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Abstract

In this thesis, I explore the possibility of constructing machine-learning models of the interacting
density-density response function (DDRF) and quantities derived from it. Accurate models of
the DDRF are a crucial ingredient to enabling GW quasiparticle calculations of more complex
systems. Model DDRF's bypass the expensive calculation and inversion of the dielectric matrix,

which is the origin of the poor scaling of the GW method with the number of atoms.

The thesis is organized as follows:

e Chapter 2 systematically reviews common descriptors used for machine-learning physical
quantities. The key ideas behind the construction of such descriptors are discussed. First,
I introduce several descriptors that systematically incorporate symmetry transformations
that leave the target quantity invariant. These descriptors can be used for learning
quantities such as the ground-state energy, atomization energies and scalar polarizabilities.
Next, I discuss several descriptors and models that are equivariant under transformations
of the molecular structure. These descriptors are ideal for learning quantities which
transform in a defined way under the action of a transformation, such as vectors, tensors

and functions, including the DDRF.

e In Chapter 3, I introduce the key electronic structure methods employed throughout the
thesis. I start by introducing density functional theory, followed by a detailed introduction
to the GW method and the DDRF.

e In Chapter 4, I develop a machine-learning model of an invariant quantity derived from
the random phase approximation (RPA) DDRF: the scalar polarizability. In this chapter, I
calculate the DDRF of 110 hydrogenated silicon clusters. The results of these calculations
are then used to train a model of the scalar polarizability based on the SOAP descriptor [16].
The resulting model is then used to predict the scalar polarizability of clusters with up to
3000 silicon atoms while converging to the correct silicon scalar polarizability bulk limit.
The findings of this chapter indicate that the scalar polarizability - even though derived
from the non-local DDRF - can be accurately predicted from structural descriptors that
only encode the local environment of each atom. These results indicate that the response

of a non-metallic system to an external potential described by the DDRF may also be
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approximated as a sum of localized atomic contributions, which forms the motivation for

the following two chapters.

In Chapter 5, I develop an approximation to the DDREF of the silicon clusters based on a
projection onto atom-centred auxiliary density-fitting basis sets. The results of this chapter
indicate that the plane-wave DDRF can be efficiently represented by a small localized basis,
thus significantly reducing the size of the DDRF. At the end of this section, I develop a
simple neural-network model of the DDRF in this localized basis, highlighting the necessity

for using an equivariant descriptor and motivating the next chapter’s developments.

In Chapter 6, I develop a new approximation to the DDRF, which allows a decomposition
into atomic contributions. I further introduce the neighbourhood density matrix (NDM),
a non-local extension of the SOAP descriptor [16], which transforms under rotations in
the same way as the atomic contributions to the DDRF. The developed method is then
applied to the silicon clusters from the previous chapters. Using the NDM, I develop a
neural-network model capable of accurately predicting the atomic contributions to the
DDRF. These atomic contributions are transformed into a plane-wave basis and summed
to obtain the DDRF of a silicon cluster. The predicted DDRFs are then used in GW
calculations, which show that the model DDRFs accurately reproduce the quasiparticle
energy corrections from GW calculations, as obtained within the atomic decomposition
of the DDRF. This methodology can be used to construct arbitrarily complex model
DDRFs based on purely structural properties of clusters and nanoparticles, paving the
way towards GW calculations of complex systems, such as disordered materials, liquids,

interfaces and nanoparticles.
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Chapter 1

Introduction

1.1 Excited state calculations

Density functional theory [85, 103] has shown tremendous success in the calculation of ground
state properties from first principles. However, it is well known that the fundamental band gap
is significantly underestimated when computed using Kohn-Sham eigenvalues [169, 166]. The
band gap Eg of a system with N electrons is defined as the difference between its ionization

potential I and its electron affinity A [30]

Bo=1-A (1.1)

Naively, one might assume that the Kohn-Sham band gap, i.e. the difference between the

valence band maximum (VBM) and conduction band minimum (CBM) [30]

ES® = ecpm — evpu, (1.2)

yields a good approximation to Eg. However, it can be shown [145, 169] that these two quantities
differ by the so-called derivative discontinuity of the exchange-correlation potential Ax¢, which
corresponds to a discontinuity in the exchange-correlation energy as a function of the total
number of electrons. This is commonly used as an explanation for the underestimation of the

band gap [169, 30]. A common procedure for calculating the band gap is the A-scf method
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CHAPTER 1. INTRODUCTION

which estimates Eg as [37]

Eg=1—A=EN+1)+ E(N —1)—2E(N), (1.3)

by explicitly calculating the ground state total energies of systems with N, N +1 and N — 1
electrons. This approach significantly improves the HOMO-LUMO gap in molecules [37, 126].
For solids, however, this quantity is problematic as there are no localised states in which the
occupation can be changed and adding an electron to a completely delocalized state would not
have an effect [126]. Moreover, it should be noted that only the band gap is accessible through

the A-scf method, and higher excitations are inaccessible.

One approach that yields significantly better estimations of the band gap in solids is the GW
approximation to the self-energy >, which is based on the self-consistent set of equations for the
one-electron Green’s function first derived by Hedin in 1965 [79]. The earliest applications of
the GW approximation were developed by Strinati et al. in 1982 [175] and later by Hybertsen
and Louie [90]. A detailed summary of the GW approximation will follow in Chapter 3, but
to motivate this thesis, I will briefly introduce the core concepts. The key idea behind the
GW approximation is to replace the local or semi-local exchange-correlation potential V. by
the non-local, frequency-dependent self-energy X, yielding corrected quasi-particle energies

according to [90]

EQP — eDFT _ (nk|V,o|nk) + (nk|S|nk), (1.4)

n.

where evaluating only the diagonal elements of the self-energy operator (nk|X|nk) already yields
excellent estimates of the band gap, with errors of the order of 0.01 eV [90], compared to the
result obtained by also including off-diagonal elements. In the case of silicon, Hybertsen et al.

found that the GW approximation yields errors in the band gap as small as 0.12 eV.

The name GW stems from the approximation to the self-energy operator ¥ in terms of the

many-body one-electron Green’s function G' and the screened Coulomb interaction W [139]
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CHAPTER 1. INTRODUCTION

2 = iGW. (1.5)

In contrast to the bare Coulomb interaction v, the screened Coulomb interaction is frequency

dependent and is evaluated via the inverse dielectric function e~! according to

Wir,r',w) = /drzel(r,rg,w)y(rz,r’). (1.6)

Within the random-phase approximation (RPA), which will be introduced in Chapter 3, the

inverse dielectric function is computed by inverting the dielectric function [90]

e(r,r’,w)=0(r—r') — /dr"u(r, r")xo(r', 1", w). (1.7)

Here xo denotes the non-interacting density-density response function (DDRF), which maps an
external potential to the resulting density response of a system of non-interacting electrons. xq
is commonly calculated as a sum over states within the Adler-Wiser formulation [3, 195], which

I will derive in Chapter 3.

In many cases, it is sufficient to only evaluate yg at w = 0, since the zero frequency
inverse dielectric matrix can be extended to finite frequencies using the generalised plasmon-
pole approximation (GPP) [90, 171]. The GPP models the frequency dependence of the
dielectric matrix in terms of collective modes called plasmons and will be introduced in detail in
Chapter 3. The GPP has been shown to yield excitation energies in excellent agreement with
experiment while significantly reducing the computational cost of computing the self-energy
[119]. However, the DDRF within the Adler-Wiser formulation requires a sum over empty and
occupied states [3, 195]. The summation scales roughly as 1/e,, . , with €, . being the highest
unoccupied state included in the summation. As such, many empty states are required to
converge Yo, making it one of the critical bottlenecks of GW calculations [139, 153]. The poor
convergence properties of xq led to the development of a number of model dielectric functions,

which are discussed in the next section.
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CHAPTER 1. INTRODUCTION

1.2 Model dielectric functions

In order to understand the development of more advanced dielectric functions, it is instructive
first to consider a classical treatment of screening via the Drude model. The Drude model
results from a classical treatment of the equations of motion in a free electron gas, where it is
assumed that atoms lose their valence electrons to become positive ions [11]. The electrons form
a non-interacting electron gas and are scattered randomly by the metallic ions [7]. The response

of these electrons to an external electric field E(t) is given by the classical equation of motion

0? 0
mﬁr(t) + myar(t) = —cE(1), (1.8)
where m is the effective mass of an electron, and ~ is a characteristic collision frequency [7, 11].

By taking the Fourier transform of the above expression, one obtains

eE(w)

o ! (1.9)

r(w) =

The macroscopic polarization P(w) resulting from the displaced electrons is then given via the

density of charge carriers n according to

_ ne’E(w)
P(w) = i o (1.10)

Since the macroscopic polarization is given via the density response function y, with P(w) =

X (w)E(w) we find that [7]

2
= 1.11

W) =~ s (1.11)

Using the definition of the dielectric function in terms of the density-density response function

as €(w) = 1 + 4mx(w), we obtain the Drude dielectric function [7]

(1.12)
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which is often written as

2
wp

(w? + iwy)’ (113)

€(w) = €0 —

where wy, is the plasma frequency and e, is a parameter that accounts for the contribution of
positive ion cores [7]. From Eq. (1.13), it is clear that the Drude model only considers the large
wavelength limit ¢ — 0.

One of the first rigorous quantum mechanical treatments of screening in the free electron gas was
developed by Lindhard [118], who derived the well-known Lindhard dielectric function of the
electron gas. The Lindhard dielectric function is derived from the non-interacting DDRF x of
the free electron gas, for which an analytical solution can be obtained at zero temperature [172].
This allows the determination of the RPA dielectric function according to Eq (1.7). Lindhard
[118] showed that the non-interacting density-density response function of the free electron gas

can be written as

Z hfo Ek fo €k+q) (1'14>

W — €xtqt+ €k + 10

where 0 is an infinitesimal constant to shift the poles away from the real line, V' is the unit-cell
volume, and fy is the zero temperature Fermi distribution [172]. This sum can be evaluated
by replacing it with an integral over k and by assuming parabolic dispersion in k [7]. Several
generalisations have been introduced since then to allow the treatment of semiconductors using
model functions. These model functions are usually constructed to obey the Kramers-Kronig
relations and the sum rules of the exact dielectric function. For example, the models proposed
by Hybertsen, Levine and Louie [114, 92] or the one by Capllini et al. [35, 19] have been applied
in the past [136, 23, 76].

One of the key limitations of these models is that they rely on a spatially uniform dielectric
constant, which may prevent them from being used for complex systems with spatially dependent
screening [153]. In order to apply model dielectric functions to more complex systems, Rohlfing

[153] proposed to model the dielectric function as a sum of atomic contributions

N
1 Vi
(q) = daa — / 1.1
€GG (q) GG T |G—|—q||G’—|—q| ; VXnGG (CI), ( 5)

20



CHAPTER 1. INTRODUCTION

where V, is the atomic volume and G are reciprocal lattice vectors. The atomic DDRF x,ca/(q)
is computed from the Fourier transform of a Gaussian charge density centred on individual
atoms. The atomic volume can be used to assign a different weight to the contribution of each
atom to the total density response.

The modelling of the dielectric function as a sum over atomic contributions forms the key
motivation for this project: to develop flexible model dielectric functions using machine learning.
While machine learning usually focuses on the prediction of scalar quantities, several attempts
at predicting more complex quantities such as the ground state electron density have been
made [31, 5, 72, 38]. The work by Grisafi et al. [72], who predicted ground state densities in a
local atom-centred basis using the equivariant SOAP kernel, is of particular relevance in the
context of this thesis. In this thesis, I develop an approach similar to that of Grisafi [72] for
the electronic density, where the DDRF is first decomposed into atomic contributions, each of
which can then be learned by a neural network model based on a purely structural descriptor.
To the best of my knowledge, this work constitutes the first application of machine learning to

predict non-local quantities based on purely structural descriptors.
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Chapter 2

Navigating the feature forest

Modern machine learning algorithms such as Kernel Ridge Regression (KRR), Gaussian Process
Regression (GPR) or Artificial Neural Networks (ANNs) are well understood and widely used,
with extensive literature describing them in detail such as Barber [12] or Murphy [132]. However,
in order to apply these methods in the context of materials property prediction, information
about the structure and chemistry of a given material has to be encoded appropriately in a
descriptor, also commonly referred to as a feature vector in the machine learning community. The
following sections discuss the key ideas involved in the construction of these descriptors and how
to classify them into different types of descriptors. The prediction of scalar properties requires
descriptors to be invariant under transformations that leave the target property unchanged.
As we will see throughout this chapter, this invariance can be achieved in different ways. For
tensor properties, as well as functions, invariant descriptors are no longer sufficient to encode
the structure of a molecule or cluster, and further considerations are required. The solution to
this problem is discussed in Section 2.2, where I discuss equivariant descriptors, as well as what
properties a model, such as a neural network, has to obey in order to respect the behaviour of a
target property under the action of certain transformations. These equivariant descriptors are
particularly interesting in the context of developing an ML model of the DDRF, as the DDRF is
not invariant with respect to many transformations of the underlying structure, such as rotation
or translation. As such, an understanding of the ideas behind equivariant descriptors is a key

requirement for the development of model DDRFs based on structural descriptors of molecules
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and clusters.

2.1 Invariant representations

In order to apply machine learning methods to the prediction of scalar properties, descriptors
should be constructed such that they are invariant under symmetry transformations of a molecule
(permutation, rotation, reflection, translation, etc.) and such that they uniquely define the
system. One of the simplest descriptors that characterise a system would be a list of chemical
species and Cartesian coordinates of a system. However, in such a list, the ordering of atoms is
arbitrary. Thus, two systems which are physically the same can have a very different descriptor
[15]. Hence, a number of more elaborate descriptors have been proposed in the literature, such
as wavelet scattering invariants [83, 56, 82], the bispectrum [104, 100], the smooth overlap of
atomic positions (SOAP) descriptor [15, 36], the bag of bonds descriptor [77] and the Coulomb

matrix [159].

2.1.1 Coulomb matrix

The Coulomb matrix is a descriptor inspired by the input to electronic structure calculations.
It encodes information about pairwise distances |r; — rj| and nuclear charges Z; in a matrix

according to [158]

052", ifi=j.
M;; (2.1)
oL i,

where n is a positive number.

Using this definition, the Coulomb matrix only depends on distances between atoms and is
thus invariant under translations, rotations and reflections of the molecule. However, similar
to a list of Cartesian coordinates and atomic species, the ordering of the rows of the Coulomb
matrix is arbitrary. Moreover, the dimensions of the matrix depend on the number of atoms in

a given system. The dimensionality problem is typically solved by padding smaller Coulomb
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matrices with zeros, such that they all have the same dimensions as the largest Coulomb matrix
in the data set [78]. In order to solve the problem of ordering, a number of approaches have been
proposed in the literature, namely the eigenspectrum representation, sorted Coulomb matrices,

and using a set of randomly sorted Coulomb matrices [78].

In the eigenspectrum representation proposed by Rupp et al. [160], the Coulomb matrix
of a system is diagonalised, and the eigenvalues are sorted by magnitude. The list of sorted
eigenvalues is now invariant with respect to permutations of atoms and also retains the invariants
of the original Coulomb matrix. While the eigenspectrum representation is invariant under the
symmetries of a system, the dimensionality of the descriptor is reduced drastically, which may

lead to a loss of information as noted by Hansen et al. [78].

The second approach to construct permutationally invariant Coulomb matrices is achieved
by sorting the rows of a given matrix in descending order of their norm [78]. While this approach
maintains the dimensionality of the original Coulomb matrix, it may lead to drastic changes in the

representation if the ordering of rows changes due to small perturbations to atomic positions [78].

The most robust variant of the Coulomb matrix descriptor consists of using a set of randomly
permuted Coulomb matrices. Hansen et al. [78, 130] proposed to construct a vector |C|,
containing the norms of rows of Coulomb matrices and to add a noise term e drawn from a
normal distribution. A randomly sorted Coulomb matrix is then computed by permuting the
rows of the original Coulomb matrix such the permutation sorts |C| + ¢ in descending order.
This procedure is repeated until a sufficiently large sample size from the set of all valid Coulomb

matrices of a system is obtained.

The key disadvantage of this approach is that the computational cost of training and predic-

tion grows with the number of randomly sorted coulomb matrices included in the sample [78].

The Coulomb matrix has been successfully applied to several problems in quantum chemistry,
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such as the prediction of atomization energies [78, 160, 130], and several other molecular prop-
erties, such as polarizabilities, ionization potentials and electron affinities [131]. Furthermore,
a number of generalisations have been proposed to extend the applicability of the Coulomb

matrix to crystalline systems [57, 167].

2.1.2 Bag of Bonds

The bag of bonds descriptor, originally proposed by Hansen et al. [77] for fitting many-body
potentials, is inspired by a descriptor called bag of words, frequently used in the field of natural
language processing [99]. The basic idea behind the bag of bonds descriptor is similar to the
Coulomb matrix in that information about different bonds is collected in "bags”, each bag
corresponding to a certain type of bond (e.g. a C-C bond) [77]. The entries in each bag are
essentially the same as the entries of the Coulomb matrix, i.e. Z;Z;/|r; — rj|, with Z; and Z;
being the nuclear charges and r; and r; being the positions of the two atoms forming the bond
[77]. Once the entries of each bag are computed, they are sorted by their magnitude. Then,
bags are padded with zeros such that the length of all bags in the data set is equal. Finally, all
bags are concatenated to form a vector [77]. As such, the bag of bonds descriptor is essentially

a different ordering scheme for the Coulomb matrix [42].

While this descriptor, like the Coulomb matrix, is invariant to translations and rotations, it
suffers from the same problem as the Coulomb matrix, namely permutational invariance. Hansen
et al. [77] solved this problem by employing a consistent sorting scheme for bags across the
data set. Another disadvantage of the bag of bonds model is that it is not a unique descriptor.
Specifically, it cannot distinguish between systems which have distinct geometries but have the
same pairwise distances [77]. This flaw has been demonstrated by Bing et al. [88], who showed
that two homomeric molecules yield exactly the same energy curves, even though their structures
are distinct. As a result of this, Bing et al. [88] developed the so-called BA-representation,
which extends the bag of bonds model to include bond angles and torsions. They showed that

adding bond angles and torsions to the representation creates a unique descriptor and, as such,
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improves the learning rate and accuracy of the bag of bonds model [88].

The bag of bonds descriptor has been successfully applied in constructing many-body poten-
tials, achieving chemical accuracy (1 kcal/mol) [77]. The extended bag of bonds representation
has been shown to yield predictive accuracy among a large range of chemical properties and
is competitive with many other descriptors, such as SOAP, the Coulomb matrix, and other

bag-of-bonds variants [88].

2.1.3 Introduction to spectral descriptors

There is a large class of descriptors derived from rigorous mathematical arguments. These
methods use spectral representations by expanding an atomic neighbourhood density in either
spherical harmonics (to enforce rotational invariance) or Fourier series (to enforce translational
invariance). In order to understand this class of methods, this section starts by introducing
the rotationally invariant power spectrum [15] and the 1-D Fourier representation [186]. The
starting point for the rotationally invariant power spectrum is the projection of an atomic
neighbourhood density p(r) = ). wz;6(r — r;) formed by delta functions centred on the position
r; of the neighbour of a central atom with a charge dependent weighting w;, onto the unit

sphere according to [15]

pE) =D D cmYim(®). (2.2)

=1 m=-1
The expansion coefficients ¢;,,, can be collected in a vector ¢, for each value of [. This vector
then transforms under rotation by multiplication with the Wigner D! matrix (the rotation

matrix for spherical harmonics) [15, 104]

C) — DICI. (23)

Analogous to the Fourier power spectrum, the coefficients of the spherical harmonic power

spectrum p; are then obtained by calculating the squared norm for each value of [ according to
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= clen (2.4)

Clearly, this representation is rotationally invariant since D! is a unitary matrix and under

rotation we find

D — (chl)Tchl = c;rcl = .

Moreover, the power spectrum is invariant to reflection [15]. Translational invariance is
enforced by using local neighbourhood densities centred on each atom rather than constructing
a density for the full cluster or molecule. While Bartok et al. [15] proved that the power
spectrum is not a complete descriptor, they showed in numerical experiments that representation
can be improved by introducing a truncation distance for the number of neighbours to be
included in the neighbourhood density. They also found that increasing the cut-off requires an
increase in the maximum value of [ to maintain an accurate representation of the system. The
incompleteness of descriptors based on n-body correlations, such as the power spectrum, has
since been investigated in detail by Pozdnyakov et al. [147] and will be discussed later in this

chapter.

An idea related to the power spectrum was used by v. Lilienfeld et al. [186], who expanded
the global density of a molecule in a sum of atom-centred Gaussian functions, followed by taking
its Fourier transform. While the Fourier transform is naturally invariant to translations, it is
not invariant to rotations. Rotational invariance is achieved by multiplication with its conjugate

and projecting the 3-dimensional Fourier transform onto one dimension yielding a descriptor

[186]

1 2 Natoms

FD(w) = (2(1)36_;7 Z Z;Z; cos(wrij), (2.5)

ij=0

where a is a hyperparameter, Z; are the charges of the respective atoms and w is a frequency. It

should be noted that the sum runs over all atoms in the molecule. The model was further tuned
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by using a radial distribution function instead of the interatomic distance r;;. The descriptor
was tested on atomization enthalpies [186], but was shown to be less accurate than the Coulomb

matrix, which may be a consequence of the descriptor not being complete.

In the following section, I will focus on the spectral representation in the spherical harmonic
domain and present improvements that can be made to the simple power spectrum presented

above.

2.1.4 Bispectrum

The Bispectrum is a descriptor originally introduced by Kondor [104] in the context of image
processing and was further developed for use in the context of quantum chemistry by Bartok
et al. [15]. In contrast to the previous descriptors, which are mainly constructed ad-hoc, the
bispectrum has a rigorous mathematical foundation and symmetries are incorporated by group
theoretical arguments.

Construction of the bispectrum descriptor starts from projecting the atomic neighbourhood
density p(r) = >, wz;0(r — r;), with the summation running over atomic positions r; and charge
dependent weight factors wy;, onto the unit sphere and expanding it in a basis of spherical

harmonics according to [15]

pE) =) mYim(®). (2.6)

=1 m=-1
The starting point for the bispectrum invariants is the tensor product between different
angular momentum channels ¢;, where ¢, contains all ¢, coefficients in Eq. (2.6). The tensor

product of two of these vectors transform according to [15]

c, ®c, — (Dll ® D12)<C11 ® Clz)a (27>

where D denote the Wigner matrices, which are the rotation operators for spherical harmonics.
The tensor product of the two Wigner-Matrices is reducible [127, 98]. Thus, the tensor product

Eq. (2.7) can be rewritten in terms of the matrices of Clebsch-Gordan coefficients C''2 and a
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direct sum of Wigner matrices [15, 104]

l1+l2
¢y, ® ¢, — (c‘%*( 4 D‘) Chl2(c, @ cy). (2.8)
I=|l1—11]

Since the matrices of Clebsch-Gordan coefficients are unitary [15], we find (by multiplication

of Eq. (2.8) with the Clebsch-Gordan matrix) that the vector Cl*'2¢), ® ¢), transforms as

l1+l2

C1112C11 & Ci, — ( @ Dl) C1112 (C]1 (%9 C12). (29)
I=|li—11 |
Finally by rewriting
lit2
Ch2e;, @ ¢y, = @ 8Ll 1
I=|l1—l2|

we can define the coefficients of the bispectrum descriptor by multiplication of each gy, 1, by

the spherical harmonic expansion coefficients ¢;,' as [104, 15]

buth = CI . g1711712. (210)

Each gi1, 1, transforms in the same way as c;. This can be used to trivially show that the

bispectrum coefficients are invariant under rotations [15]

bii s, = (D'er)'D'giy, 1, = € - i1y 15 (2.11)

It should be noted that the projection onto the unit sphere does not allow for encoding
distances between the central atom and its neighbours [15]. However, the formalism can be
extended to encode distances to the neighbours by either introducing radial basis functions
[15, 178] or by projecting the neighbourhood density onto the 4D unit sphere [15, 16]. Bartdk et al.
[15] systematically reviewed the completeness of the bispectrum using a series of reconstruction
experiments and showed that in order to obtain an accurate representation for a larger number
of neighbours included in the environment, the length of the descriptor vectors has to be
increased. As we will see in Section 2.1.5; however, the completeness of the bispectrum has since

been disproven. The bispectrum descriptor has been used in the context of fitting potential
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energy surfaces using Gaussian approximation potentials [16]. Despite the incompleteness, they
managed to predict surface energies of different semiconductors with close to DFT accuracy,
with the resulting potential energy surfaces yielding elastic constants within 25% of the DFT

value [16].

2.1.5 SOAP

The smooth overlap of atomic positions (SOAP) representation is another descriptor from the
class of spectral descriptors and was first introduced by Bartdk et al. [15]. The key insight that
inspired the SOAP representation is that in kernel methods, such as kernel ridge regression
or Gaussian process regression, the kernel should define a smooth similarity measure between
different atomic environments [36]. Moreover, the kernel measure needs to be invariant with
respect to the symmetries of a system, such as translation, permutation, reflection and rotation
[36, 15]. In order to fulfil these requirements, Bartdk et al. derived the SOAP representation

directly from a kernel that adheres to all these conditions.

Specifically, the starting point for the SOAP representation is an expansion of the local
neighbourhood density as a sum of atom-centred Gaussians up to a certain cut-off radius

Ny

py(r) =Y el (2.12)

i=1
where 7 denotes a specific element that is present in the environment of an atom and N, is the
number of atoms of that species present in the environment. Furthermore, 7, is a parameter
that can be thought of as the atomic size and can be used to control the sensitivity of the SOAP
kernel to differences between atomic environments. The kernel or similarity measure is then
constructed as an exponentiated inner product between two chemical environments p = {p, }
and p, = {p,} according to [36]

k, (2.13)

o) = X [ ai| [ oo

where R is the rotation operator and the exponent k is another hyperparameter, typically set to
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k =2 [36]. In a multi-species system, Eq. (2.13) can be generalised by moving the sum over n
into the norm, thus adding correlations between different species in the environment. However,
for the sake of conciseness, I will avoid this generalisation here. The kernel integral in Eq. (2.13)
has the appealing property that it can be evaluated analytically in a basis of spherical harmonics

Y} and orthogonal radial basis functions g, (r)

() = G0 (r)Yim(®). (2.14)

nlm

Substituting into Eq. (2.13) for the case k = 2, we obtain

2, (2.15)

k(p,p) =Y / cu%\ / dry > > A9 ()i (8) g0 (1) Dy ()Y, (8)

nlm n'l!my m’/

where D, are the coefficients of the Wigner-D matrix [155]. Evaluating the integral inside

the norm, we get

2

Z Z Z C’nzzn ~n’l’ ’ D:rlzlm (R)(snn/dlllémml
nlm n'l!'my m/

=3 [ S S it R
nlm m’

-% RS S S D (R0 Dl R (216)

nlm m’ n'l'mp m'

Z/dR

2

The Wigner-D matrices are orthogonal [155], yielding

ZZZ Z Z 21/ 1 nlm ”727?6:51’) C(7g’m"5mm15m’m”5ll’

n nlm m' n'l!'m; m”
~ * * )
o ZZZ 2l +1 rZZn nlm'cnsz)ncfjlm/- (2.17)

n  nn'l mm/’

As noted by Bartdk et al. [15, 193], the summations over m and m’ can now be carried out
individually for each atomic environment, where the coefficients of the SOAP descriptor are

defined as

d(ﬂ) / , 2.18
nn/l — m Z nlm lm ( )
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yielding

k(p,p) = Z Z dgil)'z‘iggm (2.19)
n nn’l
where df{;),l and CZSQ,l are the coefficients of the descriptor vectors corresponding to the neigh-

bourhood densities p and p, respectively. The factor of \/‘é% was added in an Erratum to

the original paper by Bartdk et al.[15] and slightly improved interatomic potential fits. This
result indicates that using SOAP with k = 2 is equivalent to computing the power spectrum
in Eq. (2.4) of a smooth Gaussian neighbourhood density [15]. Furthermore, it can be shown
[36, 15] that for k£ = 3, the SOAP kernel corresponds to computing the bispectrum of the

Gaussian neighbourhood densities.

