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Abstract

Baryon Acoustic Oscillation (BAO) observations offer a robust method for measuring
cosmological expansion. However, the BAO signal in a sample of galaxies can be diluted
and shifted by interlopers – galaxies that have been assigned the wrong redshifts. Because
of the slitless spectroscopic method adopted by the Roman and Euclid space telescopes,
the galaxy samples resulting from single line detections will have relatively high fractions of
interloper galaxies. Interlopers with a small displacement between true and false redshift
have the strongest effect on the measured clustering. In order to model the BAO signal,
the fraction of such interlopers and their clustering need to be accurately known.

We introduce a new method to self-calibrate these quantities by shifting the contam-
inated sample towards or away from us along the line of sight by the interloper offset,
and measuring the cross-correlations between these shifted samples. The contributions
from the different components are shifted in scale in this cross-correlation compared to the
auto-correlation of the contaminated sample, enabling the decomposition and extraction
of the component terms. We demonstrate the application of the method using numerical
simulations and show that an unbiased BAO measurement can be extracted. Unlike previ-
ous attempts to model the effects of contaminants, self-calibration allows us to make fewer
assumptions about the form of the contaminants such as their bias.

We also introduce a new statistical technique to cosmology, called the Leave One Out-
Probability Integral Transform (LOO-PIT), as a complementary test to the standard best
fit statistic χ2. This technique combines two concepts: LOO-CV (Leave One Out-Cross
Validation), and the well known Probability Integral Transform (PIT). LOO-PIT primarily
has the advantage of diagnosing the type of modelling failure as well as relaxing the con-
straint of assuming Gaussian likelihoods in one’s data analysis, paving the way for more
general methods. While it is a general method, we apply LOO-PIT to the problem of
diagnosing unknown interlopers in galaxy catalogues.
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Chapter 1

Introduction to Cosmology and
Clustering

“In the beginning the universe was created. This has made a lot of people very angry and
has been widely regarded as a bad move.”

Douglas Adams

For as long as humans have walked this Earth, we have looked up into the night sky
with wonder. We drew pictures and told tales of the stars, connecting the short lives we
lived to the seemingly everlasting and static cosmos. With each new empire’s rise, new
stories and superstitions were further ingrained into our collective psyche.

Yet it is only recently that hints of the true nature of the universe have begun to be
revealed. It has only been 400 years since it was proposed that the Earth was not the
centre of the universe, and just over 100 years since the “Great Debate” between Shapley
and Curtis. Indeed, only in the late 1920s did Edwin Hubble prove that Andromeda was
not a nebula within our galaxy, but an entirely separate galaxy. This was soon followed
by perhaps an even more startling discovery: that there were many other galaxies, or
“extragalactic nebulae,” and that nearly all of them were moving away from us! It was
this fact that led astronomers to believe that the universe, as a whole, is expanding.

The 20th century would still yield more mysteries. In the same way astronomers used
redshifts to measure the recession of galaxies, they measured the rotation of galaxies outside
our own. These measurements resulted in a strange discrepancy: the amount of matter
inferred from the brightness of a galaxy could not account for the motion of its constituent
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stars and gas. Astronomers called this missing piece “Dark Matter” (DM). While first
invoked to describe this issue with galaxy rotation curves, in the years since, DM has
been found to be able to describe many other phenomena we observe in the universe, from
gravitational lensing to the very structure of the Cosmic Microwave Background (CMB).

Within the last 20 years, there has been increasing evidence that the universe is not
only expanding, but that its expansion is accelerating [15, 16]. This is most often explained
by adding in another component of the universe: “Dark Energy (DE).” This usually takes
the form of a cosmological constant, Λ, and together with DM forms the so-called “Dark
Sector” of the universe.

With the current state of observations, astronomers have been able to constrain some
broad properties of DM and DE, but unfortunately their true nature remains elusive. For
example, it seems that DM must be “cold,” as hot DM would not allow for the formation
of structure in the universe as we see it. Thus, together with the Λ of the cosmological
constant, the current best model for the universe is known as the “Λ-Cold Dark Matter” or
ΛCDM model. Along with these two major components, the universe also contains baryonic
(or normal) matter, neutrinos, radiation, and curvature. Our models also assume that the
universe is isotropic and homogeneous. While it is obviously true that galaxies, stars, and
even people violate this principle, it appears to hold when averaged over sufficiently large
scales, thus in this work, we will assume this ΛCDM picture, with statisical isotropy and
homogeneity, unless otherwise stated.

In the following sections of this Introduction, we will cover the necessary background
for the study of Large Scale Structure (LSS) Cosmology and the context for the following
chapters.
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1.1 The Development of the ΛCDM Model

In this section, we will briefly cover the development of the ΛCDM model and some major
pieces of evidence for it.

1.1.1 Mathematical Background and Conventions

The universe is described by the Friedmann–Lemâıtre–Robertson–Walker (FLRW) metric:

ds2 = −cdt2 + a2(t)dΣ2 , (1.1)

where Σ sums over a three dimensional space with uniform curvature, and a(t) is the scale
factor, accounting for a uniform expansion of space. By convention, we normalize a(t) to
the current time, t0, such that a(t0) = 1.

The scale factor is related to the redshift z (see Section 1.2.1):

a =
1

1 + z
. (1.2)

Thus for a given redshift, we can track the expansion of the universe. This expansion
is written in terms of the Hubble parameter:

H(t) =
ȧ

a
. (1.3)

This parameter is used in the first of two Friedmann equations which gives the expansion
of the universe:

H2(t) =
8πG

3
ρtotal −

kc2

a2
+

Λc2

3
, (1.4)

where ρtotal is the total matter and radiation energy density, k parameterises an open, flat
or closed universe with k = −1, 0, 1, and Λ is the aforementioned cosmological constant.

The second equation gives the acceleration of the expansion:

ä

a
= −4πG

3

(
ρ +

3p

c2

)
+

Λc2

3
, (1.5)
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where p is pressure. Together with the continuity equation,

ρ̇ + 3H(ρ + p) = 0, (1.6)

we have a description of our isotropic, homogeneous universe with constant curvature.
There are now several conventions used in modern cosmology that will be useful to review.

Instead of dealing directly with the density ρ, we often use density parameters,

Ωi =
ρi
ρcrit

, (1.7)

where the subscript i denotes a given component of the universe, and ρcrit is the critical
density defined as:

ρcrit =
3H

8πG
. (1.8)

This is the density required to make the spatial curvature of the universe, with only
matter and radiation, precisely equal to zero. Thus, the total energy content of the universe
is related to the global geometry.

It is also helpful to write out the Hubble parameter in terms of the density parameters
of the components of the universe and the Hubble constant:

H(a) = H0

√
ΩMa−3 + Ωγa−4 + ΩΛ, (1.9)

where ΩM, Ωγ, ΩΛ, are the density parameters for matter, radiation and DE, respectively.

Similar to the normalisation of the scale factor, H0 is simply the present day value of
the Hubble parameter.

We now introduce some other notation. The overdensity is defined:

δ(r⃗) =
ρ(r⃗) − ρ̄

ρ̄
. (1.10)

This is generally used as opposed to the physical density. As no survey can observe
the entire universe, we often normalise the measured physical density to this dimensionless
overdensity.
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We can then use this overdensity in the calculation of the two point correlation function:

ξ(r⃗) = ⟨δ(x⃗1)δ(x⃗2)⟩, (1.11)

where r⃗ = x⃗2 − x⃗1. This function measures the excess probability that given a galaxy
at position x⃗1, one would find another at x⃗2. It is illustrative to consider the following
(adapted from [17]): Consider two small regions δV1, δV2 in one’s survey volume, with
the separation vector r⃗. This volume has a mean number density n̄. Hence the expected
number of galaxy pairs between these two regions is given by:

⟨npairs⟩ = n̄(1 + ξ(r⃗))δV1δV2. (1.12)

We can see that if ξ(r⃗) = 0, at that scale and in that direction, the galaxies, or objects in
general, are unclustered relative to the mean. Thus ξ > 0 tells one that there is more dense
clustering. The reverse is also true: ξ < 0 indicates less clustering, or “anti-clustering.”

A closely related summary statistic is the power spectrum. It is simply the Fourier
transform of the two point correlation function:

P (k) =

∫
ξ(r)eik⃗·r⃗d3r. (1.13)

This is often used as it is easier to measure clustering in Fourier space. However, both
quantities contain the same information thus the choice of which to use is generally up to
the practitioner.

As the overdensity field is mostly Gaussian, it is mostly characterised by the two point
statistics. However, higher order statistics are useful in searching for deviations from this
ideal. The study of primordial non-Gaussianity (PNG) and searches for the related param-
eter, fNL, have employed several higher order or modified statistics, like the bispectrum
and the marked power spectrum [18, 19, 20, 21], search for signatures of more exotic mod-
els of inflation. As well, the trispectrum was recently employed to search for signatures
of large scale parity violation, although the supposed detection is now on much shakier
ground [22, 23]. These measurements seem to hint at some additional information hidden
in the galaxy field.1

1Perhaps confusingly, the bispectrum and trispectrum correspond to the three and four point correlation
functions, respectively. It is not clear who we can blame for this. We can make ourselves feel a bit better
if we consider the bispectrum to be the spectrum of two k vectors separated by an angle, and similarly for
the trispectrum.
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1.1.2 Notable Evidence for ΛCDM

In this section, we will discuss some broad successes of the ΛCDM model, in roughly
cosmological chronological order from the Big Bang to the present.

The Cosmic Microwave Background

As noted above, nearly all observed galaxies are receding away from us, and from each
other as well. This implies in the past galaxies were more concentrated. Taking this idea
to its extreme results in the concept of the “Big Bang:” the universe had a beginning,
exploding from an extremely dense state about 14 billion years ago. While maligned by
scientists like Fred Hoyle, the discovery of the CMB in 1964 provided sufficient proof of
the theory’s predictions: the universe had, at one point in the past, been dense, hot, and
much closer together.

During this early period in the universe, the matter and radiation in the universe existed
in the dense plasma like state, opaque to photons. Around z = 1100, the universe had
expanded and cooled down enough for the photons to decouple from the baryons and freely
stream throughout the universe. It is this surface of last scattering that we observe when
we look at the CMB.

Imprinted onto the surface of last scattering is a particular pattern of CMB anisotropies,
shown in Figure 1.1. From this pattern, we can infer some information about various
components that makeup the universe. Let us review the mechanism that creates this
pattern.

While the initial plasma was fairly uniform, there existed small anisotropies in the
fluid. These irregularities were acted upon by two primary forces: the gravity from the
dark matter potential wells, and the outward (relative to a central overdensity) radiation
pressure. While baryons make up a much smaller fraction of mass compared to dark matter,
they act to increase the effective mass of the fluid itself. This effect will be discussed in
more detail with the discussion of the second acoustic peak. These forces act on the
photon-baryon fluid like a mass suspended from a spring. As the fluid compresses under
its own gravity, falling into the gravitational well, the radiation pressure acts to oppose
this motion. Once the pressure builds up enough it pushes the fluid outwards until gravity
takes over again, oscillating over time. The peaks seen in Figure 1.1 are the imprint of these
oscillations. At the time of decoupling, certain harmonics were caught at extremes of the
oscillations, and thus we are left with mostly the imprint of the most extreme temperature
fluctuations. These appear as the most prominent anisotropies in the CMB.
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Figure 1.1: The CMB TT powerspectrum as measured by the Planck satellite. From Figure
1 of [9].
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The first peak corresponds to the harmonic that had enough time from the beginning
of the oscillations to compress exactly once. The second had time for one compression and
one rarefaction. The third had an additional compression and so on. Odd numbered peaks
therefore correspond to compressions, and even peaks are rarefactions. This separation
helps probe the various constituents of the universe; by studying just the first few peaks,
we find information about all the major components of the universe.

The first peak is clearly the most prominent and corresponds to the size of the sound
horizon. This is the fundamental harmonic of this series of oscillations and is defined by
the maximum distance an acoustic, or sound, wave could have travelled up to decoupling.
Furthermore, the position of this first peak provides a sensitive measure of the overall
curvature of the universe. The position of the first peak tells us that the total energy
density in the universe is close to critical. That is, the amount of energy in the universe
makes it flat. Now, there are numerous ways to measure the dark matter density in the
universe which makes up the bulk of the matter-radiation density.2 These all lead to a
dark matter density that is much less than the critical density and the other “well-known”
components cannot make up for it. This is even more evidence for the mysterious dark
energy!

The second peak is most useful in determining the amount of baryons in the universe,
relative to the amount of photons. Perhaps it is more accurate to say the ratio between
the first and second peaks is the observable for the baryon to photon ratio. Due to the
difference between the compressed peaks and the rarefied peaks, the greatest effect of
adding in more baryons is the relative amplification of the odd compression peaks. This
is simple to conceptualise: with more baryons coupled to the photons, all else equal, the
oscillations fall deeper into the potential wells and rebound less. Since the CMB power
spectrum does not care about the sign of the anisotropy, we would see greater power in
the odd peaks relative to the even ones.

Baryon Acoustic Oscillations

The idea of the sound horizon also manifests in more late-time measurements. In galaxy
catalogues, the baryon acoustic oscillation (BAO) feature also comes from the same sound
horizon that determines the harmonic series of CMB power spectrum peaks. The angular
size of the first CMB peak corresponds to a comoving distance scale in the three dimensional
universe. The same density wave that results in the CMB temperature fluctuations also

2Implied from the CMB, measured from weak gravitational lensing, measurements of galaxy clusters,
etc.
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imprints a physical density fluctuation. These can be thought of as shells around a central
overdensity.

Let us illustrate this with one shell. Prior to decoupling/recombination, imagine a
single overdense region. Let us assume this is an adiabatic fluctuation, that is we have an
overdensity in all three major components: dark matter, baryonic matter, and radiation.
We will ignore neutrinos. At some initial time, all three components are concentrated at
some single point. However, as time moves on, the radiation pressure pushes the coupled
baryon-photon fluid outwards at the sound speed in a spherical sound wave. The dark
matter remains mostly at the centre of its gravitational well, as it does not interact with
the radiation. Around z = 1100, the photons decouple from the baryons and stream freely.
This leaves a spherical shell of baryons around the central dark matter. An illustration of
what this looks like for matter is shown below.

Figure 1.2: An illustration of a single BAO shell. From [10].

Of course the universe isn’t a single one of these shell and core configurations, but many
of them seeded by the primordial density fluctuations. Along with the initial distribution
of dark and baryonic matter, this pattern gets encoded into the distribution of galaxies.
As we see both the central and shell regions presenting an overdensity, gas will tend to fall
into these regions and form clusters and galaxies. Since the distance from the centre to the
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shell is exactly the sound horizon (in an ideal case at least), galaxies will be slightly more
likely to be separated by a comoving distance about 150 Mpc. This can be detected by the
statistics outlined in Section 1.1.1. This detection is somewhat complicated by late time
evolution of galaxy clusters, as this process is highly non-linear. Fortunately, there exist
reconstruction techniques built to partially undo this evolution, allowing us to not only
obtain clean BAO detections, but also to get at the primordial density field immediately
after recombination.

In general, the BAO method is straightforward. We have a standard ruler that expands
with the expansion of the universe. We also can build a fiducial model of the universe.
This model predicts the size of this ruler as a function of redshift. Thus, we may measure
the expansion of the universe using BAO by measuring the size of the standard ruler in
various redshift bins and at various times. We may then compare the measurements to the
fiducial cosmology via the AP effect or by direct comparison.

In practice, distances are converted to comoving distances before analysis. Thus, we
would hope to measure a BAO position that is consistent with the ΛCDM prediction of
100 h−1Mpc in all redshift bins. This is illustrated in Figure 1.3. The correlation function
of various tracers at different lookback time are compared to the ΛCDM prediction. Note
that the two LRG points appear to inconsistent with the ΛCDM prediction.

Standard Candles

Instead of using the BAO standard ruler, it is possible to apply another standard. Indeed,
the use of standard candles is even older than the standard ruler. This method relies on
measuring an object where the intrinsic brightness is known. Hubble’s first measurement
of the expansion rate used one such standard candle: Cepheid variable stars. These stars
pulsate over time, and it was determined that the stars’ pulsation period is closely related
to its luminosity. This was discovered by the astronomer Henrietta Swan Leavitt. If a
star’s intrinsic brightness is known, its distance can be easily determined using the inverse
square law. Its velocity is then easily determined by redshift. Thus, these objects provide
a separate measurement of the expansion of the universe. Other standard candles include
the RR Lyrae variable stars, Type Ia supernova, as well as kilonovae. Measurements
of extragalactic standard candles have indeed proved that the universe is expanding as
predicted by ΛCDM [16].
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Figure 1.3: An illustration of the various BAO measurements done by DESI. Credit: Ar-
naud de Mattia/DESI collaboration [11].
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Evidence for Dark Matter

There is also substantial evidence for the other piece of ΛCDM in the nearby universe.
While dark matter was initially invoked to explain then anomalous galaxy rotation curves,
it is now a necessary component of many pieces of the cosmological puzzle. Chief among
these is the amount of weak lensing we observe. One may be familiar with the stunning
images of strong lensing events, where the light of a background galaxy is twisted into a
spectacular Einstein ring by a foreground lens.

