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Abstract

Computational spectroscopy has become a vital tool in materials research, en-
abling both qualitative and quantitative insights into material properties in close
connection with experiments. In this Thesis we present advancements in the
automation of ab initio core-level spectroscopy calculations, with a focus on in-
tegrating high-throughput computing and machine learning methods to enhance
the analysis of experimental spectra. By leveraging first principles simulations,
this work explores the electronic and structural characterization of a prototype
material, hydrogenated graphene, providing insight into its electronic and struc-
tural properties. Our study also demonstrates the use of X-ray Raman scattering
(XRS) for analyzing silicon nanoparticle anodes, revealing key components of the
solid-electrolyte interphase (SEI) and correlating these with observed capacity
loss in lithium-ion batteries. In addition, we develop a robust, modular workflow
for ab initio high-throughput X-ray Photoelectron Spectroscopy (XPS) simula-
tions. Furthermore, machine learning models were trained to predict XPS spectra
with ab initio accuracy, showcasing their potential to reduce the computational
workload required in amorphous-like systems.
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Sommario

La spettroscopia computazionale è diventata uno strumento importante nella
ricerca sui materiali e permette di migliorare la comprensione sia qualitativa che
quantitativa delle loro proprietà, in stretta connessione con gli studi sperimen-
tali. In questa Tesi presentiamo alcuni sviluppi nel calcolo ab initio delle spet-
troscopie degli stati di core, con particolare attenzione alla loro automazione e
all’integrazione di metodi di calcolo ad alto rendimento (high-throughput com-
puting, HTC) e di apprendimento automatico per migliorare l’analisi degli spettri
sperimentali. Utilizzando simulazioni da principi primi, questo lavoro esplora la
caratterizzazione elettronica e strutturale di un materiale prototipo, il grafene
idrogenato, offrendo una comprensione più profonda delle sue proprietà elettron-
iche e strutturali. Il nostro lavoro dimostra inoltre l’utilizzo della diffusione Raman
di raggi X (X-ray Raman scattering, XRS) per l’analisi di anodi basati su nanopar-
ticelle di silicio, rivelando componenti chiave dell’interfaccia solido-elettrolita e
correlando questi risultati con la perdita di capacità osservata nelle batterie agli
ioni di litio. Inoltre, sviluppiamo un workflow modulare e robusto per simulazioni
HTC ab initio di spettroscopia fotoelettronica a raggi X (X-ray Photoelectron
Spectroscopy, XPS). Infine, abbiamo addestrato modelli di apprendimento auto-
matico per prevedere spettri XPS con accuratezza ab initio, e dimostrato la loro
capacità di ridurre il carico computazionale consentendo la trattazione anche di
sistemi disordinati o amorfi.
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Introduction

Computational spectroscopy has become an essential tool for interpreting experi-
mental spectra, providing both qualitative and quantitative insights into material
properties. The growing synergy between experimental and theoretical approaches
has created a positive feedback loop, driving significant advancements in material
science. This is especially evident in the field of core-level (X-ray) spectroscopies,
where high-precision ab initio calculations have become indispensable for under-
standing electronic and structural properties. The rise of modern X-ray facili-
ties, such as third-generation synchrotrons and free-electron lasers, has further
expanded the scope of these techniques, making core-level spectroscopies more
prevalent and impactful.

Traditional ab initio methods, while highly accurate, often come with sig-
nificant computational costs, especially for complex systems such as amorphous
or disordered materials. This challenge is being addressed by emerging machine
learning (ML) models, which offer ab initio accuracy at inexpensive computa-
tional cost as an alternative to the traditional first principles approaches. These
ML techniques, whether through forward or reverse mapping, are becoming part
of the standard toolkit to complement, and in some cases replace, ab initio meth-
ods by either predicting spectra directly or inferring material structures from
experimental data.

In this context, high-throughput computing (HTC) has gained prominence,
allowing for the large-scale generation of data needed for comprehensive materi-
als analysis. The integration of automation infrastructures has streamlined the
process, making it feasible to perform extensive simulations that were once com-
putationally prohibitive. As computational capabilities continue to expand, the
potential for ML-driven approaches in core-level spectroscopy grows, promising to
enhance the efficiency and accuracy of spectral predictions and offering new av-
enues for both experimentalists and theorists in the study of material properties.

This work explores the automation of core-level spectroscopy calculations,
highlighting the synergy between high-throughput methods and machine learning
applications. By combining the precision of ab initio techniques with the compu-
tational efficiency of ML models, we aim to push the boundaries of spectroscopic
analysis and open new possibilities for high-throughput material characterization.
Building upon the principles of ab initio simulations for X-ray spectroscopies, the
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objective of this thesis is to develop an automated tool that encodes this knowl-
edge, enabling the efficient generation of large datasets necessary for training sur-
rogate models with ab initio accuracy and for the interpretation of experimental
results.

The Thesis is organized as follows: Chapter 1 contains the theoretical frame-
work used in this study, summarizing the Density Functional Theory and the
machine learning methods commonly applied for the prediction and interpreta-
tion of ab initio simulation data. Chapter 2 describes the core-level spectroscopy
simulations in the DFT framework. In particular we will cover the basic principles
of the X-ray Photoelectron Spectroscopy (XPS), X-ray Absorption Spectroscopy
(XAS) and X-ray Raman scattering (XRS), along with the corresponding technical
details involved in the ab initio simulations. Chapter 3 demonstrate the applica-
tion of ab initio XPS simulations for probing electronic properties of hydrogenated
free-standing graphene. Chapter 4 describes the application XRS in the study of
Si nanoparticle anodes by complementing the experimental measurements with
first principles simulations. Chapter 5 is dedicated to describe the development of
an automated workflow for high-throughput XPS simulations within the AiiDA
framework. Finally, in Chapter 6 we will discuss the machine learning applications
to core-level spectroscopies. In particular we will focus in the development a com-
prehensive approach for predicting XPS spectra with ab initio acuracy, integrating
the automated AiiDA workflow into the training procedure.
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Chapter 1

Theoretical framework

1.1 The ab-initio approach

In quantum mechanics, a system comprising N atomic nuclei and Ne electrons
presents a complex scenario where electrons interact with each other as well as
the nuclei of the system. The properties and dynamics are then described by the
non-relativistic Schrödinger equation,

ĤΨ(R, r, t) = iℏ
∂Ψ(R, r, t)

∂t
, (1.1)

where Ĥ is the Hamiltonian of the system and Ψ(R, r, t) is the many-body wave
function characterizing the quantum state of N nuclei and Ne electrons with co-
ordinates R = {RISI}NI=1 and r = {r isi}Ne

i=1 respectively. Here RI , r i and SI ,

si are the spatial and spin coordinates. If Ĥ does not explicitly depend on time,
the states satisfying Equation 1.1 are stationary with a well-defined energy E and
can be expressed as Ψ(R, r, t) = Ψ(R, r)e−iEℏ t, leading to the time-independent
Schrödinger equation:

ĤΨ(R, r) = EΨ(R, r), (1.2)

with eigenstates Ψ(R, r) and eigenvalues E. Such Hamiltonian is composed by
the kinetic energy and potential terms as follows:

Ĥ = T̂e + T̂N + V̂ee + V̂eN + V̂NN , (1.3)

with,

T̂e =
Ne∑
i=1

|p̂i|2

2me

=
Ne∑
i=1

p̂2i
2me

, (1.4)
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1.1. THE AB-INITIO APPROACH

T̂N =
N∑
I=1

|p̂I |2

2MI

=
N∑
I=1

p̂2I
2MI

, (1.5)

V̂ee =
1

2

∑
i ̸=j

q2e
|r i − r j|

, (1.6)

V̂eN = −1

2

N∑
I=1

Ne∑
i=1

q2eZI

|RI − r i|
, (1.7)

V̂NN =
1

2

∑
I ̸=J

q2eZIZJ

|RI −RJ |
, (1.8)

being T̂e, T̂N the kinetic energy operators for the electrons and nuclei respec-
tively, while V̂ee, V̂eN and V̂NN are the elecron-electron, electron-nuclei and nuclei-
nuclei Coulomb interaction potentials in the stated order. The corresponding
mass, charge and momentum for the electrons (ions) are given by me (MI),
e = −|qe|

√
4πϵ0 (eZI) and p̂i (p̂I), with ϵ0 vacuum permittivity and p̂i = −iℏ∇∇∇i.

Solving Equation 1.2 becomes increasingly challenging as the number of par-
ticles grows. In such cases the Born–Oppenheimer or adiabatic approximation
[13] can be applied, leveraging the mass difference –approximately a factor 1837–
between nucleons and electrons. This approximation allows for the separation of
electronic and ionic degrees of freedom by considering fixed nuclei positions, thus
treating them as parameters and, as a consequence, neglecting T̂N in Equation 1.2.
The adiabatic evolution of the electronic states with the nuclear displacement is
supported by the typical timescales of electronic (10−15 to 10−18s) and atomic
motion (10−12 to 10−15s) [14], confirming its wide applicability in the regime of
electronic transition energies larger than nuclear motion energies. Under this
constraint the electronic many-body problem becomes

Ĥeψ{R}(r) = E{R}ψ{R}(r), (1.9)

where ψ{R}(r), E{R} and Ĥe represent the electronic many-body state, its energy
and the Hamiltonian of the Ne interacting electrons, respectively, corresponding
to the ionic configuration R. The electronic Hamiltonian Ĥe now has the form

Ĥe = T̂ + V̂int + V̂ext + ENN , (1.10)

with T̂ = T̂e, V̂int = V̂ee, V̂ext = V̂eN
1 and ENN is a constant contribution to the

total energy of the system for a given ionic configuration R.
The dimensionality of the electronic problem remains so large that solving it

can be remarkably tough. Within mean field approximations like Hartree (with-
out particle exchange effects) [15] and Hartree-Fock [16], this problem is simplified

1Other external potentials can be included in the V̂ext term
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CHAPTER 1. THEORETICAL FRAMEWORK

by considering non-interacting electrons within an effective potential, but neglect-
ing electron correlation. On the other hand, post-Hartree-Fock methods such as
Configuration Interaction [17] (CI), Coupled Cluster [18, 19] (CC), and Quantum
Monte Carlo [20] (QMC) aim to include correlation effects but are computationally
expensive and often impractical for large systems. In this scenario, Density Func-
tional Theory (DFT) stands out as it avoids explicit many-body wave functions
while providing a fair compromise between accuracy, versatility and computational
complexity.

1.2 Density Functional Theory

The origins of DFT can be traced back to the seminal works of Thomas [21] and
Fermi [22], where the electronic density n(r) was proposed as the central quantity,

n(r) = ⟨ψ |n̂(r)|ψ⟩ , (1.11)

where |ψ⟩ is the normalized electronic many-body state and n̂(r) =
∑Ne

i=1 δ(r−r i)
is the density operator. Although this approximation did not succeed in accurately
describing electrons in matter, it proposed a promising alternative to reduce the
degrees of freedom in the problem described by Equation 1.9 to just three.

1.2.1 Hohenberg-Kohn theorems

The core principle of modern DFT is that any property of a system with many
interacting particles is a functional of the ground-state electron density, as estab-
lished by the Hohenberg-Kohn [23] theorems.

Theorem I: For any system of interacting particles in an external potential
Vext(r), the ground-state particle density n0(r) uniquely determines Vext(r), up
to an additive constant.

The first theorem validates n0 as the main quantity in the many particle sys-
tem. Since the Hamiltonian is uniquely determined by the ground-state den-
sity, the wave function of any state can, in principle, be found by solving the
Schrödinger equation with this Hamiltonian.

Theorem II: For any external potential Vext(r), a functional for the energy
EHK [n(r)] can be defined, such as its variational global minimum occurs at n0(r)
and coincides with the ground-state energy of the system E0:

E0 = min
n(r)

EHK [n(r)] = EHK [n0(r)] (1.12)
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1.2. DENSITY FUNCTIONAL THEORY

The second theorem states that the exact ground-state energy and density are
completely determined by EHK [n(r)]

EHK [n(r)] = FHK [n(r)] +

∫
drVext(r)n(r) + ENN , (1.13)

where

FHK [n(r)] = ⟨ψ|T̂ |ψ⟩ + ⟨ψ|V̂int|ψ⟩ = T [n(r)] + Vint[n(r)], (1.14)

is a universal functional (the same for all electron systems), since it includes
all internal kinetic and potential energies of the interacting electrons which are
functionals of n(r) by definition.

Although the original proofs of the Hohenberg-Kohn theorems are restricted
to the space of ”Vext-representable” densities, which are ground-state densities of
a Hamiltonian with some external potential Vext, this limitation is handled by
an alternative approach known as the constrained search formulation by Levy
[24] and Lieb [25]. At this stage, we must address the challenge of having an
exact theory for the density and energy of the interacting many-body system that
depends on an unknown functional.

1.2.2 Kohn-Sham formulation

The practical application of the Hohenberg-Kohn theorems is limited by the fact
that FHK [n(r)] is unknown. In this context, the Kohn-Sham [26] formulation
offers a viable solution by transforming the many-body problem of interacting
electrons into a problem of non-interacting electrons in an effective potential.
The construction of such auxiliary system is based on the hypothesis that the
effective potential V KS(r) is determined by the same ground-state density as the
original interacting system. Under this assumption the Schrödinger equation (in
Hartree atomic units) for the auxiliary system is(

−1

2
∇2 + V KS(r)

)
ϕKS
i (r) = εKS

i ϕKS
i (r), (1.15)

ĤKSϕKS
i (r) = εKS

i ϕKS
i (r), (1.16)

where ĤKS, ϕKS
i (r) and εKS

i are the single electron Kohn-Sham Hamiltonian,
states and energies, respectively. The density of this independent electron system,
assumed equal to the interacting electron system one, can be written in the Kohn-
Sham formulation as

n(r) =
Ne∑
i=1

∣∣ϕKS
i (r)

∣∣2 , (1.17)

while the kinetic energy is defined in the following terms,
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CHAPTER 1. THEORETICAL FRAMEWORK

TKS[n(r)] = −1

2
⟨ϕKS

i (r)|∇2|ϕKS
i (r)⟩. (1.18)

The universal functional FHK [n(r)] in Equation 1.14 can be reformulated as

FKS[n(r)] = TKS[n(r)] + Vint[n(r)] +
(
T [n(r)] − TKS[n(r)]

)
, (1.19)

which can be expanded further by taking the Hartree part EH [n(r)] out of
Vint[n(r)]

FKS[n(r)] = TKS[n(r)] + EH [n(r)] + Exc[n(r)], (1.20)

with

EH [n(r)] =
1

2

∫
drdr ′n(r)n(r ′)

|r − r ′|
, (1.21)

and
Exc[n(r)] = T [n(r)] − TKS[n(r)] + Vint[n(r)] − EH [n(r)]. (1.22)

The term Exc[n(r)] is the exchange–correlation energy functional, which accounts
for the difference between the kinetic and internal interaction energies of the
many-body system and those of the auxiliary independent-particle system, where
electron-electron interactions are replaced by the Hartree energy. The Equa-
tion 1.13 can be expressed in the Kohn-Sham terms as

EKS[n(r)] = TKS[n(r)]+EH [n(r)]+Exc[n(r)]+

∫
drVext(r)n(r)+ENN , (1.23)

and its variational minimum condition for fixed particle number gives the effective
potential V KS(r)

V KS(r) = Vext(r) +
δEH [n(r)]

δn(r)
+
δExc[n(r)]

δn(r)
= Vext(r) +V H(r) +Vxc(r). (1.24)

The Equations (1.15), (1.17) and (1.24), known as Kohn–Sham equations, have
the form of independent-particle equations with a potential that must be found
self-consistently with the resulting density.

1.2.3 Exchange–correlation functionals

The accuracy of the Kohn-Sham formulation is determined by the choice of the
exchange–correlation functional contribution. The simplest approximation, pro-
posed by Kohn and Sham [26] in its original work, is the local density approxima-
tion (LDA), which considers Exc[n(r)] as the exchange-correlation energy func-
tional of a homogeneous electron gas (HEG)
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1.2. DENSITY FUNCTIONAL THEORY

EHEG
xc [n(r)] =

∫
drn(r)ϵHEG

xc [n(r)], (1.25)

where ϵHEG
xc [n(r)] is the exchange-correlation energy density for the HEG, contain-

ing an exchange part ϵHEG
x [n(r)] = −3

4
( 3
π
n(r))

1
3 and a correlation contribution

calculated numerically for intermediate homogeneous densities using QMC [27]
and as an extrapolation of analytical low and high density limits [28] for the other
density regimes.

In order to account for the inhomogeneous part of the density, a dependence
on gradients has been included in the exchange-correlation functional

EGGA
xc [n(r)] =

∫
drn(r)ϵHEG

xc [n(r),∇n(r)]. (1.26)

This approach, named generalized gradient approximation (GGA) [29] usually
improves the results on structural and bonding properties. Besides LDA and
GGA functionals, we can find other approximations with additional ingredients
(meta-GGA, hybrids and generalized RPA), which are organized according to they
progression towards achieving chemical accuracy [30, 31].

1.2.4 The plane-wave pseudopotential method

Solving the Kohn-Sham equations relies on numerical methods capable of handle
the complexity of V KS(r) and the need for self-consistency. The usual approach is
to expand the Kohn–Sham eigenstates ϕKS

n (r) into a set of basis functions, trans-
forming the Equation 1.15 in an algebraic equation for the expansion coefficients.
Plane-waves (PWs) basis sets are a common option due to mathematical simplicity
and compatibility with efficient Fast Fourier Transform (FFT) algorithms which
improve the scalability with the system size. In order to reduce the computational
cost in extended systems, translational symmetry is imposed by constructing a
minimal (primitive) cell2 containing one or more atoms (lattice points); when re-
peated periodically they can approximate the original system. This procedure
is the natural choice for crystals and can be extended to treat non periodic sys-
tems –such as clusters, surfaces and defects– by constructing sufficiently large cells
(supercells). Under this condition the effective potential V KS(r) is periodic

V KS(r + T) = V KS(r), (1.27)

and according to the Bloch’s theorem [32] each of the Kohn-Sham states can be
expressed as a periodic function ukn modulated by a plane wave with wave vector
k lying in the first Brillouin Zone (BZ):

2The primitive cell is defined by the translation vectors ai, which generates all the possible
lattice translations T =

∑3
i=1 niai with ni ∈ Z. The primitive cell in the reciprocal space is

called first Brillouin Zone.
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ϕKS
kn (r) = eik·rukn(r) =

1√
Ω

∑
G

ckn(G)ei(k+G)·r, (1.28)

where Ω, G and ckn(G) are the cell volume, the reciprocal lattice vectors and
the expansion coefficients in the PWs basis set of ukn(r) respectively. The Equa-
tions (1.27) and (1.28) allow to transform the Kohn-Sham Schrödinger equation
into the following matrix eigenvalue problem in reciprocal space∑

G′

HKS
G,G′(k)ckn(G′) = εknckn(G), (1.29)

with

HKS
G,G′(k) =

1

2
|k + G|2 δG,G′+Vext(k+G, k+G′)+VH(G−G′)+Vxc(G−G′) (1.30)

The number of G vectors in the PWs representation is infinite; however, for
practical calculations we must truncate the expansion at a certain point. This is
achieved by introducing an energy threshold, corresponding to the kinetic energy
of an electron with momentum |k + G|

1

2
|k + G|2 ≤ Ecut. (1.31)

Nevertheless, describing electron wavefunctions using a PWs basis set is highly
demanding. Near the nucleus, core electron wavefunctions are nodeless and tightly
confined, while valence electron wavefunctions exhibit oscillations due to orthog-
onality requirements. Thus, a large value of Ecut is usually needed in order to
describe electron wavefunctions on that spatial region. A first step to solve this
issue is to apply the frozen-core approximation and consider only the valence
electrons in the calculations. Since core electrons do not participate in chemical
bonding, in this approximation they are assumed to occupy the same states as in
the isolated atom. A second step consist of replacing the ionic core potential by
an effective interaction (pseudopotential) [33, 34, 35] which will lead to nodeless
valence wave functions (pseudo wavefunctions) removing the orthogonality wig-
gles near the nucleus.
When using pseudpotentials we must provide a cutoff radius, rcut, which separates
the core and valence regions. In practice, the pseudo wavefunctions are equal to
the corresponding all electron beyond the cut-off radius, and smoothed in the core
region. Figure 2.1 shows the effects of ’pseudization’ on both the wavefunctions
and the potential for the isolated C atom in the region r < rcut. Wavefunc-
tions and potential where obtained using the ld1.x code contained in Quantum
ESPRESSO [36, 37, 38]. Due to the frozen-core approximation, the 1s state (core)
is excluded from the pseudization process, thus reducing the number of electrons
in the Kohn-Sham equations involved in the calculations.
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Figure 1.1: Pseudization effects on the wavefunctions (left) and the potential
(right) for the isolated C atom in the region r < rcut. Dashed (solid) lines represent
the all-electron (pseudo) wavefunctions and potential.

Its worth pointing out that all the equations exposed so far are valid in the PW
pseudopotential framework for a particular kind of pseudopotentials, called norm-
conserving. They are constructed by imposing that the norm of the pseudo wave-
functions matches the norm of the corresponding all-electron wave functions. How-
ever, further reduction of the number of plane-wave basis states can be achieved
with the same level of accuracy by augmenting the electronic charge density in
the core regions using ultrasoft pseudopotentials [39, 40]. This reduction of the
problem size transforms the Schrödinger equation into a generalised eigenvalue
problem by introducing generalized orthonormality constraints which depend on
the ionic positions. As a consequence, additional terms appear in the Kohn-Sham
equations from the density-dependent terms in the total energy that should be
taken into account in the calculations [41].

1.3 Machine Learning methods in ab-initio sim-

ulations

Machine Learning (ML) can be defined as a set of methods that can automatically
detect patterns in data, and then use the uncovered patterns to predict future
data, or to perform other kinds of decision making under uncertainty [42]. Such
data-driven approaches are classified in three categories known as unsupervised,
supervised and reinforcement learning. In this work we will focus on the first two
categories, by far the most widespread in the context of materials science [43].
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1.3.1 Unsupervised learning

In computational materials science, data often involves numerous variables and
complex relationships that are challenging to analyze using traditional methods.
Unsupervised learning, also known as descriptive learning, provides a robust ap-
proach for discovering patterns within unlabeled datasets, without relying on prior
knowledge or assumptions. This approach enables an effective exploration of com-
plex material behaviors and relationships. In the following, we will introduce the
principal approaches used in the thesis organized in two categories within the
unsupervised methods known as dimensionality reduction and clustering.

