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ABSTRACT

Aims. The precision of cosmological constraints from imaging surveys hinges on an accurately estimated redshift distribution n(z) of the tomo-
graphic bins, especially their mean redshifts. We assess the effectiveness of the clustering-redshifts technique in constraining Euclid tomographic
redshift bins to meet the target uncertainty of o({z)) < 0.002(1 + z). We inferred these mean redshifts from the small-scale angular clustering of
Euclid galaxies, which were distributed into bins with spectroscopic samples localised in narrow redshift slices.

Methods. We generated spectroscopic mocks from the Flagship2 simulation for the Baryon Oscillation Spectroscopic Survey (BOSS), the Dark
Energy Spectroscopic Instrument (DESI), and the Euclid Near-Infrared Spectrometer and Photometer (NISP) spectroscopic survey. We evaluated
and optimised the clustering-redshifts pipeline, and we introduced a new method for measuring the photometric galaxy bias (clustering), which is
the primary limitation of this technique.

Results. We have successfully constrained the means and standard deviations of the redshift distributions for all of the tomographic bins (with
a maximum photometric redshift of 1.6). We achieved precision beyond the required thresholds. We have identified the main sources of bias,
particularly the impact of the one-halo galaxy distribution, which imposed the minimal separation scale to be larger than 1.5 Mpc for evaluating
cross-correlations. These results demonstrate that clustering-redshifts can meet the precision requirements for Euclid, and we highlighted several
avenues for future improvements.

Key words. methods: data analysis — methods: statistical — techniques: photometric — techniques: spectroscopic —
large-scale structure of Universe
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1. Introduction

The Euclid space telescope is currently mapping the positions
and shapes of billions of galaxies. This provides data that are
critical to understand the large-scale structure of the Universe, in
particular, the mysterious nature of dark matter and dark energy
(Euclid Collaboration: Mellier et al. 2025). Through its imag-
ing survey, Euclid measures the flux of galaxies in the visible
and near-infrared wavelengths using broadband filters. Addition-
ally, it determines spectroscopic redshifts for a subset of galax-
ies via slitless spectroscopy, targeting emission-line galaxies
(ELGs). These data will enable the precise determination of cos-
mological parameters and models, primarily through the study
of galaxy clustering, galaxy-galaxy lensing, and cosmic shear
(Euclid Collaboration: Blanchard et al. 2020), with galaxy sam-
ples divided into approximate line-of-sight tomographic bins.

It is essential to accurately estimate the redshift distribu-
tions of these galaxy samples to interpret cosmological mea-
surements correctly (see e.g. Huterer et al. 2006; Bordoloi et al.
2010; Hildebrandt et al. 2021; Stolzner et al. 2021). The vast
amount of forthcoming data means that it is not feasible
to obtain spectroscopic redshifts for every individual galaxy
because spectroscopy of large samples is time-consuming
and costly. Photometric surveys provide redshift estimates
for each galaxy based on multi-band photometry of that
galaxy, a technique called photometric redshift, or photo-z.
A large variety of photo-z methods exists (e.g. Tanaka et al.
2018; Salvatoetal. 2019; Euclid Collaboration: Ilbert et al.
2021; Euclid Collaboration: Desprez et al. 2020). The photo-
metric information can also be used to produce redshift estimates
using scheme based on a self-organising map (hereafter, SOM),
which allows a more general control over all the known potential
sources of uncertainties that affect the estimates (Wright et al.
2020a,b; Myles et al. 2021; Giannini et al. 2024; Campos et al.
2024; Wright et al. 2025; Roster et al. 2025). The degeneracies
between colours and redshift, however, and unrepresentative
spectroscopic samples for training and calibration ultimately
limit the performance of photometric methods (Wright et al.
2020a; Hartley et al. 2020).

