
Spectroscopic Measurements of Lithium

in Late-type Stars

Ella Xi Wang

A thesis submitted for the degree of

Doctor of Philosophy

The Australian National University

Research School of Astronomy & Astrophysics

April 2024

© Copyright by Ella Xi Wang, 2024

All Rights Reserved



To Alex, for the years past, and many more to come



Disclaimer

I hereby declare that the work undertaken in this thesis has been conducted by me

alone, except where indicated in the text. I conducted this work between March

2020 and April 2024, during which period I was a PhD student at the Australian

National University. This thesis, in whole or any part of it, has not been submitted

to this or any other university for a degree.

This thesis has been compiled as a Thesis by Compilation in accordance with relevant

ANU policies. Chapter 2, chapter 3, and chapter 4 in this thesis have been published

in peer reviewed journals. I have made signi�cant contribution to each of these

journal articles and have written the text of the papers myself, with the exception

of Section 2.3 in Chapter 2.

Ella Xi Wang

15 August 2024

i



Acknowledgements

PhDs are hard, but I think I'm allowed to say that my PhD has been a bit harder

than usual. Through this journey I've learned not just science but also lessons about

people and life. In some ways, I've changed; but in other ways, I have not. I do not

regret any of my choices that led up to today, and If given the chance, I would do

it all again. I have the people around me to thank for this con�dence.

First, I wish to acknowledge the Ngunnawal and Nambri people as the traditional

custodians of the land where I have carried out this research.

Thank you to my panel members: Dr. Thomas Nordlander, Dr. Sven Buder, Dr.

Jo Ciuc�a, Prof. Karin Lind, Dr. Michael Hayden, Prof. Helmut Jerjen, for your

guidance, patience, and giving me the freedom to explore and develop as a researcher.

Special thank you to Thomas and Helmut, who both stepped up into leading roles

on my panel, allowing me to continue my PhD as planned.

Thank you to my mentor Dr. Katie Grasha, for advice and support in times of

adversity: you have taught me how to be a better academic. Thank you to Dr.

David Yong, who always knows the right words to say: you have given me the

con�dence to walk the path I want.

Thank you to my collaborator and friend soon-to-be-Dr. Maddie McKenzie, for

unwavering support when I needed it most. We may not have become friends at

�rst sight, but you are now a trusted friend, collaborator, and colleague.

Thank you to Stu Wyithe and Sam Slater, who both supported me through the

black hole that is the eforms system and got me the extension that I desperately

needed.

Thank you to the sta� and students at RSAA, for making Stromlo the welcoming

and friendly community that I love and cherish.

Thank you to my mum Dr. Lan Zhen Wang, for encouraging me to pursue my

dreams.

Thank you to the kind people I've met on my travels, for making me feel welcomed

and showing me your culture.

To Coco, my furry eggplant of a cat, for keeping me sane by reminding me to get

out of bed to feed her these past few years.

ii



And last but not least, to the reader, thank you for giving me your time and attention

by reading this thesis.

iii



Abstract

Stars are fundamental to our understanding of the Universe, from the largest galaxies

to the smallest planets. Low mass stars retain the chemical imprint of the gas

cloud they were born from. Therefore, stellar abundances provide insight into the

evolution of stars and chemical elements throughout the life of galaxies, such as our

own Milky Way. Galactic archaeology uses stars and their chemical �ngerprints like

fossils to trace cosmic history. Out of the known elements, lithium (Li) is a uniquely

interesting element, produced in Big Bang Nucleosynthesis (BBN) and cosmic ray

spallation, and moderated in stellar evolution.

Stellar abundances cannot be directly observed or measured, instead they must be

inferred from models; with 3D hydrodynamical models more accurate and compu-

tationally expensive than 1D hydrostatic models; and local thermodynamic equilib-

rium (LTE) an approximation on non-LTE (NLTE) spectral synthesis. I calculate a

grid of 3D NLTE Li spectra for FGK-type stars and provide an interpolation package

Breidablik, allowing for accurate measurements of Li abundances from spectroscopic

observations. I apply these models to high �delity observed spectra and to a large

spectroscopic survey.

I test the limits of 3D NLTE modelling through ESPRESSO observations of three

metal-poor dwarf halo stars. I �t 3D NLTE line pro�les of Li, Fe, and K, and show

that the line shape of 3D NLTE line pro�les matches with high �delity ESPRESSO

observations, thereby con�rming the accuracy of 3D NLTE spectral synthesis at

levels previously only seen for the Sun. I apply my 3D NLTE Li grid to over 600 000

stars observed as part of the GALAH survey. I developed a method for empirically

taking into account the e�ects of blends on the weak Li line. It is important to

derive realistic uncertainties for Li because the upper limits depend on them { not

only are the detections close to upper limits in abundance, but also because two

thirds of the dataset are upper limits. This is the largest catalogue of 3D NLTE Li

abundances to date.

Throughout this thesis, I investigate Li phenomena in late-type stars using my 3D

NLTE synthetic spectra. First, the so-called cosmological lithium problems: there is

a discrepancy between the predicted BBN7Li and 6Li abundance compared to the

abundance measured in metal-poor halo stars. I �nd that there is no discrepancy in
6Li, which implies that the solution to the discrepancy in7Li lies in stellar evolution.

I measure the Li-dip, a narrow region of main sequence turn o� stars which are

depleted in Li. I show that the Li-dip extends up the subgiant branch, implying

that the physical mechanism that forms the Li-dip not only depletes Li but also
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destroys Li. I �nd a meltdown of the the warm plateau, formed by stars warmer

than the Li-dip, due to a large number of false detections. Similarly, I �nd that

the metal-poor giant plateau is not reliably measured due to false detections. In

order to study these plateaus, higher signal-to-noise ratio spectra is required. I

then investigate Li in giant stars, where I observe more Li in red giant branch stars

compared to red clump stars, implying that there is no ubiquitous production of Li

in the He-
ash. I �nd more Li rich red clump stars than Li rich red giant branch

stars, but no strong correlation with any stellar parameters, leaving the origin of

these Li rich stars unknown.

This thesis is a study of Li abundances in stars using stellar spectra from both a

modelling and observational perspective. Although physically accurate 3D NLTE

models are computationally expensive, I show that 3D NLTE spectral syntheses are

accurate when compared to high �delity observations and that it is now possible

to apply these models to large spectroscopic surveys. The detailed study of Li

phenomena from a large set of stars with accurate abundance measurements probes

our understanding of the physical mechanisms at play during stellar evolution.
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Chapter 1

Introduction

For thousands of years humanity has looked up to the sky and wondered what could

be out there. During the bright day, we saw one star, the Sun; and during the dark

night, we saw thousands more stars in the sky. Stars have played an important

part in ancient civilizations, from navigation through constellations, to tracking the

passage of time and seasons. As a result, humanity has studied stars for thousands of

years; and through the study of stars, astronomy is the oldest �eld of science.

Not only were stars important to ancient civilizations, but stars are also fundamental

to astronomy. Almost everything in astronomy is based on stars. In life, stars

synthesise elements, host exoplanets, and are the building blocks of galaxies. In

death, stars release these elements into their environment through planetary nebula

and synthesise even heavier elements through supernovae; eventually turning into

white dwarfs, neutron stars, or black holes. From an observational perspective, most

of the optical light we observe are emitted by stars. We discover exoplanets through

a regular dip in the amount of light from a star, and we disentangle the light from

di�erent populations of stars coming from other galaxies.

Despite stars being fundamental to astronomy, there is still a lot to stars we don't

know. When stars are born, we do not know how many stars are born at what

mass, the initial mass function. As stars age, we do not know exactly how material

is transported around the stellar interior, stellar evolution. When stars die, we

do not know how much of each element they release back into the galaxy, stellar

chemical yields. But before we can discuss what we do not know about stars, �rst

we must discuss what we do know about stars.

1.1 Stars

For as long as we have been studying stars, we have been observing them. It

is through this observed starlight that we derive the properties of stars. There

are two main ways of observing stars: photometry and spectroscopy. Through
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photometry, we get the main observables of stars: luminosity, which correlates to

radius; and colour, which correlates to surface temperature (Scilla 2016). Observing

the same stars over time, we can also learn about their motion across the celestial

sphere. Through spectroscopy, we not only measure the surface temperature and

gravity (the latter derived from stellar radius and mass), but we also probe elemental

abundances through spectral lines and the third dimension of motion through radial

velocity.

The Hertzsprung-Russell (HR) diagram shows the brightness of a set of stars as

measured through two or more photometric �lters. These photometric �lters corre-

late to the temperature and surface gravity of stars. Figure 1.1 shows a snapshot of

well observed bright stars with minimal extinction at a �xed point in time. From

this �gure, we see the the temperature and luminosity that stars can have, noting

that some combinations of parameters are not inhabited by stars because they are

non-physical. Colour indicates density, showing that most stars lie on the main

sequence. Each feature of the HR diagram is labelled and will be discussed in

Section 1.1.1.

The properties of stars vary based on their spectral type, denoted as a sequence of

OBAFGKMLTY with decreasing temperature (Morgan & Keenan 1973), which are

correlated with stellar mass. In this thesis, I will focus on stars with spectral classes

FGK, also known as late-type stars. Late-type stars are: the majority of stars that

form from molecular clouds (Bastian et al. 2010; McKee & Ostriker 2007), long

lived compared to OBA-type stars, and contain many absorption features in their

spectra. Therefore, late-type stars are important because they are common and we

can measure their chemical composition.

1.1.1 Late-type Stars

Most late-type stars are low mass stars, typically with mass below 8M� . These

stars are born on the pre-main sequence in molecular clouds which contract until

enough pressure is reached for hydrogen to ignite in the core (Scilla 2016), starting

their life on the main sequence. Late-type stars spend most of their life evolving

slightly up the main sequence, getting hotter and brighter, before turning o� the

main sequence onto the red giant branch. These stars expand but become cooler as

they burn hydrogen in a shell around its now mainly helium core. At the same time,

the convective zone deepens and then recedes towards the surface, leaving behind a

chemical composition discontinuity. When the hydrogen burning shell crosses this

discontinuity, both the temperature and luminosity of the star drops slightly, forming

the red giant branch bump (Bjork & Chaboyer 2006; Cassisi et al. 2016). Stars lose
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Figure 1.1: Well observed bright stars with low extinction from theGaia satellite.
This �gure shows a snapshot of stars at a �xed point in time, illustrating the stellar
life cycle and the stellar properties of stars at di�erent points in their life. Figure
modi�ed from Gaia Collaboration et al. (2018b).

mass as they evolve up the red giant branch (Reimers 1977; Dupree 1986; Willson

2000). At the tip of the red giant branch, the helium core ignites, and stars descend

back down the red giant branch onto the horizontal branch for metal-poor stars or
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the red clump for Solar metallicity stars (Girardi 2016). Stars then ascend the red

giant branch a second time. This time with helium burning in a shell around the

now mainly carbon and oxygen core, this phase is known as the asymptotic giant

branch (see e.g. Karakas 2017 for a discussion on AGB stars from a nucleosynthesis

perspective). On the asymptotic giant branch, stars blow away their outer layers

through stellar winds, leaving behind a carbon-oxygen white dwarf core.

Late-type stars retain the chemistry of the molecular cloud that they were born in

like DNA (Armillotta et al. 2018; Jofr�e et al. 2019). This feature is due to late-type

stars containing a shallow convective envelope which does not fully mix with the

radiative zone and core where the modi�cation of elements through nucleosynthe-

sis is taking place. Through the chemical �ngerprint and orbital motion of these

long lived stars, we can characterise stellar populations and trace Galactic chemi-

cal evolution to understand galaxy formation (Freeman & Bland-Hawthorn 2002).

Therefore, much of the study of late-type stars relies on measuring their elemental

abundances.

1.2 Stellar Abundances

Stellar abundances are inferred from synthetic spectra, and are therefore model

dependent. In this section, I discuss stellar atmosphere models and the radiative

transfer assumptions that go into spectral synthesis.

1.2.1 Stellar Atmosphere Models

Stellar models used in spectral synthesis only contain the outer most layers of a star,

hence the name stellar atmosphere models. Although stellar light originates from

the core through nuclear fusion in the form of high energy photons, these photons

do not escape the star, but are instead absorbed and re-emitted as a brand new

photon. The only photons that escape the star to reach us on Earth are from the

outer layers, known as the photosphere, and so the light we observe is from the

photosphere.

Stellar atmospheres are three dimensional objects with a time dependence. However,

in the past, stellar atmospheres have been modelled in 1D with time independence

due to computational limitations. 1D hydrostatic models assume time indepen-

dence and no horizontal spacial variation. They are modelled as a set of layers

each corresponding to di�erent depths, containing the properties of the atmosphere:

temperature, pressure, and electron density. These basic properties, together with

chemical composition, allow us to calculate the number of atoms, ions, and molecules
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at every excitation state in every atmospheric layer. Convection, which dominates

the energy transport near the surface of late-type stars and is a 3D e�ect, is ap-

proximated through mixing length theory (B•ohm-Vitense 1958; Henyey et al. 1965).

Today, we are able to model stellar atmospheres in 3D with time dependence. 3D

hydrodynamic models are time dependent and account for horizontal spacial vari-

ation. Therefore, velocity is a key property of 3D models. As a result, convection

now arises naturally from gas velocity as opposed to approximated using mixing

length theory. Whilst 3D hydrodynamic models are more physically realistic than

1D hydrostatic models, they are also more computationally expensive. 1D hydro-

static models take minutes to converge whilst 3D hydrodynamic models take of the

order of ten thousand hours to converge.

There are many codes used to calculate stellar atmospheres. I will cover a few

commonly used codes and their common use cases. Both ATLAS (Castelli & Ku-

rucz 2003) and MARCS (Gustafsson et al. 2008) are 1D stellar atmosphere codes

developed in the 1970s primarily modelling late-type stars. Other 1D models were

developed for di�erent types of stars. Slightly cooler, Tsuji (2002) calculates mod-

els for ultracool dwarfs; whilst slightly hotter, MAFAGS-OS calculates models for

AFG-type stars (Grupp 2004). Even hotter, TLUSTY targets hot stars and accre-

tion disks (Hubeny & Lanz 2011). CMFGEN overlaps with TLUSTY but goes even

hotter and focuses on hot stars with winds (Hillier 2011). PHOENIX, although de-

veloped in 1D for expanding atmospheres such as supernovae (Hauschildt & Baron

1999), can now calculate both 1D and 3D stellar atmospheres (Hauschildt & Baron

2010). On 3D atmospheres, both CO5BOLD (Ludwig et al. 2009) and STAGGER

(Magic et al. 2013) are 3D stellar atmosphere codes focused on late-type stars. Other

3D atmospheres include additional physics. In particular, MuRaM includes mag-

netic �elds (V•ogler et al. 2005), whilst Bifrost simulates the corona consistently with

the convective photosphere (Gudiksen et al. 2011).

1.2.2 Radiative Transfer

Radiative transfer is the propagation of photons through the stellar atmosphere

(Gray 2008). The intensity of radiation (I ) leaving the stellar surface at a particular

frequency (� ) is given by:

I � (� � ) =
Z 1

� �

e� (t � � � )S� (t) dt; (1.1)
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where S� is the source function, and� � is the optical depth de�ned as:

� � =
Z z

1

� � (z)
j� j

dz; (1.2)

where � = cos(� ) is the viewing angle,� � is the volume extinction coe�cient, and

z is the geometric depth. Through radiative transfer, we calculate the number of

photons escaping the star at each wavelength, producing a spectrum.

Radiative transfer comes in two main 
avours: local thermodynamic equilibrium

(LTE) and non-local thermodynamic equilibrium (NLTE). A common approxima-

tion made in thermodynamics is thermodynamic equilibrium, which assumes no net

change in mass or energy. LTE is a relaxation on the strict thermodynamic equi-

librium and instead, assumes that locally there is no net change in mass or energy.

Under the assumption of LTE, how many atoms are in what excitation state, known

as level populations, follows from basic statistical mechanics and can then be com-

puted using the Boltzmann and Saha distributions. NLTE is a relaxation on LTE.

In NLTE, photons are allowed to travel freely between regions in di�erent thermo-

dynamic properties, and therefore this non-local radiation �eld starts a�ecting the

level populations. As a result, the level populations in NLTE are then dependent

on the relative strengths of collisional and radiative transitions. LTE is upheld in

deeper layers of the atmosphere where collisions dominate over radiation due to the

higher pressures and where the mean free path of photons is short; LTE is no longer

upheld in the outermost layers due to the lower pressures and because photons can

travel freely. In the middle layers LTE may hold for some species but not oth-

ers, and the dominant collisional and radiative transitions may have similar rates.

Whilst NLTE is more physically realistic than LTE, it is also more computationally

expensive.

There are many codes that solve radiative transfer under the LTE assumption.

SYNTHE was one of the �rst spectrum synthesis codes, originally developed for

ATLAS stellar atmosphere models (Kurucz 2005). SPECTRUM, whilst also devel-

oped for ATLAS model atmospheres, is often used for rotating stars instead (Gray

1999). MOOG was developed to measure chemical abundances in stars (Sneden

et al. 2012). Spectral Investigation Unit (SIU) is a spectrum synthesis code with a

visual interface (Reetz 1991). Spectroscopy Made Easy (SME) is often used for exo-

planet host star abundance analysis (Valenti & Piskunov 1996), but also has a large

number of modules for other science (Piskunov & Valenti 2017). Turbospectrum was

originally developed to solve radiative transfer in cool stars (Plez 2012). Korg is the

latest LTE code, written with the goal of being a modern spectral synthesis code,
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with further development on a NLTE solution in the works (Wheeler et al. 2023).

There are now numerous LTE codes can produce NLTE spectra through precom-

puted departure coe�cients, which are the ratios of NLTE to LTE level populations.

However, these departure coe�cients are tabulated from NLTE codes which solve

the equation of radiative transfer under NLTE.