1.3.1.1 Dimensionality reduction

A dimensionality reduction algorithm is a technique dedicated to reduce the num-
ber of features (or dimensions) in a dataset while retaining as much relevant
information as possible. This process projects high-dimensional data into a lower-
dimensional space, making it easier to visualize, interpret, and analyze.

Principal component analysis (PCA) [44, 45] is a widely used unsupervised
technique for dimensionality reduction, feature extraction, and data visualization.
This method is particularly beneficial when the original dataset includes correlated
and noisy variables. The original space is projected into a new one with lower
dimension defined by new coordinates, called principal components (PCs), which
are orthogonal vectors formed as linear combinations of the original variables.

PCA finds the set of l orthogonal directions that provide the best approx-
imation of the data matrix X ∈ RN×d for l < d. This minimization process
is equivalent to finding the orthogonal directions over which the variance of X
is maximal. In this way, PCA is performed through the diagonalization of the
covariance matrix C defined as

C =
1

N − 1
XTX, (1.32)

where the data vectors Xi are mean-centered. In order to reduce the dimensional-
ity, the eigenvectors of C are ordered according to their corresponding eigenvalues
and the number l of principal components can be chosen on the basis of the cu-
mulative variance expressed. The original data can be projected in terms of PCs
as

P = XVl, (1.33)

where Vl ∈ Rd×l contains the first l eigenvectors of C with the larger eigenvalues.
The matrix Pl ∈ RN×l will contain the first PCs of the data matrix ordered
according to the amount of variance captured by each of them.
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CUR decomposition [46] is a matrix factorization technique utilized for di-
mensionality reduction either in the feature or data space. The low-rank matrix
decomposition is explicitly expressed in terms of the elements of the original ma-
trix. In practice the data matrix X can be approximated with a lower-rank matrix
X̃ as

X ≈ X̃ = CUR, (1.34)

where C and R are constructed from the selected k columns and rows of X
respectively, and U is a k× k matrix.

This technique is particularly useful for tasks such as selecting optimal feature
vectors or subsets, as it leverages the actual elements of the data matrix. In the
case of feature selection (i.e., columns), a score πc is computed for every column
of the initial matrix

πc =
k∑

j=1

(vjc)
2, (1.35)

where vjc is the c-th component of the right singular vector of the single value
decomposition (SVD) of X and k is the number of features that have yet to be
selected and runs from k to 1. In the case of sample selection (rows) the scores
are computed using the left singular vectors.

Farthest-point sampling [47] (FPS) is a deterministic algorithm that selects
the farthest point from the already chosen points in each step. Essentially, FPS
aims to select points that are as diverse as possible from the given dataset, pro-
moting uniform sampling across the input space by sorting the data points in
descending order according to diversity. The process begins by selecting an initial
sample, typically the first point in the dataset X ∈ RN×d to maintain its deter-
ministic nature. In subsequent iterations, the algorithm calculates the distance
between each remaining point and the selected points Xselected, then picks the next
point Xk based on the maximum distance as

Xk = argmax
Xk∈X

(
min

Xj∈Xselected

|Xk −Xj|
)

(1.36)

The selection process continues until K ≤ d points are selected.

1.3.1.2 Clustering

Clustering groups data points according to their similarity. The data points are
thereby organized into an efficient representation that characterizes the population
being sampled. Such methods can be either applied to the original data, or to the
output of a dimensionality reduction algorithm.
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k-means [48] and k-medoids [49] are two partition-based clustering algo-
rithms very similar. In both the number of clusters K in which the elements
of X ∈ RN×d are distributed is an input parameter. In the particular case of
k-means, each data point Xi is assigned to a unique cluster Sk forming a data
partition S = {S1, ..., SK}K≤d. The objective is to minimize the within-cluster
scatter

min
S
WS = min

S

K∑
i=1

∑
Xj∈Si

||Xj − µµµi||2 , (1.37)

where µµµi = 1
Ni

∑
j∈Si

Xj is the mean (centroid) of all the data points assigned to
Si. k-medoids is the generalization of k-means to non Euclidean metrics, replacing
the centroid with the closest data point Xc to the rest of the points within the
same cluster, according to the metric d(Xj,Xc). This implies computing pairwise
distances between all points in the cluster, leading to higher computational costs.

Hierarchical clustering [50] , contrary to flat clustering, offers the possibility
of obtain clusters nested inside each other. There are two main approaches to
hierarchical clustering: bottom-up or agglomerative clustering, and top-down or
divisive clustering. Both methods take as input the dissimilarity between the data
points. In the bottom-up approach, the most similar data points are merged at
each step. In the top-down approach, they are split into the two most dissimilar
clusters. Both approaches are heuristics, which do not optimize any well-defined
objective function. Furthermore, they will always produce a clustering of the
input data, removing the need to define beforehand the number of clusters. On
the other hand, the clustering should be inspected always since data can have no
structure at all (e.g., random noise).

1.3.2 Supervised learning

Supervised learning focuses on labeled datasets (X, y), meaning each input Xi

comes with a corresponding output yi (label). The tasks under this method can be
broadly classified into two categories based on the nature of the label: regression,
when y is continuous, and classification, when y is discrete. In practice, the main
task reduces to find the functional form fωωω (model) with parameters ωωω, connecting
the inputs X with the outputs y. The accuracy of the predictions ŷ = fωωω(X) is
assessed through the so-called loss function Lωωω, allowing to find the best model
parameters ω̂ωω as

ω̂ωω = argmin
ωωω

Lωωω(y, ŷ), (1.38)

In the following, we will introduce the principal regression approaches used in
the thesis.
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1.3.3 Linear regression

Given a set of inputs X ∈ RN×d and targets y ∈ RN we want to determine the
linear least-squares estimator in the form

ŷ = XTω1ω1ω1 + ω01d, (1.39)

where ω1ω1ω1, ω0 are the parameters or weights of the model while 1d has dimensions
d×1 and contains only ones. The values of the optimal parameters depend on the
definition of the loss function. In particular, if we select L as the mean squared
error (MSE) then we obtain

ω̂ωω1, ω̂0 = argmin
ω1ω1ω1,ω0

(y − ŷ)T (y − ŷ). (1.40)

Linear models fitted using Equation 1.40 lead to unstable solutions. One of
the principal problems is the overfitting, causing a lack of generalization since
the model is learning the training data instead of the function connecting the
inputs with the outputs. This issue is usually addressed introducing a so-called
regularization term acting on the weights ωωω. This approach, called ridge regression
[51], introduces a loss function defined as

Lridge = (y −Xωωω)T (y −Xωωω) +
λ

2
ωωωTωωω, (1.41)

where the data vectors in X are mean-centered and λ > 0 is an hyperparameter
of the model, known as regularization strength, penalizing large values of ωωω. The
penalty term discourages model parameters from closely following the training
points, introducing a manageable amount of error in the training data. This
balancing, known as the bias-variance trade-off, is crucial for preventing overfitting
in overparameterized models increasing the generalization capability of the model.
In Equation 1.41 the intercept was excluded, as regularizing it will make the
solution dependent on the outputs origin. Thus, it is estimated as the average of
all the outputs and added to the final prediction. The analytical solution for the
minimization of Lridge is given by

ω̂ωω = (XTX +
λ

2
I)−1XTy. (1.42)

It is convenient to express the ridge regression problem in terms of inner prod-
ucts of the data vectors. This is usually done using the dual formulation, changing
from the primal variables ωωω to a new set of dual variables ααα. The dual variables
are formally the Lagrange multipliers introduced to handle the constraint y = Xωωω
in the loss minimization problem. The reformulation of the problem can be done
by computing ∇ωωω,ααα[Lridge − αααT (y −Xωωω)] = 0, leading to ω̂ωω = XTααα with the loss
expressed in terms of the dual variables as
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Lααα = (y −Kααα)T (y −Kααα) +
λ

2
αααTKααα, (1.43)

where K = XXT is the matrix of pairwise inner products (Gram matrix). The
optimal dual and primal variables can be expressed then as

α̂αα =

(
K +

λ

2
I

)−1

y, (1.44)

ω̂ωω = XT

(
K +

λ

2
I

)−1

y, (1.45)

allowing to predict the output of a new data point XN+1 as

yN+1 = XT
N+1X

T

(
K +

λ

2
I

)−1

y + ω̂0. (1.46)

1.3.3.1 Kernels

The formulation of the ridge regression problem in terms of the Gram matrix
allows to extend the ridge method to non-linear models. In the ideal case, we
can transform the inputs with a non-linear function ϕ such that the new inputs
ϕ(X) have a linear relation with the outputs y. Under this assumptions, the Gram
matrix becomes Ki,j = k(Xi,Xj) = ⟨ϕ(Xi), ϕ(Xj)⟩, where k is the kernel function
and ⟨⟩ is the inner product in the space of the new outputs. This definition allows
to operate in a high-dimensional feature space without explicitly computing non-
linear transformation ϕ(X). Instead, it relies on a kernel function to compute the
inner product between the data points in the higher-dimensional space, using only
the original feature space. This result is known as the kernel trick [52] and is only
valid for Mercer or positive definite kernels. In this thesis we will use mainly the
Gaussian kernel defined as

k(Xi,Xj) = exp

{
−||Xi −Xj||2

2σ

}
, (1.47)

where σ is an hyperparameter of the model known as the length scale. The
Gaussian kernel could be isotropic or anisotropic depending if σ is a scalar or a
vector.

1.3.4 Descriptors for atomic structures

Up to this point we explored various ML methods commonly employed to ad-
dress materials science challenges. However, the accuracy and performance of
these approaches are conditioned, up to certain extent, by the choice of the data
representation (descriptors) and their capacity to extract meaningful information
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from raw data. The number of representations available is really large and can
be grouped according to the strategy that is used to incorporate symmetry in
their construction [53], here we will focus on the atom density-based descriptors,
in particular SOAP [54].

1.3.4.1 Atom-density representations

Within the atom-density representations the atom density field ρ at the position
x can be expressed as a sum of gaussian contributions G placed on top of every
atom i with coordinates ri. This takes the following form in bra-ket notation [55]:

⟨x|A; ρ⟩ =
∑
i∈A

⟨x|ri;G⟩ ≡
∑
i∈A

G(x− ri), (1.48)

where |A⟩ represents all the structural and chemical information of the structure
A. This expression can be used to express the contribution from the different local
environments as

⟨ax|A; ρi⟩ =
∑
j∈Ai

⟨x|rij;G⟩ fcut(rij)δaaj , (1.49)

where a defines the atomic specie and the function fcut select the atomic envi-
ronments within a cutoff distance from the central atom i. This representation,
centered on an atom i, is translational invariant. In order to include rotational
invariance, high-order correlations between atomic environments should be con-
sidered by applying the Haar integral [55]

〈
a1x1; ...; avxv|A; ρ⊗v

i

〉
=
∑
k=0,1

∫
SO(3)

dR̂
v∏

j=1

〈
ajxj|R̂îk|A; ρi

〉
, (1.50)

where ρ⊗v
i represents the average over all the improper rotations R̂îk of the tensor

product of v atom-centered densities. The operators î and R̂ represent inver-
sion and rotation respectively while the sum over k accounts for the inversion
symmetry.

In this thesis the Smooth Overlap of Atomic Positions (SOAP) [54] descriptor
will be used. This representation can be obtained from Equation 1.50 by ex-
panding the translationally-invariant representation in Equation 1.49 in a basis of
radial functions Rn(x) = ⟨x|n⟩ and spherical harmonics Y l

m(x̂) = ⟨x̂|lm⟩ as

⟨anlm|A; ρi⟩ =
∑
j∈Ai

∫
dx⟨n|x⟩⟨lm|x̂⟩ ⟨x|rij;G⟩ fcut(rij)δaaj . (1.51)

The 3-body-order representation, called power spectrum, can be obtained by
truncating the expansion in Equation 1.50 at v = 2 and rewriting it in the new
basis as
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〈
a1n1; a2n2; l|A; ρ⊗2

i

〉
=

1√
2l + 1

∑
m

⟨A; ρi|a2n2lm⟩ ⟨a1n1lm|A; ρi⟩ , (1.52)

here |ρ⊗2
i ⟩ represents the symmetrized 3-body correlation of the atom density

centred on the atom i. In practice the expansion is truncated at nmax and lmax

so the SOAP will contain n2
maxlmax elements. This should be taken into account

in order to estimate the computational resources needed for the power spectrum
representation.

373737



1.3. MACHINE LEARNING METHODS IN AB-INITIO SIMULATIONS

383838



Chapter 2

Core-level spectroscopy
simulations in the DFT
framework

Core-level spectroscopies are essential tools in material science for probing the
electronic structure and chemical environment of materials. The most relevant
core-level spectroscopies include X-ray Photoelectron Spectroscopy (XPS), X-ray
Absorption Spectroscopy (XAS), X-ray Emission Spectroscopy (XES), Resonant
Inelastic X-ray Scattering (RIXS) and X-ray Raman scattering (XRS). In this
thesis we will focus on XPS, XRS and XAS (in the near edge structure XANES).

XPS is commonly used for both qualitative and quantitative surface analysis
of solids up to 10 nm. It enables the identification and quantification of nearly all
elements present on a surface, excluding only hydrogen and helium, thereby pro-
viding comprehensive elemental composition data [56]. XAS, on the other hand,
is a versatile technique applied across soft and hard X-ray ranges to investigate
coordination environments, oxidation states, and spin states in solids, liquids, and
gases, offering high resolution and rapid data acquisition [57]. Meanwhile, XRS,
which utilizes hard X-rays around 10 keV, offers several advantages over conven-
tional XAS and XPS for studying soft X-ray absorption edges (e.g., C, O, and Li
K-edges) with bulk sensitivity in vacuum-free conditions. This makes XRS par-
ticularly useful for examining energy storage systems under operating conditions
[58].

The following sections will be focused on the theoretical description of these
spectroscopies within the DFT framework, along with the corresponding technical
details involved in the ab initio simulations.
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2.1. THEORETICAL TREATMENT OF CORE-LEVEL SPECTROSCOPIES

2.1 Theoretical treatment of core-level spectro-

scopies

The fundamental interactions involved in core-level spectroscopies can be de-
scribed by the Hamiltonian for electrons in a quantized electromagnetic field.
This Hamiltonian, in a non-relativistic approximation, is given by

Ĥ = Ĥe + Ĥint + Ĥfield, (2.1)

where Ĥe, Ĥint, and Ĥfield are the electronic (defined in Equation 1.10), electron-
photon interaction and free photon field parts of the Hamiltonian respectively. We
can move to a single particle framework by replacing the many electron Hamilto-
nian Ĥe by the Kohn-Sham Hamiltonian (Equation 1.16), then the system of non
interacting electrons in a photon field reads

Ĥ = ĤKS + Ĥint + Ĥfield, (2.2)

The non-electronic contributions to Ĥ are defined, in the Coulomb gauge1, as
[59]

Ĥint = − e

mec
p̂ · Â(r) +

e2

2mec2
Â2(r) = Ĥ1 + Ĥ2, (2.3)

Ĥfield =
∑
k,λ

ℏωk

(
â†k,λâk,λ +

1

2

)
, (2.4)

with

Â(r) =
∑
k,λ

A0kek,λ

(
â†k,λe

−ik·r + âk,λe
ik·r
)
, (2.5)

where c is the speed of light in vacuum and Â(r) is the quantum-mechanical
operator of the vector potential with â†k,λ (âk,λ) being the creation (annihilation)
operator for a photon with wave vector k, polarization vector ek,λ, frequency
ωk, momentum ℏk, and energy ℏωk. The coefficient A0k is the corresponding
amplitude of Â(r) for the photon mode k. In the scope of this analysis, the spin-
dependent terms responsible for the X-ray magnetic scattering [60] were excluded
from Ĥint.
The total Hamiltonian can now be rewritten as

Ĥ = Ĥ0 + Ĥint, (2.6)

with Ĥ0 defined as the total Hamiltonian without electron-photon interaction with
eigenfunctions

1The Coulomb gauge ∇∇∇ ·A = 0 leads to p̂ · Â = Â · p̂
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|I⟩ =
∣∣ϕKS

i , nk,λ

〉
=
∣∣ϕKS

i

〉
⊗ |nk,λ⟩ , (2.7)

were
∣∣ϕKS

i

〉
and |nk,λ⟩ are the wavefunctions of the non-interacting electronic

problem and the radiation field in the occupation number nk,λ representation2,

respectively. By considering Ĥint as a perturbation on Ĥ0, according to the Fermi’s
golden rule, the transition probability per unit time from an initial state |I⟩ to a
final state |F ⟩ is given by

wif =
2π

ℏ

∣∣∣⟨F | Ô |I⟩
∣∣∣2 δ(EI − EF ), (2.8)

with

EM = Em +
∑
k,λ

(
nM
k,λ +

1

2

)
ℏωk, (2.9)

where Em (m = i, f) and nM
k,λ (M = I, F ) are the energy of the electronic system

part and the occupation numbers respectively in the state |M⟩. The transition
operator Ô is defined by the Lippmann–Schwinger equation as [59]

Ô = Ĥint + Ĥint
1

EI − Ĥ0 + iΓ
2

Ô, (2.10)

with a photohole lifetime energy broadening Γ, and it can be solved iteratively as
follows:

Ô = Ĥint + Ĥint
1

EI − Ĥ0 + iΓ
2

Ĥint + ... (2.11)

In order to determine which part of Ĥint contributes to the transition proba-
bilities we must consider how many photons are involved in the transition process,
taking into account the linearity of Â(r) in â†k,λ and âk,λ. For one-photon pro-

cesses (XPS, XAS) only the Ĥ1 term survives in the first order of the expansion
and the transition operator becomes

Ôone−photon = ÔXPS/XAS = Ĥ1. (2.12)

In the case of two-photon process only survives Ĥ2 in first order and Ĥ1 in second
order (resonant process) leading to

Ôtwo−photon = ÔXRS + ÔRIXS = Ĥ2 + Ĥ1
1

EI − Ĥ0 + iΓ
2

Ĥ1. (2.13)

2nk,λ = 0, 1, 2, .. are the eigenvalues of the equation â†k,λâk,λ |nk,λ⟩ = nk,λ |nk,λ⟩
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Figure 2.1: Illustration of the XPS, XAS and XRS spectroscopies. The Fermi
(εF ), vacuum (εvacuum), valence band maximum (VBmax), conduction band mini-
mum (CBmin), higher occupied molecular orbital (HOMO) and lower unoccupied
molecular orbital (LUMO) energy levels are indicated. Incident photons and scat-
tered (in the case of XRS) photons are represented in blue and red respectively.
Incident (scattered) photons are labeled according to their energy hνin (hνout)
and wavevector kin (kout). The photoelectron kinetic energy Ekin and the work
function Φ are represented by dashed segments.

2.2 X-ray Photoelectron Spectroscopy

2.2.1 Principles of XPS

The theoretical foundation of XPS lies in the photoelectric effect. As illustrated
in Figure 2.1, this physical process occurs when a sample (S) is irradiated with
X-rays of frequency ν, causing the emission of photoelectrons with kinetic energy
after leaving the sample ES

kin satisfying the energy conservation equation

ES
kin = hν −BEF − ΦS, (2.14)

where hν is the photon energy, ΦS is the work function of the material and BEF

is the binding energy referred to the Fermi level (εF ). Since the work function is
the potential barrier at the surface, computed as the energy difference between εF
and the vacuum level εvacuum, it is material-dependent. In practice, Equation 2.14
is reformulated in terms of the work function of the detector ΦD [61], which is an
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experimental constant, and the kinetic energy ED
kin measured at the detector

ED
kin = hν −BEF − ΦD. (2.15)

This relation is valid only if there is a sufficient electrical contact between the
sample and the detector and if there are enough charges to align both Fermi
levels. In such cases, εF becomes a convenient reference level for the binding
energy. However, if the previous conditions are not fulfilled, as e.g., in a gas,
the only common energy reference for the sample and the detector is εvacuum.
Under this circumstances ES

kin = ED
kin and the binding energies are referred to the

vacuum level, leading to the equation

ED
kin = hν −BEvacuum. (2.16)

The previous analysis is crucial in order to decide which simulation approach
provides the closest approximation (within the practical limitations) to what is ac-
tually measured in the experiment. This point will be addressed in detail later, but
as a general idea BEF (BEvacuum) quantifies the total energy difference between
the system in the ground state and the system with a core-electron promoted
to εF (εvaccum). In most cases, the difference between BE is enough to obtain
information about the chemical environment, electronic structure, and oxidation
states of the element under study. This quantity, called core-level shift (CLS), or
chemical shift, is simply expressed as

CLSi,j = BEi −BEj. (2.17)

In a typical XPS experiment the intensity of the photoelectron current I is
measured against the BE and for a given photon energy hν it is proportional to
the photoelectron cross section σif (hν) as follows [62]

Ii(hν) ∝
∑
f

niℓAJhνσif (hν), (2.18)

where i is the target electron state, ni is the density of the specie containing the
i state, ℓ is the photoelectron inelastic mean free path, A is the X-ray beam spot
area and Jhν is the flux density of incoming photons of energy hν. The sum
runs over all the final states f caracterized by a core-hole in i and a free-electron
continuum state in vacuum with kinetic energy Ekin. Usually, in the context of
simulations, only the σif (hν) is meaningful for the study of XPS, since the other
terms are constants for a given experimental setup. Considering that this quan-
tity is directly related to the transition probabilities wif with the corresponding

transition operator ÔXPS, we can write Ii as

Ii ∝
∑
f

niσif ∝
∑
f

niwif =
∑
f

ni

∣∣∣⟨F | p̂ · Â(r) |I⟩
∣∣∣2 δ(EI − EF ). (2.19)
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Taking into account the definitions of Â(r), EI , EF and the explicit forms of |I⟩
and |F ⟩ for a single-photon absortion process

|I⟩ =
∣∣ϕKS

i , nk,λ

〉
, (2.20)

|F ⟩ =
∣∣ϕKS

f , nk,λ − 1
〉
, (2.21)

Equation 2.19 transforms into

Ii ∝
∑
f

ni

∣∣〈ϕKS
f

∣∣ eik·rek,λ · p̂ ∣∣ϕKS
i

〉∣∣2 δ(Ei − Ef + ℏωk). (2.22)

The matrix elements in Equation 2.22 define the transition matrix, which acts on
the amplitudes of the spectrum and introduces selection rules that modify the peak
structure by enhancing or suppressing certain transitions. Contrary to ARPES,
in XPS no angular dependence is required so the selection rules determined by
the transition matrix are not considered. Given this approximation and the fact
that all final states ϕKS

f are assumed to be extended plane waves with energy
Ef = Ekin,f (taking the vacuum level as energy reference), the XPS intensity in
the single-particle picture reads

Ii ∝
∑
f

niδ(Ei − Ekin,f + ℏωk), (2.23)

The XPS spectrum in this approximation is represented by a series of delta
peaks located at the energy Ei = BEi of the respective atom electron i with inten-
sity modulated by the number of atoms containing the state i. In this approach,
the lifetime broadening due to many-body effects such as electron–electron corre-
lation is neglected although it can be approximated by applying an empirical line
broadening to the δ-shaped binding energies. The total spectrum implies the sum
over all the initial electronic states I =

∑
i Ii.