Clustering-based redshift estimation methods offer another
alternative to infer redshift distributions (see e.g. Newman 2008;
Ménard et al. 2013; McQuinn & White 2013; Morrison et al.
2017; Scottez et al. 2018; Gatti et al. 2018; van den Busch et al.
2020; Hildebrandt et al. 2021; Gatti et al. 2022; Cawthon et al.
2022; Rauetal. 2023; Wrightetal. 2025). Unlike photo-z,
clustering-redshifts techniques statistically infer the redshift
properties for entire bins instead of individual galaxies. Further-
more, this approach is independent of photometric uncertainties,
observations over smaller deep fields, or representative spectro-
scopic samples.

The clustering-redshifts method relies on angular cross-
correlations between spectroscopic samples, with secure red-
shifts, and photometric samples. Samples that overlap in redshift
trace the same underlying dark matter field and are conse-
quently correlated in their position. The amplitude of this angu-
lar correlation provides insight into their redshift overlap, which
results in the measurement of the redshift distribution of the
photometric samples. This amplitude is degenerate with galaxy
biases (of both samples), however, which makes the measure-
ment of these biases, and their redshift evolution, a critical
step (McQuinn & White 2013; Gatti et al. 2018; Naidoo et al.
2023). While the galaxy bias for the spectroscopic sample can
be directly constrained through auto-correlation functions, it is
more challenging to estimate the galaxy bias for the photometric
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sample (van den Busch et al. 2020; Cawthon et al. 2022), and is
sometimes evaluated using simulations (Gatti et al. 2022).

The precision of the clustering-redshifts method depends on
the redshift and sky overlap of the photometric and spectro-
scopic data, but also on range of the clustering angular scale.
To achieve the primary science goal of Euclid, the uncertainty
on the mean redshift, o((z)), for each tomographic bin must
remain below 0.002(1 + z) at 68% confidence (Laureijs et al.
2011). Naidoo et al. (2023) found that clustering-redshifts would
be able to reach the statistical uncertainties required by Euclid
for a sufficiently large sky overlap, typically several hundreds of
deg?, when analysing scales from 100 kpc to 1 Mpc, although
systematic biases limit the accuracy. In particular, there were
some unknown residual biases for high-redshift bins with their
methods or simulated data.

This paper aims to re-evaluate the potential of photometric-
spectroscopic cross-correlations as a core component of the
redshift calibration for Euclid. Our method may be seen as a
continuation, and a substantial improvement from Naidoo et al.
(2023). We used 5000 deg” of simulated data from the Euclid
Flagship2 simulation (Euclid Collaboration: Castander et al.
2025). Our goal is to evaluate the uncertainties associated
with the clustering-redshifts calibration through a realistic
framework, and to determine the limitation of the method. We
created spectroscopic mock samples for the Dark Energy Spec-
troscopic Instruments (DESI), or alternatively, for the 4-metre
Multi-Object Spectroscopic Telescope (4MOST), the Baryon
Oscillation Spectroscopic Survey (BOSS), and Euclid. We
assessed the potential systematic effects on the measurement,
introduced a new method to measure photometric galaxy bias,
optimised the clustering-z pipeline, and derived methods for
inferring the redshift constraints from the amplitude of two-
point correlations. We assumed the same flat ACDM cosmology
as was used for the simulation, with Q,, = 0.319, Q, = 0.049,
Qp = 0681, A, = 2.1 x 107, ng = 0.96, oy = 0.813, and
h = 0.67. Our code is publicly available'.

This paper is organised as follows. In Sect. 2 we describe
the Flagship2 simulation and the mocks we generated to mimic
Euclid and spectroscopic data. In Sect. 3 we give a detailed
overview of angular clustering, its application to clustering red-
shifts, and potential sources of errors. In Sect. 4 we present
the different tests we ran to optimise the pipeline and address
potential sources of bias. Finally in Sect. 5 we apply the results
pipeline to realistic Euclid tomographic bins and compare our
results with previous work and the requirements.

2. Simulated data

To assess the performance of the Euclid clustering-redshifts
method, we constructed simulated datasets that were as simi-
lar as possible to the observational datasets. In this section, we
describe how these samples can be generated from the Flagship
simulation.

