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“Home is behind, the world ahead

And there are many paths to tread

Through shadow, to the edge of night

Until the stars are all alight.”

—J.R.R. Tolkien, The Lord of the Rings
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Chapter 1

Abstract

Galaxies evolve hierarchically through merging with lower-mass systems, and the “remnants” of these

events are a key indicator of their past assembly history. These “remnants” are star systems that,

during their lifetime, were captured by the gravitational potential of a larger galaxy, and ended up in

the star halo of their host. Accurately measuring the properties of the accreted galaxies and hence

unraveling the Milky Way (MW) formation history is a challenging task. In this work I present

CASBI (Chemical Abundance Simulation Based Inferece), a novel inference pipeline for Galactic

Archaeology based on Simulation Based Inference methods. CASBI leverages on the fact that there

is a well defined mass-metallicity relation for galaxies. CASBI performs inference of key galaxy

properties based on multidimensional chemical abundances of stars in the stellar halo. Hence, I recast

the task of unraveling the merger history of the MW into a SBI problem to recover the properties

(e.g. total stellar mass and infall time) of the halo building blocks using the multidimensional

chemical abundances of stars in the stellar halo as observable. I highlight CASBI’s potential by

inferring posteriors for the stellar masses of completely phase mixed dwarf galaxies solely from the

2d-distributions of stellar abundance in the iron vs. oxygen plane and find accurate and precise

inference results.
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Chapter 2

Introduction

2.1 Morphology of the Milky Way: disk and halo

This section in inspired by [BT08]. The majority of stars in the Milky Way lies in a 
attened,

roughly axisymmetric structure known as the Galactic disk. The midplane of this disk is called the

Galactic plane. In the direction z perpendicular to the Galactic plane the density of stars follows

an exponential,

� (R; z) = � (R; 0)e�j zj=zd (R ) ; (2.1)

where zd(R) is the scale height at radiusR. A good representation of the vertical structure of the

disk is obtained by superimposing two populations described by di�erent scale heights: the thin disk

with zd(R) ' 300 pc and the thick disk with zd(R) ' 1 kpc. Age-wise the stars in the thin disk are

younger. The thick disk is characterized by stars with lower metallicity and, at a given metallicity,

they have higher abundances of the� elements relative to iron, suggesting that the thick disk formed

earlier. The outermost stellar structure is the stellar halo, where 1% of the stars of the Galaxy reside.

These stars are old and have low metallicity, suggesting that this structure was one of the �rst to form

in the history of the Galaxy. It is also characterized by no mean rotation and an almost spherical

mass distribution that follows a power-law function of the radius (� / r � 3). The stellar halo is where

the majority of disrupted stellar systems reside, like globular clusters and small satellite galaxies,
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8 2. Introduction

which are the main protagonists of this thesis. As described in [Col+18], the classical kinematic cuts

to select di�erent components are for thin disk stars a total velocity Vtot < 50 km s� 1, for thick disk

70 km s� 1 < V tot < 180 km s� 1 and for the halo stars Vtot > 200 km s� 1. It is also possible to make

cuts based on tangetial velocity: VT < 40 km s� 1 for the thin disk and 60 km s� 1 < VT < 150 km s� 1

for the thick disk, but still VT > 200 km s� 1 for the halo.

2.2 Galactic Archaeology

Milky Way like galaxies have an eating habit of destroying and digesting hundreds of lower mass

systems. The heaviest of these \meals" possess a star content that adds up to form an extended

galactic halo of stars. The long orbital time scale in the halo has allowed these stellar systems to

retain information of the progenitor orbits in the phase space, especially in the Energy-Angular

momentum plane. Thus, as described in [DB24], the galactic halo is not only a \fossil record" of the

assembly history of the MW, but it is also a great tool to study high redshift (now destroyed) dwarf

galaxies, opening a cosmological window in our MW neighborhood, with all of its observational

advantages. For these reasons, the 
ourishing �eld of Galactic Archaeology has become increasingly

popular, aiming, as the name \Archaeology" suggests, to probe information on the early Universe

by studying old and near relicts of the past. The main limitation in the study of the galactic halo

has been the limited and incomplete amount of velocity information available.