While the power spectrum (or bispectrum) and SOAP are formally equivalent, SOAP has
a few advantages. Specifically, expanding the neighbourhood densities in terms of Gaussians
instead of delta functions leads to a smoother similarity measure [15]. In practice, this has the
benefit of being more resistant to artifacts in the predicted quantity due to highly oscillatory

basis functions corresponding to high angular momentum channels [15].

The SOAP representation and kernel have been applied to a large array of problems such
as the prediction of atomization energies [45], electron densities [72], scalar- [192] and tensor-
polarizabilities [73, 74] and the prediction of grain boundary structures [148]. Despite the success
of SOAP in various applications, Pozdnyakov et al. [147] showed that SOAP and other descriptors
based on n-body correlation functions are, in fact, not complete and may be degenerate. Specific
examples of degenerate pairs of environments in the case of 3-body correlations (power spectrum
or v = 2 SOAP) and four-body correlation functions, which correspond to the bispectrum
or v = 3 SOAP, were provided by Pozdnyakov [147] to demonstrate the incompleteness of
the SOAP descriptor. As further pointed out by Pozdnyakov and co-workers, the success of
n-body correlation functions like SOAP, despite this incompleteness, is largely attributable to
the decomposition of properties such as potential energy surfaces into atomic contributions [147].
Very recently, Nigam et al. [135] developed an extension to the usual framework of constructing
descriptors from n-body correlations (such as SOAP), which is based on building descriptors by

taking tensor products between the smooth neighbourhood density p and one or more localized
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functions ¢ centred on the distance vectors between neighbouring atoms. This procedure yields

descriptors of the form

d(ri,rj,11) = (1) ® ¢(rir) ® p(r;). (2.20)

A rotationally invariant descriptor is then obtained by expanding ¢(r;;), ¢(r;x) and p(r;) in a
basis of spherical harmonics and radial basis functions and symmetrizing approrpiately [135],
yielding

ijk E lsms ij ik
dn1n2n3l1l2l3 Cl1m112m2¢n111m1 n2l2m2pn3l3m3’ (221>

mimaoms
where C’lleSZQmQ is a Clebsch-Gordan coefficient. Summing over all neighbours j and k& would
yield the bispectrum, which, as described previously, is incomplete. Thus, the authors in [135]

instead pass the features in Eq. (2.21) through a non-linear function before summing over j, k.

This procedure helped in eliminating the degeneracies discovered by Pozdnyakov [147].

2.1.6 Long-distance equivariant descriptor

In many cases, it is necessary to incorporate long-range information into a structural descriptor.
In order to remedy this issue, Grisafi and Ceriotti developed the Long-distance equivariant
(LODE) descriptor [71]. The starting point for the LODE descriptor is very similar to the SOAP
descriptor, but the smooth neighbourhood density is replaced by a neighbourhood potential

function for each species n

1
Vj(n)(r,p) — Z/dsys e /dte_’Yn(t—I‘j)2e—’Yn(S-H:—I‘i)z. (2.22)

Similar to SOAP, the resulting potential function can be expanded in a basis of spherical
harmonics and radial basis functions and then symmetrized for rotational invariance, resulting
in

pnn’l X Z Conim p'n/lm’ (2.23)

where CSZBIW are the expansion coefficients of the neighbourhood potential in the spherical

harmonic basis. The LODE descriptor was used in conjunction with the SOAP descriptor in the
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prediction of the dielectric response of water in the liquid phase and binding curves of charged
organic dimers [71] and was found to yield significantly better predictions than using SOAP

alone.

2.1.7 Wavelet scattering representation

Wavelet scattering is a technique first introduced by Mallat [122] in the context of image
classification. Mallat created a set of translationally and rotationally invariant representations
of an image by successive convolutions followed by a non-linear function [122]. This procedure
is related to convolutional neural networks in the sense that they apply a sequence of wavelet
filters followed by a non-linear “pooling” or averaging operation. In contrast to convolutional
neural networks, however, the filters are predefined and not learned from data, which can reduce
the number of samples required to achieve accurate results [122]. A variant of this technique has
been used by Hirn et al. to generate rotationally and translationally invariant descriptors for
2D molecules [83, 82| by performing convolutions with oriented wavelets. However, it has been
noted by Eickenberg et al. [56] that for 3D molecules too many different orientations would be
required to cover all possible rotations in 3D. As such, Eickenberg et al. [56] used convolutions
with solid harmonic wavelets where the invariance to rotations is derived from the properties of
solid harmonic wavelets. While a full account of the theory behind wavelet scattering invariants
is beyond the scope of this work, I will provide a brief summary of the basic ideas behind this

type of descriptor.

The starting point for the 3D wavelet scattering representation is very similar to the starting

point of the SOAP descriptor, where a “naive” electronic density constructed from Gaussians is

)

associated with each molecule 7 with Né; atoms and z; nuclear charge [56]

Ny

pi(r) =) e(z)g(r — 1), (2.24)

k

where the sum over k runs over all atomic positions ri and charges zj in molecule ¢ and ¢(zy)

is used to discriminate between different species [56]. In contrast to SOAP, which assigns a
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local descriptor to each atom in a molecule [15], the scattering transform descriptor encodes an
entire molecule. The next step in computing the scattering transform descriptor is to perform a
wavelet transform with respect to a solid harmonic wavelet which is formed from a product of

solid harmonics and a Gaussian function [56]

1 1.2
(27?)26757“ rlYlm(qb, v). (2.25)

wl,m (7", ¢7 PY) =

We then define the wavelet dilated by 27 (i.e. r is scaled by a factor of 277) as vy, ;. Next,

the wavelet modulus operator U[l, j;] is defined as a convolution (x) of p; with ¢, ; [56]

l 1/2
U[lajl]pl<r) = ( Z |pl * wl,m,j1’2) ) (226)

m=-1
where the sum over m results in rotational covariance [56]. Application of the operator U]l, ji]
is equivalent to the filtering operators in convolutional neural networks [56]. Integration (or
summation in a discrete setting) over all spatial variables then yields a set of rotationally

invariant first-order scattering coefficients

q

Sli, v, alps = / Pe|UL, ji]pi(r)] (2.27)

where different powers of ¢ can be used to obtain a larger number of coefficients. The second-
order scattering coefficients are then obtained by applying the operator U[l, js] onto Eq. (2.26)

and integrating over all space according to

q

Si, g1, g2, 4lpi = /d3r Ull, 32Ul j1lpi(r)| - (2.28)

The third order scattering coefficients can then be obtained by applying the operator U[l, js]
analogously to Eq (2.28); however, it is usually not necessary to go beyond second order [56].
The scattering transform descriptor is then formed by collecting all computed coefficients in a

vector.

Mallat [122] showed that in the case of the SOAP descriptor, the changes in power spec-
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trum coefficients resulting from a small deformation are proportional to the cut-off radius. Thus,
it can be expected that the utility of the SOAP descriptor deteriorates as the cut-off radius is
increased. While the wavelet scattering representation is slightly more involved than many of
the descriptors discussed here, it has a number of appealing properties. Most notably, apart
from translational and rotational invariance, the scattering coefficients are Lipschitz continuous
with respect to deformations [122, 56]. This means that if p; is slightly deformed, the scattering
coefficients change by a small amount which is proportional to the deformation of p; [122]. This
non-trivial property is particularly useful in the context of learning physical properties, as small
changes in structure usually lead to minor changes in a given property. It is well known from
the fields of signal- [8] and image-processing [32] that the Fourier transform is not stable to
deformation. In particular, high frequencies undergo large shifts when small deformations to
the signal occur. This can lead to the representations of a system changing significantly when
atoms are moved slightly. Similar arguments can be made for methods based on autocorrelation
functions [81], which include the spectral methods described above. When transformed into real
space, the power spectrum corresponds to an autocorrelation and the bispectrum to a triple
autocorrelation [104]. Since SOAP is, in essence, equivalent to the bispectrum or the power
spectrum [15], depending on the exponent of the kernel integral, it can also be said that SOAP
is not stable to deformations.

Scattering invariants have been used to predict DFT ground state energies of 2D [82, 81] and
3D [56] molecules, achieving close to state-of-the-art accuracy even when used with simple
linear models. Scattering invariants have also been applied to the prediction of grain boundary

structures [86].

2.1.8 Atomic cluster expansion

The atomic cluster expansion (ACE) was first introduced by Drautz [51] and can be thought of
as a natural generalization of SOAP and related methods to arbitrary body-orders [55]. The
fundamental idea of the ACE descriptor is the definition of a scalar property of a certain atom i

as a function of all distance vectors r;; =r; —r;
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Ei(0) = Ei(r1i, T2, T35, .. ., Tni)- (2.29)

Next, a complete and orthogonal single-bond basis ¢, (r) is defined, with ¢9 = 1 [51]. Using the

single-bond basis functions, a cluster basis is defined using all single-bond basis functions with

v>0

Qo = ¢V1 (rj1i>¢1/2 (rj2i>¢1/3 (rj3i> s ¢VK (iji)7 (23())
where the cluster index « labels the tuple of all bonds (j11, joi, . . ., jii), in a cluster with K
elements, with v labelling the tuple of all single-bond basis functions (vq,vs, ..., ) [51]. The

orthogonality of the cluster basis is inherited from the single-bond basis, which can be seen from

(@osl®ay) = 80 [ st (500055 [ 507, (05010 030) - [ i, (8300) 1 130

= 000, (2.31)

where the term d,45 results from the fact that ¢o(r;;) = 1 is orthogonal to the other single-bond

basis functions [50]: where there are no matching bonds, the integrals will be of the form of

Using these results in conjunction with the completeness relation [51] with o = (ry;,ra;, T35, ..., TN,j)

1+ ) @ (0)®y(0") = 6(0 — o), (2.33)
7Ca v
the atomic property may be expanded as
Ei(0) = Jo+ Y JarPau(0). (2.34)

av

In the case of single-species materials, the order of bonds can be permuted arbitrarily, which

allows us to replace the coefficients J,,, by another set of coefficients which is only characterized
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by the body-order K of the expansion term JE)

J1¢J2
E'L(o-> Z J(l ¢V r]Z 2' Z Z V11/2¢V1 r]ll ¢V2 (r]21)
Jv Jij2 vive

J1#J2 53

Z Y TP (8500) b (o) (i) + - (2:35)

]1]2]3 vivavs

As noted by Drautz [51], the expansion can also be written as an unrestricted sum using a
different set of coefficients cl(,K), where the completeness of the basis is invoked by expanding

“self-interaction” terms, i.e. where j; = jo, etc., at a lower body order

EZ(J) - Z ¢1/ r]z 2' ZZ 1/11/2¢V1 Tjiq ¢V2 (r32l)

]1]2 viva

Z Z CI(/?)VQVLgQSVl r]12)¢r/2 (r]22)¢1/5 (I‘Jdl) +... (2'36)

]1]2]3 vivavs

One of the challenges with the expansion in Eq. (2.36) is the unfavourable scaling with increasing
body-order terms. In order to avoid these issues, Drautz [51] introduces an atomic neighbourhood

density p;(r) = >_;6(r — rj;) and a set of coeflicients

A;, /drpl ou( Z(bl, rji). (2.37)

Using these coefficients, Eq. (2.36) may be rewritten as

I/1>I/2 1 V1212213
_ 1 2
o) => VA, + 5 Z ¢?, Aiy Ai, + o > A Ay Aiy + . (2.38)
1 140 %) vivavs

which now scales linearly with the number of atoms. Finally, a basis of spherical harmonics and

radial basis functions is introduced

o (I‘) = Ry (I‘) Yo, (

>
~—

(2.39)
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Rotational invariance is then imposed by only including coefficients in the expansion that do

not change under rotation, thus changing the expansion in Eq. (2.38) to

B yp1 1 2  p©) 1 3) (3)
El<0-) - Z C7(1 )B”Ln + 5 Z Cnlnnginlngl + 5 Z Cn1n2n3l1l2l3Bin1n2n3lllgl3 + .. ) (24())

ninal ninonglilals

where the summation is ordered as in Eq. (2.38) to avoid double counting of equivalent terms [51].
Expressions for the first few expansion coefficients were by provided Drautz [51], the first three

are given by

Bl = Ainoo, (2.41)
2 m
Bi(nzngl = Z(_l) Ain1lmAin2l—m; (242)
_1)l1712*l3 a
B.(3) = Z <—C 3(—m3) A, A A (2'4?))
ininanslilals limilamso inylymy “lingloma <lingloma,
= V2341
where C/™ . are the Clebsch-Gordan coeffcients. The significance of these expressions is

that only terms where m; +ms = 0, m; + my + mg = 0, etc., are included by the selection
rules of the Clebsch-Gordan coefficients. Drautz [51] demonstrated the power of the atomic
cluster expansion by parametrizing an interatomic potential for copper and small clusters,
achieving accuracies in energies on par with DFT. Efficient implementations of ACE were
developed in the PACE [121] software package, and efficient parametrization strategies for ACE
were implemented in the PACEMAKER [27] software. ACE has been applied to the construction
of interatomic potentials [28, 150], on-the-fly learning schemes used in molecular dynamics
simulations [120], and the representation of wave functions in terms of ACE [198, 53]. The
success of ACE can largely be attributed to the generality and completeness of the expansion [55],
which is demonstrated by the fact that many previously developed descriptors such as the
bispectrum [16], SOAP [15], Behler-Parinello symmetry functions [22, 10] and moment tensor
potentials [170] can be recast in terms of ACE [51, 55], and even wavelet-transforms [162] can
be related to the atomic cluster expansion. As such, it can be argued that ACE encompasses
many previously developed descriptors. For the SOAP descriptor specifically, we can express

SOAP(2) and SOAP(3) in terms of ACE coefficients (obtained from a smooth neighbourhood
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density instead of the delta-function density) using [51]

nn’l
and
3 3
k(3) (107 10/> = Z Bi(ni’rung,lllglg (IO)BZ'(ningnglllgl?, (p/> (245>

ninanslilals

2.2 Equivariant representations

The descriptors discussed so far are all invariant with respect to rotation and translation.
This is sufficient in the case of modelling scalar properties, such as potential energy surfaces,
scalar polarizabilities or atomization energies. In order to apply ML methods to tensor- and
function outputs, such as polarizability tensors, the electron density, or the density-density
response function, descriptors that transform in a predictable way are required. In order to
understand the construction of descriptors and models that are equivariant with respect to
a certain transformation, it is worth formalizing the definition of equivariance, which is also
commonly referred to as covariance. Covariance, when it comes to a regression model, is a
property that requires the outputs of a model to transform under the action of a group element
g € G in exactly the same way as the inputs. To make this more concrete, we require a bit of
jargon from representation theory. A more thorough treatment can be found, for example, in
Ref. [98].

A representation D of a group G is defined as a function from G to square matrices, with

the following property [179]
D(g)D(h) = D(gh) Vg,h € G. (2.46)

A function f:V — W, where V and W are vector spaces, is then said to be covariant with

respect to a group G, if it has the following property [179, 105]

f(DY(9)x) = D" (9)f(x) VgeG,xeV, f(x)eW (2.47)
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where we have denoted DV (g) as the the group transformation matrix of g acting on the vector
space V. In simple terms, this means that the action of the function f needs to commute with
the group action of g. This means that an ML model can only be covariant if the transformation
of the descriptor or model input transforms if the underlying atomic coordinates are transformed.
In the case of neural networks, for example, it has been shown by Kondor et al. that a Neural
Network layer can only be covariant with respect to a group if it implements a generalized form

of convolution [106]

(f % 9)(u) = /G F(uvr ) g(0)du(v), (2.48)

where f and g are functions from a compact group G — C, and p(v) is the Haar Measure.

2.2.1 Symmetry-adapted SOAP

As we have seen before, the SOAP descriptor achieves rotational invariance by integrating over
the space of rotation matrices R, an integral which can be computed analytically when the
chemical environment is expanded in a basis of spherical harmonics and radial basis functions [15].
Due to their well-defined transformation properties under rotation, the spherical harmonics form
a natural basis for constructing descriptors which are equivariant under the action of elements of
SO(3), the rotation group in three dimensions. As such, the SOAP descriptor lends itself to the
construction of a descriptor SO(3) covariant descriptors. The construction of such a descriptor
was first achieved by Grisafi et al. [73] in the context of machine-learning tensorial properties.
The starting point for the so-called A-SOAP descriptor introduced by Grisafi and co-workers is
the scalar SOAP kernel

2

o) =| [ avote)atin (2.49)

For simplicity, I have also dropped the coefficient n, which labels different kinds of atoms in the
chemical environments. The neighbourhood densities p, are again a sum of Gaussians centred
on atoms in the neighbourhood of the central atom. Next, the above integral is augmented by

introducing an integral over rotation matrices R and the Wigner-D matrix corresponding to the

41



CHAPTER 2. NAVIGATING THE FEATURE FOREST

rotation D*(R). This yields a series of matrix-valued kernels of dimension 2\ + 1 x 2 + 1

2

K (p, p) = / dRDMR) (2.50)

[ dpte)pir)

As noted by Grisafi [73], the original scalar SOAP kernel in Eq. (2.13) is recovered in the case
A = 0. The coefficients of the descriptor can be computed in a similar way to the standard
SOAP descriptor [73], for arbitrary A. The starting point of the derivation is the evaluation of

the norm which was already computed as part of Eq. (2.16)

k(p, Rp) = ‘ /drp 5(Rr)

§ § § § nlm mm/ nlm’C ’l’m1Dm1m (R) n/l'm'"»

nlm m' n'l!mi m’”
(2.51)

where I removed the species labels for simplicity. The coefficients of the tensor kernel kl’)y(p, )

are then obtained by computing the Haar integral

k;/)u(pné) :/dRD)\ ZZ Z chlmD:rim A ~:;lm’cn’l’m1D£7/11m”(R)én’l’m”‘ (252>

nlm m’ n'l!mi m’

The Haar integral of three Wigner-D matrices can be evaluated in terms of the Clebsch-Gordan

coefficients C/ | [155]

8t sl

mim/

Al (DY (P A A
/ ARD:L (R)DA(R)DL,, () =
Substituting into Eq. (2.52), we obtain,

Z Z Z Z (QZ + 1) )\,u,l’ml Ci%/’tn”cnlmé;lm’cjﬁl’ml En’l’m”' (254>

nlm m’ n'l!'m; m'

We can now define the coefficients of the A-SOAP descriptor as

nn’ll’ - Z \/ 2l +1 ul/ml Chim n’l’mlﬂ (255>

42



CHAPTER 2. NAVIGATING THE FEATURE FOREST

and

TV / 82 m'x  ~x ~
di\bn’ll’ - Z 2l + 1C§\I/l’m”cnlm/cn’l/m”' (256)

Similar to the original paper by Grisafi et al. [73], we arrive at an expression for the elements of

the kernel in Eq. (2.50) k), (p, p), as a summation over outer products between the descriptors

k;\,,(P, ﬁ) = Z d;\LZ'll’dNZ\ZTll’a (257)

nn/ll’

or

~ 1
K (p, p) = Z )y <d;\m'zz') - (2.58)

nn’ll’
It should be noted that each of the vectors now contains 2\ + 1 rows. Now consider how the

kernel in Eq. (2.50) changes if the atoms in the environment p(r) are rotated by the action of a

rotation R;. In this case, we obtain

I (up, ) = [ ARDM(R)K(Rup. ) = [ ARD (R)DN(E VDN R)k(p. i )

— D\(R) / ARDNR)k(p, B'p) = DMEOK (9. 5) (259)

where the invariance of the kernel under simultaneous rotation of environments p and p was
exploited in the second step [73] and B’ = Ry'R. The renaming of dR to dR’ is possible due to
the left and right invariance of the Haar measure in compact Lie groups [33]. Now consider a
Cartesian tensor property «, which can be written as a spherical tensor [98] with components

a*. For a given atomic environment 7, the components of the spherical tensor are obtained using

o} = Kpi, pj)w;, (2.60)

J

where w; are learned weights. Using Eq. (2.59), rotation of the chemical environment ¢ transforms

the components of the spherical tensor according to

o'y = > KN Rpi, pj)w; = DMNR) D K (pi, pj)wy, (2.61)
j

J
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where k'’ ’\(pi, p;j) is the kernel corresponding to the unrotated environment. This proves the
covariance of the A-SOAP kernel according to Eq. (2.47). The \-SOAP kernel has been used in
the prediction of dipole moments, polarizabilities and hyper-polarizabilities of water [73], dipole
moments of small organic molecules [184] in the QM9 dataset [26, 157] and the prediction of

electronic densities [72, 115, 60].

2.2.2 Equivariant neural networks

As mentioned, the requirements for neural network layers to be equivariant were formalized by
Kondor [106] and need to be of the form of a generalized convolution in Eq. (2.48). Many different
architectures are discussed in the literature, such as Clebsch-Gordan networks [105, 106, 6],
tensor-field networks [179] and spherical CNNs [41, 40]. Furthermore, the E3NN library [112, 67]
was developed to allow for the construction of many proposed layer architectures. For the
purposes of this discussion, I will focus on the Clebsch-Gordan network architecture [105]. This
type of network works by forming the tensor product between all angular momentum channels of
the layer inputs, followed by the reduction of the tensor product by Clebsch-Gordan summation.
The input of the first layer has to be the spherical harmonic transform of the real-space input.
The input should be a real-space function encoding information about the molecule or cluster.
For example, Kondor [105] and Cohen [41] used a generalized version of the Coulomb matrix as
their input function. Here, I will use the smooth electron density as employed in the SOAP

descriptor [15]
PP (r) =Y el (2.62)

As we have seen before, the neighbourhood density can then be expanded in a basis of spherical

harmonics and radial basis function, yielding a set of expansion coefficients

p = [ e O)Yin ()90 (2.63)

These coefficients are then placed into matrices pl(k) according to their angular momentum /. The

layer operation of the Clebsch-Gordan network starts by building the tensor product between

all pairs of angular momentum channels, which is effectively a quadratic non-linearity [105]. For
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the first layer, the layer operation is written as
k1 k k
gl =" @p. (2.64)

After building all possible tensor products, a Clebsch-Gordan summation is computed [155].

The result of this summation is given by Kondor [105] as

(k)
gnlnglm - Z llm112m2pn1l1m1pn2l2m2 (265>

mi,m2

where CJ™

rlyms, are the Clebsch-Gordan Coefficients. An equivalent Clebsch-Gordan summation
is also employed to generalise the ACE descriptor to tensorial properties [52]. One can show that
the Clebsch-Gordan sum commutes with the Wigner-D matrix by assuming that the environment

is rotated - i.e. pnlm — > D pnlm Substituting this expression into Eq. (2.65), one obtains

(k,1) ! l (k) (k)
gn1n2lm - Z Z llmllngDWlllng 22m4pn1l1m3pn2l2m4 (266>

mi1,m2 m3,mq

Now using [4]
Dl D2y = > DB e, Ol (2.67)

mims3-— mama limilomeo ~limglamy?
lgmsme

and substituting into Eq. (2.66), we obtain
l ! 1 1 (k) (k)
nlnglm - Z Z Z D73L5m60lfr7nnflgmzOlf’:nngGlgm4Clzl1l2m2pn1l1m3pn2l2m4 (268)
mi,mz m3,m4 l3msmeg

We can now sum over m; and ms and use the orthogonality relation for the Clebsch Gordan

coefficients [4]

lsm
513l5m5m = Z lemflgmg l1m112m2 (269>
mi,m2
Hence,
(k1) _ l3m (k)
gnlnglm - Z Z Dmsmslem§12m45lsl6m5mpnlllm3pn2l2m4 (270)

mg,maq l3msme
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Again summing over my and [3 yields

Im (k) (k)
n1nglm - Z Z Dmm6Olll26m3m4pnlllm3pn2l2m4’ (271>

m3,mq Me

which is the same as

(k,1 k,1
gnlnzlm Z Dmmgglenglmfg? (272>

(k)

which shows that transforming the inputs p, ;..

of a layer is equivalent to transforming the
outputs of a layer. The number of radial channels in Eq. (2.65) grows quadratically in each layer.
Moreover, several pairs of tensor products will produce the same output angular momentum /.
The fragments with the same angular momentum are collected in a larger matrix. To avoid
the exponential growth of n channels, the Clebsch-Gordan network includes a multiplication
with a learnable weight matrix [105]. Assuming concatenation of equivalent [ channels has been
performed, the multiplication with the weights looks as follows

oFS) — g(k’s) W nana s (2.73)

nlm ninalm
nini

where onlm forms the output of layer S, which is then passed to the next layer (S + 1), where
the process is repeated. In contrast to traditional neural networks, the non-linearity of the
Clebsch-Gordan layer is performed before reduction with the weight matrix. In general (ignoring

the atomic index k), the output of layer S is given by

2 : (S-1) (S-1)
nlm l1m1l2m2 nllm Ongl’m’Wn:n1”27 (274>

nin2

In the final layer of the network, only the required angular momentum channels are output [105]:
for scalar properties, only the [ = 0 outputs are needed. For vectors, outputs with [ = 1 are
used, and for rank-2 tensors, outputs up to [ = 2 are used, depending on the symmetry of the

rank-2 tensor.

46



CHAPTER 2. NAVIGATING THE FEATURE FOREST

2.3 Discussion

The construction of representations for molecules and clusters has seen significant developments
over the last few decades. In this chapter, we explored several invariant descriptors, such as the
Coulomb matrix [158] and the bag-of-bonds descriptor [77]. While these descriptors are trivially
invariant under rotations and translations, their main drawback is that they are not invariant
under the permutation of atoms in a system. To achieve permutational invariance, several
heuristics have to be employed, such as using consistent orderings of descriptor entries [77],
eigenspectrum decompositions [78] or summing over randomly permuted descriptors [130]. More-
over, zero padding is usually required in order to ensure all descriptors in the dataset have the
same dimension. Next, we looked at a class of descriptors which are systematically constructed
from an atomic neighbourhood density, such as the bispectrum [104, 16}, SOAP [15], ACE [51]
and wavelet-scattering descriptors [122]. These descriptors impose the invariances of the system
by starting from a spectral decomposition and integrating out rotational degrees of freedom. In
our exploration of these different spectral descriptors, we saw that there is a close relationship
between most spectral descriptors. For example, the power spectrum from Section 2.1.3, as
well as the bispectrum from Section 2.1.4, are equivalent to SOAP(2) and SOAP(3) descriptors
under the assumption that a smooth atomic neighbourhood density is used. The coefficients of
the SOAP descriptor can, in turn, be recast within the ACE framework [51], illustrating that
the hierarchy of SOAP descriptors SOAP(n), is equivalent to the n-body cluster coefficients
of ACE. Thus, it can be said that ACE is a generalization of previous descriptors based on
expansions of the neighbourhood density. While ACE arguably provides the most complete
description of a system if the expansion is taken to the maximum order, as stated by Pozd-
nyakov [147], the common practice of introducing a cutoff sphere beyond which neighbours are
ignored introduces a further consideration with regards to the choice of descriptors. As argued
by Mallat [81], simply increasing the radius of the cutoff sphere may negatively impact the
stability of the descriptor to deformations of the atomic environment. To still include long-range
physics typically ignored in density-based descriptors, methods such as the LODE descriptor [71]

may be employed in conjunction with descriptors based on n-body correlations. All of these
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considerations make the selection of appropriate descriptors a challenging problem, and one can
find advantages and disadvantages for each specific choice. A reasonable procedure for predicting
scalar properties, such as the scalar polarizability, would be to start with a simple descriptor
such as SOAP(2) and increase the body order of the SOAP kernel if the incompleteness is
found to cause issues. If this is still insufficient, another descriptor, such as ACE, could be
employed and long-range information could be incorporated using a long-range descriptor such
as LODE. Another consideration in this procedure would be the extrapolation capability of
the model. If the model is trained on small molecules or clusters and subsequently used to
predict a property of a larger cluster, it may be desirable only to include information about
the immediate neighbourhood of an atom to facilitate the recognition of chemical environments

across different system sizes [196], as we will see in Chapter 4.