The weak lensing regime is much less visually striking. It is nevertheless crucial to
account for. The light of every galaxy is distorted by all the matter between its emission
and our observation.3 This leads to a predictable distortion of galaxy shapes, correlated
to the distribution of total matter in the universe. This is where an issue arises. Simply
put, there is not enough mass accounted for by the luminous matter in galaxies and galaxy
clusters to cause the observed weak gravitational lensing signal in the universe. There
must be additional matter present in the universe! Through these measurements, we have
found that not only is there another mysterious component of matter, but that it makes
up 85% of the matter in the universe.

Furthermore, this dark matter must be cold, meaning that its kinetic energy is negligible
relative to its mass energy [24]. In other words, it is non-relativistic. There are several
pieces of evidence for this. If dark matter is cold, then structure in the universe forms
“hierarchically.” This means small clumps of matter build up into the structures we see
today. If dark matter is hot, or relativistic, then structure would form in the opposite way,
or top down. The largest structures would form first, then fragment into smaller pieces
like clusters and galaxies. Our observations of the CMB clearly show that the universe was
once very smooth, supporting the CDM paradigm.

1.1.3 Potential deviations from ΛCDM

As successful as the standard ΛCDM model has been at explaining our cosmological ob-
servations, there still exist some issues within the model. We will briefly discuss the two
major tensions: the H0 and S8 tensions.

As outlined in Section 1.1.1, the Hubble constant, H0, parameterises the expansion rate
of the universe. The tension lies in two separate measurements of this parameter that do
not agree, by around 5σ.

3Really it is all the mass/energy density.

12



The first measurement, or set of measurements, is often led by the value of H0 inferred
by the CMB as measured by the Planck satellite at (67.27 ± 0.60) km s−1 Mpc−1 [9].
Along with this measurement, a number of other probes like elemental abundances from
Big Bang Nucleosynthesis (BBN), BAO, and deep galaxy surveys, also probe H0 using
high redshift measurements. Thus, these are generally called early time measurements.

The competitor is a set of measurements based on the local distance ladder. These
are primarily made up of measurements of nearby supernovae (Pantheon) and Cepheid
variable stars (SH0ES), and gives a value of H0 at (73.2 ± 1.3) km s−1 Mpc−1 [25, 26]. As
these probes are relatively low redshift, these are called late time measurements.

Some recent constraints on the Hubble constant are summarised in the following table:

Planck CMB + BAO BBN+BAO Cepheids+SNIa Gravitational Waves

67.66±0.42 [27] 66.98 ± 1.18 [28] 73.2 ± 1.3 [25, 26] 68+12
−7.0[29]

Table 1.1: Recent H0 constraints from major methods. Values given in km s−1 Mpc−1.

In a similar dichotomy, there is also tension between the early and late time measure-
ments of S8:

S8 = σ8

√
ΩM/0.3, 4 (1.14)

where σ8 measures the amplitude of the linear matter power spectrum in a box with side
lengths 8 h−1 Mpc. This tension is not quite as large as the H0 tension, only about 2-3σ.
However, it does appear across the same probes and with the same late vs. early time split.

While it is certainly possible that there still exists some yet unknown systematic in these
measurements, the existence of this tension across the variety of probes used implies that
this may be a very real effect. As a result, several attempts to modify ΛCDM to explain
this discrepancy have been put forth, to varying degrees of success. There is currently no
agreed upon model that solves both problems. Crucially, any “successful” modification
must resolve both tensions simultaneously. We will see why this is more difficult than
expected. See [30] for a more complete picture of the landscape of modifications, and [31]
for a more thorough review of the tensions.

One idea that has been recently popular is early dark energy (EDE). It is conceptually
very simple: there is simply an additional scalar field that contributes to the expansion
prior to late time evolution. It then “turns off” afterwards, allowing the normal ΛCDM

4This parameter is often used in weak lensing survey analyses due to degeneracy between σ8 and ΩM.
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expansion. While EDE does provide a sufficiently good fit to both Planck and SH0ES, it
generally fails to solve the S8 tension, often making it worse [32].

Another recent development in this field is from the recent DESI BAO data release.
While ΛCDM assumes a flat cosmology with the EoS parameter of DE: w = −1, there
have been some alternative proposals that consider an evolving EoS parameter. This has
been parameterised as:

w(a) = w0 + wa(1 − a). (1.15)

Thus this model is referred to as w0waCDM. While the DESI BAO fits to vanilla ΛCDM
are consistent, fits to w0waCDM seem to indicate that this idea of evolving DE is preferred
[33].
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1.2 Cosmological Measurements

In this section we will primarily discuss measurements of the two point correlation function,
as well as fitting methods.

1.2.1 Redshift

Perhaps the most important quantity that we measure in galaxy surveys are redshifts.
Generally speaking, the redshift is an increase in the wavelength of emitted light from a
source, due to its motion away from the observer. Similarly, there is the less common
blueshift, where the emitted wavelength is decreased due to the source’s motion towards
the observer. This is much like the Doppler effect that sound waves experience.5

As the universe is expanding, it is therefore much more common to measure objects with
a net redshift. We define this redshift measurement in terms of the rest frame wavelength
and the measured wavelength:

z =
λmeasured − λrest

λrest

. (1.16)

An example spectrum is shown in Figure 1.4. We can see that the Hα line does not
appear at its rest frame wavelength of 6563 Angstroms, but is past 7000 Angstroms. Using
the above formula and these wavelengths, the redshift of the galaxy was determined to be
0.086.

The rest frame wavelength in a redshift measurement must be assumed. This is gener-
ally not a major issue in surveys, as multiple emission lines are measured and separations
are compared. However, one can imagine if the rest frame wavelength is incorrectly as-
sumed, the measurement of the redshift will be incorrect. This can have catastrophic
effects on cosmological measurements, as we will discuss in Chapters 2 and 3.

We can also relate the redshift to the recession velocity via the following:

z ≈ v

c
. (1.17)

This is valid for v << c. That is, objects with small relative velocities. The full form
taking into account relativistic effects is given by:

5It is important to note that the redshift due to the expansion of the universe is indeed a different
physical mechanism than the redshift caused by moving galaxies.
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Figure 1.4: An example Hα galaxy spectrum from SDSS DR8. Credit: SDSS Collaboration
[12].
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1 + z =
1 + v cos (θ)/c√

1 − v2/c2
, (1.18)

where θ is the angle between the separation vector between the source and the observer, and
the relative velocity vector. These are useful for measurements of cosmological distances
via the Hubble–Lemaitre Law.

1.2.2 Correlation Function and Power Spectra Measurements

As the two point correlation function is meant to measure excess clustering at various
scales, it is straightforward to apply the following naive estimator:

ξ(r⃗) =
DD(r⃗)

RR(r⃗)
− 1, (1.19)

where DD(r⃗) is the number of pairs at r⃗ separation in one’s galaxy sample, and RR(r⃗)
is the number of pairs at the same separation in a uniformly distributed sample with the
same number density: randoms. For simple survey geometries, these randoms are easily
calculated analytically. As advertised, when ξ > 0, there are more pairs than expected
from a uniform, unclustered sample, and with ξ < 0 there are fewer.

While this estimator is often used, however there are competing estimators, such as the
Landy–Szalay estimator (LS) [34]:

ξ(r⃗) =
DD(r⃗) − 2DR(r⃗) + RR(r⃗)

RR(r⃗)
, (1.20)

where DR are the galaxy-random pairs. These estimators are equal in the limiting cases of
simple geometry and high point density. However, real surveys gurantee neither of these,
thus the LS estimator is less biased when confronted with low densities and realistic geome-
tries. In addition, the LS estimator has close to Poisson variance compared to the naive
estimator which can show much greater variance [34]. One drawback to this LS estimator
is that it is not as simple to analytically calculate the DR pairs, slowing the calculation. In
the following chapters, we use the naive estimator for our correlation function calculations
(Equation 2.7), as is the default for the PYTHON package NBODYKIT [6].
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It is common to project the two dimensional correlation function or power spectrum
into a basis of one dimensional multipoles using the well known Legendre polynomials (here
written as Rodrigues’ formula):

Lℓ =
1

2ℓℓ!

dℓ

dµℓ
(µ2 − 1)ℓ. (1.21)

Given the two dimensional statistic, one may extract a multipole of order ℓ:

ξℓ(r) =
2ℓ + 1

2

∫ 1

−1

ξ(r, µ)Lℓ(µ)dµ, (1.22)

Pℓ(k) =
2ℓ + 1

2

∫ 1

−1

P (k, µ)Lℓ(µ)dµ, (1.23)

where µ is the cosine of the angle between the separation vector (in configuration or Fourier
space) and the line of sight.

As the Legendre polynomials form a complete basis, we can also reconstruct a two
dimensional statistic from its multipoles:

ξ(r, µ) =
∞∑
ℓ=0

ξℓ(r)Lℓ(µ), (1.24)

P (r, µ) =
∞∑
ℓ=0

Pℓ(r)Lℓ(µ). (1.25)

Note that while the sums written above are taken to ℓ → ∞, in practice, much of the
information is contained within the zeroth moment or the monopole, and in general, the
odd multipoles vanish due to the isotropy in µ, since they are odd functions in µ.6 As
such, for the analyses presented in later chapters, we will assume that the first two or three
even moments (monopole, quadrupole, hexadecapole) are sufficient to characterise our two
point statistic.

In real space, the two point statistic is exactly isotropic, thus higher order multipoles
vanish and we are left with only the monopole. This is shown in Figure 1.5. However,
in redshift space, this is not longer true. We also can see other effects on the two point
statistics that can stem from poor estimations of the fiducial cosmology.

6There are some exceptions to this rule, usually by construction, which we will explore in Chapter 2.
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Figure 1.5: The mean of monopoles and quadrupoles measured from 1000 Quijote mocks,
in real space (blue) and redshift space (red) (See Section 2.2.3). We see there is not a
significant change in shape of the monopole, but the addition of RSD effects results in a
drastically different quadrupole. This is due to RSD only affecting line of sight positions,
not transverse positions.
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1.2.3 The Alcock–Paczynski Effect and Redshift Space Distor-
tions

In this section, we will review the effects of Redshift Space Distortions (RSD) and the
Alcock–Paczynski distortion.

Redshift space distortions are an observational effect that comes down to a single prob-
lem: we generally do not measure the distance to a galaxy, we measure the redshift,
converting it to a distance via the Hubble–Lemaitre Law. As redshifts are the result of a
galaxy’s relative velocity to us (and the overall expansion of the universe), this causes is-
sues. While the majority of a galaxy’s velocity is recession due to Hubble expansion, there
are peculiar velocities associated with galaxies falling in to and moving around gravitational
potentials.7

The line of sight position of a galaxy in redshift space can be written down as:

s =
1

H0

(cztrue + vpec) (1.26)

Note that this equation is valid for velocities much smaller than c. It makes use of
Equation 1.17 to relate the true redshift to the recession due to the expansion of the
universe.

These effects can be split into two main types based on the actual physical scales: the
large scale RSD, or Kaiser effect8, and small scale RSD, or the Fingers-of-God (FoG) effect
[35, 36].

Consider a large scale cluster, shown on the left column of Figure 1.6. On the edges
of this cluster, galaxies (represented by the black dots) will tend to be falling into the
well. This is the peculiar velocity they have, in addition to their recession velocity. In
real space, the cluster is perfectly spherical. However, in redshift space, the effect of this
infalling squashes the sphere along the line of sight. Note that the positions of galaxies
with peculiar velocities orthogonal to the line of sight are unaffected by these peculiar
velocities, as our distance measurements are only dependent on the line of sight direction.

Now let us consider the small scale case, shown in the right column of Figure 1.6.
Again, in real space this smaller cluster is spherical. If there were relatively small infall
velocities, we would see a smaller version of the Kaiser effect. However, if the galaxies

7In this case, peculiar does not mean weird or strange! It is simply any velocity a galaxy has that is
not due to Hubble expansion.

8Some have called this the Pancakes-of-God (PoG) effect.
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have sufficiently large peculiar velocities, we could see the sphere stretched along the line
of sight, in redshift space.

While the Kaiser effect is generally simple to quantify as it is a linear effect, the FoG
is more difficult due to its non-linear nature. The effect of these on modelling and the two
point statistics are covered in Section 2.3.3.

Figure 1.6: An illustration of the Kaiser and FoG effects. The velocity vectors in the FoG
column are offset for visual clarity.

Another type of distortion is the Alcock–Paczynski (AP) distortion. This is also a
result of the fact that we generally do not measure distances directly. Outside of RSD,
we still require some fiducial cosmological model to convert redshifts to distances. The
AP effect becomes important when that fiducial model is incorrect. In this work, we will
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parameterise it as [37]:

α =

[
D2

A, true(z)Hfid(z)

D2
A, fid(z)Htrue(z)

]1/3
rs, fid
rs, true

, 1 + ϵ =

[
D2

A, fid(z)Hfid(z)

D2
A, true(z)Htrue(z)

]1/3

. (1.27)

Here, α is the spherically averaged isotropic dilation parameter, and ϵ is the anisotropic
warping parameter. DA is the angular diameter distance, and H is the Hubble parameter.
rs is the comoving sound horizon at the baryon drag epoch. Using these parameters, we
may relate the true parallel and perpendicular separations,

r∥,true = α(1 + ϵ)2r∥,fid, r⊥,true = α(1 + ϵ)−1r⊥,fid. (1.28)

The fiducial Cartesian coordinates and true polar coordinates can be related as follows
(where we have dropped the fid subscript for clarity),

rtrue = α
√

(1 + ϵ)4r2∥ + (1 + ϵ)−2r2⊥, µtrue =
(1 + ϵ)2r∥√

(1 + ϵ)4r2∥ + (1 + ϵ)−2r2⊥

. (1.29)

In using Equation 1.27 we consider a spherical average over two directional α, with ϵ
carrying the directional information. A more illustrative parameterisation uses the follow-
ing:

α⊥ =
DA(z)rs, fid
DA, fid(z)rs

, α∥ =
Hfid(z)rs, fid
H(z)rs

. (1.30)

Here we can see clearly the effect of an incorrect fiducial cosmology. Along the line of
sight (α∥), the distance measurement is distorted according to the inverse Hubble parameter
(since d∥ ∝ 1/H(z)). In the transverse direction, the measurement is the angular diameter
distance DA. Thus, a cosmological measurement that contains both of these measurements
can detect deviations from the fiducial cosmology.

1.3 Surveys and BAO measurements

In this section, we will review the history of past spectroscopic surveys and BAO mea-
surements. We will then discuss the future of these surveys and expected missions in the
coming years.
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1.3.1 Past Surveys

The very first attempt to map the large scale structure of the universe, the CfA Redshift
Survey, was undertaken at the Smithsonian Astrophysical Observatory in 1977. When its
observing run was completed in 1982, a followup program was started in 1985, running
for about 10 years. Together these surveys revealed that galaxies were not uniformly
distributed across the universe but clustered, forming filaments separated by underdense
voids. This was the first time astronomers began to realise that not only was the universe
clustered, but that this clustering encoded information about the cosmos [38].

After CfA, there were a slew of other cosmological surveys with the aims to create larger
and larger maps of the universe. We will discuss the first two here: 2dFGRS and SDSS. The
older of the two, the Two-degree-Field Galaxy Redshift Survey (2dFGRS) was conducted
by the Australian Astronomical Observatory between 1997 and 2001. Until 2003, it was
the largest ever redshift survey. 2dFGRS covered an area of 1500 square degrees in two
regions around the galactic poles, reaching out to redshifts of about z = 0.3. This survey
was among the first to make use of optical fibres for its spectroscopy, allowing for the
measurements of 400 spectra at once. The Sloan Digital Sky Survey, or SDSS, started just
after 2dFGRS, beginning operation in 2000. It uses a 2.5 metre telescope at Apache Point
Observatory and its first survey SDSS-I would cover 8000 square degrees. Like 2dFGRS,
(and later DESI), SDSS used fibres, observing 640 spectra at once. Both these surveys
announced their detection of the BAO signal at around the same time in 2005, and the
credit for the discovery has been given to both teams as a result [39, 40]. Both teams would
conduct follow-up surveys, with 6dFGS, and SDSS-II through SDSS-V. Notable among the
SDSS extensions is BOSS, the Baryon Oscillation Spectroscopic Survey, part of SDSS-III.
It increased the number of fibres to 1000 and was designed specifically to measure the BAO
feature. In 2014, BOSS announced the first sub-percent constraint on the BAO scale in
history [41].

1.3.2 Current and Upcoming Missions

Following the footsteps of their predecessors, a number of large scale structure surveys
have either recently begun operation or will do so in the coming decade. In this section,
we will briefly overview DESI, Euclid, and the Rubin Observatory.

The Dark Energy Spectroscopic Instrument, or DESI, is an advanced spectrograph
mounted on the Mayall Telescope at Kitt Peak National Observatory, funded by the United
States Department of Energy and operated by Lawrence Berkeley National Laboratory. Its
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focal plane is made of 5000 fibres, robotically positioned, that feed into 10 spectrographs
held in a separate climate controlled room. This technology allows DESI to observe 5000
individual spectra at once, one per fibre. The robotic control of the fibres allows for un-
precedented speed in positioning. DESI is primarily an optical instrument, taking spectra
over a wavelength range of 360 nm to 980 nm. This corresponds to a redshift range of up
to z = 1.7 for emission line galaxies, and a further z = 3.5 for Lyman-α observations of
quasars. DESI started operation in 2021.