The scenery changed with the launch of the astrometric Gaia mission and its goal of creating

an all-sky phase space map of the Galaxy. A data-heavy period has begun, especially with the

Gaia second data release (DR2) which contains position, parallax and proper motion of 1.3 billion

sources, with a limiting magnitude of G = 21. If we take nearby stars using the tangential velocity

cut to select mostly halo objects, it is possible to obtain the Hertzsprung-Russell diagram (HRD)1

in Fig. 2.1. This HRD presents two clearly distinct sequences, separated at the level of the turn-

o� point, which are referred to as blue and red sequences with respect to the Gaia color index

G BP � G RP . As proposed in [Col+18], this bimodality is interpreted as the presence of two stellar

1The HRD is a scatter plot of color index and absolute magnitude of stars, which are respectively linked to
their stellar luminosity and their temperature. This kind of plots are common tools for astronomers to study stellar
population and star evolution.
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Figure 2.1: Left: HRD for stars in halo like orbit from the DR2. Center: Stars in halo like orbit
divided into the blue and red sequence. Right: Toomroe diagram for the stars in the two sequences.
This Figure is taken from [DB24].

populations with di�erent mean metallicities, [Fe =H] � -1.3 and [Fe=H] � -0.5. Further studies show

that chemically the red sequence has higher� -element abundances with respect to the blue sequence,

while dinamically its orbits are mostly prograde and characterized by low eccentricity; on the other

hand, stars belonging to the blue sequence are on high eccentricity orbits that reach further into

the halo. This kind of chemodynamical analysis was further tested by [Hel+18], and �nally the red

sequence was associated with thick disc stars and the blue sequence with an ancient massive merger.

In Fig. 2.2 I report the most recent Gaia release (GD3) and a summary of its exceptional and

challenging dataset which has given new fuel to the �eld of Galactic Archaeology.

Inferring the assembly history of the Milky Way is a challenging task, even in the era of the

Gaia mission and its six-dimensional phase space data, and the complementary chemical information

obtained from wide-�eld spectroscopic programs such as GALAH [De +15], H3 [Con+19], APOGEE

[Maj+17], RAVE [Ste+06], SEGUE [Yan+09], or LAMOST [Cui+12]. Although the dynamical

times of the accreted objects are on the order of the age of the host galaxy, phase mixing of accreted

and in situ stars will occur, and phase space only retains part of the information on the original

infall parameters. Hence, robustly identifying distinct structures is challenging, and disentangling

the components in fully phased mixed situations is nearly impossible. However, stellar chemical

abundances remain unchanged throughout the lifetime of a star, serving as unique labels to tag

stars. In order to understand why chemical tagging is so e�ective, we need to keep in mind some

important results: the chemical abundance space is dependent on the star formation history and
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Figure 2.2: Gaia third data release in number.

the total stellar mass of galaxies, leading to distinct di�erences in the abundance distribution of

di�erent galaxies (e.g. [Buc+23]). In particular, the type II (core collapse) supernove (SNe) of

massive stars produce� -elements and iron in an almost constant ratio over short timescales (Myr),

while type Ia SNe produce iron more e�ciently over long time scales period (Gyr). As previously

stated, the chemical space is dominated by the total mass of the galaxy, since the more massive

galaxies are more capable to resist the expulsion of metals due to supernova feedback, stellar wind,

or ram pressure. In particular for dwarf satellite galaxies, as extensively shown in [Kir+13], there

exist a mass metallicity relation that holds for several orders of magnitude. In �gure 2.3 I report

this relation for MW and M31 satellite galaxies.

A great tool to study the star formation history, having access to the metallicity of individual

stars, is the Metallicity Distribution Function (MDF). The shape of this distribution can tell us

whether a galaxy evolved isolated (\closed box" model) or with gas 
ow during its star formation

lifetime. To obtain a faithful model for the MDF for satellite dwarf galaxies, the introduction of

ram pressure stripping is required. During their orbit, satellite dwarf galaxies pass through the

hot corona, which can exert ram pressure on the galaxies' gas, and this kind of stripping is able

to e�ciently remove all the gas after a couple of pericentric passages, e�ectively halting the star
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Figure 2.3: Left: the stellar mass stellar metallicity relation for MW and M31 satellites dwarf
galaxies. The average metallicity were obtained using spettroscopy instead of photomoetry since
they are not e�ected by the age-metallicity degeneracy. The functional form obtain by �tting the
MW satellite is: < [Fe/H] > = ( � 1:69 � 0:04) + (0 :3 � 0:02) log( M ?

