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Abstract

This thesis explores two main topics: the effects of the temperature on several
Quantum Chromodynamics mesonic observables, with a concrete focus on the tem-
perature dependence of the mesonic mass spectrum, and numerical spectral recon-
struction of lattice correlation functions employing deep neural networks. In the first
two chapters, a brief introduction to standard lattice Quantum Chromodynamics and
non-zero temperature field theory is provided. Using the tools presented in the intro-
ductory chapters, a complete spectroscopy analysis of the temperature dependence
of several mesonic ground state masses is developed. From this study, novel results
in the restoration of chiral symmetry as a function of the temperature are obtained
by studying the degree of degeneracy between the p(770) and a;(1260) states. Ad-
ditionally, a complete study of the thermal effects affecting the mesonic D,)-sector
below the pseudocritical temperature of the system is provided. A self-contained
chapter discussing the pion velocity in the medium is also included in the document.
The pion velocity is estimated as a function of the temperature using non-zero tem-
perature lattice Quantum Chromodynamics. In addition, after providing a detailed
introduction to the field of neural networks, their application to numerical spectral
reconstruction is studied. A simple implementation in which deep neural networks
are applied to numerical spectral reconstruction is tested in order to explore its limits
and applicability.






Structure of the document

This document is structured as follows.

In Chapter , Quantum Chromodynamics and its lattice regularisation are
briefly introduced, as all studies included in this thesis are performed on, or are
related to, the framework of lattice Quantum Chromodynamics at non-zero temper-
ature. In this first chapter, the effects of the temperature on the system are not taken
into account — we review non-zero temperature quantum field theory in Chapter ({2)).
After shortly introducing the basic concepts of quantum field theory and its lattice
regularisation, we discuss how lattice quantum field theories can be simulated in a
computer. From this discussion, we learn how one could estimate correlation func-
tions on the lattice, one of the fundamental objects in the study of quantum field
theories. We conclude this chapter analysing the so-called spectral decomposition of
correlation functions.

In Chapter , thermal field theory is briefly reviewed; non-zero density thermal
field theory is not discussed in this document. After introducing the basic con-
cepts of thermal field theory, we define and analyse spectral functions, which are
essential in the study of non-static quantities in thermal field theory, such as trans-
port coefficients or viscosities. At the end of this chapter, we explore a connection
between low temperature spectral functions and the spectral decomposition defined
in Chapter (1)).

Chapter (3]) contains the bulk of studies performed of lattice correlation functions.
In this chapter, we aim at exploring the temperature dependence of several meson
masses from the analysis of different lattice correlation functions. Due to the fact
that extracting meson masses from lattice correlation functions is inherently difficult,
we develop an original methodology to analyse lattice correlation functions in order
to extract their ground state masses. After the methodology is introduced in detail,
we present some results obtained in our lattice setup, introduced in Appendix (A)).
In addition, a detailed discussion of the mesonic correlation functions analysed is
provided in Appendix (B]).

From the results obtained by applying our novel methodology, we are able to



analyse the temperature dependence of mesonic ground state masses before and
after the pseudocritical temperature of the system. The results are divided into
three main parts: in the first one, we discuss general trends encountered in the
temperature dependence of ground state masses, which allows us to set some limits
in the viability of the methodology as a function of the temperature; in the second
part, we analyse the restoration of chiral symmetry as a function of the temperature
from the degeneracy of the physical mesonic states p(770) and a;(1260); to conclude,
we perform a complete study over the mesonic D, sector across the hadronic phase
of Quantum Chromodynamics. Our results in the restoration of chiral symmetry
from a mesonic point of view, and the D, mesonic sector represent one of the few
first-principles analysis on these two topics across multiple temperatures.

Chapter presents a self-contained analysis of the pion velocity in the medium
at different temperatures: the pion velocity is a chiral limit expression that describes
the effects of the temperature on the pion dispersion relation. This chapter includes
a complete derivation of the pion velocity expression, as well as a collection of results
estimated in our lattice setup.

A brief introduction to the field of neural networks is provided in Chapter . In
addition to presenting neural networks, this chapter also discusses how to train neural
network models in order to apply them to real-world problems. A small introduction
to convolutional neural networks is also provided in this chapter. This chapter serves
as an introduction to Chapter @

To conclude, Chapter @ presents a case-study in which neural networks are
applied to the field of spectral reconstruction. After shortly introducing the inherent
problems of spectral reconstruction, we construct a methodology that employs neural
networks as the core objects to construct spectral functions. Once the methodology
is presented, we report and discuss the results obtained from the application of the
methodology to the problem in question in a controlled environment. Appendices
and @ serve as complements to this chapter.

In this document, all quantities are expressed in natural units:

h=c=kp=1
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Chapter 1

Quantum-chromodynamics and its
lattice regularisation

The strong force between quarks and gluons is described by the theory of Quantum
Chromodynamics (QCD) [1]. Since its advent in the 1970s, it has proven to provide
an exceptional description of the vast majority of hadronic matter encountered in
experiments [2|. Even though a perturbative analysis of QCD at relatively low tem-
perature is not possible, due to its confining nature, some techniques, such as lattice
QCD 3], allow for a reliable and systematic first-principles study of the theory at
zero temperature.

However, no single theoretical method is known to reliably explore QCD at non-
zero temperature and density. As a result, the complete phase-diagram of the system
is unknown; see Ref. [4] for a sketch of the QCD phase-diagram. Fortunately, lattice
QCD simulations can be employed to explore QCD at non-zero temperature and
zero density. The temperature is strongly believed [5, 6] to make the QCD system
transition from the so-called hadronic phase, where QCD is expected to be a confining
theory, to the Quark-Gluon Plasma (QGP) phase, where thermal effects dominate
and, therefore, quarks might not form bound states. In fact, some lattice studies |7
9] suggest that the transition from one phase to the other is indeed analytical: no
order parameter is present in the transition.

In this thesis, we continue to explore QCD at non-zero temperature through
the analysis of mesonic observables extracted from lattice simulations. We restrict
ourselves to zero chemical potential. Before diving into the relevant studies per-
formed, QCD and its lattice regularisation are briefly introduced. Once the lattice
regularisation of QCD is presented, we discuss how to simulate it in a computer in
order to extract meaningful information from the theory. In this chapter, we intro-
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duce zero temperature quantum field theory; the addition of the temperature on the
system is discussed in Chapter .

1.1 Introduction to QCD

In QCD, the strong force is modelled by an SU(3) Yang-Mills interaction, in which
fermionic quark fields interact with each other through a vector field carrying colour
charge: the gluons. In QCD, the quark fields transform as the fundamental repres-
entation of the SU(3) group. There exist several species of quark fields, called quark
flavours. The non-abelian nature of SU(3) permits bosonic self-interactions, which
are not possible in abelian theories, such as quantum-electrodynamics. Throughout
this document, the electroweak interaction between quark fields is assumed to be
negligible when compared to the effects of the strong force and the temperature on
the system. The local QCD lagrangian density defining the dynamics of QCD is:

Ny=6

Lacn() = 32 Gre) Dyt ml]og(e) = 7 ELF™i(@). (L)
f=1

In the equation above 1;(x) represents a fermionic quark field of flavour f; ¢;(x) =
wf(alz)T Yo is an anti-quark field of flavour f; 7, represents one of the Dirac gamma-
matrices; and F},, (z) is the gluonic field strength, defined for each of the 8 gluon
species i, one per generator of the SU(3) Lie algebra. The gluonic field strength
governs the dynamics of the gluon fields and their self-interaction. The covariant

derivative in eq. (1.1)), D,,, is defined as
Dy =0y +igoT; A, (), (1.2)

where 0, is the 4-dimensional partial derivative; gy is the coupling parameter; T;
represents one of the 8 generators of the SU(3) Lie algebra; and Al (z) is a gluonic
vector field with colour index ¢. The covariant derivative ensures that the lagrangian
is gauge invariant. Note that the QCD lagrangian contains several free-parameters:
the coupling constant gy, and the quark masses m{; :

The complete QCD lagrangian in eq. contains Ny = 6 different flavours,
which are usually denoted by the names (labels): up (u), down (d), strange (s),
charm (c), bottom (b) and top (¢). The flavours are ordered by their masses.

At relatively low energies and temperatures, the strong interaction is known to
be confining. As a result, a perturbative analysis of the theory is not possible; we
are forced to employ non-perturbative tools. In standard conditions, quarks cannot

2
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be detected in isolation; they always form bound states, called hadrons. There are
two types of common hadrons: mesons, defined as the bound state of a quark and
an antiquark; and baryons, which are generated through the cohesive interaction of
three quarks. In this document, we are mainly interested in mesonic hadrons. More
information about QCD can be found in Refs. [10-14].

In field theory, the main object defining the dynamics of the system is the action,
defined as the integral of the lagrangian density over all Minkowskian space-time:

S— / d'z £(z). (1.3)

The lagrangian is related to the hamiltonian operator through a Legendre transform
on the fields. Although the hamiltonian describes the dynamics of a physically
measurable quantity, the energy of the system, it is barely employed in field theory
as it does not explicitly display the symmetries of the theory.

1.1.1 Quantising a field theory

The action of a field theory defines its classical dynamics. In order to include
quantum corrections to the quantities extracted from the theory, it must be quant-
ised. There are several formalisms available to quantise a theory, being the so-called
canonical formalism the most common one presented in introductory courses, as it
can be interpreted as an extension of non-relativistic quantum mechanics.

Before briefly describing some aspects of quantum field theory, we start by re-
viewing non-relativistic quantum mechanics. In quantum mechanics, the set of states
in which a particular system can be, correspond to states in a Hilbert space. By di-
agonalising the hamiltonian defining the dynamics of the system, we are able to
generate a privileged complete set of states for which their energy is known; the
measurable energy of the system always corresponds to one of the eigenvalues of
the hamiltonian. The superposition principle states that the system can be in any
possible linear combination of those states.

In quantum mechanics, for every experimentally measurable quantity, such as
the momentum of a particle, its position or its angular momentum, there exists a
hermitian operator acting on the Hilbert space of states; those hermitian operators
are called observables. The link between experiment and theory is the expectation
value of an observable, denoted as

(¥|O[).

The expectation value corresponds to a scalar product between a bra state, (|,
and a ket state, produced by the action of the operator O over an initial state [1)).

3
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The expectation value defines the average outcome of experimentally measuring the
physical quantity represented by 0.

To merge quantum mechanics with a special relativity covariant field theory using
the canonical quantisation formalism, the starting point is to promote the fields
defining the lagrangian as operators acting on some space of states. The operators
are functionals of the space-time coordinates, which implies that space and time are
placed on an equal footing. This differs from the quantum mechanical case, in which
the spatial coordinates are treated as operators, while the time is assumed to be a
free-parameter of the theory. In the case of non-interacting quantum field theory, the
space of states corresponds to a Fock space: a direct sum of Hilbert spaces, each of
them representing a fixed number of particles. It is worth stressing that one can try
to construct a relativistic single-particle quantum mechanics similar to Schrodinger’s
equation, e.g. Dirac and Klein-Gordon equation. However, only by quantising a
field theory, one is able to naturally deal with the fact that, due to the energy-mass
equivalence of special relativity, particles can be created and destroyed.

In this new formalism, the field operators take the role of the quantum mechanical
observables, therefore, we can compute their expectation values,

(010(z,1)|0),

where |()) represents the vacuum state, that is, the state in which no external ex-
citations are present on the system. The action of O(f, t) over the vacuum creates
an excitation at a given space-time coordinate. In the non-interacting limit, the
operator O(f, t) can be decomposed into an infinite sum of creating and annihilat-
ing operators, similar to the ones emerging in the quantum mechanical harmonic
oscillator.

We can extend the expectation value to several field operators. In quantum field
theory, as the operators are functionals of the space and time, the expectation value
of several operators is referred to by the name correlation function, formally written

~

(DO Ty tn) -+ - O1(T1,11)]0).

In the equation above, the operators defining the correlation function are assumed
to be time-ordered: t; <ty < --- <t,. In the particular case in which the equation
above only contains two operators, then the expectation value is called a 2-point cor-
relation function. Only 2-point correlation functions are discussed in this document.

Correlation functions are essential objects in the description of complex systems,
such as quantum field theories and statistical mechanics. They are key to under-
standing phase transitions, spectroscopy, transport phenomena and scattering amp-
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litudes. An example showing their importance is the so-called Lehmann-Symanzik-
Zimmermann (LSZ) formula [14-1§], which directly relates theoretically computable
correlation functions to experimentally measurable scattering amplitudes.

Another formalism employed in quantum field theory is the so-called path integral
formulation |[19-21]. In this formulation, the field operators are treated as integration
variables, and the correlation functions of the theory are defined as integrals over
the complete space of configurations of the system. The path integral of a general
action is defined as

Z = /DwD@Z_)DAu exp (1 S[v, ¥, A,)). (1.4)

We do not discuss the technical aspects of the path-integral formalism, such as the
convergence of eq. , or the definition of the measures appearing in the integral.

The path integral can be viewed as a weighted (complex) average over all possible
configuration paths in which the system can be; the weight of each path is determined
through the complex phase in eq. (1.4). Provided that we analytically continue from
real time ¢ to imaginary-time, 7 = —it, then, the argument in the exponential
becomes real and negative. The imaginary-time transformation is usually called a
Wick rotation, and it implies that the Minkowskian space-time of special-relativity
is replaced with an Fuclidean one.

In the path-integral formalism, Euclidean correlation functions of n operators are
computed as follows:

<®’On<fnatn) e Ol(fl7t1)|®> =

1 . _
E / D’QDD?ﬂDAMOn(fn, tn) tee Ol<fl, t1> exp ( - S[¢, w, AND (15)

1.2 Short introduction to lattice field theory

As stated before, non-perturbative tools are required to extract meaningful inform-
ation about QCD. At the time in which this document is being written, regularising
the 4-dimensional Minkowskian space-time on a Euclidean lattice is the only known
method that allows a systematic and reliable first-principles analysis of QCD at low
energies. Replacing the continuous space-time of a field theory with a discrete mesh
imposes a natural cut-off in the energy through the inverse of the lattice spacing, a;
the lattice spacing corresponds to the minimum distance between two neighbouring
points in the lattice. The regularisation of the space-time on a lattice combined with
the path-integral formalism of quantum field theory allows the estimation of QCD
observables at a given lattice spacing.
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The first step towards extracting quantum observables on the lattice is the regu-
larisation of the Euclidean space-time. This involves replacing the continuous space-
time with a 4-dimensional finite lattice. The lattice contains a volume of N3 N,
points, where Ny represents the size (number of points) of the lattice in each of the
three spatial directions, and N, represents the size of the lattice in the temporal
direction. In principle, N, could be different for each spatial direction. The lattice,
labelled A, is defined as a set of 4-dimensional sites n,

A={n=(ng,nyn.,n;)|0<ngn,n, <Ng;0<n, <N} (1.6)

All lattice coordinates are expressed in terms of the lattice spacing, for example:
7 =mn,a and = nza. The length of the lattice in each direction is: Ly = N;a,
L, =N.a.

As in any finite system, boundary conditions need to be defined. Fermionic fields
respect anti-periodic boundary conditions, while bosonic field fulfil periodic boundary
conditions.

As the lattice is discrete and finite, its Fourier representation is also discrete and
finite. The set of all available frequencies is called the Brillouin zone, and they depend
on the boundary conditions. In general, the allowed frequencies are k, = (27/L,,) n,
with n an even (odd) natural number for periodic (anti-periodic) fields.

The lattice spacing is a parameter that needs to be fixed. Setting the scale
can be done by fixing an observable measurable on the lattice to its corresponding
experimental value. Once the lattice spacing is fixed, all other measurable quantities
extracted from the lattice become predictions. For more information about how the
scale is set in lattice QCD simulations, we refer to Ref. [22]. All quantities measured
on the lattice are computed in terms of the lattice spacing, which implies that they
are expressed in lattice units. Setting the scale requires the analysis of some lattice
measurements, as a result, the lattice spacing is affected by statistical uncertainty.

Extracting observables that do not depend on the lattice spacing requires a con-
tinuum limit extrapolation of the lattice observables. Initially, one could think that
any action defined on the lattice, and whose functional form recovers a particular
desired continuum action in the limit ¢ — 0, is a sufficient condition to estimate
quantities in the reference continuum action as a — 0. However, a proper scaling
law with the lattice spacing is also required. Consequently, for a lattice action to
have the desired continuum limit, two conditions must be fulfilled: first, it has to
recover the functional form of the reference continuous action in the limit of a — 0;
second, the observables measured on the lattice must scale with the lattice spacing
accordingly, that is, they must approach a fixed point as the lattice spacing decreases.

There exist an infinite number of lattice actions whose limiting functional forms
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are equivalent. To see this, imagine including second-order operators to a lattice
lagrangian:
,Clat:£+a£/+... (].7)

Under some general conditions, those higher-order artefacts vanish in the limit of
a — 0 faster than any lattice linear operator, thus recovering the same functional
form. All actions whose continuum limit functional is the same to a target continuum
action are said to naively recover a continuous action.

In order to ensure that a lattice action corresponds to a given continuum action
in the limit of a — 0, we use the fact that experimentally measurable quantities are
finite. Now, imagine that there exist an observable § measurable both experimentally
and on the lattice; this observable has mass dimensions df. We refer to the exper-
imental value of 6 as fpnys, while its lattice estimate is labelled 0. The relationship

between # and @ is R
0=a""0, (1.8)

where a is the lattice spacing. In principle, lattice actions contain free parameters,
such as the bare qualik masses m{; , or the coupling constant go. Consequently, the
lattice measurement # can also depend on the values of the parameters:

0 =a""0(go,m!,...). (1.9)

In the continuum limit, the left-hand side of eq. remains finite, and its value
is Opnys. However, the right-hand side vanishes as a — 0. As we do want the equality
to hold in the continuum limit, there must be a set of values of the parameters
(95, m{;’*) that keeps the lattice measurement finite as the lattice spacing reaches its
continuum limit value. This corresponds to a phase transition in which the system
loses its lattice nature to reach its continuum form. The values g3, m; are known as
the fixed-points of the renormalisation group equations.

In practice, in order to reach the continuum limit, one measures the same ob-
servable at different lattice spacings close to the critical point, and then performs a
numerical extrapolation. As the lattice spacing shrinks, the volume spanned by the
lattice also tends to zero. Consequently, in order to reach the continuum limit, the
volume of the lattice must grow as the lattice spacing shrinks. This is called the
thermodynamic limit of the theory, and reaching it is computationally expensive.
More information about the lattice continuum limit can be found in Refs. [23-25].

All results presented in this document are measured at finite lattice spacing; no
continuum limit is taken.
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1.2.1 Building lattice actions

In order to demonstrate how to regularise the continuum QCD action on the lattice,
the standard starting point is the limit of non-interacting fermions, which can be
achieved by setting go = 0 or A, = 1 in the lagrangian density defined in eq. .
In the non-interacting limit, the continuum action is

Stree = /d4x U(x)[¥"0, + Tmg] ¥ (). (1.10)

As we work in discrete space-time, the integrals become sums over lattice sites. In
addition, we need to replace the partial derivative operator with the corresponding
finite difference operator, whose definition is not unique. We employ the following

definition:
St )~ fln—p)

) 1.11
L f () % ( )
The naive version of the free lattice fermionic action corresponds to
4
lat _ 4 7 Yn+p) —Pn—p)
Sfree =a ; ¢(”) [;}7# 2 + ]lmq w(n) . (112)

By analysing this lattice action, we can find a fundamental problem of lattice field
theories containing fermionic matter. To encounter this problem, we start by defining
the Dirac operator as the operator that acts on the quark bilinear in eq. (1.12]):

W Dy

The Dirac operator of eq. ([1.12)) is just

4
5n m 571— m
D(n,m) = Z% i o B+ m - (1.13)
pn=0

This operator can be Fourier transformed on the lattice and then inverted, which
generates the propagator of a non-interacting fermionic field:

- mgl —ia™t 37 ysin(kya)

S(k) =D (k) = T T a TS s () (1.14)

The poles of the propagator, corresponding to the zeroes in the denominator, are
interpreted as propagating particles. In general, we expect only one pole in the
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quark propagator, corresponding to a quark of mass m,. However, the propagator
in eq. describes 16 different particles, as there are 16 poles in the propagator:
one located at k = (0,0,0), and the other ones located at the corners of the lattice
in Fourier space. These 15 clones are called doublers, and they share the same mass
my.
Doublers are unwanted and should be removed from the propagator, as they lead
to wrong physics [25].
A common way of removing the doublers in eq. is through the inclusion
of the so-called Wilson term [25] in the action. The Wilson term corresponds to a

discretisation of the following operator

Wy = —gauau (1.15)

where 0, is the derivative operator and r is the Wilson r-parameter, usually set to
r = 1. Adding the Wilson term to the action in eq. (1.12)) implies that the Dirac
operator in momentum space is

D(k) =ml + 2 Z’Vu sin(k,a) + 1 2 Z[l — cos(kya)l. (1.16)

The inverse of this operator is similar to eq. . However, it contains a dynamic
mass contribution in the denominator. This dynamic mass term is zero at k = (0, 0, 0)
but non-zero in all other corners of the Brillouin zone. Therefore, the Wilson term
eliminates all doublers at the cost of explicitly breaking chiral symmetry. There is
an important theorem, called the Nielsen-Niyomiya no-go theorem [26| 27|, which
states that one cannot create a local lattice action that does not explicitly break
chiral symmetry and, at the same time, does not include doublers.

Other fermionic lattice formulations allow the exclusion of doublers from the
propagator: an example is the staggered fermion formulation [28]. As stated be-
fore, there are infinitely many lattice actions that share the same naive continuum
action. Consequently, the lattice community has worked for years trying to find dif-
ferent lattice formulations with desirable properties. Some examples of these lattice
formulations include the Symanzik’s improvement scheme, in which higher order op-
erators, such as the so-called clover term, are added to the action to cancel second
order discretisation effects on the lattice observables [29-31]; the domain-wall fer-
mionic formulation, in which a new space-time dimension is added to the fermions
to avoid explicitly breaking chiral symmetry [32} [33]; or the twisted mass formula-
tion, in which a complex term is added to the quark masses to remove second order
discretisation effects on the masses of the states [34} |35].

9
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In order to build lattice actions whose continuum limit naively corresponds to the
interacting QCD action in eq. (1.1)), we need to impose two postulates: first, lattice
fermionic quark fields belong to the fundamental representation of the SU(3) colour
group; and second, the action must be invariant under local SU(3) rotations on the
fields, that is, it must be SU(3) gauge invariant. To fulfil both postulates, the lattice
quark fields must transform under local SU(3) rotations in the following way:

b(n) = Qn)e(n);  (n) = D) (n), (1.17)

where Q(n) is an element of SU(3) and QF represents its hermitian conjugate. The
mass term in eq. is invariant under the transformations shown above. However,
the kinetic term is not. To enforce complete gauge invariance, a new field U,(n) is
introduced, that as

Uu(n) = Qn)U,(n)Q(n + p). (1.18)

The gauge fields U, are called link variables, and are elements of SU(3). They
connect two lattice sites under a gauge transformation, as defined in eq. . The
complete QCD lattice action is not derived in this document, but can be found in
Refs. [23, 25]. The simplest lattice action that naively recovers the complete QCD

lagrangian shown in eq. (1.1]) is

SEep = Sel, ), U + 56U, (1.19)
where
Sr =" @) D(U)(n)b(n), (1.20)
being -
D[U,](n) = i Ta U@ —2? = iWonnoy my, (1.21)
and -

S = %Z > ReTr[l — U, (n)], (1.22)

neN p<v

with Uy, (n) being the plaquette operator, defined as
Uy () = Up(m)Us(n + U 0 + ) U ). (123)

Figure ([1.1)) shows how link variables and fermionic variables interact on the lattice.
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n—+v IUJ(TH_U) n+u+v

Ul(n) U,(n+v)
n UM(”) . n_|_lu

d(n) — L Tt

Figure 1.1: Diagram depicting a lattice cell and the relevant fermionic fields and
gauge links. The fermionic fields, ¥)(n) and ¥(n + ), occupy the lattice sites n and
n + p respectively. These fields interact through the gauge link U,(n) pointing from
n to n + p. The green arrows show the plaquette operator, defined in eq. .

1.2.2 Quantising a lattice field theory

Equation corresponds to the standard implementation of the QCD action on
the lattice. It contains three fundamental fields: the quark and antiquark fields,
respectively represented by ¥(n) and ¥(n), and the gluonic link variables, U, (n).

Regularising an action on the lattice is the first step towards its complete analysis;
the next step is to quantise it. As in the continuous case, the Euclidean path integral
on the lattice treats the lattice fields as integration variables. The importance of each
field configuration is determined by its action. An example of a lattice Euclidean
path-integral is

2= [ Do) DH@DU, () exp (= S[o(m), G, Uuw)). (121)
We can compute any correlation function of Euclidean lattice operators as
(Om(nm) - .. Oz(ny) O1(ny)) =
7 [ DHEDH@DUL)O () .. O} exp (= S0,V (125)

Lattice correlation functions resemble continuous correlation functions, defined in
eq. (1.5, after the substitution the space-time coordinate = with Euclidean lattice

11
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site n, and the gluon field A, with the gauge links U,. Additionally, one must take
care of the definition of the gauge link integration measure, DU, as the integration
must be performed over the SU(3) group [25]. Furthermore, to ensure fermionic
statistics, fermionic fields are treated as Grassmann variables [25].

An important result derived from the properties of Grassmann numbers is the
atthews-Salam formula [25], which reads

7z / ddd exp (FDU, ) = det[D[U,]]. (1.26)

This relationship implies that the integral of any bilinear operator, such as the Dirac
operator, of a combination of Grassmann variables is the determinant of the operator.
Applying the Matthews-Salam relationship to eq. (1.24) allows us to obtain

Z = /DUMdet [DU,]] exp (— S[UL]). (1.27)

In the case in which several flavours are included in the action, each flavour contrib-
utes with a factor of the determinant to the path integral.
To compute eq. (1.25)), the following probability distribution function is defined:

p(U(n)) = et [DIU ()] exp (— ST ) (1.28)

Employing the definition above, one computes eq. ((1.25)) as

N

(Om(nm) - .. Oz(ng) O1(ny)) = / DU,(1)Op(n) ... O1(n))p(Uy(n)).  (1.29)

1.2.3 Simulating lattice field theories

We know how to regularise an action on the lattice, and also the basic recipes to
quantise it. As a result, we are in the position to start discussing how we could
simulate a lattice quantum field theory on a computer. The main goal is to integrate
eq. . A correlation function is the expectation value of a function depending on
a set of random variables, in our case, the fields living in a 4-dimensional space-time.

We assume that all integrable fields in eq. can be viewed as random vari-
ables living on a 4-dimensional lattice, whose probability distribution function is
eq. . Provided that we sampled enough realisations of these random variables,
then, we could use those artificially generated samples to compute the sample aver-
age of some observables. From the central limit theorem, we can be sure that the

12
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sample average converges in probability to the expected value of a random variable
as the number of samples increases. The question is: how do we sample the fields?

Naively, we could try generating random SU(3) elements, one per each point in
the lattice. Those randomly generated configurations can be employed to compute
the fermion determinant at each configuration. After having collected numerous
ensembles, we can estimate eq. as long as we know how to evaluate correl-
ation functions on a collection of ensembles. Once all estimates are generated, we
can compute their sample average. This estimate will converge in probability to
the population expected value as long the number of samples is large enough, and
the samples are independent and identically distributed. The variance of this estim-
ator decreases with the number of configurations available, as it corresponds to the
variance of the sample mean.

There are two problems with this algorithm: it is completely inefficient, and it is
not ensured to produce reliable estimates of the studied observables. Generally, in
most probability distributions, there are some values of the random variables that
will weight more than others. Consequently, we should try sampling those important
configurations more frequently. To do so, we need to generate configurations of
the fields that are correctly distributed. In statistics, this is called Monte Carlo
sampling, a standard procedure used to generate samples with known distribution.
This technique is widely used to simulate systems in material sciences, condensed
matter or chemistry [36/38].

The basic goal behind Monte Carlo sampling in the context of lattice QCD is
to generate a set of random variables Y distributed according to P(Y') starting
from a randomly selected initial configuration Y. In our case, the random variables
are the gauge links, whose distribution is eq. . The ensemble generation is
performed iteratively by updating the configurations treated as quasi-independent
random variables. The dynamics of the evolution are modelled using a Markov chain.
A Markov chain is a sequence of random variables Yy — Y; — - -+ — Y, satisfying

P(Yo, Yi,...) = P(Yo) P(Vi|Yo) P(Ya[Y1) ... P(Yal Vo), (1.30)

where P(Y) represents the probability distribution of the variable Y; P(Y, X) rep-
resents the joint distribution; and P(Y'|X) is the conditional distribution of ¥ on X.
The equation above is satisfied for all values of the random variables.

In our setup Y; and Y, represent two sequential configuration updates; an up-
date is also called a Markovian step or Monte Carlo time step. Equation simply
implies that the chain has short-term memory: the value of a random variable Y; only
depends on the previous random variable in the chain Y;_;; the conditional probab-
ility is sometimes called the transition probability. As we want all configurations to
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be accessible at every Monte Carlo update, the transition probability must satisfy

Y PYi=ylYi=2)=1, (1.31)

yey

where Y is the set of all possible realisations of Y;: in our particular case, the set of
all possible configurations of the gauge links.

In addition, we would like our chain to eventually reach the equilibrium probab-
ility distribution: P(Y = y), where Y is independent of all previous configurations.
This can be ensured through the so-called detailed balance equation:

PY,=ylYio1 =2)P(Yio =) = P(Yion = 2|V, = y) P(Y; = y). (1.32)

The detailed balance equation implies that jumping from configuration Y; ; = x to
Y, = y is as likely as jumping from configuration Y; = y to ¥;_; = x. Summing
over all possible values of Y;_; in eq. and making use of eq. ((1.31)) allows us to
prove that we will eventually reach the equilibrium distribution P(Y; = y):

P(Y,=y) =Y _ P(Y,=y|[Yiy = 2)P(Yi_y = ). (1.33)

TeEX

Monte Carlo sampling suffers from two important limitations: thermalisation and
correlation. Thermalisation means that we should allow the system to evolve towards
its equilibrium distribution. As we start from a random initial configuration, the first
sampled configurations are usually far from being distributed according to the desired
equilibrium distribution. As a result, one should always let the Markov chain evolve
for several iterations before saving the configurations. One can track the status of
the Markov chain by measuring some quantities on the generated configurations.
Once the chain is thermalised, we can start saving the configurations to compute
any desired quantity with them.

However, note that, as the configurations are generated in a Markov chain, they
are sequentially highly correlated: previous configurations are employed to generate
new configurations — see eq. . The fact that the configurations are correl-
ated has severe consequences, as correlated random variables are not independent
and, therefore, they do not comply with the central limit theorem, thus generating
biased expected value estimates. Correlation among Monte Carlo configurations can
be reduced by either waiting some Markovian iterations between sequential meas-
urements, or by binning contiguous configurations into a single estimate. In this
context, binning is equivalent to computing the sample average. Information about

the ensembles employed in the analysis presented in this document can be found in
Ref. ([39]) and Appendix [A]
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An algorithm that employs uniformly distributed pseudo-random numbers in or-
der to generate ensembles of an arbitrary random variable Y distributed according
to P(Y = y) is the Metropolis algorithm [40]. A simple Metropolis algorithm is suffi-
cient to simulate a quenched approximation of QCD on the lattice. In the quenched
approximation, the fermion determinants in eq. are set to 1.

Including the fermion determinant in the simulations is expensive and difficult,
as it involves the computation of the determinant of a large matrix that directly
depends on the gauge fields. As a result, the determinant must be evaluated at each
Monte Carlo step. Additionally, each distinguishable quark field contributes with a
different determinant to eq. . In lattice simulations, it is common to include
the determinant for some selected flavours, and leave some other flavours quenched,
usually heavier quarks.

A standard way of including dynamical fermions in the simulations is through the
concept of pseudo-fermions [41]. Including pseudo-fermions evades the computation
of the fermion determinant but implies that the newly introduced pseudo-fermion
action is non-local. As a result, the Monte Carlo transition probability depends
globally on both the previous and the newly generated configurations, which makes
its estimation computationally expensive. A standard algorithm applied to generate
lattice QCD with dynamic quarks is the Hybrid Monte Carlo (HMC) algorithm [42]
43].

Nowadays, lattice QCD simulations treat the three lightest quark flavours (u, d, s)
as dynamical quarks; this is sometimes called a 241 simulation, as the v and d quarks
are assumed degenerate. Lattice simulations including dynamical charm quarks are
becoming more and more common. The heaviest quarks, top and bottom, are nor-
mally inaccessible due to their large masses.