NLTE radiative transfer codes solve the equation of radiative transfer in NLTE,

as a result, they produce NLTE spectra without the use of externally computed

departure coe�cients. Most NLTE codes were developed for 1D atmospheres, later

expanding to 3D atmospheres. MULTI was developed to solve radiative transfer

for 1D atmospheres in NLTE (Carlsson 1986), later developed into MULTI3D for

3D atmospheres (Leenaarts & Carlsson 2009). Balder developed from MULTI3D,

and was designed to work on both 1D and 3D atmospheres (Amarsi et al. 2018).

NLTE3D was developed to solve NLTE radiative transfer in 3D atmospheres (Ste�en

et al. 2012). RH was developed to accurately model chromospheric lines, originally

for 1D atmospheres (Uitenbroek 2001), the code now works with 3D atmospheres

on a column-by-column basis (also known as 1.5D; Pereira & Uitenbroek 2015).

Some stellar atmosphere codes also produce an emergent spectrum by solving the

equation of radiative transfer, e.g. CMFGEN, TLUSTY, and PHOENIX. Radiation

dominates in the atmosphere of hot stars, as a result, both CMFGEN and TLUSTY

solve radiative transfer in NLTE instead of LTE. PHOENIX can solve radiative

transfer in both LTE and NLTE.

The past 50 years has seen a huge number of stellar atmosphere and radiative transfer

codes (Lind & Amarsi 2024), with advances in computing enabling more physically

realistic spectral synthesis, leading to more accurate elemental abundances. Through

measuring elemental abundances in stars, we probe the chemical history of the Milky

Way.

1.3 Galactic Archaeology

Galactic Archaeology is the study of the past, present, and future of the Milky Way

through stars. By observing the chemical and dynamical properties of �eld stars

and stellar clusters, we probe the chemical and formation history of the Milky Way

and its major building blocks: stellar disk, bulge, and halo; as well as smaller stellar

nurseries: open and globular clusters. For example, observations of Globular clusters

and old metal-poor halo stars show a spread in metallicity and ages, supporting the

idea that the halo of the Milky Way formed over a long period of time, where

groups of stars were collected independently through gravity (Searle & Zinn 1978).
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These observations support galaxy formation as a series of mergers between smaller

galaxies, as opposed to the collapse of one massive cloud into a galaxy. Through

Galactic archaeology, we learn about how the Milky Way formed, and by extension

improve our understanding of galaxy formation (Freeman & Bland-Hawthorn 2002).

The Milky Way is the only galaxy to date for which we can resolve billions of stars,

o�ering an unparalleled high resolution picture of galaxy formation and evolution in

progress. Galactic archaeology is studied through stellar surveys containing millions

of stars.

1.3.1 Stellar Surveys

For centuries, astronomers have observed stars and analysed these observations with

\computers". Starting from 21 stars in Wallerstein (1962), to today, where stellar

photometric surveys of a billions of stars and stellar spectroscopic surveys of millions

of stars have been completed, and more spectroscopic surveys of 10 million stars are

planned for the future. The analysis of this data to derive useful science out of it is

at the forefront of Galactic archaeology.

There are many current or completed stellar surveys focusing on di�erent aspects

of stars. Hipparcos (Schuyer 1992) and later Gaia (Gaia Collaboration et al. 2016)

repeatedly observe the same stars to derive precise positions and velocities. Kepler

(Borucki et al. 2010; Kjeldsen et al. 2010) and later TESS (Ricker et al. 2014; Stassun

et al. 2018), whilst designed to �nd exoplanets, also provide asteroseismology and

thus probe stellar structures. Current spectroscopic surveys such as GALAH (Buder

et al. 2021), APOGEE (J•onsson et al. 2020), Gaia-ESO (Randich et al. 2022), and

LAMOST (Luo et al. 2015) enable abundance measurements. Although we are

able to study stars from multiple angles using these surveys, the data products are

di�erent for each type of survey and thus the analysis requires di�erent techniques.

My work focuses on measuring abundances from spectroscopic surveys.

Throughout this thesis, I will use customary abundance notation, where absolute

abundance is de�ned as,

A(X) � log10(NX =NH) + 12 (1.3)

and Solar-relative abundance is de�ned as,

[X=Y] � (A(X) � A(Y)) � (A(X) � A(Y)) � ; (1.4)

where Nx is the number density of the element \X".
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1.3.2 Spectroscopic Surveys

Stellar abundances are inferred by comparing observations to synthetic spectra,

but it is computationally infeasible to compute realistic synthetic spectra for each

observed star. Therefore, to measure abundances for spectroscopic surveys, we

traditionally rely on interpolating grids of synthetic spectra. Grids of synthetic

spectra are synthetic spectra computed at speci�c combinations of stellar parameters

and abundances. They are called \grids" because these combinations of stellar

parameters and abundances usually take equidistant step sizes in all parameters,

forming what looks like a grid.

Grids of synthetic spectra used to analyse spectroscopic surveys are usually 1D LTE

or NLTE through departure coe�cients. This is because� 104 stellar atmosphere

models are required to adequately sample the stellar parameters, and even more

synthetic spectra are required to sample abundance space. The stellar parameter

space consists of three to four parameters: e�ective temperature (Te� ), surface

gravity (log(g)), metallicity ([Fe/H]), and sometimes � -enhancement ([� /Fe]); and

the abundance space will be the elements which can be measured from the spectra.

Typically elemental abundances are measured from relatively unblended lines, which

means the elements measured depends on the wavelength coverage, and will di�er per

survey. Current surveys measure up to 30 elemental abundances. 3D NLTE grids

are computed per element, and so can only be applied on an element-to-element

basis.

The application of synthetic spectral grids to observed spectra requires interpolation

from the grid to arbitrary parameters. In the case of 1D grids, solving the equa-

tion of radiative transfer can be fast enough that simply interpolating the stellar

atmosphere is enough. This is not the case for 3D stellar atmosphere grids, and

due to the hydrodynamical nature of 3D atmospheres, interpolation on the stellar

atmosphere is not straight forward. Instead, interpolation on the emergent spec-

trum is the common approach for 3D grids, and can also be used for 1D grids.

Traditionally a combination of Cubic spline and multi-dimensional linear interpola-

tion is used for both 1D and 3D grids. These interpolation models which produce

emergent spectra are often called spectral emulators. However, until recently, the

accuracy of traditional spectral emulators on the edges of high dimensional grids,

which spans an irregular parameter space (see Fig. 1.1), have not been well studied

in the literature.

Abundances can be derived by �tting synthetic spectra from spectral emulators to

observed spectra. The corresponding parameters of the synthetic spectra are then

the measured parameters of the star. The �tted parameters are high dimensional and
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typically degenerate because the measured values of some parameters, e.g. Te� and

log(g), in
uence the measured values of other parameters, e.g. [Fe/H] and elemental

abundances. Whilst parameters (until recently) are always estimated through �t-

ting synthetic spectra, error derivation varies between di�erent works. These error

estimates include: error formulas (Cayrel 1988; Norris et al. 2001), approximating

the curvature around the minima (Vugrin et al. 2007), measuring systematic errors

through comparison to benchmark stars (J•onsson et al. 2020), and sampling the

posterior through Monte Carlo algorithms (Foreman-Mackey et al. 2013; Buchner

2019). Fitting typically takes seconds to minutes per star, with error estimation tak-

ing seconds to hours per star depending on the method. For a survey containing a

million stars �tting and error estimation can be computationally expensive, which is

why recently more and more people have turned to machine learning methods.

1.3.3 Machine Learning for Spectroscopic Surveys

Machine learning can be described as \designing algorithms that automatically ex-

tract valuable information from data" (Deisenroth et al. 2020). For the purposes of

this thesis, I will be using machine learning to refer to functions with parameters

that have no intrinsic physical meaning.

ML models trained on grids of synthetic spectra have been used as spectral emula-

tors. Di�erent ML architectures have been used, including higher-order polynomials

(Ness et al. 2015) and feedforward neural networks (Ting et al. 2019). Disregard-

ing the cost of �tting the spectral emulator, these ML spectral emulators typically

produce interpolated spectra faster compared to traditional spectral emulators, but

each have their own 
aws. In particular, the Cannon is known to oscillate at higher-

orders, whilst feedforward neural networks introduce noise like oscillations into the

interpolated spectra, as I will discuss in Chapter 2.

Label transfer (Guiglion et al. 2020; Nepal et al. 2023) has been used to analyse large

spectroscopic surveys instead of spectral emulators. Label transfer takes an existing

survey which already has measured parameters, trains a ML model on spectra from

the new survey with the parameters from the existing survey on crossmatched stars,

then applies this trained model to the full new survey; thereby \transferring" the

labels from the existing survey to the new survey. This technique inherits all 
aws

from the existing survey, such as biases for particular sets of stars and inaccuracies

in synthetic spectra; and is limited by the existing crossmatch between surveys. In

addition, better synthetic spectra cannot be incorporated, which means progress on

synthetic spectra does not lead to improved abundances from large spectroscopic

surveys when using label transfer.
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Label propagation lies between label transfer and spectrum �tting. Label propaga-

tion analyses a small set of observed spectra through traditional methods, trains a

ML model on this small set of spectra, then applies this ML model on the other

observed spectra (Ness et al. 2015; Buder et al. 2018; Leung & Bovy 2019). This

enables improvements in synthetic spectra to be incorporated in the spectroscopic

survey analysis, but does not derive errors in measured parameters based on obser-

vational errors.

With current spectroscopic surveys observing one million stars, and future spectro-

scopic surveys targeting ten million stars (Dalton et al. 2016; de Jong et al. 2019),

ML methods are required to derive abundances from this data. However, all mod-

els come with their own assumptions, and it is likely that di�erent ML models are

required for di�erent scienti�c applications.

1.4 Lithium

Lithium is unique in astronomy as it is the only element that is formed in Big

Bang nucleosynthesis, cosmic ray spallation, and modi�ed in stars. Low mass stars

typically deplete Li during stellar evolution through various physical mechanisms

(Deliyannis et al. 1990; Sills & Deliyannis 2000; Sun et al. 2022), however, Li can

be produced in these same stars at certain evolutionary states such as in red giants,

AGB stars, and novae (Prantzos 2012). There are two stable isotopes of Li, the

more abundant7Li and the less abundant6Li { which is also more fragile and thus

more easily destroyed. Through these formation channels, mainly7Li and a small

amount of 6Li is formed, and they connect stellar evolution with Galactic chemical

enrichment, from the past to the present.

1.4.1 Li in Stellar Evolution

Li is burned at temperatures above 2.5 MK in the cores of stars (Basri et al. 1996;

Chabrier et al. 1996; Bildsten et al. 1997; Ushomirsky et al. 1998). Only the base

of the convective layer of some late-type stars can reach a Li burning temperature,

and so Li is mostly retained in the photosphere. The mixing of material between the

radiative core and the convective surface of the star through stellar evolution then

depletes Li throughout the stellar lifetime. Observations of stars only measure Li in

the convective surface, therefore observations of Li in stars probe the stellar interior

through material that is mixed into the stellar surface. Fig. 1.2 shows the di�erent

physical processes that a�ect the surface Li abundance during stellar evolution, from

the pre-main sequence to the base of the red giant branch.
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Figure 1.2: The Li depletion mechanisms that dominate throughout di�erent phases
of stellar evolution. Protostars start on the top right, condensing until hydrogen
ignites on the zero-age main sequence (ZAMS). The evolution of the star then follows
the numbers until the base of the red giant branch. Tb is the temperature at the
base of the convective zone. Figure from Deliyannis et al. (1990).

Measuring Li abundances in stars probes stellar interiors because Li is burned in

the cores of stars. A protostar forms from a dense cloud of dust and gas and is fully

convective. For Solar-like stars, small amounts of Li is destroyed through nuclear

burning during this phase. As a protostar contracts on the pre-main sequence, the

core becomes radiative and the convective zone recedes to the surface. When the

pressure and temperature is high enough to ignite hydrogen burning in the core, the

star lands on the main sequence. On the main sequence, Li is primarily depleted

through rotational mixing (Thorburn et al. 1993; Ryan & Deliyannis 1995; Sills &

Deliyannis 2000; Deliyannis et al. 2019; Boesgaard et al. 2020). This is the mixing of

material between the convective surface which retains Li and material from deeper

in the star with depleted Li (see Pinsonneault et al. 1990 for a discussion on the

physical mechanisms which induce this mixing and its relationship with Li). After

the main sequence turn o�, stars dredge up material from the interior to the surface

as the convective zone deepens, resulting in a rapid depletion of Li through dilution.

The exact amount of Li depleted in each stage of stellar evolution is highly sensitive
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to the mass, metallicity, and the amount of mixing. Typically, stars of lower mass

and higher metallicity deplete more Li (Deliyannis et al. 1990).

Li is observed to be further depleted as stars evolve beyond the RGB bump, shown

in Fig. 1.3, through deep mixing: the mixing of material from the base of the

convective zone to the hydrogen burning shell (Lattanzio et al. 2008). The exact

physical process causing this deep mixing on the RGB bump is unknown, with

many proposed mechanisms: thermohaline mixing (Henkel et al. 2017), rotation

induced mixing (Charbonnel et al. 2020), azimuthal magneto-rotational instability

(Denissenkov et al. 2023). Beyond the RGB bump, we observe continued Li depletion

along the RGB that again is due to some unknown mixing mechanism (Tayar &

Joyce 2022). At the tip of the RGB and beyond the star becomes He burning, but

the e�ects of this restructuring of the stellar interior on Li remains debated (Kumar

et al. 2020; Schwab 2020; Magrini et al. 2021; Chanam�e et al. 2022).

Figure 1.3: Observed Li depletion on the red giant branch for the metal-poor globular
cluster NGC 6397. There are two episodes of Li depletion, shown by gray dashed
lines. Depletion at MV = 3:3 is due to the dredge up and depletion at MV = 0 is
due to the RGB bump. Figure from Lind et al. (2009b).

Stars can produce Li through nucleosynthesis, where7Be captures an electron, con-

verts a proton into a neutron, and becomes7Li. However, 7Be can only be pro-

duced at temperatures above 10 MK and7Li needs to be produced at low enough

temperatures such that it is not immediately destroyed. This process is known

as the Cameron-Fowler mechanism (Cameron & Fowler 1971), and can be acti-

vated through: cold bottom burning (Sackmann & Boothroyd 1999; Romano et al.
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2001), hot bottom burning (Sackmann & Boothroyd 1992), and novae outbursts

(Arnould & Norgaard 1975; D'Antona & Matteucci 1991; Jos�e & Hernanz 1998).

These conditions are typically present in evolved stars such as asymptotic giant

branch stars.

1.4.2 Measuring Li Abundances

The Li line is asymmetric due to convection, �ne structure splitting, and isotopic

components as shown in Fig. 1.4. 3D hydrodynamic stellar atmospheres model

convection, which causes a slight asymmetry in all lines. The asymmetry in Li

is stronger than other lines primarily due to �ne structure splitting, which is a

perturbation on the energy level. The �ne structure splitting in other elements

causes two or more distinct lines (e.g. OI 777 nm line; Amarsi et al. 2016a); whilst

in Li, the �ne structure splitting is comparable to the width of the line, increasing

the asymmetry in the red wing of the Li 670.78 nm line instead of forming a new

line. 6Li components are also in the red wing of the Li line (Smith et al. 1998), which

will increase the asymmetry, although most stars do not contain large amounts of
6Li.

Lithium inhabits a relatively unblended wavelength region as shown in Fig. 1.5. In

particular, despite the typical depth of the Li line being� 10%, it is the strongest

feature at 670.78 nm in metal-poor stars (Spite & Spite 1982). The Sun is depleted

in Li with the line strength closer to 1%. The nearby Fe line 670.74 nm is stronger

for Solar metallicity stars, and blends into the Li line. CN molecular lines can

contribute signi�cantly to the blended feature for evolved stars. In order to measure

Li from Solar metallicity stars, spectrum synthesis including blends is required as

these blends are typically stronger than the Li line.

1.4.3 Li in Stellar Surveys

Lithium is not correlated with [Fe/H] unlike other elements as shown in Fig. 1.6.

This is primarily due to the complex modi�cation of Li through stellar evolution

which depends on multiple parameters such as mass and metallicity. Due this non-

correlation with [Fe/H], Li abundances from stellar surveys are often used to probe

stellar interiors rather than stellar populations. However, the large spread in A(Li)

does make Li harder to measure in stellar surveys. In particular, any spectral emula-

tor applied to Li needs to be 
exible enough to cover a large range of line strengths.

This poses a challenge for spectral emulators which synthesises over a large wave-

length range as opposed to small wavelength regions only covering one spectral line,
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Figure 1.4: The Li 670.78 nm line is asymmetric due to a combination of convection,
�ne structure splitting, and isotopic ratios. These lines were synthesised in 3D NLTE
with no 6Li (blue) and 5% 6Li/ 7Li (orange). There are 67Li components (black)
and 3 6Li components (red).

as the 
exibility required becomes dependent on wavelength regions.
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Figure 1.5: Spectra observed as part of GALAH DR3 at resolution 28 000 centered
around Li for di�erent stars: metal-poor (blue), Solar metallicity dwarf (orange),
Solar metallicity main sequence turn o� (green), Solar metallicity giant (red), and
Li rich giant (purple). The center of the Li 670.78 nm line is shown in black. The
legend shows the stellar parameters of the stars, in order of: Te� , log(g), and [Fe/H].
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Figure 1.6: Abundance as a function of [Fe/H] for 31 elements using data from GALAH DR3. Most elements are correlated with
[Fe/H], whilst Li is not. Note that all abundances are shown as [X/Fe] except for Li, which is shown as A(Li). Figure from Buder
et al. (2021).
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Li abundances from stellar surveys reveal many interesting features that are not

predicted by standard stellar evolution models. Metal-poor dwarfs form a plateau

known as the Spite plateau (Spite & Spite 1982) at A(Li) = 2:1{2.2. The constant

abundance over a wide range of metallicities is thought to be indicative of the Big

Bang nucleosynthesis production of Li, however this plateau does not match with

observations of the cosmic microwave background at A(Li) = 2:75 (Pitrou et al.