106 M �
): It can be appreciated that

this relation holds also for more massive galaxies (right), like the sample from the Sload Digital Sky
Survey (SDSS). This Figure is taken from [Kir+13].
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Figure 2.4: Left panel: Toomre diagram for Gaia DR2 data where in blue are stars selected to
pick out the GSE structure. Middle panel: similar to the left panel but with simulated data of a
minor merger, resulting in a less concentrated structure, mostly due to the fact that a more massive
structure is more able to retain its original orbital properties. Right panel: the star in blue is the
same as in the left panel cross-mated with the APOGEE chemical information. This Figure is taken
from [Hel+18].

formation history.

The crossmatch between Gaia and spectroscopic data allowed for the discovery of the "Gaia-

Sausage-Enceladus" (GSE) ([Bel+18], [Hel+18]), a massive accretion event whose remnant now

dominates the observation of the inner stellar halo of our Galaxy. In the early works, the GSE

is described as a major structure with mostly highly eccentric retrograde orbit with a chemical

abundance distribution of stars that is highly distinct from the thin and thick disc stars of the Milky

Way, as shown in Fig. 2.4. Today, we know that some of the GSE stars selected in [Hel+18] belong

to the Sequoia event, as describe in [Mye+22], and that the the GSE has a zero net velocity. It is

important to note that in both [Bel+18] and [Hel+18], the use of numerical simulations has been

crucial to interpret the observational results, relying on N-body simulation of a massive merger (20%

of the mass of the host) with a MW like galaxy.

As well described in [Kyl20], numerical simulations are not well suited for statistical inference,

often due to the intractability of the likelihood, and in general scientists rely on powerful ad hoc

or �eld-speci�c summary statistics to overcome this problem. With the increasing growth of Ma-

chine Learning capabilities and the interconnection between probabilistic models and likelihood-free

methods, I decided to test the Simulation Based Inference (SBI) technique on the challenging task of

inferring MW satellites parameters (e.g. stellar mass and infall time) from the chemical abundance

plane, while also facing the intrinsic problem of not knowing at prior how many parameters we have
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to infer in a given galactic halo. Hence CASBI (Chemical Abundance Simulation Based Inference)

is a prof-of-concept work that aims to take advantage of cosmological simulations to guide the infer-

ence process and obtain accurate and calibrated posterior distribution via Neural Posterior Estimate

(NPE). As reported in Chapter 5, CASBI is able to strongly constrain the stellar mass parameters,

probably due to the previously cited mass-metallicity relation, but lacks the information to brake

the degeneracy of the infall time.

This thesis is structured as follows. Chapter 3 reports two methods that try to bridge the

gap between simulations and observations in the �eld of Galactic Archaeology, and also a brief

introduction to the SBI technique. In chapter 4 the main CASBI pipeline is presented. In chapter

5 the results obtained on the test set and metrics to evaluate the accuracy and calibration of this

method on both a subhalo and a halo basis are reported. In chapter 6, I summarize the major

�ndings, describe limitations, and propose some future prospects.
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Chapter 3

Previous work

In this chapter, I present two inspiring methods for studying galactic halo. CASBI tries to build

upon the core ideas and results presented in these two works, leveraging the automatic and accurate

tools available in the Machine Learning realm to perform inference. Lastly, a short summary of the

general framework of Simulation Based Inference is presented, with a focus on the Neural Posterior

Estimate technique.

3.1 The reconstruction of the Assembly history of the Milky

Way

Robustly identify distinct structures in a galactic halo is challenging, and disentangling components

in fully phase mix situations is nearly impossible. In order to characterize the assembly history

[Cun+22] propose using the \CARDs", the Chemical Abundance Ratio Distribution of the stars,

obtained from a subsample of accreted object candidate from the FIRE-2 zoom-in cosmological simu-

lations of MW-mass galaxies [Wet+16]. This method does not recover posteriors for the parameters

of the accreted objects, but rather considers the host halo as a linear combinations of templates

