 a=pF=7=90 -4.92
Pl
FPe
LiCl PP a=b=c=5.15 a=F=v=90 -3.68
Pt
e
LiBr L a=b=c=5.44 a=F=v=90 -3.34
Lt
P
Lil Feres® a=b=c=5.96 a=F=v=90 -2.94
..(-5).@..
LiyO 2. a=b=c=4.62 a=pB=y=90 478
P
LixS L a=b=c=5.69 a=B=y=90 -3.99
oo
o o
LisN <o a=b=3.61,; c=3.85 a=p8=90,~ =120 -3.90
fod
Li;CO3 7oy a=8.38, b=5.01, ¢c=6.29 a=+v=90,8=114.15 -6.56
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C.2.2 Construction of Heterogeneous Interfaces

Heterogeneous solid—solid interfaces were constructed using a coherent lattice-matching
framework based on the Zur-McGill lattice-search (ZSL) algorithm, since classical Co-
incidence Site Lattice theory is applicable only to homophase grain boundaries. For a
substrate (s) and film (f), coherent matching requires approximate commensurability
between the in-plane lattice vectors, ma; ~ na,, where ay and a, are the in-plane lat-
tice vectors of the film and substrate, respectively, and m,n € Z. The lattice mismatch
along a given in-plane direction is defined as € = % x 100%, where ¢; and ¢, are
the magnitudes of the matched film and substrate vectors. Commensurate interface
supercells were identified by finding integer transformation matrices My and M such
that A;M; ~ A;M;, where Ay and A are the primitive in-plane lattice matrices of
the film and substrate.

To ensure DFT-feasible interface models, the following constraints were imposed:

A= \al X 3_2’ < Amaxa (Cl)

With  Apax = 15042, e < 5%, and |05 — 6,] < 0.01 rad. (C.2)

These criteria were used to maintain manageable atom counts (< 200 atoms), moderate
strain (typically 2-5%), and computational tractability.

After selecting the optimal lattice match, the film lattice was rotated and strained
to match the substrate while preserving the out-of-plane direction, A’f = RSA/, where
R is the rotation matrix and S is the strain tensor. The final interface was constructed

as

IT=8uU (Sﬁlm + d?:’) , (03)
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where d is the interfacial gap. Vacuum spacing was added along the surface normal
such that

Lz = tsub + thim + d+ Lvam (04)

where g, and g, are the slab thicknesses and Ly, is the vacuum spacing.
Among all valid ZSL matches, the final interface was selected by minimizing ® = A,
subject to €4y < €max. This procedure yields the smallest-area coherent interface within

acceptable strain limits.

Figure C.9: Representative heterogeneous grain boundaries built using Zur-McGill
algorithm for (a) LiF(111)-LiCI(111), (b) LiCI(111)-LiBr(001), (c¢) LiBr(110)-Li3N(100)
(d) LizS(001) -LigN(100), (e) Li;O(001)-LioCO3(100), and (f) Lil(001)-LipS(111).
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Table C.5: Heterogeneous grain-boundary (GB) configurations included in the dataset.
Each case is defined by the top grain and bottom grain together with their exposed
surfaces used to construct the interface. The final column is reserved for representative
GB images.

No. Top GB surface  Bottom grain GB surface Number of
grain NEB calcul-
tions
1 LixO (001) LioCO3 (100)
2 LiO (110) LisS (110)
3 LixO (111) LisN (001)
4 LisS (001) LipCOs3 (001)
5  LisS (111) LisN (100)
6  LisN (001) LioCO3 (100)
7 LiBr (001) LioCO3 (001)
8  LiBr (001) LioO (111)
9 LiBr (001) LiaS (111)
10 LiBr (001) LisN (001)
11 LiBr (110) Lil (100)
12 LiCl (001) LioCOs3 (001)
13 LiCl (111) LioO (111)
14 LiCl (111) LioS (111)
15 LiCl (111) LisN (001)
16 LiCl (111) LiBr (001)
17 LiCl (111) Lil (001)
18 LiF (001) LisS (001)
19 LiF (110) LisN (100)
20 LiF (110) Lil (001)
21 LiF (111) Li;CO3 (001)
22 LiF (111) LioO (111)
23 LiF (111) LiBr (001)
24 LiF (111) LiCl (111)
25 Lil (001) LixO (001)
26 Lil (001) LisS (111)
27 Lil (100) LioCO3 (010)
28 Lil (110) LisN (100)
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C.2.3 Feature Information

Table C.6: Retained composition features and the corresponding statistical operations

used for featurization of diffusing elements and diffusion media.