In the case of machine learning functions such as the DDRF, the use of a descriptor that
transforms under rotation is required. For example, the symmetry adapted A-SOAP descriptor
was employed by Grisafi [72] who exploited the fact that the spherical harmonics of angular
momentum [ transform in the same way as a spherical tensor of rank [. While this is a viable
strategy for developing models of local functions such as the electron density, it cannot be easily
extended to non-local functions. Looking at Eq. (2.58), it is clear that an extension to non-local
functions would result in a hierarchy of A-SOAP kernels indexed by two angular momentum
indexes \; and Ay, each with dimension (2A; +1) x (201 + 1) x (2X3 + 1) X (2A2 +1). Such a

kernel would take the form

kM2 (p, ) = / dRDM(R)@DM(z%)’ / drdr’p(r,v')p(Rr, Rr')| | (2.75)

for a non-local descriptor p(r,r’). Following similar to steps to Eq. (2.59), it can be shown that

this kernel transforms as

2

wmaammz/ﬁmwwm®DM@>/“Mwﬁméww@nﬁﬁ

= DM(R)) @ DM (R)kM™(p, j), (2.76)

48



CHAPTER 2. NAVIGATING THE FEATURE FOREST

which would be the desired transformation property for a non-local quantity, such as the DDRF.
Thus, while formally possible, an extension of the A-SOAP framework to non-local functions
such as the DDRF may not be practical. Another option would be the use of the Clebsch-
Gordan network architecture [105], or general equivariant neural networks constructed using
E3NN [67, 112]. In order to use this network architecture to learn the density-density response
function, the final layer (S) has to be slightly modified. In this layer, the Clebsch-Gordan sum

is omitted, and instead, the following expression is evaluated

z : (S-1) (S-1)
nlmn’l’ ! Onllm ngl’ WTm MIN2) (277>

nin2

where Wy nin, 15 again a learnable weight matrix and o'

(4)

nlmn/l'm’>

nlmn,l, , is a prediction for the expansion

coefficients of a non-local function y expanded in a basis of spherical harmonics and

radial basis functions. This final layer also trivially commutes with the Wigner-D matrix

~

Dt (R), as no summation over m is involved. Depending on the number of radial channels in
the final layer and the number of radial channels in the output, the weight matrix Wy, 510,
may still become prohibitively large. Thus, it is questionable if an equivariant model for

non-local functions is practical. This issue is revisited in Chapters 5 and 6, where I develop a

machine-learning model of the DDRF.
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Chapter 3

Electronic structure methods

The development of the famous Schrédinger equation by the Austrian physicist Erwin Schrédinger [164]
formed one of the most impactful discoveries of the 20" century and the starting point for the
rigorous mathematical treatment of quantum mechanics. Unfortunately, an analytical solution
to the Schrodinger equation is only possible for the most trivial systems, which led to the
development of many approximate methods. In this chapter, I will start by introducing density
functional theory, one of the most successful approximate methods for finding the ground-state
energy of a system. In the second part of this chapter, I introduce the GW method, which is a
solution to the famous band-gap problem of density-functional theory [169, 166]. At the heart

of these theories lies the many-body Hamiltonian [126] H given by

. 1 Z1Zy
H=—32. Vit Z|r_ry Z|r—RJ| EZ Z|R1—RJ| (3.1)

where Z; is the number of protons in an atom, and M7 is the mass of the nucleus. Hartree atomic
units are used throughout this chapter. The first term in Eq. (3.1) corresponds to the kinetic
energy of electrons, the second to electron-electron interactions, the third to the attraction
between electrons and nuclei and the fourth and fifth to the kinetic energy of nuclei and nucleus-
nucleus repulsion, respectively, where electron positions are given by coordinates r; and nuclear
coordinates are given by positions R;. The first step in simplifying Eq. (3.1) is the so-called Born-

Oppenheimer approximation [126], in which electron and nuclear wavefunctions are assumed
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to be separable and electrons respond to nuclear motion adiabatically. This approximation is
justified since nuclei are significantly heavier than electrons. Under this approximation, the
fourth term can be neglected when solving the electronic Schrodinger equation. If nuclei are
further assumed to be completely static, the fifth term results in a constant energy shift to the

total energy.

3.1 Density Functional Theory

Density functional theory was first introduced in 1964 by Hohenberg and Kohn [85], where
instead of finding an explicit solution to the many-body Schrodinger equation, the problem
of finding the ground state of a many-body system was recast by expressing properties of
the many-body system as a functional of the ground-state electron density po(r) [126]. The

foundation of density-functional theory is formed by two fundamental theorems [85]:

e Theorem I: In a system of N interacting particles in an external potential Vi (r), the
external potential Vi (r) is uniquely determined (up to a constant) by the ground state

density po(r) of the system.

e Theorem II: There exists a universal energy functional of the electron density E[p], valid
for any external potential Vy(r). This universal functional is minimized by the ground

state density of the N-particle system po(r).

The first theorem follows from a proof-by-contradiction [126]: Assume there exist two different

external potentials V(l)(r) and V.2 (r), which have the same ground state density po(r). These

ext

two external potentials yield differing Hamiltonians and, thus, differing ground state wave

functions. It follows that

EW = (g®) [:](1)|q,<1)> < (v® g(l)‘\p(2>>_ (3.2)

This inequality can be rewritten as

EW < O 4 / VO (r) — VO )]0 o). (3.3)
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An analogous inequality can be derived by starting at £ yielding
E® < B0+ [ V) -V w)ln(o) (3.4
Adding Eq. (3.3) and Eq. (3.4), we arrive at the contradicting inequality
EW + E® <« F@ 4 pO, (3.5)

which proves that there cannot be two external potentials yielding the same ground state density.
Given that the ground state density uniquely determines the external potential, it follows that
each property of the system, including the total energy can be written as a functional of the

electronic density p(r)

Elp) = T{p] + Eunelo] + / 0V () (1), (3.6)

where T'[p] is the kinetic energy and FEj,[p] is the electron-electron interaction energy. These
two terms are universal functionals and independent of the external potential. Suppose the
ground state density associated with an external potential V;E(lt)(r) is given by p™®(r) and has a

corresponding ground state wave function W™, To prove the second theorem, we define the

energy EW[p] as

EO] = T[o] + Ewlp] + / VO (@)p(r). (3.7)

A density p®(r) associated with a different external potential V;(ft) (r) and wave function W(?

yields a larger energy EV[p(?)] [85], when evaluated against the Hamiltonian H (1)

EW[p®] = (3

AV W) < (WOIAON0E) = O3], (3:8)

Since no assumption was made about p®(r) (other than it being the ground state density
associated with some external potential), it follows that the ground state density yields a lower
total energy than any other density [126]. While these two theorems justify the electron density
as a central property of a many-body system, they don’t provide explicit expressions for the form

of the universal density functional. A solution to finding the ground state energy was proposed
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by Kohn and Sham in 1965 [103], which introduces an auxiliary system of non-interacting

electrons.

3.1.1 Kohn-Sham equations

The Ansatz for solving the many-body problem proposed by Kohn and Sham [103] relies on two
fundamental assumptions: (1) An auxiliary system of non-interacting electrons representing the
exact ground state density exists. (2) The Hamiltonian of this auxiliary system consists of the
single-particle kinetic energy operator and an effective potential acting on the electron in question.
For the purposes of this presentation, I will ignore the spin index of the wavefunctions, which is
a valid assumption in the case of non-magnetic systems. In atomic units, the Hamiltonian of

individual electrons in the auxiliary system is given by [126]

~

1
Haux - _§v2 + ‘/eff(r)a (39>

yielding solutions {;(r), ¢;}. The electron density of the auxiliary system is then defined as

N/2

p(r) = 22 [i(r)|%, (3.10)

where the factor of 2 is included to account for spin degeneracy. It should be noted that the
restricted sum in the above equation is only valid at zero temperature. This auxiliary system

gives rise to an expression for the total energy of a system

Exs = Tlpl + [ Vi ®)p(e) + Euansalp + Euclpl (3.11)

where T;[p] is the independent particle kinetic energy [126]

N/2

To= =Y (| V?|ihi), (3.12)

)
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FHartree|p] 18 the Hartree contribution to the total energy,

Etartree[p] = % / dr / dr’%, (3.13)

Vext(r) is the external potential, which, in the absence of any external fields, is simply the
potential caused by the presence of the nuclei. Finally, F,.[p] combines together all many-body
effects and the difference between the single-particle kinetic energy and the true kinetic energy
of the many-particle system [126]. A system of linear equations can be derived by taking the

functional derivative

§[25M2¢, [ dry; i
(5EKS o 5Ts + 5Eext+5EHartree+ 6EXC 5/0(1') . [ ZZ € f rwl (I‘)w (I')] = 0, (314>

0vi(r)  ovi(r)  [op(r)  dp(r) ~ dp(r)]ovi(r) 07 (r)

under the constraint that wavefunctions are normalized. This constraint is given by the last
term in the above equation, where the energy ¢; plays the role of the Lagrange multiplier. This

results in the equation
( - %Vz + Vext (1) 4+ Viartree (T) + ch(r)) Vi(r) = ehi(r), (3.15)
where we identify the effective potential Vg with
Verr(r) = Vet () + Viartree () + Vie(T). (3.16)

Eq. (3.15) is usually solved self-consistently: An initial guess for the starting density is generated,
and the effective potential is calculated from which wavefunctions are obtained. Then the new
density is calculated, and the process repeats. This procedure is iterated until convergence is
reached. The only unknown term in Eq. (3.16) is the so-called exchange-correlation potential
Vie(r). The exchange-correlation energy Fy.[p| can be written as the Coulomb repulsion of the
density of an electron and the so-called exchange-correlation hole charge density py(r,r") [75]

Bcll = [ drptr) [ a0 (3.17)

e —r|
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The simplest approximation to the exchange-correlation energy is given by the local density
approximation (LDA), in which it is assumed that e..(p,r) at a given point r is assumed to
be the same as that of a uniform electron gas of the same density as p(r), evaluated at point

r [126]. In this case, the exchange-correlation energy can be written as

EXM o) = [ dnple)el (o). (3.15)

LDA

Xc

In practice, €% (p(r)) is parametrized based on known low- and high-density limits and fitted

to the result of quantum Monte Carlo (QMC) calculations, leading to parameterizations such as
those obtained by Perdew and Zunger (PZ) [143] or by Vosko, Wilk and Nusair [187]. More
sophisticated approximations, such as the generalized gradient approximation (GGA), where
the exchange-correlation density depends on the magnitude of the gradient |Vp(r)| and density
at point r. The most famous approximation of this kind is the parametrization proposed by
Perdew, Burke and Ernzerhof (PBE) [144]. Approximations beyond the GGA exist in so-called
meta-GGA functionals such as the recently popularized SCAN functional [176, 17|, or hybrid

functionals which include a fraction of the exact Hartree-Fock exchange energy [20, 21].

3.1.2 Plane-wave DFT

Many DFT codes rely on the use of plane-wave basis sets, including Quantum Espresso (QE) [70,
69], which is used throughout this thesis. In plane-wave DFT, single-electron wavefunctions are

expanded as [126]
1 )
W(r) = — Cn.q€' " = Cnq(r|q), 3.19
0lt) = o nat™” = 3 nalrl) (.19

where V' is the crystal volume, q the crystal momentum and ¢, 4 a set of expansion coefficients.

Eq. (3.9) then becomes

Z<q/|f{(w$|q>cn,q = €nCn,q'- (320)

q

The kinetic energy contribution to the Hamiltonian trivially evaluates to

1 1
(| = 5V°la) = 5la[*0qa (3.21)
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The effective potential Vs is unit-cell periodic and thus can be written as a Fourier series

Ves(r Z Verp(Go)e'm, (3.22)

where G are reciprocal lattice vectors. The matrix elements of the effective potential are given

by

(d'[Veys(r) Z / drVesp(Gy)elGm (4= Zveff Oq—a/ G - (3.23)

Now using the substitutions q = k + G,, and ' = k + G,,» [126], where k is the crystal
momentum constrained to the first Brillouin-zone, we arrive at a set of linear equations for each
k-point

Z Hppr (K) i (k) = €;(K) 3. n (K), (3.24)

where

1
Hop (k) = §|k + G0y + Veyp (G — Gor). (3.25)

In the case where pseudopotentials are used, Eq. (3.25) has to be generalized to non-local

effective potentials [126].

3.1.3 Pseudopotentials

In order to avoid all-electron calculations, where core electrons are included explicitly, pseu-
dopotentials are often employed in plane-wave DFT calculations. The first step towards the
pseudopotential approximation is the frozen core approximation [168], in which core electrons
are assumed to remain in the states occupied in an isolated atom. However, core states are
localized around the nucleus and thus rapidly oscillate. In order to maintain orthogonality with
the core states, valence states also rapidly oscillate inside the core region [168]; therefore, many
plane waves are required to correctly describe the valence states in the vicinity of the nucleus.
Even if one replaces the effect of the core electrons with an effective potential, as is done in

the effective core approximation [168], valence states still oscillate rapidly in the vicinity of the
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nucleus. The fundamental idea of the pseudopotential is to replace the valence wave functions
with pseudo wavefunctions, which are equal to the valence wave functions in an all-electron
calculation of an isolated atom outside a core region with cut-off R, but are smooth and nodeless
inside the core region [168]. As noted by Kresse et al. [107], the pseudo wavefunctions must
also be continuously differentiable at least twice at R.. Another important consideration is
that BerkeleyGW, the GW code employed throughout this thesis, requires norm-conserving
pseudopotentials [90, 49]. In norm-conserving pseudopotentials, the pseudo wavefunctions still
differ from the all-electron wavefunctions; however, the charge enclosed inside the core region
is the same [107]. These criteria are enforced when fitting the pseudo wavefunctions on an
isolated atom. Once the pseudo wavefunctions are obtained by smoothing the all-electron
valence wavefunctions, the radial Schrodinger equation can be inverted to obtain a non-local
pseudopotential [107] which replaces the bare Coulomb potential of the nucleus. In this thesis,
norm-conserving pseudopotentials fitted using the method by Rappe et al. [151] (RRKJ) and
the method by Von Barth and Car [185] (VBC) are employed.

3.2 Electronic excitations and the GW approximation

As mentioned in the introduction, the DFT band gap is significantly underestimated when
calculated using the Kohn-Sham energies [145, 169]. In order to tackle this problem, the GW
method is often employed. The system of self-consistent equations that form the basis for
the GW method was first derived by Hedin [79]; however, these equations are rarely solved
self-consistently due to the difficulty of accounting for so-called vertex-corrections [139]. The
vertex correction effectively accounts for higher-order perturbative corrections, as will become
clear in this section. Thus, in this section, I will develop the central equations of the so-called
one-shot GoW, approach, which is used in all quasiparticle calculations in this thesis. The
GW method is based on many-body perturbation theory, where the central quantity is the
single-particle Green’s function G(r,r’,¢,t'). Roughly speaking, the Green’s function describes
the propagation of a particle added to the system at time ¢’ and point r’ and removed from

the system at r,t. To fully understand the significance of the Green’s function, familiarity with
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second quantization and diagrammatic perturbation theory are required. A brief overview of
these concepts is provided in Appendix A. For a more comprehensive introduction, I refer the

interested reader to Fetter and Walecka [63] Chapter 3.

3.2.1 The interacting Green’s function

The Green’s function is a fundamental property of many-particle systems, and its utility has
been demonstrated in great detail, for example, by Fetter and Walecka [63], Galitskii et al. [66],

Klein et al. [102] or Martin et al. [125]. The Green’s function is defined as [63]

(Lol T [ rra(r, )i fz5 (' #)]| Wo)

iGop(r, ' t, 1) = ,
ol ) (o[ W)

(3.26)

where |Wg) is the interacting ground state in the Heisenberg picture, and zﬁHa(r, t) is a field
operator in the Heisenberg picture (see Appendix A). Moreover, the operator T'...] orders
operators inside the T-product from left to right in order of increasing time. Additionally, a
factor of (—1)* has to be added, where k is the number of interchanges necessary to achieve the
correct time order [63]. We can express Eq. (3.26) more explicitly by using the expressions for
operators in the Heisenberg picture and by expressing the time-ordering with Heaviside step

functions 0(t — t')

iGas(r, v, 1,1) = 0t — 1) (Wole M (r)e e G )e M W)

_ 9(15, i t)<\IJO|eiﬁt’¢g<r/)e—iﬁt/eiﬁt¢a(r)e—thNjO)’ (327>

where it was further assumed that the ground state is normalized to unity. Applying the

operators to the ground states, we obtain

iGaﬁ(r7 rlv L, t/) - e(t - t,)eiEO(t_t/) <\I/0 |¢a(r>6_iﬁt¢2(r/)e_iﬁt/ |\IJ0>

_ Q(t/ o t)e_iEO(t_t/)<\I/0|@Zg(r,)€_iﬁt/€iﬁt@/}a(r)|\IJO>, (328)

where Ej is the ground-state of the N-electrons system.
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Inserting a complete set of states |¥,,), including all possible numbers of electrons, in between

the exponential operators, we find that

iGs(r, v/, £,1') Ze eI BRI (g o), (1) 0, ) (W[ () | W)

— Ot — £)e’E D (o [ ()W) (W [ (1) W) (3:29)
Now inserting the integral expression for the step function [63]

o(t —t') = / o L (3.30)
Yo w+in '

and substituting w’ = w + (E,, — Ey) and ' = w — (E,, — Ep) in the first and second term
respectively, we obtain

iGa(r,x' 1, 8) = > _/d“"L i (Woltha (1) W0 ) (T (1) [ Vo)
« (Rl ] 27TZWI—(En—E0)+Z77 [e* n ni¥s

n

1 oW (t—t) .y .
- / W s B By i Wl >|\Ifn><wn|¢a<r>|%>}' (3.31)

Now computing the Fourier transform, we finally obtain the so-called Lehmann representa-

tion [113] of the Green’s function

Gop(r, v’ w) =

(Wola ()] W) (Va5 () [Wo)  (Wolh(x") W) (W[ (x) W)
Z( w_(En_E())—i-’iT] + w+(En_E0)—’i7] . (332)

n

Since the quantities in the numerator involve fully-interacting states, they are not practical to
compute. However, since the field operators add or remove a particle from the ground state, we
can already conclude that only states containing N 4 1 electrons will contribute, as overlaps
with the ground state will otherwise vanish. It is also instructive to consider the case where
the states |¥,,) and the ground state are given by a single Slater determinant, as is the case in

Hartree-Fock and Kohn-Sham DFT methods. We will denote the states with an additional or
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missing electron in state s compared to the ground state | N £ 1, s). We then obtain

, Vs (1)1, () (T |éas| N + 1, 8)(N 41, 5L | W

¢Es(r/)¢as(r)<‘1’0|525|]\7 - 1)S><N - 173|éas(r)|\110>
* w4+ (B, — E) —in } (3:33)

which is the same as

Gl )= 3 (LB Fd ) | VoWl

W — €5+ 1N W —€s — 1N
S

where f,, is the occupancy of state s with spin-index «. Additionally, the total energy differences
will correspond to the Kohn-Sham /Hartree-Fock single-particle energies €;. The first term in
Eq. (3.34) runs over all unoccupied states, while the second term runs over all occupied states.
It is important to emphasize that this form of the Green’s function is equivalent to the Green’s
function of a non-interacting system, which is why this form is typically used as an initial
guess for self-consistent GW calculations, or as the Green’s function Gy in one-shot GyW,
calculations [139]. Additionally, if the Hamiltonian is not spin-dependent, we can further

simplify the expression for the Green’s function to obtain

w— € +1n w— €, —1in

) = 8y 3 LI L) | )60 55

3.2.2 The density-density response function

As described in the Introduction, the density-density response function maps a perturbing
potential to the change in charge density resulting from the perturbation. Formally, the DDRF

is defined as [63]
(Wo T [Asra(r, ) 7rnps(r', t')][Wo)
(Wo|Wo) ’

x(r, 't t) = (3.36)

where 7, (r,t) is the number-density operator in the Heisenberg picture. Starting from this

definition, it can be shown (see, for example, Fetter and Walecka Chapter 4 [63]) that for a
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non-interacting system, the DDRF in the frequency domain can be written as

Yolr,r w) = —~ / A G (1,7, ) Gt 1,0 + ), (3.37)

™

where Gy(r,1’,w’) is the Green’s function of a non-interacting system, defined in Eq. (3.35).
The single-particle states ¥(r), and corresponding energies are obtained from a non-interacting
calculation or a mean-field calculation like Kohn-Sham DFT. In this product, two of the terms
will have poles on the same side of the real axis; thus, their contributions vanish. The remaining

terms are given by

)ws’( />¢*< )(1 — fs)fs’ w:(r/>ws(r>¢:’<r)¢s’(r/)fs<1 — fs’)
(r,r',) Z / { w’—es+2n)(w+w—es/—m)+(w’—es—in)(w+w’—es/+in) '
(3.38)

We can evaluate this integral by contour integration, closing the contour in the upper half-plane

in both terms. The two residues are given by

1 , W+ w—€, —in
Res | —— , | =, lm : —
(W —€es+in)(w+w — ey —in) W ——wrei+in (W — €5+ in)(w + w' — ey — in)
1
= 3.39
(—w + €y — €5+ 2in)’ (3:39)
and
R 1 , W — €, —in
es = lim
(W —€s—1m)(w+ w — ey +1in) w—estin (W — €5 —iN)(w + W' — €y +in)
1
= . (3.40)

(w— €y + €5+ 2in)

Thus (by relabelling 2n — 7/, we find that the non-interacting DDRF is given by

Yo(r. 1, w) = Z2<¢I(r')¢s(r)¢;‘/(r)%f(r’)fs(l — fo) (@) () (x) (r) (1 — fs)fs,)

W+ €5 — €y + 11 W+ €5 — €y —in

ss!

(3.41)
We can further simplify this expression (including absorption of the factor of 2 into the sum

and summing over both spin states), yielding the Adler-Wiser formulation [3, 195] of the
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(time-ordered) non-interacting DDRF

occ empty

1 1
(r,r,w) Z Zw Yo (1) e (r )(wﬂs_es,ﬂn,—wﬂs/_%_m,). (3.42)

3.2.3 The random phase approximation and electronic screening

The random phase approximation (RPA) is an approximation that introduces the concept of a
screened Coulomb interaction [29]. This screened Coulomb interaction is dynamic and frequency
or time-dependent and can be drawn diagrammatically in terms of the Feynman diagrams
in Fig. 3.1. For a brief introduction to Feynman diagrams, please refer to Appendix A. The
polarization bubbles, consisting of two Green’s functions in opposite directions, correspond to

the non-interacting DDRF, and the interaction lines correspond to the bare Coulomb interaction.

M = e b D

+

Figure 3.1: Diagrammatic expansion of the screened Coulomb interaction within the RPA
approximation.

We can write the diagrammatic expansion in Fig. 3.1 as a Dyson equation by using the

Feynman rules. This results in

W(r, v, t,t") = V(r,r')o(t — t') —|—/dr1/erV(r,rl)xg(rl,rg,t,t’)V(rQ,r')—i—
/dh/drz/drzs/dm/dh T, 11)Xo(T1, T2, ¢, 81)V (2, 13) X0 (T3, Ta, b1, )V (1, 17) + . ..

:V(I’,I‘,)(S(t—t/)+/d[’1/dI‘QV(I‘,I'1)X(I'1,I‘2,t,t/)V(I'Q,I'/), (343)

where the screened Coulomb interaction is given by W (r, 1’, t,¢") and I have defined the interacting
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DDREF as x(r,r/,¢,t'), which is given by

X(ra r/7t>tl) = X[)(I‘,I‘/,t, t/> + /drl /er/dt1X0(ra rlatatl)v(rla I'2>X0<I'2, r,>t17t/) + ...

= xo(r, v, ¢, ") —|—/dr1/dr2/dthO(r,rl,t,tl)V(rl,r2)x(r2,r’,t1,t’). (3.44)

We can further simplify Eq. (3.43) by introducing the inverse dielectric function e !(r,r’,¢,¢')
defined as
e e, r' t,t") =6(r —1r)o(t —t') + /dr1V(r, r)x(ry, v’ t,t), (3.45)

yielding the equation for the RPA-screened Coulomb interaction
Wir,r' t,t) = /drle_l(r,rl,t,t')V(rl,r’). (3.46)

The inverse dielectric function describes the screening of an electron’s charge by the surrounding
electrons’ response, yielding an effective quasiparticle interaction. The repulsive interaction
between electrons results in electron density depletion around each electron. The electrons with
the depleted charge region surrounding them are modelled as quasiparticles within the RPA.

We will see in the next section how this weak interaction is exploited.

3.2.4 The self energy

When introducing the Green’s function, we have defined it in terms of the interacting ground
state |Wy). However, the interacting ground state is inaccessible for all intents and purposes due
to the complexity of solving the many-particle Schodinger equation. Fortunately, a diagrammatic
expansion of the many-body Green’s function is made possible by the Gell-Mann and Low
theorem [68]. The Gell-Mann and Low theorem connects the interacting ground state to the non-
interacting ground state, which yields a diagrammatic expansion in terms of the non-interacting
Green’s function Gy and the Coulomb interaction V. In terms of Feynman diagrams, the
interacting Green’s function (denoted with a directed double line) is given by the diagrams in
Fig. 3.2. The first term in Fig. 3.2 corresponds to the non-interacting Green’s function Gy, and

the other two terms to the first order perturbation terms. Only the zeroth and first-order terms
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—— = —— 4+ /'9* + A N +

Figure 3.2: Diagrammatic expansion of the interacting Green’s function in terms of the non-
interacting Green’s function and the Coulomb interaction.

are included explicitly. The higher order terms correspond to all possible Feynman diagrams
with 2n 4+ 1 Green’s function lines and n interaction lines, where n is the perturbation order [63].
We can replace the series of non-repeating diagrams between the incoming and outgoing lines

by the proper self-energy insertion 3, resulting in Fig. 3.3. We can write down an equation for

—— = —  + —»@—»— + —»@»@—»— S

Figure 3.3: Diagrammatic expansion of the interacting Green’s function in terms of the non-
interacting Green’s function and the proper self-energy ..

the diagram in Fig. 3.3, resulting in a Dyson equation for the interacting Green’s function

G(I‘, I'/, t, t/) = Go(r, I'/, t, t/) + / drldtl / dI‘QdigGo(I‘, ry, t, tl)E(rl, Iy, tl, t2)G<I‘2, I'/, tQ, t/>
(3.47)
By introducing a basis set (as in Eq. (3.35)), the above equation can be turned into an algebraic

equation, which allows us to define the interacting Green’s function as

1

Gyl -

(3.48)

The non-interacting Green’s function is diagonal in the basis of single-particle eigenstates.