Computing correlation functions from lattice configurations

The result of our Monte Carlo sampling algorithm is a collection of N, nearly in-
dependent configurations. Those configurations could have been generated in the
quenched approximation, or taking into account several dynamic flavours. From the
ensemble of configurations, any desired quantity can be computed on the lattice.

From now on, we assume that the IV, configurations are generated from a therm-
alised Markov chain. Additionally, the correlation between configurations is sup-
posed to be minimal. Therefore, we can treat the configurations as independent and
identically distributed random variables.

We would like to evaluate eq. on the sample of configurations; this can
be done independently for each configuration. Each measurement leads to an in-
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dependent estimate of a particular correlation function, and the combination of all
measured correlation functions into a single sample allows the computation of the
ensemble average, which corresponds to an unbiased estimate of the population cor-
relation function. Due to the fact that all analysis presented in this document deal
with mesonic correlation functions, we restrict this discussion to correlation functions
constructed from mesonic operators.

A mesonic operator is composed by a quark-antiquark pair located at a given
space-time coordinate x. In principle, both quark fields could have different fla-
vours. Additionally, in order to generate mesonic operators with different quantum
numbers, we project the quark fields using different operators, for example, using the
Dirac y-matrices. In principle, other operators can be included depending on the im-
plementation, such as derivatives or operators belonging to other spaces, e.g. flavour
space. A general mesonic operator composed of a quark field ¢ and an antiquark
field ¢’ is defined as

M (z) = 1y, (%) Lapap os(z), (1.34)

where @ and b are colour indices, and « and /3 are spinor indices. Note that 1 and 1
might represent different quark flavours. The colour space part of I" is d,; to ensure
colourless bounded states.

The conjugate of M (z) is denoted by MT(x), and it is defined as

M'(x) = o1 (@)1 (2) = (@)l M0t () = ¥ (2)TY (), (1.35)

where I' = vyI'7. In the derivation displayed above, we have employed

b =1, (1.36)

The action of both mesonic operators on the system can be regarded as respect-
ively creating an excitation of the same quantum numbers of M and M. One can
obtain the quantum numbers of the operator by studying how it transforms under
different symmetries, such as charge conjugation or parity. Some information about
different operators used in our simulations can be found in Appendix (B]).

A mesonic 2-point correlation function is defined as the action of two mesonic
operators at different points of the space-time. To simplify the derivation, we restrict
ourselves to the continuous case. However, the final expression is always evaluated
on the lattice by replacing all the integrals with sums, all the coordinates with
lattice coordinates, and any operator with its lattice analogous. A mesonic 2-point
correlation function is defined as

Cly, x) = (O|M(y)M'(x)[0). (1.37)
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Due to translation invariance of systems in equilibrium, 2-point correlation function
depend on the distance: C(y,z) = C(y — ). The first operator, M'(z), is called the
source operator, and it is generally placed at the origin of coordinates: x = 0. The
second operator, M (y), is called the sink operator. All physical states with the same
quantum numbers contribute to the correlation function.

We can replace the mesonic operators with their definitions in terms of quark

fields using both eq. and eq. (L.35):
Cly —x) = £ (y)Lat’ (y) ¥ (2)T pb(x)). (1.38)

where T4 can be, in principle, different to I'gz. We can use Wick’s theorem [25] on
the fermionic fields to contract them and obtain the following expression:

Cly —a)=—Tr [TaSy(y — 2)LpSy(z — y)] (1.39)

where Sy (y — x) is the quark propagator of flavour ¢, computed through the inverse
of the Dirac operator. A derivation of eq. can be found in Ref. [25]. This
expression is only valid for non-singlet mesonic operators. In the case in which
singlet operators are present, eq. also contains disconnected contributions,
which are terms dependent on only one propagator. Disconnected contributions are
mandatory when simulating charge-neutral mesons, such as the neutral pion. They
are difficult to compute as they are inherently noisy. No disconnected contributions
are computed in our simulations.

Without loss of generality, we can place the source operator at the origin of
coordinates, x = 0, leading to

Cly) = —Tr [La S(y) Tp Sy (—y)]. (1.40)

It is common to work in a time-momentum representation of C(y), which implies
that the correlation function depends on the Euclidean time 7, = 7 and the external

momenta of the system k: C(y) — C(r, k). This representation can be achieved
through:

S(r, k) = /d3yeiEgS(T, ). (1.41)

Using the Fourier transform of eq. (1.40]), introducing the time-momentum repres-
entation of both propagators, and manipulating the integral, allows to obtain the
time-momentum representation of the correlation function:

C(rF) = —Tr / D aSo (7, )T 55, (—7 ). (1.42)
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In order to evaluate mesonic correlations on a given configuration U,, we com-
pute two quark propagators, defined as the inverse of the Dirac operator in eq. .
Computing the quark propagator involves the inversion of a huge and sparse mat-
rix [25]. Consequently, one does not compute the whole quark propagator, as it is
expensive both computationally and memory-wise. Instead, we can take advantage
of the fact that the source operator is placed at a fixed space-time coordinate x in
order to only compute the propagator from that source point to all possible sink
locations on the lattice, represented by y; the sliced propagator represents a column
of the Dirac operator. Note that, for each space-time coordinate x, there are 12
different values of the propagator, corresponding to the combinations of 3 colours
and 4 spinor indices. One can select a column of the propagator employing a source
vector GG through

S0Py — ) Z Sa’ﬁ x)Go0 (x — w0). (1.43)

20,J
zaz

In the case in which
G (w — ) = 0(x — 20)diio0aa0, (1.44)

then only one column of S is used in the computation of the propagator. These
source vectors are called local sources. Non-local sources can be employed by defining
different source vectors, for example Gaussian source vectors. Non-local sources can
enhance the signal of the propagator as they include more information coming from
the Dirac operator. Non-local sources are called smeared sources [25, |44 |45].

Local sources tend to uniform the influence of all states to the total correlation
function, which sometimes hinders the analysis of the estimated correlation func-
tions. Instead, smeared sources tend to improve the influence of asymptotic and
stable states, which usually correspond to lower energy states. Including smeared
sources is generally encouraged as it corresponds to adding more information to
the approximated correlation functions. In our simulations, we generate correlation
functions using both local and Wuppertal-smeared sources [46], combined with APE
smearing of the link variables [47]. More information about the parameters defining
our smeared sources can be found in Appendix (A).

The standard algorithm employed to compute propagators is the so-called con-
jugate gradient method [48].

Spectral decomposition of correlation functions at zero temperature

To conclude, we present an important result of quantum field theory, the so-called
spectral decomposition of a correlation function. Through this decomposition, one
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can study the spectroscopy of the theory from estimated correlation functions. The
spectral decomposition of a correlation function reads

o

(Oa(r, k= 0)01(0,0)) = > (B[ Oa|n) (n|Oy|@)e """ (1.45)

n=0

The states contributing to the spectral decomposition are assumed to be hierarchic-
ally ordered in energy: E, > Ey, Vs > s

Equation can be derived by working in the Heisenberg picture of quantum
mechanics and inserting a complete set of states that diagonalise each field operator.
In Euclidean time, the spectral decomposition can be interpreted as a model for
the contribution of each state to the total correlation function: the contribution of
higher-order states will be exponentially suppressed as the temporal distance between
both mesonic operators increases. This interpretation is only valid in the imaginary-
time formalism of quantum mechanics; in the real-time formalism, the exponential
weights in the spectral decomposition become complex. Figure shows some real
correlation functions extracted from lattice simulations at different temperatures.
The complete derivation of the spectral decomposition can be found in Ref. [25].

b N, =128
10710 4 g o N=64
iy ¥ N, =56
Tio0 ] N
10—16 i L

0 20 40 60
T/ar

Figure 1.2: Example of simulated mesonic correlation functions in our lattice setup,
described in detail in Appendix . The correlation functions correspond to the sc
meson (strange-charm) in the pseudoscalar channel. Information about the physical
states simulated can be found in Appendix (BJ).

From eq. ((1.45)), we learn that the correlation function should be dominated by
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the lowest energy state at large temporal separations between the sink and the source
operators, as long as Fy > FE.-(. In contrast, at 7 — 0, the contribution of all states
is non-negligible. In this region, the correlation function is said to be contaminated
by excited states.
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Chapter 2

Introduction to thermal field
theory

The system presented in the previous chapter does not fully correspond to the one
we are interested in, as the effect of the temperature is not taken into account.

Understanding how the temperature affects the observables of a quantum field
theory is a topic of long-standing interest. First, because we do live in a non-zero
temperature universe: experimental quantities are never measured at zero temper-
ature; the average temperature of the universe is non-zero, as indicated by cosmic
microwave background radiation studies [1]. Second, as the temperature plays an
important role in the description of most systems, then, so it does for QCD. For
instance, in QCD, the temperature is directly responsible of the transition from a
strongly interacting confining state, usually called the hadronic phase, to a weakly
interacting system with the properties of a plasma, which is usually referred to as
the Quark-Gluon Plasma (QGP) [2]. The reverse transition is believed to have
taken place instants after the Big Bang |3|, which implies that non-zero temperature
QCD is crucial in our understanding of early-universe physics. Moreover, from an
experimental point of view, the temperature is believed to be fundamental in the
description of heavy-ion collisions, and the interior of dwarf stars [4-6].

2.1 The canonical ensemble of a quantum field
theory

In order to immerse a quantum field theory in a thermal bath at temperature T,
two formalisms are required: statistical mechanics and quantum field theory. The
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combination of both formalisms is referred to as thermal field theory. The canonical
ensemble of statistical mechanics |7], which describes the dynamics of a system placed
in a thermal bath at fixed temperature 7" and volume V. The chemical potential is
assumed to be zero for all species considered. Non-zero density thermal field theory
can be formulated [8] using the grand-canonical ensemble [7], but it leads to severe
complications when formulated as a lattice field theory. In this document, we restrict
ourselves to zero density and non-zero temperature thermal field theory.

One of the fundamental objects in the canonical ensemble formulation of statist-
ical mechanics is the density operator, defined as

p(H,B) =exp (— BH), (2.1)

where H represents the hamiltonian describing the dynamics of the underlying sys-
tem, and [ is the inverse of the temperature:

1

— ]gB—T, (2.2)
where kp is the Boltzmann constant, which is equal to 1 in natural units. The density
operator is sometimes called the Boltzmann weight factor, as it can be interpreted
as weighting the likelihood of every state of the system. At low temperature, or
large (3, the states with high energy are suppressed as their probability is small due
to the exponentially decaying nature of the density operator. In contrast, at large
temperature, the contribution of all states is non-negligible as the exponential decay
in eq. (2.1) is damped by the temperature.

From the density operator, we can compute the partition function, defined as

Zy="Tr [p(H,8)] = (nle|n), (233)

n

where the states |n) form a complete set. The partition function can be interpreted
as the sum of the probabilities of all states in the system. As a result, it can be
viewed as a cumulative distribution function in probability theory, similar to the
path integral in quantum field theory. The partition function of a discrete system is
shown in eq. (2.3). In the case in which the hamiltonian allows continuous energy
states, then, the sum in eq. is replaced by an integral.

From the partition function, one can study any static thermodynamic quantity
describing the bulk properties of the system [7], for example: its entropy, pressure,
total internal energy, or enthalpy. Those quantities can be defined as the moments of
the cumulative distribution function. In contrast, the study of non-static quantities,
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that is, quantities that depend on the space-time coordinates, requires the analysis of
statistical correlation functions. Correlation functions allow the study of important
properties of the system, such as: production rates from a plasma, the spectroscopy
of the theory, transport coefficients or shear and bulk viscosities [9-15].

In statistical mechanics, the expectation value of an operator at temperature T’
is defined as

(05 = %Tr e 810, (2.4)

We can extend this definition to 2 operators,
~ A 1 A
(AB)s = — Tr [e P AB]. (2.5)

The operators are time-ordered: t4 < tg. In thermal field theory, the operators
correspond to field operators depending on the space-time. In this context, a 2-point
correlation function is defined as

(O, )0 (,0))5 = %Tr e #1075, 6)01(7,0)]. (2.6)

We can manipulate the 2-point correlation function definition in eq. (2.6) to
investigate some of its properties:

= +(O1(&,—iB)O(y, 1)) 5. (2.7)

In the derivation above, we have made use of the invariance of the trace operator
under cyclic permutations. The final sign of the correlation function depends on the
spin statistics of the fields, as interchanging two fermionic fields leads to an overall
change of sign due to the exclusion principle of fermions.

Equation (2.7)) is fundamental in thermal field theory. To see this, we can work

in Euclidean space-time by performing a Wick rotation: ¢ = —ir. Substituting it
with 7 in eq. (2.7) leads to the following identity:
(05, 7)0Y(F,0))5 = £(O"(Z, B)O(F, 7)) 5- (2.8)
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Using the standard notation for correlation functions:

We can write eq. as
Cly—2,7)=xC(y—2,7—p). (2.10)

The identity above states that Euclidean thermal field theory correlation functions
are periodic or anti-periodic in time depending on the fields: bosonic correlation
functions are periodic, while fermionic are anti-periodic. On the lattice, in order
to ensure that this condition is fulfilled, it is common to impose periodic boundary
conditions in the time direction for bosonic fields, and anti-periodic conditions for
fermionic fields. Additionally, eq. (2.8]) implies that the Euclidean time can only take
values in the region 7 € [0, 8], where (3 represents the inverse of the temperature.

Placing a quantum field theory in a thermal bath is equivalent to working in
a finite Euclidean time, where the maximum time is equal to the inverse of the
temperature. The temperature of the system increases as the time direction gets
compressed. The limit 8 — oo corresponds to zero-temperature field theory.

In order to quantise a thermal field theory, it is common to work in the path
integral formalism of quantum mechanics, introduced in Chapter . The path
integral computed from an initial to a final configuration of the fields is interpreted
as the probability of the transition between both states. The transition probability
from configuration ®, to configuration ®, of a system is defined as

. Eat ¢b .
(Dol ™ |Dy) = De Sl (2.11)
o

where H is the hamiltonian of the system, and S [®] its action. We can compare the
path-integral with the continuous version of the partition function in eq. (2.3), which
reads

Zy = Tr [p(H, B)] = /ch (Ble P |). (2.12)

Both identities are equivalent once we perform a Wick rotation over the time com-

ponent in eq. (2.11)):
N Dy Dy 5
(Bole” ™ (D) = / Dde~S1® — / Dde | drdsLpl®] (2.13)
o, Dq

where L represents the Euclidean version of the lagrangian density. Due to the fact
that fields are periodic or anti-periodic in time, the time integral in the equation
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above is only defined from 7 = 0 to 7 = . Applying this condition leads to the
definition of the thermal path integral,

Zg= /D@exp(—/f dr/d3xﬁE[<I>]). (2.14)

More information about thermal field theory can be found in Refs. [16H18].

The canonical partition function is almost identical to the Euclidean path integral
in eq. once periodic/anti-periodic boundary conditions on the fields are im-
posed. Including the effects of the temperature in lattice field theory is just a matter
of imposing a set of boundary conditions on the fields, and interpreting the inverse
of the temporal lattice length as the temperature. Therefore, the temperature of a
lattice system can be computed using

1 1
T=—= .
L, N;a

(2.15)

As a result, we can modify the temperature of the system by either varying the
number of points in the temporal direction while keeping the lattice spacing fixed,
or by modifying the lattice spacing maintaining a constant temporal size.

The previously introduced thermal field theory formalism is expressed in terms of
a complex time 7. However, we are not restricted to Euclidean thermal field theory.
A standard introduction to real-time thermal field theory can be found in Ref. [16].
A recent review of the topic can be found in Ref. [19]. It is worth noting that the
Euclidean time formalism is the most popular one in lattice field theory.

2.1.1 Thermal and screening correlation functions

In thermal field theory, for each particular pair of field operators defining a 2-point
correlation function, there exist two different projections of the same correlation
function. These projections contain different physics due to the fact that placing the
system in a thermal bath breaks Lorentz invariance: the system treats differently
temporal and spatial directions. The projections are called the thermal projection
and the screening projection, which respectively lead to the so-called thermal correl-
ation functions and screening correlation functions. To construct these projections,
we use the fact that 2-point correlation functions are functions of the space-time:
C(r, 7).

We can project the bare correlation function C(7, %) into different representations
by Fourier transforming the coordinates. One can Fourier transform both space and
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time coordinates:

3 -
Clw, k) = / def C(r, %)™ ek (2.16)
(2m)

which produces the energy-momentum representation of the correlation function. As
correlation functions are periodic in time, the frequency space forms a discrete set
called the Matsubara frequencies [16-18]. For the shake of simplicity, in our current
discussion, we treat the frequency space as continuous. However, the integral over w
should be replaced by a sum over the Matsubara frequencies, which correspond to
w, = 2mnT; n € IN for bosonic correlation functions.

In addition, a mixed representation of the correlation function can be obtained
by integrating the temporal or spatial components of the correlation function. For
example, the so-called thermal projection of the correlation function is obtained by
Fourier transforming only the spatial coordinates of the original function,

C(r,k) = / (Z;’;?) C(r, 7)e*?, (2.17)

In contrast, the screening projection is generated by only Fourier transforming the
temporal coordinates,
dr :
C(w, T) —/— C(r, @)e™". (2.18)
2m
An example stressing the difference between thermal and screening correlation
functions is the so-called Debye mass, which is exclusively accessed from the analysis
of screening correlations in thermal field theory. More information about the Debye
mass and screening correlation functions can be found in Ref. [16].

2.2 Spectral functions

As stated before, Euclidean thermal field theory correlation functions can be used
to investigate the non-static properties of the medium. However, in order to access
the real-time dynamics of the system, we need to perform an analytic continuation
from complex time 7 to real time ¢. This can be done through the so-called spec-
tral function. In addition to allowing the analytic continuation from Euclidean to
Minkowskian space-time, spectral functions also grant access to the whole spectrum
of states contributing to the correlation function, which is particularly useful to un-
derstand how the properties of the medium, such as the temperature, affect the
physical states described by the theory.
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The formal definition of a spectral function of a pair of operators O and O is
p(t, %) = ([O(t, 7),07(0,0)]). (2.19)

Note that the same label, p, is employed to refer to the density operator in eq. ,
but both quantities are completely unrelated. The equation above is specific for
bosonic field operators. The fermionic version replaces the commutator, [A, B] =
AB — BA, with the anti-commutator, {A, B} = AB + BA. As our interest lies in
mesonic operators, which are indeed bosonic, we only discuss the former case. In
the spectral function definition, we place the source operator Ot at the origin of
coordinates. This is possible due to translational invariance of systems in thermal
equilibrium.

One can decompose eq. into two independent real-time correlation func-
tions,

p(t,7) = (O(t, 2)0(0,0)) — (O7(0,0)0(t, &)). (2.20)

These two correlation functions are related to the so-called retarded and advanced
correlation functions, defined as

Cr(t, ) = i) {[O(t, ), 01(0,0)]) = Cu(—t, —), (2.21)

where 0(t) is the step function:

o(t) :{ L ift=>0 } (2.92)

0 otherwise
Substituting the definitions of Cgr and C4 into eq. (2.19)) allows us to write
p(t,7) = —i[Cr(t, ) — Calt, 7). (2.23)

From the equation above, we learn that all real-time correlation functions can be
written in terms of the spectral function. More information about these identities
can be found in Refs. |16 |18, [20].

Manipulating eq. allows us to write a relationship between the spectral
function and the retarded correlator,

Cr(t, @) = i0(t)p(t, 7). (2.24)

The energy-momentum representation of the equation above can be obtained by
computing the following Fourier transform:

3 g
Cr(w, k) :/ng)fi@(t)p(t,:E’)ei“’teikz. (2.25)
7r
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To compute the integral above, we employ the following identity

i0(t) = — / Yo e (2.26)

- —
oo 2T w + i€

where € is a positive real number. The identity above allows us to perform the
integrals in eq. (2.25)), and arrive to

Crlw, k) = /Oo ' _ple! ) (2.27)

/ P
oo 2T W —w — i€

The equation above is the dispersion relation, whose name comes from the fact that
it looks like a continuous sum of propagating particles at different energies w — recall
the interpretation of poles in the quantum field theory propagators as particles. In
principle, for the same set of field operators, there is a different spectral function at
each temperature. This implies that having access to the spectral function of a par-
ticular 2-point correlation function at different temperatures grants us information
about the possible effects of the temperature on the system.

There exists a similar integral relationship relating spectral functions and ad-
vanced correlation functions. More information about this can be found in Refs. [18|
20].

In addition, we can define the Euclidean version of a bosonic 2-point correlation
function,

Cp(r, @) = (O(r,£)01(0,0)). (2.28)

This definition is equivalent to the one written in eq. (2.6). Note that 7 satisfies
0 <7 < 3, being g the inverse of the temperature. Equation (2.28) can be Fourier
transformed:

-,

S ;
Cp(wn, k) = / dre“™ Cp(, k). (2.29)
0

The Fourier frequencies w,, are the previously introduced Matsubara frequencies.
The time-momentum mixed representation of eq. (2.28)) can be computed by
summing over all the Matsubara frequencies in eq. (2.29)),

C(r k) =T e ™ Cp(wn, k), (2.30)

which is equivalent to performing a discrete Fourier transform. In the equation above
T represents the temperature.

As there must exist an analytic continuation from imaginary-time to real-time
that links both real-time and imaginary-time correlation functions, then, there should
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be a connection between C'r and p. This relationship is similar to the one written in
eq. (2.27)), and reads

- * dw p(w, k)
n = a_ . 3 2.31
Cp(on, k) /_OO 21 w — iwy, (2:31)

which implies that . -
Cr(w, k) = Criw, — w + i€, k). (2.32)

As a result, the spectral function can be used to access both real-time and imaginary-
time correlation functions: it serves as a link between both formalisms.

However, obtaining the associated spectral function from a Euclidean correlation
function is difficult, as Euclidean correlation functions are typically not accessible
analytically. This complicates the computation of the integral in eq. due to
its complex and diverging nature. To make eq. numerically tractable, we start
by substituting it into eq. , leading to

—iWwnT

Corfy = [ Hops T R 2
p(rk)= [ 5Ty ———pw k). (2.33)

To proceed, we define the following quantity

—iwn T

~ e

The right-hand side of K is a well-known identity in thermal field theory [16, |17],
which can be rewritten as

[ —wT 1
K(rw) =e [1 + m] (2.35)
In the case in which the field operators O and Ot are hermitian, then the spectral

function is odd, . .
p(_wa k) = _p(wa k)? (236)

which means that we can restrict the integral in eq. (2.33)) to the positive real num-
bers. We can use this information to arrive at the integral relationship connecting
spectral functions with their associated Euclidean correlation functions:

-

Cy(r, k) = /0 " K(r,w)p(w, k), (2.37)

where K (7,w) is known as the kernel of the transformation, whose definition is

K(rw) = K(rw) — K(r,—w) = Coss}ilﬁ((;/gﬁ))

(2.38)
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2.2.1 Low temperature spectral functions

There exists a connection between the spectral function relationship and the spec-
tral decomposition shown in eq. (1.45). To simplify this discussion, the spectral
decomposition is introduced again:

Cp(r, k) =Y _(B|0s|n)(n|O1[B)e . (2.39)

n

In the case in which hermitian sink and source operators are employed, we have

Cp(r.k) = [(D|On) e~ 5. (2.40)

To find the connection between both eq. (2.40) and eq. (2.37), we can start by
taking the low temperature limit of eq. (2.3§)),

lim K(7,w) = exp(—wr). (2.41)

T—0+

Inserting this limit into eq. (2.37)) allows us to write

Cp(r, k) = /0 h e p(w, k). (2.42)

This expression looks very similar to the spectral decomposition if we define the
following low-temperature spectral function:

plw, k) =D 1(010n)[* 6(w — En) (2.43)

Substituting this spectral function into eq. , and performing the Dirac delta
integrals, we arrive at eq. .

The low-temperature relationship between eq. and eq. implies that
the spectral function corresponds to a sum of independent and isolated peaks in this
regime: each peak in the spectral function is located at a different energy. In the case
in which the external momentum is zero, then the peaks are placed at the masses of
the different states. Figure contains a visual representation of this connection,
where a randomly generated spectral function is employed to obtain its Euclidean
correlation function through the application of eq. .
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(a) Correlation function (b) Spectral function

Figure 2.1: Example of a low-temperature Euclidean correlation function and its
corresponding spectral function. The spectral function is randomly generated, while
the Euclidean correlation function is computed using eq. ([2.42)).

35



Chapter 2. References

Yi-Kuan Chiang et al. “The Cosmic Thermal History Probed by Sunyaev—Zel-
dovich Effect Tomography”. In: Astrophys. J. 902.1 (2020), p. 56. DOI: 10 .
3847/1538-4357/abb403. arXiv: 2006.14650 [astro-ph.CO].

Joseph Kapusta, Berndt Miiller and Johann Rafelski. Quark-gluon plasma:
theoretical foundations: an annotated reprint collection. Gulf Professional Pub-
lishing, 2003.

Kohsuke Yagi, Tetsuo Hatsuda and Yasuo Miake. Quark-gluon plasma: From
big bang to little bang. Vol. 23. Cambridge University Press, 2005.

T. Altherr. “Introduction to thermal field theory”. In: Int. J. Mod. Phys. A
8 (1993), pp. 5605-5628. DOI: 10 . 1142 /S50217751X93002216. arXiv: hep -
ph/9307277.

Wit Busza, Krishna Rajagopal and Wilke van der Schee. “Heavy Ion Collisions:
The Big Picture, and the Big Questions” In: Ann. Rev. Nucl. Part. Sci. 68
(2018), pp. 339-376. DOI: |10 . 1146 /annurev-nucl-101917-020852. arXiv:
1802.04801 [hep-phl|

J. B. Kogut and M. A. Stephanov. The phases of quantum chromodynamics:
From confinement to extreme environments. Vol. 21. Cambridge University
Press, Dec. 2004. 1SBN: 978-0-521-14338-7.

Lev Davidovich Landau and Evgenii Mikhailovich Lifshitz. Statistical Physics:
Volume 5. Vol. 5. Elsevier, 2013.

Gert Aarts. “Introductory lectures on lattice QCD at nonzero baryon number”.
In: J. Phys. Conf. Ser. 706.2 (2016), p. 022004. pO1: 10.1088/1742-6596/
706/2/022004. arXiv: 1512.05145 [hep-lat].

Harvey B. Meyer. “The errant life of a heavy quark in the quark-gluon plasma”.
In: New J. Phys. 13 (2011), p. 035008. DOI:[10. 1088/1367-2630/13/3/035008.
arXiv: 1012.0234 [hep-lat].

36


https://doi.org/10.3847/1538-4357/abb403
https://doi.org/10.3847/1538-4357/abb403
https://arxiv.org/abs/2006.14650
https://doi.org/10.1142/S0217751X93002216
https://arxiv.org/abs/hep-ph/9307277
https://arxiv.org/abs/hep-ph/9307277
https://doi.org/10.1146/annurev-nucl-101917-020852
https://arxiv.org/abs/1802.04801
https://doi.org/10.1088/1742-6596/706/2/022004
https://doi.org/10.1088/1742-6596/706/2/022004
https://arxiv.org/abs/1512.05145
https://doi.org/10.1088/1367-2630/13/3/035008
https://arxiv.org/abs/1012.0234

Chapter 2. References

[10]

[11]

[12]

[13]

[20]

Debasish Banerjee et al. “Heavy Quark Momentum Diffusion Coefficient from
Lattice QCD”. In: Phys. Rev. D 85 (2012), p. 014510. DO1: 10.1103/PhysRevD.
85.014510. arXiv: 1109.5738 [hep-lat].

Harvey B. Meyer. “A Calculation of the bulk viscosity in SU(3) gluodynamics”.
In: Phys. Rev. Lett. 100 (2008), p. 162001. po1: 10.1103/PhysRevLett.100.
162001. arXiv: 0710.3717 [hep-lat].

N. Astrakhantsev, Viktor Braguta and Andrey Kotov. “Temperature depend-
ence of shear viscosity of SU(3)—gluodynamics within lattice simulation”. In:
JHEP 04 (2017), p. 101. por: 10.1007/JHEP04 (2017) 101. arXiv: 1701.02266
[hep-lat].

Borsanyi, Sz. and Fodor, Zoltan and Giordano, Matteo and Katz, Sandor D.
and Pasztor, Attila and Ratti, Claudia and Schéfer, Andreas and Szabo, Kal-
man K. and Téth, Balint C. “High statistics lattice study of stress tensor cor-
relators in pure SU(3) gauge theory”. In: Phys. Rev. D 98.1 (2018), p. 014512.
DOI: [10.1103/PhysRevD.98.014512. arXiv: 1802.07718 [hep-lat].

Harvey B. Meyer. “A Calculation of the bulk viscosity in SU(3) gluodynamics”.
In: Phys. Rev. Lett. 100 (2008), p. 162001. DOI: 10.1103/PhysRevLett. 100.
162001, arXiv: |0710.3717 [hep-lat].

N. Yu. Astrakhantsev, V. V. Braguta and A. Yu. Kotov. “Temperature depend-
ence of the bulk viscosity within lattice simulation of SU(3) gluodynamics”.
In: Phys. Rev. D 98.5 (2018), p. 054515. DOI: 10.1103/PhysRevD.98.054515.
arXiv: 1804.02382 [hep-lat].

Michel Le Bellac. Thermal field theory. Cambridge university press, 2000.

Joseph I Kapusta and Charles Gale. Finite-temperature field theory: Principles
and applications. Cambridge university press, 2006.

Mikko Laine and Aleksi Vuorinen. Basics of Thermal Field Theory. Vol. 925.
Springer, 2016. DOI: 10 . 1007 /978-3-319-31933-9. arXiv: 1701 . 01554
[hep-ph].

Torbjorn Lundberg and Roman Pasechnik. “Thermal Field Theory in real-
time formalism: concepts and applications for particle decays” In: Eur. Phys.
J. A 57.2 (2021), p. 71. pDOI: 10.1140/epja/s10050-020-00288~-5. arXiv:
2007.01224 [hep-th].

Gert Aarts and Aleksandr Nikolaev. “Electrical conductivity of the quark-gluon
plasma: perspective from lattice QCD”. In: Fur. Phys. J. A 57.4 (2021), p. 118.
DOI: 10.1140/epja/s10050-021-00436-5. arXiv: 2008.12326 [hep-lat].

37


https://doi.org/10.1103/PhysRevD.85.014510
https://doi.org/10.1103/PhysRevD.85.014510
https://arxiv.org/abs/1109.5738
https://doi.org/10.1103/PhysRevLett.100.162001
https://doi.org/10.1103/PhysRevLett.100.162001
https://arxiv.org/abs/0710.3717
https://doi.org/10.1007/JHEP04(2017)101
https://arxiv.org/abs/1701.02266
https://arxiv.org/abs/1701.02266
https://doi.org/10.1103/PhysRevD.98.014512
https://arxiv.org/abs/1802.07718
https://doi.org/10.1103/PhysRevLett.100.162001
https://doi.org/10.1103/PhysRevLett.100.162001
https://arxiv.org/abs/0710.3717
https://doi.org/10.1103/PhysRevD.98.054515
https://arxiv.org/abs/1804.02382
https://doi.org/10.1007/978-3-319-31933-9
https://arxiv.org/abs/1701.01554
https://arxiv.org/abs/1701.01554
https://doi.org/10.1140/epja/s10050-020-00288-5
https://arxiv.org/abs/2007.01224
https://doi.org/10.1140/epja/s10050-021-00436-5
https://arxiv.org/abs/2008.12326

Chapter 3

Meson thermal masses at non-zero
temperature

The fate of hadrons under extreme conditions is one of the outstanding questions in
the theory of strong interactions, QCD. As the temperature of the system increases,
the low-temperature hadronic gas [1J— with confined quarks and broken chiral sym-
metry — evolves into a quark-gluon plasma (QGP), in which the lightest quarks are
deconfined and chiral symmetry is restored. Evidence for this phenomenon comes
from non-perturbative simulations of QQCD on the lattice: from analysis of the pres-
sure, entropy and quark number susceptibility across several temperatures, to studies
on the chiral condensate and its susceptibility [2(7].

Due to the aforementioned evidence that such a transition exists in QCD, then, a
first-principles study on the spectrum of mesonic states across several temperatures is
expected to grant us meaningful information about the medium. Understanding how
the temperature affects the spectrum of QCD is key to exploring deconfinement, as
well as the restoration of SU(2), chiral symmetry — the quark mass term in QCD
explicitly breaks the invariance of the lagrangian under arbitrary SU(2) rotations
on the right-handed and left-handed quark spinors [8]. As a result, the goal of our
studies is to investigate the temperature dependence of the ground state masses of
several mesonic states. We do not focus on baryon matter, as some results in this
sector can already be found in Refs. [9-11].