As one might expect from its name, DESI’s primary science focus is to study the nature
of dark energy, through galaxy clustering and BAO and RSD measurements. DESI has
defined four classes of galaxies, ranging from nearby to far away. Up to z = 0.4, DESI
will target bright galaxies (BGS). These are the easiest to measure, but they provide
information about the most recent era of the universe. The next sample are luminous red
galaxies (LRGs). These will push the survey out to z = 1. Next, are ELGs, emission
line galaxies, so called due to strong emission lines due to high star formation and young
stellar populations. These will be detected out to z = 1.6. Finally, the furthest sample
that DESI will observe are the QSOs, or quasars. These objects are the brightest in the
universe allowing for their detection at large redshifts. Lyman-α absorption due to neutral
hydrogen along the line of sight between DESI and the quasars also produce a map of
that hydrogen, adding more information to the matter clustering signal, extending it to a
maximum of z = 3.5. In all, DESI will map over 40 million galaxies over its initial survey
providing the largest ever (in terms of number) map of the universe [42].

Euclid is a space telescope that was launched from Cape Canaveral on July 1, 2023. It
currently orbits the Sun at the Sun-Earth L2 point. Euclid is operated by the European
Space Agency and the international Euclid Consortium. Euclid carries two instruments:
the VIS, for imaging at optical wavelengths, and the NISP, an infrared instrument.

The VIS operates at a wavelength range of 550 - 900 nm, in the optical regime. It
will have an average pixel scale of 0.23 arcseconds with a field of view of approximately
0.6 square degrees. The NISP, or near infrared spectrometer and photometer, covers a
slightly smaller field of view at 0.53 square degrees. The NISP science is split into two
channels: photometry and spectroscopy. The low precision redshift measurements from the
photometry channel will be done over three broadband filters. The spectroscopy channel
will make use of slitless spectroscopy via the use of grisms.

Euclid is billed as an explorer of the dark universe. Thus, Euclid has two primary
science objectives: determining the nature of dark matter and that of dark energy. Euclid
will use its VIS to measure galaxy shapes as part of a weak gravitational lensing survey to
map the distribution and clustering of dark matter in the universe. Secondly, Euclid will
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measure the BAO standard ruler across the sky. This survey will cover over 1/3 of the
sky (15000 square degrees) and provide an extremely wide area map of the cosmos. While
the latest SDSS release has covered a similar volume, Euclid will collect galaxy positions
from an order of magnitude more sources, greatly increasing the statistical power of its
catalogue [43].

Finally, the Vera C. Rubin Observatory is slated for first light in 2025. It is located in
northern Chile, near the current site of Gemini South. It was formerly known as the Large
Synoptic Survey Telescope, and was named for the pioneering astronomer Vera Rubin. It
will house a telescope with a large 8.4 metre mirror, and features an extremely wide field of
view of 9.6 square degrees. Its images will be captured by an array of 189 CCDs with 3.2
billion pixels. Its camera, the largest ever built, is equipped with 6 standard broadband
filters.

Outside of cosmology, Rubin will survey other objects, like those within our Solar
System and the many constituents of the Milky way. But of most relevance to this work
Rubin will seek to improve our understanding of the nature of dark energy and dark
matter. It will conduct a survey called the Legacy Survey of Space and Time (LSST).9

This survey will cover the entire Southern Sky over 10 years of observation. This is just
under 20,000 square degrees. Its final survey will boast 20 billion galaxies images complete
with photometric redshifts. This will be the widest and deepest photometric survey ever
done, with g and r band limiting magnitudes reaching 26.9 [44].

1.4 Upcoming Chapters

The remainder of this thesis will make use of the background covered in this chapter to
present tools built to mitigate the issue of emission line interlopers in grism surveys like
Euclid and the Nancy Grace Roman Space Telescope. There has been some work done on
this problem, from modelling of the contamination to estimating the fraction of interlopers
present in the catalogue [45, 46]. Chapter 2 will present the most recent step in interloper
modelling. We will introduce a self-calibration method that allows the practitioner to
make fewer assumptions about the populations of galaxies and interlopers. Chapter 3 will
present a general method for detecting modelling issues, and we test its sensitivity on the
interloper problem.

9Great name.
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Chapter 2

Self-calibrating BAO measurements
in the presence of Small
Displacement Interlopers

The following chapter is partially made up of material from [1].

The Roman Space Telescope [47] and Euclid [48] missions will soon provide astronomers
with the next generation of space-based galaxy surveys. Both surveys will make use of
slitless spectroscopy to obtain galaxy redshifts, where a grism in the optical path is used to
disperse all incident light. While this method has the potential to quickly measure redshifts,
it is not without its own sources of systematic error. The primary source of error we will
study is the contamination of samples by interlopers arising due to line misidentification.
It is crucial to correct for this systematic, otherwise the improved statistical error gained
from the larger sample size is outweighed by the interloper contamination.

We present a new method for estimating the galaxy target-interloper cross-correlation
term based on measuring the cross-correlation between two replications of the contaminated
catalogue, with the replications obtained by shifting the original catalogue along the line
of sight (LOS) by ±1× the interloper displacement. For simplicity and to demonstrate the
method, we only consider the technique under the assumption of a global plane parallel
LOS, approximating samples at large distance. The extension to wide, nearby, samples is
left to future work. It is likely that this extension will degrade the sensitivity of our method
as many of the features we see will lose their sharpness. Shifting the sample along the LOS,
we change the scales of the target, interloper, and target-interloper cross-clustering terms
compared to the corresponding terms in the auto-correlation of the contaminated sample.
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In this way, we may estimate the cross terms without any assumptions regarding the
relative bias between targets and interlopers.

We can then use the measured cross-correlation between the two replicated catalogues
in the model of the auto-correlation of the contaminated sample, based on fitting a linear
model from CAMB [49] coupled with nuisance parameters allowing for deviations from
this model [50]. We use this model to find an unbiased estimation of the Alcock–Paczynski
isotropic and anisotropic dilation parameters α and ϵ [37] from mock catalogues, in addition
to the fraction of interlopers fi.

This chapter is structured as follows. In Section 2.1, we outline the survey of the
Roman Telescope, as well as introducing the interloper problem. In Section 2.2, we discuss
the effect of interlopers on the two point correlation function. In Section 2.3, we present
our model for estimating the target-interloper cross term and the contaminated correlation
function. In Section 2.4, we present results given by our pipeline. In Section 2.5, we
discuss some limitations of the method and its application to real survey data. Finally, we
conclude in Section 2.6.

2.1 The Nancy Grace Roman Space Telescope

The upcoming Nancy Grace Roman Space Telescope (formerly WFIRST) will launch by
2027. It will carry instruments capable of Hubble Space Telescope-level resolution with
a field of view 100 times larger. Roman will perform large scale structure surveys using
slitless spectroscopy to map the universe, along with probes like weak lensing, supernovae
and baryon acoustic oscillations (BAO). In addition, Roman will carry an advanced coro-
nagraph instrument. It should be capable of detecting reflected starlight off of planetary
companions up to 1 billion times fainter than their star and a minimum angular separation
of 0.15 arcseconds. This test instrument stands to pave the way for the next generation of
future missions aiming to image Earth-like exoplanets.

While Roman will have a similar sized mirror (2.4 metres) compared to the Hubble
Space Telescope, its Wide Field Instrument (WFI) provides a massive increase in field of
view at 0.28 square degrees. This is a viewing area over 100 times greater than Hubble
or the James Webb Space Telescope (JWST) at a similar angular resolution of about 0.1
arcseconds. It covers roughly the same wavelength range as Hubble from ∼ 0.5-2.3 µm.

The Roman Space Telescope will carry out three core community surveys, listed below:

• The Galactic Bulge Time Domain Survey
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Figure 2.1: An artist’s impression of the Nancy Grace Roman Space Telescope. Credit:
NASA [13].

Figure 2.2: Roman’s field of view compared to Hubble’s. Credit: STScI [14].
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• The High Latitude Time Domain Survey

• The High Latitude Wide Area Survey

The Galactic Bulge Time Domain Survey will search the Milky Way for changes in the
brightness of its constituent stars. This will likely lead to the detection of the farthest
exoplanet ever discovered. With Roman’s wide field of view, the observatory will moni-
tor millions of stars for changes in brightness, telltale signs of the transit of an orbiting
exoplanet. In addition to standard lightcurve measurements, Roman will also have the
capability to detect microlensing events. This will allow for the detection of exoplanets
farther from their host star than ever before, in addition to other objects like rogue planets,
neutron stars, and stellar mass black holes. Finally, studies of stellar seismology will allow
scientists to learn about the internal structure of stars.

The High Latitude Time Domain Survey then focuses Roman’s timing sensitive instru-
ments out beyond our galaxy. Roman will observe select patches of the sky once every
five days, revealing transient behaviour in the cosmos. Targeted objects will include Type
Ia supernovae that can be used to track the expansion of the universe, adding to the
body of data that can be used to measure the Hubble constant. Roman will reveal black
holes formed of neutron star mergers, and the subsequent kilonova explosions. In addition,
Roman will probe variable systems, searching for evidence of tidal disruption of stars by
nearby black holes as well as extremely bright quasars.

Roman’s main cosmological functions will be through the use of large scale structure
surveys. The High Latitude Wide Area Survey will consist of combined imaging and
spectroscopy over about two years of observing. Imaging data will collect galaxy shape
measurements from cosmic shear and weak lensing, over four near infrared bands (Y, J, H,
and F184) to a depth of 26–27 AB magnitude. The spectroscopic component will measure
over 10 million galaxy positions out to z = 3 and help construct 3-D maps of the cosmos.
Roman will target Hα (656.3 nm) as a primary emission line up to z = 2, and [OIII]
(500.7 nm) in the range z = 2 − −3. Roman observations will require the minimum of
two detections with a primary detection of 5σ and a secondary of 3.5σ. Together these
measurements can help to pin down the expansion rate and matter distribution. Galaxy
count numbers should far exceed previous surveys like BOSS, and will be comparable to
DESI on the order of tens of millions of sources. Compared to DESI and Euclid’s wide
surveys covering more than 10,000 square degrees, Roman’s Wide Area survey will only
cover 2000 degrees. Yet, Roman’s expected number density will greatly exceed both other
missions, and its imaging instruments have a limiting magnitude two orders of magnitude
fainter than Euclid (AB magnitude ∼24 for Euclid and ∼26 for Roman), and a grism
spectroscopy depth better by a factor of two [43, 51].
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Roman will make use of slitless spectroscopy with a grism.1The combination of diffrac-
tion grating and prism (hence “grism”) allows for imaging and spectroscopy to be done on
the same instrument. In practice, the grism is placed in the path of a collimated beam.
The grating will then dispersed the light according to wavelength as usual. Then, the prism
will redirect the light such that the dispersed spectrum can be seen directly on the camera,
centred on the source position in the image. This technique allows for faster measurements
of spectra and more efficient usage of the imaging modules as imaging and spectroscopy
are no longer entirely separate channels. However, this new slitless spectroscopy technique
introduces some of its own new systematics.

One interesting systematic is confusion.2 As the grism disperses the spectrum onto
the image, at small angular scales there is a chance for two spectra to overlap. This can
render both spectra unusable, limiting the density of measurements at small angular scales.
We can imagine fixing this issue by rolling the spacecraft to change the position angle of
the spectra, but this will not guarantee that we do not overlap with a different spectrum!
Additionally, due to the position of the spacecraft solar panels, the allowed roll angles are
tightly constrained. This problem will require further work before it can be sufficiently
mitigated.

The primary systematic that this work will deal with is emission line interlopers. These
can arise when the redshift is wrongly estimated, shifting the derived distance of the galaxy
along the line of sight. While Roman will require the detection of at least two emission
lines to measure a redshift, it would be beneficial to extend the sample out to a region
where only one of the lines will meet the signal to noise requirement. This could greatly
improve the statistical power of a survey, but only if the additional systematic is sufficiently
dealt with. In this regime, interlopers may be common, as the observer must assume the
line they are looking at, and any incorrect assumptions will result in these interlopers.
Between z = 1 − −2, Roman will use Hα as its primary line. This region is less prone
to interlopers for two reasons. First, due to the lower redshift, the signal to noise cutoff
would not remove as many observations from the catalogue. However, even if there are
interlopers, they would only bias the BAO measurement if the shift due to confusion is
close to the BAO scale. In the case of Hα, there are not any strong candidates that would
cause the required ∼100h−1Mpc shift. This is also why interlopers are considered less of a
priority for Euclid.3 However, at higher redshift (z = 2 − −3), Roman will use the [OIII]
line as the primary emission line. Unfortunately, the average shift for confusing [OIII]
with the nearby Hβ is about ∼90h−1Mpc, more than close enough to distort the BAO

1The Euclid spacecraft also uses a grism.
2Not emission line confusion.
3Compared to something like ice buildup.
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significantly. Furthermore, the contamination need only be ∼2% to significant bias the
BAO AP measurement [52]. Thus, it is critical to correct this systematic, lest any gained
statistical power be outweighed.

In the remainder of this chapter, we will introduce a self-calibrating model, allowing
one to extract unbiased BAO measurements using a modified template fit.

2.2 The Effects of Small Displacement Interlopers

2.2.1 The Interloper Displacement

Interloper displacements are fixed in observed redshift, dependent on the offset in wave-
length between the assumed and true lines. For a galaxy survey, we typically convert from
redshifts to distances using a fiducial cosmological model, and so the interloper displace-
ment in our map depends on the fiducial rather than the true cosmology. The comoving
proper distance between an object with true redshift ztrue but displaced to zfalse is:

∆fid =

∫ ztrue

zfalse

cdz

Hfid(z)
≈ c

Hfid(zfalse)
(ztrue − zfalse) , (2.1)

where Hfid is the Hubble parameter in the fiducial cosmology, and c is the speed of light.
If we consider the case of [OIII]-Hβ interlopers, this simplifies to

∆fid ≈ 87.41
1 + ztrue

(ΩΛ,fid + Ωm,fid(1 + ztrue)3)1/2
h−1Mpc , (2.2)

with ΩΛ,fid and Ωm,fid being the energy density of the cosmological constant and matter
in the fiducial cosmology, respectively.4 For the range of redshifts of interest to Roman,
z = 1.0− 2.8, and a Planck-like cosmology, this interloper shift ranges from 80 h−1Mpc to
97 h−1Mpc, quite close to the BAO feature.

2.2.2 The Contaminated Correlation Function

With the introduction of interlopers into the target sample, the correlation function be-
comes “contaminated” as some fraction, fi, of galaxies within the observed sample is
displaced along the LOS. We will refer to the contaminated correlation function as ξcc.

4We remind the reader of the restframe wavelengths of [OIII] and Hβ: 500.7 nm and 486.1 nm.
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Furthermore, we will refer to the populations of interlopers and galaxy targets with the
subscripts i and g respectively. The overdensity can then be written using two terms,

δc(x⃗) = (1 − fi)δg(x⃗) + fiδi(x⃗) .5 (2.3)

Now we can model the contaminated correlation function as

ξcc(r⃗, fi) = ⟨δc(x⃗1)δc(x⃗2)⟩ (2.4)

= ⟨[(1 − fi)δg(x⃗1) + fiδi(x⃗1)][(1 − fi)δg(x⃗2) + fiδi(x⃗2)]⟩ (2.5)

= (1 − fi)
2ξgg(r⃗) + f 2

i ξii(r⃗) + 2fi(1 − fi)ξgi(r⃗) , (2.6)

with r⃗ = x⃗2 − x⃗1. Note the convention adopted follows that of [45], and has the
interloper catalogue already shifted along the LOS, meaning the interlopers are considered
at their observed rather than true positions.

Hereafter we will write the correlation functions as ξ rather than ξ(r⃗) for simplicity.
The first two terms are the auto-correlations of galaxy targets and interlopers with an
amplitude dependent on the interloper fraction. These terms contain most of the cosmo-
logical information and the familiar BAO peak. The third term is the cross-correlation
between the galaxy targets and interlopers. When interlopers are at their true positions,
there is a strong small scale clustering signal, as with galaxy-galaxy or interloper-interloper
pairs. When interlopers are displaced along the LOS due to line confusion, this small scale
clustering of the galaxy-interloper cross correlation is shifted to the displacement scale.
This component typically skews the BAO peak in the contaminated catalogue clustering
towards the interloper displacement and hence biases the standard BAO measurement.

2.2.3 Adding Interlopers into Simulations

For the purposes of testing our model, we employ 1000 halo catalogues from the Quijote
suite of N-body simulations [53]. Our aim is to demonstrate the method, so the dis-
tribution of emission line galaxies in our simulations does not need to be realistic. We
therefore choose not to populate the haloes with galaxies, but instead use the halo po-
sitions themselves. The simulations have a box length of 1 h−1Gpc and use the fiducial
Quijote suite parameters [53]. In this configuration, the minimum halo mass is equal to

5Here δc refers to the contaminated overdensity.
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1.31×1013 h−1M⊙. While it is true that we expect to find [OIII]-Hβ interlopers in Roman-
like catalogues mostly in redshift ranges greater than z = 1.8 [51], we use the catalogue
snapshots at z = 1. This range includes a greater density of objects, more consistent with
the expected [OIII] mean density at z = 1.8 − −2.8 [54]. We do use different interloper
displacements corresponding to a redshift variation along the full Roman redshift range,
as outlined in Section 2.2.1.