Assuming that the self-energy is also diagonal, we can get a simple approximation for the poles
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of the Green’s function as

0=Gol — Yo =w — €5 — L. (3.49)

Oss

The above equation highlights the significance of the self-energy: it is equivalent to a perturbative
correction to the energy levels of the non-interacting system and incorporates all many-body
interactions. Thus, it plays a similar role to the exchange-correlation functional in DFT. The
self-energy is, however, again given by an infinite series of Feynman diagrams, the first few of

which are shown in Fig. 3.4.

Figure 3.4: Diagrammatic expansion of the self energy 3.

To make progress, one has to approximate the self-energy by only retaining certain diagrams.
One potential approximation is only to retain the first two terms. Evaluating the first term

results in

—z'/dr/V(r,r’)Go(r’,r’,t,ﬁ) = /dr’V(r,r’)p(r’),

where p(r’) is the electron density. The second term is given by
iV (e, v )Go(r,r',t,¢)o(t — 1), (3.50)

The first term corresponds to the Hartree potential, and the second term to the Hartree-Fock
exchange potential. One can further replace the non-interacting Green’s function with the
interacting Green’s function, as shown in Fig 3.5. However, it can be shown [63] that this
corresponds precisely to the self-consistent Hartree-Fock method, which is known to overestimate
properties like the band gap [139] significantly. Going beyond the first order terms can be

problematic. In fact, the series in Fig. 3.4 may not have a limit at all [61] and some diagrams,
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o - L

Figure 3.5: Approximate self-consistent expansion of the self-energy X..

in particular, the ones containing repetitions of polarization bubbles (e.g. the ones in Fig. 3.1)
can be unbounded [61] due to the long range of the Coulomb interaction. One solution to these
problems is to select the problematic diagrams containing polarization bubbles and sum them
to infinite order. It turns out that this is equivalent to replacing the bare Coulomb interaction
with the screened Coulomb interaction in Fig. 3.1. The screened Coulomb interaction W is
much shorter ranged than the bare Coulomb interaction V' [63], and a diagrammatic expansion
in terms of W instead of V is thus more well-behaved and should converge rapidly. Within the
RPA, the self-consistent GW method corresponds to a truncation after the first order in W and
is thus equivalent to replacing the bare Coulomb interaction in the exchange term with the
dynamically screened Coulomb interaction. The distinction between the classical RPA method
and the self-consistent GW method is that the DDRF is recalculated at each iteration step, thus
replacing the non-interacting Green’s function lines of the polarization insertion with interacting
Green’s function lines. The self-consistent GW method is thus equivalent to the Hartree-Fock
method with a dynamically screened exchange energy. Graphically the resulting self-energy is

therefore given by the diagram in Fig. 3.6 (excluding the Hartree potential). However, when

Figure 3.6: Self-energy within the self-consistent GW method .

Q

using this self-consistent approach, introducing a suitable vertex correction is crucial [139]. The
vertex correction effectively accounts for higher-order contributions to the self-energy, such

as the third term in Fig. 3.4. However, including vertex corrections is far from trivial [142]
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and often does not outperform non-selfconsistent approaches [139]. In order to avoid these
complexities, in this thesis, I will focus on the so-called one-shot GoW, method. Within this

approximation, the self energy ¥ is given by [119]

Y(r, v t,t) = iGo(r, v’ t,t" Y Wo(r, ', t, 1), (3.51)

with Gg being an initial guess for the Green’s function obtained from a suitable reference
calculation (typically Kohn-Sham DFT or Hartree-Fock) and W, being evaluated using the
interacting DDRF as defined in Eq. (3.44). Once the self-energy is computed, a first-order
correction to the Kohn-Sham/Hartree-Fock (denoted “MFE”) energies is computed, obtaining

quasiparticle energies [173]

e[ THME S (e, v w = €)= Vi (r)[9MF), (3.52)

s

ox.
QP _ MF | (| _ (MFYZ
68 68 + ( <1/b8 ’aw

where it was further assumed that the off-diagonal elements of ¥ are vanishingly small [173].

3.3 GW in practice

3.3.1 Extension of the static dielectric matrix to finite frequencies

So far, we have assumed that the dielectric function is computed at all frequencies. In practice,
this is challenging, as it often has to be evaluated at many discrete frequencies. Therefore the
generalized plasmon-pole model [90] (GPP) is often employed. Within the GPP, the frequency
dependence of the dielectric matrix is described by collective modes called plasmons [43].
Specifically, the GPP relies on the observation that ¢! is dominated by energies close to the
plasmon frequency [173]. As the BerkeleyGW [90, 49] code employed in this thesis uses a plane

wave basis, it is convenient to express all quantities in terms of plane waves. In this basis, the
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dielectric matrix is written as [173]

occ empty

€GG’ (q7 CU) = 5G,G’ - V(q + G) Z Z Z MSG:S’ (kv q)MS*’SI(k, q)
s s’ k

1 1
X — + — 0, (3.93
{Es,k—q - Es,k —w+ m Es,k—q — Lisk +w— 277} ( )

where G, G’ are reciprocal lattice vectors and ]\{S’s,(k7 q) = (s, k| (@) T|s' k — ). Within the

GPP, the imaginary part of the inverse dielectric function is given by [90]

2
%

Im(egg)(q,w) = {6@1 — waa) — O(w + UJGG/)l : (3.54)

2 waar
The real part can be obtained using the Kramers-Kronig relations, yielding [90]

/

00 QQ , ~ ~ w
Re(ega)(q,w) = daar — P /0 ﬁ {5(w’ —Wgar) — (W + wGG/)} ol
QQ /
=daa + 522 (3.55)
w _(.UGG/

The coefficients Wwgg’ are obtained using the the Kramers-Kronig relation evaluated at the static

limit of the dielectric function (w = 0), which is explicitly calculated, yielding [177]

2
QGG’

dea — EE;lG/ (q,w=0)

Oag = (3.56)

The coefficients Q% g, are calculated by using the generalized f-sum rule [91]

[ e e - -3 IEE AL BUEZE), (357)

where w, is the plasma frequency and p(G) is the reciprocal space representation of the electron

density [173]. Thus, the coeflicients evaluate to

s wa+G) (q+G)p(G-G)
Yoo = -+ GEp(0) ' (3:58)

Using the GPP, a full frequency calculation can often be avoided while obtaining excellent
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agreement with experimental excitation energies [119].

3.3.2 Coulomb truncation

For finite systems, truncation of the Coulomb interaction can significantly improve the speed of
convergence with respect to the unit cell size. The Coulomb truncation replaces the Coulomb

potential with a truncated version

0(f(lr —x'])

‘/;(I'—I'I) = |I‘—I"|

, (3.59)

where the function f defines the geometry of the truncation [49]. Within the cell-box truncation
scheme used in this thesis, the Coulomb interaction is truncated at the boundaries of a supercell-
shaped region around each point. The cell-box truncation is achieved through a numerical
truncation; however, to illustrate the behaviour, it is instructive to look at the definition of the
spherical truncation, which has an analytic expression [93]

O(re — |r —1'])

v —r'|

Vir —1') = : (3.60)

where 7, is a cut-off radius. The cell-box (or supercell) truncation behaves analogously and is

r
K JK

Figure 3.7: 2D visualization of the cell-box truncation scheme.

visualized in Fig. 3.7: the black circles indicate a spherical cluster in the centre of the supercell.
Now suppose the truncated Coulomb interaction is evaluated at point r indicated in Fig. 3.7.
The red box centred at r has the same size as the supercell and indicates the region where the
truncated Coulomb interaction is non-zero: For every point r’ outside the red box, the Coulomb

interaction is truncated. This truncation scheme helps to limit interactions between periodic
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images and thus leads to faster convergence with respect to supercell size [49]. To fully avoid
interactions with periodic images, the supercell has to be large enough, such that for every
point r inside the cluster, the red truncation box does not intersect with the clusters in the
neighbouring supercells. While spherical truncation can be used as well, supercell truncation is

recommended for the treatment of 0D systems within BerkeleyGW [49].
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Chapter 4

Predicting polarizabilities of silicon
clusters using local chemical

environments

4.1 Introduction

Clusters and nanoparticles are used in a variety of scientific and industrial applications, in-
cluding optoelectronics [189], photocatalysis [44], medical imaging [141, 138] or single electron
transistors [65]. Electronic excitations often play a key role in these applications, but theoretical
techniques for calculating excited-state properties of materials, such as the first-principles
GW /Bethe-Salpeter method, are typically limited to very small systems. As discussed in the

introduction, the main bottleneck of the GW method is the calculation of the interacting DDRF.

As an efficient alternative to first-principles techniques, machine learning (ML) based tech-
niques have been explored in recent years. For example, ML has efficiently been applied to poten-
tial energy surfaces [16, 77, 116, 59] or to predict electronic ground state densities [31, 5, 72, 38].
Additionally, projects such as the Materials Project [96] and the Open Quantum Materials
database [101, 161] have made an effort to make first-principles data of a wide range of materials
publicly available. As discussed in Chapter 2, descriptors or fingerprints encoding the structure

of a molecule or cluster are crucial ingredients in the application of ML in materials physics.
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For example, the smooth-overlap of atomic positions (SOAP) kernel [15] has been widely used
as a similarity measure between different chemical environments. Recently, several groups
have also started to explore the applicability of ML approaches to calculate molecular polar-
izabilities and dipole moments [192, 73, 181, 184]. For example, Grisafi et al. [73] introduced
a symmetry-adapted variant of the SOAP descriptor [15] to predict polarizability tensors of
molecules. Similarly, Wilkins and coworkers [192] used the symmetry-adapted SOAP kernel
to predict polarizabilities and first hyperpolarizabilities of small organic molecules with high
accuracy. Recently, Ceriotti et al. [184] used a combination of the symmetry-adapted SOAP
kernel and the scalar SOAP kernel to predict dipole moments of small molecules with close
to DFT accuracy. However, the applicability of machine learning models to the prediction of

non-local response functions such as the DDRF remains largely unexplored.

Before approaching the development of a model of the DDRF, this chapter focuses on a
simpler problem: the RPA scalar polarizability, which is closely related to the DDRF, and thus
may provide valuable insights into the ability to predict response functions of clusters based on
purely structural descriptors. In order to test this approach, we create a dataset of RPA scalar
polarizabilities of hydrogenated silicon clusters. These systems are well suited for this purpose
because their polarizabilities have been studied in detail with a variety of modelling techniques.
For example, simple empirical models, such as bond polarizability models, have been used to
predict Raman spectra of silicon clusters in good agreement with experiment [146]. Empirical
models can be extended beyond the assumption of additivity of atomic polarizabilities. A class
of models that captures interactions between polarization centres are dipole interaction models
[188], which have been successfully applied to the construction of polarizable force fields [190].
Highly accurate cluster polarizabilities can be obtained using ab initio approaches such as density
functional theory (DFT) [183, 47, 18, 95, 94, 124], Mgller-Plesset perturbation theory [124],
coupled-cluster theory [123, 140, 124] or the random phase approximation (RPA) [63, 97, 129].
For example, Mochizuki and Agren [129] used the RPA and the second-order polarization
propagator approximation to calculate the polarizabilities of spherical hydrogenated silicon

clusters with up to 35 Si atoms and found that the polarizability per silicon atom approaches the
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bulk limit from below. In contrast, for unhydrogenated silicon clusters, Jackson and coworkers
found that the bulk value is approached from above as the size of the cluster increases [95, 94].
This behaviour was attributed to the presence of dangling bonds on the surface. Furthermore,
it was observed that the polarizability depends sensitively on the shape of the cluster [97, 94].
Jansik et al. [97] compared polarizabilities of three-dimensional (3D), two-dimensional (2D) and
one-dimensional (1D) hydrogenated silicon structures and found that the presence of m-bonds
in 2D systems leads to a much stronger increase in the polarizability as a function of cluster
size when compared to 1D and 3D clusters [97]. A similar trend was observed when comparing
prolate and compact clusters, with prolate structures showing a significantly larger polarizability

per silicon atom than compact structures [94].

Here, we explore the ability of machine learning models based on the SOAP [15] descriptor
to describe and predict static polarizabilities of hydrogenated silicon clusters calculated from
RPA DDRFs. Despite the incompleteness of the SOAP descriptor discussed in Chapter 2, the
SOAP descriptor has proven to reliably represent chemical environments while being invariant
to rigid translations and rotations. Previous work [192, 73] has already demonstrated the ability
to predict isotropic scalar polarizabilities and also the full polarizability tensor using SOAP and
generalizations thereof. The symmetry-adapted SOAP descriptor has also been used successfully
in conjunction with physical insights [184] to predict molecular dipole moments. As SOAP is a
generic 3-body descriptor of the neighbourhood density [133], many simpler descriptors such as
RDFs and ADF's [87, 39, 154] (which are particular projections of the neighbour density) can
be represented in the SOAP basis, and in the limit of no basis truncation, SOAP is equivalent
to other 3-body descriptors such as Behler-Parrinello Atom Centered Symmetry Functions [22]
and the FCHL [58] descriptors. To generate a data set, we start by calculating scalar isotropic
polarizabilities of a set of clusters containing between 10 and 110 silicon atoms using the
RPA DDRF. Next, we investigate the ability of the ML approach to reproduce the calculated
polarizabilities and find that almost perfect agreement can be obtained when the size of the
local chemical environments is sufficiently large to contain the whole cluster. Importantly, the
ML models already describe the qualitative behaviour of the average polarizability per atom

if the local environment only contains nearest neighbour atoms. These findings establish the
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fittability of RPA scalar polarizabilities using local SOAP descriptors, which has not been
explored to date in contrast to mean-field DFT data. Next, we study the ability of ML to predict
the polarizabilities of clusters not included in the training set. Interestingly, the predictive
power of ML is strongest when the size of the chemical environment is relatively small. These
insights enable the reliable prediction of polarizabilities of large clusters, which are difficult to
calculate with standard first-principles techniques and constitute a first step towards efficient ML
approaches for excited-state properties of materials, such as the DDRF which will be explored

in Chapters 5 and 6.

4.2 Methods

4.2.1 Random Phase Approximation polarizabilities

Scalar polarizabilities of molecules and clusters were calculated within the RPA in a linear
response framework. The RPA was chosen because it is known to give an accurate description
of the dielectric properties of bulk silicon [91]. The polarizability tensor a;; relates the induced

dipole moment with Cartesian components yi; to the applied static electric field F; according to

J

To obtain an expression for a;;, we express p; in terms of the induced electronic charge

density Ap(r) via

Wi = —e/drAp(r)ri, (4.2)

where e denotes the proton charge, and r; is the Cartesian component of the position vector.
The induced charge density is determined by the interacting density-density response function

x(r, ') according to

Ap(r) = eZEj / dr'x(r,x')r, (4.3)
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where the potential associated with the applied electric field V(r) = ezj Ejr; was used.

Combining these equations yields

i = —eQ/drdr’X(r,r’)rir;. (4.4)

The scalar polarizability « is obtained by dividing the trace of «;; by three, which shows the
close relationship between the scalar polarizabilitiy and the DDRF. To evaluate Eq. (4.4), the
interacting density-density response function must be determined. As described in Chapter 3,

the RPA x obeys the Dyson equation

x(r,r') = xo(r, ') + /drlerXO(r,rl)V(rl,rg)X(rQ,r’), (4.5)

where V (ry,ry) denotes the Coulomb interaction and g is the non-interacting density-density
response function within the Adler-Wiser formulation [3, 195] in Eq. (3.42). To numerically cal-
culate scalar polarizabilities, the plane-wave/pseudopotential approach is employed. Specifically,
the BerkeleyGW program [90, 49] is used to calculate xgg where G and G’ denote reciprocal
lattice vectors of the periodically repeated supercell. Note that interactions between images are
avoided by using a truncated Coulomb interaction. The interacting density-density response

function in real space is then given by
1 iG-r G
x(r,r') = — Z ¢ "xaae Y, (4.6)

where V = L? denotes the volume of the cubic supercell, with L being the side length. Finally,

the scalar polarizability is found to be

2
e
=3y Z Z Xa,aAciAar (4.7)
i GG/
with

%45(;95,05(;1,,05@,0 it G, =0,
Ag., = (4.8)

%5%,06@270 otherwise,
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and similar expressions for Ag, and Ag,..

It should be noted that other, more efficient approaches than the one described above exist for
the calculation of the static scalar polarizability, such as the finite field method [34]. However,
the ultimate interest of this work is in applying ML techniques to accelerate excited-state
calculations, and these methods require the full interacting density-density response function,

which cannot easily be obtained with other methods.

4.2.2 Kernel ridge regression

In order to model the polarizabilities obtained using the method described above, we use kernel
ridge regression (KRR). The relevant expressions can be derived starting from ordinary linear
regression, where the target quantity y; is modelled as a linear combination of individual inputs
in the feature vector x;

yi ~ f(x;) = XlTW, (4.9)

where w is a learnable vector of weight parameters. First, the input vector is projected into a
(usually higher dimensional) feature space through a function ¢(x;) [152]. An example would be
the projection of a scalar z into the space of powers ¢(z) = (1,z,22,...) [152]. After applying

the projections, the linear model takes the form of
f(x) = ¢(Xi)TW- (4.10)

Next, the weight vector is expanded as a linear combination of feature vectors contained in the

training set w = Z;V”"’i“ Gjo(x;) [132], yielding

Ntrain

Fxi) = o(xi) " d(x;)G (4.11)

J
The inner product between feature vectors corresponds to elements of the symmetric kernel

matrix K;;, which allows us to rewrite Eq. (4.11)

YR

Ntrain
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Thus, elements of the kernel matrix effectively measure the similarity between different feature
vectors. When training a KRR model, we want to minimize the squared difference between the

target quantity y and our model function f(x)
e = (y — K" (y — K¢) + MK, (4.13)

where the kernel matrix is computed between all feature vectors in the training set, and the vector
y is the vector containing the corresponding target quantities. The second term in Eq. (4.13)
penalizes for larger magnitudes in the weight vector, and A is a positive parameter determining
the strength of the penalty. A is usually referred to as a regularization parameter [132]. Taking
derivatives with respect to ¢ and equating to zero, we obtain a solution for the coefficients ( in

terms of the kernel matrix K and the vector of target quantities y
(=(K+A)y. (4.14)

If the training set is large, Eq. (4.14) can become prohibitively expensive to solve. One possible
solution is the subset of regressors approach [152] in which a subset of M representative points
is selected from the training set. In this case, the use of an alternative equation for obtaining

the coefficients ( is required [36]
¢ = [Knn + KynvA Ky T KunAly, (4.15)

where Ky, is the kernel matrix computed between representative points and Ky, is the kernel
matrix between the N training points and the M representative points. A = Al is again a

regularization term. Equation (4.15) is the result of minimizing [36]

e=(y — KnuQ)" A (y = Knu€) + K. (4.16)
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4.2.3 Environment descriptors

As the kernel matrix measures the similarity between features, the ability to assess the similarity
of different chemical environments plays a key role in machine learning of material properties.
Here, we use the SOAP approach [15] where the environment of atom i is described by the set

of neighbourhood densities
Ny

p(r) =Y e i), (4.17)

i=j
where v denotes a specific element that is present in the atom’s environment with N, being
the number of such atoms up to a given cut-off radius r.,;. In addition, v, is a hyperparameter

describing the size of the neighbour atom.

The similarity of two chemical environments described by the neighbourhood densities

pi = {p¢'}, and p; = {p,;"}, can be measured by the kernel [36]

2

o) = [ di , (4.18)

S [ o e

where R denotes a rotation matrix. Note that in Eq. (4.18), the sum is inside the norm in
contrast to the simpler SOAP kernel introduced in Chapter 2. In this version of the SOAP
kernel, correlations between the environments corresponding to different species v and v/ are
included in the descriptor. To evaluate the kernel integral, the angular dependence of the
neighbourhood densities is expanded in a basis of spherical harmonics Y},,, and the radial part

in a set of orthogonal radial basis functions g, (r) according to

PLE) = & i gn(r)Yim(B), (4.19)

nlm

where ¢ is an expansion coefficient. Here, [ ranges from zero to a cut-off value [,., and m

i,nlm

ranges from —[ to [ and the radial index n has a cut-off of n.x.

The similarity kernel Eq. (4.18) has the appealing property that the integrals can be carried

out analytically yielding [15]
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k p“pJ Z Zdz nn’ld]VZn’l (42())

v<v’ nn'l

d'l:rlzln’l Z Ciy,nlm(czln’lm)*' (421>

m

From the above expressions, it can be seen that the set of coefficients {d;”” } with v </

i,nn’l
plays the role of a descriptor vector d; for the environment of atom 7. In practice, the descriptor
vectors are calculated using the QUIPPY software package [15]. The kernel matrix k(p;, p;) is

then calculated according to

k(pi, pj) = di - d;. (4.22)

The sensitivity of the kernel to differences between atomic environments can be increased by

defining the effective SOAP kernel [15, 36]

K(ps, p;) =

k(pi, pj) ‘
(\/k?<pi,pi)k(pj,pj)) ' (4.23)

In this work, we use € = 2.

4.2.4 Learning cluster polarizabilities

The SOAP descriptor allows the comparison of different environments of atoms in a cluster.
However, the polarizability is calculated for an entire molecule or cluster consisting of many
atoms. To harness the SOAP approach for the prediction of cluster polarizabilities, it is,
therefore, necessary to relate atomic properties to cluster properties. One way to achieve this
is by expressing the polarizability «; of cluster I as the sum of atomic contributions «; [36]

according to

ar=> a; (4.24)

i=1
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where N; denotes the total number of atoms in the cluster. While the atomic contributions can
provide some valuable intuition about the dielectric response of complex clusters, it is important
to stress that these quantities are not directly measurable and should be interpreted with care
[14].

Using standard kernel ridge regression, the atomic polarizabilities can be expressed as

Ntrain

a; = Z Kijgj; (425)

where Ny, denotes the total number of atoms in the training set (i.e. the total number of
atoms contained in all training set clusters), ¢; is a coefficient obtained from training the SOAP

model, and K;; = K(p;, p;). Inserting Eq. (4.25) into Eq. (4.24) yields

NI Ntrain Ntrain

7 7 J

where we defined the sum kernel K7™ = SV K.

Determining the coefficients (; is difficult as the fit to the calculated cluster polarizabilities
is strongly underdetermined (as the number of coefficients is the total number of atoms of all
clusters in the training set). To make progress, the number of coefficients must be reduced.
Intuitively, this should be possible as the atomic environments of many atoms in the training
set are very similar. While it is also possible to select a subset of data points from the training
set [152], we achieve this sparsification by means of a singular value decomposition (SVD) of
the descriptor matrix D whose rows contain the descriptor vectors from Eq. (4.21). Specifically,
D is expressed as

D =UxV7, (4.27)

where U and V7 contain the right and left singular vectors, respectively, and X is a diagonal
matrix containing the singular values. If many environments in D are similar, only a few singular
values will have large magnitudes. Only those singular values which are larger than a given
threshold are retained, and the corresponding left singular vectors (which form a matrix V) are

used as a new basis to represent D.
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The elements of the SOAP kernel K corresponding to this new set of effective descriptors are
obtained by projecting the descriptors d; onto the rows v; of the truncated matrix of singular

vectors V according to

Kij=d; v, (4.28)

Next, the effective sum kernel K™ can be calculated using Eq. (4.26), but now the number
of coefficients (; is equal to the number of singular vectors whose singular values exceed the

threshold. Finally, the vector of coefficients ( is obtained from Eq. (4.15)
o~ - - -1
C — VTV + (Ksum)TA—leum] (Ksum)TA—la’ (429>

where A = AI with \ being a regularization parameter and a denotes the vector of calculated

cluster polarizabilities.

Alternatively, the cluster polarizability can be expressed as the number of silicon atoms
multiplied by their average polarizability o®¥ (note that in this definition, o®" also contains the

smaller contribution from the hydrogen atoms)

a = Ng;ag,. (4.30)

To calculate the average polarizability, the SOAP kernel matrix is averaged over environments

belonging to pairs of clusters [14]

N;r Ny

" 1
K3 = NN Z ; Kij. (4.31)

Using kernel ridge regression, the average polarizability of the silicon atoms in a given cluster

is expressed as

TNtrain

o = Y K¢, (4.32)
J
where Ny, denotes the number of clusters in the training set, and the vector of coefficients (;
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is determined by

(=K +A)" a”, (4.33)

where a® is the vector containing the average polarizabilities per atom of the training set
clusters. As a consequence of the averaging, no additional sparsification procedure is required,
as in the case of the sum kernel.

This method has the advantage that the average polarizability can be written as a sum of
atomic contributions, which allows one to assign polarizabilities to individual atoms. This can
be achieved by omitting the average over the index ¢ in Eq. 4.31, which yields a prediction for
each silicon atom in a cluster

It is interesting to note that the polarizability obtained from the average kernel can also be

expressed as a sum of atomic contributions given by

] Twrain Ny

Apart from the scaling factor 1/N;, the last equation is very similar to Eq. (4.25) of the sum
kernel approach, with the additional constraint that the coefficients (; on atoms in a cluster J
are all equal, ¢; = (; Vj € J. The effect of the scaling factor is that while the sum kernel is
extensive (its magnitude scales with the number of atoms in the cluster), the average kernel is
intensive, independent of system size. Consequently, large clusters get more heavily weighted in
the solution of the least squares problem, Eq. (4.29), compared with that for the average kernel.

Finally, we also use the “coherent average” kernel (denoted “coh”), which is obtained as

follows. Rather than computing a SOAP descriptor for each atomic environment, as in Eq. (4.20),

74

we take the spherical harmonic coefficients ¢, |

and average them first to obtain, for cluster 1

1 &
E?,nlm = E ZZ:; Cll'j,nlmv (435>
and then square these to form the averaged descriptor vector d; with components,

— B L
d;:rym’l = Z C?,nlm(cy,n’lm)*v (436)

m
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and the coherent (unnormalized) kernel between clusters I and J as

k™I, J) =d;-dy. (4.37)

4.2.5 Physical models

Apart from the SOAP models, two simpler, physical-based models are used to fit the calculated
RPA polarizabilities. In the first approach, the cluster polarizability is assumed to be proportional

to the number of silicon atoms Ng; in the cluster, i.e.
a = ag;Ng;, (4.38)

with % denoting the average polarizability per silicon atom (again, any contributions from
hydrogen atoms are included in ¢! in this definition). In contrast to the SOAP fitting with the

average kernel, the average polarizability is assumed to be the same for all clusters.

The second model is a bond polarizability approach where the cluster polarizability is

expressed as a sum of contributions from Si-Si bonds and Si-H bonds according to

o= agi—siNgi—si + asi—aNgi—m, (4.39)

where ag; gy and ag;_g; are the polarizabilities of Si-H and Si-Si bonds, respectively, and Ng;_g;
and Ng,_p are the number of Si-Si and Si-H bonds, respectively. While this model explicitly
includes the contribution of the hydrogen atoms, it is also assumed that the bond polarizabilities

are independent of the cluster size and shape.

In a hydrogenated silicon cluster with only sp? bonding, the number of Si-Si bonds and Si-H
bonds can be expressed in terms of the number of silicon and hydrogen atoms. In particular,
Ng;i_gi is given by (4Ng; — Ng)/2, and Ng;_p is equal to Ny. Substituting these expressions

into Eq. 4.39 yields
_ 4Ng; — Ny
B 2

o agi—si + Ngagi— . (4.40)
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Dividing both sides by Ng; yields the polarizability per silicon atom

o
Ng;

i—si\ NV
as S) u (4.41)

= 2a5;_5; (i—— :
agi-si + | Qsi—g 5 Ne:

Interestingly, this shows that the polarizability per silicon atom is a function of the ratio of

hydrogen and silicon atoms only.