CARDs

CARD halo, model (xd) =
X

i

X

j

A ij CARD temp ;ij (xd jM sat ;i ; t100;j ); (3.1)
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16 3. Previous work

treating each coe�cient A ij as the fraction of mass contribution to the chemical abundance ratio

xd from the accretion event of the template satellite with massM sat ;i and quenching time t100;j
1,

and it tries to recover those coe�cients by minimizing the di�erence between the observed CARDs

and the linear combination of the templates. An example of template iron and magnesium joint

distributions constructed from dwarf galaxies is presented in Fig. 3.1. The templates that were used

belong to the catalog of star particles in the FIRE simulations belonging to dwarf galaxies, stellar

streams, and phase-mixed debris constructed in [Pan+21]. This method relies on the assumption

that the chemical space of accreted and isolated dwarf galaxies is similar up to the quenching time,

due to ram pressure quenching the star formation history of the accreted object and hence 'freezing'

these abundance ratios. A possible limitation of this assumption, which might also a�ect CASBI

results, is that a distinction between destroyed and surviving accreted dwarf galaxies is not taken

into account. This can lead, as described in [Nai+20], to a -0.3 dex o�set of the mass metallicity

relation [Kir+11] that might be necessary.

The second work is described in [Dea+23]. This method takes advantage of the mass-metallicity

relation to decompose the MDF of the host galaxy as a mixture of accreted halo's MDF, assumed

gaussian for each of these building blocks. This decomposition is based on [Kir+11] that demon-

strated that at the dwarf mass scale, not only does the average metallicity varies with the mass, but

also the width of the MDF, with the lowest mass dwarf having a wider spread of metallicities. The

Likelihood that is used in [Dea+23] for the [Fe/H] distribution, indicated as z is then:

P(zjN; L i ; � i ; � i ) =
1

P
L i

NX

i =1

L i N (zj� i ; � i ); (3.2)

where they have assumed that the number of stars in the sample scales linearly with galaxy luminosity

L i , that the � i follows a mass-metallicity relation and that the � i depend on the galaxy luminosity

as described in [Kir+11].

Similarly to CASBI, this method faces the challenge of having a variable number of parameters,

making them di�cult to sample in practice. In order to tackle this problem they decided to bin

the luminosity L j and count the number of contributions from each bin N j . In order to perform

1The t100 ;j is de�ned as the time for a dwarf or halo progenitor to form 100% of its stars. In CASBI, it is also
referred to as infall time.
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Figure 3.1: Template for accretion events constructed using dwarf galaxy in [Cun+22]. More massive
dwarf galaxies have CARDs that extend to higher metallicities. At �xed stellar mass, galaxies that
assemble more quickly (lowert100) have more density at higher [Mg/Fe] than the component with a
more extended star formation history.

the inference, they adopted a nested sampling scheme to obtain a posterior distribution for the

number of galaxies in each luminosity bin. Using the inferred posterior probability, they were able

to draw the Milky Way halo number of satellite as a function of their luminosity, reported in Fig.

3.2. The samples used in this posterior were obtained from di�erent spectroscopic surveys after

applying various cuts to avoid contamination from thick disc stars. The cuts were made based on

parallax distance, radial distance, height with respect to the plane of the galaxy, and only stars with

retrograde orbits were selected.

CASBI adopts the same superimposition of the components contribution, without neither a

pre�x nor an analytical form for the joint distribution of the chemical abundances, relaxing these

assumptions and relying only on the available samples from the N-body simulations.
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Figure 3.2: The estimated number of destroyed dwarf galaxy in the MW halo as a function of their
V band absolute magnitude. The separation in two bins of log(g) is because dwarf stars and giants
can have di�erent metallicity biases. This Fig. is taken from [Dea+23].

3.2 Simulation Based Inference

The SBI framework has existed along with the more traditional likelihood-based inference methods

for quite some years already, having its roots in Approximate Bayes Computation (ABC) [Rub84],

and has been used in a variety of �elds, from cosmology to particle physics. The main di�erence

between SBI and likelihood-based methods, such as Markov Chain Monte Carlo (MCMC), is that

the former does not require the likelihood function to be known, but rather relies on a simulator to

generate synthetic datax once the input parameters� are passed to it, and the inference pipeline

is trained based on data-parameters pairs (x; � ).

The recent advance of this technique was made possible by the use of ML models to emulate con-
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ditional probability distributions, a technique known as Neural Density Estimation (NDE) [Pap19].