Finally, we should notice from Equations (2.19) and (2.22) that the photoelec-
tron cross section for the single-photon absorption process satisfies the following
relation in the independent particle approximation

σif ∝
∣∣〈ϕKS

f

∣∣ eik·rek,λ · p̂ ∣∣ϕKS
i

〉∣∣2 δ(Ei − Ef + ℏωk), (2.24)

which will be used later for the XAS theory.

2.2.2 XPS simulations

The simulation of the XPS process involves computing the BE for a group of target
atoms. Various methods exist for determining BEs, categorized into two groups:
initial state approximations (ISA) and final state approximations. Specifically,
within the ISA BEs are estimated using the Koopmans’ theorem [63] in which the
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Figure 2.2: Representation of the final state according to the FCH, HCH and XCH
core-hole treatments. The Fermi (εF ), vacuum (εvacuum), valence band maximum
(VBmax), conduction band minimum (CBmin), higher occupied molecular orbital
(HOMO) and lower unoccupied molecular orbital (LUMO) energy levels are indi-
cated. The charge neutrality of the cell of volume Ω is restored in the FCH and
HCH by adding an uniform charge density term to the electronic density n0(r).

BE, in Hartree–Fock theory, is the negative value of the corresponding eigenstate.
In the DFT framework, this statement only holds for the highest occupied state,
limiting this approximation to the calculation of core-level shifts in systems with
negligible core-hole relaxation effects [64, 65]. Within the final state approxima-
tion we encounter methods based on response theories, including coupled cluster
(CC) [66], equation-of-motion CC (EOM-CC) [67], TDDFT [68], Green’s func-
tion [69] and GW [70]. Alternatively to response theories, methods based on total
energy difference were proposed, including the equivalent-core or Z + 1, in which
no core-hole is added in the calculations. Moreover, the Delta Self-Consistent
Field (∆SCF) [71, 72, 73, 62] method and its frozen core version, Delta Kohn-
Sham (∆KS) [74, 75], are other total energy difference methods, performing the
explicit optimization of the electron wavefunction within the DFT framework in
presence of a core-hole. For the purposes of this thesis, the ∆KS method was se-
lected for running all the calculations based on the compromise between accuracy
and computational effort.
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2.2.2.1 Core-hole treatments

A common challenge arising in DFT core-level spectroscopy calculations with
periodic boundary conditions (PBC) is managing the charge introduced by the
explicit inclusion of the core-hole. The unit cell in a periodic calculation must
be charge-neutral to avoid the divergence of the ion-ion interaction term in the
total energy. The procedure adopted to maintain a neutral cell defines what is
called core-hole treatment. In Figure 2.2 the most common core-hole treatments
are presented. In the full core-hole (FCH) case, the core-electron is completely re-
moved in the final state and replaced by a negative charge background distributed
uniformly over the cell volume Ω. This charge correction is usually included in
the DFT codes: either implicitly in the total energy evaluation (as e.g., in VASP
[76, 77], CASTEP [78] and CP2K [79]) or explicitly in the electronic density (as
e.g., in Quantum ESPRESSO) by adding an uniform charge density term

n(r) = n0(r) +
q

Ω
, (2.25)

where n0(r) is the electronic density of the charged cell and −q is its total charge.
It is clear that in the FCH case the cell becomes neutral if we set q = e.

The inclusion of the background charge leads to instabilities in the calculated
energies [62] which can be mitigated by adopting a supercell approach. However,
the cell sizes required to achieve convergence on BE, at least in extended systems,
are typically impractical and results should be extrapolated. Despite this issue,
the CLSs remain quite consistent with varying cell sizes [62].

In the case of the half core-hole (HCH) method, based on the Slater-Janak
transition-state model [80], the core-hole is replaced by a fractional charge q = e/2
and the corresponding BE is equal to the eigenvalue of the state with fixed frac-
tional occupation obtained in a self-consistent calculation.3 Within this approxi-
mation the corresponding core-state needs to be included in the calculation, since
its eigenenergy is the quantity of interest. This constraint makes HCH impractical
for pseudopotential based XPS calculations, at least for target atoms with Z > 4,
since core states are typically excluded from the calculations. Nevertheless, HCH
has proven to be useful within the pseudopotential framework for other core-level
spectroscopies like XAS and XRS, where it provides an artificial but effective way
of decreasing the core-hole effects in systems with poor screening.

The excited core-hole (XCH) method [82] restores the charge neutrality of the
cell in the final state by placing the excited core-electron in the lowest unoccupied
Kohn-Sham state. By construction this method avoids all the complications of
electrostatic nature due to the background charge, leading to a faster convergence
of the BE with respect to the supercell size. In addition, it allows a direct compar-
ison with experiments in the case of metals, where the first empty state is located

3This method could be generalized for any fractional occupation: see Ref. 81 for more details.
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at εF and thus the computed BEs using XCH are already refereed to εF as in the
experiment.

2.2.2.2 The ∆KS method

Within ∆KS, the BE of a target specie i in a general system is computed as a
total energy difference between the excited state E∗, with one electron removed
from the core, and the ground state E0:

BEx
ij = E∗(nc,j − 1, nv + x) − E0(nc,j, nv) + ∆Ecorr (2.26)

where nc,j and nv are the populations of the core state j and valence respectively,
x = 0, 1 labels the kind of core-hole treatment, FCH and XCH, in the stated
order. The ∆Ecorr term brings the BEs to their absolute values (i.e., comparable
to experiment) by introducing the core electrons relaxation effects in the presence
of a core-hole [83] for a given exchange-correlation functional [75]. In practice,
the correction energies in Equation 2.26 can be expressed explicitly as

∆Ecorr = ∆Ecore − δ, (2.27)

where ∆Ecore accounts for the core electrons relaxation in the presence of a core-
hole, and it is determined performing an all-electron calculation on the target
atom with and without the core-hole [83]. This is particularly needed when using
pseudopotentials since the core-electrons are not included during the SCF cycle.
The second term, δ, is the energy shift introduced by the exchange correlation
functional [75], obtained by fitting a linear model using experimental and com-
puted BE, as can be observed in Figure 2.3. In this procedure, the experimental
BEs should correspond to systems where the reference energy level is well defined
(i.e., accessible through DFT calculations), such as in molecules or metals.

It should be noticed that if the core state has non-zero orbital angular mo-
mentum (l ̸= 0), the corresponding BE will split according to the total angular
momentum quantum number j, due to the spin-orbit coupling. The spin-orbit
coupling (SOC) splitting ∆SOC is negligible for atoms with Z < 10, but it should
be considered for the remaining species. This effect could be obtained directly
through a constrained fully-relativistic calculation, which is not straightforward
and its accuracy is limited by the quality of the pseudopotential. A simpler and
more accurate approach is to use the standard scalar-relativistic calculation, which
averages out the SOC effects, thus the resulting BE is just the mj-weighted aver-
age of the corresponding j-split BEs. Here mj is the magnetic quantum number of
the total angular momentum. This allows us to express the BE with an empirical
SOC correction as

BESOC
ij = BEil −

(2j′ + 1)∆j′j
SOC

2(2l + 1)
(2.28)
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Figure 2.3: Calculated BE compared to experimental values (taken from Ref. 1).
The constant offset δ is the correction to the absolute BE due to the PBE exchange
correlation functional.
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where j and j′ are the two possibilities for the total angular momentum quantum
number corresponding to l, while ∆j′j

SOC is the experimental energy difference (for
the atomic specie i) between the states with total angular momentum quantum
number j′ and j respectively.
The final XPS spectrum for specie i and core level state j is given by:

Sij(E) =
∑
ni

V (E − BEx
ij, σ, γ), (2.29)

where ni run over all the atoms of specie i, and V (E − BEx
ij, σ, γ) is the empir-

ical line broadening centered at BEx
ij and represented by the convolution of the

Gaussian and the Lorentzian distributions, known as the Voigt profile. The Gaus-
sian broadening σ and the Lorentzian broadening γ account for the experimental
resolution and core-hole lifetime, respectively.

2.2.2.3 Energy level reference for spectrum alignment in XPS

When using Equation 2.26 the reference energy level should be taken into account,
unless we are interested only in core-level shifts. By setting x = 0 the BEs are
referred to the vacuum level, while for x = 1 the reference is placed at the Fermi
level (ϵF ) for metals, or at the bottom of the conduction band in the case of
insulators. These considerations establish the natural core-hole treatment we
should adopt to compare directly the absolute BE with experiments. For the BE
calculations on isolated systems, like molecules, we should use the FCH treatment
in the final state in order to compute energies refereed to εvacuum. Moreover, to
obtain converged results in affordable supercell sizes, a correction for long-range
electrostatic interactions, like Martyna-Tuckerman [84], needs to be included. On
the other hand if the system is metallic the XCH method should be sufficient to
reefer the BE to the εF . In the case of nonmetals εF lays somewhere between the
valence band maximum (VBmax) and the conduction band minimum (CBmin),
hindering the energy referencing procedure. In a XPS calculation using XCH the
reference level, for nonmetals will be the CBmin, which is in general different from
εF . An option to overcome the referencing problem is to assume that εF is placed
in the middle of the DFT gap for the ground state system [75]

ε0F =
ε0CBmin

+ ε0VBmax

2
, (2.30)

leading to the following correction for the BE

BEF
ij = BE1

ij − εCBmin
+ ε0F , (2.31)

where BE1
ij and εCBmin

are computed within the XCH and ε0F is the one obtained
in the ground state. It should be notice that for metals εCBmin

= εF since CBmin

and VBmax coincide. Furthermore, εF = ε0F , as there are enough electrons to
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screen the core-hole effects on the band structure. This two relations ensure that
the BE value remains invariant for metals. In general, the validity of Equation 2.31
is limited by the accuracy of the DFT gap and should be used carefully for large
gap systems.

2.3 X-ray Absorption Spectroscopy

2.3.1 XAS principles

The physical quantity of interest in an XAS experiment is the X-ray absorption
coefficient µ(E), which is described, in transmission mode, by the Beer-Lambert
law

I(E) = I0e
−µ(E)d, (2.32)

where I0 and I(E) are the X-ray flux, with photon energy E, before and after
the beam is passed through a uniform sample of thickness d. The principal phys-
ical processes causing the attenuation of the X-ray photon flux are the photon
scattering (elastic and inelastic) and photoelectric absorption. However, in the
energy range of interest to XAS (0.1-100 keV)4, only the photoelectric absorption
is dominant [85]. In XAS the incident photon energy varies during the experi-
ment generating transitions not only to the continuum, as in XPS, but also to the
unoccupied electronic states. The general shape of the XAS spectrum of an atom
consist of a series of core-level excitation thresholds (absorption edges) occurring
near the corresponding BEs of the energy levels with principal quantum number
n = 1, 2, 3, ... called in XAS as the K, L, M, ... edges of the atom. Moreover,
starting from the L edge an additional label is included according to the orbital
angular momentum, for example the 2s, 2p1/2 and 2p3/3 states are identified as
the L1, L2 and L3 edges respectively.

When the X-ray photon energy E exceeds the absorption edge energy E0 ,
the corresponding photoelectron acquires a kinetic energy Ekin = E − E0 and
undergoes scattering by the neighboring atomic potentials. Since the photoelec-
tron mean free path is determined by its kinetic energy, it is natural to divide
the XAS spectrum into two regions based on the scattering regime. For small
Ekin the scattering efficiencies are high [86] and the photoelectron suffers multiple
scatterings with the neighboring atomic potentials. This energy region, covering
around 50 eV above E0, determines the part of the XAS spectrum called X-ray
absorption near-edge structure (XANES) which also includes the pre-edge region
determined by transitions into bound states. At higher Ek the single and weak
multiple scattering events are dominant defining the part of the spectrum called
extended X-ray absorption fine structure (EXAFS). An example of the two regions
of the XAS spectrum for the Cu K edge is presented in the Figure 2.4.

4This energy range spans over the deepest core-level BE for most of the atoms
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Figure 2.4: Cu K edge XAS spectrum from Ref. 2. The two fine structure regimes
XANES and EXAFS are depicted. The edge energy E0 defines the upper bound
of the pre-edge region of XANES.

Since for the typical photon energies involved in XAS the photoelectric ab-
sorbtion events are dominant, the X-ray absorption coefficient is directly related
to the cross section for the single-photon absorption. Then µ(E) is also propor-
tional to the transition probabilities wij and according to the Equation 2.22 we
can express

µi(ωk) ∝
∑
f

∣∣〈ϕKS
f

∣∣ eik·rek,λ · p̂ ∣∣ϕKS
i

〉∣∣2 δ(Ei − Ef + ℏωk), (2.33)

where µi(ωk) is the contribution to µ(ωk) for the transitions with initial state∣∣ϕKS
i

〉
. After expanding the transition operator in series as

eik·rek,λ · p = ek,λ · p + i(ek,λ · p)(k · r) + ..., (2.34)

and taking into account the commutation relation p̂ = −i[r, ĤKS], Equation 2.33
transforms into

µi(ωk) ∝
∑
f

ω2
k

∣∣〈ϕKS
f

∣∣ ô ∣∣ϕKS
i

〉∣∣2 δ(Ei − Ef + ℏωk), (2.35)

with

ô = ek,λ · r +
i

2
(ek,λ · r)(k · r) + ... = ôE1 + ôE2 + ..., (2.36)

where E1, E2, ... index the so-called dipole, quadrupole, ... electric transition
channels. Provided that the X-ray wavelenght λ = 2π

|k| is much larger than the
characteristic spatial localization of the core state di,
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λ =
hc

BEi

≫ di, (2.37)

the dipole transitions E1 are dominant. Higher order terms, in particular E2,
should be considered at higher photon energies and for heavier elements edges
where Equation 2.37 does not hold. Even if the contribution from E2 is much
smaller than E1, it follows different selection rules allowing to probe dipole-
forbidden transitions. In the case of a single particle approximation the selection
rules reduces to ∆l = ±1 for E1 and ∆l = 0,±2 in the case of E2.

2.3.2 XAS simulations

Modern methods for computing XAS are classified by the level of theory and the
computational approaches. Within the DFT framework we find real and recipro-
cal space methods. The approaches in the first category are based either on wave
functions, as e.g., implemented in ADF [87] and ORCA [88], or multiple scattering
in FEFF [89], while in the second category the methods rely on the band structure
like e.g., in Wien2K [90] and Quantum ESPRESSO [37]. One-particle approaches
provide satisfactory results in most cases, but they fail in the description of partly
localized and atomic edges, where many-body and multiplet effects are important
[91]. In such cases methods beyond the one-particle approximation are used in-
cluding TDDFT [92], as in FDMNES [93] and Bethe Salpeter equations (BSE) as
implemented in the OCEAN code [94]. Other approaches are tailored for more
specific conditions, like the charge transfer multiplet model [95] which offers an
accurate description of the excitonic effects in the L2,3 edges of transition metal
ions. Post Hartree–Fock schemes adopting a linear response approach [96] or an
equation of motion coupled-cluster [97] yield a very good description of the initial
and final state wave functions, but their applicability is computationally limited
to small clusters.

2.3.2.1 Reciprocal-space pseudopotential scheme for XANES

Computing the XANES spectrum reduces to calculating the transition matrix
in Equation 2.35. In a reciprocal-space pseudopotential scheme [98], as the one
implemented in the XSpectra code [99, 100, 101] of Quantum ESPRESSO [36, 37,
38], this is done using the Projector Augmented-Wave (PAW) method [102]. In
this procedure the all-electron final state

∣∣ϕKS
f

〉
in the transition matrix

Mif =
〈
ϕKS
f

∣∣ ô ∣∣ϕKS
i

〉
, (2.38)

is expressed in terms of the pseudo wavefunctions
∣∣∣ϕ̃KS

f

〉
as∣∣ϕKS

f

〉
= T̂

∣∣∣ϕ̃KS
f

〉
, (2.39)
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where T̂ is a linear operator that acts within spherical regions centered on each
atomic site R, called augmentation regions ΩR. This operator is expressed in the
form

T̂ = 1̂ +
∑
R,n

(|φR,n⟩ − |φ̃R,n⟩) ⟨p̃R,n| , (2.40)

being |φR,n⟩ and |φ̃R,n⟩ the all-electron and pseudo partial wave functions, re-
spectively: they are identical outside ΩR and both form a complete basis for the
corresponding all-electron and pseudo final states within the region defined by ΩR.
The vectors |p̃R,n⟩, called projector functions labeled by the index n, are equal
to zero outside ΩR and satisfy the condition ⟨p̃R,n|φ̃R′,n′⟩ = δRR′δnn′ . Since the

initial state
∣∣ϕKS

i

〉
is localized in the absorbing atom R0 and the condition T̂ = 1̂

holds outside the augmentation region, the transition matrix can be expressed as

Mif =
〈
ϕ̃KS
f |φ̃KS

R0

〉
, (2.41)

with ∣∣φ̃KS
R0

〉
=
∑
n

|p̃R0,n⟩ ⟨φ̃R0,n| ô
∣∣ϕKS

i

〉
. (2.42)

It is important to note that the transition matrix includes, besides the final pseudo
state, the initial core state, which is not part of the calculation. The core state
should be provided as input to the calculation, usually within the pseudopotential
of the absorbing atom. Another concern in Equation 2.35 is the summation over
all the final empty states adding a significant computational effort. This is solved
by transforming the summation over empty states into a summation over occupied
states. Starting with the equation for µi arranged in a convenient form

µi(ωk) ∝ ω2
k

〈
φ̃KS
R0

∣∣(∑
f

∣∣∣ϕ̃KS
f

〉
δ(Ei − Ef + ℏωk)

〈
ϕ̃KS
f

∣∣∣) ∣∣φ̃KS
R0

〉
, (2.43)

where the object inside the parenthesis is related with the Green function operator
ˆ̃G associated with the pseudo Hamiltonian ˆ̃HKS = T̂ †ĤKST̂ as∑

f

∣∣∣ϕ̃KS
f

〉
δ(Ei − Ef + ℏωk)

〈
ϕ̃KS
f

∣∣∣ = − 1

π
Im
[

ˆ̃G(E)
]
, (2.44)

with
ˆ̃G(E) = (E − ˆ̃HKS + iγ)−1, (2.45)

being E = Ei + ℏωk and γ a small positive number. The Equation 2.46 can be
reformulated as
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µi(ωk) ∝ ω2
k

〈
φ̃KS
R0

∣∣ (E − ˆ̃HKS + iγ)−1
∣∣φ̃KS

R0

〉
, (2.46)

whose matrix elements are obtained using the recursive method of Lanczos [103,

104] by defining a new basis |ui⟩ in which ˆ̃HKS is tridiagonal. Starting with the
definitions

|u0⟩ =

∣∣φ̃KS
R0

〉√〈
φ̃KS
R0

|φ̃KS
R0

〉 , (2.47)

ˆ̃HKS |ui⟩ = ai |ui⟩ + bi+1 |ui+1⟩ + bi |ui⟩ , (2.48)

with ai = ⟨ui| ˆ̃HKS |ui⟩ and bi = ⟨ui| ˆ̃HKS |ui−1⟩ = ⟨ui−1| ˆ̃HKS |ui⟩, leads to the
following expression for the matrix elements

〈
φ̃KS
R0

∣∣ (E − ˆ̃HKS + iγ)−1
∣∣φ̃KS

R0

〉
=

〈
φ̃KS
R0

|φ̃KS
R0

〉
a0 − E − iγ − b21

a1−E−iγ−
b22
...

. (2.49)

A terminator can be applied to truncate the continued fraction, assuming that
the coefficients (ai, bi) are equivalent to (aN , bN) for i > N . This assumption
results in an analytical form of the terminator. Equation 2.49 is valid for norm-
conserving pseudopotentials and its extension to ultrasoft pseudopotentials is done
by taking into account the generalized orthonormality constraints on the pseudo
wave functions and the corresponding transformation of the Schrödinger equation
into a generalised eigenvalue problem [100].

Note that the parameter γ determines the number of iterations for a given
convergence threshold: larger values will reduce the computational effort at the
cost of spectral resolution. Moreover, the only constraint on γ is that it must be
positive, allowing it to be either constant or energy-dependent. Its value is usually
chosen to match with experimental data.

2.3.2.2 Energy level reference for spectrum alignment in XAS

As mentioned before, a sample exposed to X-rays will absorb part of the incoming
photons. At a particular energy E0 a sharp rise, known as absorption edge, will
be observed (see Figure 2.4). The alignment procedure thus reduces to finding
the absolute value of E0 for the system of interest.

For metals we can assume that in most cases E0 = BEF , since the XPS binding
energy pins the Fermi level which coincides with the lowest empty state. However,
this assumption is no longer valid if the transition to the lowest empty state is
forbidden by selection rules. In such cases E0 is slightly larger than BEF , thus
the general relation for metals becomes
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Figure 2.5: Comparison between experiments and simulations of K and L2,3 (Only
for Si in SiO2) edges XAS spectrum for LiF (left), SiO2 (center) and Li2O (right).
The difference between the theoretical and experimental edge energy ∆E0 is in-
dicated in all the cases. The experimental references were taken from Ref. 3 (LiF
and Li2O) and Ref. 4 (SiO2). The simulations where obtained using the XSpectra
code of Quantum ESPRESSO.

E0 = BEF + (εf0 − εF ), (2.50)

were εf0 is the energy of the first empty state allowed by selection rules. Since
E0 is referred to BEF the final state can be represented naturally by the XCH
approximation.