4.2.6 Generation of clusters

To generate atomic structures of hydrogenated silicon clusters we initially followed a similar
procedure as Barnard et al. [13] who carve spherical clusters from a perfect silicon crystal,
terminate the dangling bonds on the surface with hydrogen atoms and then relax the atomic
positions using DFT. Unfortunately, this approach only yields very few clusters with 100 or
fewer silicon atoms. Because of the relatively large computational cost associated with the RPA
polarizability calculations, we instead use the following approach to generate clusters: starting
from the spherical Sijo3Higg cluster, we remove silicon atoms from the surface, terminating any
dangling bonds with hydrogen atoms and relax the structure with DFT. In this way, a set of
100 hydrogenated silicon clusters containing between 10 and 110 Si atoms is obtained for which
RPA polarizabilities are calculated. In addition, we include the spherical clusters with fewer

than 123 Si atoms from Barnard et al. [13].

4.2.7 Computational details

The plane-wave/pseudopotential DFT code Quantum Espresso [70, 69] was used to obtain
Kohn-Sham energies ¢, and wavefunctions ¢, (r). We employed the PBE exchange-correlation
functional, norm-conserving pseudopotentials from the original Quantum Espresso Pseudopoten-
tial library [70, 69] and a plane-wave cut-off of 65 Ry. The clusters were placed in a cubic unit
cell with sufficient vacuum to avoid interactions between periodically repeated images. Next,
cluster polarizabilities were calculated with BerkeleyGW [90, 49] using a plane-wave cutoff of 6
Ry and a truncated Coulomb interaction. A total of 600 Kohn-Sham states were included in

the summation for x which was found to be sufficient to converge the scalar polarizabilities.
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SOAP descriptors were constructed with /., = 9 and n,,,, = 20 and v, = 2.0 for r.; < 10.0A
and v, = 0.5 for re, > 10.0A. In all calculations, we only study local environments of silicon
atoms. As all hydrogen atoms are bonded to silicon atoms, their contribution to the cluster

polarizabilities can be captured indirectly through their influence on the silicon atoms.

4.3 Results and Discussion

4.3.1 Fitting polarizabilities

Fig. 4.1(a) shows the RPA polarizabilities of the hydrogenated silicon clusters as function of
the number of silicon atoms in the cluster. We observe that the polarizability exhibits a linear
behaviour which suggests that the Si atoms provide the dominant contribution.

Deviations from the linear behaviour become explicit when the cluster polarizability is
divided by the number of silicon atoms, see Fig. 4.1(b). For clusters containing more than 80 Si
atoms, the polarizability per silicon atom decreases. Interestingly, a/Ng; increases for cluster
between 70 and 80 silicon atoms, but decreases again for clusters between 40 and 70 silicon
atoms. For clusters with fewer than 40 Si atoms, there is a significant amount of scatter in the
polarizabilities but overall ai/Ng; tends to increase with increasing number of Si atoms. Overall,
the polarizability per silicon atom has an M-like shape as function of the number of silicon
atoms.

For very large clusters, a/Ng; should converge to the atomic RPA polarizability of bulk
silicon which is 3.77 A® (determined using the Clausius-Mossotti relation and the bulk dielectric
constant of 12.2 [91]). This explains the observed decrease of a/Ng; for Ng; > 80. Note that
in our results the bulk value is not approached from below because we have not removed the
hydrogen contributions from the cluster polarizabilities [129, 97].

To understand these findings, we first compare the results to two physical-based models: a
model in which the cluster polarizability is assumed to be proportional to the number of Si atoms
(denoted the linear Ng; model) and a bond polarizability model (see Methods). The parameters
of both models were fitted to the calculated RPA data using a least squares optimization. The

results are shown in Fig. 4.2 (a). While the linear Ng; model cannot capture any dependence of
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Figure 4.1: (a) RPA scalar polarizability « of hydrogenated silicon clusters versus number
of silicon atoms Ng;. The polarizability increases approximately linearly with Ng;. (b) RPA
polarizability divided by Ng; shows deviations from linearity.

a/Ng; on the number of silicon atoms, the bond polarizability model correctly describes several
key features. In particular, it shows a decreasing trend for large clusters and a minimum near
Ng; = 70. For small clusters, the bond polarizability model predicts an increase in polarizability
as the number of Si atoms is reduced in disagreement with the RPA data. Interestingly, the
bond polarizability model also features a significant scatter for small clusters. As discussed
in the methods section, «/Ng; in the bond polarizability model only depends on the ratio of
hydrogen and silicon atoms Ny /Ng; suggesting that the fraction of surface hydrogen atoms

captures a large part of the variation the polarizability of the clusters.

While the bond polarizability model captures several features, we note that neither of
the two physical models can capture the full M-shape of the polarizability per Si atom in
Fig. 4.2 (a). Furthermore, from the least square fits of the linear Ng; model to the RPA
data, we find o] = 4.29 A®. This is significantly larger than the RPA value in bulk Si of
3.77 A’ The parameters of the bond polarizability model are found to be ag;_g; = 1.98 A
and ag;_ g = 1.32 A®. As the polarizability per Si atom is 2aig;_g;, the predicted bulk value is

3.96 A3, which is in better agreement with RPA results.

The above analysis demonstrates that both physical-based models have several shortcomings.
This is a consequence of two factors: (i) their parameters do not depend on the properties of the
local chemical environment, i.e. bond lengths or bond angles. In particular, significant atomic

relaxations occur for small clusters, resulting in changes to the bond polarizabilities compared
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Figure 4.2: Comparison of a/Ng; (cluster polarizability divided by the number of silicon atoms)
from RPA calculations (blue dots) with fits from various models. (a) The black line shows the
optimal fit for the linear Ng; model, see Eq. 4.38. Orange triangles denote results from the bond
polarizability model; see Eq. 4.39. (b) Results obtained using SOAP with the sum kernel (green
squares), the average kernel (red squares) and the coherent kernel (black crosses). A cut-off of
2.5 A was employed. (c) Same as (b) but with a cut-off of 20 A.
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to the larger clusters that the bond polarizability model does not capture. (ii) The models do
not capture the effects of interactions between the polarizable units. Consequently, they cannot
distinguish between clusters containing the same numbers of Si and H atoms and do not capture
the dependence of the polarizability on the cluster shape. To overcome these problems, we now
explore the ability of machine learning models to describe the polarizabilities of Si clusters.
Figures 4.2 (b) and 4.2 (c) show the results from the machine learning model using the
sum kernel, the average kernel and the coherent kernel (see Methods). The real-space cut-off
that determines the size of the chemical environment of each atom is 7. = 2.5 A in Fig. 4.2(b)
and 7. = 20 A in Fig. 4.2(c). In the fit, the regularization parameter A was kept small (1015
for the sum kernel model and 1072 for the average and coherent kernels) in order to allow as
much flexibility in the parameters as possible. Furthermore, no train-test split was performed.
For the smaller cut-off (where only the nearest neighbour atoms are included in the local
environment), all three kernels provide an improved description compared to the physical-based
models. Specifically, they capture the M-shape of «/Ng; as a function of Ng; and also reproduce
the scatter for smaller clusters. The coherent kernel is slightly better than the averaged kernel.
Significant deviations from the calculated polarizabilities are only observed for the smallest
cluster sizes when the sum kernel is used. When r, is increased to 20 A, the agreement between
the ML models and the calculated polarizabilities significantly improves. In particular, the
average and the coherent kernel results almost perfectly agree with the data, while the sum
kernel results show minor deviations for smaller clusters. The good results obtained for the
short cut-off indicate that local chemical effects dominate polarizabilities. However, long-range
interactions also influence polarizabilities. These long-range interactions are captured when the

cut-off radius is increased.

4.3.2 Predicting polarizabilities

Up to this point, we only considered the ability of the SOAP approach to fit the calculated
cluster polarizabilities. To investigate SOAP’s capacity to predict polarizabilities of clusters
that it was not trained on, k-fold cross validation [152] is employed. In this procedure, the

clusters in the data set are randomly assigned to five sub-sets. Next, four sub-sets are used to
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train the ML approach, and the fifth sub-set is used as the test set. This is done five times, with
each sub-set acting as a test set once. We optimize the regularization parameter A to minimize

the mean average error (MAE). The optimal parameters are listed in Table 4.1 below.

Table 4.1: Regularization paramaters \,, and Ay, determined from k-fold cross validation at
different cut-off radii r.,;.

Tcut [A] )\av >\sum )\coh
2.5 1078 1078 1078
5.0 1075 | 0.0001 | 10°°
7.5 107° 0.01 107°
10.0 | 0.0001 | 0.01 | 0.0001
12.5 107° 107¢ 107°
15.0 107° 107° 107°
17.5 | 0.0001 | 0.001 | 0.0001
20.0 ] 0.0001 | 0.001 | 0.0001

The resulting MAE and its standard deviation as a function of r., are shown in Fig. 4.3
(a). The average kernel and the coherent kernel yield very similar results and are compared in
Fig. 4.3 (b). Strikingly, the sum kernel model produces the largest MAE for the test set among
all methods. In particular, the test set MAE is significantly larger than the training set MAE
indicating poor capacity to predict polarizabilities. In contrast, the average kernel model yields
the smallest test set MAE, which is only slightly worse than the training set error. The coherent
kernel model yields slightly worse predictions than the average kernel, with the most significant
difference between the two occurring at 7., = 5.0 A. The MAE of the two physical-based models
lies between those of the sum kernel and the average kernel. The different performances of the
sum kernel and the average kernels originate from the different training procedures: the sum
kernel model is trained on total cluster polarizabilities. In contrast, the average kernel is trained
on the average polarizability per silicon atom, see Eq. (4.33). Consequently, the sum kernel
model is biased towards more accurate predictions for large clusters and is less accurate for
small clusters. This can also be seen in Fig. 4.2(c), which shows that the quality of the sum
kernel fit improves for larger clusters. This has been observed before by Stocker et al. [174], who
argued that the intensive average kernel has the advantage of equally weighting small and large
molecules, which is beneficial when learning quantities over an extensive range of cluster sizes.

Interestingly, the average kernel performs somewhat better than the coherent kernel suggesting
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Figure 4.3: Average mean absolute error (MAE) of a/Ng; (the cluster polarizability divided by
the number of silicon atoms) from various machine learning models and physical-based models
versus the cut-off radius r.,; that determines the size of the local chemical environment. Optimal
regularization parameters were determined using five-fold cross-validation. Error bars indicate
the standard error of the average MAE across the five training and validation sets used in the
cross-validation procedure.

that a model of the cluster polarizability that can be expressed as a sum of atomic contributions

constitutes a better representation of the system’s dielectric response.

Fig. 4.3 also shows that the minimum test set MAE for the average kernel and the coherent
kernel is obtained for cut-offs around 7. = 12.5 A. In contrast, for the sum kernel, the
minimum is achieved for 7., = 15.0 A. Interestingly, neither kernel benefits significantly from
increasing ., beyond 5 A. To understand this finding, we compare the elements of the average
kernel matrix for 7. = 5.0 A and o = 17.5 A, see Fig. 4.4. When a smaller cut-off is used,
the elements of the kernel matrix decay slowly along the rows and columns. In contrast, the
decay is significantly more pronounced for the larger cut-off, suggesting that a smaller cut-off
facilitates the recognition of similar chemical environments in clusters of different sizes. This
is not surprising because, for large cut-offs, the chemical environment contains a significant

amount of vacuum for small clusters but not for large clusters.

Next, the ability of the ML approach to predict polarizabilities of large clusters based on a
training set of small clusters is explored. For this, we train the average kernel on the 60, 70 or
80 smallest clusters and then predict the polarizabilities of the remaining large clusters in the

data set. Fig. 4.5 shows the resulting test set MAE as a function of the cutoff radius. All curves
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Figure 4.4: Matrix elements of the average SOAP kernel K¢y, see Eq. (4.31), for cut-offs 7., of
5.0 A (a)and 17.5 A (b). Note the rapid decay of the matrix elements along rows and columns
when a large cut-off radius is used.

exhibit a minimum at small cut-offs near 7., =5 A and the smallest MAE is obtained for the
largest training set. For the smaller training sets (n; = 60 or 70), the MAE increases rapidly
as the cutoff is increased, while for the largest training set, the increase is mild (and another
minimum is found at r.,; = 15.0 A). Similar to our findings in the k-fold cross-validation, this
shows that increasing the cut-off radius beyond a certain value is not beneficial.

Figures 4.6 (a)-(c) compare the predictions of the average kernel with r.,, = 5 A with
the calculated RPA polarizabilities per silicon atom. The ML model captures the qualitative
trends for all three training set sizes. For n; = 60, the average kernel correctly predicts the
increase of at/Ng; at Ng; = 70 and also the decrease starting at Ng; = 80. While the ML models
underestimate the polarizabilities per Si atom for large clusters when n;, = 60 and n; = 70, good
quantitative agreement is achieved for n, = 80.

Finally, we train the average kernel model on the entire data set (using re,; = 5 A) and
predict the average polarizabilities of the entire Silicon Quantum Dot data set containing clusters
with up to 3000 silicon atoms [13]. The results are shown in Fig. 4.7. It can be observed that
the polarizability per Si atom converges slowly to its bulk limit as Ng; increases, and there is a
significant scatter in the results. The scatter in a/Ng; reflects the different Ny /Ng; ratios and
different environments present in the clusters. To understand the slow convergence to the bulk

value, note that the number of silicon atoms scales with the cluster volume, while the number
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Figure 4.5: Average kernel test set error as a function of SOAP cut-off. The smallest n; clusters
were included in the training set for each curve. The test set consists of the remaining 100 — n,
clusters.

of hydrogen atoms is roughly proportional to the surface area. This suggests that a/Ng; should
be proportional to the inverse radius of the cluster or, equivalently, to 1/N ;2/3 Indeed, Fig. 4.7
shows that the ML predictions are well described by the function a 4+ /N, ;Z/ % with a = 3.89 A3
and b = 1.55 obtained from a least-squares fit. The value of a agrees well with the RPA atomic

polarizability of bulk silicon of 3.77 A3[91].

Additional insights can be obtained by analyzing the atomic polarizabilities obtained from
the SOAP average kernel method; see Eq. (4.34). Fig. 4.8 shows the atomic polarizabilities of a
Sig109Heosa cluster. In Fig. 4.8 (a) only local chemical environments of silicon atoms are considered
(and the effect of the hydrogen atoms is captured indirectly through their influence on the
silicon chemical environments). Silicon atoms in the centre of the cluster have a polarizability of
3.76 A, in excellent agreement with the value extracted from bulk calculations of 3.77 A% [91].
The polarizability of the silicon atoms in the two surface layers is larger, sometimes as large as
5 A3. The reason for this increase is that the surface silicon atoms are bonded to hydrogen atoms,

and their atomic polarizability is effectively the sum of the silicon and hydrogen contributions.
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Figure 4.6: Comparison of RPA results for «t/Ng; (cluster polarizability divided by the number
of silicon atoms) and training and test set predictions of the average kernel model. The training
set consists of the (a) n; = 60, (b) n, = 70 and (c) n; = 80 smallest clusters and the test set
contains the remaining 100 — n; large clusters.
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Figure 4.7: Cluster polarizability divided by the number of silicon atoms for all clusters of
Silicon Quantum Dot database [13] from the average SOAP kernel model with r.,, = 5.0 A.
Bulk polarizability obtained from Hybertsen et al. [91].

To disentangle contributions from silicon and hydrogen atoms to the cluster polarizability,
Fig. 4.8 shows the atomic polarizabilities from a calculation that explicitly takes the chemical
environments of hydrogen atoms into account. Interestingly, the results suggest that the atomic
polarizability of subsurface silicon atoms is larger than the bulk value, but the polarizability
of surface silicon atoms (which are bonded to hydrogens) is smaller. The average atomic
polarizability of the silicon atoms is found to be 3.63 A3. This is in agreement with the results
of Mochizuki et al. [129], who predicted that the bulk limit of the silicon atomic polarizability

is approached from below.

4.4 Conclusions

In this chapter, it was demonstrated that machine learning models based on the smooth
overlap of atomic positions (SOAP) descriptor can be used to accurately and efficiently predict
polarizabilities of large hydrogenated silicon clusters. Using the random phase approximation,

the polarizabilities of a set of hydrogenated silicon clusters containing between 10 and 110 silicon
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atoms were calculated. We then assessed the ability of three machine learning models (one using
the sum kernel, one using the average kernel and one the coherent kernel) to fit the calculated
polarizabilities and find that all three models perform well when the local environment includes
nearest neighbour atoms only. Increasing the size of the environment improves the quality of the
fit. Next, we investigated the ability of the machine learning models to predict polarizabilities
of clusters that are not in the training set. Using k-fold cross-validation, we find that the
average kernel performs significantly better than the sum kernel and that the predictions only
weakly depend on the size of the chemical environment. We also tested the predictive power
of the average kernel when it is trained on small clusters only and found that quantitative
accuracy can be achieved if the training set is sufficiently large. Finally, we use the average
kernel approach to predict the polarizabilities of hydrogenated silicon atoms with up to 3000
silicon atoms and find that the results approach the correct bulk limit. The ability to efficiently
calculate polarizabilities of large clusters paves the way towards using machine learning for
excited-state properties of these systems. These results further suggest that quantities derived
from the DDRF are well described by descriptors based on the local chemical environment of an
atom. In the following two chapters, the locality of the DDRF in semi-conductor clusters is
exploited to achieve an atomic decomposition of the DDRF and develop flexible model DDRF's

which can be used in GW calculations.
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Figure 4.8: Atomic polarizabilities of the Siy;g9Hggs cluster obtained from the SOAP average
kernel method. Shown is a cross-section through the centre of the cluster. (a) Atomic polarizabil-
ities when only silicon chemical environments are used. (b) Atomic polarizabilities when both

1.6 A

5.0 A was used. Large dots represent silicon atoms,
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Chapter 5

Approximating the RPA density-density

response function

5.1 Introduction

As mentioned in Chapter 1, the GW method [90, 139] is often employed in the calculation of
quasiparticle energies, in which corrections to the DF'T energies are computed perturbatively.
While yielding highly accurate excitation energies, the GW method is largely restricted to small
systems due to its poor scaling with system size [139, 153]; the most expensive step is the
computation of the density-density response function (DDRF), which is typically computed as
a sum over states using Eq. (3.42). In order to converge the sum, however, a large number of
empty states have to be included in the summation, which is the main cause of the poor scaling

with system size [139].

The poor convergence of the computation of the DDRF led to the development of several
model dielectric functions, the simplest of which are based on the Lindhard dielectric function
[118] of the free electron gas. More general model functions were proposed later by Hybertsen,
Levine and Louie [114, 92] and Cappellini et al. [35, 19]. However, as noted by Rohlfing [153],
these model functions cannot be used for systems with non-uniform screening, as they rely on a
spatially uniform dielectric constant. This restriction makes these model functions especially

unsuitable in the extreme case of isolated clusters or molecules, where one cannot start from the
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assumption of uniform screening. Rohlfing [153] proposed to model the dielectric function as a
sum of atomic contributions, attributing a density response resulting from a Gaussian-shaped
charge density to each atom. The various parameters in Rohlfing’s model are obtained by fitting
to existing data for RPA dielectric functions. The resulting dielectric function yields reliable
estimates of the band gaps in extended systems [54, 9]. However, the errors for individual
quasiparticle (QP) energies, in particular energies below the conduction band and above the
valence band, are less reliable [153]. Furthermore, the errors in QP energies for finite systems
are substantially larger, approximately 0.5 eV for HOMO-LUMO gaps and 0.7 eV for HOMO
energies [153]. This failure is likely a consequence of Rohlfing’s approach using a baseline model,

which assumes metallic screening [153], to which corrections are calculated.

In Chapter 4, I showed that the RPA scalar polarizability, which is a scalar quantity derived
from the DDRF, can be accurately predicted within an atom-centred framework. The results
from the previous chapter and the limitations of existing model dielectric functions are the
motivation for the next two chapters, where I build the foundation for accurate machine learning
models of the DDRF. Predicting such quantities is a formidable challenge: for example, the
DDREF of a small silicon cluster can be tens of gigabytes in size when represented in a plane-wave
basis, even when a modest plane-wave cutoff is used. As such, in order to make progress,
it is necessary to express the DDRF in a more compact way. In this chapter, I develop an
approximation to the DDRF by projecting it onto an auxiliary basis of Gaussian-type orbitals
(GTOs). This approach drastically reduces the size of the DDRF while retaining most of the

accuracy in quasi-particle (QP) energies.

I then apply the method of projecting the DDRF onto an atom-centred basis of GTOs
to the silicon clusters used in the polarizability calculations in Chapter 4. Finally, a simple
machine-learning model of the approximated DDRF is developed, and its shortcomings are
discussed in order to motivate the development of a more systematic machine-learning approach

in the next chapter.
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5.2 Recap of the role of the DDRF within GW

The GW method relies on applying a correction to mean-field energy levels that is based on the
self-energy X(r,r’,w), which is in turn calculated from the many-body Green’s function G(r,r’)

and the screened Coulomb interaction W (r,r’, w): [139, 90, 89]

1

Y(r, v, w) = Py
m

/ e Gt w4 W )WV (1, 1, o ) (5.1)

The screened Coulomb interaction is, in turn, computed from the bare Coulomb interaction

v(r,r') and the dielectric function e(r,r’, w):
W(r,r,w) = / e (r, 12, w)(ra, 1')drs. (5.2)

As such, the dielectric function forms one of the key ingredients of GW calculations, where

€(r,rz) is computed from the interacting DDRF
e r,r',w) =6(r, 1) +/u(r,r2)x(r’,r2,w)dr2. (5.3)

The non-interacting DDRF yj is calculated as a sum over empty and occupied states within
the Adler-Wiser [3, 195] formulation in Eq. (3.42). Then, the interacting DDRF x is computed

using the Dyson equation
x(r,r') = xo(r,r’) + /drlerXO(r,rl)v(rl,rg)x(r2,r’). (5.4)

The resulting Dyson-equation can be solved by either a truncated summation or, more

accurately, by inversion of the dielectric function given by

e(r,r’,w) =d(r,r') — /V(r,rz)XO(r’,r%w)dr} (5.5)

Computing the inverse dielectric function is one of the critical bottlenecks of a GW calculation,

the reason for which is twofold: (1) Due to the energy dependence of the non-interacting DDRF
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in Eq. (3.42), a large number of empty states is required for convergence. (2) To invert the
dielectric function in Eq. (5.5), it has to be represented on either a real-space grid or in a
basis set, both of which require the inversion of a large matrix. Since the density-density
response function can be several gigabytes in size when represented in a plane-wave basis, a
more efficient representation that makes matrix elements readily learnable has to be found. In
the remainder of this chapter, I will focus on the static DDRF y(r,r’,0) = x(r,r’), since the
frequency dependence can be approximated using the Generalized Plasmon-Pole model (GPP)

[90, 171].

5.3 A compact representation of the DDRF

The Adler-Wiser formulation in Eq. (3.42) described in Chapter 3 consists of a product of four
mean-field Eigenfunctions. When expanding Eq. (3.42) in a real, atom-centred basis set, one

obtains a four-point function for g

Xo(r,t') =Y dijudi(r)d;(r)dr(r)du(r'). (5.6)

ijkl

By expanding Eq. (5.4), one can show that the interacting DDRF x can also be written as a

four-point function using a different set of coefficients

X(r,v) = xigui(r) 5 (r) o () (). (5.7)

ijkl

However, as commonly done in quantum chemistry for fitting electron densities, one can use an
auxiliary density-fitting basis set to represent products of basis functions [110] efficiently. Thus,

using an appropriate basis set, one can approximate y as a two-point function:

X(r,r') = sz’j@(r)% (r). (5-8)
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Within BerkeleyGW, the DDRF is represented in a plane wave basis [90, 49]. Thus, the real-space
DDREF is given by

x(r,r') = v Y Xaee e (5.9)

G,G’
Assuming the atom-centred basis set is orthogonal, the projection of the BerkeleyGW DDRF

onto the atom-centred basis set is computed as

Xij = % Z XG,G’ /v ¢i(r)€iG'rdr/V¢j(rl)€_iG,'r/dT/ = Z ¢ (G)o;(G)xe.a- (5.10)

G.G/ G.,G/

The functions ¢;(G) denote the Fourier transforms of the orthogonal basis functions, defined as

éi(G) = %/‘/aﬁi(r)e‘“}‘"dr, (5.11)

where the integral runs over the unit-cell volume V.

5.3.1 Introducing a basis of CGTOs

The first step in achieving the previously outlined projection for an explicit basis of Cartesian
Gaussian-type orbitals (CGTOs) is constructing an orthogonal set of basis functions. The
starting point are a set of CGTOs {¢¢ (r)}, with a labelling the atom on which the CGTO
is centred and «, labelling the basis functions on atom a. Building the orthogonal basis set
can be achieved in several ways. However, the simplest method is to choose the orthogonal set

{éga (r)} from the Eigenvectors of the overlap matrix
Sihe, = [ s, (6100, (). (512
The orthogonal basis functions are then defined as

o) =D AL (x), (5.13)
ko

101



CHAPTER 5. APPROXIMATING THE RPA DENSITY-DENSITY RESPONSE FUNCTION

where A" is the matrix of eigenvectors of the overlap matrix. The coefficients of the DDRF,

when expanded in the orthogonalized basis are

X’Lajlaj — V Z Xa.q X / (ZSZ 1G-rdr/ 6—1G/ /A(;j (I'I)dr/, (514>

G,G’ o0

where, due to the localised nature of the basis functions, I extended the integral from an integral
over the supercell to an integral over all space. It should be noted that orthogonalizing the
CGTO basis generally yields extended functions. However, the orthogonalized functions are a
linear combination of GTOs. Thus, extending the integral over all space is a valid approximation
if the decay coefficients of the GTOs and the distances to the supercell edge are sufficiently
large. These integrals are proportional to the Fourier transforms of the basis functions (or their
complex conjugates). x can then be transformed from the orthogonal basis to the atom-centred
basis using the coefficients A3** from Eq. (5.13). This transformation can be expressed in

terms of matrix multiplication with the transformation matrix A, containing these coefficients.