For each of the 1000 halo catalogues, we select a fraction fi of the total haloes, label
them as interlopers, and shift them towards the observer along the LOS by a given shift
∆. We generate catalogues with interloper fraction fi = (0.005, 0.01, 0.02, 0.05, 0.10, 0.15)
and interloper shift ∆ = (85, 90, 97) h−1Mpc. We then measure the correlation function
using NBODYKIT [6] and the standard estimator,

ξ =
DD

RR
− 1, (2.7)

where DD are the normalised catalogue-catalogue pairs and RR are the expected random-
random pairs calculated from the average halo density. We then extract the monopole,
quadrupole, and hexadecapole moments. The effects of interlopers on the real-space
monopole and quadrupole are shown in Figure 2.3, showing the average of 1000 contami-
nated correlation function measurements with various interloper fractions and shifts.

We also consider injecting interlopers into samples that also include redshift-space dis-
tortions. Here we move the full sample of haloes into redshift-space by shifting the line-of-
sight displacements based on the halo velocities, before selecting a fraction of the haloes as
interlopers. For simplicity we assume that all lines-of-sight are parallel — along one axis
of the simulation.

To illustrate the effect of differing galaxy biases between the galaxy target and interloper
samples, we also generate a set of catalogues with a different selection of haloes for targets
and interlopers. For these, all objects are ordered by mass and we select objects with the
greatest mass as interlopers, down to the interloper fraction for the given catalogue. For
example, for a catalogue with fi = 0.1, the top 10 percent most massive objects are selected
as interlopers.
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Figure 2.3: The mean monopole (left) and quadrupole (right) of the correlation function
measured from 1000 Quijote mocks for different interloper fractions and displacements.
The vertical axis units are (h−2Mpc2).
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2.3 Modeling the BAO Feature with Interlopers

2.3.1 Overview of Method

In order to model Equation 2.6, we need to estimate the galaxy target-interloper cross
term accurately. Because of the interloper shift, the value of this term around the BAO
scale comes from the small-scale target-interloper correlation function in true units (where
interloper galaxies are at the true position), which are typically difficult to model due to
nonlinearities.

We present an empirical method for measuring this term that uses the fact that we know
∆ exactly and can use this to artificially apply further shifts to the contaminated catalogue,
to create a new clustering measurement where the components that appear in Equation 2.6
are further separated in scale.6 In this revised cross-correlation, the corrections for the
nuisance terms can be modelled using the large-scale clustering, such that we do not
require a theoretical model of the small-scale clustering signal. This concept works in
redshift-space and for situations where target and interloper galaxies have different biases.

The following subsections describe this process in detail.

2.3.2 The Near-Far Shifted Correlation Function

We introduce two additional catalogues. The far-shifted catalogue is the contaminated
catalogue with all object positions shifted away from the observer by the known interloper
shift. The near-shifted catalogue is the same contaminated catalogue with the object
positions moved towards the observer by one interloper shift. Each catalogue is still made
up of galaxy targets and interlopers. A schematic diagram for this process is shown in
Figure 2.4.

We use the cross correlation between the near-shifted and far-shifted catalogues:

ξcncf = (1 − fi)
2ξgngf + f 2

i ξinif + fi(1 − fi)ξgnif + fi(1 − fi)ξingf , (2.8)

with the subscript f referring to far-shifted components and the subscript n referring to
near-shifted components. Note that unlike the case in Equation 2.6, the target-interloper
and interloper-target cross correlations are now not equal and thus cannot be combined
into a single term.

6The value of ∆ is dependent on the assumption of an underlying fiducial cosmological model. The
choice of fiducial model does not affect the method.
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Figure 2.4: Schematic diagram of the contaminated galaxy catalogue on the left and the
effect of shifting it to generate the near-shifted and far-shifted catalogues. Galaxy targets at
their true positions are labelled with g while interlopers are labelled with i. The interloper
shift is ∆.
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The key insight that led to this approach is that the near-shifted targets are still sepa-
rated by the same distance from the far-shifted interlopers as the original interloper-target
pairs. Hence the cross term ξgnif in Equation 2.8 is equal to the cross term ξgi in Equa-
tion 2.6. Note that the direction of the displacement between galaxy targets and interlopers
is reversed in ξgnif compared to ξgi (see Figure 2.4). This does not cause any issues, as
we are only interested in fitting for even multipoles of the correlation function. Further-
more, this term dominates the near-far cross correlation. Unfortunately, the other terms
in Equation 2.8 are not negligible and need to be included in the model. The contributions
of each component to Equation 2.8 are shown as dashed colored lines in Figure 2.5, while
the full near-far cross correlation is displayed in black.

Figure 2.5: Contributions of each term of 2.8 to the total near/far-shifted cross correlation
ξcncf . The monopole is shown on the left and the quadrupole on the right.

As anticipated, ξgnif dominates the expression. As the scales and shape of this term
match those in the contaminated auto-correlation, and we are interested in fitting BAO on
scales ∼ 50–150 h−1Mpc, these are also the scales for which we need to model the other
components. The next most important component is ξgngf , followed by ξinif . In these
terms, pairs of galaxy targets or interlopers that are at small separation r∥ along the LOS
in the original contaminated catalogue are mapped to a separation r∥ + 2∆ ∼ r∥ + 200
h−1Mpc in the near-far shifted cross-correlation. Thus most of the small-scale clustering is
mapped outside the fitting range. On the other hand, galaxy targets or interlopers that are
at a large separation (∼ 2∆) along the LOS in the original contaminated catalogue, become

37



pairs at small to intermediate separation in the near-far shifted cross-correlation. When
considering near-far pairs perpendicular to the LOS, those that are at ∼ 50 - 150 h−1Mpc
correspond to objects that are at distance larger than ∼ 2∆ in the original contaminated
catalogue. Because of this, ξgngf and ξinif are sourced by large-scale clustering, they have
a small amplitude at the BAO scale — ξinif is additionally suppressed by the factor f 2

i —
and they can be modelled using linear theory. Similarly, the final term ξingf is also the
result of large-scale pairs in the contaminated catalogue and has a very small amplitude,
making it important only when we work in redshift space, due to the Kaiser effect.

Now returning to Equation 2.8, we can rearrange to isolate the target-interloper cross
term,

fi(1 − fi)ξgnif (r⃗) = ξ(r⃗, fi)cncf − (1 − fi)
2ξgngf − f 2

i ξinif − fi(1 − fi)ξingf . (2.9)

As ξgi = ξgnif , we can substitute into Equation 2.6 and form a model for the contaminated
correlation function:

ξcc = (1 − fi)
2ξgg + f 2

i ξii + 2ξcncf − 2(1 − fi)
2ξgngf − 2f 2

i ξinif − 2fi(1 − fi)ξingf . (2.10)

We now have a model for the contaminated correlation function using only the measured
near/far-shifted cross correlation ξcncf and the usual large-scale auto-correlation template
to describe ξgg, ξii, and terms that may be modelled with the same auto-correlation.

2.3.3 Fitting a two point correlation function

If we are only interested in the BAO information contained within the two point correlation
function, it is standard to perform a template fit of the following form:

ξmodel, ℓ(a1, a2, a3, B, α, ϵ, r) =
a1
r2

+
a2
r

+ a3 + B × ξgalaxy, ℓ(α, ϵ, r) , (2.11)

where α and ϵ are the aforementioned AP parameters, the multiplicative factor B is added
to adjust the amplitude, and a polynomial term A(r) is added to account for scale depen-
dant bias and match the overall broadband shape [50]. ξgalaxy is the correlation function
template.7

7This polynomial is generally of the form shown in Equation 2.11. However, the exact form is usually
unimportant.
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The first step of a template fit is to generate a template based on a fiducial cosmology.8

This is done using a code like CAMB [49]. In this work, we use the fiducial cosmology of the
Quijote simulations [53]. This results in an estimate for the linear matter power spectrum
in real space. We then must manually input two effects, the non-linear BAO damping
and the RSD. When the BAO was first imprinted on the matter distribution, the feature
would have been relatively sharp. Over time, under the influence of gravity, this feature
gets “smeared out” as galaxies move around. There is a technique known as reconstruction
that attempts to undo this effect, but in this work we will simply try to account for it in
our template. The model for the BAO damping is straightforward: we separate the linear
matter power spectrum into the BAO wiggles and the smooth no-wiggles power spectrum,

P (k, µ) = [Plin − Psmooth]e−
1
2
k2(µ2Σ2

∥+(1−µ2)Σ2
⊥) + Psmooth . (2.12)

Here the linear matter power spectrum from CAMB is Plin, and Psmooth is the power
spectrum with the BAO wiggles removed.9 The BAO damping parameters Σ∥ and Σ⊥
are derived from the fiducial cosmology at a given redshift. In this work, we use Σ⊥ =
4.8 h−1Mpc and Σ∥ = 7.3 h−1Mpc evaluated at z = 1 in the fiducial cosmology [56].10

We then may add in RSD effects. In this work, we will only deal with large scale RSD
and neglect small scale non-linear effects. Thus we consider only the Kaiser effect [35] and
not the Fingers-of-God (FoG) [36] features. The redshift space power spectrum can then
be written in terms of the real space template:

Predshift(k, µ) =

(
1 +

f

b
µ2

)2

Preal(k, µ), (2.13)

where b is the linear galaxy bias (b = δgalaxy/δmatter), and f ≈ Ω0.55
M is an estimate for the

logarithmic derivative of the linear growth rate G with respect to the scale factor.11This is
known as the Kaiser formula [35].

Once estimates to correct for non-linearity have been encoded into the power spectrum,
it is then straightforward to perform the Fourier transform to get the two point correlation
function.

Even with these corrections, it is still not enough to fully capture the shape of the true
correlation function. However, this doesn’t pose a major issue if our goal is to measure

8Obviously.
9There are a number of ways to do this. See Appendix A of [55] for two common methods.

10The effect of changing these parameters on the correlation function template is shown in [57].
11We have set b = 2.8 for the templates used in this work.
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the AP parameters. The described treatment of the power spectrum accurately captures
the shape of the BAO peak, thus the polynomial term serves simply to fit the broadband
features of the correlation. While the exact form of the polynomial is not important,
it is essential that one’s broadband term not have too much freedom. Allowing for too
much flexibility will allow this nuisance term to fit some of the BAO information, biasing
the result. Finally, it is important to note the correlation function we measure is the
correlation function of galaxies, which imperfectly traces the matter distribution. In this
work, we assume a linear galaxy bias as shown above. Since the power spectrum we obtain
from CAMB is a linear matter power spectrum, we multiply by a estimate of the galaxy
bias.12 The parameter B serves to correct this guess in a simple way. There is some
degeneracy between B and the polynomial that is mitigated by the polynomial being scale
dependent. However, we will see an example of a strong degeneracy between B and another
amplitude parameter in Chapter 2.

2.3.4 Including interlopers in the BAO model

Before a correlation function or power spectrum may be measured, a fiducial cosmology
must be assumed to translate redshifts into physical separations. The BAO technique is
based on the peak being shifted if there is a difference between the true cosmology and the
assumed fiducial cosmology. This distortion is characterised using the Alcock-Paczynski
(AP) parameters α and ϵ (see Section 1.2.3).

In order to extract the BAO signal and marginalise over other information in the
correlation function, it is standard to fit a model as described in Section 2.3.3.13 With this
form for the auto-correlation multipoles, we may combine with Equation 2.10 to construct

12Actually, we multiply by b2, since these are two point statistics of the density field.
13For this chapter, we have also considered using analytic templates from HALOFIT [58, 59] as the

real-space matter power spectrum when modeling ξgalaxy in the additional terms describing the near-far
shifted correlation functions in Equation 2.14 (last two rows) to see if these impact our fits. We find little
difference, a consequence of only needing to model these terms on large scales
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models for the multipole moments of the contaminated correlation function:

ξcc,ℓ(r) =
a1,ℓ
r2

+
a2,ℓ
r

+ a3,ℓ + (B1(1 − fi)
2 + B2f

2
i ) × ξgalaxy,ℓ(α, ϵ, r)

+ 2ξcncf ,ℓ(r) (2.14)

− 2(B1(1 − fi)
2 + B2f

2
i ) × (M2∆ [ξgalaxy])l (α, ϵ, r)

− 2
√

B2fi
√

B1(1 − fi) × (M3∆ [ξgalaxy])l (α, ϵ, r) ,

Here, we have used a mapping shift operator, MX , introduced in [45], acting on the
full two dimensional correlation function ξgalaxy. This operator acts on the argument of
a correlation function by mapping a separation (r, µ) into (rshift, µshift) to describe the
distortion due to a increase in LOS separation X between the two objects in each pair
count.14 For any pair with initial separation (r, µ), the shifted coordinates are given by a
simple trigonometric mapping for a LOS shift X

rshift(r, µ) =
√

r2 + X2 − 2Xrµ, µshift(r, µ) =
rµ−X

rshift(r, µ)
. (2.15)

For example, we have written our unweighted estimate of ξgngf as ξgngf ≈ M2∆[ξgg].
This takes the auto-correlation of galaxies, at their true positions, and generates the
cross-correlation of two catalogues of galaxies separated by 2∆. In ξingf , the galaxy tar-
get/interloper populations are shifted 2∆ from their observed positions (as with all terms
in the near/far shifted correlation), but the interlopers had been already shifted by 1∆ from
their true positions. Thus, we write the unweighted estimate of ξingf as ξingf ≈ M3∆[ξgg].

For the third and fourth lines of Equation 2.14, note that the polynomial term described
above is not included in the estimate of the auto-correlation. As described in Section 2.3.2,
these terms are derived from the large-scale correlation, and can be modelled using linear
theory. Thus, the polynomial term is not required here.

We have written these equations in a way that allows us to include differing bias schemes
for interlopers and targets. We consider that a reasonable estimate is to separate the
amplitude parameter B into B1 and B2 to account for two different biases, weighted by
the interloper fraction for targets and interlopers. This also allows us to estimate ξingf as

14Initially pairs have separation r⃗ = x⃗2− x⃗1. After increasing the separation by X⃗ (with direction along

the LOS), the new separation vector is r⃗ ′ = x⃗2
′ − x⃗1

′, where x⃗2
′ = x⃗2 + X⃗ and x⃗1

′ = x⃗1. Only one of the
galaxy positions are changed.
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we can use the mapping for 3∆, while adding in factors of
√
B1 and

√
B2 (since B1, B2 are

the squares of the usual biases) to correctly scale the term along with the others. However,
unless otherwise stated, we combine both B1, B2, when fitting mocks with only a single
bias.

When fitting both multipoles simultaneously, this results in a model with 11 parameters.
When not working in redshift-space, we have found that we can omit the last term in the
models containing M3∆.

2.4 Testing the method using simulations

In this section, we present the results of fitting our model to the contaminated catalogues
in the simulations. We fit the mean of both the monopole and quadrupole moments of 1000
correlation functions in redshift space via a Markov-chain Monte Carlo (MCMC) analysis
using the EMCEE package [4] and minimizing the following posterior distribution [60]:

f(ξmodel|ξdata, C) ∝
[
1 +

χ2

ns − 1

]−m
2

, (2.16)

where ns is the number of simulations, m is given by Equation 54 in [60], and χ2 =
(ξmodel − ξdata)TC−1(ξmodel − ξdata) with C−1 being the inverse of the covariance matrix

Cij[ξ(ri)ξ(rj)] =
1

ns(ns − 1)

ns∑
n=1

[ξn(ri) − ξ̄(ri)][ξn(rj) − ξ̄(rj)] (2.17)

evaluated for all points in ξ = ξdata = ξcc − 2ξcncf . The BAO fit is performed using the
monopole and quadrupole within the range r ∈ [50, 120] h−1Mpc.

In order to quantify the performance of our BAO fitting model in Equation 2.14, and
how this depends on the amount of interlopers in the contaminated catalogue and on the
particular value for the interloper displacement (thus the redshift of the survey), we con-
sider 12 different scenarios given by the combination of 3 different values for the interloper
displacement ∆ = (85, 90, 97 h−1Mpc) and 4 values for the interloper fraction fi = (0.02,
0.05, 0.10, 0.15).
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2.4.1 Results

First, we performed the BAO fit using a model that does not account for the presence
of interlopers (using the first line only in Equation 2.14) to quantify how interlopers bias
the estimation for the dilation parameters α and ϵ. Our findings are consistent with
those in [52, 45]: the systematic errors on both dilation parameters increase with the
interloper fraction of the contaminated catalogue and they reach maximum values up to
0.048 and 0.15 for α and ϵ, respectively, when fi = 0.15. Results for the 12 combinations
of interloper fractions and displacements are shown in red in Figure 2.6. In general, bias
in the estimates for the AP parameters increases with interloper fraction, and the bias
increases faster if the interloper displacement is further from the BAO peak. For example,
consider ∆ = 85 h−1Mpc, the displacement we consider that is furthest from the BAO
peak. The systematic error on ϵ ranges from about 0.05 to 0.15. However, with ∆ = 97
h−1Mpc, much closer to the BAO peak at ∼ 100 h−1Mpc, the bias on ϵ is both smaller at
fi = 0.02 and only reaches ∼ 0.07, spanning only half the range as the case with ∆ = 85
h−1Mpc. The average systematic error on all three parameters (α, ϵ, fi) decreases with
increasing interloper displacement ∆, as the interloper peak overlaps more with the BAO
peak. For ∆ > rBAO, the trend of increasing parameter bias with increasing interloper
displacement does not continue, as investigated in [45]. As the interloper peak is shifted
further away from the BAO peak, it moves outside the fitting range and its effects on the
AP parameters are significantly reduced. The peak systematic error in both parameters
is obtained when the absolute difference between the positions of the two peaks is ∼ 30
h−1Mpc [45].