2018). This factor of 3 inconsistency is known as the cosmological Li problem

and is investigated in Chapter 3. Similarly, metal-poor giants beyond the subgiant

branch before the red giant branch bump also form a plateau at A(Li) = 0:9{1:0

(Mucciarelli et al. 2012a; Mucciarelli et al. 2014; Mucciarelli et al. 2022), and provide

a measurement of the Big Bang nucleosynthesis A(Li) value that is not a�ected by

Li depletion in dwarf stars. Another curious feature is a narrow region in Te� on

the main sequence turn o� where stars are depleted in Li, known as the Li-dip

(Wallerstein et al. 1965; Gao et al. 2020). The Li-dip is not predicted by standard

stellar evolution models (Deliyannis et al. 1990), although there is strong evidence

that it is caused by rotational mixing and stellar spindown (Pinsonneault et al. 1990;

Sills & Deliyannis 2000).

Onto giant stars, we observe continued Li depletion as the star ages (Lind et al.

2009b), yet there are many observations of Li rich giants, both in red giant branch

stars and red clump stars (Luck 1982; Kraft et al. 1999; Pilachowski et al. 2000;

Gonzalez et al. 2009; Kirby et al. 2016). These stars contain a factor of 10 higher Li

than expected, and the physical mechanism for enrichment is again unknown. Most

studies �nd that more red clump stars are Li rich than red giant branch stars (Casey

et al. 2019; Martell et al. 2021), which could point towards internal Li production e.g.

He-
ash (Schwab 2020), internal mixing (Sackmann & Boothroyd 1992; Charbonnel

& Balachandran 2000); or external Li enrichment e.g. tidal interactions between

binary stars (Casey et al. 2019), planet engulfment (Carlberg et al. 2012; Aguilera-

G�omez et al. 2016). Internal Li enrichment mechanisms that are ubiquitous should

leave behind a signature in Li normal giants, where red clump stars should on

average contain more Li than red giant branch stars. Although measuring the true

A(Li) in giant stars is di�cult due to the low A(Li) and large blends present in the

spectra of giant stars. All of the aforementioned Li phenomena are further explored

in Chapter 5.
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1.5 Thesis Outline

This thesis is a study of the accuracy of 3D NLTE spectral synthesis and its ap-

plications to observed spectra through lithium. In Chapter 2, I present 3D NLTE

spectral synthesis of Li, forming the foundation for spectral analysis of Li throughout

the rest of this thesis. In Chapter 3, I compare the accuracy of 3D NLTE spectral

synthesis to high �delity spectra, exploring at what level 3D NLTE spectral synthe-

sis is accurate to. In Chapter 4, I present the method used to apply a 3D NLTE

grid to a large spectroscopic survey, showing how to account for parameters not

present in the grid. Then in Chapter 5, I study Li in stellar surveys, probing stellar

interiors and evolution through the largest catalogue of 3D NLTE Li abundances to

date. Lastly, in Chapter 6, I summarise the �ndings of this thesis and discuss future

outlooks.
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Preamble

Stellar abundances are model dependent as they cannot be directly measured, in-

stead they are inferred through synthetic spectra. This chapter studies Li line

formation over late-type stars, using computationally intensive but physically ac-

curate 3D NLTE spectral synthesis. I compute 3D NLTE Li spectra over a coarse

set of stellar parameters, and investigate errors that di�erent interpolation methods

induce over these parameters. The radiative transfer models, 3D NLTE Li grid, and

interpolation models developed in this chapter are used throughout the rest of this

thesis. I made further improvements to the interpolation models post publication,

these improvements are discussed in Appendix C.1.

Abstract

Accurately known stellar lithium abundances may be used to shed light on a variety

of astrophysical phenomena such as Big Bang nucleosynthesis, radial migration, ages

of stars and stellar clusters, and planet engulfment events. We present a grid of syn-

thetic lithium spectra that are computed in non-local thermodynamic equilibrium

(NLTE) across thestagger grid of three-dimensional (3D) hydrodynamic stellar at-

mosphere models. This grid covers three Li lines at 610.4 nm, 670.8 nm, and 812.6 nm

for stellar parameters representative of FGK-type dwarfs and giants, spanning Te�

= 4000{7000 K, log(g) = 1:5{5.0, [Fe/H] = � 4:0{0.5, and A(Li) = � 0:5{4.0. We �nd

that our abundance corrections are up to 0.15 dex more negative than in previous

work, due to a previously overlooked NLTE e�ect of blocking of UV lithium lines by

background opacities, which has important implications for a wide range of science

cases. We derive a new 3D NLTE solar abundance of A(Li) = 0:96� 0:05, which is

0.09 dex lower than the commonly used value. We make our grids of synthetic spec-

tra and abundance corrections publicly available through thebreidablik package.

This package includes methods for accurately interpolating our grid to arbitrary

stellar parameters through methods based on Kriging (Gaussian process regression)

for line pro�les, and MLP (Multi-Layer Perceptrons, a class of fully connected feed-

forward neural networks) for NLTE corrections and 3D NLTE abundances from

equivalent widths, achieving interpolation errors of the order 0.01 dex.

2.1 Introduction

Lithium is the only element which can be produced through Big Bang nucleosynthe-

sis, cosmic ray spallation, and stellar processes. Lithium is also a fragile element, de-
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stroyed in low-mass stars in a manner that depends on stellar mass, metallicity, age,

and possibly other factors. The many production and destruction processes make

lithium a complex but insightful element. Lithium can thus illuminate a number of

distinct science cases, including the cosmological lithium problem, radial migration,

ages of stars and stellar clusters, and planet engulfment events. However, these

applications in large part rely on accurate measurements of lithium abundances in

late-type stars.

The lithium abundance (A(Li)) in stars can be used to estimate the cosmological

value produced during Big Bang nucleosynthesis (BBN; Cyburt et al. 2016). Warm

old, metal-poor dwarfs near the main-sequence turno�-o� (MSTO) have been found

to exhibit roughly the same lithium abundances over a wide range of metallicities,

the so-called Spite plateau (Spite & Spite 1982). This plateau has A(Li)� 2:0� 2:2,

and is commonly interpreted to re
ect the lithium abundance with which these

old metal-poor stars were born. However, the cosmological lithium abundance pre-

dicted from BBN is A(Li) = 2 :75 � 0:02, a factor of at least three larger than the

abundance in the oldest stars (Pitrou et al. 2018). The reason for this discrepancy

is generally thought to be due to a combination of depletion and non-destructive

deposition through gravitational settling (e.g. Richard et al. 2005) but speculation

also exists that this may signal non-standard particle physics a�ecting the Big Bang

nucleosynthesis production (Fields 2011). Parameterised stellar Li depletion predic-

tions reproduce observations of lithium in globular cluster stars quite well, including

the signature of dredge-up through a short-lived increase of lithium at the middle

of the subgiant branch (e.g. Korn et al. 2007; Lind et al. 2008; Nordlander et al.

2012; Gruyters et al. 2014, 2016). Mucciarelli et al. (2012a) recognised that lithium

abundances in metal-poor lower RGB stars also exhibit a plateau. These abun-

dances are sensitive only to e�ects of dilution (re
ecting the depth of the convection

zone) and destruction that occurred prior, while e�ects of non-destructive deposi-

tion are erased by the deep convection zone. Measurements for RGB stars in the

Milky Way, A(Li) � 1:0 (Mucciarelli et al. 2012a), as well as in the extragalactic

globular cluster M54, A(Li) � 0:9 (Mucciarelli et al. 2014), imply an initial com-

position with A(Li) � 2:3{2.4 that does not vary with environment and therefore

is unlikely to be depleted through external mechanisms. Although slightly higher

than the Spite plateau, these estimates still imply signi�cant destruction relative to

the cosmological abundance.

At metallicities [Fe=H] > � 1, the abundance of lithium becomes coupled to [Fe/H]

through chemical enrichment processes such as cosmic ray spallation (Quijano-Rico

& W•anke 1969; Prantzos 2012; Prantzos et al. 2017) and possibly also stellar pro-
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duction (Bensby & Lind 2018). Lithium abundance measurements in stars born

at di�erent locations and times can therefore tell us about the history of chemical

evolution in the Galaxy, and radial migration of stars in the Galaxy (Sch•onrich &

Binney 2009; Prantzos et al. 2017).

Lithium abundance measurements can be used to determine ages for young stellar

clusters. Because pre-main sequence stars are fully convective, they will rapidly

deplete lithium when their cores reachT � 2:5 � 106 K (Basri et al. 1996; Chabrier

et al. 1996; Bildsten et al. 1997; Ushomirsky et al. 1998; Je�ries 2014). Even in

coeval groups, the amount of depletion does however vary signi�cantly from star

to star (e.g. Sestito & Randich 2005;�Zerjal et al. 2019), possibly tied to details

of rotation and angular momentum transport (see e.g. Do Nascimento et al. 2009;

Soderblom 2010). It is therefore still unclear just why stars like the Sun exhibit

signi�cant lithium depletion by more than two orders of magnitude (e.g. Mel�endez

et al. 2010a). Similar patterns are seen in other stars, where it is still unclear whether

this depletion correlates with the presence of exoplanets (Gonzalez 2008; Israelian

et al. 2009; Gonzalez 2015; Delgado Mena et al. 2015) as several studies �nd no

such correlation (Ryan 2000; Baumann et al. 2010; Ram��rez et al. 2012; Bensby &

Lind 2018; Carlos et al. 2019). Some of the proposed mechanisms for enhanced

lithium depletion for stars with planets are stellar angular momentum loss due to

planetary migration (Castro et al. 2008), and strong di�erential rotation caused by

interactions between the protoplanetary disk and star (Bouvier 2008). Where no

enhanced lithium depletion is detected, lithium depletion is instead linked to stellar

ages; with older stars exhibiting increased lithium depletion (Baumann et al. 2010;

Carlos et al. 2019).

In one-dimensional (1D) hydrostatic atmospheres, the accuracy of abundance de-

terminations in late-type stars may be severely impacted by the commonly used

approximations of local thermodynamic equilibrium (LTE). Modelling of lithium

spectra in non-LTE (NLTE) has already been performed in many studies across

a wide parameter space (e.g., Steenbock & Holweger 1984; Carlsson et al. 1994;

Pavlenko & Magazzu 1996; Takeda & Kawanomoto 2005; Lind et al. 2009a; Osorio

et al. 2011; Takeda 2019). These studies �nd that the The NLTE e�ect can lead to

abundance corrections of up to 0.4 dex (Lind et al. 2009a).

In addition to LTE assumptions, 3D hydrodyamic atmospheres also a�ect measured

lithium abundances. Recent studies suggest that although the di�erences between

3D NLTE and 1D LTE synthetic spectra have been found to often be rather small due

to fortuitous cancellation between NLTE and 3D hydrodynamic e�ects that work in

opposite directions, this cancellation is not perfect and abundance corrections may
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still be as large as 0.3 dex (Klevas et al. 2018). Full 3D NLTE calculations (e.g.

Kiselman 1997; Asplund et al. 2003; Barklem et al. 2003; Sbordone et al. 2010; Lind

et al. 2013; Klevas et al. 2016; Mott et al. 2017; Harutyunyan et al. 2018; Klevas

et al. 2018; Mott et al. 2020) have so far been limited in their coverage of parameter

space due to the large computational cost involved.

This study presents a 3D NLTE Li grid spanning the full parameter range expected

for FGK-type dwarfs and giants, covering a subset of Te� = 4000{7000 K, log(g)

= 1:5{5.0, [Fe/H] = � 4{0.5 { a total of 195 3D hydrodynamic model atmospheres

{ with abundances in the range A(Li) = � 0:5{4. We detail the model atom and

stellar atmospheres in Section 2.2. In Section 2.3, we present and discuss our results

with comparison to previous work. We introduce our interpolation methods and the

publicly available synthetic spectra, spectrum interpolation, and abundance correc-

tion packagebreidablik 1 in Section 2.4. Lastly, in Section 2.5 we present results of

our new lower inferred abundances on a handful of science cases, before presenting

our conclusions in Section 2.6.

2.2 3D NLTE Spectral Line Formation for Li

We use the 3D NLTE radiative transfer codebalder , which originates in the

multi3d code (Botnen & Carlsson 1999; Leenaarts & Carlsson 2009) but has since

been developed signi�cantly, including a new equation-of-state and opacity package

blue (Amarsi et al. 2016a,b, 2018).

The statistical equilibrium is solved by calculating the mean radiation �eld with

short characteristic rays. These are distributed as� � cos� relative to the vertical

on the interval � 1 to +1 using a Gauss-Lobatto quadrature with 8 points. For non-

vertical rays, we consider four equidistant azimuthal angles, giving a total of 26 rays.

The emergent 
ux is computed by calculating the emergent intensity in the vertical

direction, as well as in seven inclined directions each using eight horizontal angles,

for a total of 57 rays. We compute spectra for abundances in the range A(Li) =� 0:5

to +4 :0, in steps of 0.5 dex, which produces an abundance interpolation error of at

most � 0:02 dex, as determined through comparison to calculations over the full

abundance range with very small steps.

1https://github.com/ellawang44/Breidablik
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2.2.1 Li Model Atom

We use a model atom containing 20 levels of Lii plus the Li ii ground state, connected

by 113 bound-bound and 20 bound-free transitions. We compute the spectra of the

three strongest transitions, highlighted in Fig. 2.1.

Figure 2.1: Term diagram of lithium, illustrating the energies of di�erent states,
ordered according to spectroscopic term. Bound-bound radiative transitions are
marked with black lines, and the abundance diagnostic lines at 610.4 nm, 670.8 nm,
and 812.6 nm are highlighted in red. The long horizontal blue lines are super levels
where the l quantum number has been collapsed. The2F0 states are superstates
representingl � 3.

The model atom originates with Carlsson et al. (1994), and was substantially up-

dated by Lind et al. (2009a) and Osorio et al. (2011). Brie
y, energy levels and

radiative transition data come from TOPbase (Peach et al. 1988), with some notable
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exceptions. The atomic data for the 670.8 nm transition uses an oscillator strength

from Yan et al. (1998), �ne structure splitting from Sansonetti et al. (2011) and

hyper�ne splitting from Beckmann et al. (1974) and Puchalski & Pachucki (2009).

Although updated, the resulting wavelengths and relative oscillator strengths are

consistent with those of Smith et al. (1998). Likewise, the 610.4 nm transition uses an

oscillator strength from Yan et al. (1998) and �ne structure splitting from Lindg�ard

& Nielson (1977). For all transitions, we assume the presence of7Li only, neglect-

ing any isotopic splitting. The three strongest transitions use collisional broadening

parameters based on Anstee & O'Mara (1995) and Barklem & O'Mara (1997).

Cross-sections for excitation and ionisation through electron collisions were calcu-

lated and implemented by Osorio et al. (2011). Inelastic hydrogen collisional transi-

tion rates for excitation and charge transfer of low-lying states (Barklem et al. 2003)

are based on cross-sections from Croft et al. (1999) and Belyaev & Barklem (2003).

We have further implemented inelastic hydrogen collisional excitation rates for more

highly excited states following Kaulakys (1985, 1991), using the publicly available

code KAULAKYS (Barklem 2016).

2.2.2 Stellar atmospheres

3D Hydrodynamical Stellar Model Atmospheres

To calculate 3D NLTE synthetic spectra, we usebalder to perform radiative trans-

fer post-processing of 3D hydrodynamical model atmospheres from thestagger -

grid (Magic et al. 2013). Each simulation covers a time sequence of roughly two

convective turnover times, represented by about 150 snapshots. A small number of

simulations su�ered from convergence problems, and are therefore not considered in

this work. As a result, we selected 195 models, shown in Fig. 2.2. These cover stellar

parameters representing FGK-type dwarfs and giants, in a wide range of metallici-

ties between [Fe=H] = � 4:0 and +0:5. All models adopt the Asplund et al. (2009)

metal mixture, aside from models with [Fe=H] � � 1 where an� -enhancement of

[�= Fe] = 0:4 dex is further applied.

From each simulation, we select �ve temporally equidistant snapshots. Test calcu-

lations based on larger sets of snapshots indicate that using �ve snapshots results

in a typical abundance error (�=
p

N ) less than 0.02 dex and 0.01 dex in LTE and

NLTE respectively based on temporal variations in the equivalent widths. More

speci�cally, we �nd the largest snapshot-to-snapshot variations amongst the hottest

models, with equivalent widths varying by typically � = 0:03 dex in LTE and by

0:02 dex in NLTE. Importantly, the ratio of LTE and NLTE equivalent widths may
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Figure 2.2: Stellar parameters of the Stagger-grid models (Magic et al. 2013) used
in this work, colour-coded according to [Fe/H]; the Sun, HD 84937, HD 140283 and
Procyon are shown with squares. Stellar evolution tracks at solar metallicity with
masses in the range 0.7{1.5 M� in steps of 0.1 M� from MIST (Paxton et al. 2011,
2013, 2015; Choi et al. 2016; Dotter 2016) are shown for reference, labeled according
to mass.

have a larger standard deviation, of the order 0.04 dex, indicating that temporal

variations may have di�erent sign in LTE and NLTE and do not perfectly correlate.

This thus indicates that fewer snapshots are required to sample a simulation with

NLTE calculations than the corresponding LTE calculations. These test calculations

furthermore suggest that one should avoid the approach where NLTE corrections are

derived from a small number of snapshots and applied to a longer sequence of LTE

calculations, aside from possible issues related to di�erences in line shapes.

The original 3D hydrodynamic simulations were computed on a staggered Cartesian
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grid with 2403 elements, extending deep below the stellar photosphere. However, for

the radiative post-processing, we interpolate the hydrodynamic simulations to 80� 80

volume elements in the horizontal direction and 220 volume elements along the

vertical and truncate the deep layers. This interpolation retains re�ned resolution

of the continuum-forming regions that have steep temperature gradients, as well

as the optically-thin line-forming regions. The truncation and interpolation follows

that described in Section 2.1 of Amarsi et al. (2018). The total number of volume

elements is therefore of the order 106.