It is worth noting that we only deal with thermal correlation functions, that
is, correlation functions expressed in their time-momentum representation: C(7; /;)
Consequently, the targets of our analysis are the thermal masses of different mesonic
correlation functions; see Chapter for more information.

In order to investigate the temperature dependence of the masses of mesonic
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QCD states, we analyse 2-point Euclidean thermal correlation functions extracted
from lattice QCD simulations; information about the simulations can be found in
Appendix and references therein. In principle, the complete spectrum of states
contained in a correlation function computed at an arbitrary temperature can be
accessed through its associated spectral function; for a short introduction to spectral
functions in thermal field theory, see Chapter . However, building reliable spectral
functions at arbitrary temperatures is not possible at the date in which this document
is being written. As a result, we restrict ourselves to a simpler and conservative
spectroscopy analysis in which simulated correlation functions are fitted to functional
models that try mimicking the contribution of each state to the correlation function.
This regression-based analysis is common in lattice field theory simulations, and,
although conceptually simple, it is difficult to apply in practice due to several factors,
such as: the lack of prior information while building the models, the presence of
multi-state contributions to the correlation functions, or the fact that Monte Carlo
data is correlated.

The goal of the analysis presented in this chapter is to extract the ground state
mass of a given mesonic 2-point thermal correlation function at a particular tem-
perature T C(7;T). Although we allow multi-state contributions to our models,
we do not aim to estimate any excited states. As a consequence, higher-order states
can be regarded as control variables in our models; we do not report any excited
states in our results. In order to estimate the ground state mass from a given correl-
ation function, we apply a data analysis procedure derived from the one presented
in Ref. [12]. In our methodology, no final result is manually selected, all estimates
are systematically produced according to some predefined metrics.

This chapter is organised into two main sections: in the first one, we discuss
in detail the methodology employed to analyse our mesonic correlation functions;
once the methodology is presented, we present and discuss some results extracted
employing the aforementioned methodology The results section is divided into three
main subsections: the first one contains some general comments on the estimated
temperature dependence of mesonic ground state masses; the second one discusses
the restoration of the SU(2) , chiral symmetry through the degeneracy of the p(770)
and a;(1260) states; the last one contains a detailed analysis of the D, mesonic
sector in the hadronic phase of QCD.

3.1 Methodology

The main goal of our analysis is to generate the best possible estimate of the popula-
tion ground state mass M, contributing to a particular thermal correlation function
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C(7,T). The methodology derived in this section can also be applied to correlation
functions with non-zero external momenta.

In order to estimate the ground state mass from a particular Euclidean correlation
function, first, we need to specify how each state contributes to it. In our context,
the contribution of each state is modelled employing a parametric function, referred
to as a l-state model. By combining several 1-state models, we generate a global
model that hopefully captures the relevant information contained in the correlation
function.

At zero temperature, the contribution of each state to the correlation function
is well-described by the spectral decomposition of the correlation function — see
eq. . At low temperature, correlation functions can be described in terms
of independent asymptotic and isolated states. As a result, their zero-temperature
spectral function can be decomposed into an infinite sum of separable J-distributions
of varying amplitudes, each of them located at a different energy:

pw; T =0) =) A 6(w— M,). (3.1)

Through the following integral transform, sometimes called the spectral relation-
ship,

C(r;T) = /OOO dw K (r,w; T)p(r,T), (3.2)

we can associate spectral functions and Euclidean correlation functions. In the equa-
tion above, K represents the kernel of the transformation, defined as
cosh(w (7 — 55))

K 'T — 2T
(7,w:T) sinh(2)

, (3.3)

where T represents the temperature of the system. In Chapter , we learnt that
the temperature of the system is related to the inverse of the temporal length. As a

result, on the lattice,
1

" Noa,’
where N, is the number of points in the temporal direction and a, is the lattice
spacing in the temporal direction.

Integrating the right-hand side of eq. (3.2)) with eq. (3.1) and eq. (3.3) leads to
the following correlation function functional form:

(3.4)

C(rT) = S A, cosh (M, (7 — %)). (3.5)
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The amplitudes in eq. absorbed the 7-independent denominator of the kernel
to simplify the notation.

From eq. , we can model the contribution of each independent state to the
correlation function using the following 1-state parametric model:

fs(T; My, Ag) = Ay cosh (MS (1 — %)) (3.6)
Sometimes, the parameters defining a 1-state model are encapsulated using a tuple:
0s = (M, As). The equation above depends on the temperature through N, — see
Chapter ([2)).

Without loss of generality, the masses in eq. can be hierarchically ordered:
Mg > My if s > s'. In this ordered version of eq. (3.5)), the lowest mode (s = 0)
represents the ground state. All other states are referred to as excited states.

As stated before, the QCD medium is expected to be on two different phases: the
hadronic phase, encountered at temperatures below the pseudocritical temperature
of the system, T, and the QGP, found at 7" > T... The pseudocritical temperature is
defined using the inflection point of the chiral condensate; see Appendix for more
information. The model displayed in eq. is expected to be valid at low temper-
atures. However, its reliability is compromised as the temperature increases. Due
to in-medium thermal effects, the independent states encountered at low temperat-
ure can broaden and mix, making the 1-state models in eq. inadequate. This
problem is even more severe at T' > T., where non-hadronic collective excitations
are expected to dominate the lightest degrees of freedom of the system.

Understanding the general functional form that models the contribution of each
state to a QCD 2-point correlation function at an arbitrary temperature is still an
open problem. Currently, not enough information is available to accurately model
high temperatures. Consequently, we adopt a conservative approach in which the
same functional model, corresponding to eq. , is assumed to be valid at all
temperatures. We acknowledge that this simplistic model cannot capture all the
information contained in a particular correlation functions once the temperature
increases. However, we believe it is necessary to test the limits of the model with
the temperature as a step towards further progress.

It is worth stressing that accepting the validity of eq. at all temperatures is
equivalent to assuming that the only way in which the states contributing to a par-
ticular correlation function can be affected by the temperature is through a possible
shift in their masses and amplitudes: § = 6(T'). As a result, under this assumption,
the functional form of the spectral function does not vary with the temperature: all
states remain independent and separable at all temperatures. From now on, we omit
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all references to the temperature in our models, as the N, -dependence of eq.
implies that all models are temperature dependent.

The global model in eq. contains an infinite number of states. Nevertheless,
the information available in correlation functions simulated on the lattice is finite. As
a result, the decomposition in eq. must be truncated. A truncation of eq.
at order e models the contribution of the first e states to the correlation function;
each state contributes according to eq. . A truncated version of eq. at order
e contains Ny = 2e free parameters. An index s is used to label each independent
state in an e-state model; the label runs from s = 0, representing the ground state,
to s = e — 1, representing the highest-order state in the model.

A truncation of eq. (3.5)) at order e is labelled

1

F(ri0) =Y £(r0) = 3 A, cosh (M, (7 — 1)), (3.7)

where 6 = {0, | s € [0,e—1]} is the set of all free-parameters in the model. The order
at which eq. is truncated is a trade-off between bias and variance: including
numerous states in the model makes the model more realistic, but, at the same time,
it also increases the number of free-parameters to be determined, which complicates
the regression.

In our analysis, we fix the maximum number of states in a given model to be
N, = 4, which implies that our largest model is

3

Fe:4(7-;9) = Zfs(T; 63) (38)

s=0

Once the largest model is selected, we can construct several sub-models by trun-
cating the largest model at all previous orders: j < N.. The set composed by all
sub-models of Fl, is

MIN,| = {FE(T;Q) le € [1,Ne]}. (3.9)
In our particular case, N, = 4, and our collection of sub-models is
M[N, =4] = {F1(7;9)7 Fy(7;0), F3(7;0), F4(T;9)}. (3.10)

The fact that the masses are distinguishable and ordered in eq. (3.5) allows the
definition of a useful concept: the fit window. A fit window starting at time 75 and
finishing at time 7y is defined as the following discrete interval:

FW{ro, 1¢] = [0, 7¢) = {70, 70 + @r, 70 + 20+, ..., 7f}. (3.11)
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A particular fit window defines a set of correlation function values: different fit win-
dows select different regions in the correlation function. The biggest fit window
available in our analysis is FIW |0, N, |, which contains the complete correlation func-
tion. Figure displays some fit windows over an artificial correlation function.

1 . . L 1 . . . 1
N

100 \
107 .
QO ? :

1072 3

[2,25] 40, 70] 80, 128]

0 50 100
T/ar

Figure 3.1: Visual examples of three fit window defined on an artificial correlation
function of size N, = 256. As bosonic correlation functions are periodic in time with
period N, /2, only half of the correlation function is displayed. The fit windows are

defined according to eq. (3.11]).

In the case in which the ground-state mass is significantly lighter than any other
mass in eq. , My < Mg, then C(7) is dominated by its lowest energy mode
at fit windows close to the middle of the lattice: FW[ry — N./2,7y = N;/2|. In
contrast, close to the source operator, 7y — 0, the contribution of all states is non-
negligible. In this situation, the correlation function is said to be contaminated by
excited states.

When the correlation function is dominated by its lowest energy state, it exhib-
its a plateau. In this plateau, the logarithm of the correlation function shows an
approximate linear dependence:

log[C(T — N, /2)] ~ =M. (3.12)

To see this, take the logarithm of eq. at 7 — N, /2, where all excited states are
exponentially suppressed. Provided that a clear plateau is present, then, a simple
1-state model should be sufficient to completely model the large-7 region of the
correlation function, which enables the extraction of a good estimate of the ground
state mass. However, this situation is rarely encountered in most real correlation
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functions. The absence of clear plateaus, combined with the fact that no prior
information on the values of the parameters is available, implies that only employing
1-state models in the analysis is likely to lead to an incorrect estimate of the ground
state mass, as unreasonable bias is included in the analysis. Hence, one should always
take into account multi-state contributions to the correlation function, even when
the target is only the ground-state mass.

From now on, in order to simplify our notation, we assume that 7; is kept fixed to
7 = N, /2 in eq. for all fit windows considered. This implies that the notation
FW/{r] is equivalent to FW{ry, 7 = N,/2]. We analyse the effects of varying 74 in
Subsection (3.1.5)).

Our methodology can be classified as a non-linear parametric regression ana-
lysis in which all correlation functions considered are modelled using a truncation of
eq. (3.5)) at order V.. However, due to the peculiarities of the data, a naive regression
analysis is unlikely to produce reliable estimates of the parameters. As a result, it is
important to understand the properties of lattice correlation function data in order
to build a correct regression analysis.

3.1.1 Definitions and properties of lattice correlation func-
tion data

After computing the mesonic thermal correlation functions from the quark propag-
ators evaluated via a sparse matrix inversion on some lattice configurations, we have
access to IV, different estimates of a given population thermal correlation function
C(7;T). For each of these estimates, there are N different Euclidean times at which
the correlation function is measured. With the interest of simplifying the notation,
we drop the temperature label T" in the correlation function. The following discussion
is T-independent.

We assume that our sample of estimates of C'(7) are generated in a thermal-
ised Monte Carlo chain. Moreover, we also assume that the elapsed computer time
between sequential configuration measurements is long enough so that the Markovian
autocorrelation within ensembles is small. Both assumptions imply that, at fixed
7, all estimates of C'(7) can be treated as independent and identically distributed
random variables. However, since the same ensemble is employed to measure all
Euclidean times in a particular estimate of C(7), the data is expected to be highly
correlated in 7. Figure shows an example of the correlation encountered in a
real lattice correlation function. The correlation matrix = is defined as

= 2y

L
—qj

(3.13)

)
0;0;
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where ¥ represents the covariance matrix and o; the standard deviation of the *®
estimate in the signal. The correlation matrix has a value of 1.0 for perfectly linearly
correlated variables, and —1.0 for linearly anti-correlated variables. In general, we
expect Monte Carlo data to be positively correlated: Z;; > 0.

0 20 40 60 80 100 120

T/a,

Figure 3.2: Correlation matrix of a real lattice QCD simulated correlation function.
The correlation matrix is computed using eq. (3.13).

The sample composed by all estimates of the population correlation function can
be viewed as a collection of NV, signals of size ANT' An unbiased estimate of C(7) can
be computed through their sample average, C'(7), defined as

) = Nib S Gir). (3.14)

The variance of (' (1) can be estimated using the standard error of the sample mean.
The variance of the sample mean decreases proportionally with the number of samples
available.

As stated before, we model C(7) using a truncation of eq. at order e, which
implies that we assume

C(r) = Fn.(7;0), (3.15)

that is, Fly, is assumed to be the correct model of the population correlation function.
We also assume that all discrepancies between the computed data, C(7), and model,
C(7), are due to statistical errors, which can be modelled using an additive noise
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random variable u(7). In general,

Ne—1

C(r) = C(r) + u(r) = Fin.(7:0) + u(r) = Y fu(r:60,) + u(r) (3.16)

s=0

Due to the fact that C'(7) is an unbiased estimator of C(7), the expected value of
the noise is zero:

Elu(r)] =0 V. (3.17)

The standard deviation of u(7) is equal to the standard error of C(7). As a result,
the noise is not assumed homoskedastic, that is, it is not conditionally independent
on 7: the standard errors of C'(7) tend to depend on 7, as can be seen in Figure |D

109 !
107 4 -
=
O 1071 -
10—15 | L
0 20 40 60
T/ar

Figure 3.3: Lattice estimate of the axial vector (strange-strange) ss correla-
tion function computed at the lowest temperature available in our simulations,
T = 47 MeV. The correlation function is only plotted up to 7/a, = N, /2. Detailed
information about our simulations can be found in Appendix , while information
about the physical states included in the simulations can be found in Appendix (B).

Having defined our model, we are in the position to discuss how we can estimate
the values of the parameters 6 that make eq. as realistic as possible given
the available data. To do so, we employ the framework of maximum likelihood.
In this framework, we aim to find the values of the parameters that maximise the
probability of having computed our particular estimate of C'(7) assuming that F, is
the true underlying population model with parameter values 6; the estimate C (1) is a
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collection of N, random variables, one per Euclidean time. The likelihood of having

A

obtained the data is represented by P(C(7)|#), which is equivalent to P(u(7)|6).

=1 . . T=3
400 400
300 1
m » 300
e} 2
8 900 1 8
8 38 200
100 ] 100
0 L 0
—1.440 —1.435 —1.430 —1.425 —1.420 —2.17 —2.16 —2.15
log[C'(7)] log[C'(7)]
400
@ 300
=]
=}
3 200
100 1
0 i

413 —412 —411 -410 —4.09
log[C'(7)]

Figure 3.4: Empirical distribution of the correlation function central value, C(7),
at three randomly selected Euclidean times. The data corresponds to the ss axial
vector correlation function computed at T" = 47 MeV. The empirical distribution is
estimated using bootstrap . All three Euclidean times displayed are randomly
selected.

As the number of measured ensembles is large enough, and the samples are as-
sumed independent and identically distributed at fixed 7, we can apply the central
limit theorem to C(T), which implies that the sample average is expected to be
normally distributed at each independent 7. Figure shows the empirical distri-
bution of C (7) at three randomly selected Euclidean times for the (strange-strange)
ss axial vector mesonic correlation function computed at T = 47 MeV. As C(7) is
normally distributed, then u(7) is also normally distributed with mean 0 and cov-
ariance Y, equal to the covariance é(T) The total likelihood of the data can be
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modelled using a correlated multivariate normal distribution:
Pul0) = N(u=10,%) = N(C(1) — F.(1;0),%). (3.18)

In the equation above, u = C(7) — F.(r;0) = 0 has dimension N, and ¥ has
dimensions N, x N,.

The multivariate normal likelihood distribution is well-known, and maximising it
is equivalent to minimising the following target function:

N-

L) =) [Cr) = F(r,0)]S, L[C(7) — F.(r',6)]. (3.19)

7,7'=0

Equation (3.19)) corresponds to minus the logarithm of the likelihood distribution
function. In this context, the maximum likelihood estimate of the model parameters
are the parameters that minimise eq. (3.19):

0 = argmin £(0). (3.20)
0

Due to the inherent complexity of the parameter estimation, the minimisation of the
target function in eq. must be performed numerically.

Once the maximum likelihood parameters are estimated, their uncertainties can
be approximated using the Fisher information [14]. In our particular case, we can
approximate the covariance of the estimated parameters 0 using

N‘r
Cov(Ba,00) = Y J(0a,7) Srr J (01, 7"), (3.21)

7,7'=0

where J represents the Jacobian of C (1) with respect to 6, which can be computed

using the first derivatives of eq (3.7)):
0C(r) _ OF.(1,0)
o0, 00,

In order to improve the stability of the regression, we fold the correlation function
estimates around the midpoint in the temporal direction:

J(0,,7) = (3.22)

5 C C(N, —
Cp(r) = S0+ 2< 7, (3.23)
This can be viewed as a data augmentation procedure, justified by the symmetry of

the mesonic propagators under Euclidean time inversions.
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In addition, all correlation functions samples Cy(7) are divided by G = C(r =
N, /2), which ensures that Ay ~ 1 in eq. (3.7). The normalisation constant is treated
as a real number, which avoids the computation of complicated ratios of random
variables.

3.1.2 [Initial parameters estimation

Correlated fits tend to be unstable due to the sometimes sparse nature of the cov-
ariance matrix in eq. . This implies that the estimated parameters can largely
depend on the initial values provided to the minimisation routine. As a result,
minimising the target function starting from initial parameters 6 close to the true
population parameters 6 is key to obtaining reliable estimates. However, with almost
no prior information about @, the initial parameters must be estimated from scratch
using the information at our disposal. To obtain a reliable initial estimate 0, we
propose an algorithm based on the one described in Ref. [12].

To avoid any confusion, we stress that 0 represents the set of all parameters in a
model composed by N, states:

0 ={0,= (A, M,) |sel0,N.—1]} (3.24)

The algorithm employed to estimate the initial parameters of the regression needs
two starting hyperparameters: the maximum number of states included in the model,
N,, and the initial Euclidean time at which the correlation function is expected to be
well described by those N, states; we refer to this initial time with the label 7o(N,).
As stated before, we fix the maximum number of states in our model to be N, = 4.
In our analysis, we vary 7o(N,) from 2 to 5 depending on the temperature and the
properties of the correlation function: for instance, high temperature correlation
functions only use 75(NN,) = 2, 3 as initial times. It is worth noting that 7,(N.) also
defines the largest fit window used in the regression:

FW[%O(NE)] = [%O(Ne)’Tf]' (325)

As explained before, the correlation function might show a plateau at 7 — N, /2.
This is just a consequence of the exponential nature of the contribution of each state:
lighter states survive at large 7, whereas heavier states get heavily suppressed as 7
increases. As a consequence, there are regions in 7 where different sub-models in
M(N,] can reliably describe the data. For example, close to N, /2, one-state or two-
state models are expected to model the data with high accuracy. A visual example

of this behaviour is presented in Figure (3.5)).
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Figure 3.5: Example of an artificial correlation function and the ability of some
models F,(7) to represent the correct data. The figure on the left shows the pop-
ulation correlation function, C(7), and some approximate models F.(7). The fig-
ure on the right shows the absolute difference between C(7) and the simplified
models. The vertical lines are located at the first Euclidean time 7y(e) holding
|C(1) — F.(7)] < 1-1075.

Our goal is then to build an algorithm that automatically selects the approximate
Euclidean time at which the correlation function can be properly described by a sub-
model of Fy_. Using those initial times, we can iteratively estimate the parameters
of each state in the largest model: Fy (7;60). In order to select the approximate
initial Euclidean times, which we label 7y(e), we use the following recursive formula:

To(e = N, if e= N,
Fo(e) = ¢ e =) LT (3.26)
wi1To(e + 1) + wa N, /2] if e < Ns.

v |
For instance, we expect the fit window F'W|[7y(e = 1)] to contain the Euclidean times
at which the correlation function can be well described by only one state. The values
of w1 and ws in eq. also depend on the number of states in the model. Their
definitions, taken from Ref. [12], are shown in Table (3.1). Small variations of the
values of w; and wy had no impact in the final results.
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Table 3.1: Definitions of w; and wy as a function of the number of states e.

e=1 e=2 e>2

wi(€) 2 4 6
wo(e) 1 1 1

Once the initial times are generated, we proceed with the estimation of the initial
parameters. To do so, we build an algorithm based on two key ingredients: the
effective mass of a correlation function, and fits to models with different numbers of
states at different fit windows.

10 20 30 40 50 60
T/a;

Figure 3.6: Effective mass of the lowest temperature lattice estimate of the lightest
pseudoscalar correlation function. The results are expressed in lattice units. Two
estimates of the ground state mass are present in the figure: Mo, computed using
our methodology; and Mgf ! , corresponding to the median of M¢// (7).

The effective mass M¢// of a correlation function at a fixed 7 is defined as the
mass of the ground state of a correlation function assuming that only one state
contributes to the correlation function; the effective mass represents the combined
contribution of all states in the correlation function. In the hadronic phase, and due
to the fact that higher-order states are exponentially suppressed as 7 increases, the
effective mass should be similar to the actual ground state mass at Euclidean times
close to the middle of the lattice: 7 — N, /2. Figure contains an example of a
real effective mass calculation. The effective mass can be extracted by solving the
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following transcendental equation:

N

C(7) _ cosh (Meff (1 — %))
C’(T+a7) cosh (Meff (T +a, — %))

(3.27)

Once the effective mass is defined, we can iteratively estimate the masses of all
N, states in ascending order: from the ground state, s = 0, to the heaviest state in
the model, s = N, — 1. To do so, we employ the effective mass as the starting guess
for the mass of each state. In order to compute an initial estimate of a higher-order
state mass using the effective mass, we subtract the contribution of the previously
estimated lighter states to the correlation function.

X.(1) = C(r) = Fuur(1,0 = 0), (3.28)

where F, corresponds to a truncation of eq. evaluated at the already estimated
lower order parameters. In order to make eq. valid for all states, the following
convention must be adopted:

Fo(1;0) =0, (3.29)

which implies that X;(7) = C(7).

The newly generated subtracted correlation function, XG(T) should contain the
s =e—1statein C (7) as its lowest energy state. As a result, eq 1) can be applied
to X.(7) at 7 — N, /2 in order to estimate the mass of this state. For example, in
the case in which we already have access to an estimate of the ground-state mass and
amplitude, then, the second-order subtracted correlation function, XQ(T), is defined
as

Xe:Q(T) = é(T) - Fe:l (7—; 0= é) (330)

As long as the model accurately describes the data, and the previously estimated
parameters are correctly estimated, the ground state of XQ(T) is expected to be the
first excited state of C (7). As uncertainties propagate, extracting the effective mass
of higher-order subtracted correlation functions Xe>>1 can be difficult and unreliable.
Consequently, we use 1.5 M,_; as the initial guess for the mass for all states with
s> 2.

After the initial masses are estimated using the effective mass, we employ a
sequence of different fits to X, and C(7) to improve our estimates of the initial
parameters. In this process, the amplitudes of each state are also estimated, starting
with a flat initial guess of A, = 1 for all s. The minimisation routine used to estimate
6 uses eq. as the target function to minimise, i.e. it takes correlations in the
data into account. The complete algorithm employed to estimate the initial values
of the parameters is described in detail in Algorithm ([1)).
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Once the initial parameters of the regression are estimated through the applic-
ation of Algorithm (I]), we need to generate our final estimate of the ground state
mass. To do so, we proceed by extracting an estimate of the ground state mass for
each available fit window smaller or equal to FW[7y(N,)], that is, our largest fit win-
dow. The fit windows included in the analysis can be built by iteratively shrinking
7(N.) by one lattice spacing.

Algorithm 1: Algorithm designed to estimate the initial parameters of all states
in the largest model considered in the analysis: Fy, (7;6). All the operations can
be performed in-place over a hash-map-like data structure: 6. The notation 4 [X]
implies that we are accessing the element X from 0.

Data: C(7), N, 7(N,). Optional: M.

Result: Initial estimates of the parameters: 6

Initialise: 6 « {(A, =1, M, = M or1)V s}

for e+ 1;e < N,;e+ + do

# Set variables for this sub-model: F.(T;0)
s<e—1

7o(e) < Compute using eq. (3.26)
X, + Compute using eq.
# Update model's parameters iteratively
é[Ms] +— if e <2 then M&// using X, else 1.5 M,_,
0[M,], 0] A, + fit Fy(7;0) on X (1) over FW[7y(e = 1)]
if e > 1 then
O0[M,], 0[A,]  fit F.(7;6) on C(7) over FW [7(e)] keeping
fixed {Ay M |s' < s}
0[M,], 0[A,] + fit F.(7;6) on C(7) over FW [7(e)]

end

end

return 0 = {0,|s € [0, N, — 1]}

In order to reduce any possible bias included by insisting that only a certain
number of states e contribute in a particular fit window, we perform a multimodel
analysis. The models employed correspond to a subset of all models in M[N,].
For each model included in a fit window, an estimate of the ground state mass is
computed. We systematically compare all estimated ground state masses to generate
our best final estimate within the current fit window in terms of some predefined
metrics. Finally, once we have generated the best estimate of the ground state mass
for all fit windows considered, we produce a final estimate of the ground state mass
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Chapter 3. Meson thermal masses at non-zero temperature

independent of the fit window.

3.1.3 Regression at fixed fit window: FW|r]

In this subsection, we discuss how we compute our estimate of the ground state
mass on a particular fit window FW/|r], where 7o(N,.) < 70 < N,/2. To produce
the ground state mass at the current fit window, we propose fitting the data to a
subset of all models contained in M[N,]. We do not include all models in all fit
windows because simple models are not realistic at 7 — 0, due to the fact that the
contribution of excited states cannot be ignored in this region; and also due to the
fact that complex models contain numerous free-parameters, which complicates their
analysis as the number of points included in the fit window decreases, that is, for
FW(ry — N./2]. As a result, a model with e states is only included at a particular
fit window if the following two conditions are met: first, the starting point of the fit
window must satisfy
0 > To(e),

where 7p(e) is computed using eq. (3.26)); second, the number of free parameters in
the model, Ny, is smaller than the number of points included in the fit window:

Ny =2e < |FW(rl| = |1 — 7.

Having selected a collection of models that are included in a particular fit window,
we proceed by fitting all those models to the same correlation function data. To
increase the accuracy in the regression, and to avoid possible instabilities, we fit
each model twice: first using the initial parameters extracted from the application of
Algorithm (1)), and then employing the final parameters obtained from the previous
fit window as the initial parameter in this fit window; the second fit is only available
from the second-largest window: FW{[7(N.) + 1]. As a result of our analysis, for
each fit window, we produce 2 N,, estimates of the ground state mass, where N, is
the number of models included in the regression; in principle, N,, can be different
at each fit window. We label the resulting ground state masses using ME (FW [r]),
where [' denotes a particular model.

Although the states in the models are hierarchically ordered in mass, the resulting
fitted states might not be. For instance, in a 3-state model, the third state might
represent the ground state. As a consequence, we cannot blindly select the first state
in the model as the ground state. In order to systematically order the states and
correctly select the ground state, we apply the following sorting algorithm, similar
to the one employed in Ref. [12]: we swap the order of two consecutive states in a
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given model in the case in which the second state has a smaller amplitude than the
first one; in the case in which the second state has a smaller mass than the first one;
or if the first state mass is unreasonably small or large compared to the scale of the
simulation, represented by a_?!.

After producing the estimate of the ground state mass for all available models
at the current fit window, we compare them to compute the best possible estimate
of the ground state mass. The models are compared in terms of their predictability,
that is, how well each model is able to explain the measured data; this is equivalent
to measuring the likelihood of the model. The metric used to compare all models is
the so-called corrected Akaike information criterion (AICc) |15-17].

The AICc has its roots in information theory, and measures the expected di-
vergence between a model and an unknown ground truth model; the divergence is
measured using the Kullback-Leibler (KL) divergence [18]. In our definition of the
AlICc, the model with the lowest AICc among all is the most likely to correctly
describe the data:

Ng + Ny
|FW[7'0]| - Ng - 17

AICc(F.) = Ny —log(L) + (3.31)
where Ny corresponds to the number of free-parameters of the model; L is the object-
ive function defined in eq , and evaluated at the maximum likelihood parameter
estimates: 0; and |FWr]| represents the number of points included in the current
fit window. The AICc depends on the model through Nj and L.

From the AICc, we can compute the relative likelihood between two models F'
and F’

I(F',F) = exp ( [AICc(F') — AICc(F)]). (3.32)

1

2
This quantity measures how likely F” is to correctly model the data when compared
to F'. Note that [ does not include global information. As a result, there exists the
possibility that models not included in the analysis might be better at describing the
measured data at the current fit window.

The model with the lowest AICc among all available models represents the model
with the highest likelihood, we refer to this model with the label Fj. From this
model, we compute the relative model quality of all models in the collection through
eq. (3.32), fixing F' to be Fy. The relative model quality can be employed to obtain
a final estimate of the ground state mass in the current fit window by taking into
account all masses in a weighted average, where the weights correspond to [(F}, Fy),
computed using eq. . This technique allows us to promote the influence of
higher quality models in the final result while avoiding manually discarding any mod-
els; the contribution of low quality models are exponentially suppressed. We label
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Chapter 3. Meson thermal masses at non-zero temperature

the estimate of the ground state mass at the current fit window using Mo(FW([r)).
The uncertainty of this estimate can be approximated using bootstrap |13].
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Figure 3.7: Estimated ground state mass as a function of the fit window My[FW]
in the lightest vector channel meson, whose lowest energy mode corresponds to the
p(770) physical state. The data is computed at the second-lowest temperature avail-
able (T" = 97 MeV), corresponding to a lattice of N, = 64 points in the temporal
direction. The horizontal line corresponds to the fit-window independent final estim-
ate of the ground-state mass: M.

3.1.4 Extracting the final estimate of the ground state mass
My

As a result of our analysis, for each available fit window, we are able to produce
an estimate of the ground state mass, My(FW|r]). The goal is then to compute a
final estimate of M, independent of the fit window. This quantity, labelled M, is
computed using the median of all My(FW/[r]) available. Although the median is
indeed a robust statistic, we decided to discard the outliers in the sample, as they
can impact the final estimate of the mass; outliers can be identified using standard
techniques, such as the Interquartile Range (IQR) interval. The uncertainty of the
median statistic can be approximated using bootstrap [13]. A real example of the
results obtained with our analysis can be found in Figure (3.7). The artefacts spotted
in the figure at 19 < 7 < 23 are sometimes encountered at fit windows where higher
order models are difficult to regress (large number of degrees of freedom), and lower
order models are not realistic enough (contribution of excited states). Their presence
demonstrates why a variational analysis is required when performing a spectroscopy
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analysis over lattice correlation functions.

3.1.5 The effect of varying 7 on the ground state mass

As stated before, all fit windows included in the analysis are constructed from an
initial time, 79, and a final time, 74. In the discussion of the methodology, we
stressed that 7, was always kept fixed to N;/2 as a way of simplifying the notation.
As a consequence, all fit windows employed in the analysis can be generated by
just varying 7y while keeping 7, constant to its maximum value: 7, = N;/2. This
is generally desired, as keeping 7y to its largest value maximises the amount of
information included in the regression. However, for some correlation functions, it
may be desirable to avoid including the last few Euclidean times in the analysis
as they can be highly noisy. For example, this is the case for some axial-vector
correlation functions at low temperature; see Figure . Note that varying 7 in
the methodology presented before is trivial, as the only modification is the number
of fit windows available in the fit, defined in eq. .

10719

1071

T/ar

Figure 3.8: Lattice estimate of the lightest axial-vector mesonic correlation func-
tion. The correlation function represents the a;(1260) physical state.

In our particular case, we compute 77 using a proportion of the maximum number
of Euclidean times that can be included in the analysis, that is, N,/2. We refer to
the proportion with the label p, whose definition is
N,

5 (3.33)

Tf:p
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By selecting different 7, we can exclude noisy points in the analysis. However,
one of our premises is to generate a methodology that avoids manually selecting any
results. In order to remain honest to our promise, we use the following procedure
to compute a systematic 74-independent ground state mass: first, we independently
apply the previously discussed methodology using different fixed values of 7¢, which
generates a set of ground state estimates depending on 7y, ]\7[0[F W T¢]; then, we
combine all the estimates into a single sample; to conclude, we compute the median
estimate of the combined sample after removing the outliers outside the IQR interval.
No fit window is included more than once in the sample.
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Figure 3.9: Analysis performed over the a,(1260) correlation function shown in
Figure (3.8)) using different values of 7y. The different values of 7, are constructed

using p = 0.8, 0.9 and 1.0 in eq. (3.33).