The fitting model requires describing the uncontaminated galaxy correlation function
ξgalaxy, which involves the use of a linear prediction for the matter power spectrum coupled
to a model for the BAO damping to account for the nonlinear evolution around the BAO
scale only, and a linear bias scheme to describe the difference between the matter and
galaxy clustering. These are approximations: additional parameters, such as amplitude
parameters and polynomial terms, are introduced to account for residual nonlinearities.
In order to distinguish between any bias caused by these approximations and the novel
way in which we model the galaxy target-interloper cross-correlation via Equation 2.9, we
consider a model where ξgalaxy is directly measured in simulations and inserted in all the
terms in Equation 2.14. Results are shown as blue points in Figure 2.6 and in Table A.1.
The model is accurate and gives unbiased estimates of all three parameters of interest. The
majority of systematic errors are within the statistical errors, with the systematic error of
all three parameters remaining consistent regardless of interloper fraction or displacement.

We proceed by implementing the full model where ξgalaxy is computed from the CAMB
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Figure 2.6: Systematic errors for α (top row), ϵ (middle row), and fi (bottom row), plot-
ted against the true fraction of interlopers. The case with no correction for the presence
of interlopers is shown with the red pentagons (“Uncorrected”). Fits using the measured
galaxy auto-correlation are shown with the blue circles (“Measured”). Fits using an es-
timated galaxy auto-correlation derived from CAMB are shown with the orange squares
(“Baseline”). Fits using mocks where interlopers are more strongly biased are shown in
the green triangles (“Differing Biases”).
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power spectrum and following the procedure explained in Section 2.3.4. These fits are the
main results of this chapter, and are shown as orange squares in Figure 2.6 and they are
reported in Table A.2. In this case, both the statistical and systematic errors increase
compared to using the measured galaxy auto-correlation. In particular, the systematic
error is about 0.4 − 0.6% for α, but it is consistent with the systematic error attributed
to the standard pre-reconstruction BAO fit pipeline without the presence of interlopers
[61]. Estimates for ϵ remain relatively unchanged and generally are still within statistical
errors. As expected, we see significantly poorer results for fi in particular. The case using
∆ = 90 h−1Mpc is notably different from the other two, with more biased estimates of
fi and ϵ, and less biased estimates of α. With this displacement case, fi is significantly
overestimated regardless of interloper fraction. The opposite is true for ∆ = 97 h−1Mpc,
with the interloper fraction underestimated for most interloper fractions. See Table A.2.
We also consider applying the full model (all lines of Equation 2.14) to catalogues with no
interlopers. Without any contaminants, there is no signal to be fitted, so the model is free
to fit noise, thus fi is poorly constrained and any degeneracies with the BAO model become
more important. Howevever, both systematic and statistical errors on the AP parameters
are unaffected compared to the baseline case and are still consistent with the standard
pre-reconstruction BAO fit pipeline without the presence of interlopers [61]. Thus, the
application of our model to data without interlopers will not bias other parameters. These
points are shown in orange at fi,true = 0 in Figure 2.6 and Figure 2.8.

Finally, we consider the catalogues where interlopers have greater bias than galaxy
targets. The results are reported in Table A.3 and are shown in Figure 2.6 as green
triangles. In this case, it is necessary to use the two amplitude parameters B1 and B2

to scale for the relative bias between galaxy targets and interlopers. We see increased
statistical error on estimates of fi, and now this parameter is consistently overestimated
by 1–2σ. This is in better agreement with the true values, although only due to the inflated
uncertainty. The estimates for ϵ remain robust regardless of the testing case.

2.5 Discussion

2.5.1 Galaxy bias

The primary difference between fits using the measured galaxy auto-correlation and using a
CAMB template are the estimates of fi. While the estimates using the measured correlation
function give unbiased estimates for fi, when CAMB is used, the B parameter is required to
adjust the amplitude, and in the case with differing galaxy biases, we require two Bi. These
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parameters are highly degenerate with fi (see Figure 2.7), as they are all amplitude-like
parameters. It is possible to improve the estimation of fi when using CAMB by changing
the prior on B from a flat to a Gaussian prior centred on B = 1 and with standard deviation
= 0.02 to allow for some flexibility. We use a centre of B = 1, as this parameter is not
an absolute bias compared to the matter power spectrum. Indeed, when producing the
correlation function templates in Section 2.3.3, an estimate of the halo bias b in the Quijote
simulations is used. Thus, B serves to correct this estimate, and for a reasonable estimate,
we would expect B ≈ 1. We show the results using this Gaussian prior in Figure 2.8 in
orange. This prior gives estimates that are consistent, within uncertainties, with the AP
parameters as compared to the flat prior case (displayed in orange in the same figure).

In the case where target and interloper galaxies exhibit differing biases, it is not as
simple to set a similar prior on both B1 and B2. If we consider the Gaussian prior for
B1 and B2, set around 1, it needs to be wide enough to capture a sufficient range of
possible different biases. This makes no difference compared to a flat prior. Conversely, if
we consider offsetting the priors for B1 and B2, this assumes we know which population,
targets or interlopers, are more biased, which is an assumption we do not make in this
work. We have tested the effect of knowing the relative bias of targets and interlopers.
We performed the fit using the measured galaxy autocorrelation template with the relative
biases, B1, B2, fixed to their values measured from the mocks. This gives values for fi
well within 1σ of the truth. While it is indeed possible to compare the biases of [OIII]
and Hβ objects, interlopers are a subsample of a full Hβ sample - those that do not have
[OIII] emission allowing misclassification. Thus, they do not necessarily share the same
bias, and accurately estimating the difference in bias is as not straightforward. The use of
future deep fields can help constrain the bias of the interloper subsample and will allow
for reasonable priors on B1 and B2.

There is also the possibility of placing a prior on the fraction of interlopers. This,
like a prior on B is equivalent to knowing the halo or galaxy bias to some confidence, is
equivalent of some knowledge of the expected interloper fraction. Observational estimates
are indeed possible using other surveys, for example via [OIII]/Hβ equivalent width ratios
measured from the MOSDEF Survey [62], giving an expected interloper fraction around
5% for Roman [52]. Upcoming deep fields may also be used to place constraints on the
expected fi. It is then trivial to place a Gaussian prior on the interloper fraction within
our method.
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Figure 2.7: The posterior distributions of B and fi from the case using ∆ = 85 h−1Mpc
and fi,true = 0.1.
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Figure 2.8: Improved parameter estimates applying a Gaussian prior, shown in purple
diamonds, on B for single bias baseline case. Systematic errors for α (top row), ϵ (middle
row), and fi (bottom row), plotted against the true fraction of interlopers. Vertical scales
are the same as Figure 2.6. The improvement is significant in the estimates of fi .
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2.5.2 Limitations of the Simulation Box

While we work in a simulation box with periodic boundary conditions, the total number
of pairs in ξcncf is unchanged compared to ξcc. All pairs with the same initial separa-
tion will have the same new separation after the shift, and the information contained in
both correlation functions is the same. However, in the near-far cross-correlation we have
changed the relative scales at which the different components overlap, which allows us to
more cleanly separate and model them to extract the cross-correlation term.

In a survey volume, we cannot apply a periodic boundary condition as in the simulation
box, as galaxies at high redshift are uncorrelated with those at lower redshift. Thus,
the randoms required to “normalise” the correlation function shifted near are different
from those required for the correlation function shifted far. Instead, we would need to
additionally shift the randoms used to determine the expected density and the correlation
function. Thus, the pair counts at all scales should be compared to their expected counts
in a random field, without missing the correct normalisations for the large scale correlation
we introduce via the near/far shift.

There will be a number of other complications when moving to a realistic lightcone
survey. First, the assumption of a constant redshift across the simulation box is not true
for a survey lightcone. As the interloper displacement is redshift dependent, it varies across
the survey and the measured interloper peak appears broadened. Second, our method
requires shifting the catalogue by exactly the interloper displacement to obtain the near/far
catalogues. Applying a single shift (e.g. given by the average survey redshift) will result in a
distorted estimate for the galaxy target-interloper cross term. This effect may be somewhat
mitigated by performing the analysis in fine redshift slices. Under a sufficiently fine binning,
the assumption of a single redshift can hold for each bin. We note that these fine redshift
slices will lose the statistical power of the large survey volume unless a careful treatment
is applied to recombine them. Moreover, when shifting a lightcone catalogue, the resulting
near/far catalogues are subjected to a geometric distortion due to a non-parallel LOS
across the survey: The catalogues’ volume changes as well as the angular distance between
objects and the angular BAO scale.15 Therefore, the underlying correlation function of
the near shifted catalogue is not the same as that of the far shifted catalogue and the
cross-correlation between these samples will result in a distorted correlation function. All
these effects will need to be carefully quantified and taken into account when deploying
our method to surveys.

15Galaxies shifted far also will become more separated in the plane of the sky due to the changing line
of sight. Similarly, galaxies shifted near will become closer together on the plane of the sky.
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2.5.3 Testing for additional systematics

We now compare how the statistical and systematic errors change between our baseline
model including the near-far derived correction for interlopers, with results of fits using
the following data inputs and covariances.

• The Noiseless Near/Far Correlation (ξgg, Cgg)

We test if the inclusion of the near/far shifted measurements biases the BAO mea-
surement. Here, as opposed to considering ξcc − 2ξcncf for each simulation, we now

consider subtracting the mean ξcncf from ξcc for each simulation. For this, the co-
variance should be that calculated from only ξcc. In practice, we consider a single fit
to the mean over all simulations rather than fitting to each, and so this method only
differs in the covariance matrix used. Fitting with Ccc results in systematic errors
for the AP parameters that are nearly identical to our baseline, but with statistical
errors that are on average 30% smaller for interloper fractions of 2% - 15%, with a
weak dependence on fraction. Thus, including the near/far shifted measurements in
the covariance does not bias the results, but it does increase the uncertainty.

• Comparison to standard BAO template fit (ξgg, Cgg)

We also compare our results for the AP parameters to a fit on a dataset without
interlopers. In this case, the data vector is ξgg, the auto-correlation of galaxies, with
associated covariance Cgg, and the fitting model is given by the first line of Equa-
tion 2.14 with fi set to zero. The systematic error for α and ϵ in this case is consistent
with the ones obtained using our method applied to contaminated catalogues, while
the statistical errors on the AP parameters decreased by approximately 25%-40%
compared to interloper fractions of 2%-15%. Therefore, the systematic error in our
method is due to the standard BAO modelling procedure.

2.5.4 Dipole of the near/far cross-correlation

In a 2D correlation function, a non-zero dipole arises when the function is not invariant
under reflection symmetry along the LOS or, equivalently, under a change in the sign of µ,
the cosine of the angle between the LOS and the direction connecting each pair of objects.
Changing the sign of µ corresponds to considering the pair AB instead of the pair BA.
When measuring a cross-correlation function, one selects two different populations, then
chooses which one appears first in the pair counting, and separations and angles between
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the first and second groups are determined for each pair. In an auto-correlation, this
choice is not made. The near/far shifted correlation function is a cross-correlation between
the same catalogue shifted in two opposite directions, so that the first object in the pairs
always belongs to the near-shifted catalogue, and the second object always belong to the
far-shifted catalogue. Thus we expect a dipole in the near/far contaminated correlation
function.

This dipole is due to two effects. First, an artificial dipole appears into the near/far
shifted correlation because that is a cross-correlation between the same catalog shifted
along the LOS in two different directions. The shift creates an artificial dipole in the
contaminated clustering through the terms ξgngf and ξinif . The near/far dipole also has
features that are due to the presence of interlopers in the contaminated catalogue.

In the contaminated correlation function, the 2D galaxy target-interloper cross cor-
relation can be obtained via ξgi ∼ M∆[ξgg], where we applied the transformation M in
Equation 2.15. In that transformation, the change µ → −µ is equivalent to the the change
of variable ∆ → −∆. Therefore ξig ∼ M−∆[ξgg]. While the two cross correlations ξgi
and ξig exhibit equal even-multipole components, they present different odd terms. The
left panel in Figure 2.9 shows the dipole of the two cross correlations, as predicted via the
M±∆[ξgg] mappings as well as the mean of measurements over 10 mocks. The dipoles have
the same amplitude but opposite sign as a function of separation r, thus they sum to zero.
Since we cannot distinguish between interlopers and target galaxies in observed surveys,
these two terms cannot be measured separately and the dipole cannot be detected.

When considering the near/far shifted correlation function, the dipoles in ξingf and
ξgnif appear at different scales, as a result of having shifted catalogues. Indeed, ξgnif ∼
M∆[ξgg] and ξingf ∼ M3∆[ξgg], making all their multipoles (even and odd) differ as a
function of separation r. The right panel of Figure 2.9 shows the dipoles in ξingf and ξgnif ,
which appear at different scales and do not sum to zero as in the contaminated correlation
function. Additionally, they now share the same sign, another consequence of shifting the
contaminated catalogue to generate the near and far shifted ones.

When measuring the near-far shifted correlation function of the full contaminated sam-
ple, one will always observe a dominant artificial dipole at exactly the shift scale, ∆shift

as in the monopole. Measurements over 10 mocks of the total near/far shifted correlation
dipole are shown in Figure 2.10. In the presence of interlopers, additional offset dipole
features will appear. As a result, the dipole can therefore be used as a initial indicator for
the presence of this type of interlopers. In fact, the shift need not be equal to some integer
multiple of the interloper shift to see this effect. In a situation where the interloper shift is
not known, one could perform the near/far shift by any arbitrary value and the additional
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Figure 2.9: The left panel shows the measured dipole in the terms ξig and ξgi of the
contaminated correlation function (Equation 2.6). The right panel displays the measured
dipole in the terms ξingf and ξgnif in the near-far shifted correlation function (Equation 2.8).
Measurements are taken as the mean of 10 mocks. Predictions are shown as the solid black
lines in both panels.

interloper features would appear at ∆shift − ∆interloper and ∆shift + ∆interloper.

2.6 Conclusions

In this chapter, we have discussed how to extract the BAO scale from a galaxy target
catalogue that is contaminated with a sample of small-displacement interlopers. This
is important for future spectroscopic telescope surveys, like Roman, where it is possible
that the population of [OIII] galaxies is contaminated by Hβ interlopers due to single-line
redshift measurements. We now cover some important points of our analysis.

The contaminated correlation function has two important terms: The auto-correlation
term (which may be split into a galaxy auto-correlation and interloper auto-correlation) and
a galaxy target-interloper cross correlation term as a linear combination of two correlation
functions. It is this auto-correlation term that we wish to isolate and measure, and thus
we sought to model the cross-correlation.

We have introduced a self-calibration method to estimate this cross term. This involves
taking the original contaminated catalogue and creating two new “far-shifted” and “near-
shifted” catalogues, with LOS positions shifted towards or away from the observer by one
interloper shift. The cross correlation of these catalogues can partially isolate the desired
galaxy target-interloper cross term.
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Figure 2.10: The measured dipole of the total ξcncf is shown in green. Measurements are
taken as the mean of 10 mocks. The vertical scale has been limited to a range of [−100, 30],
so that the smaller features are more easily seen. The central feature peak is at ∼ −1500
and is not shown on this scale.
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We tested our model in various scenarios exhibiting different values for the interloper
fraction and the interloper displacement ∆. In all cases, our model returns unbiased
predictions for the AP dilation parameters with systematic errors less than 6.6×10−3 in
the worst case, which is consistent with prior pre-reconstruction fitting methods that did
not consider catalogues contaminated by interlopers [61]. If interlopers are present but not
accounted for in the model, the systematic errors on the dilation parameters are one to
two orders of magnitude greater, up to 0.048 and 0.15, for α and ϵ, respectively.

As our analysis will be useful for Roman [OIII] targets, we may predict the statistical
error our method would give for a Roman survey. Using a simplistic approach, we may
scale the errors we obtain from the effective volume of 1000 mocks (1 (h−1Gpc)3 each)
to the approximate volume of a survey between z = 1.8 − 2.8, ∼ 10 (h−1Gpc)3. We are
therefore testing the method at a precision a factor of 10 times better than expected from
Roman. For the range of interloper fractions and displacements we consider, the systematic
errors are therefore expected to be subdominant. The effect of the self-calibration method
to ameliorate the effects of interlopers, is that the statistical errors on the AP parameters
increase by approximately 30%, which is only weakly dependent on the interloper fractions
for a range 2% - 15%. This increase in the errors can be reduced further by providing prior
information on the interlopers, for example from deep field observations.

It should also be noted that the change from a simulation box mock to survey data
will require additional testing. There are effects due to varying redshift over the survey
volume, and the lightcone geometry. These effects should be carefully taken into account
before applying the model to real data.

Small-displacement interlopers create a strong signal in the two point correlation func-
tion that appears near the BAO peak and thus contaminates measurements of cosmological
parameters. With our self-calibration model, it is possible to robustly estimate the AP
dilation parameters regardless of differing bias schemes of interlopers and targets. Further-
more, our model can estimate the fraction of interlopers to within a few percent, given the
parameters B, or B1, B2, are well known.