1D Hydrostatic Stellar Model Atmospheres

For comparison, we also use a set of custom 1D hydrostatic stellar model atmo-

spheres which treat convection using the classical mixing length theory computed

with the atmo code written by W. Hayek (see Appendix A of Magic et al. (2013)

for details). The 1D models were computed at exactly the same stellar parameters

as the 3D hydrodynamic models, share the same equation of state and opacities,

and were based on the same opacity binning procedure. We also compute addi-

tional 1D models at randomly selected values of Te� and log(g) in order to test our

interpolation procedures.

Unlike the 3D hydrodynamic models, where convective motions arise naturally from

�rst principles, convection in these 1D models is approximated using mixing length

theory controlled by a mixing length parameter (� M LT � l=HP, where l is the

mixing length and HP is the pressure scale height). We used models computed with

� M LT = 1:0, 1.5, and 2.0, thereby covering a range typically used in the literature.

In the radiative transfer post-processing, small-scale hydrodynamic motions that

produce an e�ective broadening of line opacities leading to desaturation of spectral

lines are mimicked through a local broadening parameter known as microturbulence

(Asplund et al. 2000). We select the valuesvmic = 0, 1, and 2 km s� 1. For our default

comparisons, we use models with� M LT = 1:5 and vmic = 1 km s� 1.

In addition to these custom model atmospheres, we also use the commonly used

marcs grid (Gustafsson et al. 2008), which covers a wide range in stellar parameters

representative of FGKM-type dwarfs and giants.

2.3 Results

In this section, we introduce the main NLTE e�ects on Li as discussed in the lit-

erature based on 1D (Section 2.3.1) and 3D (Section 2.3.2) modelling. We present

our 3D line formation results in Section 2.3.3. In Section 2.3.4, we compare our re-
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sults to previous work, and discuss a previously neglected e�ect of background line

opacity blocking of lithium lines in the UV that would otherwise deplete low-lying

populations through photon pumping. With this e�ect taken into account, we gen-

erally �nd stronger optical lines implying lower inferred lithium abundances. Lastly,

in Section 2.3.5, we discuss the abundance correction over the HR diagram.

2.3.1 Departures from LTE in 1D models

The main NLTE mechanisms relevant to lithium have been presented in a large body

of previous studies (e.g., Steenbock & Holweger 1984; Carlsson et al. 1994; Pavlenko

& Magazzu 1996; Takeda & Kawanomoto 2005; Lind et al. 2009a; Osorio et al. 2011).

While our model represents a substantial upgrade in terms of, e.g., collisional tran-

sition rates and the treatment of background opacities, the pedagogical description

of NLTE mechanisms and behaviours by Carlsson et al. (1994) largely still applies

to our results. As discussed by Lind et al. (2009a), this agreement results from

newer model atmospheres exhibiting steeper temperature gradients that increase

the excess of ultraviolet radiation and thus leads to enhanced over-ionisation, which

partially cancels with the use of hydrogen collisional transition rates from Barklem

et al. (2003) that are signi�cantly larger than the previously used hydrogen col-

lisional rates predicted through the Drawin (1968) formula. Furthermore, while

Osorio et al. (2011) found large di�erences between their R-matrix calculations of

electron collisional transition rates compared to previous semi-empirical estimates,

the two happen to show agreement within a factor of two for the dominant 2s{2p res-

onance transition, resulting in negligible e�ects on level populations and abundance

corrections.

When the the 670.8 nm resonance line is strong, departures from LTE are mainly

controlled by the line itself through photon losses in so-called resonance scattering.

In NLTE, these photon losses dictate that the radiation �eld (J� ) in the line becomes

sub-thermal, i.e. smaller than the Planck function (B � ). For a su�ciently strong

line where line opacity dominates over continuum opacity, the source function (S� )

becomes controlled by the line rather than the continuum. As the line source func-

tion (Sl ) becomes tied to the radiation �eld (Sl � J� < B � ), the drop in Sl causes

core darkening that strengthens the line, thus leading to lower inferred abundances

in NLTE compared to LTE.

The steep temperature dependence ofB � in the ultraviolet may produce a super-

thermal radiation �eld ( J� > B � ), which has the opposite e�ect to resonance scat-

tering. Photoionisation through the continua of the ground and �rst excited states

(2s and 2p) causes a drop in the populations of Lii through over-ionisation in the
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presence of steep temperature gradients or small ultraviolet opacities. The corre-

sponding e�ect of photon pumping through ultraviolet spectral lines rather than

continua is largely quenched by background metal line opacities.

At infrared wavelengths, the opposite case will typically be true, with a sub-thermal

radiation �eld ( J� < B � ). The resulting de�cit of photoionisation of highly excited

states leads to increased level populations through over-recombination. The 
ow of

excess electrons propagates down through photon losses in a chain of infrared lines,

and further to the ground state through the resonance line.

The interplay of these various NLTE mechanisms leads to abundance corrections

that vary in magnitude and sign with stellar parameters as well as the abundance

of lithium. A stronger resonance line will produce more negative abundance correc-

tions through resonance scattering. Higher Te� , and to lesser extent lower log(g),

weakens the resonance line and further makes abundance corrections more positive

through enhanced overionisation. At lower [Fe/H] the smaller background opacities

compete with a 
attening of the atmospheric temperature gradients due to a lack of

radiative cooling (in 1D model atmospheres), that in practice leads to only a small

enhancement of overionisation and thus abundance corrections that become slightly

more positive.

The atom presented in Section 2.2.1 was also used to compute a comprehensive grid

of 1D departure coe�cients for use in GALAH DR3 (Buder et al., in prep), and

made available through (Amarsi et al. 2020; Amarsi 2020).

2.3.2 Departures from LTE in 3D models

While the mechanisms outlined above are still the dominant ones in 3D model at-

mospheres, their relative importance and behaviour with stellar parameters changes

due to the generally steeper temperature gradients present.

In particular, the outer layers of hydrodynamic atmospheres are e�ectively cooled

by convective motions and adiabatic expansion. In warm metal-poor models, the

de�cit of opacities leads to radiative heating and cooling rates far below equilibrium,

which alongside the convective cooling mechanism, results in signi�cantly lower tem-

peratures than seen in hydrostatic atmospheres in radiative equilibrium (Asplund

et al. 1999; Collet et al. 2006a). In LTE, low temperatures in the outer regions

of the atmospheres lead to a decrease in the ionisation fraction of lithium and thus

strongly enhanced populations and resulting line strengths, in particular in the steep

temperature structures formed by hot upwelling gas in granules, producing negative

abundance corrections of the order 0.3 dex in warm metal-poor dwarfs (Asplund
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et al. 1999; Klevas et al. 2016).

Pioneering work utilising limited radiative transfer in 3D hydrodynamic simulations

of the Sun indicated that a decoupling of the radiation �eld from the local gas

properties would drive signi�cantly stronger overionisation e�ects than in the cor-

responding 1D hydrostatic models, weakening the line by 0.1 dex (Kiselman 1997;

Uitenbroek 1998). This decoupling was also observationally veri�ed in resolved spec-

tra of the solar surface (Kiselman 1998), which in contrast to 3D LTE predictions

exhibited no signi�cant variation of line strengths as a function of the continuum

intensity. Calculations by Asplund et al. (2003) and Barklem et al. (2003) with the

multi3d code (Botnen & Carlsson 1999) veri�ed these early results, and extended

work to metal-poor dwarfs where e�ects were signi�cantly stronger with abundance

corrections comparing 3D NLTE to 3D LTE of the order 0.2 dex, resulting in good

agreement between 3D NLTE and 1D NLTE calculations. They found that the

e�ect of enhanced overionisation was particularly pronounced in regions where the

temperature gradient is strong, i.e. where LTE line strengths were the most strongly

enhanced, while the opposite behaviour may appear above intergranular lanes.

Further work has extended the coverage of 3D NLTE calculations to better sample

the spatial and temporal variations in the 3D hydrodynamic simulations of metal-

poor dwarfs (Sbordone et al. 2010; Lind et al. 2013) and giants (Klevas et al. 2016;

Nordlander et al. 2017) as well as solar-metallicity stars (e.g. Mott et al. 2017; Haru-

tyunyan et al. 2018). We note however that these calculations are heterogeneous and

the results are sometimes incompatible due to di�erent implementations of model

atoms (in terms of electron structure complexity and collisional rates), radiative

transfer and opacity treatment, and model atmospheres.

2.3.3 3D NLTE line formation

We show in Fig. 2.3 pro�les of the 670.8 nm resonance line for a very metal-poor

model representing a star on the red giant branch. While the 1D LTE line pro�les

are sharp with clear �ne structure components, velocity �elds in the 3D model of the

order 5 km s� 1 (as compared to the thermal linewidth of 3 km s� 1) cause a smoothed

appearance for the 3D NLTE pro�les. At the lowest A(Li), the line forms in rel-

atively deep atmospheric layers where high pressures lead to high collisional rates

that nearly uphold LTE. As A(Li) increases, line formation begins to push higher in

the photosphere toward layers with signi�cantly lower temperatures in the hydrody-

namic simulation than in the corresponding hydrostatic model. More importantly

however, photon losses in the core of the 670.8 nm line become signi�cant, leading

to a deeper line with a NLTE e�ect that strengthens with increasing A(Li) through
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Figure 2.3: Line pro�les computed in 3D NLTE (solid lines) and 1D LTE (dashed
lines) for a cool red giant star model with nominal parametersTe� = 5000 K, logg =
2:0, [Fe=H] = � 2:0, and a range of A(Li) (colour-coded as indicated in the legend).
The 1D model uses� M LT = 1:5 and vmic = 1 km s� 1. Neither rotational nor macro-
turbulent broadening has been applied.

so-called resonance scattering.

Fig. 2.4 shows top-down views of four representative model atmospheres, as seen in

disk-centre intensity. From left to right, these represent a star on the lower main-

sequence, a metal-poor red giant branch star, the Sun, and a metal-poor main-

sequence turn-o� star as commonly observed on the Spite plateau. Each row illus-

trates di�erent properties of the 670.8 nm line: the local continuum intensity (I cont ),

the variation of log reduced equivalent width (REW) relative to its average in LTE

(d REWLTE ) and NLTE (d REW NLTE ), and �nally the NLTE e�ect on line strengths.

In this study, we use the reduced equivalent width:

REW = log 10

�
EW
� 0

�
(2.1)
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Figure 2.4: Top-down view of di�erent 3D stellar models (columns), illustrating
di�erent properties of the 670.8 nm transition in disk-centre intensity (rows). Models
are labeled by their stellar parameters, Te� , log(g), [Fe/H] and A(Li). From top
to bottom, the rows illustrate the continuum intensity across the stellar surface at
670.8 nm (I cont ), the variation in LTE reduced equivalent width (REWLTE ) relative to
its average (d REWLTE ), likewise in NLTE (d REW NLTE ), and the di�erence between
REWNLTE and REWLTE (� REW). The average values of REWLTE and REWNLTE

are labelled in the top left of the corresponding panels.

where EW is the equivalent width of the line pro�le and� 0 its central wavelength

at rest. The last row of Fig. 2.4 shows the di�erence in line strength between NLTE

and LTE, de�ned as

� REW = REW NLTE � REWLTE : (2.2)

While the dominant di�erence in continuum intensity is due to the variation in

surface temperature and therefore overall brightness, di�erences in contrast can also
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be appreciated to increase with Te� and decrease with log(g) and [Fe/H] (for an

in-depth discussion, see Magic et al. 2013). Like previous work, we �nd that the

LTE line strength anti-correlates with the surface intensity pattern, such that bright

up
owing granules due to their strong temperature gradients typically exhibit strong

lines, compared to the cool intergranular lanes with weaker temperature gradients.

In NLTE however, this correlation is weakened due to the in
uence of non-local

radiation �elds. Foremost, the bright granules illuminate the line-forming layers

immediately above, leading to a strongly super-thermal radiation �eld. This drives

an excess of photoionisation in the continuum of the �rst excited state, 2p, leading

to over-ionisation that weakens the line strength relative to LTE by as much as

a factor of ten for the two metal-poor models. In contrast, the line forms deeper

above intergranular lanes, where the 
atter temperature gradient does not produce a

strongly super-thermal radiation �eld, and instead sub-thermal radiation across the

infrared continua of more highly excited states drive over-recombination. A similar

but milder e�ect of this is also seen in the solar model, where its weak line strength

overall shifts line formation deeper. At the same time, its high surface gravity and

strong metal line opacity both lessen all departures from LTE.

The discussion above focused mainly on the three warm models. The cool lower main

sequence model exhibits similar e�ects to the others, albeit at smaller magnitude

due to the immense line strength of nearly 600 m�A, because it's equivalent width is

proportional to
p

n (n is the population of lower state) instead of proportional to

n like for weak lines. The combination of low surface temperature and high A(Li)

however means the subordinate lines at 610.4 and 812.6 nm become measurable. We

therefore look more closely at this model by examining its surface variation for all

three lithium lines in Fig. 2.5. The subordinate lines originate from the �rst excited

state at E low = 1:84 eV and are therefore signi�cantly weaker than the resonance

line, and thus probe di�erent heights of formation as compared to the resonance line.

For the 670.8 nm line, the core depth is mainly controlled by resonance scattering,

which compared to LTE always enhances the line strength through core darkening.

This results in the line core having similar depth across the entire surface in NLTE.

In LTE however, the core may be signi�cantly weakened either due to the weak

temperature gradient seen above intergranular lanes, or due to temperature contrast

inversions in the optically thin layers caused by mechanical heating. In NLTE, the

wings of the 670.8 nm line as well as the cores of the 610.4 nm and 812.6 nm lines,

are instead controlled by the excess of UV 
ux. There is a balance between over-

ionisation and over-recombination that is driven in a similar way to that seen for

the other models in Fig. 2.4, and where on average over-ionisation dominates.
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Figure 2.5: Top-down view of a 3D stellar model with Te� = 4500 K, log(g) = 5:0
and [Fe/H] = 0 :0, calculated with A(Li) = 3 :3 for di�erent spectral lines (columns,
labeled by wavelength in units of nm). From top to bottom, the rows illustrate
the variation in LTE reduced equivalent width (REWLTE ) relative to its average
(d REWLTE ), likewise in NLTE (d REW NLTE ), and the di�erence between REWNLTE

and REWLTE (� REW). The average values of REWLTE and REWNLTE are labelled
in the top left of the corresponding panels.

2.3.4 The role of UV lines

In order to quantify NLTE e�ects, we de�ne abundance corrections,

�NLTE = A(Li) 3D,NLTE � A(Li) 1D,LTE ; (2.3)

where A(Li) is calculated based on matching REW. Our �NLTE are generally more

negative than found in previous work, as shown in Fig. 2.6, with di�erences being

larger at lower Te� and log(g), and higher [Fe/H]. This is an e�ect of our more

accurate treatment of background line opacities: Inbalder , overlapping transitions
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Figure 2.6: NLTE correction for models with varying Te� , comparing this work (3D
NLTE{1D LTE, solid line with crosses), Lind et al. (2009a) (1D NLTE{1D LTE,
dashed line with circles), and Harutyunyan et al. (2018) (3D NLTE{1D LTE, dotted
lines with triangles). All models use [Fe=H] = � 1 and A(Li) = 2. We show models
with log(g) = 2 :0 (in black) and log(g) = 4:5 (in blue).

are implemented through the use of a common set of wavelengths and opacities for

all line and continuum transitions, including the background lines and continua from

other elements that are treated in LTE. After computing the statistical equilibrium,

background line opacities can optionally be switched on or o� in order to produce

emergent spectra with or without blends, while overlapping transitions in the atom

of study are always retained unless individual transitions are explicitly disabled.

This is in contrast to, e.g., themulti code (Carlsson 1986), which does not treat

overlapping transitions and by default only considers background line opacities that

blend with continua but not line transitions (see e.g. Collet et al. 2005), unless

blending line transitions are speci�ed explicitly (e.g. as was done by Nordlander &

Lind 2017).

We illustrate e�ects of partially disabling background line opacities in Fig. 2.7, where

we compare results from Lind et al. (2009a) to test calculations with MARCS mod-

els using the same model atom as in their work. As expected, we �nd that removing
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Figure 2.7: Test calculations illustrating the 1D NLTE abundance correction
(� NLTE) for MARCS models with log(g) = 4:0, [Fe=H] = � 1:0, and A(Li) = 2 :0.
Models have been computed using the model atom from Lind et al. (2009a) with
background line-opacities enabled or disabled for bound-free (b-f) and line (b-b)
transitions of lithium (colours according to �gure legend); results from Lind et al.
(2009a) are shown for comparison (in blue).

background line blocking for lines redward of 600 nm mainly causes a decrease of

photon losses in the 670.8 nm line, which is itself normally responsible for increasing

the ground state population through so-called resonance scattering. When disabling

background line blocking of all line transitions, we �nd that a number of UV reso-

nance and subordinate lines together deplete the 2s and 2p states through photon

pumping by an amount comparable to that of UV photoionisation, resulting in a

signi�cant weakening of all low-excitation lines. In contrast, through our consistent

inclusion of background line opacities, we �nd that radiative excitations through UV

line transitions are e�ectively quenched, having radiative brackets (the net di�erence

between in-going and out-going radiative transition rates) that are e�ectively zero.

We note that Carlsson et al. (1994) found that photon pumping through UV lines

was not important { most likely this is due to their use of older model atmospheres
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with generally 
atter temperature structures that produced less superthermal radi-

ation.

2.3.5 3D NLTE abundance corrections

Fig. 2.8 shows �NLTE for the 670.8 nm line at a representative abundance A(Li) =

2, for four select values of [Fe/H]. In each panel, we show results for our 3D hydro-

dynamic models, as well as an interpolation based on a method that is explained

further in Section 2.4.2, to highlight how departures from LTE vary with stellar

parameters.