2.1. The Flagship simulation and survey mocks

For this study, we used the second edition of the Flagship
catalogue (version 2.1.10), which was presented in detail in
Euclid Collaboration: Castander et al. (2025). The Euclid Flag-
ship N-body dark matter simulation comprises a simulation
box measuring 3600 4~' Mpc on each side, containing 4 tril-
lion particles. This simulation is the largest N-body simulation

! https://github.com/wdassignies/Clustering_z.git
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Fig. 1. Top: Simulated true-redshift distribution of each of the first ten tomographic bins (Zphoo < 1.6). Bottom: Simulated redshift distribution of
the spectroscopic samples from the BOSS, DESI, and Euclid surveys. The lack of spectroscopic samples for zy,e. > 1.8 imposes the zpnoo < 1.6

condition for clustering-redshifts calibration.

performed to date and encompasses a cosmological volume com-
parable to what the telescope will survey. It enables precise res-
olution of 16 billion dark matter haloes, which host even the
faintest galaxies that Euclid intends to observe. They are iden-
tified with the ROCKSTAR halo finder (Behroozi et al. 2013).
From this dark matter simulation, a synthetic galaxy catalogue
was generated with a prescription including the halo occupa-
tion distribution (HOD) and abundance matching (AM) tech-
niques, as well as empirical relations between galaxy properties
(Euclid Collaboration: Castander et al. 2025).

Each galaxy entry in the catalogue is associated with
observed fluxes for multiple survey bands, observed spectro-
scopic redshift (Zspec, including peculiar velocity), photometric
redshift estimates (zp), true redshift (zyye), true and magnified
coordinates, lensing convergence k and shear y = y;+iy,. Source
photometry is provided in terms of fluxes F (in erg s~! cm™
Hz™!) rather than in magnitude m. We generate magnified fluxes
as in Lepori et al. (2025), using the relation

F

_— 1
1-0 -7 72 M

F magn =

We do not include the Doppler effect, which is usually a very
small correction, and note that the effect of magnification is
achromatic: that is, it is the same for for the different bands and
it cancels for colours.

We need mock samples Euclid-like photometric galax-
ies, FEuclid-like Near-Infrared Spectrometer and Photometer
Survey (NISP-S) galaxies, and other spectroscopic tracers
(Dawson et al. 2013; Adame et al. 2024): BOSS-like low-
redshift (LOWZ) and constant mass (CMASS) galaxies; DESI-
like bright galaxies (BGs), luminous red galaxies (LRGs), and
ELGs. The selection of each sample is described in the follow-
ing sections. Differences in the redshift distributions or colours

of observational and simulated galaxy samples may stem from
the incompleteness of the target sample or limitations in the
simulation’s ability to replicate accurate colour distributions.
As in Naidoo et al. (2023), systematic issues such as variable
photometry, variable survey depth, and complex masks are not
addressed. We generated one version of these samples with
unmagnified fluxes, which will be our default samples, and one
version with the same cuts on magnified photometry. We pro-
duced numerous fast generations of galaxy catalogues, varying
sample definitions and areas, using the web application Cosmo-
Hub (Carretero et al. 2017; Tallada et al. 2020). Our photometric
and spectroscopic samples are plotted in Fig. 1.

2.2. Euclid photometric sample

The photometric sample was constructed by imposing an upper
limit on the Iz magnitude (Euclid Collaboration: Cropper et al.
2025), set at 24.5, to emulate the expected performance of Euclid
(Laureijs et al. 2011). Several algorithms exist for evaluating the
photometric redshift. We used the Deep-z estimate which was
run for the full catalogue. The Deep-z photo-z method, intro-
duced for the Physics of the Accelerating Universe (PAU) sur-
vey in Eriksen et al. (2020), uses a linear neural network with
a mixture density network for predicting the redshift distri-
butions. The network has not been pretrained on simulations,
avoiding potential problems with over-fitting by using too simi-
lar simulations. The network was trained with 20 000 simulated
galaxies, magnitude-limited to i gst < 23 without colour selec-
tion. The training used the Legacy Survey of Space and Time
(LSST; LSST Science Collaboration 2009) bands plus Euclid
near-infrared (NIR) bands, a batch size of 200 and 1000 epochs
with varying learning rates. The photometric noise added to
noiseless fluxes corresponds to the depth forecast in the southern
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hemisphere for the Euclid DR3 time. The limiting magnitudes
at 100 are 24.4, 25.6, 25.7, 25.0, 24.3, 24.3 for the ugrizy
bands of LSST, and 25.0, 23.5, 23.5, 23.5 for the s, Y, Jg, Hg
bands of FEuclid (Euclid Collaboration: Cropper et al. 2025;
Euclid Collaboration: Jahnke et al. 2025).