= 3 R 098, ) = 3 5 5 A A 0, ()6, ()

a0 i agoy kl ooy i
- Z Zxakal al<r/)7 (515)

apay kil
where I defined,
Xy = DD R, A AT (5.16)
o i
In matrix notation, the above equation can be written as
x=ATRA. (5.17)
5.3.2 Evaluation of the Fourier transform
A primitive CGTO is defined as
Babe(r) = Nae(x — 20)"(y — 10)" (2 — 29)°e 7ol (5.18)
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where N, is a normalization constant and rq is the position of the atom the orbital is centred on.
The angular momentum [ of a CGTO is given by the sum of the exponents, i.e. | = a+b-+c. The
3-D Fourier transform of a CGTO decomposes into a product of three 1-D Fourier transforms,
which simplifies the problem to three 1-D Fourier transforms of functions of the form (ignoring

the normalization constant)

fr(x) = (x — g)Fe o), (5.19)

Moreover, using the shift property of the Fourier transform, the Fourier transform only has
to be computed for xy = 0. The resulting Fourier transform is multiplied by a phase factor of

e~%G=%0  Thus, the problem is simplified to evaluating Fourier transforms of the form:

fiu(Gy) = /xke_“IQe_iG”dx (5.20)

Conveniently, the Fourier transform has the property that F7T'(z f(x))(G,) = i%FT(f(m))(GI).
This allows the derivation of a recursive expression for the Fourier transform of a Gaussian of

order k, where I will denote

Fy = FT(f)(G.). (5.21)

Fy can be computed by simply using the Fourier transform of a 1-D Gaussian, centred at
0. Extending the Fourier integral over the unit cell to an integral over all space, the Fourier

transform can be evaluated analytically and is given by

@) = [T (522)

The recursive expression can then be constructed by repeatedly applying the operator i%
to Fy. Starting with F}
0 0 |m _ci 1Gy
Fi=i——Fy =1—/—€ % = ——F 5.23
R Te R an\/; 2a " ° (5.23)
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) 1 iG,
F2 = Za_G'xFl = %FO - 9y F1 (524)
) 2 G,
Fy=i—F = —F — —%F, (5.25)

0G, 200 200

Repeated application of the operator results in the following pattern

o n—anﬂ_ 1G,
2c 2c0

Fy1. (5.26)

The Fourier transform of the CGTO is then given by

Grim(G) = Fi(Go) Fi(Gy) Fi(G.)e "G, (5.27)

5.3.3 Enforcing of the integration sum-rule of the projected density-

density response function

Since the DDRF is used to calculate the density response to a perturbing potential V' (r), it is

clear that for the charge to be conserved, the following sum rule has to apply

//drdr’x(r, V(') =0 vV(r). (5.28)

When y is expanded in a plane wave basis, this results in the following constraint on the plane

wave coefficients

//drdr/ Z XGGleiG.reiiG/.r/V(I‘/) = Z XGG’5G0v<G/> = ZXOGIV(G/) =0. (529)
Gl

G,G’ G.,G/

For this condition to be true for all V(r), it is necessary that all yoqs are 0. Since the static
density-response is real, Ygq’ is a hermitian matrix. Thus it is also required that all ygo are 0.
For the CGTO basis, I enforced this constraint as a post-processing step, i.e. by setting the first
row and column of the Fourier transform of the projected matrix to zero. This constraint helped
in improving the quality of the quasi-particle energy levels when performing a GW calculation

with the projected matrix.
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5.3.4 Cartesian vs. solid harmonic Gaussians

An alternative to the CGTO basis are the solid harmonic Gaussian basis functions (SGTOs),

defined as
Gt (1,0, 0) = Ni(Bu)r'e 57"V (6, 6), (5.30)

where Y},,,(0, ¢) is a spherical harmonic following the Condon-Shortey phase convention. The
CGTOs and SGTOs are connected via a transformation matrix, the expressions for which are
provided, for example, in Schlegel et al. [163]. For s- and p-type orbitals, the CGTOs can be
expressed exactly in terms of the SGTOs of the same angular momentum [. For d-orbitals and
higher, this is no longer the case. There are a total of 6 CGTOs with angular momentum [ = 2,
but only 5 SGTOs of the same angular momentum. In order to express CGTOs in terms of

SGTOs, an additional basis function with s-type symmetry has to be added to the [ = 2 SGTOs

Pnas (1,0, ) = Ni(Bu)r2e 7 Yoo (6, 6). (5.31)

For | = 3, there are 7 SGTOs and 10 CGTOs, and three p-symmetry orbitals need to be added
to the SGTOs. In practice, these additional orbitals are not included in most quantum chemistry
codes. This is also the case in LibInt [182], which is used for the calculation of overlap integrals
in this chapter. Thus, the SGTOs can be expressed in terms of CGTOs, but the reverse is not
the case for [ = 2 and higher. However, SGTOs have a few advantages: 1) There are fewer
SGTOs than CGTOs for the same angular momentum [, thus providing a more compact basis
set. 2) As shown by Kuang et al. [108], the Fourier Transform of an SGTO is also an SGTO.
Provided the SGTOs follow the Condon-Shortley phase convention, the Fourier Transform of
the SGTO in Eq. (5.30) is given by

1

2n)ie / dre T NY(B)rte ™ Yo (£) = (—i)' Ni(B,)G'e™ /WY, (G), (5.32)

with N;(8,) = Ni(Bn)/(28,)*%. Equation (5.32) shows that only the I = 0 SGTOs are non-zero
at |G| = 0. Thus, for SGTOs, the integration sum rule for the DDRF could also be enforced

by removing s-type orbitals from the basis set. SGTOs can also be expressed in terms of real
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basis functions. The relationship between complex SGTOs and real SGTOs is given by the
relationship between complex spherical harmonics Y, and their real counterparts R;,. The

real and complex spherical harmonics are related by the unitary transformation

(

5 (Yicpm) (0, 0) — (=1)™ Yy (0, 0)) if m <0
Rim(0,9) = Vi (60, ¢) if m =0 (5.33)

(Yl*\m|(9’ qb) + (_1)mY2|m|(97 ¢)) if m > 0.

Sl

\

In this chapter, the real SGTOs (RSGTOs) are used exclusively. The Fourier transform of the
RSGTOs is computed by first evaluating Eq. (5.32), followed by applying the transformation in
Eq. (5.33).

5.3.5 Symmetry of the projected density-density response function

The density-density response function is symmetric under the exchange of r and r’. Looking at

Eq. (5.15), we thus require that

Since xgq’ is hermitian, this constraint is automatically satisfied for RSGTOs and CGTOs.

5.4 Application to silicon clusters

This section applies the previously outlined method to the silicon clusters from Chapter 4. First,
the properties of the approximate DDRF's are investigated, followed by an assessment of the
accuracy in HOMO-LUMO gaps when using the approximate DDRF's in GW calculations. Then,

a neural network model is trained to predict the resulting DDRFs.

5.4.1 Computational Details

In order to increase the size of the data set, I perturbed the atomic coordinates of the Si-H

clusters used to train the polarizability model in Chapter 4 by a random vector with between 0
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and 0.1 A magnitude. Only clusters with fewer than 60 silicon atoms are included in the data
set. Using this approach, I generated 6 randomly perturbed clusters out of each relaxed cluster
in the original data set. These perturbed clusters are then used as a training set for a simple
neural network model of the DDRF. The DDRF and QP corrections were calculated using the
BerkeleyGW software package [90, 49]. Mean-field DFT calculations were performed using the
Quantum Espresso code [69, 70]. Norm-conserving pseudopotentials from the Quantum Espresso
Pseudopotential Library were used. The parameters of the DFT calculations were the same as
those used by Zauchner et al. [196] (see Chapter 4): a plane-wave cut-off of 65 Ry, and a supercell
with sufficient vacuum to avoid interactions between periodic images. Also, a plane-wave cut-off
of 6 Ry and a truncated Coulomb interaction were used for the calculation of the DDRF. The
QP corrections were calculated using the generalized plasmon-pole approximation (GPP) [90],
an explicit sum over 1000 Kohn-Sham states and also a static remainder correction [48]. To
calculate the HOMO and LUMO energies, the vacuum level was determined by averaging the
electrostatic potential over the faces of the supercell. To perform the projections onto the
localised basis, auxiliary density fitting basis sets from the admm-series [109] were used. The
basis set was obtained from Basis Set Exchange (BSE) [62, 149, 165]. The smallest of these
basis sets (admm-1) uses 3 contracted s-type orbitals and 2 contracted p-type orbitals for silicon
atoms, and 2 contracted s-type orbitals for hydrogen atoms. Overlap matrices were computed
using LibInt [182]. A parallel implementation of the projection of the DDRF described above
was developed. The smallest CGTO basis set used results in a total of 2 basis functions per
hydrogen atom and 9 basis functions per silicon atom. Since the basis of the DDRF is formed
by products of the basis functions in r and r’, the matrix Xifiaj can be constructed out for five
different “types” of blocks. A 9x9 block for silicon onsite terms, i.e. where the basis functions
in r and r’ reside on the same atom. A 9x9 block for silicon-silicon cross-site terms, where the
basis functions in r and r’ reside on different atoms. Equivalent 2x2 blocks for hydrogen atoms.
And finally, a 9x2 block for silicon-hydrogen cross-site terms. The different types of blocks are
shown in Figure 5.1. These five types of blocks form the output of the neural network models

developed at the end of this chapter.
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Figure 5.1: Matrix ijiaj for cluster SijgHys. The red rectangles highlight the different types of
blocks. Si blocks correspond to silicon onsite terms, Si-Si blocks to silicon-silicon crosssite terms,
H to hydrogen onsite, H-H to hydrogen-hydrogen crossite terms and Si-H to silicon-hydrogen
crosssite terms.

5.4.2 Neural network model

In order to predict the expansion coefficients of the smallest CGTO basis, five dense neural
network models - one for each type of block - were constructed and trained using the Tensorflow
Python-API [2]. A dense neural network is a non-linear model consisting of several layers which
apply a non-linear transformation to the output of the previous layer. All layers between the
input and output layer are usually referred to as hidden layers [25]. The output of an N-layer

neural network model is given by the composition of the non-linear functions of all layers, i.e.

f(x) = 0 (0" (- 0'(x))), (5.35)
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where x is the input of the model and o(+) is some non-linear function on the input to the layer.

In a dense neural network, the non-linear function consists of a linear transformation
NoN-1 4
E w;; 0; bi, (5.36)

where w?Y ;; and bY are learnable parameters, followed a non-linear function h applied to each

intermediate output

ol = h(zM). (5.37)

Neural networks are trained using the backpropagation algorithm [156], which is explained in
Appendix B. The five neural network models used to represent each block type use the same
neural network structure, with three hidden layers (with 400, 300 and 100 nodes, respectively).
The non-linearity used in these models is the Leaky-ReLLU function, which has a gradient of 1
for positive values and a gradient which is specified as a hyperparameter for negative values.
It should be noted that the Leaky-ReLLU activation function has a discontinuity in the first
derivative. However, since no derivatives of the DDRF are required in the GW method, the
discontinuity should not cause any problems. The models for onsite blocks have a single input -
the first 50 principle components (PCs) of the SOAP descriptor of the corresponding atom, as
obtained from principal component analysis (PCA). While this is a natural choice for onsite
terms, it is not clear how to construct a descriptor for the cross-site terms. Since SOAP is
rotationally invariant by design, there is no information about the relative orientation of the
two atoms encoded in the descriptor. This led to really poor regression performance for certain
types of cross-site terms. In particular, I found that s-p cross-terms (s orbital on one atom and p
orbital on the other) and p-p cross-terms are highly dependent on the relative orientation of the
two atoms. To provide additional orientational information, the cross-site term models have an
additional input: the overlap matrix block corresponding to the two atoms. The overlap matrix
provides two additional pieces of information: 1) It contains information about the distance
between the two atoms; and 2) Due to the presence of p-orbitals in the basis set, it also contains
information about the relative orientation of the two atoms, as the sign of the corresponding

overlap matrix element has a strong dependence on the orientation of the p-orbitals. Cross-site
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blocks thus have three inputs: (1) 50 PCs of the SOAP descriptor of the first atom, (2) 50 PCs
of the SOAP descriptor of the second atom and (3) the overlap matrix block corresponding to
the two atoms. SOAP descriptors were constructed with /,,,,, = 8 and n,,,,. = 12 and =, = 0.5
for 7e,s = 8.0 A using the QUIPPY library [15]. In order to enforce the symmetry of the DDRF in
the neural network (NN) model, only Xé{iaj for 7 > i are predicted and the remaining coefficients
are obtained by using the symmetry property of the DDRF. Additionally, the coefficients Xﬁg’iaj
were scaled to be between -1 and 1 before training. Both the scaling and the addition of the of
overlap matrix blocks improved regression performance, in particular, a decrease in terminal
training error was observed. The models were trained for 250 epochs on the perturbed versions
of the clusters. The relaxed clusters were retained as a test set. A learning rate of 0.001 was used.
During training dropout of 0.05 was used in each layer to prevent overfitting. The Leaky-ReLu
activation function has an additional parameter defining the slope for negative outputs, which

was set to 0.13. These parameters were optimized using hyperopt [24].

5.4.3 Results and Discussion
Analysis of matrix elements

Before evaluating the accuracy of the QP energies in the projected basis, it is worth analysing
some of the properties of the expansion coefficients. The following analysis shows some of the
properties of the expansion coefficients in the admm-1 and admm-2 CGTO basis sets. A plot of

the average magnitude of matrix elements in the admm-1 and admm-2 CGTO basis sets vs the

ab

number of Si atoms in a cluster is shown in Fig. 5.2. Specifically, the coefficients xg’,, were

averaged over the onsite-blocks of silicon atoms using

Ng;—1

XNs = D > |xees,

a=0 aqufBa

/Ng;, (5.38)

for each cluster. The resulting average values xn,, were then divided by the maximum value
of xng, for a given basis set to bring the averages of the two basis sets to the same scale. The
average magnitude of the onsite terms in the admm-1 basis set appears to drop off by around

20% as the number of silicon atoms in a cluster increases. The steepest drop-off in magnitude
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occurs up to 40 silicon atoms. In the admm-2 basis set, there is no systematic drop-off but
large variations in yu,,. Significant scatter in the average magnitude can be seen, followed by
a distinctive drop-off between 35 and 40 Si atoms and another increase between 45 and 60 Si
atoms. The variation in the average magnitude of the expansion coefficients indicates that there
is a global dependence on the entire cluster. Thus, it is expected that a descriptor that only

captures the first neighbours is not sufficient for learning the coefficients y°

gy
1.009 o o e admm-1
e admm-2
°
°
0.05{ %" oo
®
000,°® 4
° ° ®
0.90 °
& ¢ o:. ° o o0
°
>Z< .. [ ] ¢ o®%0 ®
o ° o0
0.85 - ° . ° o %
. % o °®
® o
o* e° 0e%e
0.80 - 0y o0 0% ®%eqq.q0,
°
°
075{ ° %
10 20 30 40 50 60

Figure 5.2: Mean of the magnitude of onsite Silicon blocks against the number of Silicon atoms
in the cluster in the admm-1 and admm-2 CGTO basis. The average magnitude appears to
drop off until Ng; = 60, beyond which it remains roughly constant.

Decay of cross terms as a function of distance

The cross-site terms are the expansion coefficients Xg*;ab corresponding to basis functions
@2 (r—ry) and ¢}, (r' —rp), where ry # rp. In order to investigate the non-locality of the

DDRF, we average the magnitude of the cross-site terms by sorting them into bins depending
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on the distance |r, — ry,|: for example, atoms with |r, — rp| > 2.5 A and Ira —1p| < 3.5 A are
placed into the bin at 3 A. The average of the absolute value of the coefficients in each bin
is then calculated, and the results are again divided by the maximum in order to bring the
admm-1 and admm-2 results to the same scale. The result of this average x, is plotted in
Fig. 5.3. Fig. 5.3 only includes silicon-silicon cross-site terms, as these are the most numerous
and largest in magnitude; however, a similar trend can be seen in the hydrogen-hydrogen and
silicon-hydrogen terms. Clearly, the magnitude of the matrix elements drops off sharply and is
negligible beyond a distance of around 8 — 10 A. The decrease in y, is slower when the admm-2
basis set is used; however, a drop-off around 90% at a distance of 8 A can still be observed. The
decay of the cross-site terms indicates electronic localisation around a site - the density response
to a perturbing potential at point r, only extends to the atoms surrounding the point at which
the perturbation is applied. This effect has been studied in detail by Mussard et al. [134], where
it was found that the charge density response is non-zero where the exchange-correlation hole is
non-zero. The consequence of this observation is that the charge density response to a perturbing
potential typically only extends a few atoms away from the perturbation in semiconductors and

insulators, where charge is localised [134].

Accuracy of QP energy levels

The QP HOMO-LUMO gaps (E,) were calculated at the mean-field (PBE-DFT) level, at the
GW level and using the projected DDRF in the admm-series CGTO basis sets. Fig. 5.4 shows
how the results with the projected matrix compare to the DDRF and the mean-field (DFT)
result. The HOMO-LUMO gap was only calculated for the unperturbed versions of the clusters.
We can see that the bulk band gap of silicon (obtained from GW-RPA calculations by Hybertsen
et al. [90]) is significantly smaller than the HOMO-LUMO gaps of the hydrogenated silicon
clusters. An interesting feature is the drop-off in HOMO-LUMO gap over the range of cluster
sizes. At the mean-field level, the HOMO-LUMO gap decreases by ~1.8 eV from 10 to 60
silicon atoms, while at the GW+RPA level, this decrease is more pronounced ~3.1 eV. The
decrease in HOMO-LUMO gap with cluster size is well documented and has also been found by
Degoli et al. [46] or Wippermann et al. [194]. The decrease in HOMO-LUMO gap is largely
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Figure 5.3: Average magnitude of Silicon-Silicon cross-site terms vs. distance between basis
function centres using the admm-1 and admm-2 CGTO basis. Clearly, the cross-site terms drop
off sharply with the distance between sites, the density response is localised around a site.

attributed to quantum-confinement effects, which become less significant as the cluster size
increases. Moreover, Wippermann [194] found that the GW QP-corrections to the mean-field
HOMO-LUMO gap were comparable to the corrections shown here (between 3 eV and 4 eV).
For the smallest basis set (admm-1), the projected matrix yields errors in the HOMO-LUMO
gap of up to 1 eV. This is still an improvement over DFT-PBE, even though a minimal basis
set is used to compute the projections. The QP corrections are significantly improved when the
larger admm-2 basis set is used for the projected DDRF. An exception to this improvement is
observed for the clusters with 15 and 16 silicon atoms. Here, the projection fails to yield accurate
quasiparticle energies and significantly underestimates the HOMO-LUMO gap. Further, minor
improvements are achieved with the even larger aug-admm-2 basis set. Moreover, the large error

for the two aforementioned clusters is not observed with this basis set. Interestingly for the
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admm-1 basis set, the difference to the plane-wave GoW, increases as the cluster size increases.
In contrast, for the two larger basis sets, the error remains constant over the entire range of
clusters. Several calculations with the approximate CGTO basis sets also failed due to numerical

instabilities, as can be seen in the missing points in Fig. 5.4. In Fig. 5.5, different variants of
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Figure 5.4: HOMO-LUMO gap against number of silicon atoms in the cluster for plane-wave
GoWy and GoW, with projected DDRF using different CGTO basis sets. RPA bulk value
obtained from Hybertsen et al. [90].

the admm-2 basis set are compared. In orange, the CGTO admm-2 basis is shown. The other
two admm-2 variants use an SGTO basis. For the SGTO basis, including s-orbitals, one crucial
modification was made: the contracted GTOs, which are basis functions consisting of a linear
combination of GTOs, were separated into individual basis functions. This additional flexibility
in the basis yields slightly more accurate HOMO-LUMO gaps than the CGTO basis, even
though SGTOs generally contain fewer basis functions for the same angular momentum /. In this

SGTO basis, the integration sum rule of the DDRF was enforced as a post-processing step in the
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same way as for the CGTOs. In red, the SGTO admm-2 basis with removed s-orbitals is shown.
This modification eliminates the need for the post-processing step, as discussed in Section 5.3.4.
The accuracy in HOMO-LUMO gaps is slightly lower than for the CGTO basis. The removal of
the s-orbitals will play an essential role in the next chapter, where I will discuss why despite
the slight decrease in accuracy, the removal of s-orbitals is a worthwhile trade-off. Even for the
SGTO basis without s-orbitals, the difference in HOMO-LUMO gap to the plane-wave GoWj
result is consistently within ~ 0.4 eV. This result indicates that the plane-wave DDRF can
indeed be compactly represented using auxiliary basis sets, thereby reducing the size of the
DDREF from several Gigabytes to a few Megabytes, without losing too much accuracy. It should
also be noted that the numerical instabilities encountered with the CGTO basis sets were not
observed with the SGTO basis sets, making the SGTO basis the choice for the calculations
carried out in the next chapter. To gain more insight into the effect of the projection on the
dielectric matrix, Fig. 5.6 shows the real part of the first 100 rows and columns of the dielectric
matrix of the cluster Sij;gHis. The LHS heatmap shows the RPA dielectric matrix as used in
the plane-wave GoWj calculations and the RHS shows the dielectric matrix obtained from the
Fourier transform of the DDRF in the approximate SGTO basis (with no s-orbitals). On both
heatmaps, similar patterns can be observed. Most notably positive values close to 1.0 along
the diagonal. Moreover, the sign of individual elements is mostly equal, which can be seen
clearly in between row 20 and row 80 within the first 20 columns. While the signs of the matrix
elements are mostly correct, it can be seen that the magnitude is consistently overestimated
when using the SGTO basis. The dielectric matrix is directly related to the DDRF, the elements
of which are a rough indicator of the strength of the density response. It appears that the
stronger density response causes the system to become slightly more metallic, decreasing the

HOMO-LUMO gap compared to the plane-wave GoWy HOMO-LUMO gap.

5.4.4 Machine Learning the expansion coefficients

One of the challenges in developing a model to predict these coefficients is the choice of descriptor.
Ideally, such a descriptor should transform in the same way as the outputs. In the case of the

neural network models representing the different types of blocks of the DDRF, this is not the
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Figure 5.5: HOMO-LUMO gap against number of silicon atoms in the cluster for plane-wave
GoWy and GoW, with projected DDRF using different CGTO and SGTO basis sets. The two
outliers in the CGTO admm-2 basis were removed to highlight the differences between the
SGTO and CGTO basis sets. RPA bulk value obtained from Hybertsen et al. [90].

case. The SOAP descriptor is rotationally invariant [16] and thus does not provide a complete

ab

ooy, As a consequence, it was found that both the training

descriptor for the target quantity y
and validation error stopped decreasing after around 250 epochs. The models still appear to

reliably predict the larger coefficients of the DDRF, as illustrated in Fig. 5.7.

Fig. 5.7 (a) and 5.7 (b) shows the predicted coefficients against the actual coefficients for a
small (SijpHg) and a large (SiggHgs) cluster. We can see that for smaller coefficients, there is
significantly more scatter than for the larger coefficients. Without pre-scaling the coefficients
to be within the range [-1.0, 1,0], this problem becomes worse, as the mean squared error loss
function is biased towards accurate predictions on larger coefficients. These smaller coefficients
correspond to cross-site terms that have strong orientational dependence discussed before. While

using the overlap matrix as an additional input to the model significantly improves the accuracy
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Figure 5.6: First 100 rows and columns of the RPA dielectric matrix as used in plane-wave
GoWy and the SGTO dielectric matrix with no s-orbitals. The colour bar indicates the value of
the real part of elements of the dielectric matrix.

in predicting these coefficients, it does not entirely mitigate the issue. The HOMO-LUMO
gap appears to be very sensitive to these coefficients, so the predicted DDRFs do not yield
satisfactory results for the HOMO-LUMO gap. This can be seen in Fig. 5.8 (ML-GoWj), where
the predicted DDRFs in GW calculations led to extremely unreliable QP corrections and changes
in the ordering of the QP energies. In particular, it can be seen that for most silicon clusters,
the QP corrections shift the DFT-PBE LUMO energy below the HOMO energy, leading to a
negative HOMO-LUMO gap when energies are ordered according to their DFT-PBE energies.
Reordering the energies would necessitate the calculation of all states, which is not practical.
The high sensitivity of the QP-energies to small differences in the coefficients ng’lab necessitates
a more systematic approach for machine-learning the DDRF'. This is the subject of the next
chapter, where I introduce an atomic decomposition of the DDRF and a corresponding descriptor
which encodes the transformation properties of these atomic contributions under rotation of the

chemical environment.

117



CHAPTER 5. APPROXIMATING THE RPA DENSITY-DENSITY RESPONSE FUNCTION

014 / 0.1 L]
0.0 1
0.0 1

’

predicted

predicted
&
o

|
o
8]

T T T T T T T T T T T
-0.4 —=0.3 -0.2 -0.1 0.0 0.1 -0.3 -0.2 -0.1 0.0 0.1
actual actual

(a) Si10H18 (b) Si69H68

Figure 5.7: Predicted vs. actual coefficients of x;;. The coefficients were predicted using the NN
models for each block type. The results shown correspond to the relaxed versions of the clusters.

5.5 Conclusion

In this chapter, I have demonstrated how the DDRF can be efficiently approximated using a set
of auxiliary basis functions of GTOs. The resulting DDRFs yield HOMO-LUMO gaps within
~ 0.4 eV of a full plane-wave GoWj calculation. While this constitutes significant progress
towards the development of an ML-DDRF, further work is needed.

The failure of the ML model introduced in this chapter is largely due to the fact that ¢/, (r)
and ¢gj (r’) can be centred on different atoms and thus a model that predicts the corresponding
expansion coefficient ng o would require a descriptor that depends on the chemical environment
of both atoms, as well as their relative distance and orientation. Ideally, such a descriptor should
also transform in the same way as the target quantity Xfﬁi% under a rotation of the cluster.
Combining these properties into one descriptor is far from trivial, and the ‘naive’ machine
learning model and its failure to predict the DDRF with sufficient accuracy prove that a more
systematic approach is needed. In the next chapter, I describe how an atomic decomposition
of the DDRF is achieved, followed by deriving the transformation properties of these atomic
contributions under rotation. The predictable transformation properties allow for constructing
a neighbourhood density-based descriptor that encodes these transformation properties and can

be used to train a neural network, predicting the expansion coefficients of the atomic DDRFs.
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Figure 5.8: HOMO-LUMO gaps obtained using the plane-wave GoWy, GoWj using the admm-1
CGTO DDRF and the predicted DDRF's obtained using the neural network model (ML-GoWj).
The negative HOMO-LUMO gaps are a consequence of the reordering of energy levels caused
by the QP corrections.
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Chapter 6

Accelerating GW calculations through

machine-learned dielectric matrices

6.1 Introduction

Recently machine learning has shown tremendous success in reproducing various scalar properties
and may provide a promising path to more flexible model dielectric functions. As discussed
in Chapter 5, to make progress on developing a machine-learned model DDRF, a systematic
approach is required. The starting point of every machine learning model is the descriptor.
Many descriptors used in the fields of computational chemistry are explicitly constructed to
be invariant under rotation and translation. For example, ACE [51], SOAP [16], the Coulomb
matrix [78, 160], Bag-of-bonds [77] or fingerprint-based descriptors have been shown to be
reliable descriptors for the prediction of scalar quantities. As I have shown in Chapter 5, when
predicting tensors or functions, however, it is no longer sufficient to rely on a rotationally
invariant descriptor. Several approaches aimed at addressing this problem can be found in the
literature. For example, Grisafi [73] developed a symmetry-adapted version of the SOAP kernel,
which is equivariant under rotations and was successfully used in the prediction of polarizability
tensors and first hyperpolarizabilities [192, 73], dipole moments [184] and electronic densities
[72].