Overall, we �nd that �NLTE tends to become more positive with increasing Te�

and decreasing [Fe/H], but depends only weakly on log(g). At low Te� , the line is

su�ciently strong that resonance line scattering and over-recombination are both

important NLTE e�ects, together these e�ects cause the line to increase in strength

and therefore yield lower A(Li). As Te� increases, the line strength and therefore

the e�ect of resonance line scattering decreases while at the same time overionisa-

tion becomes more important. Both e�ects lead to a weaker line, and thus more

positive �NLTE. With decreasing line strength, line formation moves inward to-

ward deeper layers, where overionisation becomes less important relative to mutual

neutralisation (i.e. recombination) through charge transfer, and the trend therefore

turns over when Te� � 6000 K in the most metal-poor models. At higher [Fe/H],

increasing opacities tend to quench overionisation while at the same time higher gas

and electron pressure produce higher collisional rates, both of which lead to smaller

departures from LTE. Variations with log(g) are very small due to a cancellation

e�ect: the higher pressure leads to increased collisional rates and thus more e�-

cient thermalisation, as well as a decreasing ionisation fraction which strengthens

the resonance line and may thus increase the e�ect of resonance scattering.

We stress that while abundance e�ects driven by equivalent width di�erences are

a helpful tool to understand departures from LTE and indeed to quickly apply

corrections to existing 1D LTE abundance analyses, the line shapes themselves also

change. As shown in Fig. 2.3, while weaker lines often exhibit similar strength in

3D NLTE and 1D LTE leading to small �NLTE, saturated and strong lines may

di�er dramatically in both equivalent width and shape. Using �NLTE to derive 3D

NLTE A(Li) may be further hampered by the dependence of 1D LTE analyses on

fudge factors such as� M LT and vmic .
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Figure 2.8: 3D NLTE{1D LTE abundance corrections (�NLTE) for the 670.8 nm
line, shown at a 1D LTE reference abundance of A(Li) = 2. Each panel shows
a di�erent metallicity, from left to right, top to bottom, these are: [Fe=H] = 0,
� 1, � 2, and � 4. The circles show the calculated �NLTE from our models, whilst
the surface shows the predicted �NLTE which has been interpolated according to
Section 2.4.2.
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2.4 Interpolation

In this section, we show that straightforward spline interpolation of our grid of syn-

thetic spectra yields a larger average error in A(Li) compared to other interpolation

methods. We therefore investigate more involved interpolation methods, in order to

provide to the community a package for accurate abundance analyses based on our

synthetic 3D NLTE spectra computed with thebalder code: breidablik 2.

Interpolation for this grid is complicated due to the fact that Te� is an output

rather than input parameter in 3D hydrodynamic simulations. Therefore, the grid

is tabulated at irregular intervals in this dimension, with values that are slightly

di�erent for every log(g) and [Fe/H]. As a result, interpolation methods requiring

data points at regular intervals cannot be used out of the box. Additionally, our grid

of model atmospheres has relatively large steps in parameter space (see Fig. 2.2),

resulting in naturally higher errors in interpolation.

There exists many non-linear interpolation methods which can be used to predict

abundances from an observed spectrum using an irregular grid. Many of these use in-

verse modelling, where stellar parameters are predicted from observed spectra rather

than the other way around. For example, Snider et al. (2001) used arti�cial neural

networks with back-propagation, and applied this to medium resolution spectra to

predict stellar parameters; The Gaia Data Processing and Analysis Consortium uses

extremely randomised trees (Geurts et al. 2006), which is an ensemble method that

predicts stellar parameters on the parameter space spanned by the training set (An-

drae et al. 2018); StarNet uses a convolutional neural network applied to APOGEE

spectra to predict stellar parameters and 15 elemental abundances in an inverse

model (Fabbro et al. 2017); AstroNN similarly uses a Bayesian neural network with

dropout variational inference applied to APOGEE spectra to predict stellar param-

eters and 18 elemental abundances, with error estimates (Leung & Bovy 2019). The

Cannon (Ness et al. 2015; Ho et al. 2016; Casey et al. 2016) uses a polynomial model

to determine stellar parameters and elemental abundances from a spectrum. How-

ever unlike the other models, the Cannon can also be applied to forward modelling,

where it generates a spectrum given stellar parameters and elemental abundances.

Another forward modelling approach is the Payne (Ting et al. 2019), which uses a

fully connected feedforward neural network to rapidly and accurately predict spectra

given stellar parameters and abundances, followed by a �t to APOGEE spectra to

determine stellar parameters and 20 elemental abundances.

While the inverse models have certain advantages, e.g. in terms of speed and always

2https://github.com/ellawang44/Breidablik
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returning an answer, forward modelling is more 
exible. Forbreidablik , we there-

fore choose a forward modelling approach, and provide tools that �t our synthetic

spectra to observations. This has the advantage that our method is not tied to any

particular instrumental setup, but can be implemented as part of any traditional

analysis. It can also be further integrated into more advanced methodologies, that

evaluate systematic errors or advanced statistics including deriving upper limits to

non-detections.

We investigate the interpolation of both spectral line pro�les and line strengths. The

interpolation of spectral line pro�les is subtly di�erent from that of line strengths as

they involve the extra dimension of wavelengths. While line strengths vary smoothly

across stellar parameter space, theirshapeis more complicated due to broadening

processes and hydrodynamic velocity �elds that may redistribute 
ux between ad-

jacent wavelength points in a nonlinear way.

We test a number of di�erent interpolation methods for both line pro�les and

strengths, and evaluate them using leave-one-out cross-validation. Hyperparame-

ters for each method are optimised through 5-fold cross-validation, as per standard

practice (see James et al. 2013, ch.5; Kuhn & Johnson 2013, ch.4), using a common

seed to generate the folds. As spectrum variations across stellar parameters are

more di�cult to predict than variations with A(Li), folds were created based on

Te� , log(g), and [Fe/H] only. The �nal model is trained using the regular models in

the stagger grid, and validated on models tailored to particular stars, that were

not part of the training set. Sections 2.4.1 and 2.4.2 discuss interpolating spectral

line pro�les and line strengths respectively, presenting and comparing the di�erent

interpolation methods tested.

2.4.1 Interpolating Spectral Line Pro�les

We test and compare three interpolation methods: spline interpolation, the Cannon,

and Kriging. Our implementation of the di�erent methods and the hyperparameters

used are described in sections 2.4.1-2.4.1.

In order to make the normalised 
ux easier to interpolate, especially for very weak

lines, we transform it to a quantity that scales better with abundance. On the weak

part of the curve of growth, the 
ux depression varies approximately linearly with

the number of absorbers, so we de�ne a transformed 
ux

f t = log10(1 � f + s); (2.4)

where f is the normalised 
ux, and s is a small positive constant (treated as a
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hyperparameter) which smoothly truncatesf t as the 
ux approaches the continuum.

Fig. 2.9 illustrates how the normalised 
ux compares to the quantityf t , for two

representative values ofs. Importantly, f t varies nearly linearly with A(Li) for small


ux depressions, with a dynamic range controlled bys, before reaching saturation

as the 
ux approaches zero. Conversely, as the 
ux approaches the continuum we

�nd f t = log10 s, which helps avoid numerical noise dominating the model. Test

runs where we interpolate over the normalised 
uxf tend to incur larger relative

errors when the 
ux depression is small, corresponding to larger abundance errors

and larger errors in the detailed shape for very weak lines.
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Figure 2.9: Comparison of the normalised 
ux and how it varies as a function of
A(Li) (top panel), to the transformed 
ux f t (middle and bottom panels) for two
di�erent values of the softening parameters. Solid lines show the 
ux at line centre,
dashed lines represent a point in the line wing (o�set by� 0:03 nm from the core).
and the dash-dotted line is the continuum. Models of di�erent Te� are shown with
di�erent colour; all models use log(g) = 4 and [Fe=H] = � 2.

All interpolation methods are trained on all 3 Li lines and on a per pixel basis.
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Spline Interpolation

Local polynomial models like spline interpolation are the most straightforward, and

most commonly used in the literature. Due to the irregular spacing of Te� in our grid

of 3D models, we perform a \training" step following Amarsi et al. (2018), wherein

we create a �ner grid with regular steps in stellar parameters Te� , log(g) and [Fe/H]

using cubic spline interpolation and linear extrapolation. We then use trilinear

interpolation within this �ner grid to interpolate to the exact stellar parameters at

each A(Li), and produce the �nal spectrum using cubic splines over A(Li). This

method uses only a single hyperparameter, which we optimise tos = 10� 9 (see

Eq. 2.4).

The Cannon

The Cannon is a global polynomial interpolation method (Ness et al. 2015; Ho et al.

2016). We provide the Cannon with 3 labels: Te� , log(g), and [Fe/H], training one

model per A(Li), then using cubic spline over A(Li) to compute the �nal interpolated

line pro�le. The Cannon is normally trained by applying a� 2 minimisation method

to observed data. Since our synthetic data are not stochastic, it therefore does

not carry statistical uncertainties, and as such, we set the variance in pixel to a

constant value. Our hyperparameter test �nds best results when using a third order

polynomial form with 20 terms (including cross terms) describing the 
ux in each

pixel, and s = 10� 9.

Kriging

Kriging interpolates by computing the distance dependent weighted averages of

points in a neighbourhood. We de�ne this neighbourhood as the entire grid to

remove discontinuities. We use theOrdinaryKriging3D class from the Python pack-

agePyKrige to interpolate across stellar parameters individually at each A(Li), and

then interpolate over A(Li) by cubic splines to produce the �nal spectrum. Our best

hyperparameter is:s = 10� 7.

Errors: 3D leave-one-out

We summarise the abundance �tting statistics over the 670.8 nm line for the three

investigated models in Table 2.1. Our error statistics are based on the MAD (median

absolute deviation) and RMS (root mean square error) measures.

For spline interpolation, we �nd that models located near the edges of the grid incur

very large errors that drive a large RMS error statistic. This is the expected be-
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Table 2.1: Comparison of di�erent interpolation methods used to predict the
670.8 nm line pro�le, showing their MAD and RMS error statistics in predicting
abundance for leave-one-out cross-validation on the 3D grid, and interpolation and
extrapolation tests on a 1D grid. Also shown is the time taken to train the models
for all three Li lines (418 pixels total), and the time it takes to execute the model
to produce interpolated line pro�les for all three lines with arbitrary values of Te� ,
log(g), [Fe/H], and A(Li).

3D leave-one-out 1D interpolation 1D extrapolation
Method MAD RMS MAD RMS MAD RMS
Spline 0.046 0.115 0.021 0.060 0.028 0.219

The Cannon 0.020 0.029 0.085 0.176 0.062 0.088
Kriging 0.014 0.022 0.020 0.038 0.019 0.143

Method training time (s) execution time (s)
Spline 1880 0.0941

The Cannon 11.1 0.138
Kriging 235 5.62

haviour for spline models, as they tend to extrapolate poorly. A particular di�culty

is the fact that our grid does not have regular edges, but the upper and lower limits

on Te� vary with log(g). In contrast, we �nd that both The Cannon and Kriging

performs very well on average, and are relatively reliable also when extrapolating

to edge models. We select the interpolation method with the smallest MAD error

statistic, Kriging, to use in breidablik . We opt for the MAD statistic rather than

the RMS error as the former is less sensitive to outliers, and more representative of

the typical expected error.

Table 2.1 shows also representative values for the training time and execution time

for each interpolation method, as executed on a single CPU core on a modern desktop

computer. The training time represents the execution time required to determine the

model with our optimum set of hyperparameters, and the execution time is the time

required to predict the lithium abundance for a single spectral line. The Cannon is

by far the fastest in terms of training time due to its use of weighted least squares

�tting and its simple polynomial form. In comparison, the training time of Kriging

and spline interpolation methods are slower by several orders of magnitude.

Errors: Veri�cation Models

To verify the validity of the �nal interpolation models, and to show the errors ex-

pected in practice, we used a veri�cation set of four models that are not part of the

regular stagger grid but rather were tailored to individual stars. The exact line

pro�les computed with balder for these veri�cation models are compared to the
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Table 2.2: Error in the predicted A(Li) using line pro�le interpolation models on
veri�cation models (that were not trained on). The input A(Li) used is shown in the
�rst row, labeled `direct synthesis', while subsequent rows show the error relative to
the reference. The veri�cation models were tailored to speci�c stars, indicated by
name, whose stellar parameters are given in Fig. 2.10.

Method
Model

Sun HD 140283 Procyon HD 84937

Direct synthesis 1.100 2.000 1.000 2.200
Spline 0.006 0.004 -0.004 0.007

The Cannon -0.015 -0.010 0.026 0.019
Kriging 0.012 0.002 -0.006 0.009

interpolated line pro�les from the three tested interpolation methods in Fig. 2.10,

and the measured A(Li) using each interpolation method is reported in Table 2.2.

The interpolated line pro�les have a similar shape to the synthesised pro�les and

replicates the characteristic asymmetry of the Li line. Overall, we �nd that spline

interpolation and Kriging both perform well. Whilst the Cannon has been used

successfully in many di�erent cases, mainly in applications to large sets of empirical

spectra (Ness et al. 2015; Ho et al. 2017; Buder et al. 2018), we note that the Cannon

does not perform as well as other interpolation methods for our particular data set

due to the large span in stellar parameter space. Compared to Table 2.1, all veri�-

cation model errors are notably smaller than the measured leave-one-out errors. As

all four veri�cation models are located either near regular models or well inside the

grid boundaries, spline and Kriging perform much better on the veri�cation models

compared to the measured MAD error statistic in the leave-one-out tests. These

veri�cation results indicate that the �nal interpolation methods produce consistent

results when compared to the leave-one-out cross-validation errors.

Errors: 1D comprehensive grid

Leave-one-out cross-validation errors presented in Section 2.4.1 likely yields over-

estimated error estimates. This is because the e�ective interpolation step in these

tests will be 500 K in Te� , 0.5 dex in log(g) and 0.5{1 dex in [Fe/H], while in practice

interpolation on the full grid will require steps of at most 250 K in Te� , 0.25 dex in

log(g) and 0.25{0.5 dex in [Fe/H]. While the tests on veri�cation models presented

in Section 2.4.1 yield fair estimates of the interpolation error, they cover only a

very limited parameter space. Due to the large computational cost of creating 3D

hydrodynamic simulations, it is beyond our computational resources to generate

additional veri�cation models that cover the entire parameter space for compari-

son to our 3D NLTE calculations. In this section, we present errors from a more
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Figure 2.10: Comparison of interpolation models with veri�cation models (that were
not trained on). The veri�cation models were tailored to speci�c stars, indicated by
name and stellar parameters: Te� , log(g), [Fe/H], and A(Li). Note that the residuals
between prediction and veri�cation model have been magni�ed by a di�erent amount
in each plot.

comprehensive grid of veri�cation models based on 1D NLTE calculations.

We use spectra computed using 1D hydrostatic models that were computed with the

atmo code, adopting� M LT = 1:5, vmic = 1 km s� 1. We train spectrum interpolation

models using the same hyperparameters as were used for our 3D NLTE spectra. We

test on a total of 2000 1Datmo models with randomly generated values for Te� and

log(g), while discrete values of [Fe/H] are selected from the existing grid, and A(Li)

is drawn from a normal distribution with mean 2:5 and standard deviation 0:3. 1000

of these models are bounded by the existing grid models, hence are \interpolation"

models; the other 1000 models are not fully bounded by existing grid models, hence
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are \extrapolation" models.

The MAD and RMS errors determined for these two samples are shown in Table 2.1.

We �nd that spline interpolation performs well on average on both interpolation

and extrapolation, while a small number of extreme outliers in the extrapolation

sample produce a large RMS error. The Cannon surprisingly performs better on

extrapolation than interpolation, indicating that there are likely small oscillations

in the model. Our preferred model, Kriging, performs well on both interpolation

and extrapolation, again with a small number of extreme outliers producing a large

RMS error in the extrapolation sample.

2.4.2 Interpolating Line Strengths

As a complement to our interpolation of spectral line pro�les, we also provide Python

classes inbreidablik to derive abundances and abundance corrections based on

reduced equivalent widths for all 3 Li lines. Our method for providing abundance

corrections, �NLTE, takes as input stellar parameters and A(Li) measured in 1D

LTE. Our method for providing 3D NLTE abundance measurements, AREW , takes

as input stellar parameters and a REW (Eq. 2.1).

We test a total of �ve interpolation models, including the spline interpolation, the

Cannon and Kriging, presented in Sections 2.4.1 - 2.4.1, which are used here with no

need for hyperparameters because the 
ux transform is not used. We introduce here

two additional interpolation methods: Multi-Layer Perceptron (MLP) and Support

Vector Regression (SVR). These methods were also evaluated in our tests for spectral

line interpolation, but we found that due to limited precision and the random na-

ture of the training procedure, both methods produce pixel-to-pixel variations that

resemble noise in the line pro�les. As a result, MLP and SVR are not considered

for interpolating line pro�les.

We note that Mott et al. (2020) present a method similar to our application of

the Cannon, where they use a polynomial �t over Te� , log(g) and A(Li), and derive

�tting functions individually at each value of [Fe/H]. They test their �tting functions

on their input data, and �nd that errors are typically in the range of 0.020 dex for

both �NLTE and A REW .

Support Vector Regression

Support Vector Regression (SVRs) is a form of Support Vector Machines (Vapnik

1995), that de�nes a subset of the training set (the support vectors) which fall

within " of the geometric margin separating data, using a particular kernel function
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to transform the input space. We use theSVRclass (Chang & Lin 2011) from the

Python packagescikit-learn (Pedregosa et al. 2011). For �NLTE, we �nd best

hyperparameters: the penalty parameter,C = 100; penalty distance, " = 10� 3;

and kernel function, f ker = radial basis function (rbf). For A REW , we �nd best

hyperparameters:C = 5000, " = 10� 5, and f ker = rbf.