NDE is achieved by training a Normalizing Flow architecture2, a generative model that allows to

obtain samples from a complex distribution p(x) by constructing a series ofbijiective transforma-

tions f i
� i

that map x to a latent spacez that is distributed as a simple distribution, like a Gaussian.

Accordingly to [KD18], by approximating the transformation f i with the i -th layer of a Neural

Network with parameters � i , the model learns how to sample fromp(x) using the schema presented

in Eq.3.3.

p(x) � x � h0
f 1

� 1 �! h1
f 2

� 2 �! h2 : : :
f K

� K �! hK � z � N (z; 0; I ) (3.3)

Using the change of variable formula, the probability density function (pdf) can be written as:

logp(x) = log p(z) + log

�
�
�
�det

�
@z
@x

� �
�
�
�

= log p(z) +
KX

i =1

log

�
�
�
�det

�
@hi

@hi � 1

� �
�
�
�

= log p(z) +
KX

i =1

log

�
�
�
�
�
det

 
@fi� i

(hi � 1)

@hi � 1

! �
�
�
�
�
;

(3.4)

where the last term is the sum of the log determinant of the Jacobian of the transformationsf i
� i

. In

order to train the model, the negative log pdf is used as loss function. Once the model is trained, it

is easy to sample from the distribution p(x) by sampling from the latent space z and applying the

inverse transformations (f 1
� 1

) � 1 �� � �� (f K
� K

) � 1. In order to keep the computation tractable, the use of

coupling layers allows to obtain a triangular Jacobian. A simple yet e�ective coupling layer that

acts separately along dimensionsd is the A�ne coupling layer, presented in Eq. 3.5. The functions

s and t are usually parameterized by a neural network, and the �xed and transformed dimensions

are swapped after each layer to achieve an overall permutation-invariant transformation.

8
>><

>>:

h1:d
i = h1:d

i � 1

hd:D
i = hd:D

i � 1 � exp(s(h1:d
i � 1)) + t(h1:d

i � 1)
(3.5)

2This has been by far the more popular option for NDE, but new and more performing models are beeing tested
in the active �eld of SBI methods. An example is described in [Dax+23].
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The choice of the invertible function a�ects the expressivity of the model, de�ned as the ability

to approximate a more complex multivariate distribution, at the cost of more parameters, compu-

tational time, and inference time.

Following the discussion presented in [Ho+24], when using NDE for Bayesian analysis, one can

choose to approximate the Posterior, the Likelihood or the Likelihood ratio3, and this choice de-

pends mostly on the problem that one wants to solve. As a rule of thumb, one can consider the

dimensionality of the observations and the parameters as the complexity of the Likelihood and the

Posterior respectively.

In this case, due to the complexity of the Likelihood distribution of the chemical abundance

space4, I choose to approximate the Posterior distributions, and so I adopted the Neural Posterior

Estimate (method F in Figure 3.3) that can be trained using the negative log-Posterior as loss

function:

L NP E (� ) = � ED train logP̂ (� i jx i )

= � ED train log
�

p(� )
p~(� )

q! (� i ; x i )
�

;
(3.6)

where the Posterior distribution P̂(� i jx i ) is approximated by the product of the ratio of the prior

p(� ) and proposal distribution p~(� ) and the neural conditional distribution q! (� i ; x i ), parameterized

by the parameters! . Usually, the conditioning of the posterior approximation is obtained by making

the transformation f dependent on the observationx, but due to its high dimensionality, especially

in cosmological simulations, an embedding network is used to compress the observations in a latent

space that is past to the NPE to guide the inference. Many excellent frameworks are already available

to handle SBI analysis, and CASBI is built on top of the ltu-ili 5 python package [Ho+24]. In

particular, CASBI analysis was performed with the lampe backend6 to train a Neural Posterior

Estimate of the posteriors of the parameters.

3They are referred to as Neural Posterior Estimate (NDE), Neural Likelihood Estimate (NLE) and Neural Ration
Estimate (NRE) respectively. All of these techniques aim at the same goal: sampling the Posterior distribution.

4We would need to evaluate the Likelihood on the 64 � 64 pixel space, while the vector parameter space has only
two dimensions.