The median of the combined sample represents the best estimate of the ground
state mass that we can produce. This procedure can be applied as we are always
extracting an estimate of the same underlying population ground state mass, Mo,
independently of 7¢; the spectral function of C' is independent of 7, and therefore,
the same model is valid at all Euclidean times.
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Figure contains an experiment in which 74 is varied to compute the mass of
the a;(1260) physical state — the ground state of the lightest axial vector correlation
function shown in Figure . The experiment demonstrates that varying 7, leads
to an improvement in the estimation of the ground state mass, as the extracted mass
converges to the expected 1260 MeV of the a;(1260) state.

In our particular analysis, we vary 77 using p = 0.8, 0.9 and 1.0 according to
eq. . We do not shrink p more than 0.8 to enable a systematic analysis through-
out all temperatures. As we employ a fixed-scale approach in our lattice simulations,
the higher the temperature, the smaller the extent of the lattice in the temporal
direction. As a result, shrinking p to values lower than 0.8 implies that we fit high
temperature correlation function to less than 5 points.

3.1.6 Comments on uncertainties

The final outcome of our analysis on mesonic correlation functions is an estimate
of the population ground state mass My, which we label Mo. We can treat MO as
a random variable with expectation value py; = median M, [FW; 1] and standard
deviation oj; equal to the standard error of the median, which can only be approx-
imated using bootstrap [13]. My is expressed in lattice units.

We would like to express our ground state mass estimate in physical units, as it
allows a direct comparison between theory, experiments and other theoretical pre-
dictions coming from non-lattice models. To do so, we require the inverse of the
temporal lattice spacing a-', which allows us to compute the following ground state
mass:

NP = Nhyast (3.34)

This quantity is expressed in physical units, as the inverse of the lattice spacing
has units of energy/space. As detailed in Appendix ({A]), our lattice spacing in the
temporal direction has a value of a;! = 6079 4+ 13 MeV. We treat a;! as a random
variable of expected value p, = 6079 MeV and standard deviation o, = 13 MeV.

Equation implies that Mé’ s a product of two random variables, M, and
a;'. We assume that both random variables are independent, which implies that the
expectation value of M(I]D " s just

PR = 00 - (3.35)

In addition, the uncertainty of M(I)’ h, measured in terms of its standard deviation,
can be calculated using the product of two independent random variables:

ot = (2, + 0%) (12 + 02) — (g 1) (3.36)
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This formula can be approximated using

2
- \/ (2 (2 (3.37)

From now on, if a mass is expressed in physical units, then its central value is

computed using eq. (3.35)), and its uncertainty is approximated using eq. (3.36)).

3.2 Results

In this last section, we present some results extracted from the application of the
previously discussed methodology over mesonic correlation functions computed at
different temperatures, flavour combinations and channels. Additionally, for each
specific combination of quark content, channel and temperature, we have access to
two correlation functions: one in which the sources employed in the computation
of the quark propagator are local, which we denote with [/, and the other one us-
ing Gaussian smeared sources, which we denote with ss. Unless unclear, we use
the same label to refer to smeared sources estimates, and the mesonic correlation
function with flavour content strange-strange. More information about our lattice
setup can be found in Appendix . In principle, the analysis on both estimates
should yield similar masses in the low temperature regime, although smeared es-
timates are expected to be more accurate. As a result, we mainly report smeared
estimates for the temperature dependence of the meson masses. However, we study
the differences between both estimates in some particular cases. Information about
the mesonic correlation functions available can be found in Appendix (B)).

This section is divided into three parts. In the first one, we outline general
trends encountered in the temperature dependence of mesonic ground state masses
obtained through the application of the previously discussed methodology over lattice
correlation functions. In this first part, we also discuss possible limits on the validity
of the methodology as a function of the temperature. The second part mainly focuses
on the restoration of the SU(2), chiral symmetry through the degeneracy of the
p(770) and a4 (1260) states as a function of the temperature. Additionally, we perform
some fit-independent analysis over the SU(2) ,-related correlation functions to detect
possible degeneracies. To conclude, the third and last part discusses in detail the
D¢,y mesonic sector throughout the hadronic phase, that is, states with uc and sc
flavour content at T' < T..
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3.2.1 General trends in the ground state masses

The first set of results presented is the temperature dependence of the ground state
mass of the pseudoscalar and vector channels; the pseudoscalar channel has quantum
numbers J¢ = 0=F, while the vector channel has quantum numbers J©¢ = 17~
— see Appendix (Bf). Due to the fact that in our simulations both light quarks are
assumed degenerate, we only have access to 6 flavour combinations. As a result, for
each channel, we plot the ground state masses for all 6 flavour combinations available,
which are: wu, us, uc, ss, sc and ccﬂ. In our analysis, we vary 7 to diminish the
possible impact of noise in the tail of the correlation function. The results of the

analysis can be found in Figure ({3.10)).
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Figure 3.10: Temperature dependence of the ground state mass of all 6 flavour
combinations available in the pseudoscalar and vector channels. The vertical line
shows the pseudocritical temperature of the system: 7. = 166 4+ 2 MeV. The results
are generated from correlation functions estimated from smeared sources.

The temperature dependence of the ground state masses shows two different
trends: one at low temperature, 7' < T,, and another present at high temperature,
T > T, In the low temperature regime, where the QCD system is believed to
be in its hadronic phase, minimal temperature dependence is encountered in the
mass estimates: in the hadronic phase, eq. is expected to accurately model
the contribution of each state to the correlation function, as QCD is a confining
theory. In this regime, the masses of the low-energy states might be affected by the

IThe notation sc refers to a mesonic correlation function with quark content s and c.
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temperature, but the overall functional form of the spectral function should remain
unaltered. The validity of eq. as a model of the contribution of each state
to the correlation function becomes questionable as the temperature of the system
approaches the pseudocritical temperature. Once above T, the extracted quantities
depend on the temperature. At these temperatures, the masses of the light mesons
increase with T" until becoming degenerate. Although the temperature dependence
of charmed quarks above T is smaller, as the inherent energy scale of the charm
quark is larger, the results show a slight temperature dependence on the D-meson
states, uc and sc.

The abrupt increase in mass and the degeneracy of light mesons might be a
consequence of the dominant collective excitations induced by the temperature: as
the temperature increases, collective excitations and screening are expected to impact
the mesonic spectrum. Due to the fact that the inherent light quark energy scales
are smaller than the scale set by the temperature, the spectrum of those correlation
functions is expected to be dominated by collective excitations, which lead to the
degeneracy spotted at T' > T, in the uu, us and ss mesons. It is important to
stress that, due to the presence of thermal effects, one should interpret with caution
the light mesons quantities extracted at T' > T, as masses. If the system loses its
confining properties, then light quarks might not create bound mesonic states, which
implies that the corresponding spectral functions might not contain a distinguishable
lowest energy mode. At high temperature, the concept of ground state is ill-defined.
This behaviour questions the validity of eq. at high T', at least in the light quark
sectors. Although charmed states might survive in the QGP due to their inherent
energy scale, one should also be cautious when interpreting results extracted using
eq. as masses at T' > T..

Furthermore, as 7' increases, the uncertainty in our estimates also grows. The
origin of this behaviour is two-fold. First, as we employ a fixed-scale approach in
our ensemble generation, then the higher the temperature, the lower the number of
Euclidean times at which the target correlation function is measured. Consequently,
the number of degrees of freedom included in the regression increases with the tem-
perature, thus making the estimation of the ground state mass at high temperature
difficult. This problem is combined with the fact that the model used to fit the data
at high temperature is not completely correct, which also impacts the uncertainty in
the estimates; in principle, at high T', we are forcing the data to fit an invalid model.

Figure contains the difference between the ground state mass extracted
from local correlation functions and a smeared ones. It supports the idea that
eq. (3.5) becomes invalid as the temperature of the system increases. In the low
temperature regime, as expected, Figure shows that both sources yield similar
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ground state estimates. However, once the temperature of the system increases, local
and smeared estimates diverge. This can be a consequence of the fact that smeared
sources are specifically built to suppress the contributions from higher order states
to the correlation function. Once the correlation function describes a plasma where
collective excitations dominate, and no clear ground state is definable, the two types
of sources produce completely different results. At high temperature, where the
spectrum might be continuous due to thermal effects, smeared sources might impact
the estimation of the correlation function unexpectedly. More research exploring the
possible consequences of employing smeared sources in the computation of the quark
propagator at high temperature is required.
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Figure 3.11: Difference between local, M, and smeared, M3*, estimates of the
ground-state mass for the pseudoscalar and vector channels as a function of the

temperature. The vertical line shows the pseudocritical temperature of the system:
T..

The results displayed in Figure demonstrate that local and smeared es-
timates start diverging around the pseudocritical temperature for both channels. A
finer resolution at temperatures close to the critical temperature could allow us to
discern the exact point at which both estimates diverge.

We would like to stress that, although the model in eq. is not valid at high
temperature, and, therefore, the quantities extracted at high 7' cannot be interpreted
as masses, the results extracted still contain meaningful information about the sys-
tem. For instance, the clear degeneracy in the light quark sector spotted in both
plots contained in Figure suggests that thermal effects dominate this sector.
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3.2.2 Restoration of SU(2), chiral symmetry

The restoration of chiral symmetry at finite temperature in QCD has been studied
for decades, both in the mesonic sector [19], and the baryonic sector [9-11]. Mesonic
studies are based on the analysis of the pion and scalar meson susceptibilities [20],
while baryonic analysis focus on the temperature dependence of screening masses |21}
22|, and the evolution of parity partners with the temperature [9-11]. In our par-
ticular case, we study chiral symmetry restoration by analysing the degeneracy of
the lowest energy modes of the lightest vector and axial vector correlation functions,
which respectively correspond to the p(770) and the a;(1260) physical states. These
two states are mixed under an SU(2) , chiral rotation, which implies that in the case
in which the symmetry is restored, then both states should become degenerate; see
Appendix for more information. Equivalent analysis coming from chiral effective
theories are also available in the literature; see Refs. [23H25] and references therein.
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Figure 3.12: Smeared and local ground state mass of the SU(2) ,-related states:
p(700), and a1(1260). The vertical line shows the pseudocritical temperature of the
system: T,.. The zero-temperature estimates correspond to the latest results reported
in Ref. [26].

Our results suggest that a degeneracy between both states is indeed present
at T' > T.; the results are presented in Figure for both local and smeared
sources. The results display a clear degeneracy between both SU(2) ,-related states
for both type of sources. With our limited temperature resolution, the temperature
at which the symmetry is restored is close to T,.. Nevertheless, a higher temperature
resolution around the pseudocritical temperature is required in order to find the
exact temperature of the transition.

We would like to stress that our first-principle results on the degeneracy of the
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SU(2) 4 chiral symmetry show a similar trend to several results extracted from ef-
fective theory calculations [23-25]. All effective theory calculations agree in a non-
negligible temperature dependence in the a;(1260) at relatively low temperature.
Additionally, all effective theories produce a downwards shift of the a;(1260) mass
below T, and a small upwards shift of the p(770) mass; it is at T" ~ T,, where the
states meet.

In addition, as expected from Figure , local and smeared estimates lead to
completely different results above the pseudocritical temperature.

It is worth discussing the lowest temperature estimate of the a;(1260) mass ob-
tained from a local correlation function. The data shows a clear problem in that
particular estimate. This is possibly caused by the large level of noise encountered
in the lowest temperature axial correlation function around the middle of the lattice.
While testing the methodology, we found that excluding the tail of the correlation
function from the fit led to a ground state mass closer to the expected 1260 MeV.
However, if we want to keep our analysis independent of the temperature, we should
also remove the same proportion of points at higher temperatures, which implies
that we increase the degrees of freedom in the regression at high temperature. As
a consequence, we decided to maintain relatively large 7; values in the analysis:
p =0.8,0.9, 1.0 in eq. (3.33]). Although this choice makes the lowest temperature
estimate of the local a1(1260) mass unreasonable, it allows a systematic exploration
of the high temperature regime.

As stated before, the high temperature results should be interpreted as masses
with caution. In an attempt to support the idea that estimated ground state masses
contain information about the properties of the system even though they might
not be regarded as isolated states, we study the degeneracy of the vector and axial
channels at the level of the correlation function, that is, we perform a fit-independent
analysis.

Degeneracy in the correlation functions

In order to look for degeneracies at the level of the correlation function, which in-
directly test the results presented in Figure (3.12)), we define a simple ratio between
two correlation functions computed at the same temperature: V(7;7T) and A(7;T),
where V' stands for vector and A stands for axial vector; both V and A correlation
functions refer to the lightest flavour combination available, uu. The ratio, labelled
D(r;T), is a function of the Euclidean, defined as

V(r;T)A(N,/2;T)

PO = 4 D VN3 T)

(3.38)
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This statistic can be estimated using our lattice vector and axial vector lattice cor-
relation functions. The uncertainty in D can be estimated using bootstrap [13].

In eq. , the correlation functions evaluated at the middle point of the tem-
poral direction avoid any possible required renormalisation. We treat A(N,/2;T) and
V(N;/2;T) as numeric constants to avoid the computation of a ratio of 4 random
variables.

We can analyse eq. in order to understand its properties. To do so, we
start by assuming that correlation functions involved in the computation of D(7;T)
can be modelled by the same functional form: eq. . As we are interested in
the degeneracy of the ground state masses, we assume that close to the middle of
the lattice, the correlation functions are dominated by their lowest energy mode.
Consequently,

V(5 T) ~ A2 cosh(M, (1 — %)), (3.39)
and N
A(T;T) ~ A3 cosh(M,, (T — 77)), : (3.40)

Substituting eq (3.39)) and (3.40)) into eq. (3.38)), and performing a Taylor expan-

sion around N, /2 allows us to write
1 N~ 2 2
D(T,T)§1+§(T—7) (Mp_Ma1) (341)

Around the middle of the lattice, the ratio is proportional to the difference of vector
and axial vector ground state masses squared. Provided that the SU(2), symmetry
is restored, then both p(770) and a,(1260) states are degenerate, which implies that
D(7;T) should be 1 around the middle of the lattice. This interpretation only applies
as long as A(;T) and V(7;T) are correctly modelled by eq. (3.5): T < T..

The estimated ratio computed from lattice correlation functions at different tem-
peratures is shown in Figure for both local and smeared sources. The lowest
temperature available in our simulations, corresponding to a lattice of temporal size
N, = 128, is not included in the figures due to the fact that the lightest axial cor-
relation function is extremely noisy around the middle of the lattice, as shown in
Figure (3.8)).

Figure shows two different trends. First, below the pseudocritical temper-
ature, located at T" = 166 4+ 2 MeV, the ratio shows a concave shape (N), which is
consistent with the experimental fact of the a,(1260) state being heavier than the
p(770) state. This behaviour is equivalent for both sources, and it is consistent with
the temperature dependence of the ground state masses displayed in Figure .
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Second, both sources lead to a ratio consistent with 1 close to the pseudocritical
temperature — T' ~ 166 MeV, which suggests that a degeneracy is present in both
channels at the level of the correlation function. Again, this behaviour is consistent
with the high temperature estimates contained in Figure (3.12]).
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Figure 3.13: D(7;T) ratio computed using our lattice estimates of the p(770) and
the a1(1260) correlation functions at different temperatures. The labels represent
the temperatures in MeV.

Above the pseudocritical temperature of the system, each source produces a dif-
ferent behaviour in the ratio: smeared sources produce a ratio consistent with 1
across all temperature above T,., which implies that both channels are completely
degenerate at the level of the correlation function — up to a normalisation constant;
instead, local sources show a convex behaviour (U) above T.. This difference sup-
ports the idea that the effects of smearing at high temperature should be further
studied, as local and smeared estimates do not agree on the same behaviour.

3.2.3 D(s) mesons ground state masses in the hadronic phase

In this last collection of results, we focus on the temperature dependence of the
charmed D and D, mesonic ground state masses in the hadronic phase of QCD:
T < T.. The D mesons have quark content uc, while the D, mesons replace a
light quark with a strange quark, sc. Since the dawn of the field, charmed hadrons
have been of interest to QGP phenomenology, with J/1 suppression being one of
the signatures of the formation of the plasma . At high temperature, the charm
quark is known to yield insight into the transport properties of the plasma , ,
while at low temperature the formation of open charmed states provides information

67



Chapter 3. Meson thermal masses at non-zero temperature

on charm-quark interaction in the medium [30]. As a result, D mesons have been
investigated in Refs. [31H33].

As the D(,) mesons are formed by a combination of a charm quark and a light
quark — u or s, their inherent energy scales allow them to show some relevant
temperature dependence in the hadronic phase, while, at the same time, displaying
a clear plateau in the effective mass. Light mesons, for example, can be affected
by collective effects even at temperatures close to the transition temperature, while
charmonium states (cc) tend to be too heavy to experience any thermal effects in
the hadronic phase — see Figure (3.10). In addition, D(,) mesons are of interest in
the hadronic effective theory community [34-40]. Consequently, the analysis of these
states from a first-principles calculation is relevant both phenomenologically and due
to the fact that they serve as a benchmark for effective theory calculations. Previous
studies of open charm using lattice QCD include: an analysis of cumulants of net
charm fluctuations [41], the extraction of screening masses in the Dy meson channel
in the QGP [42], and the study of spectral functions obtained from D and Dy meson
correlators on anisotropic lattices [43].

The results are presented in two parts: the first one focuses on the pseudoscalar
and vector correlation function, while the second one is formed by the axial vector and
scalar channels. In general, the pseudoscalar and vector correlation functions tend
to yield better estimates than the scalar and axial vector correlation functions. This
is a consequence of their inherently good signals, and the fact that their relatively
low masses and quantum numbers do not allow them to decay into other states. We
only report results extracted from smeared correlation functions in the D, mesonic
sector.

Table contains our lowest temperature results, extracted at T' = 47 MeV,
for both D and D, mesons in all channels available. In addition, the most recent
experimental masses extracted from Ref. [26] are also reported in the table. Our
results are consistent with Ref. [44], which were measured at 7" = 24 MeV, generated
by a lattice of size N, = 256. It is worth mentioning that our uncertainties are gener-
ally smaller than the ones contained in Ref. [44], even when our lowest temperature
lattice contains NV, = 128 different Euclidean times, half the value employed in the
compared publication. Although their analysis uses a complex distillation algorithm
where several correlation functions with the same quantum numbers are employed
to isolate the states contributing to a particular correlation function, the analysis
on each distilled correlation function is simpler than ours, which might explain the
larger uncertainties in their estimates.

In order to assert that the results presented in Table (3.2]) are plausible, we
perform a simple analysis on our correlation functions. The analysis is based on
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Table 3.2: D and D, meson masses for all states available computed at the low-
est temperature available: T" = 47 MeV. The table shows the most recent PDG
masses [26]. The results are expressed both in lattice units, as well as in physical
units (MeV). The uncertainties of the results in MeV take into account the system-
atic uncertainty of the scale setting, as well as the statistical uncertainty generated
by our methodology.

State Channel JY PDG MeV a;m m MeV
D Pseudoscalar 0~ 1869.65(5) 0.3086(1) 1876(4)
D*  Vector 17 2010.26(5) 0.3291(1)  2001(4)
Di  Scalar 0" 2300(19) 0.3656(14) 2222(10)

D;  Axial-vector 11t 2420.8(5) 0.3823(70) 2325(43)
Dy, Pseudoscalar 0~ 1968.34(7) 0.3243(3)  1972(5)

Dt Vector 1= 2112.2(4)  0.3442(1)  2002(4)
D?,  Scalar 0t 2317.8(5) 0.3479(46) 2115(29)
Dy Axial-vector 17 2459.5(6) 0.3479(46) 2512(6)

the assumption that eq. is a valid model for the contribution of each state
to the correlation function. As a result, we model the behaviour of a particular
low-temperature correlation function C'(7;7T) close to the middle of lattice using the
following;:

C(r;T) = Ag cosh(My (T — %)) + A, cosh(M, (1 — %))

= Co(m;T) + Ce(7;T). (3.42)

In the equation above, Cy models the contribution of the lowest energy mode, and C,
can be interpreted as encapsulating the effective contribution of all excited states to
the correlation function. As My < M., then C, is a second-order effect at 7 — N, /2:
C(1;T) =~ Co(r;T).

From our simple model, we can construct the following ratio

. O T)
where G(7;T) is defined as
G(r;T) = Ag cosh(Mp (T — %)), (3.44)
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that is, a simple correlation function extracted from a 1-peak spectral function with
zero width whose mass is equal to a given reference mass Mr — see eq. (3.2)) with

p(w) = A2 §(w — Mg), (3.45)

where A is the amplitude of the spectral function. G(7;7) is a so-called reconstructed
correlator [45-47].
Substituting eqs. (3.42) and (3.44)) into eq. (3.43]) leads to

Co(T;T) 4+ Ce(75 T)

R(T;T) = 3.46
() T (3.46)
In the case in which Mgz = M, then, the ratio behaves as
Ce(r;T
R(m;T)=1+ L (3.47)
g(7)

Due to the fact that higher-order states are exponentially suppressed at 0 < 7 <
N, /2, we can expand the rightmost ratio using the Taylor expansion of a quotient
of two hyperbolic cosines, leading to

Ce(m;T) A 1 9 o )

———~ — 1+ =(t—N,;)" (M2 — M3)]. 3.48

Gy = 4 g (T N (2 - M) (3.45)

A consequence of eq. (3.48) is that, if Mz = My and M, > My, then R(7;T)

evaluated at 7 — NN, /2 is approximately

A
R(m;T)~1+ A—e, where 0 <7 < N,/2. (3.49)
0
Provided that the ground state mass of a low temperature correlation function is
close to a given reference mass, then the ratio R(7;T) behaves like a constant.
Through the computation of R(7;T) in our correlation function data, we are able
to visually validate our results, as R(7;T) is sensitive to small changes in Mg:

CO<T§T)N 1 o 20072 _ ag2
M) =13 (= N (MG = A, (3.50)

As in the previously introduced D-ratio — eq. — R(7;T) is a first-principles
quantity that does not require any analysis on the correlation functions.

Figure shows R(7;T) as a function of 7/a, computed for both D and
D, mesons in the pseudoscalar and vector channels using the two lowest estimated
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ground state masses as reference masses in G(7). The correlation function employed
in the calculation, C(7;T), corresponds to our lowest temperature estimate: N, =
128. As expected, the results show that our estimated masses correctly model the
large 7 region of the correlation function.
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Figure 3.14: Pseudoscalar (top) and vector (bottom) ratios R(7) using the fitted
ground states masses at the two lowest temperatures: N, = 128, 64. The correlation
function employed in the computation of R(7;7T") corresponds to N, = 128: T =
47 MeV.

Moreover, in Figure (3.15)), we present R(7;T) computed for the axial-vector and
scalar channels. The data shows that extracting a reliable ground state mass for these
two channels is difficult even at low temperature. The fact that the second-lowest
temperature estimated ground state mass produces a ratio closer to a constant than
the one extracted at lower temperature suggests that large temperature effects are
affecting both channels. The presence of large temperature effects at low temperature
was already encountered in the a1(1260) estimated masses, displayed in Figure (3.12).
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The large difference in uncertainties encountered in the different subplots of Fig-
ure (3.15) is a consequence of the fact that the error in the estimated ground state
masses employed as reference masses in G is taken into account when estimating
R(7;T). Due to the fact that our lowest temperature ground state estimate is less
accurate than our second lowest temperature, R(7;T') is noisier when computed when
My|T = 47] than when computed with My[T = 97]. We estimate the error in R(7;7T)
using Monte Carlo error propagation.
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Figure 3.15: Axial-vector (top) and scalar (bottom) ratios R(7) using the fitted
ground states masses at the two lowest temperatures: N, = 128, 64. The correlation
function employed in the computation of R(7;7T") corresponds to N, = 128: T =
47 MeV.

Pseudoscalar and vector channels

The lattice correlation functions employed in the extraction of the ground state
masses for both the pseudoscalar and vector channels at different temperatures are
presented in Figure (3.16]). As expected, the correlation functions are periodic around
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the middle point of the lattice in the temporal direction. Additionally, all correlation
functions show a clear plateau at Euclidean times 0 < 7 < N, /2, which suggests
that the spectral decomposition should validly model the correlation function data.
As previously discussed, both channels yield good signals, which can be seen in the
relatively low noise present in all signals.
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Figure 3.16: Pseudoscalar (top) and vector (bottom) correlation functions as a
function of 7/a,. The labels represent the temperature in MeV.

Figure contains the temperature dependence of all D and D, mesons in
both the pseudoscalar and vector channels. As expected, the data shows minimal
temperature dependence in all ground state masses at temperatures below the critical
temperature. Once the temperature of the system approaches the pseudocritical
temperature, all states display a downwards shift in mass.
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Figure 3.17: Temperature dependence of the ground state mass of the D and
D, mesons in the pseudoscalar and vector channels. The vertical line denotes the

pseudocritical temperature of the system.

Table (3.3) presents the values of the ground state masses at all temperatures
considered. The results are in agreement with the ones reported in Ref. [34].

Table 3.3: D and D, ground state masses (in MeV) as a function of the temperature
in the hadronic phase for both pseudoscalar and vector channels. The uncertainty
in the ground state masses combines the statistical uncertainty generated in our
methodology and the systematic uncertainty from the scale setting.

JP PDG T =4TMe&V 95 109 127 152 169
D 0~ 1869.65(5)  1876(4)  1878(4) 1876(4) 1869(5) 1856(6) 1800(11)
D* 1~ 2010.26(5)  2001(4)  2004(4) 2005(5) 1986(11) 1958(9) 1841(28)
D, 0~ 1968.34(7)  1972(5)  1966(4) 1965(4) 1963(4) 1948(5) 1913(6)
Df 1= 2112.2(4)  2092(4)  2091(5) 2092(5) 2086(5) 2060(6) 1989(16)

S

In order to validate the results presented in Figure (3.17), we can compute a
similar ratio to the one presented in eq. (3.43)) across all temperatures available.

This new ratio is defined as

C(r;T) /C(m;Th) _ R(m;T)
S(r T, Ty) = = . 3.51
(7 0) G(r;T) / G(r;Ty)  R(7;Tp) (3:51)
Provided that the ground state mass of C'(7;7T") is equal to the ground state mass of

another reference correlation function C(7;Ty), then S(7; T, Ty) should be consistent
with 1. Note that we divide each correlation function with a model in order to
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suppress the bending produced by the hyperbolic cosines. The masses of G(7;7)
and G(7;Tp) are equal, the only difference between both models is the temperature
dependence induced by N, .
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Figure 3.18: Pseudoscalar (top) and vector (bottom) ratio S(7;7,T}) as a function
of 7/a,. The mass defining the models corresponds to our second-lowest temperature
estimate, extracted on a lattice with T' = 97 MeV. The labels in the figures represent
the temperature in MeV.

A departure from 1 in S(7;T,Tp) suggests that My[T] # My[T,]. If this is in-
deed the case, then the temperature dependence of the correlation function is solely
induced by N, which implies that the spectral function of C(7;7T) is equivalent to
the spectral function of C(7;7Tp). In this scenario, the correlation function is only
modified by the temperature through N, — see eq. and eq. . In contrast,
it S(7;T,Tp) is not consistent with 1, then we know that the temperature is affecting
the correlation function non-trivially. However, from eq. , we cannot know if
the thermal effects induce a mere shift in the ground state mass, or a complete change
in the functional form of the spectral function. Nevertheless, as we work below the
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pseudocritical temperature of the system, we expect small departures from S(7) ~ 1
to be mainly caused by shifts in the mass of the lowest energy mode contributing to
C(7;T) in the pseudoscalar and vector channels.
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Figure 3.19: Axial vector (top) and scalar (bottom) correlation functions as a
function of 7/a,. The labels in the figures represent the temperature in MeV.

Figure contains S(7; T, Ty) computed on the pseudoscalar and vector chan-
nels in all relevant states. The data is consistent with the behaviour displayed by
the ground state masses in Figure (3.17): at low temperature, the ground state
masses are independent of the temperature, and, therefore, the spectral function is
unaltered; however, once the temperature of the system approaches 7., the masses
of the states change with the temperature, which leads to a non-constant S(7; T, Tp).
The more S deviates from 1, the more we are certain that My[T] # My[Tp]. The
transition from constant to non-constant ratio is spotted around 7" = 151 MeV. In
our simulations, the pseudocritical temperature of the system, which is computed
using the inflection point of the chiral condensate, has a value of T, = 166 4+ 2 MeV;
more information about the computation of 7, can be found in Appendix . As
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in the previously defined ratios — eq. (3.38]) and eq. (3.43)), the computation of the
ratio S(7;7T,Ty) does not involve any fitting.

Axial vector and scalar channels

Figure displays the axial vector and scalar correlation functions employed in
the extraction of the ground state masses. Although the scalar and axial vector
correlation functions tend to suffer from an inherent signal loss as 7 increases, which
complicates the extraction of ground state masses, the D, meson correlation func-
tions do not show this problem: a clear plateau is present at all temperatures. As
a result, the difficult extraction of the ground state mass even at low temperature
must be caused by another source — see Figure (3.15)).

The temperature dependence of the estimated ground state masses in both rel-
evant channels is shown in Figure . The results display large variations in the
masses even at low temperatures: T'— 0. As stated before, this was already seen in
the low-temperature estimates of the a;(1260) masses — see Figure (3.12). Although
not entirely understood, we suspect that our scalar and axial vector operators might
allow contributions from bound states, such as a pair p-7 in the D; meson correlation
function. The energy scales and quark numbers of the D mesons allow them to de-
cay into other states, which might pollute the lowest energy mode of the correlation
function. This phenomenon requires further investigation. The unstable nature of
the estimated masses could also imply that the spectral decomposition is not a valid
model of the correlation function even in the hadronic phase.
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Figure 3.20: Temperature dependence of the ground state mass of the D and
D, mesons in the axial vector and scalar channels. The vertical line denotes the

pseudocritical temperature of the system.
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As a first-principle test in Figure , we study the temperature dependence of
the S-ratio defined in eq. for both axial vector and scalar correlation functions.
The results are presented in Figure , computed using the estimated ground
state mass at 7' = 97 MeV as the reference mass for the models in S(7;7, 7). The
results displayed in Figure demonstrate that a clear temperature dependence
is present at all temperatures: the lowest temperature correlation function does not
produce a constant S-ratio; this was previously suggested by Figure . As the
temperature increases, the deviation from a constant S is clearer.
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Figure 3.21: Axial vector (top) and scalar (bottom) ratio S(7;7,Tp) as a function
of 7/a,. The mass defining the models corresponds to our second-lowest temperature
estimate, extracted on a lattice with T = 97 MeV. The labels in the figures represent
the temperature in MeV.

Whether the drastic 7-dependence encountered in the estimated S-ratio is due to
a large shift in the ground state masses contributing to the correlation functions, as
the results contained in Figure suggest, or due to a change in the functional
form of the spectral function in the hadronic phase, we cannot know with our current
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tools and knowledge. However, from the computation of the S-ratio, we are sure that
the temperature dependence of the correlation functions in these two channels cannot
be merely induced by the mesonic kernel in eq. (3.2)).

3.3 Conclusions

The methodology presented in this chapter allows a systematic exploration of the
temperature dependence of ground state masses across a variety of channels, flavour
combinations and temperatures. Our regression methodology does not rely on visual
analysis of results, and reduces the bias introduced by choosing some hyperparamet-
ers of the analysis by varying those parameters as much as possible. By applying
the methodology to our simulated thermal mesonic correlation functions, we are able
to obtain results on different mesonic sectors. It is worth stressing that our results
represent one of the few examples available in which mesonic states are systemat-
ically analysed at temperatures below and above the pseudocritical temperature of
the system.

The temperature dependence of the pseudoscalar and vector channels ground
state masses — see Figure (13.10)) — are in agreement with the expected behaviour:
at low temperature, eq. validly models the contribution of each state to the
correlation function; however, at T > T, the model becomes questionable, as the
spectral function is no longer described by a sum of independent and isolated peaks.
In the hadronic phase, minimal temperature dependence is present in the estimated
ground state masses, which suggests that the temperature dependence of the correl-
ation functions is mainly caused by kinetical effects, that is, it is only induced by the
kernel in eq. . At high temperature, the light sector masses become degenerate,
which implies that large collective effects are present in the system. As expected,
these collective effects are suppressed in the heavy quark sector.

An important result of our analysis is the ubiquitous difference between local and
smeared correlation functions at high temperature: both estimates lead to incompat-
ible and diverging estimates at 7' > T, see Figure . This problem is spotted in
the pseudoscalar and vector estimates, as well as in the axial vector channel. Further
research in this direction is required to assert that smearing is acting as expected in
high-temperature lattice simulations.