For non-metallic extended systems, in the absence of impurities or defects,
there are no available states at the Fermi level: then E0 is different from the BEF

and the first available state is placed at the CBmin. This means that usually E0

is located at the binding energy measured from εCBmin
. If the selection rules are

taken into account the general form for the absorption energy edge is

E0 = BECBmin + (εf0 − εCBmin
). (2.51)

As in the case of metals, the XCH treatment of the final state will pin the bind-
ing energy in the CBmin of the system in the excited state. The main limitation
of Equation 2.51 is the underestimation of the empty states energies, including
εCBmin

, within the DFT framework. This issue leads to a rigid shift of the theoreti-
cal value E0 and a contraction of the spectrum features, as apparent in Figure 2.5.
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The last scenario involves isolated systems (molecules and clusters), where the
binding energies are referred to εvacuum. As in the case of non-metals, E0 differs
from the binding energy since the first available empty states are located at εLUMO,
measured from the vacuum level, which lays at lower energy than εvacuum. Taking
into account the selection rules the general form for E0 in finite systems is

E0 = BEvacuum − εLUMO + (εf0 − εLUMO), (2.52)

where all the quantities on the right hand side are refereed to εvacuum. As was dis-
cussed in the XPS section, BEvacumm is determined in a FCH calculation including
a correction for long-range electrostatic interactions. However, the effect of a full
core-hole is not effectively screened for some molecular systems. In this context,
the HCH method is used instead for representing the final state in a XAS cal-
culation, providing higher accuracy [105, 106, 107]. The previous considerations
establish a protocol for computing E0 in finite systems

E0 = [BEvacuum]FCH + [εf0 − 2εLUMO]HCH , (2.53)

where the brackets are labeled according to the method used in each part of the
equation. This hybrid approach, where the transition matrix elements computed
with HCH are corrected by the BE of the core state calculated with a full core-
hole was proposed by Triguero et al [108] and systematically used with results
comparable to experiments [109, 110, 62]. Similarly to the non-metals case, for
isolated systems, DFT can also underestimate the value of εLUMO, but the errors
are generally less severe due to the localized nature of the electronic states (see
Figure 2.6).

It is worth pointing out that, regardless of the type of system, E0 is unique for
every edge of the system. If we have non equivalent atoms, then according to the
Equations (2.50) to (2.52) we will obtain a different value of E0 for each of them.
In this case the minimum of all the absorption edges across all non equivalent
atoms will define the value of E0 for the whole system. The final spectrum will
be generated by adding the corresponding contributions for all the non equivalent
atoms, taking into account they relative CLS and multiplicity.

The cases described above with their respective core-hole treatment establish
the guidelines for the XAS spectrum alignment directly from theoretical consider-
ations. Alternative core-hole treatments can be tested on the same system, either
adapting the expressions for computing E0 or using an experimental reference for
alignment.
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Figure 2.6: Comparison between experiments and simulations of K edges XAS
spectrum for acetic acid (left) and methyl formate (right). The difference between
the theoretical and experimental edge energy ∆E0 is indicated in all the cases.
The experimental references for acetic acid [5] and methyl formate [6] were taken
from the Gas phase core excitation database [7]). The simulations where obtained
using the XSpectra code of Quantum ESPRESSO.
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2.4 X-ray Raman scattering

2.4.1 XRS principles

XRS is defined as the non resonant inelastic X-ray scattering (NIXS) from core-
electron excitations. It is described as a two photon process in which an incident
photon with energy ℏωin, momentum ℏkin and polarization ekout,λ is scattered
inelastically by a core-electron reducing its energy to ℏωout, while changing its
momentum and polarization to ℏkout and ekout,λ′ respectively (see Figure 2.1).
During the process, the energy ℏω and the momentum ℏq are transferred to the
system resulting in a transition from its initial state, |I⟩ with energy EI , to a
final state |F ⟩, with energy EF , satisfying the following energy and momentum
conservation relations

ℏω = ℏ(ωin − ωout), (2.54)

ℏq = ℏ(kin − kout). (2.55)

Moreover, q can be expressed in terms of the scattering angle 2Θ as

|q| =
1

c

(
ω2
in + ω2

out − 2ωinωout cos 2Θ
) 1

2 , (2.56)

which can be approximated further if we take into account that in the experiment
the incident X-rays are selected such that ωin ≫ ω; then ωin ≈ ωout leading to

|q| ≈ 2
ℏωin

ℏc
sin Θ. (2.57)

This expression gives the absolute value of the momentum transfer in an XRS ex-
periment for a given incident X-ray photon energy ℏωin and scattering angle 2Θ.
It arises as a consequence of the high energy constraint imposed on the incident
photons, highlighting the bulk sensitivity of the technique.
The corresponding intensity for the scattered photons is proportional to the tran-
sition probabilities defined in Equation 2.8, with the transition operator ÔXRS

wif =
πe2

ℏmec2

∣∣∣⟨F | Â2(r) |I⟩
∣∣∣2 δ(EI − EF ). (2.58)

Taking into account the definitions of Â(r), EI , EF and the explicit forms of
|I⟩ and |F ⟩ for the two-photon process

|I⟩ =
∣∣ϕKS

i , nkin,λ, nkout,λ′
〉
, (2.59)

|F ⟩ =
∣∣ϕKS

f , nkin,λ − 1, nkout,λ′ + 1
〉
, (2.60)

Equation 2.58 transforms into
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wif = Cλλ′

kin,kout
(ekin,λ · ekout,λ′)

∣∣〈ϕKS
f

∣∣ eiq·r ∣∣ϕKS
i

〉∣∣2 δ(Ei − Ef + ℏω). (2.61)

with

Cλλ′

kin,kout
=

πe2

ℏmec2
A0kin

A0kout

√
nkin,λ(nkin,λ + 1). (2.62)

The transition matrix operator eiq·r can be expanded in series as

eiq·r = 1 + iq · r− (q · r)2

2
+ ..., (2.63)

and for small momentum transfer it is dominated by the second term in the ex-
pansion. In this regime, the transition matrix elements are equivalent to those
of XAS in the dipole approximation, with the polarization vector e replaced by
the momentum transfer q. This equivalence between XRS in the low momentum
transfer regime, and XAS in the dipole approximation, justifies the use of XAS
simulations for describing XRS experiments at small |q|. In practice, the transi-
tion matrix operator is expanded in spherical harmonics in order to express the
transitions in terms of contributions with a well established symmetry [3]

eiq·r = 4π
∞∑
l=0

l∑
m=−l

iljl(qr)Ylm(q̂)Ylm(r̂), (2.64)

where jl and Ylm are the spherical Bessel functions and spherical harmonics re-
spectively. The arguments of Ylm are unitary vectors for position r̂ and momentum
transfer q̂, while the index l = 0, 1, 2, .. labels the monopole, dipole, quadrupole,..
terms of the expansion. We should notice than only the monopole contribution is
independent of the direction of r and q: as a consequence, the angular dependence
of XRS can be explained exclusively by non-monopole terms in the expansion. In
general, the different contributions dominate the spectrum at specific values of q
[111], allowing the use of the transferred momentum as a transition-selector pa-
rameter. This characteristic can be leveraged to simplify the spectrum analysis,
since for an arbitrary q in addition to the l-isotropic terms we have mixed multi-
pole contributions modifying the peak structure. However, in powder samples, the
random orientation of the grains causes the mixed multipole terms to average out,
rendering their contribution to the XRS spectrum negligible compared to that of
the pure transitions [3]. In Equation 2.64 only the terms with l+ li + lf even and
|lf − li| ≤ l ≤ lf + li give non vanishing contributions to the transition matrix,
where li and lf are the orbital angular momentum of the initial and final states
respectively. This determines the selection rules in XRS for monopole ∆l = 0 ,
dipole ∆l = ±1 and quadrupole ∆l = {0 (li = lf > 0), ±2} transitions.
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2.4.2 XRS simulations

Since XRS is equivalent to XAS in the low momentum transfer regime, the meth-
ods for computing XAS discussed earlier are also valid for XRS. In order to include
dipole-forbiden transitions, the existing codes for computing XAS have been ex-
tended appropriately. In the independent particle picture, we find real space meth-
ods using either multiple-scattering theory within the muffin-tin approximation
[112, 113] or full-potential DFT [114, 115, 116], and reciprocal space approaches
suitable for periodic systems [3]. Beyond the single electron approximation, im-
plementations using BSE [117, 118, 119, 94] are also available. However, the
aforementioned methods are usually effective for the initial edges (K, L in less
extent) and other approaches like atomic [120, 121] or ligand-field [122, 123] mul-
tiplet theories are needed in order to describe properly shallow edges.

In this work we will use the reciprocal-space pseudopotential scheme described
in subsection 2.3.2 using the corresponding XRS transition operator as imple-
mented in a modified version of the XSpectra code [3]. Moreover, the energy
level reference procedure developed earlier for XAS is also valid for the spectrum
alignment in XRS.
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Chapter 3

Probing electronic properties of
hydrogenated free-standing
graphene via XPS

Graphene, unlike other two-dimensional (2D) materials, exhibits remarkable chem-
ical versatility. Its multiple capabilities are extensively harnessed to develop
customized properties and functionalities that can differ significantly from the
pristine material [124]. Among its chemical derivatives, hydrogenated graphene
(H-Gr) is notable for being the simplest and one of the most thoroughly studied
[125, 126]. Depending on the hydrogenation conditions and configurations, H-Gr
has shown potential in a wide array of applications, including hydrogen storage
[127, 128, 129, 130], catalysis [131, 132], opto-electronics [133, 134, 135, 136, 137],
and biosensing [138, 139, 140]. Additionally, specific hydrogenation conditions
have led to predictions of fascinating optical phenomena, such as excitonic insu-
lating phases [141, 142] and optically controlled exciton traps [143].

A crucial aspect for many of these applications is the creation of a semiconduct-
ing gap, which results from the conversion of sp2 to sp3 hybridization in Carbon
atoms upon Hydrogen adsorption. This gap is highly tunable based on the degree
of hydrogenation, potentially leading to insulating behavior in fully hydrogenated
graphene, the so-called graphane [144, 141], where significant excitonic effects are
also anticipated [141, 145]. Small-gap tunability has been demonstrated at low
hydrogen coverage due to partial disruption of the π-band at the K-point of the
Brillouin zone [146, 147], while recent studies have reported evidence of large gaps
in highly hydrogenated samples [148, 136, 149]. However, the experimental mea-
surement of the expected gap intrinsic to high-coverage and fully free-standing
H-Gr has remained elusive so far.

Indeed, obtaining the ideal graphane structure [150, 151] with a Hydrogen
atom attached to each carbon atom in the 2D hexagonal lattice, has proven to
be an exceptionally challenging task. Many experimental observations are domi-
nated by partial, inhomogeneous hydrogenation [152, 153, 154], with defects and
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open edges serving as key active sites for H-C interactions [155, 156, 157, 135].
Additionally, hydrogenation is often performed on supported graphene samples
[158, 159, 160], hindering the realization of two-sided hydrogenation and resulting
in properties that differ significantly from those of a free-standing, fully hydro-
genated graphene layer. In addition, most of these works did not attempt to
connect the optical or transport measurements to specific structural motifs.

Hydrogenated graphene is thus a relevant prototype system for the application
of our computational spectroscopies schemes in synergy with experiments. In the
following, I present a computational characterization of the sp2/ sp3 hybridization
of different configurations of hydrogenated graphene by means of XPS simulations.
The aim is to validate the experimental observations of structural changes during
the conversion from pristine, free-standing graphene to its hydrogenated phase,
as revealed by XPS measurements on nanoporous graphene (NPG) samples. The
experiments were performed by the group led by Prof. Maria Grazia Betti and
Prof. Carlo Mariani at the Sapienza University in Rome.

The samples consist of a compact, bicontinuous interconnected three-dimensional
(3D) graphene arrangement with one to few weakly interacting layers [161, 162]. A
nano-porous Ni template was employed to synthesize the material through chem-
ical vapor deposition (CVD). The resulting NPG adopts the three-dimensional
morphology of the substrate and is later exfoliated by chemically dissolving the Ni
template. This approach enabled the production of a high-quality, nearly defect-
free, and free-standing graphane prototype. The hydrogenation (deuteration) was
conducted under ultra-high-vacuum (UHV) conditions, where the sample was ex-
posed to atomic hydrogen generated by cracking H2 in a capillary source heated
to 2100 °C. Further details on the sample preparation can be found in Ref. 163.

3.1 Methods

The theoretical predictions of the changes in the XPS spectrum of NPG upon
Hydrogen adsorption were obtained by computing the C 1s CLS for prototypical
systems, representing different percentages of H adsorbed on graphene. Figure 3.1
shows the DFT-PBE optimized ground-state geometries of the H-Gr structures
used in the calculations spanning from one-side (f-g) to two-side (a-d,h) hydro-
genation, for single (a,f-h) and double (b-d) layer H-Gr systems. In addition to the
pristine graphene (e), graphane (a) and one side saturated graphene (f), known as
graphone [164], were included. In the case of graphone we selected the most stable
boat-like or rectangular, R, configuration. Furthermore, two-side hydrogenation
of graphene bilayers (b-d) were included to replicate the diverse local structures
found in a turbostratic configuration, as identified through atomic-scale analysis
of the NPG microscopic structure [161]. It is worth pointing out that in the exper-
iments the NPG samples were deuterated, while the theoretical models represents
hydrogenation. This difference is not relevant for XPS, since the photoelectron
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Figure 3.1: Prototypical hydrogenated graphene structures. C (H) is represented
by brown (white) spheres. For the bi-layer structures (b-c), the C atoms in the
bottom layer are represented in light blue.

emission timescale is much shorter than the corresponding nuclear motion.

Within the DFT-PBE theory, all the systems, except graphene, present a con-
siderably underestimated energy gap [149]. This shortcoming hinders the direct
comparison of their computed BEs, as the errors will be, at least, of the same order
as the typical CLS between carbon atoms in sp2 and sp3 environments. To address
this issue, a common reference should be included across all systems, allowing to
cancel out the energy alignment errors. With this set up the CLS between a C
environment in the system of interest and one in the reference becomes a quantity
comparable across different systems. In our particular case, the CO2 molecule was
set as the reference system since COx bonds where detected on the experiment.
We notice that this procedure is always valid except for the case of 3D systems.

The CLSs between the C 1s in CO2 and in the prototypical systems were com-
puted using the Quantum ESPRESSO package [36, 37, 38]. The so-called core-hole
Delta Kohn-Sham (∆KS) approach, described in subsubsection 2.2.2.2, was uti-
lized to determine the core electron BE. A supercell approach was adopted to avoid
spurious interactions of the C 1s core-hole with its replicas, with supercell sizes set
to ensure an in-plane minimum distance of about 14Å, enough to converge the BE
values within 100 meV, as shown in Figure 3.2 (bottom-right). In addition, the
supercell size in the out of plane direction was set to 24Å, in order to accommo-
date the reference molecule at a distance from the H-Gr system sufficient to avoid
interactions, as presented in Figure 3.2 (left). The periodic supercell in the final
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Figure 3.2: Average in-plane electrostatic potential (left) showing the effective
vacuum level created by the dipole correction, removing the interaction between
the H-Gr+CO2 system and its periodic image. Convergence results (top right)
for the CLS with respect to the kinetic energy (density) cutoff and the k-mesh
density. Convergence of the BEs with respect to the minimum distance to the
periodic image (bottom right).

state was neutralized according to the XCH treatment. Considering Rappe-Rabe-
Kaxiras-Joannopoulos Ultrasoft (RRKJUS) pseudopotentials, the kinetic energy
cutoff for the wave functions (charge density) was set to 60 (480) Ry, according to
our convergence tests in Figure 3.2 (top-right). The Brillouin zone for the super-
cell was sampled by using k-points grid spacing of 0.018 Å−1. Where present, the
artificial electric field across the slab was canceled including a dipole correction
[165]. The core level shift of pristine graphene is then aligned with the experi-
mental BE value for pristine NPG in order to have the absolute binding energies
for all the simulated systems.

3.2 Results and discussion

The results obtained from the simulations are summarized in Table 3.1. We
reported the BE for all the non equivalent C atoms present in the considered
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systems calculated with (∗) and without dipole correction. In addition, the average
C-C bond length, ⟨rCi

⟩C , for the non-equivalent atom i is also presented, ranging
from 1.425 to 1.453 Å for sp2 hybridization and from 1.510 to 1.554 Å for sp3

hybridization. Our simulations carried on the H-Gr structures corroborate that
the C 1s BE for environments in sp2 are concentrated from 284.53 to 284.74 eV,
while for the sp3 environments they are localized from 285.42 to 286.23 eV. It
is worth noting that the dipole correction to the CLS becomes more significant
when the C environments are located in H-Gr systems with opposite symmetry
relative to the x-y plane, i.e. one-side vs two-side hydrogenation. In such cases,
this correction can reach a non negligible contribution to the CLS of ∼0.4 eV for
the C environments with sp3 hybridization.

System BEC1 (eV) BE∗
C1

(eV) ⟨rC1⟩C (Å) BEC2 (eV) BE∗
C2

(eV) ⟨rC2⟩C (Å)

Graphene 284.60 284.60 1.425 - - -
1H-Gr 284.46 284.54 1.450 285.83 285.94 1.522
2H-Gr 285.63 285.42 1.535 - - -

2H-bGr 285.67 285.42 1.541 285.84 285.56 1.554
1H-Gr 25% 284.61 284.74 1.435 286.10 286.23 1.510
2H-Gr 50% 284.61 284.53 1.453 286.06 285.96 1.522

2H-bGr (TAA) 285.84 285.52 1.536 286.01 285.67 1.548
2H-bGr (TAB) 285.83 285.53 1.539 286.00 285.68 1.543

CO2 286.80 286.82 - - - -

Table 3.1: Computed BEs for all the non equivalent C atoms present in the
considered systems calculated with (∗) and without dipole correction. In addition,
we reported the average C-C bond length, ⟨rCi

⟩C , for the non-equivalent atoms
i = 1, 2.

The quantification of the atomic deuterium (D) uptake was carried out by our
experimental collaborators using surface-sensitive C 1s core-level photoemission
spectroscopy. Figure 3.3 shows the C 1s core level spectra acquired at the clean
(left) and deuterated (right) NPG samples, as compared to the DFT predictions
for different H-Gr configurations (vertical lines). For clean pristine NPG, the
C 1s core level spectrum presents a dominant peak at 284.6 eV binding energy
(BE), which is associated to the semimetallic graphene signal with a planar sp2

hybridization, in agreement with previous results [161, 162]. The presence of a
tiny sp3 component at 285.2 eV is associated to the distortion of the planar Gr
structure due to the tubular wrinkled portion of NPG [161, 162].

In the deuterated sample, atomic deuterium uptake is revealed by the presence
of an increased sp3 component with respect to the pristine planar C-C sp2 config-
uration, as can be deduced by the C 1s core level fitting 1, where the distortion

1Details on the fitting procedure are described in Ref. 166
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Figure 3.3: C 1s core level XPS spectra of UHV-clean NPG (left) and D-NPG
(right). Experimental data (dots), sp2 (blue peaks) and sp3 (green peaks) fitting
components, C-Ox component (yellow peak), π plasmon (violet peak), total fit
(red line), and Shirley background (white) are displayed; in the inset to the right
panel, simulated core-level binding energies for the H–C configurations depicted
in the inset are indicated by vertical bars, as referenced to pristine Gr (blue bar).

of the sp2 configuration towards an sp3 hybridization is due to the chemisorp-
tion of D adatoms on top of the C sites [151, 149]. At the same time, it was
possible to observe an intensity reduction of the intrinsic plasmon associated to
the π collective excitations at about 291.1 eV after deuteration, attributed to the
frustrated collective π plasmon modes associated with the conversion from the
pristine semimetallic to a semiconducting phase [167]. The deuteration process is
very clean, as only a very tiny component due to residual COx bonds (< 2%) is
appreciated at about 286.5 eV BE. Moreover, the measured C 1s spectra do not
unveil any contributions at lower BE with respect to the sp2 peak due to unsat-
urated C dangling bonds at vacancy sites[168] both before and after deuteration,
indicating that the D chemisorption process is not inducing any damage in the
NPG crystal lattice.

The increased intensity of the sp3 component with respect to the graphene
sp2 planar configuration allowed the evaluation of the fraction of D atoms bound
to C atoms in the NPG mesh. By considering the relative intensity ratio Θ =
I(sp3)/[I(sp2) + I(sp3)] the Θ value increases from less than 4 at.% (on the pristine
NPG) to about 36 at. % for D-NPG. The persistence of a sp2 component in the
D-NPG sample is due to the presence of only a fraction of deuterium atoms in
four-fold coordination with the C atoms in the graphene mesh, consistent with
the permanence of the Raman G and 2D bands, which should be quenched upon
deuterium adsorption due to in-plane sp2 translation symmetry breaking.

The corresponding BEs, obtained by taking the experimental pristine Gr com-
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ponent as a reference (284.6 eV, blue bar) across all computed CLSs, are depicted
as vertical bars above the C 1s data of the deuterated sample (Figure 3.3 right) for
50 (graphone) and 100 (graphane)% H–C configurations (see inset; configurations
are labelled according to the bar color code). The bar height indicates the relative
weight of each component for a given H–C configuration. We find that the 50%
single-side H–C configuration presents two inequivalent C atoms giving rise to
two CL shifted components (pink bars), at -0.1 eV (i.e. 284.5 eV BE) and 1.3 eV
(i.e. 285.9 eV BE), associated to sp2 three-fold and sp3 four-fold C coordination,
respectively. The 100% 2-side H–C configuration (green bar) presents a single sp3

component at 285.4 eV (0.8 eV CLS), in much better agreement with the C 1s
experimental value for the sp3 component (285.2 eV), as deduced by the fitting
procedure.

3.3 Conclusions

The simulations provided in this study contributes to our understanding of the
electronic and structural properties of hydrogenated free-standing graphene, as
probed by XPS. Through the analysis of the BEs of different C environments
present in a set of H-Gr prototypical structures, we confirmed the relation be-
tween the sp2/sp3 hybridization and the resulting core level shifts. These theoret-
ical findings are crucial for interpreting the experimental XPS data, particularly
in validating the structural transformations observed during the hydrogenation
process which translates in changes in the corresponding electronic properties
such as the gap opening. The inclusion of a common reference environment and
the proper treatment of the long range electrostatic interaction, through a dipole
correction, establishes a robust framework for comparing different hydrogenation
states, thereby offering a more precise characterization of the NPG samples.
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Chapter 4

XRS study of Si nanoparticle
anodes

Lithium-ion batteries (LIB) degrade over time due to various physical and chemi-
cal phenomena, leading to irreversible capacity loss. Mitigating this aging process
is crucial to extend the lifespan of electrochemical cells, meeting societal demands
for a more sustainable energy production and storage chain. These requirements
add on top of the quest for high-energy-density and cost-effective batteries, which
is key for the success of electric vehicles and large grid storage.