In the next chapter, we will explore a method to identify “unknown unknowns,” and
diagnose previously unknown effects in the data and modelling.
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Chapter 3

LOO-PIT

The following chapter is made up of material from [2].

With the next generation of galaxy surveys on the horizon, including the Roman Space
Telescope [47] and Euclid [48, 63], it has become more important than ever to develop
more powerful tools to best extract information from these new, larger datasets.

For example, consider a small model bias on the scale of the standard deviation of
the data points (see Figure 3.3 for an illustration). The standard best fit statistic χ2 is
blind to this type of modelling failure and thus is a liability for the detailed statistical
analysis that is performed today. Issues like model bias and proper covariance matrix
estimations are becoming more difficult to deal with in these surveys, as well as the arrival
of new systematics. Thus, cross validation techniques like Leave One Out Cross Validation
(LOO-CV) are becoming increasingly common in cosmological analyses for their power in
posterior predictive checks [64, 65, 66].

In this chapter, we introduce a statistical technique called the Leave One Out Proba-
bility Integral Transform (LOO-PIT). While LOO-PIT has been applied in statistics prior
to this, we present the first application to cosmological data. This technique combines
two concepts: LOO-CV, and the well known Probability Integral Transform (PIT) [67].
LOO-PIT serves as a complementary test to the standard best fit statistic χ2, providing
two additional metrics: a diagnostic plot showing the type of modelling failure, and an
additional test statistic through the Kolmogorov–Smirnov test [68]. LOO-PIT also relaxes
the constraint of assuming Gaussian likelihoods in one’s data analysis, paving the way for
more general methods.

To test LOO-PIT’s power in diagnosing modelling failures, we apply the LOO-PIT
technique to a recently arisen issue: emission line interlopers. Galaxy catalogues can be
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contaminated by sources where the redshift has been incorrectly inferred due to emission
line confusion. As the distance to a galaxy is derived from its redshift, these interlopers
contaminate the clustering signal and in particular the BAO peak. We fit contaminated
correlation functions with a standard BAO template and apply LOO-PIT to the posteriors
obtained to determine its sensitivity to both the interloper fraction and the interloper
displacement.

This chapter is structured as follows. In Section 3.1, present the LOO-PIT technique.
In Section 3.3, we present results given by the LOO-PIT pipeline. In Section 3.4, we
discuss some limitations of the method and its application to real survey data. Finally, we
conclude in Section 3.5.

3.1 Method Outline

In this section, we provide an overview of LOO-PIT and briefly outline each of the statistical
steps that power the method.

3.1.1 Outlining the LOO-PIT

This method combines two statistical ideas to form a sensitive posterior check. We apply
the well known Probability Integral Transform (PIT) to Leave One Out-Cross Validation
(LOO-CV).

The core of posterior predictive checks lies with the posterior predictive distribution.
This is defined:

p(y∗|y) =

∫
p(y∗|θ)p(θ|y)dθ. (3.1)

Here y refers to the observed data, y∗ some future data, and θ the model parameters.

The crucial idea is that if we use the correct model for the observed data, the posterior
predictive and the observed data will follow the same probability density. That is, the
model correctly predicts “future” observations.

In cosmology, we do not really have “future” observations to compare against, hence in
performing cross validation, we must treat some subset of the observed data as the future
observations and the remainder as the current observations. We have the special case in
LOO-CV, where we treat each data point as a single future observation and calculate the
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posterior predictive for each observation. In this work, we refer to the “left-out” data point
as yi and the remaining data as y−i.

As the posterior predictive and observations should have the same probability distri-
bution function (PDF), they should also have the same cumulative distribution function
(CDF). Each observation then is a single draw from its corresponding pointwise PDF, thus
if we transform it with the pointwise posterior predictive CDF, we should obtain a single
draw from a uniform distribution. This process is performed for each data point, yielding
a distribution of LOO-PIT values. The validation power of this method comes from com-
paring the LOO-PIT distribution to the standard uniform U[0,1]. If the model is incorrect
for any number of reasons, the distribution produced by the PIT will not be uniform.

3.1.2 Going to the LOO: Estimating Leave One Out Posterior
Predictives

It would be cost prohibitive to refit the model to obtain posteriors p(θ|y−i) for each LOO
subset, however we can use importance sampling (IS) to obtain these probabilities from
the total fit posterior p(θ|y).

By [67], if the pointwise probabilities are conditionally independent1, the importance
sampling estimate for the posterior predictive corresponding to datapoint yobsi is:

p̂(yi|y−i) =
S∑

s=1

rsi ysi , (3.2)

where rsi are the standard normalised importance ratios, S is the total number of parameter
samples, and we have draws ysi ∼ p(yi|θs). We will also define N to be the total number
of data points. These weights are given by:2

rsi =
p(θs|y−i)

p(θs|y)
. (3.3)

In cases where the two distributions, p(θ|y−i) and p(θ|y), differ significantly, the dis-
tribution of the IS ratios can have a heavy right tail. The IS estimate can be dominated
by these samples and give extremely noisy estimates. There are two useful “smoothing”

1One can decompose p(y|θ) = ΠN
i p(yi|θ), or, equivalently, the covariance matrix of the data is diagonal.

2In this equation, p(. . .), refers to the posterior likelihood of the given draw from p(. . .)
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algorithms to mitigate this issue with standard IS. The first is Truncated Importance Sam-
pling (TIS) introduced by [69]. TIS involves replacing the raw IS weights with truncated
weights, ts, given by:

tsi = min(rsi ,
√
Sr̄i), (3.4)

where r̄i is the mean of the raw IS weights over all samples. While this method is simple in
application and cleanly solves the primary issue with IS by guaranteeing that TIS estimates
have finite variance, TIS introduces a potentially large bias [67].

Thus, given the drawbacks of TIS, we opt for a second algorithm, Pareto Smoothed
Importance Sampling (PSIS) [70]. PSIS is similar to TIS in that we replace some of the
raw IS weights, however instead of a single truncation, a fit is done to the IS weights,
assuming a generalized Pareto distribution given by:

p(x|µ, σ, k) =
1

σ

(
1 + k

(
x− µ

σ

))− 1
k
−1

. (3.5)

In brief, the raw IS weights are ordered from least to greatest and indexed s = 1, 2,
. . . , S. The top 20% are then fit to a generalised Pareto distribution using the method of
[71]. Then for a given point indexed by i, the raw IS ratios are replaced as:

ws
i = rsi , s = 1, 2, . . . , S −M (3.6)

wS−M+z
i = min

(
F−1

(
z − 1/2

M

)
,max(rsi )

)
, z = 1, 2, . . . ,M, (3.7)

where F−1 is the inverse CDF of the generalized Pareto distribution, and M is the num-
ber of samples used for the fit. We use M = 0.2S.3 The final step is to truncate the
smoothed weights as in TIS, but using the cutoff of S3/4w̄i, to guarantee finite variance in
the estimates.

Finally, with the smoothed weights, we have an estimate for each posterior predictive
distribution using LOO-PSIS:

p̂(yi|y−i) =
S∑

s=1

ws
i ysi . (3.8)

3Note that the method is robust to the misspecification of the exact form of M relative to S [70].
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This is our estimate of the distribution of a single point yi given the other data points
y−i, marginalised over the parameter space, thus, in this work, we refer to this as the
pointwise posterior predictive distribution.

IS, or its refined forms, are not necessary to perform the LOO-PIT procedure. It is
only to reduce the computation. If one were keen to avoid the approximations that IS
and PSIS introduce, it is possible to rerun the chains for each left out data points to get
the exact leave one out posteriors and avoid using IS. While this procedure is exact, it
significantly increases the computation time as the number of data points increases. Using
the approximations IS affords allows one to unlock the power of LOO-PIT for larger and
larger datasets without being unnecessarily weighed down by long runtimes. However,
there may be cases where PSIS fails due to the nature of the posteriors. In these cases,
then it would be necessary to resample the posteriors, but these cases are likely rare.

3.1.3 Adding a PIT to the LOO: The Probability Integral Trans-
form

In this section, we will briefly review the Probability Integral Transform and show how the
PIT is applied to the pointwise posterior predictive distributions.

Consider a continuous random variable, X, that has the PDF, p(X). Now consider the
random variable Y , defined by the following transformation of X:

Y (X) =

∫ X

−∞
p(X∗)dX∗, (3.9)

simply the CDF of X. We can find the PDF of Y , p(Y ), in terms of p(X) by the change
in the PDF under a change of variables:

p(Y ) =

∣∣∣∣dXdY
∣∣∣∣ p(X). (3.10)

This is valid for any function, Y (X), that is monotonic and increasing, which is always
true for any CDF or empirical CDF (ECDF). Combining this with Equation 3.9, we find:

p(Y ) =

∣∣∣∣ 1

p(X)

∣∣∣∣ p(X) = 1, (3.11)

and we have shown that the distribution of Y is uniform.
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If the incorrect CDF is considered, the Jacobian will not result in 1/p(X), and thus
the distribution of Y , p(Y ), will deviate from the uniform. The test is then to determine
whether the distribution of these LOO-PIT values is consistent with a uniform distribution.

Before we can apply the PIT, we must estimate the pointwise posterior predictive CDF.
There are numerous options that one can apply here, but for simplicity and speed, we
assume the posterior predictive distributions to be Gaussian. In fact, this distribution has
been shown to be close to a t-distribution [72]. The degrees of freedom of this t-distribution
is related to the number of MCMC draws. Thus, we approximate to a Gaussian with a
weighted mean and variance equal to that of the set of ysi under the PSIS weights ws

i .

Using this CDF to transform each of the N observed datapoints yobsi will result in N
LOO-PIT values. The value of the ith LOOPIT draw is given by:

Li =

∫ yobsi

−∞
p(X∗)dX∗, (3.12)

where p(X∗) is the corresponding ith pointwise posterior predictive distribution p̂(yi|y−i).

We consider two related diagnostics to test this. First, is simply the kernel density
estimate (KDE) of all the estimates together. It is straightforward to check if it is consistent
with a uniform by inspection, in addition to determining the type of modelling failure based
on how the LOO-PIT KDE deviates from the uniform. We can also test the uniformity
of the LOO-PIT KDE using the well known Kolmogorov–Smirnov (KS) Test, yielding
p-values for hypothesis testing. We have included some illustrative examples with a toy
model to demonstrate some common effects in Section 3.2. We will also note here that we
may compare any two LOO-PIT distributions, via a two sample KS test.

3.2 Common LOO-PIT signatures

In this section, we briefly show the three basic LOO-PIT signatures of model failure.
These are underdispersed/underfitting, overdispersed/overfitting, and biased/shifted. The
following figures are based on [73].

For data where the errors are underestimated, the posterior predictive distributions
will be narrower than the truth. Thus, data points will tend to fall on the tails of the
posterior predictives, forming the trough pattern seen in Figure 3.1. This pattern can also
appear if the model is not a good fit for the data, such as fitting linear data with the wrong
slope. Since the posterior predictives are based on the model, if the model and data have
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significant offset, the LOO-PIT values will again be drawn from the tails of the posterior
predictives.

The opposite effect occurs when the errors are over estimated. Now the posterior
predictives are too wide, and data points will tend to fall close to the centroid of these
distributions. Thus, the LOO-PIT draws are close to 0.5 and we will get the peak pattern
shown in Figure 3.2. This pattern also appears when the model is overfitting. Suppose the
10 points of data are fit with a 10 parameter model. The model can perfectly fit each data
point, thus the LOO-PIT draw for each point will be exactly 0.5.

These two signatures each have two possible causes. It is then important to correctly
estimate errors and covariances, lest a true model failure be attributed to poor error esti-
mation.

The final common signature is a shift or bias in the data. This is the effect that causes
the shifts seen earlier in this work. This effect also gives LOO-PIT additional information
compared to χ2. Depending on the direction of the bias, the LOO-PIT KDE can have
either a positive or negative tilt. This is shown in Figure 3.3.

Figure 3.1: LOO-PIT values for a simple linear fit on 200 points. The data is thinned in
the left plot for clarity. Here we have manually set the errorbars to 0.5 times their true
values, showing the underdispersion “trough” signature.
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Figure 3.2: LOO-PIT values for a simple linear fit on 200 points. The data is thinned in
the left plot for clarity. Here we have manually set the errorbars to 1.5 times their true
values, showing the overdispersion “peak” signature.
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Figure 3.3: LOO-PIT values for a simple linear fit on 200 points. The data is thinned in
the left plot for clarity. Here the data points are offset by +0.5, showing the bias “tilt”
signature.
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3.3 Testing the sensitivity of LOO-PIT using simula-

tions

We use monopole and quadrupole moments of two point redshift space correlation functions
as data to fit. We start with the covariance matrix and mean of the multipoles measured
from 1000 Quijote mocks [53]. We then add in scatter by scaling the covariance matrix to a
volume of a 10 (h−1Gpc)3 box. We fit with the standard BAO template (see Section 2.3.3).
We apply a standard Markov-chain Monte Carlo (MCMC) analysis using the emcee python
package [4] and the following posterior distribution [60]:

f(ξmodel|ξdata, C) ∝
[
1 +

χ2

ns − 1

]−m
2

, (3.13)

where ns is the number of mocks used and m is given by Equation 54 in [60]. χ2 is the
given by (ξmodel−ξdata)TC−1(ξmodel−ξdata) with C−1 the inverse of the estimated covariance
matrix:

Cij[ξ(ri)ξ(rj)] =
1

ns(ns − 1)

ns∑
n=1

[ξn(ri) − ξ̄(ri)][ξn(rj) − ξ̄(rj)] (3.14)

evaluated for all points in ξ = ξdata = ξcc − 2ξcncf . The BAO fit is performed using the
monopole and quadrupole within the range r ∈ [50, 150] h−1Mpc.

In order to quantify the performance of LOO-PIT, and how its efficacy depends on the
amount of interlopers in the contaminated catalogue and on the particular value for the
interloper displacement (thus the redshift of the survey), we consider 18 different scenarios
given by the combination of 3 different values for the interloper displacement ∆ = (85,
90, 97 h−1Mpc) and 6 values for the interloper fraction fi = (0.005, 0.01, 0.02, 0.05, 0.10,
0.15).

3.3.1 Results

We first characterise the baseline LOO-PIT distribution. This is the LOO-PIT distribution
derived from fits to an uncontaminated catalogue.

We perform the BAO fit on the monopole and quadrupole extracted from catalogues
that contain no interlopers. For this baseline case, we generated 1000 realisations of the
data using the covariance matrix scaled to a volume of 10 (h−1Gpc)3. We then perform
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the BAO fit with the standard MCMC treatment, obtaining posterior distributions for all
model parameters. We extract the LOO-PIT draws for each of the data points in each
realisation according to the prescription outlined in Section 3.1.1, weighting the values
according to leave-one-out posteriors. This results in 132000 LOO-PIT draws for each
combination of interloper fraction and interloper displacement. We plot the KDE of these
values in dark red in Figures 3.4, 3.5, 3.6.

We find that the baseline fit shows signs of significant overfitting with the characteristic
“peak” shape (See Section 3.2). This is clearly not uniform.

After this baseline case, we then consider catalogues with varying degrees of contami-
nation. We measure the two point correlation function monopole and quadrupoles. In this
case, we generate 1000 realisations of each combination of interloper fraction and displace-
ment, and again obtain the LOO-PIT values for each case. We plot the KDE of these sets
of 132000 points in Figures 3.4, 3.5, 3.6. We also show these plots with a single realisa-
tion in Appendix B.1. While the general trend is still visible without stacking, it is clear
that there is significant noise. This is unsurprising, as we are attempting to characterise a
distribution, which only improves with more samples.

While the initial zero interloper baseline is non-uniform, LOO-PIT nevertheless is
clearly sensitive to deviations from the baseline. In general, the LOO-PIT plots start
with a “peak” shape, indicating overfitting. As the contamination increases, the height of
the peak decreases. The distribution flips to the “trough” shape between interloper frac-
tions fi = 0.02-0.05. In particular, we can see a transitionary shape at fi = 0.05. There, we
see both a bump and the underfitting/underdispersion signature, forming an offset “W”
shape. This is most clearly shown in the fi = 0.05 case in Figure 3.6. There is a part of the
model that slightly underestimates the data resulting in the bump at 0.4, but the model
cannot properly capture the interloper peak, resulting in many LOO-PIT draws near 0 and
1, and the heavy left and right tails at higher contamination levels.

We can also see some separation between the ∆ = 85 h−1Mpc (Figure 3.4) case com-
pared to the other two. While, the LOO-PIT KDE deviates in a similar way for all three
cases up until fi = 0.02, at fi = 0.05, there is a significant negative tilt present in the ∆
= 90, 97 h−1Mpc plots (Figures 3.5, 3.6).4 Conversely, there is no tilt for ∆ = 85 h−1Mpc.
These are more clearly seen in the cases with greater levels of contamination. This is a
signature of bias in the fit. A tilt in the negative direction seen in the plots indicates the
model is generally underestimating the data. For the cases where the interloper peak has
significant overlap with the BAO peak, the model tends to underestimate the interloper
peak. In this regime, the interloper peak distorts the BAO in such a way that the standard

4Consider a line with negative slope.
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shape is a acceptable fit, leaving the interloper contribution as outliers. However, as the
interloper peak moves further from the BAO peak, these outlier points cannot be ignored
by the model as their likelihoods are extremely small when compared to a standard BAO
shape, and thus the model will use the polynomial to “average through” the peak in this
case, resulting in more uniform central LOO-PIT draws for the ∆ = 85 h−1Mpc case for
higher interloper fractions.