One of the main results of our analysis is the clear degeneration encountered
in the SU(2) ,-related channels: p(770) and a,(1260). This degeneration is spotted
for both local and smeared sources, and in the masses as well as in the correlation
functions: see Figure and Figure (3.13) respectively. Our analysis suggest
that the temperature at which the SU(2) , chiral symmetry is restored is close to the

79



Chapter 3. Meson thermal masses at non-zero temperature

pseudocritical temperature of the system.

In addition, due to the phenomenological interest surrounding these mesonic fam-
ilies, we studied the temperature dependence of the D and D, mesons. Our analysis
on these mesons represent the first systematic lattice QCD study performed through-
out the whole hadronic phase of QCD. As Figure suggests, the temperature
dependence of the pseudoscalar and vector states is minimal at T < T,; some tem-
perature dependence is present at T' ~ T,.. These thermal effects are likely to be
caused by a small shift in the ground state mass: Figure and Figure
support this hypothesis. An analysis on the spectral functions of those states should
allow a direct test on these results. In contrast, the axial vector and scalar states are
heavily affected by the temperature even at 7' — 0. This is suggested by both the
masses, and the S-ratio: Figure and Figure respectively. We suspect
that this large temperature dependence could be caused by the presence of bound
states of lighter mesons in the correlation function, that is, the D-mesons decay into
multiple states even at relatively low temperatures. Further research in this direction
is required, for example by analysing equivalent correlation functions computed from
different mesonic operators.
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Chapter 4

The pion velocity in the QCD
medium

In this chapter, we introduce and analyse the pion velocity in the QCD medium
as a function of the temperature. The pion velocity, labelled u, is a dimensionless
quantity that describes the temperature dependence of the pion dispersion relation
in the chiral limit of light quarks — m, — 0 — and small external momenta —
k — 0. The thermal dispersion relation measures the energy that a pion particle
carries at a particular external momentum k and temperature 7. We label this
quantity using w(M,, E; T), where M, represents the rest mass of the pion. In the
previously mentioned limits, the pion velocity and the thermal dispersion relation

relate through . .
W(My, k; T) = u*(T)w(M,, k; T = 0). (4.1)

A chiral limit expression of the pion velocity expressed in terms of static quantities
is

4 k=0T
UQ(T) _ my CPP(TJf 97 ) (42)
Mw CAA(T,k = O; T)

T7=N./2

This expression was first derived in Ref. [1], and its roots lie in the analysis of pion
dynamics in the chiral limit of QCD presented in Refs. |2, |3].

In eq. (4.2), m, represents the light quark mass, M, is the pion mass, Cpp
corresponds to the pseudoscalar (7;) thermal correlation function , and Cs4 is the
temporal axial vector (7yy7y5) thermal correlation function. The precise definitions of
the pseudoscalar and axial vector correlation functions can be found in Appendix (B]).
Throughout this chapter, we make use of the Euclidean Dirac v-matrices: g, V1, 72
and 3, where g is the temporal y-matrix.
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Chapter 4. The pion velocity in the QCD medium

This chapter is divided into two sections. In the first one, we explicitly derive
the pion velocity expression following Ref. [1]. To do so, we first introduce the so-
called Ward-Takahashi identities. Once the pion velocity expression is constructed,
we estimate its temperature dependence in our lattice setup, described in detail in

Appendix (A).

4.1 Derivation of the pion velocity

In order to construct eq. (£.2)), the so-called Ward-Takahashi identities are required.
These identities relate different correlation functions through symmetries of their
action. As a result, they play a similar role to Noether’s conserved currents for
correlation functions. In addition to being essential in the derivation of the pion
velocity expression, the Ward-Takahashi identities also allow the estimation of light
quark masses on the lattice.

4.1.1 Ward-Takahashi identities

The Euclidean Ward-Takahashi identities emerge from the analysis of the variation
of expectation values of field operators O under infinitesimal field transformations.
In our particular case, we assume that Ois a composite operator constructed from
two fermionic fields: O = O[w, Y]. The Euclidean expectation value of O is defined
as

(Olu.dl) = [ DUDEOW. 3] exp (- Sl ), (1.3

where Sg represents the Euclidean action defining the dynamics of the system, and
Z is the normalising partition function defined in eq. (1.4). As we are interested in
the chiral limit of QCD, the fermionic fields, ¥ and 1), represent the light quarks u
and d, which in our particular case are assumed to be degenerate: m, = mg = m,.
The fermionic quark fields transform under an infinitesimal transformation as

W = +8Y and Y =+ 5. (4.4)

We can insert the transformed fermionic fields into all field-dependent objects in
eq. 1D in order to construct the variation of (O) with respect to both fermionic
fields. The result is:

0z

(0) = (0) + (30) + {0 8Sp) + (0 J) + —(0). (4.5)
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In the expansion above, the first term represents the variation of the field operator
O; the second term corresponds to the variation of the Euclidean action; the third
term represents the variation of the integration measures, D1 and D), described by
the determinant of the Jacobian matrix of the transformation, J ~ di/0y/; lastly,
the last term corresponds to the variation of the partition function Z in eq. .
Due to the infinitesimal nature of eq. , higher-order terms in 81 and 6+ vanish.

As we are mainly interested in transformations that leave the action invariant, we
can safely discard the last term in eq. (£.5): 6Z ~ (6Sg) = 0. Moreover, we only focus
on non-anomalous transformations, that is, transformations that leave the measure
invariant. This implies that the Jacobian term in eq. is also discarded.

Assuming that the symmetry transformations leave the expectation value invari-
ant, then

(0) = (0), (4.6)

which leads to: ) R
(0O6Sg) = —(60). (4.7)

We continue our analysis by characterising the transformations defined in eq. (4.4))
as infinitesimal local variations depending on a real function w(z), and belonging to
the algebra of a Lie symmetry group. This class of transformations can be expressed
as

V=Y tiw@)Ty() and ¢ =P —iw(@)d(@)T, (4.8)

where T corresponds to a generator of the group transformation. Additionally, we
assume that w(z) is infinitesimally small, |w(x)| < 1 for all z, and only non-zero
in a small neighbourhood of the Euclidean space-time coordinate x. This locality
condition ensures that no boundary terms emerge in our derivation.

To proceed, we apply the transformations defined in eq. to the standard
Euclidean fermionic action, defined as

Se= [ da (@), + m] (o) (4.9)
The variation of the Euclidean action at first order in w(z) is just
0SE = i/d4.75 Y {@w’yuf +w [’yuT + T%] Oy +w [qu + qu] W, (4.10)

where all space-time dependences have been omitted to simplify the notation. In
principle, the quark mass m, and the group generators 7" might not commute: an
example of this can be found when the fermionic action is formulated in terms of a
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non-degenerate SU(2), isospin doublet, ¢ = (u, d). However, in our particular case,
we treat m, as a scalar parameter, which leads to

0SE = z'/d4:m/1 {auw%T +w [%T + T%] 0, + 2quw . (4.11)

The right-hand side of the equation above can be integrated by parts in order to
eliminate the first term, which depends on the derivative of w(x). To do so, we
employ the following identity

Oulw(2)®(2)] = B (2)®(x) + w(2)9, B(x), (4.12)

where ®(z) = 7,74 (z). Integrating the equation above over all the Euclidean space-
time, labelled R, and applying Gauss’s theorem, allows us to arrive at the following
expression:

/R '3 0, [w(x)B(2)] = [w(x)cp(x)} —0. (4.13)

OR

The last step is a consequence of the locality of w(x): in the boundary of the region
of integration (OR), w(x) vanishes.

The non-zero term in eq. (4.12)) can be plugged into eq. (4.11]) to produce
5Sp =i / d'rw [ — B[, T + (7, T + T,) 0 + 2mq@T¢} : (4.14)

By inserting eq. (4.14) into eq. (4.7]), we are able to build the following Ward-
Takahashi identity:

(i [ dtawto)| - el + ST + T390 + 2mgiT]0) =0, (419

To obtain the identity above, we have assumed that (50) = 0 in eq. 1} The
equation above must be true independently of w(x).
In the particular case in which the group generators satisfy

T, +7,T =0, (4.16)
then, we obtain one of the so-called Ward-Takahashi identities:
(Oul (@)1, T ()]O(y)) = 2my ([ (2)TP(2)]O(y)). (4.17)

Note that the source operator in eq. 1) O(y), must strictly be located outside
the neighbourhood of the sink operator: y # x. This condition ensures that no
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boundary terms are present in the previously derived identities. A violation of this

restriction implies that O(y) emerges in all integrals, making eq. non-valid.
A particularly useful Ward-Takahashi identity is obtained by supposing that the

action is invariant under an SU(2) , infinitesimal chiral transformation, defined as

a a

, T - - - T
W=y tis(ns Do) md F =i, (418)
where 7% represents one of the Pauli matrices. For this particular symmetry, T is
just y57%/2 in eq. 1} We can substitute the group generator 7" in eq. 1} with
the appropriate version, and make use of the pseudoscalar and axial vector densities,

defined as

a

- 7Y - T
Pt = ¢75§¢ and AZ = ¢%ﬁ55¢7 (4.19)

to construct the following identity:

(0uAL(2)O'(y)) = 2mq (P*(x)O'(y)). (4.20)
The identity above is sometimes referred to with the name partially conserved azxial
current (PCAC) identity.

Two important things can be learned from eq. . The first one is that, in
the chiral limit, all correlation functions containing the axial divergence are zero. In
this limit, it is said that the axial current is conserved. This is similar to stating that
the following current equation is satisfied:

D, A% () = 0, (4.21)

The second consequence is that, close to the chiral limit, eq. allows a direct
estimation of the light quark masses as a function of two measurable correlation
functions.

On the lattice, in order to obtain a precise measure of m,, the pseudoscalar
density is usually placed in the source operator of eq. as it produces accurate
correlation function estimates. Although eq. might seem to be valid for all
quark flavours, it is not. To derive it, we have assumed that the action is invariant
under SU(2), transformations. This is only possible in the limit of small quark
masses. As a result, only light quark masses can be estimated through the application
of eq. . It is common to refer to the estimation of a quark mass computed using
the PCAC relationship as its PCAC mass: mZ“4¢.

In the case in which (§0) # 0, then eq. transforms into:
(i [ o] = 0Tl + G0,T + P00, + 2m,3T0|0) = 60),  (42)
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where 60 is computed using the transformation defined in eq. 1’ We can select
w(r) = e** and O(y) = P’(x) to obtain

6ab B

) =iy, [ e P @) +2m, [ dlae PP @) (129

The integrals in the equation above can be eliminated in order to obtain the following
relationship:

SO — ) () = (P00, A3(0) + 2mg (P)P'()). (424

More details on the derivation of the Ward-Takahashi identity defined above can be
found in Ref. [1].

4.1.2 The pion velocity expression

Having derived the Ward-Takahashi identities, we are in the position of building
the pion velocity expression shown in eq. (4.2]). We follow the derivation present in
Ref. |1]. To derive eq. (4.2), we start from the following ansatz,

/ dr(PY(0) A" (7, 2)) = 6 f(r)a,, (4.25)

where 4, represents the radial unit vector: @, = 7/|7].
To continue with the derivation, we take the chiral limit of eq. (4.24)),

1 _
(P*(0)0, A (x)) = §<¢¢>5ab54($)- (4.26)
The equation above can be integrated over the Euclidean space-time

R=1lm {0<r<R; 0<7<p3} (4.27)

R—o0

in order to obtain

/ / drd®z (P*(0)0, A% (x / / drd®z ww>6“”54() (4.28)

Note that the left-hand side in the equation above can be transformed using
Oul(P*(0) A5 (2))] = (9, P"(0) A (x)) + (P (0)0,Af (), (4.29)
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where the first term in the right-hand side is zero as it is independent of z. Plug-
ging the above equation into the left-hand side of eq. (4.28)) produces the following
relationship:

(PP (0) A5 (x)) = 0-(P*(0) AG () + V (P*(0) A(x)), (4.30)

where the index 0 represents the time component 7 of the vector field: Ay = A..
Integrating this new relationship over the same Euclidean space-time in eq. (4.28)
leads to

[ dwopr o) -
B

[ & (P03

+ / drd®z V(P*(0) A (x)). (4.31)

The first term in the right-hand side is zero as the correlation function is periodic in
time for bosonic operators. Gauss’s theorem can be applied to the equation above in
order to perform the integral of the second term in the right-hand side. The result is

/ drd®z V (P*(0)A%(2)) = / r2drdfde (P(0)Ab(z))

= /r2d0d¢ f(r) =4mr? f(r), (4.32)
which can then be inserted into eq. (4.25)), to find
()
1) = 2% (4.33)

Furthermore, another useful expression required in the derivation of the pion
velocity can be obtained. To do so, we start by integrating eq. (4.24) over the
Euclidean space-time:

/R @ (P2(0)9, A% (x)). (4.34)
Again, we integrate this equation by parts to obtain
R OCRHEIE
R
9, / Bz (P*(0) Ao ) + / 43 (P*(0) A*(2)), (4.35)
R R
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which must be equal to eq. (4.26]) in the chiral limit.
Integrating the right-hand side of eq. (4.26)) allows us to obtain
1 -
§<¢¢>5ab54(7 —0) =

3 a — a b
, /72 Bz (P(0) Ao () + /a 43 (P*(0) A (z)). (4.36)

R

In the case in which 7 # 0, this expression reduces to

o, /R APz (PY(0)Ay(z)) = — /8 . dé (P(0) A" (z)). (4.37)

In Ref. [1], a useful relationship for the pseudoscalar temporal axial vector cor-
relation function in the chiral limit is introduced:

/ Bz (P(0) A () = 5@*’%(7 — 3/2). (4.38)

To continue our journey towards the construction of eq. (4.2), we require some
spectral function definitions. In particular, we need the following spectral functions:

5P Cpp (T, k) = / &z e (Pa(0) Po(r)) =

w [ . cosh(w (/2 — 7))
g b/o dw ppp(w,k) sinh(w8/2) ’

§Cup(r, k) = /d?’m e_iEf<P“(O)A8(T)> =

o /0 dopar(e ) Sin};i(;dh((ig/;)ﬂ) ’

S a(r R) = / B =R A8(0) A (7)) =

o /0 " dopanto ) Sin}sli(:h((i/;/;)ﬂ) |

The pseudoscalar Ward-Takahashi identity in eq. (4.24) can be applied to the

spectral function definitions above to construct the following relationships:

(4.39)

(4.40)

(4.41)

-,

2my ppp(w,0) = —w pap(w,0), (4.42)
wpaa(w,0) = 2my pap(w,0). (4.43)
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Through the combination of both identities, a third identity can be generated,
w? paa(w, k = 0) = —4m; ppp(w, k=10) (4.44)
In Ref. [1], the following chiral limit p4p spectral function model is presented,

—@5(@. (4.45)

-

pAP(wv IZ = 0)

We would like to show that the spectral function defined above is, in fact, the exact
spectral function for Cyp in the chiral limit and for no external momenta. To do so,
we plug it inside eq. (4.40)), which leads to the following expression

3 a b _ ab@ = W o(w Sinh(w (6/2_7—))
/dx(P (O)A(w)) = ~0 1 /0 dw b)) (4.46)

The right-hand side of the equation above can be integrated using the Dirac delta
distribution and the following limit

- sinh(w (8/2 — 7)) _ 2(5/2 —7)
w—=0  sinh(wfB/2) B

As desired, after integration, we arrive to eq. .

The previous derivation allows us to learn that p4p — see eq. — couples to
a massless excitation in the chiral limit. As a result, the same coupling is expected
to be present in the limit of small momenta and quark masses. Moreover, eq
dictates that this coupling must also be present in the pseudoscalar correlation func-
tion. Using this information, a model for ppp(w, k) is proposed in Ref. [1]. The
model is derived from previous results in hydrodynamic and zero temperature chiral
expansion calculations [2-4]. The suggested model for ppp is:

. (4.47)

prp(w, k) = sign(w) (k) §(w? — w?) + ... (4.48)

where TI(k?) is a normalisation function, possibly dependent on the norm of the
external momenta k2 = k - k.

In Ref. [1], the authors claim that, close to the chiral limit, w%, can be approx-
imately described by a damped dispersion relation:

wi o~ u? (M2 +k?) (4.49)

This chiral model was first presented in Refs. |2, |3]. In the identity shown above,
u? represents the pion velocity squared. At zero temperature u? is expected to be 1,
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which recovers the standard relativistic energy-mass equivalence in which massless
particles move at the speed of light. However, when the temperature increases, the
pion velocity might decrease due to thermal effects. u? can be viewed as a damping
coefficient that the medium imposes on the propagating pions. In this picture, we
would expect u? to decrease as the temperature of the system increases. For more
information about eq. (4.49), we refer to Ref. [1].

In addition, the authors of Ref. [1] derive an expression for the normalising func-
tion TI(k?) in eq. (4.48) in the limit of small quark masses and zero momenta. It

reads 2 ()
Mz Wy
(k%) = u® ———L, 4.50
() =t 2 (4.50)
This expression can be plugged into the definition of ppp to produce the chiral limit

pseudoscalar spectral function:

ot}
I
Sl
SN~—
I
wn
=
o]
=
—
&
SN~—

ppp(w, wﬁ) + ... (451)
From the pseudoscalar spectral function, p4p and paa can be derived in the limit
of small quark mass and zero external momenta through the spectral Ward-Takahashi

identities present in eq. (4.42)) and eq. (4.44)) respectively:

pap(w, k=0)= —@5@2—(#(—2}-)4—... (4.52)
paa(w, k =0) = —sign(w) mq (i) 6(w® — w) + ... (4.53)

We are finally in the position of constructing the pion velocity expression. To
proceed, we make use of the following correlation function identity:

9C (1) = /000 dw wzp(w)coszi(fh((f}/;/;) T)), (4.54)

which can be easily derived from eq. (4.39)). In the case in which C(7) = Cya(7),
then the identity defined in eq. (4.44) produces the following equality:

R Can(r) = —4m:Cpp(7). (4.55)
The integral in the right-hand side of eq. (4.54]) can be performed analytically
using eq. (4.53)). The result is

(i), coshlus (/2 — 7))

) _ 2
0yCaa(T) = 2w “o sinh(wg3/2)

(4.56)
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To compute the integral above, the following Dirac delta distribution property is
required,

Z \f/:;_—l; , (4.57)

where x; represents one of the roots of f (a:) and f’ is the first derivative of f(z).
Employing eq. (4.56)), the following ratio can be constructed,

8§CAA(7)
CAA(T)

In the limit of zero external momenta, wz = u? M, from eq. (4.49). As a consequence,
we arrive at the pion velocity expression:

= wy. (4.58)

— N

2 _ 1 8 CAA( O) 4mg CPP(T,
0)

M2 Canlr, k=

(4.59)

In the last step, eq. (4.55]) was employed. In Ref. [1], the authors set 7 = /2 = N, /2
in the pion velocity expression, leading to

—,

2 4mg Cep(r,
M2 Cyu(r,

) . (4.60)
) T=N,/2

Eal} ?T‘l

=0
0]

In principle, we are not bounded to estimate u? using correlation function evaluated
at 7 = /2 = N, /2. The only requirement is to position the sink operator defining
correlation functions used in the estimation of u? far from the source operator, usu-
ally located at x = (7,z,y,2) = (0,0,0,0), to avoid the presence of contact terms.
For thermal correlation functions, this implies that 7 > 0. However, in thermal
field theory, bosonic correlation functions are periodic in time with period N,. As
a consequence, another source operator is placed at 7 = N,. This implies that
the maximum distance between sink and source operator in a thermal correlation
function is obtained at 7 = N,, which might explain why the pion velocity is only
evaluated at 7 = N, /2 in Ref. [1].

4.2 Lattice measurement of the pion velocity

Having derived the pion velocity expression, we are now in the position of estimating
its temperature dependence in our lattice setup. Note that u? is only defined in
the limit of small quark mass, which constrains the possible correlation functions
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that could be employed in the estimation of w?. In practical terms, estimating u?
implies computing the ratio of the pseudoscalar correlation function, C'pp, and the
axial vector correlation function, Cy4. Additionally, the pion mass M, and the light
quark mass m, are required in the computation of u*.

In order to study the temperature dependence of u?, we use correlation functions
measured at different temperatures. Details about the simulated correlation func-
tions can be found in Appendix . In the estimation of u?, the same masses m, and
M, are employed at all temperatures: these masses correspond to our estimate at the
lowest temperature available, generated in a lattice of temporal extent N, = 128. By
doing this, we ensure that the temperature dependence of 1u? is completely contained
in the correlation functions. Additionally, we avoid possible inconsistencies in the
definition of both m, and M, at different temperatures. Due to thermal effects, once
the system has undergone a transition from the low temperature hadronic phase to
the high temperature quark gluon plasma state, the pion mass might not be well-
defined as thermal effects might dominate, and the spectrum of the theory might
become continuous.

In our simulations, we produce two equivalent estimates of each correlation func-
tion: one simulated using local sources in the inversion of the quark propagator, and
the other one using Gaussian smeared sources. More information about smearing can
be found in Appendix . As a result, we can produce an estimate of u? employing
both estimates of the same correlation function. To allow a fair comparison between
both sources, we estimate m, and M, independently in each case.

From our analysis of mesonic ground state masses — see Chapter (3) — we know
that the lowest temperature estimate (7' = 47 MeV) of the pion mass, M, extracted
using correlation functions computed from local sources is M% = 245 + 2 MeV.
Additionally, the pion mass estimated from smeared correlation functions is M?* =
236.0 0.5 MeV.

4.2.1 Measuring the quark mass m, on the lattice

In addition to the pion mass, we require an estimate of the light quark mass m, to
correct the dimensions of u?. We can estimate this light quark mass using the PCAC
mass, defined as a rearrangement of eq. (4.20):

mPCAC _ 1 <8/LAZ(35)AOA/(?J)>‘
' 2 (Pe(x)0'())

(4.61)
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Applying eq. (4.29) to the equation above, we can express the PCAC mass as a
function of a global derivative in the numerator:

mPCAC _ 1 8M<A2(x)AO’(y)>‘
! 2 (P(x)0'(y))
In order to avoid inherently noisy correlation functions, we restrict ourselves to

pseudoscalar densities in the source operator: O(y) = P(y), where the pseudoscalar
density P(y) is defined in eq. (4.19)). As a result,

mPCAC _ 6 0, (A (-73)Pb(y)>
‘ 2 (P(x)P(y)

(4.62)

(4.63)

As we are interested in thermal correlation functions, we need to apply a Fourier
transform over the spatial coordinates of each correlation function in eq. . A
non-trivial transformation is encountered in the numerator, as it contains a derivative
operator. Nevertheless, it can be easily manipulated to obtain:

d*x e
lim | —= ¢~ %*TH (A% ()PP _
0 (gﬁ)i’) (AL (2) P (y))
/ ém [30<A“<> PP(y)) + V(A" (x) P(y)) . (4.64)

The second term in the right-hand side vanishes due to Gauss’s theorem: all correl-
ation functions decay to zero in the boundary of the space- -time. Note that we are
projecting our correlation functions to zero external momenta: k=0. As a result,
the space-integrated correlation functions will only be functions of the Euclidean
time 7, which allows us to write

— .

mPCAC _ 5_ab Oo(AG(T, k =0
! 2 (P(1,k=0)P"0,k =

where the definitions of Cyp and Cpp in eq. (4.40) and (4.39) are used respectively.

In order to estimate mP CAC "eq. @l) is evaluated on the lattice using correlation
functions measured at the lowest temperature available, which in our case implies
that we use a lattice of temporal extent N, = 128: T' = 47 MeV. In principle, the
PCAC mass is defined at a variety of different Euclidean times 7. However, to avoid
contact terms, we exclude all Euclidean times close to the source operator, located
at 7 = 0 and 7 = N,, due to the periodicity of bosonic correlation functions. As

—,

VPP(0,k =0)) 6% 8yCup(T)
i = 0)
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a result, in our analysis, we extract the PCAC mass at all Euclidean times from
7 = 30 to 7 = 98. At all Euclidean times selected, we are able to produce an
estimate of the PCAC mass, m!“4° (7). Assuming that each ) “4°(r) represents
a random sample of the population PCAC mass, then the median of the sample
corresponds to an estimate of mf; CAC independent of 7. The standard error of the
median can be approximated using bootstrap. The median is used as a measure
of central tendency to avoid the impact of outliers. This analysis is performed for
both type of sources using local and smeared correlation functions. The results
are presented in Figure , and they yield the following quark mass estimates in

physical units:

Local sources: MICAC = 10.28 4+ 0.02 MeV,
Smeared sources: M;DCAC = 19.89 4+ 0.04 MeV.

The time derivative present in eq. is estimated numerically using the for-
ward finite differences operator, which explains the artefact located at the middle
point of the lattice, where a bend in the correlation function data is present due to
the symmetry of bosonic correlation functions. In the computation of the PCAC
mass in physical units, the systematic uncertainty generated in the scale setting of
our simulations is taken into account.

0.004 -

/ll\ 1 A'-n ] [ E
g/ 0.0015 S
z S 0.002
S QL@
= 0.0010 F

: 2 . 0.000 - . 2 , I

40 60 80 100 40 60 80 100

T T
(a) Local sources (b) Smeared sources

Figure 4.1: Estimates of the degenerate light quark masses m5 CAC for both type
of sources available in the simulations. The orange line corresponds to the median of
all samples, while the orange shaded band covers the standard error of the median,
approximated using bootstrap. The results are expressed in lattice units.
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4.2.2 Renormalisation of the pion velocity

Due to the fact that the pion velocity is constructed using a ratio of two distinct
correlation functions, then, in principle, it should be renormalised. The pseudoscalar
operator should be rescaled by its specific renormalisation constant Zp, while the
axial vector should use its appropriate constant, Z,. As a result, the renormalised
version of the pion velocity reads,

Ol Oy

)
)

The same principle can be applied to our estimate of the quark mass, the PCAC
mass:

2 = Zb4m Cor(r (4.66)
i

_Z_i qu OAA<7_7 =

T=N,/2

_ ZaZp
méDCAC = 7m50‘40. (467)
P

Substituting m, in 4* with fnf; CAC Jeads to

72 72 72
—2 P AZP | 2
= 4.68
! (23) (ZI%ZIZD>U 7 468)

u? = u?, (4.69)

which is equal to

as long as the same density operators are applied in the sink and source operators.
For example, employing local operators in the sink and smeared operators in the
source breaks this condition, as smeared and local operators could have different
renormalisation constants for the same operator.

As a result, the pion velocity does not need to be renormalised. However, the
PCAC masses presented in Figure should be. It is worth stressing that no
renormalisation constants are computed in our simulations. A correct renormalisa-
tion of the PCAC masses might explain the drastic differences between local and
smeared estimates encountered in Figure (4.1]).

4.2.3 The pion velocity on the lattice

Using the estimated PCAC quark mass and the pion mass for each source, we can
finally compute the pion velocity at all temperatures available. The temperature
dependence of the pion velocity is shown in Figure . For each temperature and
source available, an estimate of the pion velocity is extracted. The lowest temper-
ature estimate of the quark mass and pion mass are employed in all temperatures
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analysed. The standard error of each measurement is estimated using Monte-Carlo
error propagation.

@ local-local

1.0 - % il smeared—smeared:-
v |
0.5 1 -
] i) I
o0l 1 " ® =]
100 200 300

T [MeV]

Figure 4.2: Estimate of the pion velocity squared u? as a function of the temper-
ature for both sources. The green vertical band corresponds to the pseudocritical
temperature T, of the system. The presence of a right-shift in the temperature for
local sources is merely visual.

The results in Figure shows equivalent trends for both sources at all temper-
atures. The pion velocity estimates can be divided into two clearly distinct categories:
one composed by all estimates whose temperature is lower than the pseudocritical
temperature of the system, located at T, = 166+2 MeV; and another group generated
by all pion velocities measured at temperatures above T,.. The first group roughly
corresponds to the confining hadronic phase of QCD, while the second group repres-
ents the QCD quark-gluon plasma state. In the hadronic phase, the pion velocity
barely depends on the temperature; this is a constant trend present in some physical
quantities measured in the hadronic phase of QCD. Moreover, in this region, the pion
velocity agrees with the expected zero temperature value: u? = 1. However, once the
temperature increases, the pion velocity departs from its zero temperature value. It
is close to the critical temperature of the system where the pion velocity drastically
changes. As far as the data shows, u? seems to stabilise at high temperature:

lim «*(T) ~ 0.1. (4.70)

T—o00

An analysis of the pion velocity at higher temperatures would allow a direct test of
this limit.
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It is worth mentioning that our results agree with the ones present in Ref. [1],
although we have access to higher temperatures. The uncertainties of their low
temperature estimates are lower than ours, this is a consequence of our noisy low
temperature axial vector correlation functions.

In Figure , low temperature estimates seem to have larger uncertainties
than the high temperature measurements. However, it is generally expected a larger
uncertainty in the high temperature estimates. As a consequence of this unexpected
behaviour, an analysis of the source of this difference is performed. Note that the
source of the difference must be in the lattice estimates of the thermal correlation
functions used in the computation of u?, that is, either in C 44 OT In C’p p. The effect
cannot be produced by the estimates of M, and m, as they are independent of the
temperature: the same values are employed at all temperatures.

02 1 1 1 02 1 1 1

o Cpp X o Cpp
gz 01de ° ° Caa b Tz 01 . ° Caa [

fiid ° - i :

gg’ OO'D oog BE . . EI =N g% O‘O'D oo® B8R C E‘ | @ |

—0.1 T T T —0.1 T T T
100 200 300 100 200 300

T [MeV] T [MeV]
(a) Local sources (b) Smeared sources

Figure 4.3: Relative uncertainties in the lattice estimates of the C44 and Cpp
correlation functions measured at the middle point of the lattice in the temporal dir-
ection. Results are presented for all temperatures available. The lowest temperature
estimate of the AA correlation function is divided by 10 as its relative uncertainty is
considerably higher than the rest.

Figure contains the relative uncertainty of the lattice estimates of both
correlation functions, AA and PP, as a function of the temperature. The relative
uncertainty is measured at the middle point of the lattice in the temporal direction
and for both sources. The results show that the relative uncertainty of the AA correl-
ation function decreases with the temperature, which directly impacts the estimation
of the ratio between both correlation functions involved in the computation of the
pion velocity. In our fixed-scale simulation, the relative uncertainty of axial vector
correlation functions tends to decrease with the temperature. This suggests that the
correlation function signal might be lost as the distance between sink and source
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operators increases. This problem directly impacts the analysis of low temperature
axial-vector properties, as 7! ~ N..

Additionally, as stated in the derivation of the pion velocity, there is no constraint
on the Euclidean time 7 at which the pion velocity is measured as long as it is far
from the source. Figure tests this statement by extracting u? evaluating the
correlation functions at different Euclidean times. Note that all used Euclidean times
should be close to the middle point of the temporal direction of the lattice to avoid
the presence of contact terms. The results are in agreement at all temperatures and
for both types of sources.

10'{& J § T:NT/2_4 J @ T:NT/2_4
I“IJ‘E% for=nN/2-3 10 1P s for=nN/2-3}
= '4& ¥ r=Nj2-2] = | ¥ r=N/2-2
S 0.5 1 S J
=N, /21 0.5 1 T=N/2-1¢
0} g
g » ® ':E W ap B
0.0 - . . . = 0.0 - , . —
100 200 300 100 200 300
T [MeV] T [MeV]
(a) Local sources (b) Smeared sources

Figure 4.4: Temperature dependence of the estimation of the pion velocity at
different Euclidean times 7 for both type of sources used in the calculation: local
and smeared. The shift in temperature for different 7 is merely visual.

As we measure the same pion velocity at different Euclidean times, we could
collect all the estimates into a single sample. From this combined sample, one can
compute a final estimate of the target population parameter, u2. This can be seen
as data-augmentation technique in which the amount of information about the pop-
ulation parameter is increased. Such a procedure could lead to lower uncertainties
in our estimates.

4.2.4 Conclusions

The pion velocity derived in eq. corresponds to an effective theory calculation,
which implies that it only works in the chiral limit of light quarks, and with small ex-
ternal momenta k. However, the pion velocity can be explored in a complete thermal
QCD lattice calculation through the study of the dispersion relation of the pseudo-
scalar correlation function at different temperatures. The dispersion relationship can
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be analysed at a given temperature by studying the dependence of the ground state
energy FEo(M,, k:) with the external momenta k of the system. To do so, several
correlation functions must be produce at the same temperature with different ex-
ternal momenta. For each correlation function, the ground state energy Ej must be
extracted, for example, through the analysis of the ground state contribution to a
given pseudoscalar correlation function using the spectral decomposition defined in
eq. . The inclusion of external momenta on the lattice can be done employing
Fourier modes in the computation of thermal correlation functions or by applying
the so-called partially-twisted boundary conditions [5, 6]; this second option allows
the inclusion of arbitrary units of external momenta in the system.