Achieving these ambitious goals in terms of performance and sustainability
requires significant advancements in materials chemistry, component manufactur-
ing, and cell fabrication, especially for state-of-the-art technologies like silicon-
graphite/NMC (or LFP) cells [169, 170], which currently dominate the market.
In these cells, silicon is integrated in graphite-based composites to improve perfor-
mances, given its ten times higher theoretical gravimetric capacity [171, 172, 173].
However, the amount of Si has generally to be limited to few weight percent (wt%)
to avoid quick performance decay due to loss of active material, loss of cyclable
lithium and other degradation mechanisms [174]. Indeed, silicon suffers from se-
vere capacity fading issues connected to the drastic volume expansion experienced
when alloying with Li [175, 176, 177], and the formation of a dynamic solid elec-
trolyte interphase (SEI) [176, 177].

The SEI is a complex porous layer formed at the anode (or cathode, the
so-called CEI) from the decomposition of carbonate-based liquid electrolytes and
inorganic salts like LiPF6 [178, 179]. It can play a beneficial role, acting as a passi-
vation layer that can prevent further decomposition and structural aging of active
materials [180, 181, 182, 183], but it can also obstruct diffusion pathways, reduce
lithium-ion availability, and cause detrimental polarization [176]. In Silicon-based
materials, the SEI building is responsible for a large irreversibility at first cycle.
Moreover, as this SEI continuously evolves during further swelling/shrinking of
the silicon material [176, 177], it contributes to additional particle cracking, pul-
verization and disconnections [184, 185, 186] that reduce the amounts of both
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active material and lithium available for cycling, with an increased amount of
lithium ions being trapped in the SEI and in the particles [187].

Mitigating these effects can be achieved by using amorphous, nanoporous
and/or nanostructured Si [188, 189, 190, 191, 192], together with the usage of
polymeric binders [193, 194] and the design of a stable SEI, which is usually
obtained by the use of additives as fluoroethylene carbonate (FEC) and vinylene
carbonate (VC). [195, 196, 197, 176, 198, 199] Other directions to prevent lithium
loss is to use prelithiation [200] or to blend silicon with another group IV material
[201].

Nevertheless, effective control-by-design strategies are limited by the difficulty
to understand the origin of lithium loss in silicon compounds. This is partly due to
the difficulty to probe the SEI characteristics as a function of electrode/electrolyte
composition and cycling parameters, as well as to localize and quantify lithium
trapped in the cycled structures at particle, electrode and cell scales [202].

Regarding the SEI, its interfacial nature, complex composition, variable thick-
ness and evolution over cycling, represent a true challenge for experimental char-
acterization. Techniques such as nuclear magnetic resonance (NMR) [176, 203,
204], X-ray photoelectron spectroscopy (XPS) [205, 206, 207, 208, 209], Raman
spectroscopy [210], Fourier transform infrared spectroscopy (FTIR) [211], and
scanning transmission electron microscopy with energy-loss spectroscopy (STEM-
EELS) [212] have provided insights into the SEI composition, primarily through
post-mortem analysis. It is now widely recognized that the SEI is mainly com-
posed of Li2CO3, LiF, oligomer species and semicarbonates [213], in addition to
other (in)organic compounds specific to the electrode and electrolyte composition,
as well as to the usage of additives [205, 199, 176, 198]. Despite the significant
amount of studies devoted to the SEI, fundamental questions remain regarding
the organic vs inorganic compounds distribution, as well as their relative role and
dynamic evolution during cycling. For instance, some authors found that LiF is
quite stable over time, forming thin film patches that cover the surface of silicon
particles [187], while others report that LiF is dissolved partially during cycling
[214]. Nevertheless, many of these studies are limited to surface analysis (typically,
probing few nanometres) and can be affected by surface contamination or intru-
sive sample preparation, when performed ex situ. Alternatively, operando char-
acterizations are attractive because they enable the comparison between different
states-of-charge of the same sample without dismounting the cells and manipu-
lating the electrodes, using for instance standard spectroscopies as XAS or NMR,
or reflectivity techniques [215], but they are not often conclusive or representative
due to specific set-ups, beam damage issues, or lack of quantification[216, 217].

Beyond SEI studies, accessing lithium inventory in a cycling battery is also
difficult. Combined synchrotron experiments coupling X-ray diffraction and X-ray
imaging [218], or X-ray diffraction and X-ray fluorescence [219], have attempted
to identify and quantify the presence and distribution of LixSi phases (x being
the lithiation index) from analysing spectral signatures, combining it with total
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lithium content analysis to deconvolute the various degradation processes leading
to lithium loss. Nevertheless, these studies remain scarce and specific, calling for
the need of dedicated bulk-level chemical-sensitive investigation in model systems
to establish the nature and proportions of ions lost in silicon, particularly during
the first cycle where the SEI forms.

Here we fill this gap by applying synchrotron X-ray Raman Scattering (XRS)
measurements and multi-edge analysis via a combined experimental-numerical
approach. Indeed, XRS offers a promising alternative to evaluate both the mech-
anism of lithium loss in silicon anodes and the SEI characteristics, at it provides
information on the bulk electronic structures and chemical environments of ma-
terials [220, 58]. Unlike absorption techniques, XRS is a non-resonant technique
that uses highly penetrating hard X-rays, which are inelastically scattered by the
material allowing access to soft X-ray edges in the bulk. This enables detailed
analysis of light elements like Li, C, O, and F, which are crucial components of the
SEI, as well as access to Si edges (both K and L2,3), hence providing information
on silicon alloys and oxides which are formed and evolve within the electrode upon
cycling.

To date, XRS has been used in battery research to study chemical environ-
ments in cathode materials and graphite [221, 222, 223, 224, 58, 225, 226, 227]. For
instance, in combination with XAS measurements, XRS has successfully revealed
changes in the oxidation state and lithiation level at the electrode surface and
within the bulk for LiMn2O4 [228] and LiFePO4 [229], respectively. Nevertheless,
while XRS shows great potential, this technique is still in its infancy for applica-
tions to battery materials, due to several factors: i) quantitative analysis remains
challenging due to limited reference spectra as compared to more established XAS
or XPS [58] ; ii) the analysis of multi-component spectra requires DFT-aided com-
putations to disentangle contributions in complex environments, and iii) the long
measurement times required to optimize the signal-to-noise ratio make operando
studies limited to restricted configurations and conditions at present [220], with
real operando cells behavior remaining beyond reach for the moment. Therefore,
detailed analysis of redox or degradation reactions in controlled and representative
conditions by XRS require substantial improvements at the level of experimental
capabilities, database construction, and modelling.

In this work, we tackle challenges i) and ii) by developing a multi-edge com-
bined experimental-computational approach to analyse ex situ X-ray Raman Scat-
tering of silicon-based anodes. Series of high-resolution synchrotron XRS data
were collected by our experimental collaborators at the Li, C, O, F and Si edges
in a benchmark silicon-nanoparticles pristine anode, as well as in its lithiated
and delithiated states during the first cycle. XRS spectra of several key reference
compounds are acquired and simulated to serve as benchmarks for data analy-
sis. We develop the methodology, schematized in Figure 4.1, to investigate the
multi-component SEI layer composition and quantify lithium loss by using com-
puted model spectra to support the linear deconvolution of the XRS data. With
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Electrode + Li+ + Solvent

LixSi

Figure 4.1: Schematic representation of the proposed methodology. The Si-Nps
pristine electrode undergoes through chemical and structural changes after one
cycle of charge. Such changes are probed with XRS at two different SoC. Using a
multi-edge analysis combining experimental and theoretical references, the corre-
sponding spectra is interpreted in order to reveal the compounds present in either
the electrode and the SEI.

this approach, we identify the main SEI species, isolate their relative contribu-
tions, and quantitatively evaluate organic and inorganic products, such as Li2CO3

and LiF. Additionally, we analyse the Si environment and detect the presence of
residual LixSi phases after delithiation, due to some trapped lithium, as confirmed
by Li edge data. We evaluate the lithium lost in silicon particles and in the SEI.
These results pave the way to systematic, reference data-informed, and modelling-
assisted studies of SEI and CEI characteristics in the bulk of electrodes prepared
under controlled state-of-charge and state-of-health conditions, as well as a better
understanding of the interplay between SEI building and incomplete delithiation
mechanisms during the first irreversible charge-discharge process. I contributed to
this work by conducting the ab initio simulations of XAS/XRS spectra, perform-
ing the linear combination procedure, carrying out the quantification processes
combining electrochemical cycling data and XRS measurements, and analyzing
and interpreting the spectra.

4.1 Results and discussion

Our experimental collaborators used a prototypical anode, i.e., a silicon electrode
composed of crystalline nanoparticles synthesized by laser pyrolysis [230] mixed
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with a binder (sodium carboxymethyl cellulose, Na-CMC) and a conductive agent
(carbon black, hereafter labelled Super P or SP). Details on the materials are
provided in the Methods. The electrodes were cycled in half-cell using a stan-
dard carbonate-based electrolyte with LiPF6 salt and vinyl carbonate (VC) ad-
ditive. Samples were prepared in two states of charge (SoC) during the first
charge-discharge cycle performed at C/20: fully lithiated (SoC = 100) and fully
delithiated (SoC = 0) (see colored symbols in the galvanostatic data reported in
Figure 4.2). Without any prior rinsing, the samples were measured by XRS at the
ESRF synchrotron using a custom air-tight cell, together with the pristine elec-
trode and pristine powder materials. A full energy scan was performed for each
sample from 0 to 800 eV, followed by high resolution scans taken at all relevant
edges, i.e., Li, C, O, F K-edge and Si L2,3-edge. Details on set-up, cell, measure-
ment protocols, XRS data reduction and corrections, are given in the Method
section. The results were analysed by comparing the experimental spectra of each
edge at two SoC to reference spectra acquired on purpose in the same conditions
and on the same set-up, considering selected compounds of interest. The data
are all represented on Figure 6.10, where top panels show fully lithiated (red) and
delithiated (blue) electrodes data, and model compounds are plotted in the bot-
tom panels. It is clear that the shapes and intensities of the spectra are affected by
the SoC, some edges being more altered than others. Moreover, specific features
can be visually recognized by comparing the silicon electrode data to the model
materials, e.g., for instance specific low-energy C-fingerprint of Li2CO3, highlight-
ing the interest of the database-informed strategy. In addition to this, modelled
XRS spectra (see Method section) are also used to support the attribution of the
observed changes to specific species and products, as will be discussed in details
in the various sections.

In the following, we first show the capacity loss of the first charge-discharge
cycle measured by means of standard galvanostatic measurements (section 4.1.1).
Next, we describe the C, O and F edges, which contain information on the main
organic and inorganic SEI products (section 4.1.2), as well as the Si edge data, in
order to compare the presence of silicon-based alloys in the two SoC (section 4.1.4).
Finally, we report on the Li edge and discuss the complex chemical environments
present in the electrodes and the implications of the observed energy shifts and
profiles variations in terms of lithium inventory (section 4.1.5). This multi-edge
analysis enables us to integrate all numerical and experimental observations into a
model of the lithium loss analysis, quantifying the different populations of lithium
chemical environment.

4.1.1 Galvanostatic cycling measurement

Figure 4.2 shows the first electrochemical cycle during lithiation up to 0.01 V
versus Li metal in a coin cell. The electrochemical curve features a plateau at 0.08
V, similar to that previously reported for c-Si NPs [231, 232, 233]. The discharge
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Figure 4.2: Potential vs. Li/Li+ against capacity during the first electrochemical
cycle in a coin cell at C/20 for crystalline Si-NPs based anodes. The electrode
SOC analyzed post-mortem by XRS are indicated by red/blue dots for the fully
lithiated/delithiated state, respectively.

capacity obtained is 3328 mAhg−1. During delithiation, the obtained capacity
reaches 2781 mAhg−1 with a Coulombic efficiency of 84% and an irreversible
capacity loss of 16%, in agreement with previous results on c-Si NPs [234, 207].

The capacity loss measured during the first cycle is different from any other,
and usually related to the initial SEI formation observed for Si-based electrodes [207,
235, 187]. Indeed, during the first lithiation, two regions can be identified on the
galvanostatic curve (marked in green and orange, respectively). For potentials
above ∼ 150 mV (green), the irreversible reduction of solvents and salts in the
electrolyte is known to take place, resulting in the formation of an initial, highly
porous SEI, primarily composed of fluorinated compounds [236, 237, 214]. Below
this lithiation potential (orange), Si lithiation starts to occur [232, 238, 12] while
the SEI evolution continues, with a major contribution from Li2CO3 [236, 237].
Following delithiation, part of the SEI decomposes and some amount of Li remains
trapped inside the Si-NPs [239, 240, 241].

4.1.2 C, O and F K-edge: tracking the early SEI formation

As said, the post-mortem XRS measurements after one cycle were made for two
different SoC identified by the red (lithiated) and blue (delithiated) dot in Fig-
ure 4.2. Figure 4.3 (white region) shows the C, O and F K-edge spectra normalized
to unit area of electrode samples at the end of the first charge (lithiation, top)
and the first discharge (delithiation, bottom) cycles.
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Figure 4.3: Experimental non-resonant inelastic X-ray scattering spectra of c-Si
NPs electrodes in the low momentum transfer regime compared with the linear
combination of selected references for the C K-edge (left), O K-edge (center) and
F K-edge (right) in the lithiated (top) and delithiated (bottom) states.

We here focus on a semi-quantitative analysis of the XRS spectra in Fig-
ure 4.3 by modelling each SoC spectrum, at each given edge, with the best fit
(dark red/blue curve for the lithiated/delithiated state) obtained from the linear
combination (LC) of relevant experimental reference spectra (other colored solid
curves) acquired in the same conditions (description of the fitting can be found in
subsection 4.2.4). The weighted experimental references (see indicated %), with
their principal features and the residual curve after fitting (grey area), are dis-
played to provide a comprehensive description. The reference compounds were
selected according to the main decomposition products of the electrolyte in LIB
(i.e., Li2CO3, LiPF6 and LiF) and the initial constituents of the pristine electrode
(Na-CMC + Super P and Si-NPs).

Overall, the spectra of the Si NPs electrodes at different SOC are fairly well
described by the LC model. In particular, only minor differences, accounted by
the residual curve, are detected for the C and O (delithiated) K-edges. The energy
regions where the fitted LC model deviates appreciably from the measurements (†)
reflect the incompleteness of the basis expansion. Deviations are more prominently
observed in the O (lithiated) and F K-edges, and will be addressed in the following
by resorting to density-functional theory (DFT) based computational modelling.

F K-edge. We start by analyzing the F edge (Figure 4.3, right panels), remind-
ing that the pristine electrode is F-free. We notice that, for both SoC, the best
fit to the XRS spectrum requires the presence of both references, i.e., LiPF6 and
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Figure 4.4: XRS F K-edge spectrum of c-Si NPs electrodes in the low momentum
transfer regime. The experimental curve in the lithiated state (red line) is com-
pared to selected theoretical references (dashed lines). The residual curve from
figure 4.3 is also reported in grey.

LiF, confirming the formation of LiF already during the first cycle [176]. Whereas
the relative composition obtained by the fitting remains nearly unchanged (see
%) for the two SoC, we notice an upward shift in energy of 1.5 eV for the edge
maximum located at 692.4 eV when the cell is delithiated. Moreover, we find for
both SoC a lower energy onset at about 689 eV (†) as compared to the selected
references, suggesting the presence of additional F-bearing compounds.

A previous work detected POxFy and SiOxFy on similar systems using ex-situ

multi-nuclear solid-state NMR 19F spectra and Cross Polarization (CP) experi-
ments [176]. These species are likely to form after the reaction of LiPF6 with
H2O, and later reaction with the Si NPs surface [242, 208]. In order to explore
the contribution of such species to the overall spectrum, theoretical F K-edge XAS
spectra were computed for similar prototypical systems, i.e., POF3 and F3OSi, as
reported in Figure 4.4 (dashed lines) together with the experimental lithiated
curve (red solid line) and the relative residue curve (grey area).

These results suggest that the low energy feature in the electrode spectrum
could indeed arise from transitions between 1s states and σ∗ orbitals in F−P and
F−Si environments, similar to those found in POxFy and SiOxFy species, as they
match fairly well with the residue curve (grey area) in this energy region. Indeed,
these contributions, though minor, could solve both the model underestimation
of the intensity at low energies and the overestimation between 692 and 704 eV,
which both result from the absence of reference contribution in the onset energy
region.

O K-edge. Moving to the O K-edge (Figure 4.3, central panels), we observe
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Figure 4.5: XRS O K-edge spectrum of c-Si NPs electrodes in the low momentum
transfer regime. The experimental curves in the delithiated (top, blue line) and
lithiated (bottom, red line) states are compared with organic (top) and inorganic
(bottom) theoretical references (dashed lines). The residual curve from figure 4.3
is also reported in grey.
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that the XRS spectrum departs considerably from the one of the pristine elec-
trode (green curve) already after the first charge cycle, with a shape very much
resembling that of the Li2CO3 reference (orange curve). This is confirmed by
the best fit model, which identifies Li2CO3 as the main O-bearing compound in
the SEI for the lithiated state (77%). Upon delithiation, we notice an intensity
decrease for the peak located at 533.9 eV, which suggests a partial decomposition
of the Li2CO3 present in the SEI. This is accompanied by an increase of the con-
tribution due to the pristine electrode reference in the linear combination model
(from 18 to 43%). Considering that the binder and the natural oxidation layer
of Si NPs (SiO2) are the main oxygenated species in the pristine electrode, both
having similar O K-edge shape (see Figure 4.7 (right)), and that the binder can
be considered as fixed in the first cycles, we could possibly associate the higher
pristine electrode weight with a higher oxidation level of the Si NPs.

The main features not captured by the model (†) are the peak at about 531 eV
(both SoC, but more prominent in the delithiated state) and the underestimation
(overestimation) around 534-536 eV (above 538 eV) characterizing the lithiated
state. The XRS data are compared to the computed theoretical references in
Figure 4.5, split in organic (top) and inorganic (bottom) contributions. For the
organic part, we considered the simplest ketone, ester and carboxyl-based com-
pounds, to try to associate the spectral contributions to specific local chemical
environments. It is clear from the inset of the top panel that the contribution of
the organic species to the spectrum should be minor and localized in the 530-533
eV region, with the ketone group accounting for the feature at about 531 eV.

The inorganic compounds used as references are POF3 and F3OSi, as resulting
from the F K-edge analysis, and Li4SiO4, as a prototype of Li-silicates expected to
form upon lithiation of the SiO2 natural layer of Si NPs [208]. Their contribution
to the overall spectrum is distributed in a wider energy range than that of the
organic ones, mostly overlapping with the underestimation/overestimation of the
model in the lithiated state described above. In particular, the depth change for
the dip at 535 eV could be associated to the formation of lithium silicates and
POxFy species. Overall, the contribution of other inorganic compounds remains
relatively small when compared to Li2CO3, which confirms the picture drawn from
the F K-edge analysis.

C K-edge. Finally, the C K-edge (Figure 4.3, left top panel) reveals the for-
mation of the carbonaceous portion of the SEI during the initial charge cycle
and its evolution upon discharge. For both SOC, the linear combination analysis
indicates the presence of a variable mixture of pristine electrode (Na-CMC+SP)
and Li2CO3, identifying the latter as the principal C-bearing compound in the
SEI. The accuracy of the fitting indicates only a minor missing contribution in
the 285-290 eV energy region, which can be attributed to organic species from
the electrolyte according to DFT simulations, as detailed in Figure 4.6. Notably,
upon delithiation, the quantity of Li2CO3 is reduced, confirming its partial decom-
position, as indicated by the analysis of the O K-edge. This finding agrees with
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previous observations by Philippe et al. [208], which reported variable-thickness
SEI by monitoring the C 1s peak by soft and hard XPS during the first cycle.

4.1.3 Quantification of the initial SiO2 content

Figure 4.7 (left) displays the XRS Si L2,3-edge spectrum of the Si powder used
in electrode preparation (violet curve), the pristine c-Si NPs electrode (green
curve), as well as a reference spectrum for SiO2, as taken from Ref. 4 (dashed
brown curve). In order to quantify the amount of c-Si reverting to SiO2 during
the preparation procedure, we consider the Sipristine area, which accounts for the
number of transitions in the energy range up to the first feature of SiO2 for
the pristine electrode, and the ∆Si area, which corresponds to the difference in
number of transitions in the energy range up to the first feature of SiO2 between
the Si powder and the pristine electrode. The area ratio ∆Si

∆Si+Sipristine
quantifies

the relative amount of c-Si that is oxidized during the preparation process.
It is also worth noting that, for this quantification, it is worth referring to the

Si L2,3 edge, where the contribution from c-Si and SiO2 are neatly separated. Any
further consideration of this sort on other edges has to be performed with care,
as spectral contributions from different compounds are more overlapping and/or
very similar. This is the case of the O K-edge, as exemplified in Figure 4.7 (right).

4.1.4 Si-NPs evolution

After discussing the SEI formation and evolution during the first charge and dis-
charge cycles, we next analyse the evolution of Si NPs by tracking the changes with
respect to the pristine signal on the Si L2,3 edge. Figure 4.8 (top) shows the Si L2,3

edge spectra of the electrode in pristine (green), lithiated (red), and delithiated
(blue) conditions. In order to support the analysis, we include an experimental
reference for SiO2 [4] and a group of theoretical references (bottom panel) for
c-Si, Li15Si4, F3OSi and Li4SiO4. The spectrum for the pristine electrode (green)
indicates primarily the presence of c-Si (≈94%), with a minor amount of SiO2

(≈6%) as detailed in subsection 4.1.3, created during the electrode preparation.
This maps directly to the NP morphology, which is composed by a crystalline core
surrounded by a natural SiO2 shell, as identified by the peak at 101 and by the
features at 106 and 108.3 eV, respectively.

Upon charge, the features corresponding to c-Si and SiO2 are severely damp-
ened, with a corresponding increase of the signal below 100 eV and between 102
and 107 eV. The very same modifications are observed when comparing the com-
puted spectrum for c-Si and a prototypical Li-silicide, i.e., Li15Si4. Notably, the
close resemblance of the computed Li15Si4 to the experimental lithiated (see Fig-
ure 4.9 top left) spectrum suggests the lithiation of a major part of the NP volume,
leaving only a relatively small fraction of c-Si, as we can reproduce in the LC pre-
sented in the Figure 4.9 (top right). Indeed, the lithiation of Si NPs is usually
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Figure 4.6: XRS C K-edge spectrum of c-Si NPs electrodes in the low momentum
transfer regime. The experimental curves in the delithiated (top, blue line) and
lithiated (bottom, red line) states are compared with organic theoretical references
(dashed lines). The residual curve from Figure 2 of the main text is also reported
in grey.
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Figure 4.7: (Left) XRS Si L2,3-edge spectrum of pristine c-Si NPs electrode, Si
powder used in electrode preparation and SiO2 from Ref. 4 (dashed lines). (Right)
XRS O K-edge spectrum of Na-CMC in the low momentum transfer regime com-
pared with SiO2 XANES from Ref. 8.

characterized by the coexistence of a crystalline core with an outer shell highly
lithiated and amorphized [243].