Feature

Statistical
considered

operations

Description

Mendeleev Num-
ber

Atomic Weight
Melting T

Covalent Radius
Electronegativity
Np Valence*

N Valence

Np Unfilled*

GS volume

GS bandgap

Space Group
Number

Average deviation

Maximum

Minimum, Range,
Mean, Mode

Minimum, Maximum,

Mean, Mode

Range, Average devia-
tion

Mean

Maximum
Maximum
Minimum,
Mean, Mode

Maximum, Mean
Minimum, Mean, Mode

Range,

Ordering number listing the chemical ele-
ments column by column through the peri-
odic system[317]

Atomic weight in amu

Melting point in Kelvin

Single-bond covalent radius

Electronegativity scale proposed by Allen
[318]

Fraction of electrons from the p valence sub-
shell among all present elements

Fraction of electrons from the valence shell
among all present elements

Fraction of unoccupied p sub-shell among all
present elements

Volume per atom in the ground state

Band gap of atom in the ground state
International space-group number associated
with the crystal structure

" Ref. Meredig et al. [319].

189



C.2.4 Crystal Graph Construction

Fractional to Cartesian Coordinate Transformation: Atomic positions are ini-
tially stored in fractional coordinates. These are transformed into Cartesian coordi-
nates using the lattice vectors (L € R***). For each atom 4, r$®* = L, ri™°. This
transformation ensures that geometric quantities such as interatomic distances and
angles are computed in physical space, preserving the crystallographic geometry.

Periodic Distance Computation: For each edge (j — i) € £ , the periodic dis-

placement vector is computed as

dj; =" — % i 0 % ji (C.5)
where 0j; accounts for periodic image offsets. The interatomic distance is then d;; =
|d;;|. This ensures that the shortest periodic distance is used, preserving translational
symmetry in crystalline systems.

Triplet Construction for Angular Information DimeNet++ explicitly models
angular interactions by constructing triplets of atoms ( (kK — j — i) ), representing
two consecutive bonds. For each pair of edges sharing a common central atom 7, a
triplet is defined, enabling the computation of bond angles. This allows the model
to incorporate three-body geometric interactions, which are essential for describing
chemical bonding environments.

Radial Basis Expansion: Interatomic distances (dj; ) are expanded using a set of

radial basis functions (RBFs), typically Bessel functions modulated by an envelope

function:

onldy) = ety it (72 (.6)

Te
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where ( 7. ) is the cutoff radius and ( j, ) denotes the ( n )-th Bessel function. This
maps scalar distances into a high-dimensional continuous representation rj; € RN
enabling smooth and differentiable geometric encoding.

Spherical) Basis Expansion For each triplet (& — j — i), the bond angle 6y;; is

computed via

dxji-dx*jk
|d * ji||d * jk|

(C.7)

cos Oyj; =

Angular information is encoded using spherical harmonics combined with radial func-

tions:

Uimn (Orjis dji) = Y™ (Orji) - dn(dyi), (C.8)

producing a rich representation of directional geometry. This enables the model to
capture rotationally equivariant three-body interactions.

Initial Edge Embedding: An embedding layer maps atomic types and radial features
into edge-level embeddings: x*ji(® = Embedding(Z;, Z;, r*ji), where x§?) € R and H
is the hidden dimensionality. These edge embeddings serve as the initial representation
of pairwise atomic interactions. Edge-to-Node Projection: Edge embeddings are

aggregated to produce node-level representations. For each atom 1,

p+i® =Y xj e N(O)W (x+ji® O ji) (C.9)

where N (i) denotes neighbors of atom i, ® represents element-wise multiplication
with radial basis features, and W is a learnable projection. This produces initial node

(0)

i .

embeddings p
Angular Interaction Blocks: Each interaction block updates edge embeddings using

both radial and angular information. For block ¢, the update is
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xcx i = xx it 4 3 gyl (x * k7D 4 % ka') (C.10)
keN(j)

where ( fy ) is a learnable function incorporating spherical basis features ( ¢;; ). Resid-
ual connections and nonlinear transformations are applied to stabilize learning. This
step allows information to propagate across multi-hop neighborhoods while explicitly
modeling bond-angle geometry.