In this first-principles analysis, a collection of different ground state energies
would be produced at each temperature: Fy(M,, /;; T). In order to study the thermal
dependence of the pion velocity, an independent estimate of the pion velocity at each
temperature can be extracted by fitting the measured ground state energies to the
pion dispersion relation model proposed in eq. :

Eo(My, B)" = u® (M2 + k). (4.71)

For each temperature, we would estimate the pion velocity u2. This analysis suffers
from similar problems to ones encountered in the study of the spectrum of QCD
from thermal correlation functions: at high temperature, thermal effects dominate,
which obstructs the definition and computation of the ground state energy. As a
consequence, the proposed analysis might be difficult to apply to really large tem-
peratures: T > T,.. However, this method is not based on effective field theory
assumptions. As a result, it can be used to estimate the thermal dependence of the
velocity of different mesonic states, such as kaons (ss) or D-mesons (uc). Further-
more, this procedure could also be easily extended for baryonic states.
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Chapter 5

Introduction to neural networks

During the last decade, the theoretical developments and practical applications of
neural networks to both academic and industry problems have witnessed a large
increase. Their outstanding impact in most scientific fields can be understood in
terms of their adaptability, flexibility, expressiveness, and computational efficiency.
Additionally, the fact that collecting, manipulating, and storing large amounts of
data has become easier and more affordable in the last few years generates an envir-
onment in which neural networks can thrive. As a result, nowadays, neural network
models are applied to a variety of complex tasks, such as: standard classification and
regression problems [1} 2], reinforcement learning [3, 4], graph theory [5], and natural
language processing |6} [7]. The list of possible tasks to which neural networks can
be applied is continuously growing as more research is performed to understand, and
enhance, their inherent properties. In addition, the increase in computational power
of graphical processing units (GPUs), and, more recently, the arrival of dedicated
tensor processing units (TPUs), combined with the availability of highly optimised
open-source software libraries [8-10] allows an almost straightforward application of
most state-of-the-art neural network models to computationally demanding tasks.
This chapter is divided into two main sections. The first one contains a short
introduction to the field of neural networks for which no previous knowledge about
machine learning nor neural networks is required. In this section, we also discuss
how to efficiently train neural network models. The second section contains a small
introduction to convolutional neural networks, which are employed in Chapter @
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5.1 Standard neural networks

The roots of neural network models can be traced to the decade of the 1950s, when re-
searchers were trying to mathematically model decision-making. One of the simplest
decision-making models is the perceptron [11], which is a simplified model of the
behaviour of neurons in the brain. The perceptron unit proposes a deterministic
output, also called the neuron’s action, depending on some input variables.

Figure contains a diagram showing a perceptron unit defined on an input
of 4 dimensions, labelled = = (x1, z2, 23, x4), and a 1-dimensional output, labelled y.
Although the output in Figure is 1-dimensional, perceptrons are also able to
handle multidimensional outputs.

Figure 5.1: Diagram representing a perceptron unit. A vector of inputs x =
(21,9, T3, x4) is processed by the perceptron in order to produce an output signal y.

To see how the perceptron unit can be used to automate decision making, we
focus on a particular task. Imagine that we wanted to decide whether we should go
to the office or work from home on one particular morning. In this simple case, the
decision space is binary: either we go, corresponding to an activated output, y = 1; or
we stay at home, corresponding to a turned off outcome, y = 0. We assume that the
process of making a decision is not irrational: we deliberately make a decision based
on some reasonable conditions, and, moreover, the results are consistent for a fixed
input. In addition, suppose we knew that only 4 independent variables affect our
final decision. For instance, those 4 variables could represent: the distance between
our home and the office; the weather that morning; the amount of work we need to
do that precise day; and the current risk level of COVID-19 in our area. Note that
all input variables should be mappable to a numeric value; this is called embedding
a variable.
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It is clear that each input variable should have a different impact in our final
decision. For example, a high risk level of COVID-19 should encourage us to stay
at home independently of all the other conditions. To model the importance of each
input, we use some weights W. Each independent weight acts on a particular input
variable, weighting its relevance in the final decision. The dimensions of the weights
are not important, as we are not trying to measure a physically relevant quantity.
However, we should normalise the inputs in order to avoid including artificial numer-
ical bias towards any input variable. The scales of the inputs should be comparable
so as not to artificially benefit any input variable. This is a constant requirement in
machine learning: inputs should always be scaled appropriately.

Given some inputs x = (z1,...,2,) and some weights W = (wy,...,w,), the
simplest non-trivial mathematical model that can be used to make decisions is

y=W'ou, (5.1)

where W7 denotes the transpose of W, and o represents the standard matrix mul-
tiplication operator. The output of eq. is a real number, but in our particular
task, the decision space is binary. In order to transform the real output into a binary
variable, we can introduce a threshold b, which implies that the mathematical model
of the perceptron is transformed to

- T
:{OlfW ox <b (5.2)

1 ifWlhoz>b

The threshold is called the bias of the model, as it represents our own personal bias
in the task in question: some people might enjoy going to the office more than others,
so they will accept smaller values of y as an activated output. The bias defines the
boundary that dictates whether W7 o x is regarded as an activated or turned off
outcome. The standard way of modelling a binary perceptron unit with a scalar bias
b is:

1 if(Whoax—b) >0 (5:3)
Equation (5.3)) is the mathematical definition of the perceptron unit. In the case in
which the output space is not binary, then the following mathematical model can be
used:

_{ 0 if Whoz—b)<0

y=WT"ox +b. (5.4)

By itself, the perceptron unit is not too useful, as a random set of weights and
bias values are unlikely to generate reasonable outputs for the particular task to
which the model is applied. In order to make the perceptron model applicable to
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real situations, its parameters need to be tuned accordingly, which implies that some
kind of regression needs to be applied to our model. Before discussing how to tune
the parameters of the model, we need to assume that our particular task, abstractly
represented with the label T', contains a true underlying population mapping ¢ that
encodes the fundamental information needed to solve the problem: the mapping
connects input variables  with their expected output variables y. In the simplest
case, the output variables represent binary choices, but more complex output spaces
can also be modelled by eq. (5.4). Mathematically, the mapping ¢ is defined as the
following morphism:

t: X =), (5.5)

where X is the space of all possible inputs x, and ) represents the space of target
outputs. As a result, y = t(z). In this context, the perceptron model defined in
eq. serves as a parametric model for the mapping ¢, which we denote with the
label ty . It is common to encapsulate both weights and bias in a model under the
same label, W. Additionally, the terms learnable parameters and weights are usually
employed to refer to all the tunable parameters in a particular model. A particular
choice of weights and bias in a model is usually called a configuration.

The goal is then to find the values of W and b that make the perceptron unit
approximate the mapping t: fy ~ t. This would enable us to process any input x
belonging to X in order to produce its expected output: the model would be making
predictions. A priori, we do not know the appropriate configuration. However, we
can try finding it using real examples of the mapping. A collection of inputs x7 whose
corresponding outputs yr = t(xr) are known in advance is known as a training set.
The training pairs can be collected from experiments, simulations or other sources.
Note that the training set should contain a large enough collection of pairs (z7, yr)
such that it represents a reliable approximation of the target mapping . Once the
training set is defined, we can try to find the model configuration that reproduces the
training set with large accuracy, that is, the configuration of the model that holds

~

yr ~ tw(xr), forall zp. (5.6)

However, we should be cautious, as the model might overfit the training dataset, that
is, it can learn the values of W and b that mimic the training set heuristically without
learning the fundamental features of the mapping. Overfitting is common when the
model contains a huge number of tunable parameters. Nowadays, overfitting can be
controlled by numerous techniques [12].

Using labelled training pairs (zr,yr) in order to find the model configuration
that best approximates the mapping ¢ is usually referred to as a supervised machine
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learning problem. In contrast, learning the correct model configuration from just the
input data xp is called unsupervised learning. In this document, we only discuss the
framework of supervised learning.

Although the perceptron model can be employed in some simple tasks, it has
a fundamental problem: it can only be applied to problems whose output spaces
/mathcalY are linearly separable. Consequently, problems with non-linear target
mappings cannot be solved with our current model. To circumvent this problem, we
can add some artificial non-linearity to the model in eq. :

y=fWTrox+0). (5.7)

The function f in eq. (5.7) is an element-wise non-linear function, called activation
function. In this context, element-wise means that the function acts independently
on each input variable:

f(@) = fz1,22) = [f (1), f(22)]- (5-8)

Some commonly used activation functions are: sigmoid functions, hyperbolic tan-
gents and rectified linear units (ReLU). A comprehensive list of common activation
functions can be found in Ref. [§].

Figure 5.2: Diagram representing a layer composed by stacking 3 neurons. The
layer takes 2-dimensional inputs, and produces a 1-dimensional output. The output
of each neuron is fed to an activation function f, shared among all 3 neurons.

The non-linear perceptron model is still not flexible enough to learn any desired
target mapping. In order to generate more flexible models, we can stack multiple
perceptron units; a collection of non-linear perceptron units is usually called a neural
network layer, and each perceptron model in a layer is usually called a neuron. In
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general, all neurons in a layer share the same input, but each has its own independent
set of weights and biases. Figure contains a diagram representing a neural
network layer composed by 3 neurons.

Neurons are non-linear models, which implies that their output is usually passed
through an element-wise activation function, typically shared among all neurons
forming the layer. The mathematical model of a simple linear neural network con-
taining N, neurons is similar to that of the non-linear perceptron unit defined in

eq. , and reads
A=f(Z)= f(x oW +0). (5.9)
In a neural network layer, W represents a matrix of dimensions dim[W] = (N, N,,),
the input vector x has dimensions dim|[x] = (1, N,), and b holds dim[b] = (1, N,,). As
a result, the output A, sometimes called the layer activation, has dimensions (1, N,,).
The linear neural network layer defined in eq. is called a feedforward layer.
The adjective feedforward implies that the information only flows from input to
output: the layer does not contain any loops nor backwards connections between
neurons. In principle, non-feedforward layers can also be built and employed, how-
ever, training them tends to be difficult. This chapter only discusses feedforward
neural networks.

Figure 5.3: Diagram representing a feedforward neural network composed by 4
layers; three hidden layers and one output layer. Each of the 4 layers contains an
independent set of weights, with dimensions (N'™!, N!), and an independent set of
bias, with dimensions (N!). Each layer processes its input according to eq. 1'

A complete feedforward linear neural network can be built by connecting N,
different layers. Each layer is labelled with an index [ and contains N! independent
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neurons; the optimal number of neurons in each layer is not known in advance,
therefore, it be tuned for the task in question. The output of each layer is passed
to an activation function f!. The activation function can be different for each layer
in the network. In a feedforward network composed by N, layers, there are Ny — 1
hidden layers whose output is not visible. The last layer produces the output of
the neural network, y = fy-(x). A neural network can be viewed as a set of non-
linear transformation applied sequentially over the input space. A diagram showing
a complete feedforward neural network with 4 layers can be found in Figure (5.3).

Feedforward neural networks composed by several connected layers are known
to be universal approximators, that is, they are able to approximate any arbitrary
mapping with any desired precision; see Ref. [13] and references therein for a proof of
this property. However, note that different architectures might be able to exploit the
subtleties in the data better than others in order to speed up the convergence of the
model to the correct solution. Furthermore, perfect convergence is usually hindered
by the unavoidable uncertainties present in the data, the lack of adaptability of the
model employed, or problems related to finding the correct solution numerically.

In a neural network composed by multiple layers, each sequential layer in the
network helps the model extract the relevant features of the mapping, which implies
that, in general, the deeper the network, the better. In the field of neural networks,
the adjective deep implies that the model contains numerous connected layers. Deep
neural networks tend to be computationally expensive to train and data intensive, as
they contain huge number of tunable parameters. Additionally, training deep neural
is inherently difficult as they suffer the so-called vanishing and exploding gradients
problems [14]. Nevertheless, deep neural networks are nowadays fruitfully applied to
a variety of complex tasks [15] 16].

The neural network mathematical model defined in eq. allows processing
several input examples simultaneously. To see this, imagine that we had a training
dataset composed by NN, input pairs, x. We can stack all the inputs into a matrix of
dimensions (N, N,), and directly apply eq. on the input matrix. In this case,
the output of a neural network layer is another matrix of dimensions (N, N, ), where
N,, is the number of neurons in the layer.

The topology of a neural network is called the network architecture. Different
architectures can be generated by varying the number of hidden layers, the number of
neurons in each layer, and the activation functions. Moreover, complex architectures
can be built by modifying the mathematical model in eq. (5.9), or the connections
between layers.
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5.1.1 Training neural networks

We are now in the position of introducing the standard way of training neural net-
works to solve real-world problems. As stated before, training is just a synonym
for learning the correct neural network configuration so that a target mapping ¢ is
correctly reproduced. Equivalent to the perceptron model, the neural network acts
as a parametrisation of target mapping: fy.

Understanding the properties of the particular task to which a neural network is
being applied allows us to decide the best architecture for the problem in question.
However, it is important to note that, a priori, we cannot know whether a particular
architecture will perform better or worse than other architectures on a given task. As
a result, it is advisable to explore the available literature in order to find benchmarks
on similar tasks before training a possibly non-optimal architecture.

In our supervised learning framework, we assume that the input space X and
the output space ) can be treated as probability spaces. As a result, the training
set corresponds to a sample of both input and output spaces. The network will
learn from those samples to find a configuration that best approximates the target
mapping t. In order to learn the correct mapping from the data, we use a penalty-
based approach: the network will receive a penalty every time it generates a mapping
tw(x) that does not lead to the correct expected outcome, that is, yp. This penalty
is usually measured in terms of a loss/cost function:

L= L(yr = t(zr),Jr = tw(zr)). (5.10)

Loss functions are scalar functions that measure some kind of distance between the
target mapping, ¢(z), and the current neural network approximation of that mapping,
tw(x). Several loss functions are available depending on the task in question. For
example, in classification problems, the most common loss function is the so-called
cross-entropy loss, which is derived from information theory, and measures the dis-
tance between two probability distribution functions. In contrast, in regression prob-
lems, the mean squared error (MSE) function is typically employed, although other
options are also available, such as the L1-loss function or the Huber loss function. A
list of common loss functions and their definitions can be found in Ref. [§].

Typically, training a neural network on a particular task using supervised learning
requires several prior choices, such as: the network architecture, the loss function,
and the initial values of the learnable parameters. Additionally, the values of some
other hyperparameters might need to be chosen appropriately.

In our supervised framework, the optimal values of the learnable parameters,
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labelled W, are those that fulfil the following condition,

W = argvffnin L(yr = t(zr), Y7 = tw(z7)). (5.11)
In the equation above argmin means the set of weights at which the loss function has
a minimum values. The optimal parameters depend on the loss function used, and
they represent the configuration that makes the neural network mapping approximate
the true target mapping according to £. In this context, W is found by minimising
the loss function on the training set.
Finding the configuration that minimises eq. is equivalent to finding the
points at which the first derivative of £ with respect to W is zero:

oL

0 o =0, forall weW. (5.12)

In most cases, eq. represents an analytically intractable system of equa-
tions. As a result, numerical minimisation methods are required. One of the simplest
methods available to find a solution to eq. is the so-called gradient descent
algorithm: a first-order numerical algorithm employed to find the minima of a scalar
function £. In gradient descent, the arguments of the function are updated iter-
atively until a minimum is found. The found solution might correspond to a local
minimum; convergence to a global minimum is not ensured in gradient descent. As
in any numerical minimisation algorithm, initial values for the function arguments
are required; the initial values might affect the performance of the algorithm.

In gradient descent, at each iteration, we update each function argument depend-
ing on the variation of £ when each individual learnable parameter w is infinitesimally
modified. The variation of £ is approximated using the Taylor expansion of L at
first order, by defining

AL = L(w + dw) — L(w) ~ VL(w))| Sw (5.13)

w=w+dx )

where V is the gradient operator, and dw is usually called the learning rate, typically
labelled a.

For convex functions, the minimum of £ is found when AL is close to zero. As
a consequence, if we update each weight iteratively using

wt=w' —aVL

(5.14)

wi?

eventually, we will arrive at a local minimum of £, as gradient descent updates the
function arguments in the opposite direction in which £ grows.
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Note that each weight in the neural network needs to be updated at every itera-
tion. Consequently, the derivatives of the loss function with respect to all learnable
parameters in the model are required. We can compute them using the chain rule.
For instance, the derivative of £ with respect to a given weight located in the layer
[ of a model with L total layers can be computed using

oL 9L dlw(xr) 9AY oz a7
Ow Ol (xr) AL 0ZE 1A ou’

(5.15)

where w' represents a particular parameter of the model, Z! is the affine transform-
ation at the layer [, defined as

Z'=W'o AT 4+ B, (5.16)

and Al = fY(Z!) is its non-linear activation. The derivatives are easily computable at
every stage as we know the functional forms of both Z and A at every layer. At each
training iteration, each parameter in the model is updated according to eq. (5.14)):

Wit = W; — « % wi. (5.17)
In practice, the derivatives are automatically computed using the framework of auto-
matic differentiation (AD) |17, |18].

Nowadays, there exist a wide range of variations of the standard gradient descent
algorithm with enhanced properties. Some of those variations are: the stochastic
gradient descent algorithm (SGD), momentum-based gradient descent, or the ADAM
algorithm. More information about gradient descent and some of its variations can be
found in Ref. [19]. Additionally, note that eq. is a first-order approximation
of the total variation. Some algorithms use second order approximations of AL,
which require the Hessian operator. The Hessian operator is the matrix containing
all the second-order derivatives of £ with respect to W. As a result, second-order
optimisation algorithms tend to be computationally expensive.

The standard algorithm used to train neural networks is called forward/back-
ward propagation. The algorithm is divided into two different stages: the forward
propagation, and the backward propagation. In the first stage, the network produces
its current estimate of the population mapping ¢ for some training inputs z,. After
computing the model output, y = fw(xT), we measure the distance between ¢ and
the expected true training outputs y; according to a previously chosen loss function.
Once the loss function is estimated on the training set, we proceed to the second
stage: the backward propagation. In this part of the algorithm, the first derivatives
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of the loss function with respect to all learnable parameters in the model are calcu-
lated. Once the gradients are computed, we perform an update of all parameters in
the model according to eq. .

Due to the fact that in the first stage of the algorithm the information flows from
input to output, and in the second stage the information flows backwards, training
a neural network is usually represented as a continuous loop: the forward-backward
training loop. Figure contains a diagram representing the standard iterative
algorithm used to train neural networks.

Backward pass: 2%

ow

Forward pass: L(tw (2z7), yr)

Figure 5.4: Diagram showing the standard forward-backward propagation al-
gorithm used to train a neural network. In the forward propagation step, the network
produces the current estimate of the population mapping 9 = fy(x7). This estimate
is employed to compute the empirical loss function at the current iteration using
the expected training output, yr. In the back-propagation step, the gradient of the
empirical loss with respect to all parameters of the network is computed. Those
gradients are used in eq. to update the current network configuration. The
loop is repeated until training is finished.

Training a neural network model using back-propagation is an iterative process.
The network updates its parameters several times employing the same training set.
Every time the network predicts the output of all inputs in the training datasets, we
say that the network has performed a training epoch. In general, training is carried
out for many epochs. Choosing the right number of epochs to train a network is not
straightforward, as numerical optimisation methods are not ensured to reach a global
minimum. As a consequence, networks tend to be trained for several epochs, until
their performance plateaus. Additionally, while training, it is standard to test the
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performance of the model in a test set, that is, a collection of inputs whose outputs
are known, but not included at training. This is usually called validating the model.

Due to the fact that training sets tend to contain large number of examples, it
is common to split the training set into mini-batches to reduce the computational
cost. In addition, this can also help over-fitting, as the neural network updates its
parameters at every iteration using only a proportion of the total dataset.

Some resources discussing neural networks, how to implement and train them,
and their possible applications can be found in Refs. [20-22].

5.2 Convolutional neural networks

Feedforward linear networks perform well in a large number of tasks, but they assume
that the input space is ultra-local, that is, each variable in the input space is com-
pletely independent. This assumption is reasonable for unstructured data belonging
to a vector space, where no spatial connections between different variables exist.
This condition is not always encountered in all types of data, for example in images,
time series measurements or functional data structures. In all these examples, the
information at a given location is affected by its neighbourhood, for example, the
colour of a pixel in an image depends on its surroundings. As a result, a modified
version of the standard linear neural network layer defined in eq. that exploits
this property could lead to improved performances for datasets with correlated input
spaces.

We can exploit the locality in our data by making use of the concept of neigh-
bourhood. For this to work, the input space should be measurable: there must be
a notion of closeness between inputs. For instance: if the input space corresponds
to images, the neighbourhood of a particular pixel is defined as all pixels in an area
surrounding that pixel; in time-series data, the neighbourhood of a measurement is
composed by all points in a region surrounding that particular measurement. Loc-
ality can be exploited when there is a notion of volume in the input data structures.

The goal is then to modify the model in eq. so that it takes into account
the local information in the input space in order to produce an output. A way
of achieving this is by using convolutions. Fundamentally, a convolution is just an
operator that applies a function, usually called kernel or filter, over an input function.
We use the label K to refer to kernels, while the label F' denotes input functions. In
general, convolutions are defined as

F'(t) = (F % K)(t) = / T dsP()K (s — 1), (5.18)

—00
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Figure 5.5: An example of a 1-dimensional convolution of a time series signal with
a bell-shaped kernel K. In this case, the convolution takes place in a window of
20 measurements. The upper figure shows the original signal and the kernel acting
on a particular region through eq. . The lower figure shows the result of the
convolution.

where t represents the arguments of the function F. The operator x is usually
employed to denote convolutions.

In our particular case, we are interested in discrete convolutions, that is, convo-
lutions of discrete signals F' with discrete kernels K:

F'lt] = (F x K)] ZF Kls —t]. (5.19)

The notation [t] implies that we are accessing the t'! element in the signal. The sum

runs over all the possible values in which F' is defined. The action of K over F' at a
given position t selects a neighbourhood of F' centred at ¢, and produces a weighted
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average of the input signal, where the weights are assigned by K. An example of a
convolution over a 1-dimensional signal using a bell-shaped kernel can be found in
Figure (5.5). The bell-shaped kernel used in Figure (/5.5 belongs to the parametric

family of Gaussian kernels, defined as

K(s—tyo)=

1 (s —t)°
o exp ( =~ ), (5.20)
where ¢ is a free-parameter completely specifying K. A value of ¢ = 2 was employed
to produce Figure .

In order to generate a neural network layer that exploits the locality in the input
signal, we promote the convolution operation in eq. as the new affine trans-
formation Z in eq. . This implies that a convolutional layer will process an
input signal A'~! using

Z't] = (AT % K)[t] = > AT [s]K'[s — t] + 1, (5.21)

S

where b is an optional bias, and K' is a learnable kernel defining the convolutional
layer. To apply non-linearity to the layer, Z! is usually passed through a non-linear
activation function: A' = f{(Z").

The question now is how to define the trainable kernel on each layer, which is
equivalent to selecting the dependence of K with some learnable parameters. One
possibility would be to use a parametric family of kernels, such as the Gaussian
kernels defined in eq. . Through back-propagation on a training set, the para-
meters defining the kernel are tuned to approximate the target mapping. The main
problem of this approach is its lack of flexibility: we cannot be sure that a given
parametric family is optimal for the task in question. To avoid this problem, we
can promote K to be a sequence of tunable real parameters that can be updated at
every iteration. In this formulation, K can be viewed as a blank canvas that can be
filled with different values to suit a particular task. This means that the space of
available kernels is richer, at the cost of increased number of learnable parameters in
the model. An example of a blank canvas kernel for 1-dimensional data with length
8 is

K = (ky, ko, ks, ky, ks, ke, k7, kg), (5.22)
where each of the weights k; is a tunable real number.

For finite signals, convolutions are not ensured to preserve lengths: the output
signal might have a smaller length than the input signal. In general, the convolution
of a signal of length L and a kernel of size K, produces another signal with length

I'=L-K,+1. (5.23)
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In order to preserve lengths, it is common to pad the input signal with dummy values
both at the beginning and the end of the signal. The convolution of a padded input
signal F' with p dummy values appended both at the beginning and the end of the
signal, and a kernel of size K, produces another signal with length

L'=L—N,+1+2p. (5.24)

In addition, it is sometimes common to skip sequential applications of the kernel over
the input to compress the input signal; this is called striding the convolution. It is
worth noting that convolutions allow the extraction of the fundamental features of
the input signal at the cost of lowering its resolution. Figure shows an example
of a convolution between a 1-dimensional input signal of size L = 5 and a kernel of
size K, = 3.

F 0.4110.27(0.540.93]0.41

* = 0.2910.36 0.09

K 0.2410.4410.05

Figure 5.6: Example of a convolution between an input signal F' of size L = 5, and
a blank kernel of size K, = 3. The output signal has size ' = L — K, + 1 = 3. The
convolution is applied by superposing the kernel over the signal starting from the
beginning, applying the convolution operation defined in eq. (5.19)), and then sliding
the window to the next point in the signal. If stride was employed, then the window
would be moved skipping s points between sequential applications.

Convolutions can also be applied to higher dimensional data, for example, im-
ages. In grey-scale image-processing, images are represented as matrices of dimen-
sions (L, L,) whose entries correspond to different pixels. Each pixel in the image
represents a shade of grey. In this 2-dimensional context, kernels can be represented
as 2-dimensional functions.

Applying a kernel K to an image I can be done through the 2-dimensional gen-

eralisation of eq. (5.19):

I,=(xK), fo i Kij, (5.25)

where the entries of K dictate how [ would transform under the convolution. Fig-
ure (5.7)) contains a diagram where convolutions are employed to select the edges of

120



Chapter 5. Introduction to neural networks

a grey-scale image. This is a common image processing technique included in most
image manipulation programs.

0 0 1 1
0 2 0
0 0 1 1 -1]+1
* = 1 1 0
0 1 1 1 -1]4+1
1 0 0
1 1 1 1
I K (FxK)

Figure 5.7: Diagram showing the convolution operation of a simplified binary 4 x 4
image with a 2 x 2 edge-selection filter. The resulting image shows the regions in
which the original image contain edges.

When applied to neural networks, the grey-scale image-processing kernels are
matrices of size (K, K,)), the entries of which correspond to learnable weights:

Wi Wi2 W13
K= Wo1 W22 W23 (526)
w31 W32 W33

Studying how convolutional layers could be applied to coloured images allows us
to define an important concept: the channel or feature space. In coloured images,
each pixel represents a 3-dimensional vector belonging to colour space. As a con-
sequence, coloured images can be viewed as tensors of dimensions (3, L,, L, ), where
the first dimension corresponds to the colour space of each pixel in the image. To pro-
cess tensorial objects using convolutions, we would need to employ tensorial kernels.
In the case of 2-dimensional images, the kernel dimensions would be: (C,, C;, K, K,),
where C, is the number of output channels of the layer, and C; is the number of chan-
nels of the input signal. The output of the layer would be a tensor of dimensions
(Co, L, L), where both L/, and L; are computed following eq. . A possible
implementation of a convolutional layer in this case is

Ci;—1
ZL=0+ > K.+ (5.27)
k=0
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(@)

dim[]] = (3,4,4) dim[K] = (2,3,2,2) dim[I'] = (2,3,3)

Figure 5.8: Diagram showing how convolutions could be applied to input data
with multiple features, that is, multiple channels as encountered in coloured images.
In this particular case, the input could be a coloured image of 4 x 4 dimensions,
which can be represented by a tensor of dimensions (3,4,4). As we would like to
obtain an output containing 2 channels, we need to employ a tensorial kernel of
dimensions (2, 3, K,, K,), where K, = K, = 2. The convolved signal is computed
using eq. (5.27), Consequently, its dimensions are (2,3, 3).

In eq. (5.27), ¢ represents a particular output channel, k refers to one input channel,
and « is the convolution operator defined in eq. . A given output channel is
computed by adding several convolutions. The dimension of each output channel
is (1, L}, L;). This procedure allows us to compensate the loss of resolution in the
input signal produced by the convolutions by increasing the feature/channel space.
Typically, the output of the convolutional layer Z! is fed to a non-linear activation
function in order to add some non-linearity to the output space. Figure contains
a diagram showing how convolutions can be applied to coloured images.

To conclude our discussion about convolutional neural networks, we note that
convolutional layers can be used in combination with regular linear layers. To do
so, we can flatten the output tensors by stacking their outputs into a 1-dimensional
array. Nowadays, it is frequent to include several convolutional layers in a neural
network, mainly in the first stages of the architecture. After the input is processed
by all convolutional layers, a set of linear layers is usually employed before generating
the final output of the network.

Convolutional neural networks produce state-of-the-art results in a large variety
of tasks. However, training them tends to be relatively expensive due to their large
number of learnable parameters. Before applying convolutional layers to a given task,
it is important to analyse the properties of the problem in question. Convolutions
are mainly useful when dealing with data structures containing a notion of locality.
For more information about convolutional neural networks, their applications, and
recent developments, we refer to Refs. [23-26].

122



Chapter 5. References

Eric A Wan. “Neural network classification: A Bayesian interpretation”. In:
IEEE Transactions on Neural Networks 1.4 (1990), pp. 303-305.

Raphael Féraud and Fabrice Clérot. “A methodology to explain neural network
classification”. In: Neural networks 15.2 (2002), pp. 237-246.

Yuxi Li. “Deep reinforcement learning: An overview”. In: arXiv:1701.07274

(2017).

Leslie Pack Kaelbling, Michael L Littman and Andrew W Moore. “Reinforce-
ment learning: A survey”. In: Journal of artificial intelligence research 4 (1996),
pp. 237-285.

Zonghan Wu et al. “A comprehensive survey on graph neural networks”. In:
IEEE transactions on neural networks and learning systems 32.1 (2020), pp. 4—
24.

Prakash M Nadkarni, Lucila Ohno-Machado and Wendy W Chapman. “Nat-
ural language processing: an introduction”. In: Journal of the American Medical
Informatics Association 18.5 (2011), pp. 544-551.

Yoav Goldberg. “A primer on neural network models for natural language
processing”. In: Journal of Artificial Intelligence Research 57 (2016), pp. 345
420.

Adam Paszke et al. “PyTorch: An Imperative Style, High-Performance Deep
Learning Library”. In: Advances in Neural Information Processing Systems 32.
Ed. by H. Wallach et al. Curran Associates, Inc., 2019, pp. 8024-8035. URL:
http://papers.neurips.cc/paper/9015-pytorch-an-imperative-style-
high-performance-deep-learning-library.pdf.

Francois Chollet et al. Keras. 2015. URL: https://github.com/fchollet/
keras.

123


http://papers.neurips.cc/paper/9015-pytorch-an-imperative-style-high-performance-deep-learning-library.pdf
http://papers.neurips.cc/paper/9015-pytorch-an-imperative-style-high-performance-deep-learning-library.pdf
https://github.com/fchollet/keras
https://github.com/fchollet/keras

Chapter 5. References

[10]

[11]
[12]

[13]

[14]

Martin Abadi et al. TensorFlow: Large-Scale Machine Learning on Hetero-
geneous Systems. Software available from tensorflow.org. 2015. URL: https:
//www.tensorflow.org/.

Frank Rosenblatt. “The perceptron: a probabilistic model for information stor-
age and organization in the brain.” In: Psychological review 65.6 (1958), p. 386.

Xue Ying. “An overview of overfitting and its solutions”. In: Journal of physics:
Conference series. Vol. 1168. 2. IOP Publishing. 2019, p. 022022.

Kurt Hornik, Maxwell Stinchcombe and Halbert White. “Multilayer feedfor-
ward networks are universal approximators”. In: Neural networks 2.5 (1989),
pp. 359-366.

Xavier Glorot and Yoshua Bengio. “Understanding the difficulty of training
deep feedforward neural networks”. In: Proceedings of the thirteenth interna-
tional conference on artificial intelligence and statistics. JMLR Workshop and
Conference Proceedings. 2010, pp. 249-256.

Wojciech Samek et al. “Explaining deep neural networks and beyond: A re-
view of methods and applications”™ In: Proceedings of the IEEE 109.3 (2021),
pp. 247-278.

Alfredo Canziani, Adam Paszke and Eugenio Culurciello. “An analysis of deep
neural network models for practical applications”. In: arXiv:1605.07678 (2016).

Adam Paszke et al. “Automatic differentiation in pytorch” In: (2017).