Multi-layer Perceptron

Multi-layer Perceptrons (MLPs) are fully connected feed forward neural networks,

that connect \neurons" in a series of layers through a mixture of linear and non-linear

transforms. We use theMLPRegressorclass (Hinton 1990) from the Python package

scikit-learn (Pedregosa et al. 2011). We set the maximum number of iterations to

105 and the tolerance to 10� 6. For �NLTE, our best hyperparameters are: number

of layers,nl = 2; the number of neurons per layer,n = 900; the L2 penalty, � = 0:1;

and the activation function, f act = recti�ed linear unit (ReLU). For A REW , the best

hyperparameters are:nl = 2, n = 350, � = 0:01, andf act = ReLU.

Errors

We show the �tting statistics MAD and RMS errors of �NLTE and A REW models

in Table 2.3. These reported errors are also likely to be upper bounds on the errors

expected from fully trained grids, similar to Table 2.1. SVR takes much longer

to train over AREW compared to �NLTE because the training time is sensitive to

the hyperparameter,C, where larger values ofC tends to takes longer to train due

to higher numbers of iterations required. MLP takes longer to train over �NLTE

compared to AREW , because the training time is sensitive ton, as largern implies a

higher number of �tted parameters. Overall, our preferred method, MLP, produces

by far the lowest errors and executes rapidly.

To verify the validity of the �nal line strength interpolation models, we use the same

veri�cation set as in Section 2.4.1. The exact �NLTE and 3D NLTE A(Li) computed

with balder for these veri�cation models are compared to the interpolated line

strengths from the �ve tested methods in Table 2.4. The veri�cation results for

the Cannon, Kriging, SVR, and MLP in Table 2.4 mostly matches the results in

Table 2.3. Spline interpolation and Kriging both perform signi�cantly better for the

veri�cation models again due to the location of the veri�cation models being near

regular models or well inside grid boundaries. These veri�cation results indicate

that the �nal interpolation models for both �NLTE and A REW are consistent with

the leave-one-out cross-validation error statistics.

We also compute errors for the �NLTE and AREW models on a 1D comprehen-
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Table 2.3: Comparison of di�erent interpolation methods used to predict the abun-
dance correction (�NLTE) and abundance based on equivalent widths (AREW ), for
the 670.8 nm line. The columns are the same as in Table 2.1.

3D leave-one-out 1D interpolation 1D extrapolation
Line strength Interpolation MAD RMS MAD RMS MAD RMS

�NLTE

Spline 0.040 0.083 0.012 0.139 0.020 0.209
The Cannon 0.025 0.041 0.024 0.148 0.027 0.199

Kriging 0.021 0.037 0.012 0.142 0.012 0.170
SVR 0.017 0.027 0.018 0.140 0.014 0.163
MLP 0.012 0.020 0.012 0.140 0.011 0.173

AREW

Spline 0.051 0.663 0.026 0.063 0.024 0.202
The Cannon 0.038 0.066 0.026 0.057 0.020 0.069

Kriging 0.013 0.022 0.025 0.046 0.018 0.149
SVR 0.018 0.036 0.030 0.056 0.034 0.080
MLP 0.010 0.014 0.027 0.047 0.015 0.073

Line strength Interpolation training time [s] execution time [ms]

�NLTE

Spline 29.3 0.578
The Cannon 0.198 0.00263

Kriging 0.567 15.1
SVR 27.1 0.119
MLP 2140 0.384

AREW

Spline 28.3 0.563
The Cannon 0.273 0.00209

Kriging 0.552 14.9
SVR 1270 0.170
MLP 133 0.176
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Table 2.4: Error in the predicted abundance correction (�NLTE) and abundance
based on equivalent widths (AREW ) for veri�cation models (that were not trained
on), based on equivalent widths for the 670.8 nm line. The actual values of �NLTE
and 3D NLTE A(Li) computed for each veri�cation model is shown in the �rst row
labeled `direct synthesis', while subsequent rows show the errors, as in Table 2.2.

Line strengths
Method

Model
Sun HD 140283 Procyon HD 84937

�NLTE

Direct synthesis -0.065 -0.006 0.040 -0.026
Spline 0.012 0.021 -0.036 -0.004

The Cannon 0.000 0.015 -0.045 0.005
Kriging 0.045 0.016 0.053 -0.001

SVR 0.007 0.026 -0.029 0.005
MLP 0.006 0.019 -0.041 0.005

AREW

Direct synthesis 1.100 2.000 1.000 2.200
Spline 0.000 0.000 -0.004 0.005

The Cannon -0.017 -0.006 0.026 0.016
Kriging 0.011 0.002 -0.005 0.006

SVR 0.009 -0.008 -0.018 0.008
MLP 0.002 -0.002 -0.008 0.008

sive grid, similar to Section 2.4.1. Since these models are trained on 1D hydrostatic

model atmospheres, the �NLTE model takes as input the stellar parameters and 1D

LTE A(Li) and returns � NLTE = 1D NLTE A(Li) - 1D LTE A(Li); whilst the A REW

model takes stellar parameters and REW and outputs 1D NLTE A(Li). The MAD

and RMS errors for these 1000 \interpolation" and 1000 \extrapolation" models are

shown in Table 2.3. All models perform well on average for both interpolation and

extrapolation, but extrapolation tends to have more extreme outliers, as seen from

the higher RMS for extrapolation. The �NLTE models have comparable MAD and

RMS errors between the 3D leave-one-out cross-validation errors and 1D interpola-

tion and extrapolation errors, with the exceptions of spline and the Cannon. Spline

and Kriging for the AREW models have more extreme outliers when extrapolating

compared to interpolating; whilst the Cannon, SVR, and MLP have almost com-

parable RMS, indicating that they perform better extrapolating compared to other

methods. Overall, our preferred model, MLP, performs well in both interpolation

and extrapolation compared to other models.

Mott et al. (2020) presented polynomial �ts with typical errors of 0.020 dex in both

�NLTE and 3D NLTE REW. We note that although our errors are similar in

magnitude, these errors are not directly comparable. This is because the parameters

range in the Mott et al. (2020) grid is smaller than ours, and the tests used to derive

the error statistics are also di�erent. We believe a leave-one-out cross-validation

and an additional test on randomly selected models should be more representative
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of errors typically seen in real data sets.

In addition, we use MLP to �t the 610.4 nm and 812.6 nm line. The hyperparam-

eters, leave-one-out cross-validation errors, and veri�cation results are provided in

Appendix A.1.

2.5 Discussion

As shown in Section 2.3.4, our NLTE results are quantitatively di�erent from previ-

ous literature, in particular resulting in signi�cantly more negative abundance cor-

rections. Ordinarily, adjustments to abundance scales like this are tested through

the agreement of di�erent abundance diagnostics in standard stars. Due to the very

low abundance of lithium, only the resonance line at 670.8 nm is visible in most

stars, and indeed even this line is di�cult to measure in the Sun where the photo-

spheric abundance is depleted by more than 2 dex relative to the protosolar value

(e.g. Asplund et al. 2009). While the subordinate line at 610.4 nm is inaccessible

in the solar spectrum, it is sometimes possible to measure in spectra of exceptional

quality or when the lithium abundance is strongly enhanced (typically causing the

670.8 nm line to saturate).

We use a sample of well-studied MSTO stars on the Spite plateau, with equivalent

widths measured from high-quality UVES spectra withS=N > 400 (Asplund et al.

2006). We also analyse two benchmark stars with accurately known literature stellar

parameters, HD 140283 (Karovicova et al. 2018) and HD 84937 (Casagrande et al.

2011; VandenBerg et al. 2014; Amarsi et al. 2016b), and ESPRESSO spectra with

S=N � 2000 (Wang et al., in prep). We �nd good agreement between abundances

measured from the 610.4 nm and 670.8 nm lines as shown in Fig. 2.11, but note that

the abundance di�erence between the two lines is unfortunately rather similar in 3D

NLTE and 1D LTE. A small but signi�cant o�set is found at [Fe =H] � � 1:0, that

implies an overestimated abundance of the 610.4 nm line relative to the 670.8 nm line.

The average abundance di�erence between the two lines is +0:041� 0:055 dex in 3D

NLTE, compared to � 0:042� 0:053 in 1D LTE. We emphasise that the 610.4 nm

feature has an equivalent width of just 0.2 pm, and the abundance di�erence could

therefore be explained by a minor unrecognised blend with strength of the order

0.05 pm at [Fe=H] = � 1. Curiously, the Feii 610.45 nm line is located in the blue

wing of the Li i 610.4 nm line and has an equivalent width of approximately 0.3 pm

in the solar spectrum. This is in good agreement with the predicted strength (using

an oscillator strength from Raassen & Uylings 1998), and should therefore fall very

close to expectations in the metal-poor stars. While this blend was not included in
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the spectrum �ts by Asplund et al. (2006) due to its uncertain loggf value, we note

that they employed a spectrum �tting method that primarily relied on the strength

of the red (unblended) wing of the 610.4 nm transition. Assuming the blend did

contribute to the measured equivalent widths, the corrected line strengths yield an

average abundance di�erence between the two lines of +0:022� 0:049 dex in 3D

NLTE, compared to � 0:062� 0:048 dex in 1D LTE.

As our 3D NLTE calculations yield overall lower abundance results than previously,

this has important implications for a wide range of science cases. Di�erences are less

signi�cant for e.g. warm and metal-poor stars, where background line opacities in UV

are relatively weak. In the measurements presented above, we �nd for the 22 Spite

plateau stars with accurately known temperatures and no obvious Li-enrichment, an

average 3D NLTE abundance A(Li) = 2:20� 0:05 based on the 670.8 nm resonance

line, compared to our 1D LTE result A(Li) = 2:23� 0:06 or the 1D NLTE result of

Asplund et al. (2006), A(Li) = 2 :21� 0:07. This underscores the �nding of Asplund

et al. (2003) that the 3D NLTE Li abundances in metal-poor halo stars are quite

similar to the 1D NLTE and 1D LTE results due to a fortuitous near cancellation

of the 3D and NLTE e�ects.

Mucciarelli et al. (2012a) performed a commensurate analysis of RGB stars, where

their 1D NLTE abundance (with NLTE corrections from Carlsson et al. 1994) mea-

surement A(Li) = 0 :97 � 0:06 implies an initial abundance in these �eld stars of

A(Li) 0 = 2:28{2.46, where the range represents systematic uncertainties related to

the choice of temperature scale and stellar evolution models. We revert their A(Li)

to 1D LTE using the abundance corrections from Carlsson et al. (1994), and then

apply our own �NLTE as described in Section 2.3.5 and Section 2.4.2; we note that

this procedure is not perfect since it depends on the di�erence in LTE results for

the two types of employed 1D model atmospheres (Mucciarelli et al. 2012a: Kurucz;

here: atmo ) but for our purposes it is su�ciently accurate given the uncertain-

ties in the predicted Li depletion for RGB stars. Our derived abundances for their

stars are signi�cantly lower, at A(Li) = 0 :81� 0:06, thereby implying initial abun-

dances in the range A(Li)0 = 2:12{2.30, in agreement with the Spite plateau value

A(Li) = 2 :20� 0:05 derived above. This unexpectedly good agreement could imply

that the surface lithium abundance depletion in metal-poor MSTO stars is mainly

caused by destruction rather than non-destructive deposition. We note however

that theoretical models of mass-dependent depletion through gravitational settling

predict a combination of deposition and destruction (Richard et al. 2005) in good

agreement with measurements (e.g., Korn et al. 2007; Lind et al. 2008; Mel�endez

et al. 2010b). The initial lithium abundance recovered in these cited studies is how-
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Figure 2.11: Top panel: Comparison between 3D NLTE A(Li) measurements of the
610.4 and 670.8 nm lines using UVES and ESPRESSO spectra for a sample of Spite
plateau stars (see description in text). A representative systematic error bar due to
uncertainties in the stellar parameters is shown in the bottom right corner. Bottom
panel: 3D NLTE abundance corrections �NLTE (3D NLTE-1D LTE) for the two
Li lines.
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ever still signi�cantly lower than the predicted cosmological abundance level, which

opens for additional destruction mechanisms, on the pre-main sequence or otherwise

(see Fu et al. 2015).

Figure 2.12: Abundance �t to the solar spectrum in 1D LTE. Our optimum �t has
EW = 0 :30 � 0:02 pm, which yields a 3D NLTE abundance A(Li) = 0:96 � 0:05
(including systematic errors).

Finally, we have �tted the Hamburg solar 
ux atlas (Brault & Neckel 1987; Neckel

1999) using the linelist of Ghezzi et al. (2009) as well as of Mel�endez et al. (2012)

in a 1D LTE analysis with MARCS model atmospheres (Gustafsson et al. 2008).

In both cases, our best �t, shown in Fig. 2.12, the Li line has a line strength of

EW = 0 :30� 0:02 pm, which yields a 1D LTE result A(Li) = 0:98� 0:03 (statistical

error bars) in excellent agreement with Harutyunyan et al. (2018). This equivalent

width corresponds to a 3D NLTE solar abundance of A(Li) = 0:96� 0:05 (the error

bar here includes indicative systematic errors, representing modelling di�erences

comparing 3D/1D and NLTE/LTE, following Asplund et al. 2009), which is lower

than the value A(Li) = 1 :05� 0:10 provided in Asplund et al. (2009). It implies that

the solar surface Li abundance is depleted by a factor 200 relative to the proto-solar

value as implied by the CI meteoritic abundance A(Li) = 3:26� 0:05 (Lodders et al.
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2009, renormalised to A(Si) = 7:51 from Amarsi & Asplund 2017).

2.6 Conclusions

In this paper, we presented our 3D NLTE grid, covering the full FGK-type star pa-

rameter range, and a broad range in lithium abundances. We make available our grid

alongside a set of interpolation routines in thebreidablik package. These interpo-

lation routines can be used to interpolate line pro�les to arbitrary stellar parameters

using the Kriging technique, achieving a median absolute error of 0.012 dex; we inter-

polate line strengths using MLP, achieving a median absolute error of 0.012 dex when

deriving abundance corrections (�NLTE) and 0.01 dex when deriving the abundance

from a reduced equivalent width (AREW ). In addition, 1D departure coe�cients are

made available through (Amarsi et al. 2020; Amarsi 2020).

We have shown the importance of taking into account line blocking in the solution of

the statistical equilibrium, and �nd signi�cant di�erences with respect to previous

works. These lower inferred abundances for all three Li lines may have important

implications for a wide range of science cases. As a demonstration, we redetermine

the lithium abundances in samples of metal-poor MSTO and RGB stars, and �nd

that our 3D NLTE abundance estimates are lower than previous 1D NLTE estimates

by 0.01 and 0.16 dex, respectively; after correcting for the predicted e�ects of dilution

due to dredge-up, we �nd that the lithium abundances measured in metal-poor RGB

stars agree well with those measured in the MSTO stars.

In future work, we intend to apply our calculations to varying isotopic ratios in

metal-poor stars, in order to revisit the cosmological6Li problem (e.g. Smith et al.

1998; Asplund et al. 2006; Lind et al. 2013).
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Preamble

In the previous chapter, I present physically accurate 3D NLTE radiative transfer

models and show that for the same parameters, spectral lines have a di�erent shape

in 3D NLTE. This chapter studies the accuracy of 3D NLTE radiative transfer

when compared to high �delity observed spectra. I do this through three metal-

poor stars observed with ESPRESSO at R = 140 000 with S/N� 1800. Metal-

poor stars are the ideal test cases of 3D NLTE spectral synthesis as their spectra

are minimally blended, providing good continuum normalisation, and removing the

need to synthesise blending lines through radiative transfer. These are the highest

resolution and S/N spectra ever observed of these three stars.

Abstract

The detection of 6Li in Spite plateau stars contradicts the standard Big Bang nu-

cleosynthesis prediction, known as the second cosmological lithium problem. We

measure the isotopic ratio6Li=7Li in three Spite plateau stars: HD 84937, HD

140283, and LP 815-43. We use 3D NLTE radiative transfer and for the �rst time

apply this to high resolution, high-S/N data from the ultra-stable VLT/ESPRESSO

spectrograph. These are amongst the best spectra ever taken of any metal-poor

stars. As the measurement of6Li=7Li is degenerate with other physical stellar pa-

rameters, we employ Markov chain Monte Carlo methods to �nd the probability

distributions of measured parameters. As a test of systematics we also use three

di�erent �tting methods. We do not detect 6Li in any of the three stars, and �nd

consistent results between our di�erent methods. We estimate 2� upper limits to
6Li=7Li of 0.7 %, 0.6 %, and 1.7 % respectively for HD 84937, HD 140283, and LP

815-43. Our results indicate that there is no second cosmological lithium problem,

as there is no evidence of6Li in Spite Plateau stars.

3.1 Introduction

Lithium is the only element with three production channels: Big Bang nucleosyn-

thesis (BBN), cosmic rays, and stars. As such, lithium is an unique element which

can be used to study chemical evolution in multiple environments and processes

simultaneously. Standard BBN produced mostly hydrogen and helium, with trace

amounts of 7Li, and even less6Li. The predicted lithium production in standard

BBN is A( 7Li)= 2 :75� 0:02 and 6Li=7Li � 10� 4 (Pitrou et al. 2018). Cosmic rays

and stellar production of lithium is nearly negligible in the early Universe, with BBN
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being the dominant source (Prantzos 2012).

Old metal-poor dwarf stars in the Milky Way halo have been found to exhibit sim-

ilar photospheric lithium abundance over a wide range of metallicities, known as

the Li Spite plateau: A(7Li) =2.0{2.2 (Spite & Spite 1982; Bonifacio & Molaro

1997; Ryan et al. 1999; Asplund et al. 2006; Mel�endez et al. 2010b; Sbordone et al.

2010). While this was long thought to represent the primordial value, measure-

ments of anisotropies of the cosmic microwave background (CMB) by the WMAP

and Planck satellites yield a very precise baryon density of the Universe (e.g. Planck

Collaboration et al. 2020), which implies a signi�cantly higher predicted Li abun-

dance from standard BBN by a factor of 3-4 than observed in the oldest stars. This

is the long-standing cosmological lithium problem. (see e.g., Fields 2011, and ref-

erences therein). A possible stellar evolution resolution to the cosmological lithium

problem would be that the metal-poor stars on the Spite plateau have depleted

most of their 7Li throughout their pre-main sequence and main sequence evolution

(Richard et al. 2005; Korn et al. 2006; Fu et al. 2015).