The prediction of electronic densities is particularly interesting in the context of this work,
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as, similar to learning the DDRF, the model’s output is a function instead of a scalar or tensor.
As shown by Grisafi and co-workers [72], the electronic density can be expanded in a basis of
spherical harmonics and radial basis functions, yielding a set of coefficients which transform
as spherical tensors. Several other groups have also explored machine learning approaches
of the electronic density in the past, for example, Brockherde et al. [31], Alred et al. [5]
and Chandrasekaran and co-workers [38]. Moreover, the construction of group-equivariant
neural networks, such as Clebsch-Gordan networks [105, 106, 6], tensor-field networks [179] and
spherical CNNs [41, 40] have seen significant developments in recent years and implementation
of these methods has been significantly simplified by frameworks such as e3NN [112] developed by
Geiger et al., thus providing promising alternatives to symmetry adapted SOAP for the learning
of functions. To the best of my knowledge, however, there has been no attempt at developing
machine learning models for the prediction of non-local functions, such as the DDRF. In this
chapter, I aim to bridge this gap and present a scheme to decompose the DDRF into atomic
contributions, which can be learned within an atom-centred framework. The decomposition
into atomic contributions is almost a necessity in the context of learning non-local functions: as
discussed in Chapter 5, the DDRF can quickly grow to several tens of gigabytes in size when
represented on a real-space or plane-wave grid. The immense size of these matrices for larger
systems presents a significant computational and storage bottleneck in GW calculations and a
challenging machine-learning problem that an atomic decomposition can significantly simplify.
In the last chapter, I have shown that the size of the DDRF can be drastically reduced by
approximating it in a basis of GTOs. In this chapter, I build on the previous results and show
that by decomposing the DDRF into atomic contributions and constructing a new atom-centred
descriptor, an accurate machine-learning model of the DDRF can be developed. The resulting
DDRFs are then used in GW calculations to obtain QP corrections. This hybrid ML/GW
approach is called the ML-GW method. I would further like to point out that while a fully
equivariant model would be desirable, extending the previously mentioned equivariant models to
non-local functions quickly becomes intractable due to the large number of parameters required
and the computationally expensive operations needed for each layer. Alternatively, one could

use a purely linear model, which can be easily constructed to be equivariant. However, in
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doing so, one would lose the immense flexibility of neural networks, primarily attributed to the
non-linearities in each layer. As such, I employ a dense neural network to predict the DDRF
while ensuring that the descriptor can discern between different orientations of the atomic

environment.

6.2 Theory

6.2.1 Atomic decomposition of the density-density response function

To bypass the expensive computation of the DDRF and pave the way towards a machine-learning
approach, it is desirable to decompose the DDRF x(r,r’) as a sum of atomic contributions

Xi(r, ') according to
N
X(RI") = in(r,r/), (6.1)
i=1
where 7 labels atoms and N is the total number of atoms.

How this partitioning is achieved is not immediately obvious. However, one would expect
certain properties from these atomic contributions: (1) the function has small contributions far

away from the atom; (2) the function retains the global symmetry of y, e.g.
x(r, ") = x(r',r). (6.2)
The (intractable) direct approach

The most obvious solution is to define a purely atom-centred basis. The basis functions for

atom 7 are given by the solid harmonic Gaussians of the form

Fi(T) = N (Bu)r'e P Y,,.(0, ), (6.3)

nlm
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where N((,;) is a normalization constant. Using this basis, we can expand the atomic density-

density response function as

Nmaz lmax Nmaz lmaz )
= Z > Z Z Xt Vit ()Y e () (6.4)
n=1 =0 m=—1 n'=1 I'=0 m'=—

Recall that the plane-wave density-density response function is given by

1 - ; I W/
no_ , 1Gr_ —iG'-r
x(rr) =5 > xeae e (6.5)
G,G/
The projection of x(r,r’) onto the basis ¢%, (r)d?,, .(r') can then be computed using the

following integral

wnlmn’l’ =17 Z XG G’/dr¢nlm( ) ZG.r/dr WW _ZG . Z XG, G’ nlm )¢ ’l’m’(G/)a

G G’ G,G’
(6.6)

where ¢?, (G) denotes the Fourier transform of a basis function evaluated at G. However, since

the basis functions on different atoms are not orthogonal, the coefficients w?
(i)

nlmn'l'm’

nlmn/Um/ are diﬂ‘erent

from y in Eq. (6.4). To find the relationship between the two coefficients, we first expand
the density in the previously described basis set and then multiply by wnlm( )wi,l,m,(r’ )* and

integrate over all space

§ : § : (@) AP S
nlmn’l’ / anl1m1n212m2 wn1l1m1 nlm z/}nzlznm ’l’ /(I' )dI‘ -

i niliyminzlomo

(9 (4,5) (3,3
Z Z anllmlnglgmgSnlllmlnlmsn’l’m 'naloms* (67)

t niliminaloms

By collecting indices nlm together into a combined index k, we arrive at the following expression

wkk/ = Z Z Skzli k1k2 kzklg) (6.8)

i kiko
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Next, we can use the following property

Suimuttns = Setmmim — Skl = S (6.9)
to obtain,
Wi =YY S X Sk (6.10)
i kiks
Now we define
Sy Sty = Sk (6.11)

While this large matrix S may, in principle, be inverted naively, it makes sense to identify it

with the Khatri-Rao product [128] of two matrices denoted ST ® S,

ST(lvl) ® S(171) e ST(LN) ® S(LN)
S=s'®s= : 3 : . (6.12)
ST(Nvl) ® S(Nvl) e ST(NvN) ® S(NvN)

Now using the fact that the inverse of a Kronecker Product is the Kronecker Product of the

inverses

(A'@B YA®B) =(A""A)e(B'B)=1I1x1=1, (6.13)

the inversion can be recursively solved via inversion by partitioning [64], where the matrix is
first divided into four sub-matrices. This process recursively repeats on each sub-matrix until
the sub-matrices only consist of a single tensor product. Then the inverse tensor product can
be built from the tensor product of the inverses.

Thus, to compute the expansion coefficients in Eq. (6.4), one must first calculate the
projections in Eq. (6.7), followed by multiplication with the inverse of the above matrix.

While this approach of direct inversion of the overlap matrix is appealing, it is unfortunately
intractable for even the most trivial systems. This is because the tensor products in Eq. (6.12)
increase drastically in size as the number of basis functions is increased. For example, if a
total of 100 basis functions are used in r and r’ respectively, each of the tensor-products in

Eq. (6.12) corresponds to a 10000x 10000 matrix. For a 10-atom system, the total overlap
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matrix would be around 160GB if double-precision complex floating point numbers are used. As
such, an alternative approach through partitioning the DDRF into atomic contributions before

the projection is required.

Divide and conquer

This can be achieved, for example, without approximation, by defining a symmetric partitioning
function p;(r,r’) in a similar fashion to Hirshfeld’s Stockholder partitioning [84], which decays

as the distance from the atom increases. Thus, we can define the atomic contributions as

Xi(r, ') = pi(r, ") x(r, 1), (6.14)

requiring that

Zpi(r,r’)x(r,r’) = x(r,1'). (6.15)

Such a partitioning function can be constructed from any symmetric function p;(r,r’), by
defining
pi(r, 1) = M (6.16)
7 Zj ﬁj(ra I‘/)

While this approach is appealing, it has two significant disadvantages: 1) integrals and Fourier
transforms can no longer be evaluated analytically. 2) It is not apparent how to enforce the
integration sum rule of the DDRF. As such, I propose a different approach, leveraging the
results from the previous chapter. To extract atomic contributions from the total DDRF, it is

convenient to switch to Bra-Ket notation, where we define

x(r, ') = (r[x|r). (6.17)

and a projection operator P, to extract atomic contributions from the DDRF. The projection
operator is defined in the real atom-centred basis from the previous chapter |¢% ) ® (¢2, |, where

a,b index atoms and «,, oy index a specific basis function on the respective atoms

P, = % DD o+ 0un) DY SalEISILor Y @ |6k, ) @ (65, | @ (¢, (6.18)

V0 W,y k,ap Lo
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where S;:;;k are the elements of the inverse overlap matrix of the basis set, and the factor % is

introduced to avoid double counting. The overlap matrix of the basis set is defined as

7y, (6.19)

@

St = [ dr 6 ()6, () = (6],

Starting from an expansion of y in the intermediate real atom-centred basis as

=) xelen) @ (@b, ], (6.20)

a,oq b,ag

where ng;ab is a symmetric matrix to ensure the symmetry of x(r,r’) under exchange of r and

r’, the action of the operator on Y is given by the contraction

a0 = 5 30 ST o 0un) Y DT SIS ST N 0 6, )06 o, o) @ (68|

V00 W,0yw k,ar Loy a,0q byay
(6.21)

After some algebra, we arrive at the definition of the atomic contribution to the DDRF given

by (notice the renaming of the remaining summation index over atoms)

-2 % (e onl) + (ot e )] e2)

Qp W,0y

In real space, these atomic contributions can be written as

Xn(rar,) = <r’f(n’rl>

=323 [t tion) @ ) ) + (et trion) @ () )]

Qnp W,0qy

:—gz (om0 ) + (im0 o) | 629

Since the basis functions are real, i.e. ¢3*(r) = ¢y (r), it can be easily verified using the
symmetry of X%, ' that y,(r,r’) inherits the symmetry of the total DDRF. The locality of
Xn(r,1’) is less trivial and depends on the decay of the expansion coefficients x2%, ~as the

distance between atom n and atom w increases. In practice, this property is also inherited from
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the total DDRF of the silicon clusters, which I discussed in Chapter 5. I will refer to the DDRF
in this basis as the two-centre (2C) DDRF. Fig. 6.1 shows the coefficients %, for the silicon
cluster SijgH;g, with the red boxes indicating the coefficients that are included in the atomic
contribution of the second silicon atom. We can clearly see the origin of the factor of 1/2 in
the atomic contributions: due to the overlap of the red boxes, each coefficient is used exactly
twice, thus it is necessary to divide the atomic contributions by a factor of 2 in order to avoid
double counting. I want to stress that this atomic representation of the DDRF is exact, i.e.
> xi(r,r’) reproduces the full interacting DDRF when the local basis set is complete. However,
the atomic contributions to the DDRF contain contributions from pairs of basis functions which
are centred on different atoms: see Eq. (6.23). These contributions are difficult to learn using

atom-centred descriptors. To make progress, I exploit the localization of x;(r,r’) and expand it
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-1000
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—1250
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Figure 6.1: Coefficients of the 2C-DDRF in the admm-2 SGTO basis without s-orbitals for the
cluster SijgHis. The red boxes indicate the coefficients included in the atomic contribution of
the second Si atom.
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in terms of a set of basis functions 9!, (r) = Yi,,(t)R,(|r|) (with Y}, denoting the spherical

harmonics and R,, a set of radial functions) which are all centered on atom i according to

=3 S R e P (E) W () (6.24)

nlm n'l'm’

(%)

with X,y denoting the expansion coefficients given by

e = [ [ A eyl (00550, (0.29

where @;lm( ) are again an orthogonal basis built from the overlap matrix of the orbitals ¢%, (r).
These coefficients can be learned using a neural network based on atom-centred descriptors. I
refer to the representation of the DDRF in the basis {¢!, (r)} as l-centre DDRF (1C-DDRF)

because it only contains pairs of basis functions centred on the same atom.

Integral evaluation

We start from the DDRF in the atom-centred 2C-basis

Z > Kxanaw o (T) ;"Z,(r’)) + (xaw% v (r) Z:(r’))} . (6.26)

Qn W,00qy

Next, we can exploit the rapid decay of the cross terms in x3%, , with respect to the distance
between the centres of basis functions by evaluating Eq. (6.25). These basis functions are also
given by the solid harmonic Gaussians, however, a larger number of radial basis functions and
larger angular momentum cut-off will be used in order to accurately approximate the cross-terms.
From this point onwards, I will drop the complex conjugates, since we will be using real solid
harmonic Gaussians. If the onsite basis functions are orthogonalised appropriately (e.g. by
choosing the eigenfunctions of the onsite overlap matrix, denoted wnlm( r)), we can compute the

projection of Y (r,r’) for each atom individually
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o 1 7 /
X’E’L]j)llmlnglgmg = QZZ (Xoi‘ozj/drgb ( ) n1l1m1< )/dl‘ ¢] ( ) nglgmg(r)

J o oy

i [ A0, ()62, 1) [ At () ;(r’>),

which we can simplify to

(k) k’ j k7 j k‘»'
anllmlnglgmz - Z Z < Xa i nlllmlalOnzjlgmga + Xa]ozzOnljllmlajon;lgmgai) ) (627>
.7 (671871
where Ofl;bmw denotes the overlap between basis functions of the 2C and 1C-basis:

OleZngozZ /wnglng )dr (628)

(k)

niliminalam, Can then be transformed from the orthogonalized basis to the

The coefficients y

atom-centred basis using a unitary transformation, similar to the 2C-basis:

(k) _ E ~ (k)
Xnlmn/l'm! = Anlmn1l1m1An2lzm2n’l’ "Xnilyminalams (629>

niliminalame

One drawback of the above partitioning, followed by a projection onto atom-centred basis
functions, is that the number of coefficients included in the summation has to be truncated.
This leads to a basis set error that will be introduced in both the intermediate basis, as well
as the atom-centred basis. However, doing so allows the evaluation of all involved integrals in
closed form, e.g. through the Obara-Saika scheme [137] or the method described by Kuang et

al. [108]. These integrals are again evaluated using LibInt [182].

As mentioned in Chapter 5, the total DDRF has to integrate to zero. This property is a
formal requirement since the density-density response function can be used to compute the

density response from a perturbing potential [139]

Bp(r) = [ Xl V) (6.30)
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which has to integrate to zero for any perturbing potential in order to be a true density response.
In practice, this property is enforced by removing s-orbitals from the basis set, in the same way
as discussed for the 2C-basis in Chapter 5. Specifically, we need to ensure that xgo = xoa’ =0,
which requires the contribution of basis functions at G = 0 to vanish. The removal of s-orbitals
is a sufficient condition for enforcing this property since only the Fourier transforms of s-orbitals

has a G = 0 contribution.

6.2.2 Density based descriptor

As previously mentioned, it is no longer sufficient to use a scalar descriptor that is invariant
under the action of the rotation group. To alleviate this issue, it is important to use a descriptor
which changes under rotation in order to discern between different orientations of the atomic
neighbourhood. The starting point for such a descriptor is the neighbourhood density matrix
(NDM), a non-local extension of the smooth neighbourhood density employed in the SOAP

descriptor [16], which is analogous to a naive density matrix, defined as

pl(r,r) ZZ —OTh e (6.31)

ken len

for each species 1, where k, [ run over atoms in the neighbourhood of atom ¢, within a certain
cut-off radius R.,, « is a hyperparameter, which loosely defines the size of an atom, and
rik is given by |r — (ry — r;)|. In our scheme, this corresponds to simply creating a different
neighbourhood density for each species in the environment. This neighbourhood density matrix

is then expanded in a basis of spherical harmonics and radial basis functions,

plr,r') =" Z Primi Yon (0, )Y, (0, ) R (r) Ry (1), (6.32)

nlm n'l'm

where the expansion coefficients pﬁll’f,fn,l/m, form the descriptor. Next, we explore the transforma-
tion properties of the atomic contributions to the density-density response function under the

action of a representation of the rotation group D(R) 98, 155]. The same steps can be followed

130



CHAPTER 6. ACCELERATING GW CALCULATIONS THROUGH MACHINE-LEARNED
DIELECTRIC MATRICES

(@,m)

nlmn'l'm’

to show that the coefficients p transform in the same way.

D(R) ® DY (R)x;(r,r') = xi(R™'r, R™'r'). (6.33)

The transformation is defined by the tensor product representation D(R) ® D(R) of two SO(3)
representations. Given that the descriptor defines a physical system, both r and r’ rotate

simultaneously. Eq. (6.33) yields

Xi{(R7'r, R7'r') =

Z Z anmn’l’ R )R;,(r/)nm(éflf‘) R ZZ Z anmn’l’ R )R;’(T/>

nlm n'l'm’ n  nlm n'l!'m’

Y Doy (B D5y (R i, () Y7, (). (6.34)

mi,m2

where Xw(ll)mn’l’ is an expansion coefficient.

m/

Now, exchanging the summations of m, m’ and mq, mo and using the unitarity property of

the Wigner-D matrices D!(R) [155]
D'(R™Y) = D'(R), (6.35)

we arrive at

( Z Z R lm1 f‘ l’mg A/ Z Dm1m D’f?’lgm (R)Xn'lmn’l’ !

nlm n’l'my

(6.36)
Thus, the atomic DDRF transforms under rotation as
anmln’l’mg Z Dmlm Dfr;zzm (R)XSl)mn’l’m" (637>
or in matrix notation
T = D (RN D" (R). (6.38)
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where X', is the expansion coefficient for the rotated system. Equation (6.38) shows that, when
expanded in terms of spherical harmonics and radial basis functions, the atomic contributions

to the DDRF transform in a well-defined way under rotation of the atomic environment.

Given that the NDM descriptor transforms in exactly the same way, in an equivariant scheme,
it may be necessary to use Eq. (6.31) as a descriptor. It is, however, instructive to notice that

the expression in Eq. (6.31), can be written as a product of two sums

ple,r') = (3 e i) (Y e, (6.39)

ken len

which shows that the non-local NDM is simply the n-block-wise tensor product of two equal local
neighbourhood densities. This means that all information about the transformation properties
of the non-local descriptor is already present in the local version, which can be seen clearly by
writing

pi (v, ') = pjl(r)p] (r'). (6.40)

Similar to the neighbourhood density matrix, p](r) can be expanded in a basis of spherical

harmonics and radial basis functions R, (|r|) with coefficients p(i’ZL). It follows that

nl

(in) (im) (i) (6.41)

pnlmn’l’m’ = Pnim pn’l’m"

In practice, I did not find any significant benefit to building the tensor product explicitly

and found that it is sufficient to use the local version of the descriptor as input to our model, i.e.

plr) =D e =" plY (0, ¢) Ra(r). (6.42)

ken nlm

Relationship to SOAP

It is worth noting that while the starting point of the descriptor used here is the same as in
SOAP, they are, in fact, distinct. I specifically avoid making the descriptor rotationally invariant,
which is a crucial requirement for this method to work. They are, however, closely related.

Specifically, the rotationally invariant SOAP descriptor can be computed from the spherical
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harmonic expansion of the NDM, using

82 (i, )

6.3 Computational Details

6.3.1 Data generation

The atomic structures of the hydrogenated silicon clusters were obtained in the same way as
described by Zauchner et al. [196] (see Chapter 4): starting from the Sija3Higp cluster of the
silicon Quantum Dot data set [13], we remove the silicon atom furthest from the centre of the
cluster, terminate the dangling bonds with hydrogen atoms and relax the resulting structure
using DFT. The process is repeated until only 10 silicon atoms remain. From this set of silicon
clusters, only clusters with fewer than 60 silicon atoms were used in the training set for DDRF
prediction. From each cluster with less than 60 silicon atoms, we created six additional clusters
in which random displacements were added to the atomic positions. The magnitudes of the
displacements were drawn from a uniform distribution with a width of 0.1 A. Finally, calculations
were also carried out for clusters with between 60 and 70 silicon atoms. These clusters are not

part of the training set but are used to test the extrapolation capacity of the ML approach.

6.3.2 DFT and GW calculations

The parameters for the DF'T and GW calculations are the same as those given in Section 5.4.1.

6.3.3 Projection onto intermediate basis

We first use BerkeleyGW to calculate the inverse dielectric matrix egg, in a plane-wave basis [49].

From this, we determine the interacting DDRF via

Xca' = (€aa’ — daa’)/va (6.44)

with vg being the Fourier transform of the truncated Coulomb interaction.
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Next, the DDRF in real space is obtained as
/ 1 iGr —iG’-r’
x(r,r') = — Z e~ Txeae : (6.45)
G,G/

where V' is the volume of the supercell. To compute the projection onto the 2C-basis, we follow

the steps outlined in the previous chapter, using a basis of RSGTOs, as defined in LibInt [182]

Gim (1,0, 0) = Ni(B)r'e ™ Ry (9, 9), (6.46)

with the Fourier transform in Eq. (5.32). The basis set used in this work is a modified version
of the admm-2 basis set [109] (see Tables 6.2 and 6.1), in which the s-orbitals were removed and

contracted Gaussians were uncontracted into individual basis functions.

Table 6.1: Hydrogen basis

L | B [1/ag]
1] 1.0
1| 0457639

Table 6.2: Silicon basis

B /e
13.8028
59.9261
4.34446
0.267360
0.0765250
0.45

O e e L e ]

6.3.4 Projection onto atomic basis

The fully atom-centred basis set also consists of RSGTOs. The basis set was constructed
following the same procedure as in the DScribe library [80], where individual basis functions are
given by

¢nlm (Ta 97 ¢) = ]\'fl(ﬁnl)"ﬂle_ﬁnlr2 le(ea ¢)7 (647>
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with the basis set being truncated at a maximum angular momentum [,,,, and a maximum
principal quantum number n,,,,. For silicon atoms we use L4 = Nmae = 4. For hydrogen

atoms we use Lnge = Mmaz = 3-

The exponents [3,,; are constructed such that the corresponding basis functions decay to zero
at a cutoff radius R, i.e. By = — ln(R%>/Ri with 7= 1073 A! being a threshold parameter.
The cutoff radius R, = R; + (R, — R;)/n lies between an inner radius R; and an outer radius R,.
For hydrogen atoms, we used R; = 0.1 A and R, = 3.0 A and for silicon atoms, we used R; = 1.0
A and R, = 8.0 A. Both R; and R, were optimized to minimize linear dependencies in the basis
set, as such dependencies significantly deteriorate the accuracy of the neural network predictions.
A similar observation was made by Grisafi et al. [72] when learning electron densities, although
a different approach was taken to remedy this issue in their work. For silicon atoms, I also
added the basis functions included in the modified admm-2 basis, which allows for an exact

representation of the onsite terms in the 2C-basis.

In order to compute the coefficients of the atomic contributions to the DDRF in the fully
atom-centered basis the same procedure as in the intermediate basis was used: the basis was
first orthogonalized by computing the eigenvectors of the overlap matrix. Then the atomic
DDRFs in the intermediate basis were projected onto the orthogonalized fully-atom centred
basis with overlaps between the different basis functions being computed using LibInt [182].
Finally the atomic DDRFs were transformed back to the non-orthogonal basis, producing the

(4)

desired coefficients x, ;.. 1y

6.3.5 Descriptors

The basis set for the NDM was generated using the same procedure as for the fully atom-centred
basis for the DDRF. However, s-orbitals were not removed and the basis functions of the admm-2
basis set were not included. We used R; = 1.0 A for both hydrogen and silicon atoms and
R, = 4.0 A for hydrogen atoms and R, = 9.0 A for silicon atoms. The exponents of the
Gaussians in Eq. (6.31) were set such that the standard deviation of the Gaussians is 0.5 A.

LibInt [182] was again used to compute the required integrals for the projection.
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6.3.6 Neural network

A dense neural network with four hidden layers with 2000, 1500, 1000 and 2000 nodes, respectively,
was constructed for both silicon and hydrogen atoms. Each layer uses a Leaky-ReLu activation
function with a leak parameter of 0.1. The output layer was further symmetrized by adding its
transpose. The loss used was the mean-squared error between the predicted and true expansion

(4)

coefficients X/, (see section ”Loss function selection”). The neural network was trained on

the perturbed clusters for 20,000 epochs.

Loss function selection

Three loss functions were explored in order to select the optimal optimization method for
our ML-GyW, method. The first loss function, which I call the squared loss, is simply the

mean-squared error between the predicted Xgl)mn,l,m, and actual coefficients ng)mn/z/m/a defined as

2
Y(Z) (4) A (648)

nlmn/lU'm’ ~ anmn’l/m

1
GZ'IN Z

nlmn’/l'm/

where N is the total number of coefficients in the 1C-DDREF. The second loss function, which I
call the real-space loss is defined as the squared real-space difference between the predicted and

actual DDRFs

/]

The third loss function, which I refer to as the 2C-loss, bypasses the projection step of the 2C

2

Z YS‘l)mn’l’m’77%11771 (r)¢;’l’m’(r/) - Xgl)mn’l’m’w'lem(r)w;’l’m’(r/) dI'dI'/. (649>

nlmn’l'm’

basis onto the 1C basis and instead directly computes the real-space squared error between the
predicted 1C-DDRF and the actual 2C-DDRF. This approach is motivated by the observation of
Grisafi et al. [72], who found that direct optimization can help in avoiding numerical instabilities

associated with near-linear dependencies in the basis set. The 2C-loss is defined as
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o[/ (mzm Kt Vi 1) 1)) -
5| 2% (it 064, 0)) + (et (108, )|

7] jvaj

2

drdr’. (6.50)

In contrast to Grisafi and co-workers [72], we evaluate this loss function analytically by computing
all resulting SGTO overlaps using LinInt [182]. In order to assess the fidelity of each loss function,
we train three equivalent models as described above with the only distinction between the models
being the loss function used for optimizing the NN parameters. Each of the models is trained
on the unperturbed clusters for which the QP energies are calculated: we examine the training
accuracy of the models. The resulting HOMO-LUMO gaps obtained from using each of the
model DDRFs in GoW,, calculations are shown in Fig. 6.2. In blue, the GgW, QP-energies using
the exact projection onto the 1C-basis is shown. We can see that the model using the squared
loss (orange) closely follows the HOMO-LUMO gaps and is able to nearly exactly reproduce the
HOMO-LUMO gaps. The second-best results are obtained using the real-space loss (green),
where HOMO-LUMO gaps are accurately reproduced up to around clusters with 40 Si atoms,
beyond which the model DDRF underestimates the HOMO-LUMO gaps. Surprisingly, the
2C-loss (red) results in the worst HOMO-LUMO gaps, initially overestimating the gap by a large
margin, then underestimating between clusters with 20 and 40 Si atoms. Finally, in the region
beyond 40 silicon atoms, the 2C-loss model again predicts larger HOMO-LUMO gaps than
obtained with the exact 1C-DDRF. This result is in stark contrast to the original hypothesis
of the direct loss calculation providing improved numerical stability. I attribute this result to
the optimization of the NN parameters being stuck in a local minimum. This hypothesis is
supported by a closer examination of the DDRFs predicted by each model. In Fig. 6.3 the

coefficients Xffl)mn/z’m' of a silicon atom in the cluster SijgHg are shown. We can clearly see that
the squared loss closely resembles the exact 1C-DDRF, whereas both the real-space loss and the
2C-loss DDRFs are visually clearly distinct. This is likely a consequence of the gradient descent

optimizer getting stuck in a local minimum. Unfortunately, this could not be resolved, even by
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choosing different optimizers and optimizer parameters. As such, the squared loss was selected

for all of the models presented in the following results.
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Figure 6.2: GoyWy HOMO-LUMO gaps of unperturbed silicon clusters, obtained using the full
plane-wave GW-method (blue), and ML-GyW, with different loss functions. The models were
trained on the unperturbed cluster, thus the resulting HOMO-LUMO gaps are indicative of the
training-set accuracy of the models.

6.4 Results and Discussion

We apply our ML approach for predicting DDRFs to the hydrogenated silicon clusters from the
previous chapters and then use the DDRFs to calculate GW quasiparticle energies for these
systems. I refer to this technique as the ML-GW approach. The atomic positions of the clusters
were constructed as described in the computational methods section and then relaxed using
DFT.

To establish the accuracy of this approach, we first investigate the error in the GW quasipar-
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(top left) and predicted 1C-DDRFs using the squared-loss model (top right), the real-space loss
(bottom left) and 2C-loss (bottom right).