Figure 3.4: LOO-PIT values for 1000 data realisations with ∆ = 85 h−1Mpc. We plot a
normalised KDE for each interloper fraction fi.

We will now quantify the performance of LOO-PIT against its main rival, χ2. We
consider the 132000 LOO-PIT draws for the uncontaminated fit to sufficiently characterise
the baseline distribution. We then compute the two sample Kolmogorov-Smirnov statistic.
For a given combination of interloper fraction and interloper displacement, we compare
each of the 1000 realisations to the full set of baseline LOO-PIT draws. That is, we
compare the full baseline distribution from 132000 points, to the 132 points obtained from
a single realisation. We obtain the KS statistic from this and derive a p-value for each
realisation. Similarly, we keep the best fit χ2 statistic from each MCMC run and calculate
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Figure 3.5: LOO-PIT values for 1000 data realisations with ∆ = 90 h−1Mpc. We plot a
normalised KDE for each interloper fraction fi.
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Figure 3.6: LOO-PIT values for 1000 data realisations with ∆ = 97 h−1Mpc. We plot a
normalised KDE for each interloper fraction fi.
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a p-value assuming 123 degrees of freedom.5 We set the acceptance threshold at p = 0.05,
and consider the fraction of realisations that result in a significant detection for LOO-PIT
and then χ2. We plot these in Figures 3.7, 3.8, 3.9.

We see that LOO-PIT appears to outperform χ2 in nearly all test cases. In particular,
LOO-PIT detects the presence of interlopers at low contamination (fi = 0.5 − 1%) at
a significantly higher rate than χ2. That is, LOO-PIT rejects the null hypothesis (no
interlopers) This improvement is greatest at fi = 0.5% at all interloper displacements,
where LOO-PIT can detect the presence of interloper contamination in more than 50% of
the realisations compared to the χ2 detection rate of approximately 5%. Across interloper
displacements, this is an improvement of ∼45%. Closer to the Roman interloper limit, the
improvement between χ2 and LOO-PIT is not as great, at only a 10% improvement in the
∆ = 90,97 h−1Mpc cases. Note that χ2 gives a better detection rate that LOO-PIT in the
∆ = 85 h−1Mpc case at fi = 2%. At contamination levels greater than fi = 5%, both tests
are fully saturated, detecting the contamination in nearly 100% of realisations.

3.4 Discussion

3.4.1 LOO-PIT without stacking

We have shown results for LOO-PIT so far by stacking realisations to show smoother
plots. As with all distribution based tests, the statistical power increases with the number
of samples one has to compare to. While we argue that it is valid to calibrate the baseline
case with 1000 realisations, when comparing this to realistic catalogues, we will only have a
single realisation of the contaminated sample. An example of this is shown in Figure 3.10.
For the baseline case, we plot the LOO-PIT KDE derived from 1000 realisations. For all
contaminated cases, we randomly select a single Roman volume realisation. Clearly, there
is some significant noise compared to the stacked plots. However, we note that the general
trends described in Section 3.3 are still visible. In particular, the flip in shape between fi
= 0.02-0.05 is still clear, as is the negative tilt at the higher interloper fractions.

With a single realisation, LOO-PIT is more difficult to use to diagnose issues simply
by inspection of the KDE plots. However, we will note that using χ2 yields no such visible
inspection method. In addition, the probability that LOO-PIT detects the interloper
contamination is better or equal to χ2 in nearly all test cases, as shown in Section 3.3.

5We fit 132 data points with a 9 parameter model.
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Figure 3.7: Hypothesis test rejection rates as a function of interloper fraction for a fixed
interloper displacement. Here, we consider ∆ = 85 h−1Mpc. LOO-PIT is plotted in blue.
χ2 is plotted in red.
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Figure 3.8: Hypothesis test rejection rates as a function of interloper fraction for a fixed
interloper displacement. Here, we consider ∆ = 90 h−1Mpc. LOO-PIT is plotted in blue.
χ2 is plotted in red.
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Figure 3.9: Hypothesis test rejection rates as a function of interloper fraction for a fixed
interloper displacement. Here, we consider ∆ = 97 h−1Mpc. LOO-PIT is plotted in blue.
χ2 is plotted in red.
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Figure 3.10: LOO-PIT values for ∆ = 90 h−1Mpc. We plot a normalised KDE for each
interloper fraction. For all interloper fractions other than zero baseline, we have plotted
the KDE of LOO-PIT values derived from a single realisation. For the baseline, we plot
the KDE from 1000 realisations.
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3.4.2 LOO-PIT vs. χ2

While LOO-PIT seems to outperform χ2 in nearly all test cases, we will discuss the reasons
for why.

As mentioned earlier there is a peculiar behaviour in the LOO-PIT part of the Fig-
ures 3.7, 3.8, 3.9. The LOO-PIT rejection rate appears to flatten out at 0.5 as the interloper
fraction decreases to 0. This is a known issue with the KS test and may indicate issues
with LOO-PIT. At large sample sizes, it is prone to a high Type I error, or false postive,
rate. This problem is at odds with our desire to characterise the baseline distribution, as
we require a large number of samples. This could be solved by taking a random sample
from the baseline distribution at the same size as the individual LOO-PIT samples. This
helps to relax the minimal bound of the test. The null hypothesis is rejected at a level α
if the KS statistic satisfies:

Dn,m =

√
− ln(α/2)

1 + m
n

2m
, (3.15)

where n,m are the respective sample sizes of the two samples we compare in the two
sample KS test. As the sample size increases, the test becomes more sensitive at a given
significance level. At large sample size, this can lead to the spurious detections we have
seen in the prior sections.

3.4.3 Calibration of the baseline

The general idea of LOO-PIT is that a correctedly calibrated model will yield a uniform
LOO-PIT KDE. Indeed, that was the standard approach outlined in Section 3.1. However,
as the BAO template model is designed to extract the AP parameters from the correlation
function, it intentionally overfits the broadband power with the polynomial terms. Thus,
this standard LOO-PIT approach would not be sufficient to detect the difference between an
uncontaminated and a contaminated correlation function. Therefore, our use of LOOPIT
for detecting interlopers has been dependent on the calibrated baseline LOO-PIT KDE.

As we saw in Section 3.3, LOO-PIT is not limited to diagnosing modelling failures, but
can differentiate between different models. For example, while we see the peak signature
for interloper fraction fi = 0.0 - 0.02, the peak amplitude and shape changes as the con-
tamination increases. We would see a similar effect if we considered first a model with
significantly overestimated variances on the data points, then a series of models where this
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overestimation becomes less severe. Indeed, the application of LOO-PIT is more general
than simply determining a simple goodness-of-fit, it provides a tool for model comparison.

This power of LOO-PIT requires an additional step in the analysis, which we have done.
The calibration of a baseline LOO-PIT KDE must be done before any comparisons can
be made, especially in the case where one wishes to detect deviations from this baseline.
This approach will be useful for the detection of anomalies in cosmological data, as it is
now commonplace to validate data pipelines on sophisticated simulations even prior to
the beginning of survey missions. In these cases, it is a non-issue to calibrate a baseline
LOO-PIT KDE on a set of simulations under a fiducial cosmology, like we have done in this
work. For example, it would be beneficial to run LOO-PIT on a set of Roman-like mocks
in the standard ΛCDM cosmology in the absence of observational systematics. Regardless
of the model used for BAO or any other observation in these simulations, we could char-
acterise the LOO-PIT KDE for a “clean” detection, allowing for us to detect deviations,
like observational systematics and their severity or new physics, from this assumption as
real data becomes available.

We should note that this caveat is only relevant in the case where a researcher may wish
to detect an anomaly at some significance, or to compare a series of possible models. Of
course, no baseline is required to perform the LOO-PIT procedure, only to perform the two
sample KS test to determine detection significance. Thus, LOO-PIT may also be useful
in the model building stage of the pipeline. The standard peak and trough signatures are
useful for calibrating error analyses like covariances, and building a model that returns the
uniform can validate a model.

3.5 Conclusions

In this chapter, we have introduced a new statistical method called the Leave One Out
Probability Integral Transform or LOO-PIT for short. This is a general technique with
a wide variety of applications. We apply LOO-PIT to the problem of detecting small
displacement interlopers in galaxy clustering analyses. We will now review the method, its
strengths, and weaknesses.

LOO-PIT combines two statistical ideas together: Leave One Out Cross Validation
(LOO), and the well known Probability Integral Transform (PIT). We estimate a LOO
posterior predictive distribution for each datapoint, then test this estimate via the PIT.
Our test diagnostic is the KDE of LOO-PIT values, one for each data point. It is also
possible to quantify the performance of LOO-PIT via hypothesis testing.
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We tested the effectiveness of LOO-PIT by applying it to the analysis of contaminated
correlation functions. We measured the mean of 1000 monopole and quadrupole moments
from simulations, as well as the covariance matrix. We then scale the covariance matrix to
a Roman like volume of 10 (h−1Gpc)3 box. We generate 1000 realisations of multipoles at
this volume using the scaled covariance matrix. We fit contaminated correlation functions
with various values of the interloper fraction and displacement. We find that the shape of
the LOO-PIT KDEs change significantly between fi = 0.02-0.05 for all interloper displace-
ments. At this threshold, it is clear by eye to see deviation from the baseline. When we
calibrate the baseline and perform two sample KS tests, we find that LOO-PIT outper-
forms or equals χ2 in all but one test case. This improvement in detection rate is greatest
at small interloper fraction. This improvement is in part due to a high rate of Type I
error associated with the KS test. Thus, it is difficult to quantify LOO-PIT’s performance
against χ2 at this point, and we leave the determination of an optimal test for future work.

LOO-PIT has two primary advantages over the simple χ2 test. First, we may use any
form of the data likelihoods, while χ2 comes with the underlying assumption of Gaussian
likelihoods. However, the strongest advantage of using LOO-PIT is that it includes infor-
mation about the type of model failure. While LOO-PIT detects the same overdispersion
and underdispersion as χ2, LOO-PIT can detect shifts or biases in the data relative to the
model that χ2 is blind to. This is visible in both the LOO-PIT KDE diagnostic plots and
in the KS testing statistics. This additional information that LOO-PIT provides makes it
a powerful tool for model comparison, and detection of systematics.
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Chapter 4

Future Work and Conclusions

In this chapter, we will outline some future work that can build upon the projects discussed
in the previous chapters. We will then briefly review the topics discussed in this work before
concluding.

4.1 Including the dipole

In the following two sections, we will explore two methods of constraining the interloper
fractions that build on the dipole of the contaminated correlation function. While it is
true that the accurate recovery of cosmological parameters does not strongly depend on
the accurate recovery of the interloper fraction, there may still be benefits to having a
better idea of what it is given a galaxy catalogue. For example, the redshift dependent
interloper fraction could track the number of Hβ to [OIII] galaxies through time and help
models of galaxy evolution.

As discussed in Chapter 2, the recovery of the correct interloper fraction is limited by
the degeneracy between fi and B (or B1 and B2). We explored breaking this degeneracy
by setting a tight Gaussian prior on B. While this approach does allow for more accurate
recovery of the fraction of interlopers, it is unrealistic in practice due to uncertainty in the
true galaxy bias. We also discussed constraining the interloper fraction outside of the fit.

It should be possible to break the degeneracy between fi and B, by performing the
standard simultaneous fit to the monopole and quadrupole (which contain the relevant
cosmological information), and include information from the dipole.
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Recall Equation 2.6. As with the other multipoles, the dipole is split into components
with amplitudes dependent on the fraction of interlopers. This is generally a problem as
the B parameter is also an amplitude. However, B is a linear amplitude. Thus, if we
compare ratios of peak heights, this ratio is no longer dependent on B. Furthermore, we
know the dipole peaks will always appear at a known displacement. Therefore, for a given
artificial shift and interloper shift, we can construct a quantity that is dependent only on
the interloper fraction:

ξ1(∆shift − ∆interloper) + ξ1(∆shift + ∆interloper)

ξ1(∆shift)
=

2fi(1 − fi)

f 2
i + (1 − fi)2

. (4.1)

This is simply the ratio of the amplitude of the two side dipole peaks and the central
peak. Including this value into the fit only increases the degrees of freedom by 1 and
should help to constrain the interloper fraction without needing another measurement
other than the self-calibrating fit. It should also be noted, that this measurement can also
function as a crude, but cheap, initial estimate of the interloper fraction, as it only requires
measurements of the dipole at three displacements.

4.2 Direct measurement of the fraction of interlopers

We can continue to exploit the existence of the dipole to potentially measure the fraction
of interlopers directly. Recall Figure 2.4 and imagine we sit on an interloper. There should
be more galaxies in the far direction, than there are in the near direction at the interloper
displacement. The reverse is true if we imagine sitting on a galaxy target, there will be
more galaxies in the near direction than in the far direction.

Now we could exploit this to assign each object in our catalogue a probability of being
an interloper based on some comparison between the number of near/far galaxies at the
interloper separation. We have explored using either the difference between these counts,
or the ratio. Of these two, the difference seems more attractive due to the symmetry of its
range between (−∞,∞). The ratio presents a slightly more complicated case, as its range
has the lower bound of 0, but no upper bound, making it less straightforward to construct
a function to map this ratio to a probability, thus we move forward using the difference as
our measure.1

We have considered several simple functions for this mapping. It must satisfy the
following two conditions:

1Note that in testing with toy catalogues with large separations, there was essentially no difference.

78



1. The function has domain (−∞,∞).

2. The function has range (0,1).

For example, let D be the difference between the number of far and near galaxies at
the known interloper separation:

Pinterloper(D) =
1

π
arctan(D) +

1

2
. (4.2)

Here if D is very positive, P tends to 1, and if D is very negative, P tends to 0. Thus,
for a given form of P , the estimate for the fraction of interlopers is simply the mean over
the individual probabilities:

finterloper =
1

N

N∑
i=1

Pinterloper. (4.3)

This idea works very well for catalogues that have a large separation between interloper
and target. However, as we test more realistic catalogues, the estimate for the interloper
fraction goes to 0.5, as the numbers of near/far galaxies are nearly equal. Thus, the function
we are currently using is perhaps too sensitive, and requires some fine tuning before it can
be applied to realistic, or even simulated, catalogues.

4.3 Alternative Tests for LOO-PIT

As we have found the KS test to be unreliable for the evaluation of the LOO-PIT distri-
butions, we require a more useful test. There are number of possibilities that we will leave
to future work to test. We have considered adding the Anderson-Darling (AD) test to the
testing. While KS is most sensitive to deviations close to the centroid of the distribution,
the AD test is more sensitive to the tails. By applying these tests simultaneously, we could
control the rate of Type I error by requiring deviation from the baseline distribution in
all parts of the CDF. There are also the set of tests based on rank statistics that may be
explored, such as the Cucconi test. We leave to future work to determine which test will
be optimal for use with LOO-PIT.
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4.4 Conclusions

In this thesis, we presented work on the problem of small displacement interlopers in
BAO analyses. We first outlined the interloper problem and emission line confusion in
Chapter 2.2.

In Chapter 2, we then introduced a technique to self-calibrate a contaminated catalogue
and remove the effect of interlopers on BAO analysis of the two point correlation function.
This model adds several terms to the standard BAO template fit. The most important is the
near/far shifted cross correlation, which serves as a preliminary estimate for the interloper-
galaxy target cross correlation. We add in two correcting terms to improve this estimate
and we found that our model could recover the AP parameters to a level consistent with
prior pre-reconstruction methods. We discussed some issues with the method, primarily
the degeneracy between the bias amplitude parameters and the fraction of interlopers.
This problem prevents our model from accurately recovering an accurate estimate of the
fraction of interlopers. Furthermore, additional testing was required before the method
may be applied to real data. These tests include testing the model on lightcone or cutsky
mocks, as well as quantifying the effect of changing redshift across the survey bins.

In Chapter 3, we presented a general statistical technique for use in model valida-
tion. we introduced the Leave-One-Out Probability Integral Transform or LOO-PIT and
applied it to the problem of detecting small displacement interlopers in the two point corre-
lation function. LOO-PIT combines Leave-One-Out Cross Validation with the well known
Probability Integral Transform to provide a visual diagnostic of modelling failures that is
complementary to the standard χ2. LOO-CV is part of a class of methods called posterior
predictive checks, where one attempts to test if the model can predict the data it was
fitted to. We extend the idea of LOO-CV by applying a pointwise PIT and consider the
resulting LOO-PIT KDE as the primary diagnostic. While LOO-PIT may diagnose prob-
lems like under/overfitting and under/overdispersion, its usefulness comes into its power
in detecting biases or shifts in the data relative to model. This is particularly useful for
the interloper problem, especially at low contamination levels and at displacements close
to the BAO peak, where the interloper effect could be interpreted as a scale dependent
bias. We also attempted to quantify the performance of LOO-PIT against χ2 by testing
each statistic’s power to reject the null hypothesis: that there are no interlopers. We apply
a Kolmogorov-Smirnov test to the LOO-PIT KDEs and derive the KS statistic. We find
that this statistic is not suitable for LOO-PIT as we find a significant rate of Type I error
in the null case. We leave it future work to determine a more suitable test for LOO-PIT.