Not only do measured7Li abundances disagree between BBN predictions and stellar

observations, but so do apparently6Li abundance measurements. There are multiple

claimed detections of6Li in Spite plateau stars at a level of6Li=7Li of a few percent

(e.g., Smith et al. 1993, 1998; Hobbs & Thorburn 1994; Cayrel et al. 1999; Nissen

et al. 1999, 2000; Asplund et al. 2006; Ste�en et al. 2012), but at a level greatly

exceeding predictions from standard BBN theory as well as production by cosmic

rays or in stars (Prantzos 2012). Since6Li is even more fragile than7Li, a depletion

of 7Li in the surface layers of metal-poor stars to resolve the cosmological Li problem

would imply an even greater depletion in6Li (Richard et al. 2002). As a result, stellar

evolution by itself is not enough to resolve the discrepancy between BBN predictions

and measurements in old halo stars for both7Li and 6Li. This additional tension

due to 6Li is known as the second cosmological lithium problem. To alleviate these

discrepancies between6Li measurements and predictions, various exotic scenarios

have been put forward (e.g., Kusakabe et al. 2008; Jedamzik & Pospelov 2009; Luo

et al. 2021).

The determination of the isotopic ratio1 6Li=7Li is extremely challenging as it relies

on measuring the small additional spectral line asymmetry introduced by the small

isotope shift (� 0:017 nm) in the Li i 670.8 nm resonance line when6Li is present.

The 670.8 nm line is already intrinsically asymmetric due to its unresolved dou-

blet and �ne structure components, which is further perturbed by stellar surface

convection and rotation. Exceptionally high-quality observations in terms of S/N

16Li=7Li = 10 A( 6 Li) � A( 7 Li) � N (6 Li)
N (7 Li) , where N is the number density
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and spectral resolving power is therefore required as well as realistic modelling of

the stellar atmosphere and line formation process. Early measurements of6Li were

carried out using 1D hydrostatic simulations of stellar atmospheres, and with radia-

tive transfer computed under the assumption of local thermodynamic equilibrium

(LTE). However, convective velocity �elds in 3D hydrodynamic stellar atmospheres

can mimic the appearance of6Li (Asplund et al. 2006; Cayrel et al. 2007). To further

complicate the picture, line formation under non-LTE (NLTE) in
uences the line

opacity and thus the formation depth (Asplund et al. 2003), which also a�ects the

measured6Li.

Pioneering work on measuring6Li=7Li with 3D line formation and considering depar-

tures from LTE have been performed by Cayrel et al. (2007), Asplund & Mel�endez

(2008) and Ste�en et al. (2010a,b, 2012), but unfortunately led to somewhat con-


icting results. The �rst analysis that investigated 3D NLTE line formation for the

Li line and other calibration lines consistently was performed by Lind et al. (2013)

and resulted in non-detections of6Li at 2� in all investigated stars. However, they

could not rule out at higher signi�cance that the lighter isotope is present in HD

84937 at a 1.1{1.7 % level depending on analysis assumptions. In this study, we

present new data and improved analysis techniques to further reduce the error bars

and reveal if 6Li is indeed present in detectable amounts in some metal-poor halo

stars.

As the isotopic splitting in lithium is small, the absorption due to 7Li introduces

only a small asymmetry in the6Li-dominated line pro�le. It is therefore necessary

to simultaneously know the centre, depth and width of the line pro�le through es-

timates of the radial velocity, overall Li abundance, and rotational, convective and

instrumental broadening, resulting in a partial degeneracy between these parame-

ters. The rotational broadening and radial velocity can be measured using other

lines, termed calibration lines. However, velocity �elds in 3D hydrodynamic stellar

atmospheres and NLTE e�ects a�ect the measured rotational broadening and radial

velocity from every line. Therefore, using 3D NLTE radiative transfer for both cal-

ibration lines and the Li line is important to accurately measure6Li=7Li as shown

by Lind et al. (2013). 3D NLTE radiative transfer make detections less signi�cant

in comparison to LTE.

In the present work, we revisit the measurement of6Li in the three Spite plateau

stars HD 84937, HD 140283, and LP 815-43, using improved observations, highly

realistic stellar atmosphere and line formation modeling, and more sophisticated

inference methods. We selected two bright targets from (Asplund et al. 2006): HD

140283 and LP 815-43, where the former subgiant is the brightest very metal-poor
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star known and hence a�ords exceptional-quality observations, and the latter is the

most metal-poor star with a claimed6Li detection. We also observe the bright

benchmark turn-o� star HD 84937 which has consistent previous6Li detections (see

e.g. Smith et al. 1993, 1998; Hobbs & Thorburn 1994; Cayrel et al. 1999; Asplund

et al. 2006); in particular, HD 84937 has been studied in 3D NLTE by Ste�en et al.

(2012) who detected6Li and Lind et al. (2013) who did not detect6Li. Observations

of these stars were made using ESPRESSO/VLT (Pepe et al. 2010) which was

designed for extremely high spectral �delity, in particular in terms of the stability of

its wavelength solution. We accurately model the synthetic spectra through the use

of 3D hydrodynamic model atmospheres and NLTE radiative transfer for all lines

used in this work, both Li and calibration lines of K and Fe. Only recently have 3D

NLTE pro�les for such more complex elements become feasible (Amarsi et al. 2016b).

In addition, we use a Markov chain Monte Carlo method to sample the posterior

distribution of 6Li=7Li, which consistently takes into account the complicated partial

degeneracies between parameters.

In this paper, we show the observations in Section 3.2, describe our methodology

in Section 3.3, present our results in Section 3.4, and �nally discuss these results in

Section 3.5.

3.2 Observations

Observations were taken with the ESPRESSO (Pepe et al. 2010, 2021) high resolu-

tion spectrograph on the ESO Very Large Telescope (VLT) in the high resolution

(HR) 1-UT con�guration with 1x1 binning. Observations were executed during

April to July 2019 in service mode, with good seeing (typically less than 0:7 arcsec),

and data were reduced using the ESPRESSO pipeline version 1.3.2. Exposure times

were 7� 50 minutes for HD 84937 and 24� 50 minutes for LP 815-43. Exposures were

shorter, 4� 20 minutes for our brightest target, HD 140283, to avoid saturation. The

spectra are of exceptional quality, with a stacked signal-to-noise ratioS=N > 1000

per pixel and a resolving power ofR � 146 000 in the region of the lithium line.

For each star, we align exposures according to the radial velocity reported by the

pipeline. We perform the coaddition using a 
ux-weighted summation with 3�

outlier rejection, on a merged uniform wavelength grid with a pixel step of 0.7 km s� 1,

corresponding to Nyquist sampling at the nominal resolution of the spectrograph.

We note that this procedure will partly correlate neighbouring pixels and hence

standard � 2 statistics is formally not appropriate.

The photon-limited radial velocity precision for stellar spectra that are rich in sharp
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spectral lines approaches 0.1 m s� 1 thanks to the combined use of a ThAr lamp

and Fabry-Per�ot interferometer that cover the entire optical wavelength range, and

the temperature and pressure stabilisation of the instrument (Pepe et al. 2021).

We stress however that this internal precision is di�erent from the accuracy of the

instrument, which is better characterised by the accuracy of the wavelength solution

at the level of 20 m s� 1 with signi�cant dependence on wavelength (Schmidt et al.

2021).

We use the ThAr calibration frames associated with our observations to estimate

the resolving power of the instrument, and �t the variation of the instrumental

FWHM as a function of pixel number using 2nd-order polynomials. We note that

as the ESPRESSO instrument uses an amorphic pupil slicing unit, each physical

di�raction order is recorded twice with slightly di�erent optical characteristics. Due

to the limited number of ThAr calibration lines in each spectral order, we smooth

our polynomial �ts to the resolving power across adjacent di�raction orders. The

resulting smoothed mapping agrees with individual ThAr measurements at the level

of 0.1 and 0.3 % on the blue and red detectors, respectively.

Like Pepe et al. (2021), we �nd systematic di�erences between the blue and red

cameras, as well as between the extracted slices for a given di�raction order, and

a tendency for higher resolving power toward higher wavelengths both across each

spectral order and comparing spectral orders across each camera. For example,

we estimateR = 146400 near Lii 670.8 nm, R = 153000 near Ki 769.9 nm, and

R = 137000, 142000 and 142000 respectively at 540, 511 and 490 nm where there

are numerous Fei lines. We produce a single estimate of the resolving power for

each extracted pixel in our merged, coadded spectra using the relative throughput

of each extracted slice as estimated using the 
at �eld calibration.

We emphasise that our observed stellar spectra have higher resolving power, spectral

sampling, andS=N than any previously obtained for metal-poor stars.

3.2.1 Residual interference pattern

Due to the exceptional quality of our spectra, the limited quality of calibration


at �eld frames leaves residual patterns in the reduced data. In particular, an

interference pattern has an apparent amplitude greater than the Poisson noise in

the co-added spectra. Thanks to the excellent stability of the instrument, we found

no signi�cant variation in 
at �elds during a given month and therefore created

monthly master 
at frames using the full set of 
at �eld exposures associated with

our observations. Despite this, a residual pattern with a period of roughly 0.1 nm
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and an amplitude of� 0:1% is apparent in our data, similar to what has been found

in the literature (Allart et al. 2020; Casasayas-Barris et al. 2021).

We found limited success with applying Fourier transforms and explicitly �tting

periodic functions to the data, but were able to identify and remove the interference

pattern using Gaussian processes. Gaussian processes have been applied to many

areas in astronomy, usually to �t complex data (e.g., Aigrain et al. 2016b; Angus

et al. 2018; Iyer et al. 2019; Hu & Tak 2020; Feeney et al. 2021; Soo et al. 2021),

but rarely to correct interference patterns in spectra. A full description of Gaussian

processes is beyond the scope of this work, for the interested reader, we refer to

Rasmussen et al. (2006).

We test Gaussian processes on several nearly line-free regions, with good results

when extracting a spectral region of 1200 km s� 1 (roughly 1700 pixels), with any

absorption lines masked out. We �tted the oscillation pattern with Gaussian pro-

cesses using the Python packagescikit-learn (Pedregosa et al. 2011). For this �t, we

normalised the wavelength scale, shifted the spectrum to 0 and smoothed it using

a rolling mean with a width of 11 pixels. We also experimented with other widths

for the rolling mean with minimal di�erence between 5, 11, and 21 pixels. We used

a periodic kernel multiplied by a radial basis function kernel. The periodic kernel is

given by

k(x i ; x j ) = exp
��

�
2 sin2(�d (x i ; x j )=p)

l2

��
; (3.1)

where l is the length scale which determines how correlated neighbouring points

are, p is the period which determines the periodicity of the pattern, and d is the

Euclidean distance which in this work simpli�es tod(x i ; x j ) = jx i � x j j asx i and x j

are scalars; the radial basis function kernel is given by

k(x i ; x j ) = exp
��

�
d(x i ; x j )2

2l2

��
: (3.2)

We found a reasonable �t with l = p = 1, representing a relatively short periodicity

for the pseudo-periodic variation, and multiplied this periodic kernel by a radial basis

function kernel with l = 500 that absorbs minor ripples in the continuum.

Due to the 
exibility of Gaussian processes, the solution tends to oscillate in masked

regions that were not included in the �t. We therefore veri�ed the robustness of the

method on a line-free region near 680 nm, where we applied an identical line masking

as was used on the lithium-line region at 671 nm, and found that we were able to

predict the interference pattern in the masked out section. This is discussed further

in App. B.1. On the contrary, we found that we could not robustly �t the residual
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interference pattern in the region of the potassium line at 770 nm due to the presence

of telluric lines, nor at shorter wavelengths due to the presence of many weak lines

with relative depths in excess of 10� 3.

We show in Fig. 3.1 the lithium line region at 671 nm for all three stars, together

with our �t to the interference pattern. While the interference pattern is relatively

periodic and nearly sinusoidal in the spectrum of HD 140283, the spectrum of LP

815-43 appears nearly chaotic. We note that while spectra for HD 140283 were

recorded over the span of two hours, observations for LP 815-43 span seven weeks and

likely exhibit some time variability in the coadded spectrum. Due to the interference

pattern, the pixel-to-pixel scatter implies a S/N that is signi�cantly worse than what

is estimated from Poisson statistics. After subtracting the �tted oscillation pattern,

the corrected spectra do not appear to be systematically distorted and exhibit a

signi�cantly boosted S/N in the continuum. As Gaussian processes provide an error

estimate associated with the model prediction, we fold these error estimates into our

�nal S/N estimates. The error in the Li line region for LP 815-43 after folding in the

Gaussian process error is signi�cantly larger than the original S/N. Therefore, we

use the normalised 
ux not the corrected 
ux for our analysis of LP 815-43.

3.3 Methodology

3.3.1 3D hydrodynamic model atmospheres

The fundamental stellar parameters of all three stars are accurately known from

advanced spectroscopic or fundamental measurements. The e�ective temperature

(T e� ) of HD 140283 is accurately known from fundamental measurements of its

angular diameter and bolometric 
ux (Karovicova et al. 2020); for HD 84937 and

LP 815-43 we adopt Balmer line �ts based on 3D NLTE spectrum synthesis (from

Amarsi et al. 2019). Additionally, the surface gravity log(g) is well constrained

for all three stars by parallax measurements from Gaia DR2 (Gaia Collaboration

et al. 2018a) or the Hubble Space Telescope (VandenBerg et al. 2014), together

with masses from stellar evolution models. The metallicities of HD 84937 ([Fe=H] =

� 2:05 � 0:06) and LP 815-43 ([Fe=H] = � 2:68 � 0:06) were determined using 3D

LTE spectrum �ts to unblended Feii lines by Amarsi et al. (2019). For HD 140283,

we use the value [Fe=H] = � 2:29� 0:11 from Karovicova et al. (2020) that is based

on 1D NLTE modeling of a set of unblended Fei and Feii lines; we note that this

value is in good agreement with the measurement based on 3D LTE modelling of

Feii lines by Amarsi et al. (2019), [Fe=H] = � 2:36 � 0:05, even though the latter

used slightly di�erent values for Te� and log(g).
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Figure 3.1: The residual interference pattern in the Lii 670.8 nm line in HD 84937
(left), HD 140283 (middle), and LP 815 (right). Blue shows the stacked observation
with the residual interference pattern, red shows the Gaussian process �t to this
residual interference pattern, and orange is the stacked spectra with the residual
interference pattern removed. Green shows the region which was not considered in
the �t. The S/N for the stacked continuum given by the MAD of the non-masked
region is shown in black on the top left. The S/N for the Li line (green shaded
region excluding hatched region) given by median of the 
ux divided by 
ux error
is shown in green on the top middle. The vertical grey dashed lines show the region
used for continuum normalisation.

We use 3D hydrodynamic atmospheric simulations computed with the STAGGER

code, and list the stellar parameters of our models and the targeted stars in Table 3.1.

Our models were computed on a staggered Cartesian mesh with 2403 volume ele-

ments, using a horizontally periodic boundary box; the top and bottom boundaries

are open, with the entropy and thermal pressure of incoming matter at the bot-

tom tuned to produce the desired Te� . We computed models of HD 84937 and HD

140283 speci�cally for this project, while for LP 815-43 we used a model from the

Stagger-grid (Magic et al. 2013). The tailored models were computed consistently

with Magic et al. (2013), with only minor updates to the code as described by Collet

et al. (2018); these changes do not crucially change the outcome of the modelling.

All models use the metal mixture from Asplund et al. (2009).

3.3.2 3D NLTE radiative transfer

We performed NLTE radiative transfer calculations using thebalder code (Amarsi

et al. 2016a,b, 2018), which originates in themulti3d code (Botnen & Carlsson
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Table 3.1: Stellar parameters for the programme stars from literature, and the
corresponding properties of the 3D model atmospheres; for the latter, the error in
Te� represents the standard deviation of the Te� time series, as e�ective temperature

uctuates over time in 3D hydrodynamic model atmosphere.

HD 84937a HD 140283b LP 815-43a

Te� (K) literature 6340� 70 5792� 55 6461� 70
Te� (K) model 6371� 20 5774� 11 6504� 20
log(g) literature 4:05� 0:06 3:65� 0:02 4:11� 0:06
log(g) model 4.00 3.70 4.00
[Fe/H] literature � 2:05� 0:06 � 2:29� 0:11 -2.68 � 0:06
[Fe/H] model -2.00 -2.50 -3.00

a Nissen et al. (2014); Amarsi et al. (2019)
b Karovicova et al. (2020)

1999; Leenaarts & Carlsson 2009). The model atmospheres were interpolated to

a smaller number of volume elements, 1202 by 220 (vertical), for computational

e�ciency reasons. We selected at least �ve snapshots from each hydrodynamic

simulation, chosen equidistantly to sample at least one convective turnover time.

This selection results in an error of roughly 0.01 dex in the determination of A(Li).

The variations in inferred radial velocity due to convective motions in the 3D stellar

models are somewhat harder to estimate, and appears to di�er signi�cantly between

models; in no case does this induce an error (�=
p

N snapshots) greater than 150 m s� 1{

in the best case in fact just 7 m s� 1. We note that the accuracy in radial velocity

is signi�cantly better than this, as di�erent spectral lines exhibit a similar radial

velocity for a given point in time in the hydrodynamic simulation. For the NLTE

radiative transfer solution, we use 26 rays for Li, representing two vertical rays and

six inclined angles rotated across four azimuthal directions; for Fe and K lines used

for parameter determination (see Section 3.3.3) we use only two inclined angles, for

a total of 10 rays. After the NLTE solution converged, we computed the emergent


ux for Li with one vertical and seven inclined and eight azimuthal angles, for a

total of 57 rays; for Fe and K we used only four azimuthal angles, for a total of 29

rays.