Atilim Gunes Baydin et al. “Automatic differentiation in machine learning: a
survey” In: Journal of Marchine Learning Research 18 (2018), pp. 1-43.

Sebastian Ruder. “An overview of gradient descent optimization algorithms”.
In: arXiv:1609.04747 (2016).

lan Goodfellow, Yoshua Bengio and Aaron Courville. “Deep learning (adapt-
ive computation and machine learning series)”. In: Cambridge Massachusetts
(2017), pp. 321-359.

Nikhil Ketkar and Eder Santana. Deep learning with Python. Vol. 1. Springer,
2017.

Michael A Nielsen. Neural networks and deep learning. Vol. 25. Determination
press San Francisco, CA, USA, 2015.

Rikiya Yamashita et al. “Convolutional neural networks: an overview and ap-
plication in radiology”. In: Insights into imaging 9.4 (2018), pp. 611-629.

124


https://www.tensorflow.org/
https://www.tensorflow.org/

Chapter 5. References

[24] Jiuxiang Gu et al. “Recent advances in convolutional neural networks”. In:
Pattern recognition 77 (2018), pp. 354-377.

[25] Zewen Li et al. “A survey of convolutional neural networks: analysis, applica-
tions, and prospects”. In: IEEE transactions on neural networks and learning
systems (2021).

[26] Serkan Kiranyaz et al. “1D convolutional neural networks and applications: A
survey”. In: Mechanical systems and signal processing 151 (2021), p. 107398.

125



Chapter 6

Spectral reconstruction with
neural networks

In the last section of Chapter , the spectral function of a Euclidean 2-point cor-
relation function was introduced. From its definition, we learnt that it contained
all the physical information encoded in the expectation value of a particular pair of
field operators. This is a consequence of the fact that any combination of two field
operators can be expressed in terms of a particular spectral function. As a result,
extracting the associated spectral function of an imaginary-time correlation func-
tion allows the analytic continuation from Euclidean time 7 to Minkowskian time ¢,
therefore gaining access to the real-time dynamics of the system.

6.1 Introduction to spectral reconstruction

As previously discussed in Chapter , the relationship between a thermal Euclidean
correlation function, Cg(T, k), and its associated spectral function, p(w,k), is an
integral relationship, defined as

> dw -

C(r.F) = / K (ol ). (6.1)
We refer to eq. with the name spectral relationship. K represents the kernel
that dictates how to transform from frequency space to Euclidean time domain. In
the interest of simplifying the notation, the term correlation function is employed
to refer to Fuclidean correlation functions. Consequently, we drop the label E in
Cg(7, k). Furthermore, the external momenta label is omitted: Cp(7).
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The kernel in eq. (6.1]) follows from analyticity. For mesonic 2-point correlation
functions, it is written as

cosh(w (T — 55))

2T

sinh(w/2T) ’

K(r,w) = (6.2)

where T represents the temperature of the system. Equation (6.2]) is only defined
for0 <7< N, =1/T.
Another way of expressing eq. (6.2)) is

K(1,w) = exp(—w7)[1l + np(w)] + exp(wr)np(w), (6.3)

where np is the Bose distribution,

1

S — 6.4
neW) = T =1 (6.4)
In the low temperature limit, the mesonic kernel reduces to
cosh(w (T — 55))
lim K = 1li i — — : :
A K = i = Sy P a2

All our experiments are performed employing the low temperature limit of the
mesonic kernel, as it transforms a complex convolution integral into a simple Laplace
transform.

In general, for complex systems such as QCD, only numerical estimates of Fuc-
lidean correlation functions can be computed, which implies that their corresponding
spectral functions are only accessible through a numerical inversion of eq. . The
task of inverting the spectral relation is referred to as the spectral reconstruction of
the correlation function. Typically, high quality spectral functions are required in
order to access the real-time dynamics of the system: low resolution spectral func-
tions cannot be accurately integrated to generate a precise analytical continuation
from Euclidean to Minkowskian space-time. Reconstructing high-quality spectral
functions is an arduous task: first, because numerical estimates of correlation func-
tions impede an analytical inversion of the spectral relation; and second, because
the information encoded in a numerical correlation function is difficult to access. For
instance, their high-energy information is heavily suppressed at 7 > 0 — see eq.
and . As a result, numerical spectral reconstruction is an ill-posed problem [1-
4], where the desired information is easier to access in p(w), than in the available

C(r).
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In our studies, we assume that all correlation functions can be regarded as dis-
crete signals of fixed length N,. Additionally, we also treat the spectral functions
as discrete signals of length N,. In practice, N, < N,. Although the spectral
functions are initially defined over the whole positive real line, numerical spectral
reconstruction only aims to estimate their low-frequency region. As a result, in our
experiments, the spectral functions are only defined over an equispaced region of
frequencies:

Q = [wo, wyl, (6.6)

where wy represents the initial frequency at which each spectral function is com-
puted, and w; corresponds to the last frequency at which every p is defined. As the
frequencies are equispaced, and the spectral functions are computed at N, different
frequencies, then, the spectral function resolution is

_ |ws — wol

A
w N

(6.7)

Other discretisations of €2 are also possible. From now on, the terms energy and
frequency are employed indistinctly to refer to the spectral functions domain, €.

We can inspect the ill-posedness of spectral reconstruction by treating it as a
regression task in which a spectral function model p is varied in order to minimise
the distance between the computed reference numerical correlation function C'; and
the correlation function generated by integrating p in eq. with the appropriate
kernel. The resulting model correlation function is labelled C. In this context,
p represents the unknown ground-truth target spectral function. To measure the
distance between C' and C, we define a norm || - ||:

o) -l =1l | S2K ) o) - sl (6

The norm is defined for all Euclidean times at which C' is defined; an example of a
valid norm is the standard Euclidean norm. As we deal with numerical estimates of
the correlation function, then, even in the case in which the left-hand side of eq.
fulfils ~

IC(7) = C(7)]| <, (6.9)

where € is an arbitrary threshold, p is not ensured to be equal to p. There are an
infinite number of spectral functions different to p whose associated numerical correl-
ation functions differ less than € for all Euclidean times considered. This problem is
even more severe once we take into account the fact that lattice correlation functions
are statistical estimates of a true underlying population correlation function. As a
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result, lattice estimates are affected by statistical noise, which aggravates the prob-
lem of choosing the appropriate model p that represents the true underlying target
spectral function p(w).

It is important to note that the ill-posedness of spectral reconstruction is just a
consequence of the fact that only numerical estimates of correlation functions can
be computed. If we had access to the exact analytical correlation function, then,
eq. (6.1) could be directly inverted as the Laplace transform is known to be an
invertible transformation.

A strategy that could reduce the ill-posedness of spectral reconstruction consists
on employing all available prior information on the properties of C' and p, for example:
positivity of the spectral functions, normalisation of the correlation functions, or
asymptotic behaviour of p and C. However, using this information in our favour
does not lead to a simple spectral reconstruction strategy, as the amount of prior
information available is small compared to the complexity of the task.

Spectral reconstruction belongs to a set of problems known as inverse problems.
Inverse problems are encountered in many fields, for instance, they appear in seis-
mology [5, 6] and medical imaging [7]. In addition, spectral reconstruction is not
specific to non-zero temperature QCD; for a recent review of spectral reconstruction
in thermal QCD and other quantum systems, we refer to Ref. [8]. At the date in
which this document is being written, spectral reconstruction is not completely under
control. Nevertheless, there are different methods that try to approximately solve it.
Some of these methods are: the Maximum Entropy Method (MEM) |9H16], Gaussian
processes models [17], Kernel Ridge Regression [18], Backus-Gilbert method [19], or
the Stochastic Average (SA) methodology [20-23].

This chapter presents and tests a simple methodology to perform numerical spec-
tral reconstruction of numerical correlation functions. The methodology employs
deep neural networks as the core tools to perform the reconstruction. The goal is
to explore the limits of the methodology by testing it through different scenarios
with variable complexity. Some basic knowledge about deep convolutional neural
networks is assumed throughout this chapter. An introduction to the field to neural
network and convolutional layers is provided in Chapter .

6.2 Deep neural networks in spectral reconstruc-
tion

This section contains some studies conducted with a simple methodology employing
deep neural networks to spectral reconstruction. Deep neural networks are standard

129



Chapter 6. Spectral reconstruction with neural networks

feedforward neural networks containing numerous layers and, therefore, large num-
ber of learnable parameters. They are known to achieve better performances than
shallower architectures in most tasks due to their large expressiveness. Although we
restrict our analysis to deep convolutional neural networks, other architectures can
also be employed.

Although the literature exploring the application of neural networks to the field of
spectral reconstruction is limited, the few already available results are promising |24/
26]. The experiments presented in this document are an extension of the ones presen-
ted in Ref. [26], where the authors introduce the simplest possible methodology in
which neural networks can be employed to perform spectral reconstruction. In their
work, the authors explore the performance of several architectures in different simple
scenarios. However, the neural network architectures employed in Ref. [26] can be
considered shallow by modern standards.

The methodology presented in Ref. [26] tries to exploit the previously mentioned
expressiveness of deep neural networks in order to build a model in which correlation
functions are mapped to their associated spectral functions without the need of
explicitly inverting eq. (6.1). This mapping can be mathematically formulated as

f:C—=TR, (6.10)

where C represents the space of all possible Euclidean correlation functions involved
in the reconstruction task, and R represents the space of all their associated spectral
functions. Fundamentally, C represents the space containing all correlation functions
appearing in the left-hand side of eq. (6.1)), while R is the space composed by all
spectral functions in the right-hand side of the spectral relation. In practice, the
mapping processes correlation function objects as inputs, and produces their expected
spectral functions as outputs:

F(C) = . (6.11)

Unlike other popular spectral reconstruction methodologies, such as MEM, our
methodology assumes that the reconstruction mapping f is deterministic. The fact
that the mapping is assumed deterministic does not mean that it cannot treat stat-
istical estimates of the input correlation functions, as functions of random variables
are also random variables. It only means that it does not assign probabilities to the
reconstruction, that is, it does not try to model the posterior probability distribution
function over the space of input correlation functions: P(p|C').

In our experiments, all input correlation functions are assumed to be perfect
estimates of a population correlation function. As a result, we do not analyse the
uncertainty in the reconstruction. However, one should always perform an uncer-
tainty analysis when dealing with real lattice correlation functions; remember that
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a lattice estimate of a particular correlation functions contains N different (and in-
dependent) estimates of the same population correlation function. To measure the
uncertainty in the reconstructed spectral function, one can process each of the N
lattice estimates of the population correlation function through the reconstruction
mapping defined in eq. . By doing so, we produce N estimates of the target
spectral function. The sample average of those N spectral function estimates cor-
responds to an unbiased estimate of the true population spectral function as long as
some standard conditions are fulfilled. The uncertainty in this spectral function can
be estimated through the standard error of the sample mean.

Assuming that the mapping defined in eq. exists, then we can parametrise
it using a neural network model: f = fy, where W represents the set of all learnable
weights in the model. Provided that the fundamental internal features of the mapping
are properly captured by the neural network, then the trained model could be used
to process input correlation functions in order to obtain their respective spectral
functions.

The task of learning the correct mapping can be formulated as a standard su-
pervised regression task. In this framework, pairs composed of Euclidean correlation
functions and their respective spectral functions are provided to the neural network
model. A collection of pairs (C, p), each of them respectively sampled from C and
R, is called a training set. In principle, through back-propagation on a large and
descriptive training dataset, the network model should be able to learn the internal
representation of the mapping: f ~ fy. The learning procedure can be mathemat-
ically defined in terms of a loss function measuring the distance between the target
training spectral function, f(C') = p, and the proposed spectral function by the
network, fu (C) = p.

In order to teach the network the correct mapping, a large collection of good
quality training pairs is required. However, we do not have access to real training
pairs, as spectral reconstruction on real lattice data is not possible yet. To circumvent
this difficulty, artificial datasets that try mimicking the real spaces are employed.

To generate our artificial training sets, we employ a series of assumptions about
the properties of both C and R. First, all correlation functions in our datasets are
measured at N, = 64 different Euclidean times; including correlation functions of
variable lengths can be achieved by padding the signals with zeroes up to a maximum
predefined length. Secondly, all spectral functions are assumed to be measured at
N, = 1000 different frequencies. In addition, the spectral functions are only defined
over (), previously defined in eq. . In our experiments, we employ wy = 0 and
wy = 8, which results in a spectral functions’ resolution of Aw = 0.008. The precise
physical dimension of the energy space is not important in our experiments.
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In order to construct the artificial training sets from which the mapping f is
learned, we need to sample a collection of spectral functions from R. To do so,
we assume that all spectral functions in R can be decomposed employing a linear
combination of N, independent semi-positive definite parametric peaks I',(w;¥6,),
where 6, is the set of real parameters completely specifying I',. As a result, all
spectral functions in R can be decomposed as

plw) = Z Ly (w; 6p). (6.12)

Whether the decomposition above can be performed, and the type of peaks that
should be used provided the decomposition is indeed valid, is still an open problem
of spectral reconstruction in QCD.

In principle, different types of parametric peaks can be employed in eq. ,
we restrict ourselves to bell-shaped peaks:

l(w — Mp)2).

NP
plw)=> A, exp(— (6.13)
2 T

The results of the experiments should be independent of the type of peaks chosen,
as our methodology knows nothing about the functional shape of p. The parameters
defining each peak are 6, = (A,, M,, W,), which correspond to each peak amplitude,
center and width. The possible values that the parameters ¢, can take are

A, €0.0,1.0); M, e[0.1,5.5]; W, € [0.01,0.20]. (6.14)

In Ref. [26], the authors limit the minimum distance between two peak centres, M,,.
Doing this can be helpful to restrict the possible structures appearing in R, however,
as it is not completely justified, we allow overlaps between peaks. A particular choice
of the possible values that the peak parameters can take is referred to as a region of
interest.

To make all examples in a particular dataset consistent, we normalise the spectral
functions so that the following condition is fulfilled:

/OO dwp(w) = 6.0. (6.15)

Several spectral reconstruction training sets can be generated by sequentially ap-
plying eq. (6.13) with a particular fixed number of peaks. Not allowing variable
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number of peaks in our datasets allows us to control the complexity of each train-
ing dataset: datasets composed by spectral functions with low number of peaks are
expected to be simpler than datasets in which the spectral functions are generated
through the combination of large number of peaks. In order to produce a particular
training dataset, first, we sample N, different spectral functions, each of them con-
taining N, peaks. The parameters defining each peak are uniformly sampled in the
volume defined in eq. . Once a spectral function dataset is generated, we can
produce its corresponding correlation function dataset by integrating eq. over )
using all previously generated spectral functions. As a result of the data-generation
pipeline, we produce two linked datasets: C, containing NV, input correlation func-
tions, and R, which is composed by their N, associated spectral functions. Each
dataset can be represented by a matrix of dimensions N, x N, where N, is the
length of each object: Ny = N,, for spectral functions,

pr(w) - pr(Nw)
R[N, N,] = pz(:wl) pQ({V“) , (6.16)
pny (1) o, (No)
and N, = N, for correlation functions,
Ci(m) C1(N-)
C[N,, N,] = 02@ e (6.17)
() - Oy (V)

Figure ([6.1)) contains some randomly selected training pairs extracted from a spectral
function dataset with IV, = 3

As different training datasets can be generated by varying N, and N, we require
a notation to specify a particular dataset. In our case, R[Ny, N,| represents a spectral
function dataset containing N, randomly sampled spectral functions, each of them
generated through the combination of N, peaks. Sometimes, we do not need to
specify the number of examples in a particular dataset. In this situation, we use the
notation R[N,] to refer to an arbitrary long spectral function dataset whose spectral
functions are generated through the combination of N, peaks. The same notation
can be applied to correlation function datasets. It is important to remember that
the kernel, the energy region at which each spectral function is defined, the region
of interest in which the parameters specifying each peak are sampled, the length of
both C' and p, and the functional form of the peaks employed to span each spectral
function are the same in all training sets considered.
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Figure 6.1: Randomly selected training pairs (C, p) belonging to a training set in
which the spectral functions are generated by combining N, = 3 randomly sampled
bell-shaped peaks. Training pairs share colour and line-style in both figures.

6.2.1 Basis expansion formulation of the mapping

The mapping f introduced in eq. processes input correlation function signals
of length 64, and produces output signals of length 1000. Due to the large difference
between input and output sizes, it is advisable to reduce the degrees of freedom
(d.o.f) involved in the reconstruction:

d.o.f= Ny — Ny (6.18)

This can be achieved by employing a different representation of the target spectral
functions. Note that different representations of the input correlation functions can
also be explored.

In Ref. [26], the authors explore two different representations of the spectral
functions: the standard one, where the output of the mapping is just the complete
spectral function; and a parametric formulation, where each spectral function in a
given dataset R[N, is represented by a set of real parameters . Those parameters
correspond to the ones defining each peak in a particular spectral function. As a
result, in this representation, the target training set is not R[N,], but a hypothet-
ical P[N,], composed by all parameters needed to completely specify each spectral
function in R[NV,]. In our particular case, the parametric formulation of the recon-
struction mapping processes input correlation functions of length 64, and produces
3 N, — 1 parameters representing their associated spectral functions; one parameter
is completely determined by the normalisation condition in eq. . The recon-
structed parameters can then be employed in eq. to generate the desired target
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spectral function p. Although this formulation greatly reduces the degrees of freedom
involved in the reconstruction, it is not well-defined in the limit of large N,: the size
of the target space grows with the number of peaks. Additionally, this formulation
only works for parametric peaks, which might not be desirable in future applications.

As a way of producing a generalisable formulation of the reconstruction map-
ping in which the number of degrees of freedom involved is reduced, we employ an
orthogonal basis expansion to decompose each spectral function in R[N,]. In this
formulation, every numerical spectral function is decomposed using a linear combin-
ation of orthogonal basis functions u,, each of them accompanied by a real coefficient
ls:

p(w) ~ le us(w), (6.19)

As the basis functions are shared among all spectral functions in R[N,], we can
represent each object in R[V,] using a set of N real coefficients. Due to the assumed
orthogonality of the basis functions,

/ dw us(w) ug (W) = ds. s, (6.20)
0
each coefficient in the expansion can be computed applying the following relationship:

ls = <p(w)7us(w)>7 (621)

where (x,y) denotes the usual Euclidean scalar product. We refer to the collection of
all N, basis functions with the label U. As the number of basis functions employed
in the right-hand side of eq. is arbitrary, the expansion is not exact, hence
the almost equal sign. The difference between the reference p(w) and its expanded
version, p, can be quantified using d, which is defined as

0 < |lp(w) = p(w)l = llp(w Zl us(w (6.22)

In the equation above, || - || represents the standard Euclidean norm. For a fixed 4,
different choices of basis function might lead to different number of basis functions
Ns.
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Figure 6.2: Diagram explaining the three formulations of the spectral reconstruc-
tion mapping. All three formulations process N,-dimensional input correlation func-
tions. Although theoretically equivalent, each formulation produces a different rep-
resentation of the spectral function as an output.

In the basis expansion formulation, the reconstruction mapping processes 64-
dimensional input correlation functions, and produces a set of Ny coefficients, which
depend on the particular choice of basis function employed in the decomposition.
Through the application of eq. (6.19), the original spectral function can be recon-
structed. If correctly implemented, this formulation has a well-defined large NV, limit,
as the number of coefficients in the expansion should not depend on N,. Addition-
ally, this formulation is more flexible than the parametric one, as it easily allows
the inclusion of variable number of peaks in the datasets. Figure contains a
diagram with all three mapping formulations discussed in the previous paragraphs,
as well as the relationships between them.

The main drawback of the basis expansion formulation is that we need to decide
which set of basis functions U is employed in eq. (6.19). We would like to use a
set of basis functions that allows a high quality — low d — decomposition of any
spectral function in R[N,] with as few coefficients as possible. In our experiments,

we apply the singular value decomposition (SVD) over a spectral function dataset
matrix — see eq. (6.16) — in order to generate U. Figure (6.3]) shows the first 4 basis
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functions extracted by applying the SVD decomposition over a randomly generated
spectral function dataset composed by spectral functions with 10 bell-shaped peaks.
The SVD decomposition is a well-known data decomposition algorithm that allows
a systematic dimensional reduction of complex datasets in terms of their directions
of maximum variance; the SVD decomposition is directly linked to another well-
known decomposition method, the principal component analysis (PCA). For more
information about the SVD decomposition, see Refs. [27-29].

010 ] 1 N N N 1 N N N 1 N N N 1 N N N 1 i

Ug
: Ul :
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3 ] uz
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005 1 oo i

0 2 4 6 8
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Figure 6.3: The 4 most relevant basis functions us(w) extracted using the SVD
decomposition of a dataset R[N, = 10, N, = 50000].

Applying the SVD decomposition over a spectral function dataset produces a
sequence of N, orthogonal basis functions ordered by their relevance: the first basis
functions contain the fundamental features of the dataset, while the last ones only
represent the minor details. As a consequence, in order to reduce the degrees of
freedom of the reconstruction, while at the same time maintaining a high-quality
decomposition, we keep the first Ny most relevant basis functions, and discard the
rest. The number of relevant basis functions used should be chosen so that the quality
of the basis expansion, measured in terms of 4, is not compromised on any examples
contained in the dataset. Note that for the SVD decomposition to work well, the
number of examples in the dataset should be large enough so that it represents a
descriptive sample of the properties of the underlying population space.

The fact that the first basis functions contain the fundamental features of the
dataset is reflected on the size of the coefficients accompanying them: the first coef-
ficients in the SVD decomposition tend to have a larger absolute value than the ones
corresponding to less relevant basis functions. Therefore, it is sometimes useful to

137



Chapter 6. Spectral reconstruction with neural networks

quantify the information described by the first s coefficients in the expansion. To do
so, we define the following quantity:

51,
Iy (s) = —SJ@JU", (6.23)

which is defined on a specific set of coeflicients {I}. Note that I;(s) is a number
between 0 and 1. From I;(s), one can compute the number of coefficients that
contain less than a previously selected proportion of the total information, Iy. This
number is represented by the label By, and its definition is

B{l} = Sp if I{l}(SO) S Io. (624)

By is a positive integer less or equal to IV,. In our experiments, I is set to Iy = 0.9.
Figure (6.4)) shows some randomly selected coefficients extracted from datasets with
variable number of peaks.

Figure 6.4: Randomly selected coefficients extracted from datasets with variable
number of peaks. The coefficients are computed using the first N, = 128 SVD basis
functions.

6.2.2 Experiments and results

In order to explore the viability of the methodology presented before, we analyse the
performance of the same deep neural network architecture on the task of learning
the correct mapping f on different training datasets.
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The neural network architecture employed in our experiments corresponds to a
standard 34-layer convolutional residual network (ResNet) [30]. We decided to em-
ploy a convolutional architecture in our experiments in order to exploit the local
information present in the input correlation function signals: the correlation func-
tion measured at a particular Euclidean time 7 depends on the measured values of
the same correlation function in a neighbourhood of 7, which is a consequence of
the functional nature of the input correlation functions. At the time in which this
document is being written, convolutional neural networks are the standard architec-
tures employed when the input signals contain a notion of locality. For instance,
they are ubiquitous in image processing, where the pixel values in a particular region
tend to be largely related. A short introduction to convolutions in the context of
neural networks can be found in Chapter . Despite convolutional neural networks
being typically defined for 2-dimensional inputs, such as images, our implementation
employs 1-dimensional convolutions.

The residual network architecture is known to perform exceptionally well in a
large variety of complex tasks, such as image processing, protein classification or
medical image. The ResNet model contains a combination of convolutional, batch-
normalisation and pooling layers, as well as residual connections between those layers,
which are known to suppress the problem of vanishing gradients in deep neural net-
works [31]. The 34-layer ResNet architecture contains more than 7 million learnable
weights, and employs dropout 32} 33] to reduce possible over-fitting.

The goal of our experiments is to explore how the model behaves as the task
of learning the correct reconstruction mapping increases its complexity. We vary
the complexity of the task through the number of peaks in the dataset. Ideally, if
the model is able to learn the fundamental features of the target mapping on each
dataset, then we could conclude that the model is robust enough to compensate our
lack of knowledge on the properties of spectral reconstruction. If this is in fact the
case, then the large expressiveness of the model would suppress the ill-posedness
of spectral reconstruction by learning the internal features of the reconstruction
mapping. A similar strategy is applied in machine language translation. No one is
able to model by hand the probability of finding the translated version of the word x
after having measured an arbitrary long sequence of words {a, b, ¢, ... }, as the search
space is highly correlated, huge and sparse. However, one can use a sufficiently large
and expressive model in order to learn the probability mapping by just providing the
model with numerous translation examples.

As explained before, in our formulation of the problem, a basis expansion is em-
ployed to represent each spectral function in the dataset. As a result, the target of
our regression is a set of coefficients generated through the application of eq.
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with U being the first N, basis functions extracted from the SVD decomposition.
The SVD decomposition is applied independently on each dataset. We do not al-
low shared basis functions among datasets to avoid employing non-optimal basis
functions in the decomposition, which could externally affect the performance of the
model. Nevertheless, Figure demonstrates that the SVD basis functions extrac-
ted from large N, datasets are able to completely reconstruct all spectral functions
in lower N, datasets with high-fidelity.
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Figure 6.5: Figure showing the average and standard deviation of 9, defined in
eq. (6.22)), as a function of the number of peaks in a dataset. Note that § is computed
across each dataset using the first 128 basis functions extracted from the dataset with
the largest number of peaks, R[N, = 15]. The number of examples in each dataset
is NV, = 50000.

In our experiments, we keep the first Ny = 128 basis functions extracted from
the SVD decomposition. This number seems to be sufficient to produce high-quality
decompositions, as expressed by the small value of ¢ in all datasets shown in Fig-
ure . As a result, our ResNet model processes correlation functions of length
N, = 64 as inputs, and produces N, = 128 coefficients as outputs.

In order to train the neural network over the different datasets, a loss function is
required. In our case, we use a variation of the mean-squared error (MSE) loss on
the basis expansion coefficients,

B

1 Ny N,
— b 762
Lo= 2 2 -1 (6.25)

b=1 s=1

where ZZ? represents the set of predicted coefficients by the network, and ° the true
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expected coefficients. The loss function £; makes the neural network output the
correct coefficients for each input correlation function. The original spectral function
can be reconstructed from those coefficients by applying eq. with the previously
computed 128 SVD basis functions.

In Ref. [26], the authors explore a combination of loss functions that aims to
reduce the ill-posedness of the problem by forcing the model to reconstruct the exact
expected spectral function, as well as its associated correlation function. These two

losses are
N, N,

L= >3 )P, (6.26)
and N )
ZZ C(7) — CP (). (6.27)

The first loss function, Lg, encourages the model to generate the coefficients that
uniquely reconstruct the expected spectral function, while the second loss function,
Lc, forces the model to predict the sequence of coefficients from which the correct
input correlation function C' can be generated through the sequential application of
eq. (6.19) and (6.1)).

All three previously defined losses, L5, Lr and Lg, can be included at training
using the following linear combination:

,C:a[,L+b,Cc+C£R, (628)

where a, b and ¢ are real numbers controlling the weight of each loss at training.
Generally, a is set to 1, while b and ¢ are always smaller than a. While preparing
our experiments, different values of b and ¢ were tested, but no significant increase
in the performance was spotted. Although including both L+ and L seems to not
cause a negative effect in the reconstruction, it considerably increases the training
time, as both C' and p need to be reconstructed from the coefficients predicted by
the network at each training iteration. This procedure can be expensive depending
on N, and the implementation. As a result, we decided to ignore Lo and Lp in our
final results, which implies that the loss function at training is just L.

In order to reduce possible over-fitting at training, as well as constraining the
values of the parameters, which could control the possible exploding gradients com-
monly spotted in deep neural networks, we add a regularisation term to our loss
function. This term is just a weight-decay L, loss function, defined as

L=Lp+7y ) |w) (6.29)

weW
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In the equation above, W represents the set of all learnable parameters of the model.
We set v to 1-10~% in our experiments.

Additionally, before training the models, we pre-process the training datasets to
help the neural network learn the correct mapping: pre-processing helps to avoid
including numerical bias in the training examples, which could lead to poor improve-
ments and even possible over-fitting. We prepare our training datasets by taking the
logarithm of each independent input correlation function as a way of reducing their
numerical exponential decay, which could cause the neural network to treat most
part of the input signals as zero values. We do this by replacing each correlation
function in C with their logarithm:

C(r) = log[C(1)], VT

It is worth noting that this pre-processing step does not seem to have a large impact
on the final performance of the model, therefore, it may be safely skipped. However,
it is advisable for really large input signals: N, > 1.

6.2.3 Performance of the model with N,

Our first experiment tested the performance of the 34-layer ResNet model on 6
training datasets, where each dataset has a different fixed number of peaks N,; the
number of peaks is varied from N, =1 to N, = 6. In this experiment, all datasets
contain the same number of randomly generated examples, N, = 1.5 - 10°.

We train the 34-layer ResNet architecture on each independent dataset for a total
of 1000 epochs, which means that the network revisits all examples in the training
datasets 1000 times in order to update its configuration. The number of epochs is
chosen to allow the network to train for long enough computer time without having to
wait long training times; training the model for 1000 epochs takes around 7 hours on
a single Nvidia V100 GPU. In general, the total number of epochs should depend on
the performance of the network in the training set, as well as in a test set. However,
in order to allow a fair comparison between results extracted from different datasets,
we fix the number of training epochs to 1000 for all datasets considered.

At each training epoch, the input and target training datasets are divided into
paired stochastic mini-batches of 16448 examples each. For all training datasets,
the algorithm employed to perform back-propagation is AdamW [34]; several other
algorithms were tested, but no significant variation in performance was spotted.
Before training, the learning rate is set of @ = 0.01, but its value is reduced at every
epoch using the following recursive formula:

o+ 0.997 . (6.30)
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Figure 6.6: Average empirical training loss as a function of the number of epochs.
The training datasets contain the same number of examples, N, = 1.5 - 10°, but
different number of peaks IV,. The data does not include the weight-decay term in
eq. ((6.29)).

The empirical losses at training time as a function of the number of epochs are
presented in Figure . As the data shows, the neural network seems to struggle
at learning the correct mapping as the number of peaks increases; there exists a
major difference between the empirical losses at N, = 1, 2, and greater number
of peaks. In fact, the performance of the model saturates as NV, increases. Some
visual reconstruction examples are provided in Appendix (C|), which suggest that
the network fails at learning to consistently resolve all peaks but the lowest energy
ones.

Figure suggests that training the neural network for longer could enhance the
results over 1-peak and 2-peaks datasets, as the loss function does not seem to have
plateaued in those particular cases. Varying the learning rate periodically [35] could
also help to reduce the empirical loss function values in those particular datasets.
In contrast, larger IV, datasets seem to plateau quite early, which supports the idea
that the network suffers at learning the correct mapping as N, increases.

The drastic variations spotted in the empirical training losses in Figure
might be caused by different problems. For instance, they can be a sign of exploding
gradients, which are sometimes common in deep learning architectures. As a way of
controlling this possible problem, we clip all network parameters’ gradients using

VoL < min(V,L, 10).

The gradients are computed with respect to the loss function in eq. (6.25). The
clipping value is arbitrary, and should be tuned for each task. Another possible source
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of the sudden variations found in the empirical losses is the stochastic nature of the
mini-batches, which is without any doubt causing the small oscillations encountered
in all loss function curves. Mini-batches can cause large oscillations in the training
loss if outliers are present in the training datasets. If several outliers are randomly
sampled into a single mini-batch, then they can lead to unexpected changes in the
loss function gradients, thus incrementing the loss function abruptly. Furthermore,
a non-optimal learning rate value can also cause sudden changes in the loss function.

6.2.4 Performance of the model with N,

In order to demonstrate that the drop in performance with N, is not caused by
an insufficient number of training examples in the datasets, we perform another
experiment. In this case, the same ResNet model is trained independently on several
training datasets with different number of examples IV,. All datasets share the same
number of peaks, N, = 3. Due to the fact that training the 34-layer ResNet model
on 1.25 million examples takes around 2 minutes per epoch on a single Nvidia V100
GPU, the model is only trained for 500 epochs in this experiment for all datasets
considered.
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Figure 6.7: Average empirical training loss as a function of the number of epochs.
All training datasets share the same number of peaks N, = 3, but contain differ-
ent number of examples N,. The data does not include the weight-decay term in

eq. (29).

The empirical losses at training for this experiment are presented in Figure (6.7)).
The results suggest that increasing the number of examples in the datasets is not a
sufficient strategy to learn the correct reconstruction mapping: the empirical losses
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are similar for all Ny, as the network only seems to be able to consistently resolve
the lowest energy peak in each spectral functions. This is explicitly shown in the
reconstruction examples provided in Appendix (C). The results in Figure also
suggest that increasing the training time could slightly improve the performance of
the model in some datasets, as the loss function seems to not have reached a clear
plateau for some particular datasets.