Upon discharge, the electrode spectrum features an attenuation of the peak at
101 eV, which could be attributed to the partial amorphization of the c-Si NPs
after lithiation and delithiation, with the resulting spectrum containing charac-
teristics of both crystalline and amorphous Si phases. Moreover, we observe the
persistence of the lower onset energy (below 100 eV) found for the lithiated state,
which suggests that a small quantity of Li is trapped in the NP in the form of
LixSi. Finally, the peaks located at 106 and 108.3 eV display a higher inten-
sity as compared to the spectrum of the pristine sample. This may be related
to an increased amount of oxidized Si, as already evidenced on the O K-edge.
This could be possibly produced by a native oxide regrowth [244], as we cannot
exclude a short oxygen exposure in the glovebox from the sample preparation.
Minor contributions from SiOxFy and LixSiOy species are also not discarded since
their main features overlap with the peak structure attributed to SiO2, according
to DFT simulations. This picture is supported qualitatively by the LC presented
in Figure 4.9 (bottom right).

4.1.5 Li loss analysis

To conclude the qualitative analysis, the Li K-edge spectra of c-Si NP electrodes
in the high momentum transfer regime are shown in Figure 4.10 (top) for both
lithiated (red) and delithiated (blue) conditions. These curves are compared with
experimental references for Li2CO3, LiF and LiPF6 (top), as well as theoretical
references for LixSi and Li4SiO4 (bottom). After the initial lithiation, the electrode
very much resembles Li2CO3, with relatively minor amounts of LiF and LiPF6

localized both at 61 eV and 69 eV. However, the LC model based on these three
compounds cannot reproduce neither the lower energy onset nor the increased
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intensity between 62 and 67.5 eV with respect to Li2CO3, as can be appreciated
in Figure 4.11 (top left). The comparison with the calculated spectra of LixSi and
Li4SiO4 (bottom panel) suggests that both these features could be attributed to Li-
silicides (and silicates), which indeed show lower energy onset and higher intensity
in the 62-67 eV region. Furthermore, these features and the ones corresponding to
Li2CO3 undergo significant changes after discharge, when Li+ is extracted from the
NPs, thus confirming the observation from the other edges of a partial Li2CO3

decomposition upon delithiation. We performed a LC using only experimental
references in Figure 4.11 (left) and combining experiment with theory (right).
The last clearly shows that the lithiated state is composed in its major part by
LixSi and Li2CO3. However, the delithiated state is not reproduced totally by the
fitting indicating a composition much more diverse than the set of fingerprints we
used for the LC model.

To try to classify and quantify the Li loss, we express the total capacity after
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Figure 4.8: XRS Si L2,3 edge spectrum of c-Si NPs electrodes in the low momentum
transfer regime (top panel) compared with experimental SiO2[4] (dashed brown
lines) and theoretical references (bottom panel).
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Figure 4.9: (Left) Comparison of the electrode Si L2,3 edge spectrum in both SOC
with the c-Si (this experiment), a-Si [9] (XANES experiment) and Li15Si4 (theory)
references. (Right) LC fitting for the Si L2,3 edge corresponding to the two SOC
using as references c-Si, a-Si [9] and SiO2 [4] from experiments and Li15Si4, F3OSi
and Li4SiO4 from theory.
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Figure 4.10: XRS Li K-edge spectrum of c-Si NPs electrodes in the high mo-
mentum transfer regime (top) compared with experimental (top) and theoretical
references (bottom).
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Figure 4.11: (Left) LC fitting for the Li K-edge corresponding to the two SOC
using the experimental references Li2CO3, LiF and LiPF6. The percentages of
LiF and LiPF6 obtained in the lithiated state are both less than 0.01. (Right)
LC fitting for the Li K-edge corresponding to the two SOC using the references
Li2CO3, LiF and LiPF6 from experiment and Li15Si4 from theory.
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the first lithiation Qlit (red dot in Figure 4.2) as

Qlit = Qlit
SEII

+Qlit
LixSi +Qlit

SEIII
, (4.1)

where Qlit
SEII

, Qlit
LixSi

and Qlit
SEIII

are the portions of the total capacity involved in
the formation of fluorinated SEI, LixSi and Li2CO3-rich SEI, respectively. Simi-
larly, following delithiation the retrieved capacity Qdelit (blue dot in Figure 4.2)
is

Qdelit = Qdelit
LixSi −Qdelit

SEII
−Qdelit

SEIII
, (4.2)

being Qdelit
LixSi

(Qdelit
SEII

+Qdelit
SEIII

) the capacity extracted (lost) from the Si NPs (SEI
evolution) upon delithiation. After combining Equation 4.1, Equation 4.2 and
defining the capacity loss due to the Li trapped inside the NPs as QLitrap =
Qlit

LixSi
−Qdelit

LixSi
, we can express the total capacity loss as

Qlit −Qdelit = Qlit
SEII

+Qdelit
SEII

+Qlit
SEIII

+Qdelit
SEIII

+QLitrap . (4.3)

Under the previous assumptions, Qlit, Qdelit andQlit
SEII

can be directly retrieved
from Figure 4.2. Concerning the amount of Li trapped in Li–Si alloys, recent
titration-gas chromatography experiments conducted on similar Si NPs with a
Na-CMC binder [241] have found QLitrap ∼ 19% of the total capacity loss after
the first cycle. A similar value of 17% can be obtained indirectly using a different
approach described in section 6.6. These findings allow us to classify the total
capacity loss, quantified at 547 mAhg−1, by attributing 17% to the residual LixSi
and 83% to the processes involving the formation and decomposition of the SEI.

The percentage of Li2CO3 decomposition upon delithiation can be quanti-
fied by correlating the linear combination weights of Na-CMC+SP and Li2CO3

obtained for the C K-edge with the relative quantities of carbon atoms. If
we define Ci

X, wi
X and mi

X as the amount of C atoms, the linear combination
weight, and the mass, respectively, corresponding to the compound X in the
SOC i = d, l (where d stands for delithiated and l for lithiated), then we can

establish that
Ci

Na−CMC+SP

Ci
Li2CO3

≡ wi
Na−CMC+SP

wi
Li2CO3

. Assuming a negligible decomposition of

the binder and the conductive additive (i.e., Cd
Na-CMC+SP=Cl

Na-CMC+SP), we ob-

tain
wd

Na−CMC+SP

wd
Li2CO3

Cd
Li2CO3

=
wl

Na−CMC+SP

wl
Li2CO3

Cl
Li2CO3

, leading to
Cd

Li2CO3

Cl
Li2CO3

=
md

Li2CO3

ml
Li2CO3

= 0.65.

This corresponds to a 35% of decomposition of the Li2CO3 formed during the
first lithiation. These considerations allow us to express the total capacity loss of
Equation 4.3 as:

Qlit −Qdelit = Qlit
SEII

+ 1.35Qlit
SEIII

+QLitrap (4.4)

Using the results from Figure 4.2 and Equation 4.4, we can approximately split
the total capacity loss during the initial cycle into 17 % from the remaining LixSi,
30 % from the formation of F-rich SEI, and 53 % from the Li2CO3-rich SEI part.
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4.2 Materials and methods

4.2.1 Sample preparation

Crystalline SiNPs of size between 60 and 100 nm were synthesized by laser py-
rolysis from high purity silane [230]. Electrodes were prepared by mixing 50 wt%
of SiNPs, 25 wt% of sodium carboxymethyl cellulose (Na-CMC, Merck), and 25
wt% carbon black (Super P). The powders were ground and dissolved in purified
water (18.2 Ω at 25 ◦C) to produce a slurry, which was deposited on a Cu foil (20
µm, thickness) and dried for 12 h at 80 ◦C.

Coin cells were prepared by cutting out circular disks of this Si-based material
(0.97 mg/cm2), assembled with carbonate-mixture based electrolyte, celgard 2400
(monolayer polypropylene) separator, and lithium metal. The electrolyte used was
composed by 1 M LiPF6 (3FEC/7EMC,v/v) with 2 wt% vinyl carbonate (VC).
The cells were cycled and stopped at a given potential for obtaining different states
of charge (SoC) conditions. Subsequently, each coin cell was disassembled and
transferred without rinsing to designed airtight cell in a glovebox with Ar to probe
Li, Si, C, O and F chemical environments by post-mortem XRS measurements.

4.2.2 XRS measurements

XRS experiments were performed on the beamline ID 20 of the European Syn-
chrotron Radiation Facility (ESRF, Grenoble, France). The pink beam from four
U26 ondulators was monochromatized to an incident energy of 9.6837 keV, us-
ing a cryogenically cooled Si(111) monochromator and focused to a spot size of
approximately 10 mm × 20 mm (V × H) at the sample position using a mir-
ror system in Kirkpatrick–Baez geometry. The large solid angle spectrometer at
ID20 was used to collect XRS data with 72 spherically bent Si(660) analyzer crys-
tals. The data were treated with the XRStools program package as described
elsewhere [245, 246].

The powder samples were pressed into a pellet, which was placed into the beam
so to have a 10 grazing incident beam. All XRS measurements were collected at
room temperature. Full range scans were collected from 0 to 700 eV with a 1 eV
step size. After the acquisition of the broad scan, several detailed scans of specific
edges were collected with a 0.2 eV step by scanning the incident beam energy to
record energy losses in the vicinity of the Li K-edge (54.7 eV), C K-edge (284.2),
O K-edge (525 eV), F K-edge (696.7) and Si L-edge.

Acquisition scans lasted around 2–4 h per sample. All scans were checked for
consistency before averaging over them. The overall energy resolution of the XRS
spectra was 0.7 eV, as estimated from the FWHM of elastic scattering from a
piece of adhesive tape. Also, signals from analyzer crystals at different scattering
angles were measured, covering a momentum transfer from 2.5 to 9.2 Å−1. The
data were integrated at high q for further analysis.
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4.2.3 Computational details

XRS spectra in the low momentum transfer regime were computed with the
XSpectra [99, 100, 101] code of Quantum ESPRESSO [36, 37, 38], while for the
high momentum transfer XRS we used a modified version of XSpectra [3]. Crys-
talline and molecular structures used as theoretical references were obtained from
the Materials Project [247] and PubChem [248] databases respectively. Ultrasoft
pseudopotentials from the SSSP library v1.1 [249] with PBE exchange correla-
tion functional were used for ground state calculations and non-absorbing atoms.
Core-hole pseudopotentials were instead generated to describe excited atoms for
the simulation of K-edge (C, O, F and Li) and L23 edge (Si) spectra. The en-
ergy cutoffs for the kinetic energy of the wave functions and the charge density
were set to 80 Ry and 640 Ry, respectively. A supercell approach was employed
to minimize interactions between excited atoms and their periodic images, main-
taining a minimum distance of 8 Å between replicas in crystalline systems. In the
case of molecules, the supercell size was chosen according to requirements of the
Martyna-Tuckerman [84] method for treating the system as isolated. The Bril-
louin zone corresponding to the supercell was sampled at the Γ point for molecules
and using a Monkhorst-Pack mesh with a k-points grid spacing of 0.25 Å−1 in the
case of crystals. In addition, all the spectral calculations were conducted with
a 4x4x4 k-point grid with an energy-dependent broadening parameter [3]. We
applied different core-hole treatments depending on the system, i.e., XCH [82] for
crystals and the hybrid approach combining HCH and FCH for molecules (see
subsubsection 2.3.2.2). Each spectrum was aligned with respect to the excitation
onset, expressed as the binding energy of the edge core state, computed within the
∆KS [74, 75] approach and referred to the highest occupied state in the presence
of the core-hole [250, 251].

4.2.4 Linear combination fitting procedure

In the linear combination (LC) procedure we express the target spectrum |I⟩ in
terms of a basis of known references |Ii⟩ as

|I⟩ =
n∑

i=1

ci |Ii⟩ , (4.5)

where the vectors |I⟩ and |Ii⟩ have m components determined by the number
of energy bins of the experimental data. Since the size of the basis is smaller
than the number of experimental points (n < m) the coefficients ci are found
approximately using the least squares method as follows

cj =
n∑

i=1

||⟨Ii |Ij⟩||−1 ⟨Ii |I⟩ . (4.6)
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For all the cases we considered that the target spectrum |I⟩ and all the refer-
ences |Ii⟩ are normalized in the same energy range. Furthermore, a LC is consid-
ered valid only if all the coefficients are non negative (ci ≥ 0).

4.3 Conclusions

The XRS spectra of anodes composed of crystalline Si NPs, probed at different
states of charge, have unique chemical signatures demonstrating the SEI formation
and evolution. These signatures can be differentiated when comparing qualita-
tively the high-resolution real electrode spectra acquired in the energy range of
light elements (C, O, Li, F, Si) with well-chosen representative reference com-
pounds as LiPF6, LiF, Li metal, Li2CO3, carbon binder phase, silicon powder,
and pristine silicon electrode.

A semi-quantitative analysis performed by linear decomposition using experi-
mental spectra for C, O and F edges, aided by comparison with DFT-based data,
evidences the presence of Li2CO3, LiPF6 and LiF after one cycle, and potentially
minor quantities of additional degradation products, such as POxFy and SiOxF.

Weight factors of relevant reference compounds are extracted, revealing how
they are formed or dissolved during (de)lithiation. Specifically, we find an evident
decrease in the peak intensities associated with carbonates when the electrode is
delithiated, while LiPF6 and LiF amounts appear to remain nearly stable during
the first cycle. The SEI, which grows during lithiation due to the decomposition
of organic electrolytes (EMC and FEC), additives (VC), and salt (LiPF6), is
thus found to partially dissolve upon delithiation, in agreement with previous
studies [208].

Simulations also provide insights to interpret Si and Li edges and discuss cor-
relations between the amounts of lithium trapped in the SEI and in the silicon. In
particular, the SEI-breathing is accompanied by an incomplete delithiation, which
relates to the significant capacity loss in the first cycle. Indeed, we evidence that
lithium is not fully removed from the anode in the delithiated state, even after
only one cycle. The irreversible lithium loss due to trapping in alloyed Si regions is
quantified at 2.7% of Li unavailable for reactions, in agreement with other studies
[241].

While further investigations are surely needed to better comprehend these
phenomena, we here anticipate that XRS can be successfully applied to investigate
in a semi-quantitative way a wide range of composite materials, enabling to gather
high-fidelity bulk information, highly complementary to invasive surface-limited
XPS. Spectra simulations based on ab initio DFT approaches also prove valuable
to interpret and complement XRS measurements, and – validated towards more
extended sets of data – could be critical to predict SEI features in a variety of
materials for unexplored post-lithium ion technologies.
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Chapter 5

Automated workflow for
high-throughput XPS simulations

XPS experiments provide detailed information about the chemical environments
within a system; however, deconvoluting the resulting spectrum presents chal-
lenges in terms of understanding the origin of each spectral feature. Conventional
analysis techniques involve comparing the final spectrum to known standards of
related materials obtained either from experimental [252, 7, 253] or computed
spectra [254, 255] databases. In practice, XPS is a relatively slow technique, with
acquisition times ranging from 30 min to several hours [256], which make the
construction of such databases impractical using only experimental data. More-
over, it is challenging to experimentally probe unstable or metastable phases of
a system, or to isolate the various polymorphs that contribute to the spectrum
of an amorphous material. In this context, theoretical simulations, in particular
those using high-throughput computing (HTC), are gaining in relevance for their
capabilities to generate the large volume of data required for data mining.

Over the past decade, HTC has been systematically integrated into materials
science [257, 258], driven by the automation of ab initio codes. This advancement
has been further accelerated by the development of open-source infrastructures
like AFLOW [259], AiiDA [260], ASE [261], Atomate [262], MAST [263], Mat-
Cloud [264], MPInterfaces [265], alongside commercial alternatives such as Mate-
rial Studio [266], MeDA [267], Quantum ATK [268] and SimStack [269]. These
frameworks have been instrumental in the creation and continuous growing of no-
table materials databases including AFLOW, OQMD [270], NOMAD [271], ICSD
[272], Materials-Cloud [273], JARVIS [274] and Materials Project [275] (part of
the Material Genome Initiative [276]). However, in the context of core-level spec-
troscopies we could mention only a few works dedicated to the development of
automated workflows for ab initio simulations. For XAS we found implemen-
tations using the FEFF workflow infrastructure provided by Atomate [254, 255]
and others oriented to the automation of input file generation and spectrum post-
processing [251]. The particular case of XPS is even more scarce, represented
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mainly by a core-hole dedicated workflow implemented in the AiiDA-FLEUR plu-
gin [277]. This implementation relies on the all-electron DFT code FLEUR [278]
with capabilities for computing absolute BE for metals, within the ∆SCF ap-
proach, and CLSs, for any system, using both ∆SCF and the ISA. The main
challenges faced when using this workflow is the high computational cost of the
∆SCF method and the exclusion of screening effects for the CLSs computed within
the ISA.

In the following we present a framework of automated workflow and helper
functions implemented within the AiiDA-Quantum ESPRESSO (AiiDA-QE [260,
279]) module of AiiDA for the automated simulation of XPS spectra. We choose
the Quantum ESPRESSO software package based on its set of sub-modules which
allow for a range of properties calculations under a unified format. The purpose of
this tool is to make XPS calculations simpler, more robust, easier to manage, and
compatible with data reporting tools (e.g., Electronic Lab Notebooks) as well as
enhanced standards for data such as the FAIR (Findable, Accessable, Interopera-
ble, Reusable) principles [280]. Moreover, it will complete, together with an XAS
plugin based in XSpectra code, a tool set for computing core-level spectroscopies
within AiiDA-QE. The details of this chapter and the XAS tool are contained
in the following works: “Automated Workflows for Core-Level Spectroscopy Sim-
ulation”, Peter N. O. Gillespie, Michael A. Hernandez Bertran, Elisa Moli-
nari, and Deborah Prezzi, Preprint, and “AiiDAlab Quantum ESPRESSO App
–The web environment for first-principles calculations”, Xing Wang, Peter Gille-
spie, Andres Ortega-Guerrero, Miki Bonacci, Michael A. Hernandez Bertran,
Deborah Prezzi, Carlo A. Pignedoli, Nicola Marzari, and Giovanni Pizzi, Preprint.

5.1 The AiiDA infrastructure

To automatically manage the XPS workflow, the ab initio simulations involved,
and all the generated data, the open-source framework Automated Interactive
Infrastructure and Database for Computational Science (AiiDA) was utilized. Ai-
iDA, developed under the MIT license, is based on the ADES model [281] (Au-
tomation, Data, Environment, Sharing) for computational science. This model
outlines essential design criteria for scientific work environments, promoting open
data provenance [282] and ensuring compliance with the FAIR principles for sci-
entific data management.

The automation pillar in AiiDA is achieved via a Python API and a daemon.
The API provides Python classes for processes, calculations, and data structures,
designed to be extensible with plugins. All user tasks can be executed in Python,
facilitating integration with various materials science software. The AiiDA dae-
mon runs in the background, handling job submissions, retrieval, and manage-
ment, along with interactions with computing schedulers. The communication
between the daemon and its subprograms, called workers, is handled through the
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message and streaming broker RabbitMQ (rabbitmq.com), allowing to sustain
high-throughput workloads. Users interact with the daemon through the verdi

command line, which offers commands for listing and inspecting calculations and
workflows.

The data pillar is addressed by tracking the provenance of data and logic. Ai-
iDA stores input and output files in a file repository, while parsed data is saved
in a PostgreSQL (postgresql.org) database based in the SQL language. Data is
stored in a directed acyclic graph structure, ensuring clear tracking of all calcula-
tions. AiiDA also supports caching, which prevents reruns of previously completed
calculations, saving computational resources.

The environment pillar is implemented through the daemon, the plugin system,
and the workflow system. Plugins include parsers, calculation classes, workflows,
and verdi command extensions, which can be shared as Python packages via
PYPI (pypi.org).

For sharing, AiiDA offers import/export capabilities for results and data, while
SQL databases can be easily shared with standard tools.

5.1.1 The AiiDA plugin system

To handle with the inhomogeneity in data structures and file formats, AiiDA has
a lightweight core code, with additional functionalities organized into plugins.
These plugins are developed and maintained by the community. The AiiDA team
provides templates for various plugins, such as those for command line interfaces,
data,schedulers, parsers, calculations and workflows. Additionally, plugins for
different storage backends, like PostgreSQL, can also be deployed.

To use a program with AiiDA, at least a calculation plugin and a parser plu-
gin must be implemented. Parser plugins convert input/output file data into
structures stored in the database, while calculation plugins define how to run a
calculation for the given code by generating input from data structures. Pre-
existing interfaces for community standards like Crystallographic Information file
(CIF) [283], XCrySDen file format [284], and others facilitate this process, but
new data structures can be developed via data plugins if needed.

Plugins and utilities for a specific program are packaged into an AiiDA ex-
tension, and several such packages have been created for the most popular quan-
tum engines. All extension names are gathered in the AiiDA plugin registry
(aiidateam.github.io/aiida-registry/) where users can find a list of available plug-
ins, their content, installation instructions, and compatibility information.

5.1.2 Workflows in AiiDA

A key feature of the AiiDA framework is its ability to write, run, and share work-
flows. These workflows, known as workchains, automate complex, time-consuming
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calculations that depend on each other, without requiring user intervention be-
tween steps. Technically, workflows are Python classes that inherit from AiiDA’s
base classes (WorkChain, WorkFunction), providing developers with the flexibility
to incorporate any Python packages. This adaptability distinguishes AiiDA from
other workflow infrastructures. Developers can encode complex protocols within
workflows, while AiiDA ensures both data and logic provenance, providing in this
way, a turn-key solution for launching HTC with a small Python script.

Workflows can either run in the background via the AiiDA daemon or block
the Python interpreter during execution. They are robust and fault-tolerant, can
handle tasks like optimizing resource usage, error handling, and restart mecha-
nisms. They also provide, in general, simple interfaces with default values for ease
execution.