Finally, we introduced some interesting extensions and future projects that may be
derived from the work presented in this thesis.
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Nuevo, K. M. Górski, S. Gratton, A. Gregorio, A. Gruppuso, J. E. Gudmundsson,
J. Hamann, F. K. Hansen, D. Hanson, D. L. Harrison, G. Helou, S. Henrot-Versillé,
C. Hernández-Monteagudo, D. Herranz, S. R. Hildebrandt, E. Hivon, M. Hobson,
W. A. Holmes, A. Hornstrup, W. Hovest, Z. Huang, K. M. Huffenberger, G. Hurier,
A. H. Jaffe, T. R. Jaffe, W. C. Jones, M. Juvela, E. Keihänen, R. Keskitalo, T. S.
Kisner, R. Kneissl, J. Knoche, L. Knox, M. Kunz, H. Kurki-Suonio, G. Lagache,
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91



F. Marion, Z. Mark, S. Márka, Z. Márka, C. Markakis, A. S. Markosyan, A. Markowitz,
E. Maros, A. Marquina, S. Marsat, F. Martelli, I. W. Martin, R. M. Martin, M. Mar-
tinez, V. A. Martinez, V. Martinez, K. Martinovic, D. V. Martynov, E. J. Marx,
H. Masalehdan, K. Mason, E. Massera, A. Masserot, M. Masso-Reid, S. Mastrogio-
vanni, A. Matas, M. Mateu-Lucena, F. Matichard, M. Matiushechkina, N. Maval-
vala, J. J. McCann, R. McCarthy, D. E. McClelland, P. K. McClincy, S. McCormick,
L. McCuller, G. I. McGhee, S. C. McGuire, C. McIsaac, J. McIver, T. McRae, S. T.
McWilliams, D. Meacher, M. Mehmet, A. K. Mehta, Q. Meijer, A. Melatos, D. A.
Melchor, G. Mendell, A. Menendez-Vazquez, C. S. Menoni, R. A. Mercer, L. Mereni,
K. Merfeld, E. L. Merilh, J. D. Merritt, M. Merzougui, S. Meshkov, C. Messenger,
C. Messick, P. M. Meyers, F. Meylahn, A. Mhaske, A. Miani, H. Miao, I. Michaloli-
akos, C. Michel, Y. Michimura, H. Middleton, D. P. Mihaylov, L. Milano, A. L. Miller,
A. Miller, B. Miller, M. Millhouse, J. C. Mills, E. Milotti, Y. Minenkov, N. Mio,
Ll. M. Mir, M. Miravet-Tenés, A. Mishkin, C. Mishra, T. Mishra, T. Mistry, S. Mitra,
V. P. Mitrofanov, G. Mitselmakher, R. Mittleman, O. Miyakawa, K. Miyo, S. Miyoki,
Geoffrey Mo, L. M. Modafferi, E. Moguel, K. Mogushi, S. R. P. Mohapatra, S. R.
Mohite, I. Molina, M. Molina-Ruiz, M. Mondin, M. Montani, C. J. Moore, J. Mor-
agues, D. Moraru, F. Morawski, A. More, S. More, C. Moreno, G. Moreno, Y. Mori,
S. Morisaki, N. Morisue, Y. Moriwaki, B. Mours, C. M. Mow-Lowry, S. Mozzon,
F. Muciaccia, Arunava Mukherjee, D. Mukherjee, Soma Mukherjee, Subroto Mukher-
jee, Suvodip Mukherjee, N. Mukund, A. Mullavey, J. Munch, E. A. Muñiz, P. G.
Murray, R. Musenich, S. Muusse, S. L. Nadji, K. Nagano, A. Nagar, K. Nakamura,
H. Nakano, M. Nakano, Y. Nakayama, V. Napolano, I. Nardecchia, T. Narikawa,
H. Narola, L. Naticchioni, B. Nayak, R. K. Nayak, B. F. Neil, J. Neilson, A. Nel-
son, T. J. N. Nelson, M. Nery, P. Neubauer, A. Neunzert, K. Y. Ng, S. W. S.
Ng, C. Nguyen, P. Nguyen, T. Nguyen, L. Nguyen Quynh, J. Ni, W. T. Ni, S. A.
Nichols, T. Nishimoto, A. Nishizawa, S. Nissanke, E. Nitoglia, F. Nocera, M. Nor-
man, C. North, S. Nozaki, G. Nurbek, L. K. Nuttall, Y. Obayashi, J. Oberling, B. D.
O’Brien, J. O’Dell, E. Oelker, W. Ogaki, G. Oganesyan, J. J. Oh, K. Oh, S. H.
Oh, M. Ohashi, T. Ohashi, M. Ohkawa, F. Ohme, H. Ohta, M. A. Okada, Y. Oku-
tani, C. Olivetto, K. Oohara, R. Oram, B. O’Reilly, R. G. Ormiston, N. D. Ormsby,
R. O’Shaughnessy, E. O’Shea, S. Oshino, S. Ossokine, C. Osthelder, S. Otabe, D. J.
Ottaway, H. Overmier, A. E. Pace, G. Pagano, R. Pagano, M. A. Page, G. Pagliaroli,
A. Pai, S. A. Pai, S. Pal, J. R. Palamos, O. Palashov, C. Palomba, H. Pan, K. C. Pan,
P. K. Panda, P. T. H. Pang, C. Pankow, F. Pannarale, B. C. Pant, F. H. Panther,
F. Paoletti, A. Paoli, A. Paolone, G. Pappas, A. Parisi, H. Park, J. Park, W. Parker,
D. Pascucci, A. Pasqualetti, R. Passaquieti, D. Passuello, M. Patel, M. Pathak,
B. Patricelli, A. S. Patron, S. Paul, E. Payne, M. Pedraza, R. Pedurand, M. Pe-

92



goraro, A. Pele, F. E. Peña Arellano, S. Penano, S. Penn, A. Perego, A. Pereira,
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L. Rosa, C. A. Rose, D. Rosińska, M. P. Ross, S. Rowan, S. J. Rowlinson, S. Roy,
Santosh Roy, Soumen Roy, D. Rozza, P. Ruggi, K. Ruiz-Rocha, K. Ryan, S. Sachdev,
T. Sadecki, J. Sadiq, S. Saha, Y. Saito, K. Sakai, M. Sakellariadou, S. Sakon, O. S.
Salafia, F. Salces-Carcoba, L. Salconi, M. Saleem, F. Salemi, A. Samajdar, E. J.
Sanchez, J. H. Sanchez, L. E. Sanchez, N. Sanchis-Gual, J. R. Sanders, A. Sanuy,
T. R. Saravanan, N. Sarin, B. Sassolas, H. Satari, B. S. Sathyaprakash, O. Sauter,
R. L. Savage, V. Savant, T. Sawada, H. L. Sawant, S. Sayah, D. Schaetzl, M. Scheel,
J. Scheuer, M. G. Schiworski, P. Schmidt, S. Schmidt, R. Schnabel, M. Schneewind,
R. M. S. Schofield, A. Schönbeck, B. W. Schulte, B. F. Schutz, E. Schwartz, J. Scott,
S. M. Scott, M. Seglar-Arroyo, Y. Sekiguchi, D. Sellers, A. S. Sengupta, D. Sentenac,
E. G. Seo, V. Sequino, A. Sergeev, Y. Setyawati, T. Shaffer, M. S. Shahriar, M. A.
Shaikh, B. Shams, L. Shao, A. Sharma, P. Sharma, P. Shawhan, N. S. Shcheblanov,
A. Sheela, Y. Shikano, M. Shikauchi, H. Shimizu, K. Shimode, H. Shinkai, T. Shishido,
A. Shoda, D. H. Shoemaker, D. M. Shoemaker, S. Shyamsundar, M. Sieniawska,
D. Sigg, L. Silenzi, L. P. Singer, D. Singh, M. K. Singh, N. Singh, A. Singha, A. M.
Sintes, V. Sipala, V. Skliris, B. J. J. Slagmolen, T. J. Slaven-Blair, J. Smetana, J. R.
Smith, L. Smith, R. J. E. Smith, J. Soldateschi, S. N. Somala, K. Somiya, I. Song,
K. Soni, V. Sordini, F. Sorrentino, N. Sorrentino, R. Soulard, T. Souradeep, E. Sowell,
V. Spagnuolo, A. P. Spencer, M. Spera, P. Spinicelli, A. K. Srivastava, V. Srivastava,

93



K. Staats, C. Stachie, F. Stachurski, D. A. Steer, J. Steinlechner, S. Steinlechner,
N. Stergioulas, D. J. Stops, M. Stover, K. A. Strain, L. C. Strang, G. Stratta, M. D.
Strong, A. Strunk, R. Sturani, A. L. Stuver, M. Suchenek, S. Sudhagar, V. Sud-
hir, R. Sugimoto, H. G. Suh, A. G. Sullivan, T. Z. Summerscales, L. Sun, S. Sunil,
A. Sur, J. Suresh, P. J. Sutton, Takamasa Suzuki, Takanori Suzuki, Toshikazu Suzuki,
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D’Amico, Anne-Christine Davis, Javier de Cruz Pérez, Jaume de Haro, Jacques De-
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ald P. Schneider, Claudia G. Scóccola, Hee-Jong Seo, Erin S. Sheldon, Audrey Sim-
mons, Ramin A. Skibba, Michael A. Strauss, Molly E. C. Swanson, Daniel Thomas,
Jeremy L. Tinker, Rita Tojeiro, Mariana Vargas Magaña, Licia Verde, Christian Wag-
ner, David A. Wake, Benjamin A. Weaver, David H. Weinberg, Martin White, Xiaoy-
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Isabelle Pâris, Changbom Park, Anna Patej, John A. Peacock, Hiranya V. Peiris,
Xiyan Peng, Will J. Percival, Sandrine Perruchot, Matthew M. Pieri, Richard Pogge,
Jennifer E. Pollack, Claire Poppett, Francisco Prada, Abhishek Prakash, Ronald G.
Probst, David Rabinowitz, Anand Raichoor, Chang Hee Ree, Alexandre Refregier,
Xavier Regal, Beth Reid, Kevin Reil, Mehdi Rezaie, Constance M. Rockosi, Natalie
Roe, Samuel Ronayette, Aaron Roodman, Ashley J. Ross, Nicholas P. Ross, Graziano
Rossi, Eduardo Rozo, Vanina Ruhlmann-Kleider, Eli S. Rykoff, Cristiano Sabiu, Lado
Samushia, Eusebio Sanchez, Javier Sanchez, David J. Schlegel, Michael Schneider,
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Natalie A. Roe, Ashley J. Ross, Nicholas P. Ross, Graziano Rossi, Jose Alberto
Rubiño-Mart́ın, Shun Saito, Salvador Salazar-Albornoz, Lado Samushia, Ariel G.
Sánchez, Siddharth Satpathy, David J. Schlegel, Donald P. Schneider, Claudia G.
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F. Dournac, M. Douspis, H. Dreihahn, B. Droge, B. Dryer, F. Dubath, P. A. Duc,
F. Ducret, C. Duffy, F. Dufresne, C. A. J. Duncan, X. Dupac, V. Duret, R. Durrer,
F. Durret, S. Dusini, A. Ealet, A. Eggemeier, P. R. M. Eisenhardt, D. Elbaz, M. Y.

106



Elkhashab, A. Ellien, J. Endicott, A. Enia, T. Erben, J. A. Escartin Vigo, S. Escoffier,
I. Escudero Sanz, J. Essert, S. Ettori, M. Ezziati, G. Fabbian, M. Fabricius, Y. Fang,
A. Farina, M. Farina, R. Farinelli, S. Farrens, F. Faustini, A. Feltre, A. M. N. Fergu-
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Appendix A

Tables of Values

A.1 Tables For Chapter 2

The following tables of values were used to generate Figure 2.6. Table A.1 contains values
for the fit using a measured galaxy auto-correlation function and mocks where galaxy
targets and interlopers are equally biased. Table A.2 contains values for the fit using
a galaxy correlation function calculated from CAMB as outlined in Section 2.3.3, and
unbiased mocks. Table A.3 contains values for the fit using mocks where interlopers are
more strongly biased.
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fi
true(×102) Error on α(×103) Error on ϵ(×103) Error on fi(×102)

∆=85 Systematic Statistical Systematic Statistical Systematic Statistical
2 0.1 0.7 0.2 0.6 0.4 0.3
5 0.0 1.0 0.0 0.6 0.2 0.3
10 0.0 1.0 0.7 0.8 0.0 0.3
15 0.2 0.7 0.2 0.6 0.6 0.3

∆=90 Systematic Statistical Systematic Statistical Systematic Statistical
2 0.0 0.5 -0.1 0.5 0.3 0.5
5 1.0 1.0 -0.7 0.6 0.6 0.5
10 0.2 0.7 -0.2 0.7 0.5 0.5
15 1.6 0.8 0.8 0.6 0.0 0.6

∆=97 Systematic Statistical Systematic Statistical Systematic Statistical
2 0.6 0.8 -0.6 0.9 0.4 0.5
5 0.7 0.7 -0.9 1.0 0.8 0.5
10 0.8 0.9 -0.4 1.0 1.1 0.6
15 0.6 0.9 -0.3 1.0 1.1 0.6

Table A.1: Systematic and statistical errors on α, ϵ, fi from multipole fits on the mean
of 1000 redshift space mocks and using measured autocorrelation. ∆ given in h−1 Mpc.
These are the blue circles labelled “Measured” in Figure 2.6.

114



fi
true(×102) Error on α(×103) Error on ϵ(×103) Error on fi(×102)

∆=85 Systematic Statistical Systematic Statistical Systematic Statistical
0 3.9 1.1 4.1 1.5 5.3 2.9
2 6.7 1.4 1.2 1.6 11.7 5.8
5 6.2 1.4 1.0 1.5 9.8 5.6
10 6.0 1.5 0.4 1.6 8.0 6.0
15 5.8 1.6 1.0 1.7 6.3 5.6

∆=90 Systematic Statistical Systematic Statistical Systematic Statistical
0 1.2 2.6 -1.1 2.2 7.9 6.6
2 3.8 1.7 -5.9 2.5 23.4 12.9
5 4.4 1.6 -5.6 2.2 25.6 11.7
10 3.8 1.9 -5.3 2.4 23.4 11.4
15 4.4 2.0 -3.0 2.9 7.7 12.2

∆=97 Systematic Statistical Systematic Statistical Systematic Statistical
0 5.0 2.0 -4.4 1.7 21.2 9.4
2 5.4 1.5 -0.0 2.1 0.6 2.7
5 6.0 1.6 -0.2 2.1 -2.5 2.5
10 5.2 1.6 1.0 2.1 -7.6 2.3
15 5.8 1.7 0.4 2.2 -12.0 3.0

Table A.2: Systematic and statistical errors on α, ϵ, fi from multipole fits on the mean of
1000 redshift space mocks and using CAMB autocorrelation. ∆ given in h−1 Mpc. These
are the orange squares labelled “Baseline” in Figure 2.6 and “Flat Prior” in Figure 2.8.
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fi
true(×102) Error on α(×103) Error on ϵ(×103) Error on fi(×102)

∆=85 Systematic Statistical Systematic Statistical Systematic Statistical
2 6.3 1.5 1.7 1.7 24.3 11.2
5 6.4 1.6 2.1 1.7 23.9 10.8
10 5.2 1.6 1.5 1.8 14.5 12.5
15 5.8 1.7 0.9 1.8 15.5 12.0

∆=90 Systematic Statistical Systematic Statistical Systematic Statistical
2 5.4 1.6 -1.0 1.8 20.0 12.3
5 4.5 1.8 -1.4 1.9 17.3 8.6
10 4.4 1.6 0.3 2.0 15.3 12.4
15 4.0 1.8 -0.2 1.8 13.9 11.9

∆=97 Systematic Statistical Systematic Statistical Systematic Statistical
2 6.2 1.7 -0.4 2.1 22.9 12.4
5 5.1 1.7 -1.0 2.4 18.7 13.6
10 4.7 1.8 -1.4 2.5 16.8 13.2
15 3.8 1.8 0.9 2.2 11.2 12.8

Table A.3: Systematic and statistical errors on α, ϵ, fi from multipole fits on the mean of
1000 redshift space mocks interlopers more strongly biased. and using CAMB autocorre-
lation. ∆ given in h−1 Mpc. These are the green triangles labelled “Differing Biases” in
Figure 2.6.
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Appendix B

Additional LOO-PIT Examples

B.1 Single Realisation Examples

In this appendix, we show two additional examples of LOO-PIT from a single realisation.
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Figure B.1: LOO-PIT values for ∆ = 85 h−1Mpc. We plot a normalised KDE for each
interloper fraction. For all interloper fractions other than zero baseline, we have plotted
the KDE of LOO-PIT values derived from a single realisation. For the baseline, we plot
the KDE from 1000 realisations.
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Figure B.2: LOO-PIT values for ∆ = 97 h−1Mpc. We plot a normalised KDE for each
interloper fraction. For all interloper fractions other than zero baseline, we have plotted
the KDE of LOO-PIT values derived from a single realisation. For the baseline, we plot
the KDE from 1000 realisations.
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