Accumulated Node Representations: After each interaction block, updated edge
embeddings are again projected to nodes via output blocks, and contributions are
accumulated:

Pxi= Z st = 07pl"). (C.11)

i

The final node representation P; € RY encodes local atomic identity, bond distances,
bond angles, and higher-order structural context.

Graph-Level Readout: To obtain a graph-level embedding for the entire crystal,
node representations are aggregated using a permutation-invariant readout function.

With mean pooling,

1 N
= — P; A2

The resulting vector g € RY constitutes the structural embedding of the crystal.
This embedding captures rotationally aware geometric information, periodic boundary
effects, and multi-body atomic interactions, making it suitable for downstream tasks

such as NEB profile and barrier prediction.
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C.2.5 Graph Variational Autoencoder

In training using GVAE model, each NEB structure is represented as a periodic crystal
graph and then processed using a DimeNet+4 encoder to obtain a fixed-dimensional
structural embedding h; € R**®, where i = 0,...,6. These embeddings encode atomic
connectivity, local geometric structure, and chemical identity. For each NEB path,
embeddings are grouped as H = [hy, ..., hg] € R™**,

Diffusion-path information added to each structures by concatenating (i) positional
encoding thus reflects structure’s index along the reaction coordinate and (ii) a saddle-
point indicator to H. The resulting sequence is then processed through the VAE
network.

From the contextualized embeddings (flz), we parameterize a variational posterior

distribution for each image as

i logo x i = fx6(h;) (C.13)

where p is the mean, o is the standard deviation of posterior distribution and 6 is the
learnable parameter. Then then sample latent variables (z) using the reparameteriza-

tion operation with normal distribution as

z,=p+o,0e  €~N(0I) (C.14)

The model is trained using a multi-task objective combining generative and supervised

components whose loss calculated as,

E - EKL + Ecoord + Elattice + £Composition + )\barrier : Ebarrier (C15)

Here, L, the Kullback—Leibler (KL) divergence, regularizes the posterior toward
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an isotropic Gaussian prior, enforces variational regularization. The structural recon-
struction losses (Leoord.; Liattices Leomposition ) ensure geometric fidelity, and Lpgppier 18
the mean squared error between predicted and NEB calculated migration barriers/pro-
file energies. This supervised barrier term encourages the latent manifold to align with

physically meaningful diffusion descriptors.
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Figure C.10: Results of GVAE model tuning; a) total loss of test with varying batch
sizes, b) normalization among feature/target, and latent dimension.
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Figure C.14: Visualization of latent space clustering of SEI components using (a) PCA
and (b) t-SNE based dimensionality reduction. A clear clustering can be observed in
PC space three PCs compared to t-SNE based cluster classification.

C.2.6 Convergence test and benchmarking

Table C.7: Comparison of Li-ion migration barriers obtained in the present work with
previously reported literature values for representative grain and grain-boundary dif-

fusion pathways in SEI components.

System / Diffusion type Literature Present work
value (eV) (eV)

LiF bulk grain diffusion 0.25[82] 0.249

LiyCOj3 bulk grain diffusion 0.21[86] 0.233

LisO bulk grain diffusion 0.24-0.25[131] 0.287

LiF /LiF ¥5 grain boundary 0.68[83] 0.647

LioO/Li;O ¥15 grain boundary 0.78[83] 0.792
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Figure C.15: Tuning of GVAE for grain boundary diffusion: a) latent dimension
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C.3 MXene: Case Study

C.3.1 MXene band gap

MXene Bandgap Distribution for n = 2
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Figure C.18: PBEO bandgap distribution of the MXene configurations with n = 2, 3.
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