5.2 XPS workflow within AiiDA-QE

In order to establish a generic workflow process for the XPS calculation, in
the following, we will inspect the steps involved in the framework of Quantum
ESPRESSO. Firstly, the user prepares a PwSCF (pw.x) calculation for the sys-
tem of interest, in which one atomic site is chosen for the location of the core-hole
–henceforth referred to as the “absorbing atom”. This site is assigned a unique
label relative to other atoms of the same element, as well as a pseudopotential
for which the electron configuration of the core orbital of interest is changed ac-
cordingly to represent that of the excited state (e.g., 1s1 for K shell XPS). The
user then prepares calculation inputs for the pw.x calculation taking into account
the proper core-hole treatment of the final state (see subsection 2.2.2). With the
core-hole approximation chosen, the user then obtains the final state wavefunction
from the PwSCF calculation for the chosen absorbing atom.

To calculate the complete spectrum for orbital of interest, all atoms of the
same element within the system must, in principle, be considered. However, as
XPS depends on the local chemical environment of the absorbing atom, the num-
ber of sites to be considered can be reduced based on the symmetric equivalence of
the sites. Thus, to calculate the complete spectrum for a given element, we need
to take into account the symmetrically-nonequivalent atoms of the same element,
with their respective multiplicity within the unit cell. It must be noted that, using
this approach, the calculation of the final state with a localised core-hole necessar-
ily introduces a charged defect into the system. Though this does not affect the
symmetry of the crystal structure in question (insofar as concerns the XPS spec-
trum obtained from the calculation), the structure used in the calculation must
be of sufficient size to limit the spurious interaction of the absorbing atom with
its neighbouring images. Concerning XPS, a distance of 8.5 Å is sufficient in the
XCH approximation, however in the FCH treatment further testing is typically
required for convergence of absolute BEs [285, 73]. The final spectrum is repre-
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sented as a sum of Voigtian profiles centered at the BE values (see Equation 2.29).
This approximation allows a proper description of the broadening, including the
effects of instrumental resolution and lifetime of the core-electron excitation.

Using this approach we are therefore able to define a generalised workflow to
treat any system of interest. The following steps can be identified: (1) Check input
requirements (structure, core-hole treatment, pseudopotentials, etc), (2) analyse
the symmetry of the input structure and determine the number of symmetrically-
nonequivalent atomic sites for each element, (3) create the supercell according to
the symmetry analysis and the core-hole treatment, (4) set up pw.x calculation
inputs for each nonequivalent absorbing atom and run calculations, (5) calculate
the BE for each absorbing atom, and (6) calculate the final spectra weighting
all the contributions by the multiplicity of each absorbing atom site. Excluding
specific considerations required for treating systems with non-periodic dimensions
(such as truncating the Coulomb potential), we find that this workflow logic can
be effectively applied to systems with any level of periodicity. The structure of
the described workflow is presented in Figure 5.1.

5.2.1 Technical details

Using the general process flow defined (Figure 5.1) as starting point we can im-
plement the corresponding XPS workflow in the AiiDA automation and work-
flow management system. We leverage the modular system present in AiiDA to
separate the steps defined previously into independent WorkChains, CalcJobs,
and CalcFunctions. This allows us to create both fully-automated workflow
for XPS calculations suitable for less-expert users, as well as a relatively com-
prehensive set of tools for power users to create more advanced workflows to
suit their needs. The main, fully automated workflow is XpsWorkChain, which
handle the complete calculation of XPS spectra, for all chosen elements. If re-
quested, full geometry optimisation of the input structure is performed resorting
to the PwRelaxWorkChain. Automatic calculation restarts are handled by rele-
vant WorkChains (PwRelaxWorkChain and PwBaseWorkChain) based on the AiiDA
BaseRestartWorkChain Class.

At lower level, the get xspectra structures() function is provided as a com-
prehensive tool in order to facilitate the generation of structures for calculation
work. In general terms, this function takes an AiiDA StructureData node as
input, analyses its symmetry, produces a supercell of the input structure of suf-
ficient size to limit spurious interaction with cell replicas, and creates copies of
the supercell for each inequivalent absorbing atom, with the relevant absorbing
atom labeled using a special marker. For crystal symmetry analysis, we choose
the spglib library [286] which has already been integrated with AiiDA-QE. Point
group symmetry analysis is included in order to process molecular systems by
interfacing get xspectra structures() with the pymatgen library.[287]

All created structures are returned as outputs alongside an AiiDA Dict node
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Figure 5.1: General structure of the XPS workflow for a system with N symmet-
rically non-equivalent absorbing atoms.
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which reports the symmetry information of the input structure, data on inequiv-
alent sites, and other metadata relevant to the analysis. The metadata are made
readily available to the user in order to provide useful information on the sym-
metry properties of the chosen structure and is subsequently used by the main
workchains to determine calculation inputs: for instance the number of calls to
the PwBaseWorkchain for computing the SCF total energies needed for XPS.

The postprocessing steps are also fully implemented using the CalcFunction

called get spectra by element(). It uses a Voigt profile broadening scheme, and
the incoming symmetry data to construct the final spectrum for each element ac-
cording to the multiplicity of the non-equivalent atoms. Moreover, if requested and
if core-level correction energies are provided for each absorbing element included
in the workflow, it will also calculate the absolute binding energies using the ∆KS
scheme, as described in subsection 2.2.2. The functionalities of XpsWorkChain and
its CalcFunctions are summarized bellow and the process flow is presented in
Figure 5.2, the source code is already integrated within AiiDA-QE and is available
under the MIT licence.

• get xspectra structures(): Determines the symmetry of an incoming
structure and returns a supercell for each non-equivalent absorbing atom
site, including an unmarked supercell and the symmetry analysis metadata
for the function call.

• XpsWorkChain: Computes a complete XPS spectrum for a set of core-states
(defined in the inputs via the core-hole pseudopotentials). The input struc-
ture is optimized if requested using the PwRelaxWorkChain.

• get spectra by element(): Calculates the CLS value for each absorbing
atom site referred to the site with the lowest BE. Produces the final spectrum
using a Voigt profile broadening scheme. If requested, and if core-level
correction energies are provided for each absorbing element included in the
workflow, will also calculate the absolute binding energies using the ∆KS
scheme.

5.2.2 Workflow validation

To properly demonstrate the WorkChain system presented here, we will show the
procedure for performing the calculation of the C 1s XPS spectrum on the Pheny-
lacetylene molecule. This system was selected in order to showcase the capabilities
of this implementation to treat properly systems in which the reference level for
the BE is the vacuum. Nevertheless, the functionalities of the workflow for com-
puting XPS in extended systems within a HPC regime will be exemplified in the
next chapter. In this, we will detail key features available for the user, both for the
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Figure 5.2: Process flow diagram for the XpsWorkChain.

case of full automation with minimal user input and also for producing more cus-
tomised analysis with its sub-modules. In the case of molecules, the steps related
to symmetry analysis and structure preparation are adjusted to satisfy the con-
straints imposed by finite dimensions. Figure 5.3 shows the information returned
by get xspectra structures(), including the molecule point group and the list
of non equivalent atoms with their index, label and multiplicity. The supercell
utilized for all the SCF calculations is constructed during this step, adhering to
the size requirements outlined in the Martyna-Tuckerman method for treating the
system as isolated by removing the long range electrostatic interactions.

As a default, the XpsWorkChain will return the core-level shift for the set
of non equivalent atoms. Moreover, it is possible to obtain absolute BE values
and a final spectrum directly comparable to experiment (see Figure 5.4), as in
this case, by setting the calc binding energy flag to True and populating the
correction energies dictionary in inputs. The procedure for obtaining the cor-
rection energies was described in subsection 2.2.2. The provenance graph for the
calculation of the C 1s XPS in Phenylacetylene is presented in Figure 5.5.
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'is_molecule_input': True,
'supercell_num_sites': 14,
'molecule_point_group': 'Cv2',
'equivalent_sites_data': {
'site_6': {'symbol': 'C',

'site_index': 6,
'multiplicity': 1,
'equivalent_sites_list':[6]'

},
...

}
'supercell_cell_matrix': [[15.1485, 0.0 , 0.0 ],
[0.0, 8.6601, 0.0], [0.0, 0.0, 8.0]],
'supercell_cell_lenghts': [15.1485, 8.6601, 8.0],
'absorbing_elements_list': ['C'],

Figure 5.3: Extract from IPython terminal output displaying part of the dictionary
returned by get xspectra structures() for Phenylacetylene.
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Figure 5.4: C 1s XPS spectrum of Phenylacetylene in gas phase, comparing exper-
imental data from the literature (red curve, Ref. 10) to the spectrum computed
using the FCH approach.

5.2.3 Integration with AiiDAlab

AiiDAlab [288] provides an excellent platform for researchers in computational
materials science, offering an integrated space for reproducible and collaborative
research workflows. By leveraging the AiiDA workflow engine alongside interactive
computing and data analysis tools, AiiDAlab simplifies the research process from
simulations to final analysis and publication. Its user-friendly interface enables
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CHAPTER 5. AUTOMATED WORKFLOW FOR HIGH-THROUGHPUT
XPS SIMULATIONS

easy setup and execution of complex computational workflows, while its data man-
agement features ensure traceability and reproducibility of results. Additionally,
the collaborative tools in AiiDAlab support seamless sharing of workflows and
data, promoting interdisciplinary collaboration and advancing scientific discov-
ery. AiiDAlab offers an accessible and efficient environment bringing cutting-edge
materials research to a broader audience.

The workflow developed in this work was integrated by our collaborators into
the QE App of AiiDAlab as a plugin, providing a user-friendly web interface
for researchers to perform XPS calculations and visualize results. The plugin
automates key steps such as pseudo-potential preparation, peak selection, and
convoluting the results with a Voigt function to generate the final spectrum. It
also includes result visualization tools, allowing users to upload experimental XPS
data for direct comparison with the calculated spectra. This streamlined interface
makes complex XPS analysis accessible and efficient.

5.3 Conclusions

We presented the design and implementation of a workflow dedicated to compute
XPS. This tool offers capabilities and results with a level of theory comparable
to others HPC implementations for XPS. As a surplus we added functionalities
in order to treat successfully finite systems like molecules and clusters and to
include final state effects in the CLS. The example presented demonstrates the
potential of this Python-based approach for high-throughput calculations using
the AiiDA framework. Its modular design allows users to fully customize work-
flows, including parameters like core-hole treatment and supercell dimensions, for
tailored simulations.
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Chapter 6

ML applications to core-level
spectroscopies

Core-level spectroscopies are established strategies to assess the electronic struc-
ture and chemical environment of materials. While these techniques provide valu-
able insights into atomic and electronic structures, their interpretation in complex
systems is not straightforward, emphasizing the importance of theoretical insights
from ab-initio approaches. However, the time required for computing an X-ray
spectrum scales linearly with the number of non-equivalent atoms, becoming pro-
hibitively expensive for complex amorphous materials. This drawback can be
addressed by employing a surrogate model that combines the precision of ab ini-
tio methods with computational efficiency.

In general, the application of ML approaches to core-level spectroscopies can
be broadly grouped in two categories called forward and backward mapping [289].
The forward mapping is very similar to the standard ab initio approach in which
the input is usually the atomic structure and the target quantity is the spectrum,
represented by the BEs in XPS or the transition energies for XAS/XRS. In the
case of the backward mapping the main task is to translate an (experimental)
spectrum into a structure or environment. A topical review on the application of
these approaches to XAS can be consulted in Ref. 289.

For the case of XPS considered here, there are only few models available.
For the forward approach, a random forest model trained using the LMBTR
descriptor is used to predict the C 1s spectrum for prototypical SEI [290]. Despite
the accuracy showed by this model (0.05 eV in the mean squared error (MSE)
of C 1s peak positions), it was trained for CLS computed within the ISA. This
implies that a final alignment of the spectrum is always needed in order to compare
with experimental data. In addition, further generalization to systems with poor
screening should be done with care since the ISA neglects the core-hole relaxation
effects in the final state. Another model based on KRR and SOAP descriptors
was proposed to compute many-body corrections, within the GW approximation,
to the DFT BEs [291] of CHO-containing molecules and materials. This model
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6.1. ML MODEL FOR PREDICTING XPS

presents an accuracy of the order of 0.05 eV for molecules and 0.1 eV for extended
materials. The only limiting factor is the computational cost needed for the GW
calculations.

In the context of backwards approaches, clustering and dimensionality reduc-
tion techniques are widely used to simplify to provide spectral interpretations.
For example the clustering of SOAP descriptors was used to generate a basis of
spectroscopic fingerprints in order to associate a spectral feature with a local en-
vironment [292, 293]. Another possibility is to consider machine-learned features,
such as those extracted by neural networks (NN), as an alternative to handcrafted
features based on physical or chemical intuition. In this sense, convolutional neu-
ral network (CNN) feature extractors, combined with regression or classification
models, were utilized for automated detection and/or quantification of chemical
elements in XPS data [294, 295].

In this work, we will adopt a methodology framed within the forward ap-
proach combining gaussian KRR with SOAP descriptors. A similar strategy was
presented in Ref. 291 to include GW corrections on top of DFT. We will use
theoretical results at the DFT level to avoid the computational cost of the GW
method, as the accuracy improvements provided by GW in XPS are primarily
significant for systems with larger bandgaps. Since we will focus on gapless or
nearly gapless systems, DFT will be sufficient for our analysis.

6.1 ML model for predicting XPS

The key ingredient for the training of any ML model is data. In particular, the
accuracy and generalization of the model are conditioned by the quality of both
the inputs and the labels. Input quality is often measured in terms of diversity,
while label quality depends primarily on the level of theory used. In this work,
the accuracy of the labels is fixed, as they were generated using the XpsWorkChain
workflow introduced in chapter 5. Two datasets from previous studies, relevant
to graphite-based and silicon-based anodes in Li-ion batteries, were selected for
the inputs.

6.1.1 Training datasets

In the following, we will provide a short description of the datasets used in this
thesis. More details can be found in the original publications, see Ref. 296 for the
LixC dataset and Ref. 297 in the case of the LixSi dataset.

6.1.1.1 LixC dataset

An evolutionary algorithm (EA), as implemented in USPEX [298, 299], was em-
ployed to explore the configuration space of Li–C systems, starting with a ReaxFF
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model tuned to fit DFT results with van der Waals corrections. Initial configu-
rations of 16 and 24 carbon atoms per unit cell were generated at pressures from
0 to 50 GPa. The EA population evolved through heredity, mutation, and ran-
dom structure generation, with optimization occurring in multiple steps, including
molecular dynamics (MD) and structural optimization. Only the most stable par-
ents advanced to the next generation, ensuring diversity through thresholds on
structural similarity. This process generated a variety of sp, sp2, sp3, and mixed
sp2/sp3 carbon structures over up to 50 generations.

A hierarchical clustering approach, using single linkage and based on distance,
was initially applied to all structures generated by the EA to identify unique
polymorphs. In later iterations, clustering focused only on structures where the
neural network potential (NNP) predictions differed from DFT ground-truth en-
ergy by more than 5 meV/atom, preventing over-sampling of well-described poly-
morphs. Structural similarity was measured using a fingerprint-based cosine dis-
tance [300, 301].

A representative structure from each cluster was selected, and a 0.5-ns classical
NPT molecular dynamics (MD) simulation was performed using the LAMMPS
package [302]. Snapshots were taken every 5 ps, yielding 100 configurations per
cluster reaching a total of 20000 structures.

We utilized SOAP descriptors to construct structural representations of the
C and Li environments, enabling us to visualize their diversity through PCA.
Visualization of PCA was done using the interactive structure/property explorer
for materials and molecules (Chemiscope) [303], while SOAP descriptors were
constructed using the librascal code (lab-cosmo.github.io/librascal/). Figure 6.1
shows the projection of the local environment representation onto a 2D space de-
fined by the PC1 and the PC3. In the left panel we can observe the results for the
Li environments represented by SOAP descriptors with a cutoff radius rcut=6 Å.
This configuration clearly split the Li environments in two clusters, according to
the dimentionality (e.g., 2D and 3D) of the host structure. The number of point
in each cluster evidences an over representation of the 3D structures with respect
to the 2D. This was confirmed by inspecting the amount of vacuum in each unit
cell, leading to a demographic of ∼3000 2D structures and ∼17000 3D structures.
A similar analysis was conducted for the C environments coded into SOAP de-
scriptors with rcut=2 Å. As shown in the right panel, this configuration leads to
the formation of three clusters identified by the sp, sp2 and sp3 C hybridization.
Moreover, a higher representation of sp2 and sp (defective sites) C environments
can be appreciated as compared to the sp3 hybridization.

6.1.1.2 LixSi dataset

The initial dataset was created to provide a starting point for a deep potential
(DP) model, employed to investigate the properties of crystalline and amorphous
phases of Si for application as anode material in Si-based electrodes. This dataset
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Figure 6.1: Visualization of the LixC dataset environments represented with
SOAP descriptors using PCA. Li environments (left) are described with a larger
cutoff distance (6 Å) splitting the dataset in two main clusters corresponding to
2D and 3D structures regardless of the Li concentration (colored vertical bar). C
environments (right) are described with a smaller cutoff distance (2 Å) splitting
the local environments according to sp, sp2 and sp3 C hybridization.

includes stable ground-state structures of Li, Si, and crystalline Li-Si (c-LixSi)
phases from the Materials Project. The dataset incorporates structures like BCC,
FCC, and HCP Li, diamond Si, I41/amd Si, and various c-LixSi phases (0<x<4.5).
After generating supercells and optimizing them using DFT, perturbations were
introduced to atomic coordinates and cell vectors, followed by ab initio MD sim-
ulations, resulting in 10625 configurations.

In the exploration stage, new configurations of Li, Si, and Li-Si systems were
sampled using DeePMD simulations. Model deviation was used to screen con-
figurations, improving the DP model over several iterations. A total of 28103
configurations were labeled for the explored dataset.

For the amorphous phases, nine a-LixSi phases were explored over 87 itera-
tions. Additionally, low-lithium configurations (a-LixSi 0<x<1.33) were created
using DeePMD and grand canonical Monte Carlo simulations, leading to 34150
configurations in total.
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Figure 6.2: General scheme of the ML model used for the BEs predictions

6.1.2 Training and validation using DFT BEs

The systems within both datasets are expected to have either zero or small
bandgap, according to the electronic properties of similar structures in Materi-
als Project database. In this scenario, the theoretical approach adopted in the
XpsWorkChain will provide BEs with an accuracy (ϵ) comparable to experimen-
tal results (see chapter 5 and subsection 2.2.2 for more details). Thus we can
build a ML model to predict BEs by training the model on a database made up
of theoretical BEs obtained from the LixC and LixSi datasets. We could expect
results comparable with the experiments as long as the errors in the predictions
are lower than some predefined threshold (δ). Formally, if |BEDFT − BEexp| < ϵ
and |BEML −BEDFT | < δ, then, |BEML −BEexp| < ϵ+ δ. A similar hypothesis
was used for the study of nuclear magnetic resonance (NMR) chemical shifts in
molecular solids [304].

The general scheme of the training and validation process is depicted in Fig-
ure 6.2. We start with the full dataset of LixC (LixSi) containing ∼20000 (∼62000)
structures. From this, we construct two disjoint subsets for training and valida-
tion. Since the training set should capture most of the diversity of the environ-
ments, we used the FPS algorithm for this task. In practice, the FPS algorihm was
applied to the set of structure-averaged SOAP vectors constructed using rcut=6Å
, with radial scaling, and atomic density smoothing σa=0.3 Å. The resulting train-
ing set contains 2000 (245) structures, comprising ∼3500 Li and ∼45500 C (∼7800
Li and ∼7800 Si) atomic environments. The validation set was selected randomly
from the remaining structures containing 480 (55) structures, with ∼890 Li and

107107107



6.1. ML MODEL FOR PREDICTING XPS

∼10200 C (∼1900 Li and ∼1900 Si) atomic environments. In a next step the
BEs corresponding to the structures in the training set are computed with the
XpsWorkChain workflow and at the same time the local environments are coded
in a SOAP representation. SOAP descriptors and BEs will be used as inputs
and labels , respectively, for training the gaussian KRR model. The training is
performed with the scikit-learn Python library [305] using a grid search in the
space of the hyperparameters in order to find the optimal parameters minimizing
the mean absolute error (MAE) in a 5-fold cross validation configuration. The
validation step is done by computing the BEs of the validation set using both
the ML model and the XpsWorkChain workflow. The model is evaluated on an
out-of-sample system (external dataset) once the error threshold is met, in order
to assess its generalization capabilities.

Figure 6.3 presents the training results for models predicting the Li 1s and
C 1s BEs in the LixC dataset. The left panels show the prediction error of the
BEs compared to those computed using ab initio DFT for the validation set. This
illustrates the overall prediction accuracy for the C 1s (top) and Li 1s (bottom)
BEs, represented by the MAE in eV, as a function of both the cutoff radius rcut
and the number of training structures included from the training set. The effect of
the different rcut values on the MAE is visible considering rcut=5.5 Åand rcut=3.5
Å, which produce the larger and smaller values of MAE, respectively. Irrespective
of the value of rcut, all the models show a decreasing error trend as we add more
environments into the training process.

On the right panels we present the correlation plots for the Li 1s (top) and
C 1s (bottom) BEs between the best model predictions and the ab initio DFT
reference for both the training (red triangles) and the validation set (blue triangles
for Li and grey triangles for C). We trained a total of 12 models by taking into
account all the combinations of cutoff radii rcut = 2.5, 3.5, 4.5, 5.5 Å, with radial
scaling, and atomic density smoothing σa = 0.3, 0.4, 0.5 Å. The models with the
best bias-variance trade-off, interpreted here as the one maximizing the coefficient
of determination R2 on the validation set and minimizing the difference between
the R2 in the validation and training sets, were selected as the best models. Such
models were obtained by setting rcut = 3.5 Å for Li 1s, rcut = 2.5 Å for C 1s and
σa = 0.3 Å in both cases. This models give an R2 coefficient of 0.992 for Li 1s
and 0.987 for C 1s.

The level of accuracy presented by these models within the LixC dataset could
be leveraged to do some data analytics. For example in Figure 6.4 (weft) we show,
using Chemiscope, the capabilities of the model for the identification of C sp3/sp2

hybridization harnessing the predicted BEs. Another application is presented on
the right panel, where it could be appreciated that the presence of a Li atom
(marked in green) only affects the nearest C atoms, in terms of BE, proving the
locality of XPS.