LSST photometry will not be available over the whole Euclid
footprint, and therefore the photometry will be different in the
northern region where photometry will be provided by UNIONS
(Gwyn et al. 2025). However, for clustering redshifts, we do not
depend on photo-z quality except for the tomographic bin defini-
tions and photometric bias correction. Spectroscopy from DESI
and BOSS-eBOSS will be available in the north, and 4MOST
will provide DESI-like samples in the south. Thus, photometric
angular anisotropies will be tested in practice.

We selected galaxies with photo-z between 0.2 and 1.6.
We did not consider galaxies with a photo-z higher than 1.6
because we do not have large spectroscopic samples at red-
shifts greater than 1.8. Future studies could test the possibility
of using quasar galaxy samples from BOSS, eBOSS, DESI, and
4MOST (Palanque-Delabrouille et al. 2016; Yeche et al. 2020)
for high-z calibration. BOSS and eBOSS quasars were used for
the clustering-redshifts DES calibration, but as a complement
to ELGs and LRGs data sets for z < 1.1 (Gatti et al. 2022;
Giannini et al. 2024). The low density of this sample, and clus-
tering properties at high-z, require a dedicated study. Nonethe-
less, eBOSS QSOs will be used for the high-z calibration of the
final DES data for 0.8 < z < 2.2 (d’Assignies et al., in prep.);
thus one expects that DEST QSOs could be used up to z = 3.5
for Euclid. Generating DESI QSO mocks and testing clustering-
redshifts with them is left for future work.

We produced ten tomographic bins with approximately equal
numbers of galaxies, through photo-z cuts. The fiducial Euclid
survey at data release 3 plans to use 13 bins instead of ten, and
we can assume that three of these bins will contain galaxies with
Zp > 1.6. The true redshift distributions (that we want to mea-
sure) of our simulated tomographic bins are reported in Fig. 1.

2.3. Euclid NISP sample

We defined mock NISP-S samples in Flagship2 by selecting
galaxies with Ha fluxes greater than 2 x 107 '%erg cm™2s~!

(Laureijs et al. 2011), in the expected redshift range, with

logf_halpha_model3_ext > —15.7,
0.9 < Zgpee < 1.8.

@)
3

We obtained a galaxy density of 1990 deg™2. Unlike the
other spectroscopic samples, this dataset is expected to suf-
fer from a significant level of contamination by interlop-
ers (Euclid Collaboration: Le Brun et al. 2025, Risso et al., in
prep.). These interlopers are galaxies whose true redshifts dif-
fer substantially from their estimated values, leading to incor-
rect associations in redshift space. Although our analysis did
not employ realistic mocks that include such contaminants, we
adopted the approach of Contarini et al. (2022): we uniformly
down-sampled the galaxy catalogue, retaining only 60% of the
originally selected galaxies. This down-sampled catalogue is
then assumed to have 100% purity, effectively removing the
impact of interlopers in our modelling. Thus, our fiducial den-
sity is 1200 deg™? as the sample from Naidoo et al. (2023),
which was generated with a brighter cut on the H @ flux. This
is a pessimistic sample from the precision point of view (i.e.
fewer spectra means larger uncertainty on the redshift distri-
bution reconstruction; cf. McQuinn & White 2013), but opti-
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mistic in terms of accuracy, because our sample is interloper free
(Addison et al. 2019). Interlopers may significantly degrade the
performance of clustering-redshifts if not taken into consider-
ation, as they are not necessarily distributed randomly in red-
shift. Indeed, clustering-redshifts might be helpful to quantify
the interlopers’ properties such as their fraction and redshift dis-
tribution, by cross-correlating them with spectroscopic samples
which do not suffer from the same misidentification. We will
explore these two aspects in future work.