We compute synthetic pro�les for three elements: Li, K, and Fe. The Li atom is from

Wang et al. (2020), but with line components for6Li in addition to 7Li; wavelengths

for both isotopes were taken from Smith et al. (1998), and we note that these are

in excellent agreement with later ultra-precise measurements by Sansonetti et al.

(2011). We adopt the K atom from Reggiani et al. (2019), whose line wavelengths

originate with Falke et al. (2006). The Fe atom is from Amarsi et al. (2016b), with

wavelengths originating from Nave et al. (1994); we systematically correct the Fe
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wavenumbers by (6:7 � 0:8) � 10� 8 according to the improved measurements of ref-

erence wavelengths for Arii lines that was identi�ed by Whaling et al. (1995).

For both Li i and K i, the wavelengths of the resonance lines are known to incredible

accuracy, 0.015 and 0.06 m s� 1, respectively. In comparison, the wavelengths of Fei

lines are relatively uncertain with an accuracy of the order 25 m s� 1.

3.3.3 Spectrum �tting

Measuring the isotopic ratio from the Lii 670.8 nm transition between the ground

state and �rst excited level requires knowledge of the total Li abundance, as well as

global parameters representing rotational broadening, and radial velocity; we note

that the intrinsic thermal, pressure and convective line broadening are directly com-

puted from the 3D stellar atmosphere models (no ad-hoc macro- or microturbulence

parameters necessary in any 1D modelling enter the 3D calculations) while the in-

strumental broadening is measured from the ThAr wavelength calibration spectra.

We restrict v sin(i ) � 0, but similar to other works (Smith et al. 1993; Asplund et al.

2006; Gonz�alez Hern�andez et al. 2019) do not set any constraints on6Li=7Li as neg-

ative ratios allow us to capture potential systematic errors in modelling and avoids

arti�cially skewing the results to positive 6Li=7Li values. Although unphysical, neg-

ative 6Li=7Li values have been implemented with negative opacity contribution from

the 6Li isotopic component. These constraints are used for all �tting methods. In

addition, prior to spectrum �tting we normalise the continuum using surrounding

pixels not a�ected by the Li line in contrast to other works which �t the continuum

simultaneously with other free parameters. Fitting for the continuum simultane-

ously has a negligible a�ect on our measured6Li=7Li of order 0.01 % due to the

high S/N of the observed spectra. For every line used in this work, we normalise

the continuum by selecting a 200{400 km s� 1 region around the line, masking out all

lines in the region, and dividing out a Theil-Sen slope �t.

Both rotational broadening and instrumental broadening are applied to the syn-

thetic pro�les. We emphasise that so-called macroturbulent broadening is not a free

parameter because it arises naturally from large-scale velocity �elds in the 3D hy-

drodynamic models (e.g. Asplund et al. 2000; Nordlund et al. 2009). To broaden our

pro�les, we �rst apply rotational broadening to the synthetic pro�le, following the

method described in Dravins & Nordlund (1990), then we apply instrumental broad-

ening as a Gaussian with FWHM estimated from the measurements of calibration

ThAr lines, that varies with wavelength as described in Sect. 3.2.

The ESPRESSO data reduction pipeline estimates radial velocities based on cross-

correlations with a template. We have derived corrections that place the spectra at
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rest with respect to our 3D NLTE spectra. Hence, we label the measured 3D NLTE

radial velocity asvrad , and the di�erence between our 3D NLTE radial velocity and

the pipeline reported radial velocity as�v rad .

Method 1: Li-only

As the four parameters which contribute to the shape of the Li line are partially

degenerate, it is necessary to sample the posterior distribution from a� 2 likelihood

to determine the values for the parameters. We use MCMC from the Python pack-

age emcee(Foreman-Mackey et al. 2013) for sampling in this work. We map the

sample onto 2D error ellipses using the Pearson correlation coe�cient to calculate

the eigenvalues which determine the radii of the ellipse, then scale the ellipse such

that it encloses 1, 2, and 3� of the data (see Fig. 3.5).

In addition to this method where all four parameters are determined directly from

the Li i 670.8 nm line, we employ two additional methods where we determine rota-

tional broadening and radial velocity externally through other spectral lines.

Method 2: K-constrained

In order to minimise the e�ects of parameter degeneracies, we utilise the Ki 769.9 nm

line as a calibration line to determine the rotational broadening and radial velocity

prior to �tting the isotopic abundances to the Li line. This is because it has similar

properties to the Lii 670.8 nm line in terms of being the resonance line of an alkali

of comparable strength in our metal-poor stars. Furthermore, the doublet structure

of the K i resonance lines is fully resolved (the other doublet line being at 766.5 nm,

which unfortunately is destroyed by telluric lines) in contrast to the Li doublet,

which makes the line pro�le easier to model. As the Ki 769.9 nm line also has

an accurately known wavelength and exhibits only negligible isotopic and hyper�ne

splitting signi�cantly less than 1 km s� 1 (Falke et al. 2006), it acts as an excellent

reference line.

The K-constrained �t is performed by �rst measuring �v rad based on the shift of

the center of the Ki 769.9 nm line, this is done by �tting a Gaussian to both the

observed and synthetic pro�le;v sin(i ) is �tted based on this previously measured

�v rad . The probability distributions of v sin(i ) and �v rad were determined by explor-

ing a range for each parameter: for each value tested, we determine the optimal� 2

value found through optimising the other parameters, e.g: in the case ofv sin(i ),

we �x v sin(i ) and optimise �v rad and the abundance of K to �nd the optimum � 2.

We prescribe values for�v rad and v sin(i ) from these probability distributions in a

Monte Carlo, then useemceeto derive A(Li) and 6Li=7Li from the Li i 670.8 nm line.
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Note that v sin(i ) and �v rad are dictated from calibration lines externally rather than

implemented as priors to the MCMC �t on Li { we do this to prevent the Li line

from contributing to the determination of v sin(i ) and �v rad .

The best �t to K is shown in Fig. 3.2. The residuals for the �ts to the K line for

HD 84937 and HD 140283 are small for the pixels used in �tting. Using our best

�t and the solar abundance A(K)� = 5:07 � 0:03 from Asplund et al. (2021), we

derive [K=H] = � 1:76� 0:03 and � 2:27� 0:03 respectively for HD 84937 and HD

140283. This gives [K=Fe] = 0:29 � 0:07 and 0:02 � 0:11 for HD 84937 and HD

140283 respectively using the literature [Fe=H] values from Table. 3.1. We note that

these abundances are higher by 0.16 and 0.03 dex, respectively, compared to the 1D

non-LTE analysis by Reggiani et al. (2019). As the Galactic chemical evolution of

K is not the goal of this analysis, we do not delve further into the implications of

these abundance measurements.

We do not make a K constrained �t to LP815-43 as it has a small radial velocity,

resulting in a blend between the stellar and interstellar Ki 769.9 nm lines. Masking

out the interstellar line removes the minimum of the stellar K line, which results

in a poorly constrained �t. We tried �tting a Gaussian and synthetic pro�le to the

interstellar and stellar K lines combined, however this also failed due to the telluric

line blueward of the stellar Ki line which leaves no nearby continuum on the blue

side to �t.

Figure 3.2: Observed (blue) and �tted (orange) line pro�le for the Ki 769.9 nm line
for the three observed stars HD 84937 (left), HD 140283 (middle), and LP 815-43
(right). The data points within the shaded region are not considered in the �t. The
interstellar line in the LP 815-43 spectra is labelled as IS, all other lines are tellurics.
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Method 3: Fe-constrained

Our spectra contain numerous unblended Fei lines which o�er a statistical estima-

tion of v sin(i ) and �v rad . The method employed here is similar to the K-constrained

method discussed in the previous section, di�ering in that we measure 47 Fei lines

compared to only one Ki line.

We select a set of unblended Fei lines whose strengths are comparable to the Lii

670.8 nm line. We estimate their distributions using the same method as the K

line. Since we have 47 Fe lines, we measure 47 distributions forv sin(i ) and �v rad

respectively. To combine these 47 distributions, �rst, the median of each distribution

is used to remove outlier distributions. Next, the distributions are each scaled with

respect to their � 2
red value and �nally combined together into a joint probability

distribution by summing the distributions, known as a mixture model.

Fig. 3.3 shows the probability distribution ofv sin(i ) and �v rad measured from each

Fe line and the joint probability distributions computed using three di�erent meth-

ods. The standard method to �nd the joint probability distribution for v sin(i ) and

�v rad given some lines would be to estimate the optimum parameters from the lines,

then compute the mean or medium and take the standard error of the optimums as

the error estimate (shown in blue in the �gure). However,v sin(i ) is only marginally

resolved in slowly rotating stars, therefore, the asymmetry of the distributions of

v sin(i ) need to be taken into account. Considering the asymmetry, we compute the

probability distribution of each parameter for each line. To get the joint probability

distribution, the usual method is to multiply each individual probability distribu-

tion together (shown in red in the �gure). In the case where individual probability

distributions have similar error, and this error is larger than the scatter the in opti-

mum, then the mean and error of the individual probability distributions multiplied

together is equivalent to the mean and error given by the standard method. In this

work, we �nd that the scatter in � 2 optimum is much larger than the error in indi-

vidual distributions, as shown by the individual probability distributions (shown in

grey in the �gure). Therefore, we choose to use a mixture model as the joint distri-

bution (shown in black in the �gure). The physical interpretation of this mixture

model is that each Fe line measuresv sin(i ) and �v rad with some probability. This

joint distribution is used to measure A(Li) and 6Li=7Li from the Li i 670.8 nm line

using the same method described in Section 3.3.3.

Fig. 3.4 shows the maximum likelihood estimates ofv sin(i ) and �v rad as a function

of EW, and wavelength. There is a positive correlation between our estimated

�v rad and EW. We emphasise that since our 3D NLTE modelling predict varying

convective shifts for lines of di�erent strengths, the trend seen in Fig. 3.4 is not the
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Figure 3.3: The log probability distributions without outliers of v sin(i ) (left) and
�v rad (right) from Fe i lines for HD 84937 (top), HD 140283 (middle), and LP 815-
43 (bottom). The individual probability distributions (grey) shown are scaled with
respect to their � 2

red value. The di�erent joint probability distributions are also
shown: mixture model, which is the summation of the individual probability distri-
butions (black), multiplication of the individual probability distributions (red), and
the standard method of using the median and standard error of the optimums as
the mean and standard deviation of a Gaussian (blue).

well-known behaviour of decreasing convective blue-shift for stronger lines present in

late-type stars like the Sun (e.g. Allende Prieto & Garcia Lopez 1998; Allende Prieto

et al. 2002) but a shortcoming in the predicted line shifts in these metal-poor stars

for reasons that remain unclear. Removing this trend only for the wavelength to

�v rad panel (bottom middle) for illustrative purposes shows that there is no residual

trend associated with wavelength. We note that the zero-point of this trend is

ambiguous, and removing it therefore would not improve the accuracy of our�v rad
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measurement. As a result, we use the measured�v rad probability distributions in

our analysis without removing the trend. A small number of extreme points can be

seen as narrow peaks in the distributions; these are not ignored, but are taken into

account in our joint probability distribution.

We provide the optimum �ts from the Fe i lines and show some examples of these

line �ts in App. B.2.

Figure 3.4: Comparison ofv sin(i ) and �v rad against EW and wavelength for �ts to
a set of Fei lines. We note that �v rad was shifted by -0.15 for HD 84937 in order
to avoid overlap with LP 815-43. In the comparison between�v rad and EW, a �t
to the data illustrates that the measurements correlate. In the comparison between
�v rad and wavelength, this correlation has been removed for illustration purposes,
and the data have been shifted by arbitrary amounts in order to avoid overlap. The
rightmost panels show the normalised distributions ofv sin(i ) and �v rad . Error bars
have been omitted from this �gure in order to avoid crowding, but can be seen in
Fig. 3.3.

3.4 Results

We have estimated6Li=7Li in HD 84937, HD 140283 and LP 815-43, using three dif-

ferent methods that involve di�erent treatment of the associated parameters A(Li),
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v sin(i ) and vrad . We have measured all four parameters directly using the Lii

670.8 nm line (Li-only), calibratedv sin(i ) and vrad using the Ki 769.9 nm line (K-

constrained), or likewise but using 47 Fei lines (Fe-constrained). Due to an unfor-

tunate blend between the stellar and interstellar components of Ki 769.9 nm, we

could not utilise this line in the spectrum of LP 815-43.

We show our results in Table 3.2 and Fig. 3.5. In our Li-only and K-constrained

�ts, we �nd typical errors of order 0.001 dex for A(Li), 0.3 % for 6Li=7Li, 0.2 km s� 1

for v sin(i ), and 0.02 km s� 1 for vrad ; results for LP 815-43 have roughly twice as

large errors as the other stars due to the exceptional quality of the spectra for the

latter. We note also that the spectrum of LP 815-43 did not have su�cient quality to

remove the residual interference pattern discussed in Sect. 3.2.1. All three methods

for all three stars are consistent with6Li=7Li = 0 :00% within 2� : we do not detect
6Li in our stars. We place upper limits using the distance between the median

and 95th percentile of the6Li=7Li posterior distribution. This results in 2� upper

limits of 0.7 %, 0.6 %, 1.7 % on6Li=7Li for HD 84937, HD 140283, and LP 815-43

respectively. For each star we use the most precise method, i.e., K-constrained for

HD 84937 and HD 140283, and Li-only for LP 815-43.

Constraining v sin(i ) and vrad with calibration lines moves the median to lower iso-

topic ratios. Di�erences are however comparable to the estimated error bars, indi-

cating that systematic errors related to the determination of nuisance parameters

do not signi�cantly in
uence our non-detection. A(Li), v sin(i ), and vrad are all

partially degenerate with 6Li=7Li as seen from the tilt of the ellipses. In particular,

if A(Li) increases, the 6Li=7Li will also increase; if v sin(i ) increases,6Li=7Li will

decrease; and ifvrad increases,6Li=7Li will also decrease. This correlation is seen for

all �tting methods, with the strength of the correlation varying depending on the

method, but the direction of correlation remains the same. Notably, we do not �nd

a signi�cant detection of 6Li in any spectrum, regardless of method.

The Fe-constrained results exhibit signi�cantly larger uncertainties onv sin(i ) and

vrad , as compared to the Li-only and K-constrained results. As shown in Fig. 3.4,

our measurements ofv sin(i ) from Fei lines exhibit strong asymmetry, and are not

clearly distinguished from zero. In part, this is due to a number of Fei lines that

appear more narrow than predicted from our synthetic spectra and our model of the

resolving power of the spectrograph, yielding a best �t forv sin(i ) = 0. We stress that

rotational broadening is signi�cantly smaller than the convective line broadening,

hence a slight overestimate of the latter would require a much greater reduction in

the former to compensate and therefore possibly implying a vanishing (or unphysical

negative) rotational broadening. Still we argue that it is very reassuring that our
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Table 3.2: Measured A(Li) (dex),6Li=7Li (%), v sin(i ) (km s� 1), vrad (km s� 1), and
their corresponding� 2

red using di�erent �tting methods for HD 84937, HD 140283,
and LP 815-43. The reported numbers are the median, 16th percentile, and 84th
percentile.

Li-only K-constrained Fe-constrained

HD 84937

A(Li) 2:303+0 :001
� 0:001 2:304+0 :001

� 0:001 2:302+0 :002
� 0:002

6Li=7Li 0:4+0 :3
� 0:4 � 0:2+0 :3

� 0:4 � 0:6+0 :7
� 0:8

v sin(i ) 0:32+0 :30
� 0:21 1:48+0 :13

� 0:15 0:94+0 :42
� 0:57

vrad � 13:872+0 :023
� 0:024 � 13:864+0 :013

� 0:018 � 13:820+0 :054
� 0:045

� 2
red 1:20 1:27 1:23

HD 140283

A(Li) 2:187+0 :001
� 0:001 2:184+0 :001

� 0:001 2:185+0 :002
� 0:002

6Li=7Li 0:5+0 :2
� 0:3 � 0:2+0 :3

� 0:3 � 0:2+0 :9
� 0:8

v sin(i ) 1:23+0 :16
� 0:17 0:46+0 :34

� 0:31 0:63+0 :51
� 0:47

vrad � 169:747+0 :013
� 0:013 � 169:670+0 :022

� 0:018 � 169:674+0 :067
� 0:067

� 2
red 1:20 1:47 1:43

LP 815-43

A(Li) 2:228+0 :002
� 0:002 2:228+0 :004

� 0:004
6Li=7Li 0:8+0 :9

� 0:9 0:0+2 :2
� 2:5

v sin(i ) 0:39+0 :45
� 0:26 0:99+0 :93

� 0:71
vrad � 2:953+0 :050

� 0:052 � 2:915+0 :210
� 0:147

� 2
red 1:83 1:84

mean estimates of the stellar rotation velocities at the level of 1 km s� 1 are consistent

with expectations for old, metal-poor dwarf stars, which to our knowledge has not

been reliably achieved previously.

Fig. 3.6 shows the best �t for the Lii 670.8 nm line for all three stars. The orange

shaded region contains 99% of the �ts using the �tting method with the smallest

errors: the K-constrained �t for HD 84937 and HD 140283, and the Li-only �t

for LP 815-43. The synthetic line pro�les follow the observations remarkably well,

especially considering the extremely high S/N of the observed data. The shaded

99% region is comparable to the error bars indicating that MCMC is sampling the

true distribution of the measured parameters.

3.5 Discussion

We employ 3D NLTE synthetic spectra of Lii, Fei, and K i to measure6Li=7Li in

three Spite plateau stars: HD 84937, HD 140283, and LP 815-43. We measure 2�

upper limits to 6Li=7Li of 0.7 %, 0.6 %, 1.7 % respectively for HD 84937, HD 140283,

and LP 815-43. Comparing to literature results, for HD 84937, 1D LTE measure-

ments of 6Li=7Li typically measure a 2� detection at the 5% level regardless of use

of calibration lines (Smith et al. 1993, 1998; Hobbs & Thorburn 1994; Cayrel et al.
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