In order to asses the generalization capabilities of the models trained on the
LixC dataset, a group of external structures, generated with different approaches,
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Figure 6.3: (Left) BE prediction error corresponding to the Li 1s (top) and C 1s
(bottom) gaussian KRR models for the LixC validation set. The average MAE
prediction error between BEs obtained with ML and ab initio DFT is shown for
different local environment cutoff radii as a function of the training set size Ntrain.
For the selected cutoff radius an inset was added containing the average BE error
(dot and line) with its incertitude (shaded region) quantified as two times the
standard deviation within the cross validation folds. (Right) Performance of the
gaussian KRR models corresponding to the Li 1s (top) and C 1s (bottom) for
the LixC train (red triangles) and validation (blue and grey triangles for Li and C
respectively) sets. The coefficient of determination R2 for the relation between ML
predictions and ab initio DFT (target) is reported in the legend. The histogram
for the difference between BEs obtained with ML and ab initio DFT is shown as
an inset.
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sp3

sp2 sp2

Li-C

Figure 6.4: Examples of data analytics performed on the raw data generated by the
ML model for the LixC dataset. (Left) C sp3/sp2 hybridization identification using
the predicted BEs. The C atoms are colored according to the BE vertical scale.
(Right) Probing the locality of XPS, only the nearest C atoms are influenced, in
terms of BE, by the presence of a Li atom (marked in green).

was selected. This external dataset is composed by amorphous carbon (aC) from
Ref. 306 and Li12C194, Li28C196 and Li48C216 from Ref. 307. The ML predictions
are benchmarked against full and approximated ab initio DFT as described in
Figure 6.5. The approximated DFT spectra were obtained by applying different
clustering algorithm to the SOAP descriptors. This approach computes the spec-
trum using only the environments located at the center (centroids) of the clusters
determined either by k-means (orange), CUR (green) or hierarchical clustering,
in particular Agglomerative Clustering (AggC in maroon), where the remaining
points within the cluster are approximated by the centroid. The number of clusters
are determined by the CUR scores attributed to each SOAP vector. In general,
the approximation of the spectra using clustering outperforms in terms accuracy
the ML model trained on the LixC dataset, as could be observed in Figure 6.5 left
(XPS for C 1s in aC) and right (XPS for C 1s in Li12C194) panels.

The quantification of the accuracy, expressed as the normalized XPS spectrum
area difference (in %) are reported in Table 6.1, confirming the poor generalization
of the models. These results suggest that new environments should be added to the
LixC dataset in order to increase the flexibility of the model. For instance, there
are no aC-like structures in the dataset, leading to the highest error among all
the structures, quantified at 48.6 %. Nevertheless, generating approximate XPS
spectra using clustering techniques offers the potential to significantly reduce the
computational effort without sacrificing the accuracy much. It is worth noting that
no optimizations were performed regarding the SOAP parameters or the metrics
used in the clustering process, suggesting that there is room for improvement. We
plan to explore these optimizations in the next future.
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Figure 6.5: ML model predictions (magenta) on out of sample structures tested
against full and approximated ab initio DFT benchmarks. The full ab initio results
are represented by the BEs (red bars) and full XPS spectrum (blue area). The
approximated ab initio computes the spectrum using the environments located
at the center (centroids) of the clusters determined by k-means (orange), CUR
(green) or hierarchical clustering (AggC in maroon), where the remaining points
within the cluster are approximated by the centroid. (Left) Results for C 1s
spectrum in amorphous C. (Right) Results for C 1s spectrum in Li12C194.

Figure 6.6 presents the training results for models predicting the Li 1s and
Si 2p BEs in the LixSi dataset. The left panels show the prediction error of the
BEs compared to those computed using ab initio DFT for the validation set, as
a function of both the cutoff radius rcut and the number of training structures
included in the training set. Similar to what is observed in the models trained
in the LixC dataset, rcut=5.5 Å and rcut=3.5 Å define the larger and smaller
values of MAE, respectively. Once again, all models, regardless of the value of
rcut, exhibit a decreasing error trend as more environments are added during the
training process. On the right panels, we present the correlation plots for Li 1s
(top) and Si 2p (bottom) BEs between the best model predictions and the ab
initio DFT reference for both the training (red triangles) and the validation set
(blue triangles for Li and orange triangles for Si). We trained a total of 12 models
by taking into account all the combinations of cutoff radii rcut = 2.5, 3.5, 4.5, 5.5
Å, with radial scaling, and atomic density smoothing σa = 0.3, 0.4, 0.5 Å. The
models with the best bias-variance trade-off, were selected as the best models.
Such models were obtained by setting rcut = 3.5 Å for Li 1s, rcut = 2.5 Å for Si
2p and σa = 0.3 Å in both cases, generating an R2 coefficient of 0.955 for Li 1s
and 0.900 for Si 2p.

We follow the same procedure outlined earlier to assess the generalization
capabilities of the models trained on the LixSi dataset. In this case, we tested
the performance on a single out-of-sample structure, Li96Si128, from Ref. 308.
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Figure 6.6: (Left) BE prediction error corresponding to the Li 1s (top) and Si 2p
(bottom) gaussian KRR models for the LixSi validation set. The average MAE
prediction error between BEs obtained with ML and ab initio DFT is shown for
different local environment cutoff radii as a function of the training set size Ntrain.
For the selected cutoff radius an inset was added containing the average BE error
(dot and line) with its incertitude (shaded region) quantified as two times the
standard deviation within the cross validation folds. (Right) Performance of the
gaussian KRR models corresponding to the Li 1s (top) and Si 2p (bottom) for the
LixSi train (red triangles) and validation (blue and orange triangles for Li and Si
respectively) sets. The coefficient of determination R2 for the relation between ML
predictions and ab initio DFT (target) is reported in the legend. The histogram
for the difference between BEs obtained with ML and ab initio DFT is shown as
an inset.
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CHAPTER 6. ML APPLICATIONS TO CORE-LEVEL SPECTROSCOPIES

Structure error k-means (%) error CUR (%) error AggC (%) error ML (%)

C 1s Li 1s C 1s Li 1s C 1s Li 1s C 1s Li 1s

aC 10.6 - 4.7 - 10.8 - 48.6 -
Li12C194 12.2 0.9 5.2 1.3 6.6 1.3 10.2 46.0
Li28C196 3.2 2.5 5.9 6.0 15.4 7.5 13.8 56.1
Li48C216 8.8 8.1 12.3 24.9 13.6 13.2 26.6 27.2

Si 2p Li 1s Si 2p Li 1s Si 2p Li 1s Si 2p Li 1s

Li96Si128 4.8 2.6 4.3 6.0 4.0 12.9 1.9 5.9

Table 6.1: Absolute errors of the normalized XPS spectra constructed using
clustering-approximated ab initio DFT and the ML model predictions for the
structures in the external dataset. The errors (expressed as percentage) are re-
ferred to the full DFT calculation and computed as

∑
i |yDFT

i − ypredi |∆Ei, where
yi reffers to the intensity of the XPS spectrum at the energy bin ∆Ei.

The ML predictions were benchmarked against both full and approximated ab
initio DFT, as shown in Figure 6.7. Notably, the accuracy of the ML model
matches or surpasses that achieved with clustering-based spectral approximations,
as demonstrated in the left (XPS for Li 1s) and right (XPS for Si 2p) panels.
The quantified accuracy, reported in Table 6.1, confirms the strong generalization
performance of the trained models.

6.2 Stoichiometry map for Si-based anodes

One of the key limitations in the quantification process outlined in chapter 4 is the
insufficient knowledge of the LixSi phases that form at various potentials. In the
context of Si-based anodes, studies aimed at identifying the various LixSi phases
are limited. From the experimental side, we found a study focused on an operando
XPS investigation of the lithiation and delithiation processes in amorphous Si
thin film electrodes [11]. However, we did not find a theoretical counterpart
relating the XPS measurements with concentration of Li inside the Si matrix. The
primary challenge lies in the formation of amorphous phases during the lithiation
and delithiation of the electrode, which significantly increases the computational
effort required for ab initio XPS simulations. For example, if we focus on some
observable, A, its value in the case of an amorphous solid with no symmetry
equivalence is analogous to an ensemble average of A over all the equally likely
static configurations xi. If we define A as the binding energy value at which the
XPS spectrum is maximum for a given Li concentration x and static configuration
xi, BExi

max, then for an amorphous LixSi phase we will have
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Figure 6.7: ML model predictions (magenta) on an out of sample structure tested
against full and approximated ab initio DFT benchmarks. The full ab initio results
are represented by the BEs (red bars) and full XPS spectrum (blue area). The
approximated ab initio computes the spectrum using the environments located
at the center (centroids) of the clusters determined by k-means (orange), CUR
(green) or hierarchical clustering (AggC in maroon), where the remaining points
within the cluster are approximated by the centroid. Results for Li 1s (left) and
Si 2p (right) XPS spectrum in Li96Si128.

BEx
max =

1

N

N∑
i=1

BExi
max, (6.1)

where N is the number of static configuration, or, in our case, structures, with the
same Li concentration x. Determining BEx

max requires computing N XPS spectra,
which implies that generating a stoichiometry map with Nx Li concentrations
would necessitate N × Nx XPS simulations. In this context, the ML model can
be employed to efficiently compute all the XPS spectra for the structures in the
LixSi dataset, significantly reducing the computational effort.

Figure 6.8 shows the energy position for the maximum of the Si 2p XPS
spectrum against Li concentration. The red squares (green stars) represent BEx

max,
calculated from the ML predictions (ab initio DFT calculations) using all the (the
training set) structures in the LixSi dataset with the same stoichiometry. The
points are connected with a blue (orange) line and the uncertainty is represented
by the blue area (error bar in the inset), corresponding to the standard deviation
across all the structures with the same Li concentration. Interestingly, the BEx

max

predicted by the model shows a smooth variation with a small error in the 0< x <
1.5 region. This trend is less apparent for the ab initio results from the training set
(green stars), suggesting that convergence has not yet been achieved with respect
to the number of static configurations used.

We compared our results with operando XPS experiments presented in Fig-
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Figure 6.8: Energy position for the maximum of the Si 2p XPS spectrum against
Li concentration for the LixSi dataset. The red squares (green stars) represent
the average of the maximum obtained from the ML predictions (ab initio DFT
calculations) using all the (the training set) structures in the LixSi dataset with the
same stoichiometry. The points are connected with a blue (orange) line and the
incertitude is represented by the blue area (error bar in the inset), corresponding
to the standard deviation across all the structures with the same Li concentration.
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Figure 6.9: BE position for the maximum of the Si 2p XPS spectrum against Li
concentration. ML model (line) and experiment (+) from Ref. 11.

ure 6.9. The experimental points (+) corresponds to the delithiation process in
the region 0< x < 2, rich in amorphous LixSi phases [11]. Since referencing and
calibrating BE scales can be challenging in dynamic operando environments, es-
pecially with changes in sample charging, or shifts in electronic structure, the
experimental points were shifted 2 eV upwards in order to coincide in BE with
post-mortem experiments [309, 310]. The results obtained with the ML model
reproduce nicely the trend measured in the experiment, validating the use of sur-
rogate models in the construction of stoichiometry maps in amorphous systems.

6.3 Conclusions

In this Chapter, we presented our work on trained ML models, based on gaussian
KRR and SOAP descriptors, for the prediction of XPS spectra. A comprehen-
sive approach, integrating an automated AiiDA workflow for first-principles XPS
simulation with sample sub-selection via FPS, is employed to generate the critical
amount of data needed for the training process. The ML models were trained on
two representative datasets of LixC and LixSi structures, achieving an accuracy
of 0.1 eV, i.e., matching the typical experimental resolution of XPS. Generaliza-
tion tests and benchmarks against approximated methods were performed. The
results reveal poor generalization for the models trained on the LixC dataset. In
contrast, the models trained on LixSi demonstrated greater flexibility, enabling
the construction of a stoichiometry map with results comparable to those from
operando XPS experiments.
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Conclusions

In this Thesis, I explored multiple facets of materials characterization through
core-level spectroscopies assisted with computational modeling, contributing in-
sights into the analysis of hydrogenated graphene, silicon-based anodes, and ma-
chine learning applications in XPS prediction.

First, the simulations I performed on hydrogenated graphene provided a deeper
understanding of its electronic and structural properties, particularly through the
relationship between sp2/sp3 hybridization and core-level shifts. These findings
are pivotal in interpreting experimental XPS data and validating structural trans-
formations during hydrogenation, thus offering a framework for precise character-
ization of different hydrogenation states.

Second, the study of silicon nanoparticle anodes using XRS revealed unique
chemical signatures tied to the SEI formation and its evolution during lithiation
and delithiation. Through a multi-edge semi-quantitative approach, we identified
key SEI components such as Li2CO3, LiPF6, and LiF, and quantified irreversible
lithium loss, correlating these findings with the observed first-cycle capacity loss in
silicon anodes. These insights align with previous studies and underscore XRS as
a powerful tool for bulk analysis of composite materials, complementing surface-
limited XPS. Additionally, I demonstrated the practical application of ab initio
DFT simulations in constructing reference datasets to assist experimental inter-
pretation and seamlessly integrate them into data fitting and quantification pro-
cesses.

To automate the construction of reference datasets, I developed a robust work-
flow for ab initio DFT XPS computation, providing a high-throughput, modular
platform for simulating spectra with a level of accuracy comparable to existing
implementations. This Python-based tool enables users to perform tailored sim-
ulations for finite and crystalline systems, proving highly adaptable for various
material studies. The workflow is fully integrated into AiiDA-QE and AiiDAlab,
making it easily accessible to a wider community of researchers.

Lastly, I trained surrogate models for computing the XPS spectrum on LixC
and LixSi datasets, achieving a prediction accuracy consistent with experimental
XPS resolution. For this purpose, I implemented a comprehensive approach, inte-
grating the XPS workflow, for first-principles XPS simulation, with sample sub-
selection via FPS, to generate the critical amount of data needed for training pro-
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cess. I evaluated critically the generalization capabilities of the machine learning
models against clustering-approximated approaches, and only those trained on the
LixSi dataset showed enhanced flexibility. I applied the ML model trained for pre-
dicting Si 2p BEs in the creation of a stoichiometry map comparable to operando
XPS experiments. These developments highlight the potential of ML methods
for efficient spectral prediction, particularly in complex systems like amorphous
LixSi.

In conclusion, this study advanced our understanding of material character-
ization by core-level spectroscopies, combining experimental and computational
approaches. The contributions from this work open new possibilities for future
research by leveraging the automation of ab initio core-level spectroscopy calcu-
lations with machine learning methods, enhancing data generation capabilities
needed for spectroscopic analysis in materials science. Looking ahead, we plan
to extend the methodology developed in this work to XAS and XRS, providing a
scalable framework for the automated study of core-level spectroscopies.
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Appendices

6.4 Multi-edge XRS data

6.5 Description of the C, O and F K-edges fea-

tures

6.5.1 C K-edge features

The reference samples used for describing the C K-edge of the two electrode
states in the main text are Li2CO3 and CMC+Super P. The first is known as one
of the main components of SEI film. The second one is a mixture of binder and
conductive additive used for preparing the electrode. For Li2CO3 the main features
in the spectrum are attributed to the CO 2–

3 ion. The peak positioned at 290.4 eV
is associated with transitions from C=O 1s to antibonding π∗ states. Additional
broader features located at 297.8 and 300.7 eV are related with transitions from
both C−O and C=O 1s to σ∗ antibonding orbitals. Two peaks were identified for
the CMC+Super P reference at 285.4 and 292.4 eV corresponding to transitions
from C=C 1s to π∗ and C–C 1s to σ∗ respectively. Peaks associated with the
carbonate group in the CMC+Super P spectra are suppressed as a consequence
of the chemical bond between the CMC binder and the active particle [193, 194].

6.5.2 O K-edge features

The reference samples used for describing the O K-edge of the electrode states
are Li2CO3 and the pristine electrode. The reference pristine has 50% of Si NPs
blended with 25% CMC and 25% Super P deposited in Cu foil. It is expected that
the pristine electrode signal contains features from both SiO2 and CMC+Super P.
The first is formed naturally as an external layer when the Si NPs are in contact
with O, reaching up to 20% of the NP size at room temperature [311]. O K-edge
spectrum for the pristine electrode resembles the one reported for SiO2 films [8, 4]
confirming the oxidation process on the surface of the NPs. This supports the
findings for the C K-edge where the CMC+Super P spectra didn’t show significant
contribution from the C=O and C−O groups.
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Figure 6.10: (Top panels) Experimental non-resonant inelastic X-ray scattering
spectra of c-Si NPs electrodes for the C, O, F and Li K-edges and the Si L2,3-edge
in the lithiated (red) and delithiated (blue) SoC, as well as their difference (grey
area) to highlight the main changes between the two SoC. (Bottom panels) XRS
spectra for the reference compounds measured in the same conditions and set-up.

As the case of the C K-edge, the principal features for the O K-edge in Li2CO3

are related to environments containing CO 2–
3 . A first peak located at 533.9 eV is

associated with transitions from C=O 1s to π∗ orbitals. Other features present at
539.3, 542.8 and 545.6 eV are related with transitions from C−O and C=O 1s to
σ∗ states. The pristine electrode spectrum has contributions from the principal
characteristics of the SiO2 O K-edge. On the white line two peaks located at
538.2 and 544.0 eV are identified, both attributed to transitions from O 1s to σ∗

states in an environment with O 2p - Si 3sp hybridization [8, 312]. The feature at
544.0 eV depends on the structural order, ranging from near-negligible intensity
in thermally grown SiO2 films [4, 8] to a well-resolved peak in a more crystalline
phase, like α−SiO2 [313]. A last broader feature placed at 559 eV arise from
transitions to σ∗ states in environments containing O 2p states hybridized with Si
3d orbitals [312].

6.5.3 F K-edge features

In order to describe the F K-edge spectra, LiPF6 and LiF were selected as ref-
erences. Both compounds are the main fluorinated components of the SEI, the
first is present in the electrolyte and the second appears after the first cycle as a
decomposition product of the former [176]. The principal features of LiF (a-f) are
originated by dipole-allowed transitions to final states with similar spatial sym-
metry [314, 315]. Dipole-forbidden transitions give raise to the excitonic peak a∗

located at 690.2 eV contributing in a less extent to the features e and f [314, 116].
For LiPF6 the main features in the spectrum are attributed to the PF –

6 ion.
According to molecular orbital description of octahedral coordinated molecules,
peaks a1, b1 and (c1, d1) corresponds to transitions into F 2p - P 3s, F 2p - P 3p
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Figure 6.11: Linear fitting of the recovered capacity from Li trapped in Si NP (data
taken from Ref. 12) vs. the final lithiation potential. The lithiation potential used
in this work, 10 mV, implies that 17% of the total capacity loss corresponds to
the Li trapped in Li-Si alloys.

and F 2p - P 3d hybridized orbitals respectively [216, 316]. The shoulder identified
by a∗

1 was reported previously for powder samples [217, 317, 318], however this
feature is attenuated in LiPF6-based electrolytes (LiPF6 dissolved in EC:DMC)
[217, 216]. This variation may be consequence of the different local environments
and could serve as a fingerprint for distinguish between crystalline LiPF6 (SEI)
and [PF –

6 ]-bearing solvation shell structures (electrolyte).

6.6 Estimate of the Li trapped in Si NPs

In the main text, we make use of recent titration-gas chromatography experi-
ments [241] conducted on similar Si NPs with a Na-CMC binder and acetylene
carbon black as the conductive additive to estimate the amount of Li trapped in
Li–Si alloys. As a sanity check, we propose here an alternative approach based
on galvanostatic measurements. We make use of the galvanostatic measurements
presented in Ref. 12, where similar samples are held at decreasing low cutoff volt-
ages (from 600 to 1 mV) and then fully delithiated at a cell potential of 2.0 V.
The values of the recovered capacity for each lithiation potential, extracted from
Figure 3a of Ref. 12, are reported in figure 6.11 (purple triangles). By using a
linear fitting of these values, we interpolate the capacity loss corresponding to
the lithiation potential used in this work, i.e. 10 mV, which corresponds to 17%
of the total capacity loss. This agrees quite well with the value obtained from
titration-gas chromatography [241], i.e. 19%.
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[202] Dominik Petz, Martin J Mühlbauer, Volodymyr Baran, Alexander Schökel,
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Muratahan Aykol, Stephan Rühl, and Chris Wolverton. The open quantum
materials database (oqmd): assessing the accuracy of dft formation energies.
npj Computational Materials, 1(1):1–15, 2015.

[271] Claudia Draxl and Matthias Scheffler. The nomad laboratory: from data
sharing to artificial intelligence. Journal of Physics: Materials, 2(3):036001,
2019.

[272] Alec Belsky, Mariette Hellenbrandt, Vicky Lynn Karen, and Peter Luksch.
New developments in the inorganic crystal structure database (icsd): acces-
sibility in support of materials research and design. Acta Crystallographica
Section B: Structural Science, 58(3):364–369, 2002.

[273] Leopold Talirz, Snehal Kumbhar, Elsa Passaro, Aliaksandr V Yakutovich,
Valeria Granata, Fernando Gargiulo, Marco Borelli, Martin Uhrin, Sebasti-
aan P Huber, Spyros Zoupanos, et al. Materials cloud, a platform for open
computational science. Scientific data, 7(1):299, 2020.

[274] Kamal Choudhary, Kevin F. Garrity, Andrew C. E. Reid, Brian DeCost,
Adam J. Biacchi, Angela R. Hight Walker, Zachary Trautt, Jason Hattrick-
Simpers, A. Gilad Kusne, Andrea Centrone, Albert Davydov, Jie Jiang,
Ruth Pachter, Gowoon Cheon, Evan Reed, Ankit Agrawal, Xiaofeng Qian,
Vinit Sharma, Houlong Zhuang, Sergei V. Kalinin, Bobby G. Sumpter,
Ghanshyam Pilania, Pinar Acar, Subhasish Mandal, Kristjan Haule, David

152



Vanderbilt, Karin Rabe, and Francesca Tavazza. The joint automated repos-
itory for various integrated simulations (jarvis) for data-driven materials
design. npj Computational Materials, 6(1):173, Nov 2020.

[275] Anubhav Jain, Shyue Ping Ong, Geoffroy Hautier, Wei Chen,
William Davidson Richards, Stephen Dacek, Shreyas Cholia, Dan Gunter,
David Skinner, Gerbrand Ceder, and Kristin A. Persson. Commentary: The
Materials Project: A materials genome approach to accelerating materials
innovation. APL Materials, 1(1):011002, 07 2013.

[276] National Science and Technology Council (US). Materials genome initiative
for global competitiveness. Executive Office of the President, National Sci-
ence and Technology Council, 2011.

[277] Jens Broeder, Daniel Wortmann, and Stefan Blügel. Using the aiida-fleur
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