2.4. BOSS LOWZ and CMASS samples

We replicated the BOSS colour-magnitude selections specified
in Dawson et al. (2013) in Flagship, as in Naidoo et al. (2023).
We first define

¢ =07(g—r)+12(r—i-0.18), )
c.=r—i)—(g-r)/4—-0.18, 5)
d, =@r-0)-(@g-n/8. (6)

There are two spectroscopic BOSS LRG samples: LOWZ and
CMASS. They correspond to adjacent redshift intervals 0.15 <
Zspee < 0.43 and 0.43 < zgpee < 0.7, respectively, with true densi-
ties of about 30 deg™? and 120 deg~?, respectively.

The LOWZ sample is defined by

ler| <0.2, )
16<r<19.5, (®)
r< 13.6+C||/0.3, (9)
and the CMASS sample by

d, >0.55, (10)
175 <i< 199, a1
i<19.86+1.6(d, —0.8). 12)

We got LOWZ- and CMASS- like objects, with densities of 48.5
deg™? and 164.3 deg™2. We then applied sparse sampling to get
the desired densities. We refer to the joint LOWZ+CMASS sam-
ple as the BOSS sample in our study.

2.5. DESI samples

We generated DESI BG, LRG, and ELG mocks that mimic the
sample characteristics reported in Adame et al. (2024). We asso-
ciated these galaxy samples to the DESI survey, but similar
samples are expected to be observed by 4MOST (Verdier et al.
2025). For BGs, and ELGs, we used the same cuts as
Naidoo et al. (2023), which were based on DESI Collaboration
(2016). For LRGs, we used a different selection to generate a
sample covering the entire z < 1.1 redshift range. As we previ-
ously mentioned in Sect. 2.1, there is a mismatch in the Flag-
ship2 colour distribution and data expectation, and using the
same colour cuts can lead to some significant differences. We
find this issue to be particularly problematic for LRGs. There-
fore we did not apply the same selection as Adame et al. (2024),
but rather we tried to closely reproduce the redshift distribution
and galaxy properties with similar but modified cuts.
We selected the BG-like galaxies with

r<19.5,
Zspec < 0.4

13)
(14)
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We adopted for LRGs the tailored cuts

18 <z<21, (15)
-65<r—z-04z<-58, (16)
color_kind = O (i.e. red sequence) . 17
Finally, we selected ELGs with

r<234, (18)
r—z>0.3, (19)
g-r<0.7, (20)
0.6 < Zgpee < 1.6, 21
color_kind # 0, 22)
logf_o2_modell_ext > —16. (23)

These cuts provided BG-, LRG-, and ELG-like objects with den-
sities of 850, 909, and 4158 deg’z. We achieved the fiducial den-
sities 700, 550, and 1140 deg~? with sparse sampling.

3. Theory and method

In this section, we provide a detailed description of the
clustering-redshifts method. Our approach begins with an
overview of galaxy clustering in Sect. 3.1. In Sect. 3.2 we
explain how the clustering equations are simplified for some
particular redshift distributions. We then apply this formalism
to the clustering-redshifts context in Sect. 3.3. In Sect. 3.4, we
explain how clustering-redshifts are evaluated with data in prac-
tice. Finally, in Sect. 3.5 we explain our strategy to deduce from
the data-vectors constraints on the redshift distribution moments.
In particular, in Sect. 3.5.1, we state the Euclid requirements for
the n, measurements, which must be fulfilled in order to provide
robust constraints on cosmological parameters.

3.1. Angular galaxy clustering

In this section we provide a general introduction to pho-
tometric angular clustering, as a basis for the development
of our clustering-redshifts method. It draws inspiration from
many previous weak-lensing and clustering-z works such as
Davis et al. (2018), Krause etal. (2021), Gattietal. (2018,
2022), Cawthon et al. (2022), and Pandey et al. (2025).