5https://github.com/maho3/ltu-ili
6https://github.com/probabilists/lampe?tab=readme-ov-�le
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Figure 3.3: Di�erent approaches to Simulation Based Inference, from [Kyl20].
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Chapter 4

CASBI: Chemical Abundance

Simulation Based Inference

CASBI is a Simulation Based Inference (SBI) Python package to recover the properties of building

blocks of the Milky Way like galaxy's halo from spectroscopic observations of chemical abundances.

In this chapter, I present the components and the pipeline of the inference process in Sections 4.1

and 4.2, while also reporting some of the early tests in Appendix A.1 and A.2 that are not present

in the �nal version of this project.

4.1 Simulator and Preprocessing

The data-parameters pairs (x; � ) needed to train the NPE are obtained from the Numerical Inves-

tigation of a Hundred Astrophysical Objects (NIHAO ) project [Wan+15]. The NIHAO is a set

of � 100 cosmological zoom-in hydrodynamical simulations evolved using the N-body SPH solver

Gasoline [WSQ04], with halos that range from dwarf (M star � 5 � 109M � ) to Milky Way like

(M star � 2 � 1012M � ). The halos were identi�ed using the Amiga Halo Finder code (AHF), pre-

sented in [KK09], by looking for overdensity in an adaptively smoothed density �eld. In order to

handle these simulations, in CASBI the pre-processing is done using the tools available inpynbody

[Pon+13]. Fig. 4.1 shows face on samples of galaxies in theNIHAO simulation.

23
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Figure 4.1: Face onNIHAO galaxies from [Wan+15]. Images are 50 kpc on a side.

Similarly to [Cun+22] and [Dea+23], CASBI relies on the assumption that once the accreted

object falls into the gravitational potential of the Milky Way like galaxy its star formation rate is

halted, so each of the snapshots in these simulations is treated as a possible building block of galactic

halo.

The construction of the observables is done by aggregating multiple subhalo into a single stellar

halo. In order to create subhalo I construct 2D histogram, referred to asx i , by binning the chemical

abundance plane ([O=Fe], [Fe=H])1 for each of the snapshot available inNIHAO . In Fig. 4.2

some of these galaxies abundance plane are reported. Hence, the observations are multidimensional

distributions of chemical abundances. I have also �ltered the galaxies that I use as building blocks

to retain only those with a total stellar mass lower than the stellar mass of the Large Magellanic

Cloud (M star < 6 � 109M � ), the largest accreted object by the Milky Way. The 2D histograms

have 64� 64 pixels, and minimum and maximum values set after �ltering all stars that were outside

1They are respectively proxy for � elements abundance and metallcity
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Figure 4.2: Example of chemical abundance plane used in CASBI with di�erent masses and infall
time. The logarithm number density is reported in the colorbar.

the 0.01 percentile in either metallicity or � element abundance2. All the star particles are collected

into a pandas dataframe, and each of thex i is uniquely identi�able through the Galaxy name

attribute 3. The set of all possible subhalos is de�ned as \Template Library". The actual stellar halo

observablex j =
P N j

sub
i x j

i used in CASBI is then a super imposition ofNsub of these 2D histograms,

where N j
sub is the number of accreted objects that are present in thej -th galaxy halo. The actual

choice of how to sample the template library created from theNIHAO simulations can be adapted.

Firstly, I tested to randomly sample in A.2, but eventually CASBI uses a more physically informed

approach by using a luminosity function and a total stellar mass budget in Section 4.2. In CASBI

the template library is a Python class that is implemented to handle the training and test sets,

returning di�erent data formats depending on whether they need to be passed to the inference

pipeline or to be inspected by the user. The user can decide what kind of luminosity function to

adopt, the stellar mass budget, and the noise level to apply to the observations.

The goal of CASBI is to recover the parameters� j
i for each of the subhalos in the galactic halo

from the observable x j =
P

i x j
i , and to gain insight into the number of subhalos. Among all the

possible parameters available from the simulations, I have decided to limit the parameters to stellar

massM star and age of the accreated galaxy� , also called infall time due to their equivalence in the

assumption of quenched star formation after accretion.

2This �ltering was used to remove strong outlier star particles present in some of the NIHAO snapshots.
3The x i that are used in this work are conceptually equivalent to the CARDs in [Cun+22]
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