Figure 6.3: Coeflicients x of a silicon atom in cluster SijgH;g using the exact 1C-DDRF

ticle energies resulting from the expansion of the DDRF in terms of the intermediate local basis
{0 (r)}: see Eq. (6.22). Fig. 6.4 compares the HOMO-LUMO gaps obtained from mean-field
DFT-PBE calculations, a standard plane-wave GoWj calculation using a generalized plasmon-
pole approximation [90, 171] and a GoW, calculation using the 2C-DDRF, where the DDRF
is expanded in terms of a modified version of the admm-2 basis set [109]: see computational
methods section. The DFT-PBE results show that the HOMO-LUMO gap decreases with
increasing cluster size from F, ~ 4.8 eV for the smallest cluster containing 10 Si atoms to
E, =~ 3 eV for the biggest cluster with almost 60 Si atoms. This decrease is a consequence of
quantum confinement effects which are less pronounced for bigger clusters. The plane-wave
GW HOMO-LUMO gaps show a similar trend as a function of cluster size, but the gaps are

larger than the DFT-PBE gaps by several electron volts. Interestingly, the GW corrections are
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larger for smaller clusters than for larger clusters. As a consequence, the reduction in the GW
HOMO-LUMO gaps as a function of cluster size is larger compared to the DFT-PBE result:
in particular, the gap is as large as 8.6 eV for the smallest clusters and shrinks to 5.5 eV for
the largest clusters corresponding to a decrease of 3.1 eV (compared to a decrease of 1.8 eV in
the DFT-PBE HOMO-LUMO gap energies). Similar results were obtained by Chelikowsky et
al. [180] who also carried out GW calculations on hydrogenated Si clusters. In particular, they
found that the HOMO-LUMO gap shrinks from ~ 9 eV for a 10 Si atom cluster to ~ 6.5 eV for
a 47 Si atom cluster. The GW results obtained with the 2C-DDRF are qualitatively similar
to the plane-wave GW results. However, the HOMO-LUMO gaps that are obtained with this
approach are consistently ~ 0.4 eV smaller than the plane-wave results. This is a consequence

of the incompleteness of the local basis set.
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Figure 6.4: HOMO-LUMO gaps of hydrogenated silicon clusters from DFT-PBE Kohn-Sham
eigenvalues, plane-wave GoWq and GoWj calculations using the 2C-DDRF, see section “Atomic
decomposition of the density-density response function”.

Next, we determine the 1C-DDRF. For the basis set we use solid harmonic Gaussians with
optimized decay coefficients: see the methods section. Fig. 6.5 (a) compares the HOMO-LUMO

gaps from GyW, calculations with the 1C-DDRF to those obtained with the 2C-DDRF and
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also to plane-wave GoW, results. For small clusters, the HOMO-LUMO gaps obtained with the
1C-DDRF are smaller than those obtained with the 2C-DDRF, while the opposite behaviour is
observed for larger clusters. The largest difference between the two methods is obtained for
clusters containing ~ 40 Si atoms. The root-mean-square error (RMSE) of the 1C-basis results
relative to the 2C-basis results is 0.22 eV and the RMSE relative to the plane-wave results is
0.45 eV for all clusters. Fig. 6.5 (b) shows the HOMO and LUMO quasiparticle energies. It can
be seen that better agreement with the plane-wave result is obtained for the LUMO than for
the HOMO.

Fig. 6.6 (a) shows the quasiparticle energy corrections of the ten lowest conduction orbitals
and the ten highest valence orbitals from plane-wave GoyW, and GoW, with the 1C-DDRF.
The corrections obtained with the 1C-DDRF follow a similar trend as those obtained from the
plane-wave calculation. For the unoccupied states, the quantitative agreement is better than for
the occupied states, but the 1IC-DDRF results for the unoccupied states are scattered over a
larger energy range than the plane-wave results. To analyze the errors that arise from the use of
the 1C-DDRF in more detail, Fig. 6.6 (b) shows a two-dimensional histogram of the difference
in QP corrections between plane-wave GoW, and GoW, with the 1C-DDRF. For the occupied
states the differences are mostly smaller than 0.4 eV, while they are somewhat smaller for the

unoccupied states. The RMSE over all energy levels is 0.32 eV.

Now that we have established the accuracy of the method used to generate the training
set, we use a dense neural network (NN) in conjunction with NDM descriptor to generate the

coefficients of the 1C-DDRF according to

7 4,51 i, H
ngl)mn/l/m’ = f(pfmlm)7 p;lm))7 (651>

where f is the neural network function. The hydrogen and silicon environment descriptors are
concatenated into a single vector before being fed into the neural network. A separate network
is trained for Si and H contributions to the DDRF. The exact architecture of the network as
well as the practical computation of the atomic decomposition and the descriptors, are described

in the computational methods section. To generate the training data for the neural network,
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Figure 6.5: (a) HOMO-LUMO gaps of hydrogenated silicon clusters from plane-wave GoW,
and GoW calculations using the 2C-DDRF and GyWj calculations using the 1C-DDRF, see
section ” Atomic decomposition of the density-density response function”. (b) HOMO and
LUMO energies of hydrogenated Si clusters.

we start from the set of relaxed hydrogenated Si clusters that were studied above. From each

relaxed cluster, we generate six new configurations by randomly displacing the atoms with the

magnitude of the displacements being drawn from a uniform distribution with a maximum of
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Figure 6.6: (a) Quasiparticle corrections from plane-wave GoWq and GoW, with the 1C-DDRF
for the 10 highest valence orbitals and the 10 lowest conduction orbitals of hydrogenated silicon
clusters. (b) Histogram of difference in quasiparticle corrections from plane-wave GoWq and
GoW, calculations with the 1C-DDRF for the 10 highest valence orbitals and the 10 lowest
conduction orbitals of hydrogenated silicon clusters. The mean-field energies are referenced to
the middle of the mean-field HOMO-LUMO gap.

0.1 A. For these clusters, we then calculate the 1C-DDRF.

Once the neural network is trained on the 1C-DDRF of the randomly displaced clusters,
we use it to calculate the 1C-DDRFs of the relaxed clusters and then determine quasiparticle

energies via the ML-GW approach. Fig. 6.7 compares the HOMO-LUMO gaps from ML-GW
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and GW with explicitly calculated 1C-DDRFs. Except for the smallest cluster, the ML-GW
method accurately reproduces the HOMO-LUMO gaps of the explicit GW calculations. The
worse performance for the smallest cluster is a consequence of the training set which contains a
large number of bigger clusters containing atomic environments that differ from those found in
the smallest clusters. The overall RMSE of the ML-GW method relative to the explicit GW
with the 1C-basis is only 0.15 eV but reduces to 0.06 eV when the smallest cluster is excluded.

Fig. 6.8 shows the difference in QP corrections between ML-GW and GW with the 1C-DDRF
for the 10 highest valence states and 10 lowest conduction states. The energies of the smallest
cluster were excluded from the plot. ML-GW produces QP shifts for both valence and conduction
states within 0.1 eV from the explicit GoWq with the 1C-DDREF. The majority of valence states

exhibit a positive error, while for conduction states, the error is largely negative.
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Figure 6.7: HOMO-LUMO gaps of hydrogenated silicon clusters from plane-wave GoW, and
GoWj calculations using the 1C-DDRF and ML-GyWj,.

Fig. 6.9 compares the ML-GoWy QP corrections to plane-wave GoWj results. The energies
of the smallest cluster were again excluded from the plot. As expected, the differences are
very similar to those between plane-wave GoWj and the explicit GoW, with the 1C-basis. In

particular, the RMSE is 0.34 eV for all clusters and reduces to 0.30 eV when the smallest cluster
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Figure 6.8: Histogram of difference in quasiparticle corrections from GoWj using the 1C-DDRF
and ML-GoW, for the 10 highest valence orbitals and the 10 lowest conduction orbitals of
hydrogenated silicon clusters. The mean-field energies are referenced to the middle of the
mean-field HOMO-LUMO gap. The energies of the smallest cluster were excluded.

is excluded. This result demonstrates that the key obstacle to improving the ML-GW approach

is the development of a better basis set.

Next, we test the ability of the ML-GW approach to predict the quasiparticle energies of
clusters which are larger than those included in the training data. For this, we only include
clusters with up to Ny, Si atoms in the training set with V,,., being 60, 50 and 40. Again,
the training set only includes clusters with randomly displaced atoms and the test set consists
of the relaxed clusters. The predicted ML-GW for the whole set of relaxed clusters is shown
in Fig. 6.10. From this graph, it is clear that the accuracy of the prediction for the largest
clusters deteriorates as N, is reduced: while for N,,., = 60, the gaps and QP corrections for
clusters with more than 60 Si atoms are still highly accurate, larger differences are observed
for Nyper = 50. For N,,.. = 40, errors as larger as 1 eV are obtained for the gaps of clusters
with around 50 Si atoms. Fig. 6.10(f) shows that the large error in the gaps is a consequence of

having a negative error in the QP shifts for occupied states and a positive error in the shift for
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Figure 6.9: Histogram of difference in quasiparticle corrections from plane-wave GoW, and
ML-GoW, DDREF for the 10 highest valence orbitals and the 10 lowest conduction orbitals
of hydrogenated silicon clusters. The mean-field energies are referenced to the middle of the
mean-field HOMO-LUMO gap. The energies of the smallest cluster were excluded.

unoccupied states. In other words: instead of a cancellation, we get an accumulation of errors

when computing HOMO-LUMO gaps.

Finally, we tie together everything discussed in the three main chapters and investigate the
polarizabilities obtained from the ML-DDRFs. To achieve this, we transform the predicted
1C-DDRFs into G-space and use the method outlined in Chapter 4 to compute the scalar
polarizability. The resulting polarizabilities are shown in Fig. 6.11. The plot shows the
polarizabilities obtained in Chapter 4 (RPA-DDRF), the polarizabilities obtained from the
predicted DDRFs (ML 1C-DDRF), and the polarizabilities obtained using the exact 1C DDRFs.
We can see that the polarizabilities obtained from the 1C-DDRF are initially overestimated, and
underestimated for clusters containing more than around 20 Si atoms. The largest deviations
occur between 35 and 50 Si atoms, where the error increases to almost 50 A3. Similar to
the HOMO-LUMO gaps, however, the polarizabilities computed using the predicted DDRF's

closely follow those obtained from the exact 1C-DDRFs. We also note that for clusters between
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Figure 6.10: HOMO-LUMO gaps (left panels) and errors in quasiparticles shifts (right panels)
from explicit GoW, calculations with the 1IC-DDRF and from ML-GyWj trained on clusters
containing up to Npa = 60 Si atoms (upper panels), Ny, = 50 Si atoms (middle panels) and
Npae = 40 Si atoms (lower panels). The red vertical line indicates N,,,,. The panels on the
right hand side only contain results for clusters with more Si atoms than N,,,,. The mean-field
energies are referenced to the middle of the mean-field HOMO-LUMO gap.

15 and 25 Si atoms both the ML-DDRF and 1C-DDRF polarizabilities closely follow the
RPA-DDREF result. Moreover, beyond 50 Si atoms, the 1C-DDRF polarizabilities approach
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the RPA-DDRF polarizabilities. Another interesting observation is that the linear trend in
the RPA polarizability is rather poorly reproduced by the polarizabilities obtained from the
1C-DDREF. This is surprising, as the 1C-DDRF explicitly decomposes the RPA density-density
response function into localised atomic contributions. However, it should be noted that the
basis functions used in the 1C-DDRF are relatively long-ranged. In light of the long-rangedness
of the basis functions, one would expect to obtain a linear trend in the polarizability once the
clusters become significantly larger than the extent of the basis functions. However, in order
to confirm this, further research is required. Furthermore, it should be stressed that the 1C
basis was tuned to yield HOMO-LUMO gaps as close to the GoW, gaps as possible and was not
optimized with the polarizability in mind. In light of these results, it is even more clear that the
largest potential for improvement in this method lies in the basis set. To this end, the major
obstacle is the improvement of the radial basis functions, which are currently non-orthogonal.
Chapter 7 briefly discusses a few potential alternatives to the non-orthogonal basis sets used

here.

6.5 Conclusion

In this chapter, we have developed a machine-learning approach to predict the interacting density-
density response function (DDRF) of materials. To achieve this, we introduce a decomposition
of the DDRF into atomic contributions which form the output of a neural network. We also
introduce the neighbourhood density-matrix descriptor which is a generalization of the widely
used SOAP descriptor [16]: instead of symmetrizing the descriptor using a Haar integral over
a symmetry group [111], we construct the tensor product of the expansion coefficients of
the neighbourhood density which transforms under rotation in the same way as the atomic
contributions to the DDRF. Thus, while not fully covariant, this approach is able to distinguish
between different orientations of a chemical environment, which is a key requirement for
predicting functions, such as the DDRF.

The machine learning technique for DDRFs is then combined with the GW approach. The

resulting approach is called the ML-GW approach. We apply this method to hydrogenated
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Figure 6.11: Scalar polarizabilities of unperturbed silicon clusters obtained using the ML 1C-
DDRF (red), the exact 1C-DDRF (black), and the RPA-DDRF (orange).

silicon clusters. The ML-GW approach reproduces HOMO-LUMO gaps and quasiparticle
energies of GW calculations using the explicitly calculated 1C-DDRF, i.e. the DDRF in a pair
basis where the basis functions of each pair are centred on the same atom, with an accuracy of
about 0.1 eV. The accuracy of the results deteriorates when it is applied to clusters which are

larger than those included in the training set.

However, the error of ML-GW is significantly larger when compared to standard plane-wave
GW results: HOMO-LUMO gaps are reproduced to within 0.5 eV, but the error reduces to 0.4
eV when the smallest cluster is excluded from the test set. These errors are comparable to those
obtained by Rohlfing in his GW calculations for silane using a model dielectric function [153].

These findings demonstrate that the main challenge towards improving the ML-GW method
is the construction of better local basis sets for the DDRF. The basis used for the 2C-DDRF

can be improved straightforwardly by using larger basis sets, such as aug-admm-2, admm-3 or
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aug-admm-3 [109]. However, it is more difficult to increase the basis used for the 1C-DDRF as
this leads to linear dependencies which deteriorate the predictive accuracy of the neural network.
This was also observed by Grisafi et al. [72] when predicting the expansion coefficients of the
electronic density using the symmetry-adapted SOAP kernel [73].

I expect that the ML-GW method can be applied to calculate quasiparticle energies in
systems that have so far been out of reach for standard implementations. Examples include
disordered materials, liquids, interfaces or nanoparticles. It could also be combined with on-
the-fly machine learning methods [117] to perform GW calculations on molecular-dynamics

snapshots to determine finite-temperature quasiparticle energies.
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Conclusions

In this thesis, I explored the possibility of developing a Machine Learning model of the Density-
Density response function (DDRF). We started with a review of commonly used descriptors in
the field of materials property prediction. The SOAP descriptor [16] was then used in Chapter 4
to construct an ML model of the scalar polarizability, a quantity which is directly derived from
the DDRF. In this chapter, we found that the SOAP descriptor can indeed be used to predict
scalar polarizabilities of large hydrogenated silicon clusters accurately. This result was achieved
by constructing a kernel-ridge regression model using different variants of the SOAP kernel.
One of the key observations from Chapter 4 was that using a small cut-off radius, which only
includes nearest neighbour and next-nearest neighbour information in the descriptor, facilitates
the recognition of chemical environments across different cluster sizes. Based on this observation,
we used the resulting model to predict the polarizabilities of hydrogenated silicon clusters with
up to 3000 silicon atoms. We found that the results approach the correct bulk limit. These

results gave the first indication that the DDRF may be decomposed into atomic contributions.

In Chapter 5, we tackled the problem of reducing the size of the DDRF by projecting
it onto an auxiliary basis of GTOs, thereby reducing the size of the DDRF from several
gigabytes to a few megabytes, depending on the size of the auxiliary basis, while retaining a
high degree of accuracy in the QP-corrections resulting from using the approximate the DDRF
in a GW calculation. In doing so, we also found that the density response resulting from the

DDRF decays exponentially with the distance from the atom at which the perturbation is
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applied. While the approximate DDRF's yield acceptable QP corrections, we failed to construct
a machine-learning model to accurately predict the expansion coefficients in this basis. The
failure to accurately predict the DDRF in this basis was attributed to the fact that a descriptor
encoding the chemical environments of two atoms and their relative distance and orientation
would be required. It is not apparent how such a descriptor would be constructed. Thus an
alternative approach was developed in Chapter 6. In this chapter, we used the approximate
DDREF from Chapter 5, where basis functions in r and r’ were allowed to be centred on different
atoms as an intermediate result, which allowed the partitioning of the DDRF into atomic
contributions. These atomic contributions were then projected onto a second basis set of GTOs,
where each atomic contribution is centred on a single atom. We then derived the transformation
properties of these atomic contributions under rotation and constructed a descriptor called
the neighbourhood density matrix, which obeys the same transformation rule. This descriptor
was then used to train a dense neural network capable of predicting the atomic contributions
and used the resulting DDRF in GW calculations in a hybrid ML/GW approach called the
ML-GW method. The resulting method is capable of reproducing the HOMO-LUMO gaps and
quasiparticle energies obtained with the approximate DDRF with remarkable accuracy. However,
compared to a full GyWy calculation, the average error in HOMO-LUMO gaps increases to 0.5
eV, similar to the errors that Rohlfing observed in his GW calculations for silane using a model
dielectric function [153]. These results indicate that the key obstacle to achieving chemical
accuracy is the use of more accurate basis sets in both the intermediate basis introduced in
Chapter 5 and in the fully atom-centred basis introduced in Chapter 6. While the intermediate
basis can be improved by choosing a larger auxiliary basis set [109], the size of the atom-centred
basis is limited due to near-linear dependencies caused by the GTOs being non-orthogonal. One
potential alternative to the SGTO basis sets used in this thesis are hydrogen wavefunctions,
which have an analytical Fourier transform but require numerical evaluation of the overlap
integrals with the intermediate basis of SGTOs. It should be noted, however, that the numerical
evaluation of the aforementioned overlap integrals would only be required in the generation of
training data for the ML-GW method. Furthermore, when using Fourier-space methods for

evaluating the overlap integrals, such as those proposed by Kuang et al. [108], only the radial

152



CHAPTER 7. CONCLUSIONS

part of the overlap integrals has to be evaluated numerically.

Another candidate for an orthogonal radial basis is given by functions of the form
Ru(r) = Nur' L,y o (r?)e ™ /2, (7.1)

where L, | /2(7“2) are the associated Laguerre polynomials. These functions are orthogonal, which

can be seen by evaluating

2

6nn’ = /dTanNn/lT21+2L?+1/2(7"2)1‘/?;1/2(7’2)€_T

!

1 , B
_1 / 0 Ny Ny V2L ()L ()™, (7.2)

2

where the second equality was achieved by substitution ' = r%. Replacing [ + 1/2 with v, we
obtain

1 ’ !
Opmy = §/d7’/7’”/ N L2 (P LY (r)e™ (7.3)

which is simply the orthogonality relation for Laguerre polynomials [1]. The radial part of the

3-D Fourier can also be evaluated analytically [1]

~ v+l _—pri rn 2 _o9—v-lg-—v-n—1(g __ _\npv ,Zi n ak? )
/0 r’ e L (ar®) J, (kr) = 2 o} (6 —a)"k"e BLV(—‘W(O&—@ : (7.4)

where J,(kr) is a Bessel function and v = [ + 1/2. Moreover, the overlap of these basis
functions with SGTOs can also be evaluated analytically using the aforementioned method
by Kuang et al. [108]. Hence, these radial functions possess all the properties required for
efficient implementation of the ML-GW method and do not require any integrals to be evaluated
numerically.

While further refinements are required, several potential paths for improvements to the ML-GW
method are available. Thus, the ML-GW method has the potential to enable several applications

of the GW method that are currently outside the reach of traditional GW implementations.
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Appendix A

Further details on many-body

perturbation theory

A.1 Second quantization

In second quantization, the many-body wave function is written in terms of populations in
certain single-particle states. For example the wave function |0, 0, ns, ---0) contains ng particles

in state 3.

We can now define the creation operator ¢l , which creates a particle in state n and the

n’

destruction operator, ¢,, which destroys a particle in state n. Assuming the vacuum state is

given by |0), we get

where the 1 indicates a particle in state n and
¢n|0,0,--+1,---0) =10). (A.2)

Since only a single fermion can ooccupy a state, the creation operator yields zero if state n is

already occupied, and the destruction operator yields zero if n is not occupied. For fermions,
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creation and destruction operators have the following anti-commutation relations [63]

6, ¢ = [¢f,él] =0, (A.3)
and
[67’7 éj;] = 61"37 (A4)

where the anti-commutator is defined as

[A,B] = AB + BA. (A.5)

A.2 Field operators

Given a complete set of single-particle wave functions {1,(r)}, where « is a spin index, we can

define field operators as [63]
zﬁa(r) = Zwan(r)éany (A6)

which follow the anti-commutation relations

[ (r), P(r)] = dapd(r — '), (A7)

and
[fa(r), ¥s(x)] = 0 (A.8)
[l (r), ¥5 ()] =0 (A.9)

We can now further define the operator i(r) as

- | (A.10)
s (r)

where the indices correspond to up and down spins, respectively. With these definitions, a
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general single-particle operator in second quantization is defined as [63]

~

O = /dr;ﬁT(r)O(r)@/A}(r), (A.11)

where O(r) is the corresponding first quantization operator, while two-body operators are

written as

V= / dr / de' )t ()T () V (e, v) b ()i (x). (A.12)

A.3 Introduction to Feynman Diagrams

Feynman diagrams are a method to pictorially represent terms occurring in many-body pertur-
bation theory. The terms represented by Feynman diagrams are a consequence of the Gell-Mann
and Low theorem [68], which connects the interacting ground state to the non-interacting ground

state. The result is an expression for the time-ordered Green’s function as [63]

iGag(r, 1’ t, 1 ,
ol ) (Wo| To)

(A.13)

i(—z’)”% [ [, (BT V(1) -V ta)lr. O55(r", ) o)

where V(t,) are Coulomb operators, 1h,(r,t) are the field operators defined in Section A.2,
|®g) are non-interacting ground states and |Wy) are interacting ground states. As shown in
Eq. (A.12), the Coulomb operators involve a product of four field operators. Thus, each term
in Eq. (A.13) contains a total of 2 4+ 4n field operators. Writing the Coulomb potential as

Uijia(r, ' t,t') = 8,01,V (r,x")0(t — t'), we obtain (ignoring the denominator)

iGap(r, v’ 1, 1) = iGog(r, v, t, 1)
+ (—Z) Z / dtldtgdrldrgUijkl(rl, Iy, t17 tg)
ijkl

X <®0\TW@'(P17tl)?ﬁj(rzafz)lﬁk(r%h)iﬁl(rhtl)lﬁa(ratwﬁ(r/i/)”@0>

Fo, (A14)

178



APPENDIX A. FURTHER DETAILS ON MANY-BODY PERTURBATION THEORY

where GP4(r,1',t,t') is the Green’s function of the non-interacting system. Wick [191] showed
that each of the terms can be expressed as a sum over terms involving 2n + 1 non-interacting
Green’s functions [63]. Furthermore, specific terms in Eq. (A.14) can be factored to cancel the
denominator in Eq (A.13). The remaining terms can be represented as Feynman diagrams,
where each directed line corresponds to a non-interacting Green’s function, and each wavy line
corresponds to the Coulomb interaction. For example, Eq. (A.14) is given by the Feynman
diagrams in Fig. A.1, where the second and third terms correspond to the surviving first-order

terms in Eq. (A.14).

Figure A.1: Diagrammatic expansion of the interacting Green’s function in terms of the non-
interacting Green’s function and the Coulomb interaction.

The terms in Feynman diagrams are evaluated using the following set of rules [63]:

1. Each interaction vertex is labelled with a space-time point r, ¢ and incoming and outgoing

spin indices ¢ and j.
2. For each interaction vertex, a sum over incoming and outgoing spin-indices is required.

3. A factor of (—1) has to be added to each term, where P is the number of Green’s function

lines closing on themselves.
4. Another factor of (i)™ is required for each n-th order term.
5. A Green’s function with two equal space-time points is interpreted as Ggﬁ(r, r,t, ).

6. Finally, an integration over all internal space-time variables has to be performed.
Using these rules, the second diagram in Fig. A.1 evaluates to
(—Z) Z / dtldtgdrldrgGgi(r, ry, t, tl)Uijkl(rla Iy, tl, tQ)G2l<r2, Iy, tQ, t;)G?B(rl, I‘/, tg, tl)
ijkl
(A.15)
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This expression can be simplified by noting that
. 7
ZGgB(r7rut7t+) = _§5aﬁp0(r)7 (A16)

where p°(r) is the electron density of the non-interacting system. Furthermore, the Coulomb
potential is given by

Uijii(r1, Y2, t1,t2) = 6,501V (r1,12)8(t1 — t2), (A.17)

and the Green’s functions are usually also diagonal in the spin indices. We thus obtain

1
5Z/dtzdr1dr25m5ij5kl5kl5j/3GO(1“,1“27?5,tQ)V(I“h1“2),00(1“2)G0(1“17F/,t2,t/)

ijkl

= / dtgdrldrgéaﬁGo(r, ry, t, tQ)V(rl, I'2>p0 (rg)GO(rl, I‘/7 tg, t/) (A18>
The integral involving the electron density can be identified with the Hartree potential [63]

VHartree<r1> :/erV(rth)pO(rQ)- (A19>

Similarly, we can evaluate the third term in Fig. (A.1) as

_i(saﬁ/dtldtZdrldr2G0(r7r17t7t1)v<r17r2)5(t1 — t3)GO(r1, 1o, b1, £3) GO (1o, 1, 80, '). (A.20)

180



Appendix B

Further details on neural networks

B.1 Backpropagation

The backpropagation algorithm, initially introduced by Rumelhart et al. [156], is a method for
adjusting the weights of a neural network, such that they approach the minimum of some loss
function E, which computes an error metric between the output of the neural network model f
and the target quantity y. Since neural networks are highly non-linear functions, an analytical
solution cannot be found for this optimization problem. Thus other methods, such as gradient
descent, where the weights of the neural network are adjusted in the direction of the negative
gradient of the loss function with respect to the weights —%, are required. Here, I will consider
the simplest case, where the loss function is computed for each data point individually, and
the weights are adjusted accordingly. This procedure can be generalized for batches of data
points [25], but for simplicity, I will avoid this generalization here.

To simplify the notation, we can absorb the biases of each layer into the weight matrix by

adding a dummy output which is always equal to 1 to each layer [25]. The linear part of the

layer operation in then given by

2N = ngoj»v’l, (B.1)
J

and the output of the model is given by

fi = oY = h(zN), (B.2)
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for some non-linear function h. The loss function we use here is simply the squared error between

the model output f,, for input x,, and the true target quantity y,

En = Z(ym - fm)2 (B3>

)

N | —

We now need to evaluate the required gradients using the chain rule

ok, OE, oz

N = 9N 9,N°
Ow;y 0z Qwg;

(B.4)

The second part of the above equation is simply given by the output of the previous layer

0zN _
SN = oML, (B.5)
ij

Furthermore, assuming the output layer is linear, the first partial derivative is

= —(yoi — fui) =6 (B.6)

OF,
o for

The crucial step in the backpropagation algorithm is the evaluation of the quantity £

hidden layers. For the layer N — 1 we use the chain rule for partial derivatives [25], to obtain

ai?nl =2 gfkﬁa%fvl — Zk:a,ya%évl =N (B.7)
Finally the derivative 5{%1 is given by
by = Wl (B9
Thus, we have an expression for the quantity 6! in terms of 5
SN = h’(zfv_l)Zw,i\g(S,iV, (B.9)
k

where the sum runs over all k£ that are connected to the hidden unit j [25]. This suggests the
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following procedure for updating the weights [25]:

1. Propagate the input x,, forward through the network.

2. Compute the quantity 6V and the gradient 2£% for the final layer.
J

N
ow;

3. Use the computed §¥’s to compute the (5§V b5 and gradients 031%*1 for the previous layers.

ij

OE,
awf\]{ ’

4. Once all gradients are computed, update the weights with —\ where )\ is a positive

constant.

5. Repeat steps 1-4 for the next input x,,.
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