3.1.1. Galaxy density contrast

The observed angular galaxy count of a sample a (photometric
or spectroscopic) is

NS*(0) = No (1+ AS™(9)) . (24)
where N, is the mean (observed) galaxy count, and A% is the

observed projected galaxy density contrast. It can be expressed

as (Krause et al. 2021)
A%S(@) ~ AP(9) + ARSP(9) + AL(O), (25)

where u refers to magnification, RSD to redshift space distortion
(in the linear regime?), and AP to the line of sight projection of

2 In the linear regime, RSD contribute to the projected galaxy density
contrast through the apparent large-scale flow, of galaxies across the
redshift boundaries of the samples. The redshift z we use to parametrise
the D and u terms includes the peculiar velocity, and is referred to as
observed redshift.

the three-dimensional (3D) galaxy density contrast d,(z, ) :

AP(6) = f 0z 14(2) 8a(2.0). 26)

where n,(z) is the redshift distribution of the observed sam-
ple, normalised to unity, and function of the observed redshift.
All these quantities are associated with observations, and they
depend on survey properties (depth, masks etc.), but for clarity,
we drop the “obs” index for the rest of our work, as we do not
consider observational systematics. We also do not model rela-
tivistic corrections.

3.1.2. Angular two-point correlation function

The angular two-point correlation function of samples a and b
(with possibly a = b) from the observed projected density con-
trast can be written as

Wap (6) = (A ADYO) + (AP ADYE) + (A ATP)(6)

+ (ADADYO) + (AGAL YD) . @7
where (.. .) indicates an average over angular scales, and 6 is now
a scalar’. The dominant corrections (RSDxDj; u xD) are already
small with respect to the dominant term (DXxD), and we decided
to omit even smaller corrections (Krause et al. 2021; Gatti et al.
2022).

We will mainly focus on the DxD correlation. Since it corre-
sponds to the leading order, we omit its D index in the rest of the
article. The clustering two-point correlation can be expressed as

wap(8) = (APADY(6) (28)
_ f f dz1 2 na(zr) mp(22) (Ga S0)(21, 22, 0) 29)
_ f f dz1 dza () m(22) €an(z1, 22,6) (30)

where we have defined the 3D cross-correlation function
Ean(2as 2, 0), and used (6,) = 0. While we have introduced the
correlations as a function of sky separation 6, we can also express
them as functions of the perpendicular comoving separation r,
defined as
rp=0x(2), (€29)
in the flat sky approximation, and small angle limit, where y is
the comoving radial distance (equal to the comoving angular-
diameter distance with no spatial curvature). Working with 7,
instead of 6 is relevant when making particular scale choices
for evaluating the correlation, but the Python package we use,
TreeCorr (Jarvis 2015) has angular separation as the default
convention.

3 Our Universe and its observation is assumed to be isotropic.
Although the real isotropy of our Universe seems a reasonable hypoth-
esis, observation may not always support it. For example, closer to
the Galactic plane, there is more star contamination, leading to angu-
lar anisotropy. The Euclid observation strategy might also induce some
angular anisotropy. This could potentially introduce bias on the cosmo-
logical parameters, especially for experiments such as Euclid or LSST
(Baleato Lizancos & White 2023). Indeed, clustering-redshifts may be
a valuable tool to investigate this issue by splitting the samples into
independent sky patches.
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3.1.3. Moving to matter statistics with galaxy bias

For large-scale correlations, the linear galaxy bias provides a
relation between the galaxy overdensity and the matter density
field oy,

0g(0, 2) = be(2) 6m(6,2), (32)

where b, is the galaxy sample bias, and 0y, is the matter density
field. Under this approximation, the angular correlation function
becomes,

Was(0) = f f 021 2 ba(z1) by(22) na(z1) mp(22) Em(z1s 22, 6)
(33)

where &, is the 3D matter two-point correlation.