6.2.5 Analysis of the results

The empirical losses shown in Figure (6.6]), combined with the reconstruction ex-
amples provided in Appendix (C]), suggest that the network fails at learning the
correct mapping as NN, increases. Therefore, it is important to understand the source
of this drop in performance. Due to the extensive success of the ResNet architecture
in a wide variety of complex tasks, we assume that it is expressive enough to not be
the main source of the problem. In other words, an even larger and more complex
model is also expected to struggle at learning the correct mapping as N, increases.
As a consequence, increasing the size of the model by making it deeper is not a
viable strategy to improve the results in the proposed methodology. In addition, the
results available in Figure show that augmenting the number of examples in
training datasets does not lead to a significant increase in the model performance.
As a result, the inability of the neural network model to learn the correct large NV,
mapping is most likely a consequence of the inherent properties of the methodology,
that is, either the properties of the datasets or the basis expansion formulation.

It is worth mentioning that exploring the response of the model when trained
over large datasets for a long time could grant us more information about the effects
of both N, and the number of epochs in the performance of the model. Additionally,
testing the performance on the model over unseen examples is a required next step
that would allow us to confirm that the model is indeed learning the internal fea-
tures of the mapping and not just over-fitting the dataset. Some internal tests were
performed in this direction while training the model, and the results showed that
the network seemed to resolve the first low-energy peaks consistently on previously
unseen examples.

From the analysis presented in Figure , we discard the possibility that the
drop in performance is caused by a wrong choice of basis functions. The first 128 SVD
basis functions are expressive enough to allow a high quality reconstruction of several
independent spectral function datasets. This assumption is backed up by the data
shown in Figure , which demonstrates that the average number of coefficients
containing less than 90% of the total information in the dataset is independent of the
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number of peaks in each spectral function: a similar number of relevant coefficients
are required to describe the fundamental features of datasets with different number
of peaks.
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Figure 6.8: Average number of relevant coefficients and its standard deviation as a
function of the number of peaks. In order to compute Bll], we apply eq. with
Iy = 0.9 on a coefficient dataset extracted from R[N, N, = 50000]. An independent
set of basis functions is generated on each dataset.

Due to the fact that the saturation in the model performance spotted in Fig-
ure is assumed to not be caused by the ResNet architecture, nor by the basis
functions employed, and, additionally, increasing the number of examples in the
training datasets does not seem to lead to a significant improvement in the recon-
struction task, then the problem must be located in the properties of the training
datasets, which ultimately means that the source of the problem is the inherent
properties of the reconstruction task: the properties of the mapping.

In order to understand why the model struggles at learning the mapping as the
number of peaks in each spectral function increases, as well as why the model is only
able to consistently resolve the first peak in the spectral function, we analyse the
properties of both input and target datasets. First, we start with the target space,
represented by the SVD coefficients in our particular implementation: Figure
shows the variability of several target datasets as a function of the relevance of each
coefficient, s; the variability is measured by the standard deviation of all coefficients
in the dataset sharing the same basis function us. The data shows that the standard
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deviation of the coefficients decays with s for a fixed number of peaks. This behaviour
is expected from the results presented in Figure , and supported by Figure :
less relevant coefficients tend to contain less information, and therefore, their absolute
value is smaller. Additionally, Figure demonstrates that the overall variability
of the coefficients decays with the number of peaks. This implies that the spectral
functions belonging to datasets with large number of peaks resemble each other more
than the spectral functions belonging to low N, datasets. As the landscape of possible
spectral functions that can be generated through the combination of extremely large
number of peaks in a fixed region of interest — see eq. — decays with N, the
standard deviation of the datasets saturates as N, increases. This problem can be
solved by increasing the region of interest in which the peaks are defined.

Np
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Figure 6.9: Estimated variability of different coefficient datasets computed through
the standard deviation of all coefficients sharing the same basis function. All datasets
employed contain N, = 50000 examples. Only the first Ny = 128 coeflicients are
employed in the decompositions.

From the analysis performed on the coefficient datasets, we learn that the decrease
in the performance with IV, cannot solely be caused by the properties of the target
datasets. From a statistical point of view, the network should not find it more difficult
to learn the fundamental features of low NNV, datasets than large IV, datasets. In fact,
large N, datasets are statistically simpler than low NN, ones: the overall variability is
lower for large IV, datasets than in low N, ones, and, at the same time, the number
of relevant coefficients is independent of N, as shown in Figure (6.8)).
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The same analysis can be applied to the input correlation function datasets;
the results are presented in Figure . As in the previous analysis, the overall
variability decays with the number of peaks. However, in this particular case, the
overall standard deviation is around two orders of magnitude smaller than the ones
found in the coefficient datasets with equivalent number of peaks. This implies that
the correlation functions resemble each other more than the coefficients, which means
that similar correlation functions might lead to completely different coefficients —
ultimately, spectral functions. Moreover, the results demonstrate that the variability
of the input datasets decays exponentially with 7, which is expected from eq.

and eq. (6.5)).
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Figure 6.10: Estimated variability of different correlation function datasets com-
puted through the standard deviation of all correlation functions at a given Euclidean
time 7. All datasets employed contain N, = 50000 examples.

The analysis performed on both datasets allow us to suggest some possible causes
of the saturation in performance of the model with V,. One of the causes is the loss
of bijectivity of the numerical reconstruction mapping as the number of peaks in
the datasets increases; a mapping is said to be bijective when there exists a one-to-
one correspondence between input and output spaces; for each input, there is only
one output; Figure (6.11) contains some diagrams depicting a bijective and a non-
bijective mapping. We would like to stress that this loss of bijectivity is only present
in the finite precision mapping learned by the neural network, the real underlying
target mapping f is indeed injective, as eq. is invertible.
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fiC——R fiC—— R
(a) Bijective mapping (b) Non-bijective mapping

Figure 6.11: Diagram representing two abstract reconstruction mappings from
the space of all correlation functions, C, to the space of all spectral functions, R.
The figure on the left represents a bijective mapping, while the figure on the right
represents a non-bijective mapping.

As N, grows, there are multiple highly similar correlation functions whose spec-
tral functions are completely different, and, at finite machine precision, the neural
network is not able to differentiate them. This explains why the network is able to
learn the correct mapping on 1-peak datasets, and even 2-peak datasets, where the
probability of generating similar input correlation functions from completely different
spectral functions is small. As the number of peaks increases, the chance of creating
similar input correlation functions increases, which leads to a clear loss of bijectivity
in the network mapping. This problem is aggravated by the exponential nature of
the mesonic kernel. As peaks centred at w > 0 are exponentially suppressed, their
contribution to the correlation function is negligible as 7 increases. A visual analysis
of this problem is provided in Appendix (DJ).

Although the neural network model is not able to resolve all peaks in the spectral
function as IV, grows, it seems to consistently locate the correct lowest energy peak, as
demonstrated in the results provided in Appendix . This is another consequence of
the suppressed contribution of higher-order states to the correlation function. As the
network is not able to discern between highly similar correlation functions, it treats
all of them as equivalent samples. As a result, the network learns to produce the
sample average of all coefficients sharing highly similar correlation function. Due to
the fact that lower-energy states dominate, then their associated spectral functions
are likely to share the same low-energy peaks. As a result, the sample average
of those spectral functions is another spectral function with the correct communal
low-energy dominant peaks; all non-shared high-energy peaks vanish in the sample
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average. The same argument applies to the coefficients, as they are just another
representation of the spectral functions. It is important to note that the network
learns the average of all coefficients sharing similar correlation functions because
it is being trained on the mean-squared error loss function defined in eq. ,
whose minimum corresponds to the sample average of each independent coefficient.
Exploring different loss functions might help to alleviate this problem. Figure
demonstrates this idea.
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Figure 6.12: Examples of statistically equivalent correlation functions, their first
128 SVD coeflicients, and their associated spectral functions. For more information
about the definition of statistical equivalence, see Appendix @)

In order to generate Figure , a reference correlation function was randomly
chosen; the correlation function was sampled using a spectral function generated by
randomly picking 4 bell-shaped peaks in the region of interest defined in eq. .
Using this correlation function as a reference, we found 10 statistically equivalent
correlation functions; for more information about our definition of statistical equi-
valency, we refer to Appendix (]ED Once all 10 highly similar correlation functions

150



Chapter 6. Spectral reconstruction with neural networks

are found, we compute the sample average of their first 128 SVD coefficients using

1 10
e = Y, 31

The spectral function of the sequence of average coefficients can be obtained by
applying eq. with the correct set of 128 SVD basis functions. Furthermore,
the associated average correlation function can also be computed by integrating the
spectral relation with the previously reconstructed spectral function.

6.2.6 Conclusions

From the results obtained, we can state that the proposed mapping methodology
can only be truly efficient when applied to resolve the first low-energy peaks of the
spectral functions. Higher order states are inaccessible due to the loss of bijectivity
in the finite precision reconstruction mapping learned by the network, as well as
the exponential decay of the input signal. Although this constraint hinders the
generalisability of the methodology, it can also be used in our favour. Only low
N, datasets are required to extract the low-energy features of correlation functions,
which implies that we only need to focus on generating datasets that mimic the
low-energy region of the target spectral function space. A possible way of generating
such complex datasets might involve varying the number of peaks in each spectral
function, using different types of peaks, and employing non-parametric peaks. A
neural network can be trained on these newly generated datasets in order to learn
the correct low-energy reconstruction mapping. After training the model, it can be
used to produce an approximate estimate of the spectral function low energy region
from real input correlation functions. The outcome of the neural network can then
be used as prior information for more involved methodologies. It is worth stressing
that although neural networks are expensive to train, once trained, they can process
large amounts of data in relatively short time.

In conclusion, spectral reconstruction is even more complex than it seems, and
it cannot be completely controlled by brute force. This explains why some recent
research is focusing on understanding the problem from the ground up [36].

There are different lines of research that could extend the studies presented in
this document. For instance, neural networks models specifically tailored to deal
with functional data structures might be of use in spectral reconstruction, as both
C and p depend on a set of parameters: 7 and w respectively. Neural networks that
deal with functional data structures are usually called functional neural networks;
for more information about them, we refer to [37] and references therein. Related
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to functional neural networks, one can explore the application of operator learning
networks in spectral reconstruction [38-40]. Neural networks are known to be uni-
versal approximators of non-linear continuous functions. However, they also act as
universal approximators of non-linear functionals, that is, mappings from a space of
functions to the real line, and non-linear operators, which are mappings from a space
of functions to another space of functions [41, 42]. This second case is relevant to
spectral reconstruction, as eq. connects a space of functions, C, with another
space of functions, R. Recent research has produced impressive results applying
deep neural networks to solve partial differential equations and inverse problems in
fluid mechanics and other relevant fields [38, [39]. Another possible continuation of
the presented results would imply the application of the proposed methodology to
real lattice correlation functions. The results could be compared with other popu-
lar methodologies, such as MEM. For this specific task, the neural network could
be trained on large and complex datasets composed by spectral functions with low
number of peaks. The inaccessible high-frequency region can be safely avoided in
the dataset generation.

A different possibility would be to study spectral reconstruction using a prob-
abilistic approach in which the posterior probability of measuring p having already
measured C' is modelled. In this context, one could apply several neural network
frameworks to model the posterior probability distribution function. For example,
Bayesian neural networks [43-47] could be explored as a way of parametrising the
target probability distribution function. A different approach would be to explore
infinite-width neural networks [48-50], which are known to behave as Gaussian pro-
cesses with learnable kernels.

As a way of reducing the degrees of freedom involved in the reconstruction and, at
the same time, avoiding manually choosing a set of basis functions used to represent
each spectral functions, one could try exploring the application of Variational Auto-
encoders (VAEs) |51} [52] to spectral reconstruction. VAEs are known to extract the
fundamental features of complex datasets, which could allow the compression of both
input and output signals with high efficiency.

To conclude, it is worth mentioning that attention-based architectures, such as
the Transformer [53], have become very popular in the last few years. Due to their
ability to take into account the relationships present in sequences, they are able to
produce previously inaccessible results in multiple complex tasks [54, 55]. In spectral
reconstruction, they could be applied to reduce the problems associated with the
exponential decay present in the correlation functions: as an attention-based model
is able to focus on different part of the input signal, it might be able to access
the high-energy information contained in different regions of the input correlation
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functions. Therefore, it might be able to extract different information from different
parts of the input signal: for example, the 7 — 0 region is known to be polluted by
high-frequency states, while the 7 — oo region is dominated by the lowest energy
modes.
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Appendix A

Lattice setup

This appendix contains information about the lattice simulations employed in all
lattice-related studies presented in this document. The configurations used to com-
pute the correlation functions correspond to the anisotropic FASTSUM ensembles
described in detail in Ref [1]. Those ensembles are based on the anisotropic lattice
work of the HADSPEC collaboration at zero temperature |2, 3]. Our collection of
ensembles is referred to by the name Generation 2L (Gen2L), where L stands for
light. The definition of the anisotropic action governing the dynamics of the system
is detailed in Ref |2]. Our ensembles contain Ny = 2+ 1 dynamic flavours, being the
lightest quarks (u and d) degenerate and heavier than in nature; the strange quark
mass is fixed to its physical value. Additionally, propagators for valence charm quarks
are computed using the same relativistic action, as described in Ref [4, 5]. The heav-
iest quarks, bottom and top, are not accessible in our simulations. A collection of
relevant parameters defining our ensembles can be found in Table

Table A.1: Relevant information about the Gen2L anisotropic FASTSUM en-
sembles: a, (as) is the temporal (spatial) lattice spacing; £ the physical anisotropy;
M the pion mass; and T, is pseudocritical temperature, estimated via the inflection
point of the renormalised chiral condensate [1]. The scale setting is discussed in
detail in Ref [6].

1/a, MeV as fm ¢ =as/a, Ny M.MeV T, MeV
6079(13) 0.1121(3) 3.453(6) 32  239(1)  166(2)

We adopt a fixed-scale approach in our simulations, which implies that the tem-
poral lattice spacing is shared among all temperatures. As a result, the temperature
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of the system can be modified through the variation of the size of the lattice tem-
poral direction, labelled N,. The relationship between the temperature 7', the lattice
spacing a,, and the temporal extent of the lattice N, is

1

T = :
ar; N,

(A.1)

More information about this relationship can be found in Chapter (2). In our
simulations, a lattice of N, = 128 sites leads to the lowest temperature avail-
able, T" = 47 MeV; a lattice of size N, = 20 generates our highest temperature,
T = 304 MeV. Table summarises all lattices simulated, their corresponding

temperatures, and the number of configurations available at each temperature.

Table A.2: Table summarising all lattices available, as defined by the size of their
temporal direction, N,.. Each lattice represents a different temperature 7', computed
using eq. with ! = 6079 MeV. Additionally, N, represents the number of
configurations simulated at each temperature.

N 128 64 56 48 40 36 32 28 24 20
T MeV 47 95 109 127 152 169 190 217 253 304
Neont 1024 1041 1042 1123 1102 1119 1090 1031 1016 1030

All studies presented in this document focus on 2-point mesonic correlation func-
tion C'(y — x), constructed from two mesonic operators:

Cly —x) = (M(y)M'(z)), (A.2)

where
M(x) = Ya(2)T(2)ihp(z) (A.3)

and M1 is the complex conjugate of M. In the equation above, 14 represents an
antiquark fermionic field of flavour A, and g a quark fermionic field of flavour
B. Additionally, I' is an operator acting on all relevant spaces, which dictates the
quantum numbers of the mesonic operator M ().

In a 2-point mesonic correlation function, the first operator, M T(x), is called the
source operator, while the second one, M (y) is referred to as the sink operator. Due
to translational invariance of systems in equilibrium, 2-point mesonic correlation
functions are functions of the distance between sink and source operators: C'(y, x) =
C(y — x). As a result, it is a standard practise to place the source operator at the
origin of coordinates: z = (7., &) = (0, 0).
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All the analysis present in this document deal with thermal observables. All the
correlation functions analysed are expressed in a time-momentum representation.
We restrict ourselves to zero external momentum:

> (O(7,5)0'(0,0)). (A4)

—

Y

—,

C(r, k =0)

This implies that our thermal correlation functions are only functions of the Euc-
lidean time: C(y — z) = C(7). Additionally, our correlation functions are O(a?)-
improved using the Symanzik improvement scheme for anisotropic lattices [2].

Due to the fact that we simulate three different flavours — recall m,, = my — we
are able to study six different mesonic flavour combinations: uu, us, uc, ss, sc and cc.
Disconnected contributions to the mesonic correlation functions are not computed,
which implies that the ground state contributing to the uu pseudoscalar correlation
function is the charged pion.

In addition, for each available temperature, flavour combination and set of op-
erators, we compute two different estimates of the same correlation function, which
differ in the type of source used in the inversion of the Dirac operator. One estimate
uses local sources — in effect delta functions — and the other one employs Gaus-
sian smeared sources |7]. In order to apply smearing to a source vector G — see
Chapter (1) — we apply the following functional transformation [8H12]:

G'=A(1+kH)"G. (A.5)

In the equation above: A is a normalisation constant, H is the spatial hopping part
of the Dirac operator 2|, and s and n are two parameters controlling how smearing
is applied: n = 100 and x = 5.5. Additionally, the hopping term H contains APE-
smeared links [13]. Smeared sources are specifically designed to decouple from the
excited states contributing to the correlation function at small Euclidean time T,
thus enhancing the ground state signal. At low temperature, both types of source
should yield similar estimates of the ground state mass.
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Appendix B

Studies on mesonic operators

This appendix contains some analysis performed on continuum mesonic operators.
The contents are divided into two main sections: in the first one, we classify several
operators by their quantum numbers, which allows us to specify the lowest energy
modes contributing to 2-point correlation functions; in the second one, we include a
brief study on the relationship between the vector and axial vector operators under
SU(A) , chiral transformations. The first section simplifies the phenomenological
interpretation of the correlation functions, while the second one opens a window to
study chiral symmetry restoration in QCD as a function of the temperature.

We are mainly interested in mesonic 2-point correlation functions, which are
composed by two mesonic operators. A mesonic operator is defined as

M(z) = a(z) T ¢p(2), (B.1)

where 14 (x) represents a fermionic quark field of flavour A, ¥(x) a fermionic anti-
quark field of flavour B, and I' is an operator acting on all spaces to which the quark
field belong; for example, spinor space, flavour space.. The operator I' defines the
type of excitations generated by the pair of fermionic fields. It is worth mentioning
that I'" could depend on the space-time, but we restrict ourselves to operators that
are independent of the space-time coordinates. Mesonic operators are sometimes
called mesonic densities or mesonic interpolators.

B.1 Classification of mesonic operators

To obtain the quantum number of a particular continuum operator under a given
transformation, we study how the operator transforms under that transformation.
For example, if a continuum operator M transforms under the operator K as (—1) M,

VI
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then, we say that the quantum number of M under K is K = (—1). It is then clear
that the quantum numbers of a given operator grant us information about the object
itself, thus allowing us to classify the operators in a clear and concise way. In addition,
the quantum numbers indicate us which physical states contribute to a particular
2-point diagonal correlation function, as all states with the same quantum numbers
to M will be excited.

In our particular case, the relevant quantum numbers used to classify the states
are those associated with charge conjugation and parity transformations; we label the
charge conjugation transtormation with the label C, while the parity one is labelled
P.

In order to study how eq. transforms under both operators, first we need to
know how fermionic fields transform under C' and P. These transformation rules can
be derived by studying Lorentz invariance in field theory. Under charge conjugation,
fermionic fields transform as

~

Cy(z) = CYT(x), CP(x) = =y  (x)C". (B.2)
While their transformation under parity is,

Py(z) = y00(z), Pi(z) = d(x)0. (B.3)

Both transformations are not affected by the internal symmetries of the fields.

In order to extract the quantum numbers of different mesonic operators, it is use-
ful to know some properties of the Dirac y-matrices. First, through the combination
of all y-matrices, we can generate another matrix, labelled 75, and defined

V5 = YoV17273- (B.4)

The following properties of the Dirac y-matrices are required in the derivation:

V=7 =7 ve=7=1 (B.5)
Furthermore, these anti-commuting properties of the Dirac y-matrices play an im-
portant role in the analysis:

{7/“71/} = 26;w; {7/17/75} = 0. <B6)

To conclude, some useful identities relating ~-matrices and the charge conjugation
operator C are:

~

Cil ==y, Ol =73 (B.7)

oo
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There exist a collection of important relationships between the charge conjugation
and the parity quantum numbers, labelled C' and P respectively, and the quantum
numbers of angular momentum and spin, labelled L and S. These relationships
emerge in the wave-mechanical quark model, and serve as a connection between the
states contributing to quantum field theory 2-point correlation function, the quark
model, and experimentally measurable states. The before-mentioned identities are:

C=(-1)"% pP= (-1 (B.8)

In our case, the spin S is 0 or 1 due to the fact that mesons are bounded states of
two fermionic fields, each with spln , which 1mphes 5 ® 5= =20, 1. In principle, L can
be any integer. Through the comblnatlon of both spin and angular momentum, we
can generate the total angular momentum quantum number: J = L + S.

Studying how different mesonic operators transform under C and P is just a
matter of applying the rules defined above to different mesonic operators. Note that
different mesonic operators can be constructed by using different I operators. In this
particular case, as C and P do not act on the flavour space, we can safely assume
I' = v, being 7y one of the Dirac y-matrices. We are mainly interested in four different
operators, which we call: the scalar operator, with I' = 1; the pseudoscalar operator,
[' = ~s; the vector operator, I' = v; with ¢ = 1,2, 3; and the axial vector operator,
I' =75, with e =1, 2, 3.

We do not explicitly derive the quantum numbers of all operators. Nevertheless,
to show how one could extract the quantum numbers of the operators, we will analyse
the vector operator in detail. To do so, we start by defining the vector mesonic
operator:

Vi(z) = dalz)yibs(x). (B.9)
Under parity, this operator transforms as
Pfa(x)utop(@)] = —da(@)yn(z), (B.10)

which implies that the parity quantum number is P = (—1). Under charge conjuga-
tion, V;(x) transforms as

C[fa(2)1vs(@)] = —a(@)yn(x), (B.11)

which implies that C' = (—1) for the vector operator. For the charge conjugation
operator to be defined, both fermionic fields must have the same flavour combination:
Y4, V4. Typically, the operators are identified with the lowest energy modes they can
excite. To obtain the lowest energy mode of the vector operator, we can use eq.
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with L = 0, which leads to S = 1. Therefore, our analysis has revealed that the
lowest mode of the vector operator corresponds to a spin 1 meson; experimentally, the
lowest energy mode is referred to as the p(770) state. The complete set of quantum
numbers for the relevant operators can be found in Table (B.1)).

Table B.1: Main mesonic operators studied in our simulations, indicated by their
names, defining operators I', and their J”¢ quantum numbers.

Channel Pseudoscalar Vector Axial-vector Scalar

Operator Y5 Y VuYs 1
JPC 0+ 1 1+t ott

Table displays the lowest energy mode of each channel studied: scalar,
pseudoscalar, vector and axial-vector. Each flavour combination possesses a different
lowest energy mode. The names of the states are taken from the most recent Particle
Data Group (PDG) database [1] using the information displayed in Table as a
reference.

Table B.2: Table containing the names of the lowest physical energy modes of each
non-singlet mesonic operator produced in our simulations. As the u and d quarks
are degenerate in our simulations, we employ the label uu to refer to the non-singlet
ud flavour combination.

Name uu us ss uc sc cc
Scalar ao(1450)  K7(1430)  fo(1710)/fo(1370) Dz(2400) D% (2317)°  xeo(1P)
Pseudoscalar t K n/n'(958) D D* (1)
Vector p(TT0)  K*(892)  6(1020)/w(782) D" D J/(18)

Axial vector  a1(1260) Kia £1(1420)/£1(1285)  Dy(2430) D41(2460)"  xe1(1P)

B.2 SU(2), related mesonic operators

In this section, we analyse the relationship between the vector and the axial vector
mesonic operators under SU(2), chiral transformations. The existence of such a
relationship opens a window to study the restoration of chiral symmetry as a function
of the temperature through the analysis of diagonal 2-point correlation functions
composed by the vector and axial vector densities.
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Appendix B. Studies on mesonic operators

As we focus on SU(2) , chiral transformations, we restrict the discussion to the
lightest flavour combination available: ud. In addition, we assume that SU(2) , chiral

symmetry is restored and, as a consequence, the light sector quarks can be treated
as an SU(2) doublet:

o= (4) o= @ (B.12)

We are interested in the following vector and axial mesonic operators:

Vi(e) = d(a) v (a);  Af(z) = d(@) ypmath(z) i=1,2,3. (B.13)

The 7 matrices are the three generators of SU(2), called Pauli matrices; they fulfil
the following properties:

{Tas T} = 20a;  [Tas To] = 2 €ape Te (B.14)

Under SU(2) , transformations, the quark field doublet transforms as

.70 _)(gﬂ
o e Ty (L )¢ (B.15)
— — A TO - _)9_'
b et 2 (1 ), (B.16)

where 6 is a parameter of the transformation. The presence of 7 in the transform-
ation implies that the axial transformation acts on the flavour space of the mesonic

operator: see eq. (B.12)).

We can apply an infinitesimal axial transformation to the vector operator defined

in eq. (B.13]) to obtain

. SU@2), - .
¢7¢Taw —A> ¢7¢Taw + Eabe eaiﬂ%’YsTc% (B17)
which can be expressed as

Vo S0@a oy g, A, (B.18)

7
In the limit of restored chiral symmetry, the vector mesonic operator has contribu-
tions from the axial-vector density. Consequently, provided that chiral symmetry is
restored, we expect to find degeneracies between diagonal correlation functions in
the vector and the axial vector channels.
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Appendix C

Spectral reconstruction examples

This appendix contains some randomly selected reconstruction examples extracted
from different training datasets. The examples are drawn from the same datasets
used to train the 34-layer ResNet in Chapter @ The examples do not represent
predictions of the network, as the model has already been exposed to the data while
training.

The examples are meant to display the performance of the neural network model
on the task of learning the correct reconstruction mapping in a particular dataset.
The results are sampled using the network configuration at the last training epoch.

All figures presented in this appendix show three randomly selected examples for
each dataset. For each example, the expected and predicted coefficients are shown:

l, and l;.
In addition, their associated spectral functions are also contained in the examples:

plw) and p(w).

The spectral functions are generated using eq. , where the basis functions
employed in the expansion correspond to the N, = 128 most relevant basis function
generated from the SVD decomposition of the spectral function training dataset:
R[Ny, N,

In the first section, we present some reconstruction examples extracted from a
collection of datasets containing the same number of examples, but variable number
of peaks. The 34-layer ResNet model was trained over all those datasets for 1000
epochs. The second section contains some examples extracted from a collection of
datasets sharing the same number of peaks, but variable number of examples. The
model was trained for 500 epochs in this second case. More information about the
model, and the training setup, can be found in Chapter @
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Appendix C. Spectral reconstruction examples

C.1 Fixed N, variable N,

The reconstruction examples presented in this section are extracted from the ex-
periment shown in Figure . All training datasets share the same number of
examples, N, = 1.5 - 10°, but each of them contain spectral functions with different

number of peaks N,,.
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Figure C.1: Examples extracted from a dataset with N, =1
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Figure C.2: Examples extracted from a dataset with N, = 2
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Figure C.3: Examples extracted from a dataset with N, = 3
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Figure C.5: Examples extracted from a dataset with N, =5
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Figure C.6: Examples extracted from a dataset with N, = 6

XVIII



Appendix C. Spectral reconstruction examples

C.2 Fixed N,, variable N,

The reconstruction examples presented in this section are extracted from the experi-
ment shown in Figure . All training datasets contain spectral functions with the
same number of peaks, N, = 3, but each of them has a different number of training
examples N,.
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Figure C.7: Examples extracted from a dataset with N, = 250000
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Figure C.8: Examples extracted from a dataset with N, = 500000
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Figure C.9: Examples extracted from a dataset with N, = 750000
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Figure C.10: Examples extracted from a dataset with N, = 1000000
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Figure C.11: Examples extracted from a dataset with N, = 1250000
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Appendix D

Study on statistically equivalent
correlation functions

This appendix contains some analysis that support the idea that the required preci-
sion needed in the reconstruction mapping to resolve arbitrary high-energy peaks is
extremely large, as the spectral reconstruction mapping becomes statistically non-
injective as the number of peaks increases, that is, correlation functions that might
be equivalent between statistical errors lead to completely different physics.

To perform the analysis, we first sample a reference spectral function generated
through the combination of N, bell-shaped peaks whose parameters are randomly
sampled in the region of interest defined in eq. . After sampling a reference spec-
tral function, we compute its associated correlation function by integrating eq. (6.1
with the low-temperature kernel defined in eq. ; the resulting correlation func-
tion is labelled C..(7).

The second step of the analysis consists on looking for 25 statistically equivalent
correlation functions. In this context, statistical equivalence means that a proposed
correlation function C'(7) is contained inside the standard error band of C.(7):

Cy(1) — EI’I‘[CT(T)]:| < Cur) < [CT(T) + Err[C.(7)]| V7T (D.1)

The label Err[C,(7)] denotes the standard error of the reference correlation function
at a given Euclidean time. In principle, the errors are not heteroskedastic, that is,
they depend on 7. For a given C' to be statistically equivalent to C,., the equation
above must hold for all Euclidean times at which C' and C). are defined.

As our datasets are artificially generated, no sampling errors occur in the data-
generation process, therefore, no notion of uncertainty is available in our sampled
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Appendix D. Study on statistically equivalent correlation functions

correlation functions. As a result, we need to model the uncertainty in our estim-
ates. To do so, we employ the following function to model the proportion of noise
encountered in a given correlation function:

NO eNl T

AC(T) = ——— D.2

") =50 (D-2)
where Ny and N; are two constants defining the properties of the noise. Both con-
stants can be fixed using the following equations:

1

PN, C(T = NT)
No

). (D.3)

In the equation above py denotes the proportion of noise in the correlation function
at 7 =0, and py, denotes the proportion of noise present in C(7) at 7 = N,.
From eq. (D.2)), we can obtain the standard error of C(7):

Err[C/(7)] = AC(1) C(7). (D.4)

Figure (D.1]) shows two artificially generated correlation functions and their standard
errors, computed using eq. (D.4)) with py = 0.05 and py, = 0.20. In our experiments,
we fix pp = 0.05 and pyn. = 0.10.

100 4~
100 i
107! —
£ £
D 1072 D 1072 i
0 20 40 60 0 20 40 60
T T

Figure D.1: Artificially generated correlation functions whose standard errors are
computed using eq. (D.4). The noise model employed assumes a py = 0.05 and a
PN, = 0.2.

The results contained in the figures demonstrate that, as N, increases, the land-
scape of possible spectral functions that lead to statistically similar correlation func-
tions largely increases. As a result, the reconstruction mapping needs to be able
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to resolve the minor details contained in the correlation function estimates to cor-
rectly determine the corresponding spectral function. It is worth mentioning that, in
real state-of-the-art lattice QCD simulations, the proportion of noise encountered in
correlation functions is around 10~%, orders or magnitude below the ones shown in
these experiments, which significantly reduces the chances of generating statistically
equivalent correlation function from completely different spectral functions.
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Figure D.2: Examples of statistically equivalent correlation functions, their asso-
ciated spectral functions, and the respective first 128 SVD coefficients. All spectral
functions are spanned by only one randomly sampled bell-shaped peak.
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Figure D.3: Examples of statistically equivalent correlation functions, their asso-
ciated spectral functions, and the respective first 128 SVD coefficients. All spectral
functions are spanned by 2 randomly sampled bell-shaped peak.
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Figure D.4: Examples of statistically equivalent correlation functions, their asso-
ciated spectral functions, and the respective first 128 SVD coefficients. All spectral
functions are spanned by 3 randomly sampled bell-shaped peak.
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Figure D.5: Examples of statistically equivalent correlation functions, their asso-
ciated spectral functions, and the respective first 128 SVD coefficients. All spectral
functions are spanned by 4 randomly sampled bell-shaped peak.
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Figure D.6: Examples of statistically equivalent correlation functions, their asso-
ciated spectral functions, and the respective first 128 SVD coefficients. All spectral
functions are spanned by 5 randomly sampled bell-shaped peak.
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Figure D.7: Examples of statistically equivalent correlation functions, their asso-
ciated spectral functions, and the respective first 128 SVD coefficients. All spectral
functions are spanned by 6 randomly sampled bell-shaped peak.
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