Following the literature, we used the linear bias expression
of Eq. (32) by default. It is worth noting, however, that the linear
bias expression is expected to break at scales around 6 4~ Mpc.
In addition, the next-order expression would extend this scale
range to around 4 4~ Mpc (Pandey et al. 2020). Thus, none of
the equations (linear or non-linear e.g. Appendix A) are prop-
erly adapted to the standard clustering-redshifts scale ranges,
(0.1-1) A~'Mpc, (0.5-1.5) A~' Mpc or (1-5) h~' Mpc. How-
ever, linear bias has been tested to give accurate enough mod-
elling for clustering-redshifts analysis (Gatti et al. 2018, 2022;
van den Busch et al. 2020; Cawthon et al. 2022; Naidoo et al.
2023). As a consequence, it is crucial to quantify and address
potential deviations introduced in the reconstructed n(z). We will
pay particular attention to the galaxy bias issue, nonlinear con-
tributions, and the scale range choice.

3.1.4. Magnification

In this section, we describe the two magnification terms in Eq.
(27),

Map(rp) = (A A1) + (NGAD ) (1) (34)
Magnification is a lensing effect due to the gravitational bend-
ing of distant source light by the matter between those sources
and the observer (Krause et al. 2021; Elvin-Poole et al. 2023).
It introduces an angular position correlation for galaxies distant
in redshift because of the lensing of a high-z galaxy sample by
the matter traced by a lower-z sample*. Fortunately, this effect,
which breaks the naive hypothesis that in clustering-redshifts
only galaxies close in redshift are correlated, can be modelled.

Magnification impacts the apparent position of galaxies and
their density. In regions of positive convergence’, the appar-
ent separation between any two points on a source plane is
enlarged, leading the telescope to capture a larger apparent
solid angle, consequently reducing the apparent galaxy density
locally. Another effect of positive convergence is an increase in
distant source flux received by the telescope, potentially result-
ing in a change in the number of galaxies passing through the
selection function.

Magnification was taken into account for clustering-z in
DES, through direct modelling of its effect, and simulation-
based estimation of magnification coefficients (Gatti et al. 2022;
Cawthon et al. 2022). Complete inclusion of magnification

* The magnification of the two samples by the lower-z matter is negli-
gible as it is a smaller correction (u X u cf. Sect. 3.1.2).

3 Positive convergence is induced by galaxy over-density. Correlation
with voids would probe the negative convergence regime.
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should include position magnification, flux magnification, and
its impact on photo-z, which can be significant (Legnani et al.,
in prep.), but we restricted this work to position and flux mag-
nification. We detail how magnification can be modelled in the
Appendix B. Since the tomographic bins are expected to be nar-
rower for Euclid than for DES, the effect of magnification is
expected to be smaller, as illustrated by the toy examples in
Appendix B. Therefore, we do not include magnification in our
default modelling. We will reassess the need to incorporate mag-
nification in future work, based on the properties of the data bins.

3.1.5. RSD

In the linear regime, RSD contributes to the projected galaxy
density contrast through the apparent large-scale flow of galaxies
across the redshift boundaries of the bins (Krause et al. 2021).
Equivalently, the redshift distribution of galaxies as a function
of the observed redshift is slightly different from the distribution
as a function of the Hubble redshift. The latter should be used,
however, as the modelling assumes isotropy through the correla-
tion function £. Since the photometric tomographic bins are quite
large, it would mainly affect the spectroscopic sample which is
divided into narrow redshift slices; the narrower the slices, the
larger the effect is. Therefore, only the term (AESDAE)(G) may
contribute to the two-point correlation of Eq. (27). We tested in
Sect. 4.7 the bias induced by the use of the spec-z instead of true-
z for the spectroscopic slicing, in the Flagship simulation, since
peculiar velocities are included, cf. Sect. 2.1.

3.2. Impact of the galaxy redshift distribution and its
modelling

A tomographic bin will be referred to as a sample p, without
referring to the tomographic ID, as the latter is always explicit.
Different spectroscopic samples are considered in this article
from different simulated surveys and tracers, such as DESI
ELGs. For a given survey tracer, we will additionally distribute
the sample into redshift slices, with spectroscopic redshift cuts.
For a given redshift slice, the galaxies will be referred to as s;,
or {s, z;} with z; the mean of the redshift slice. We explore two
cases for the modelling of the distribution and two-point corre-
lations with a sliced spectroscopic sample.

3.2.1. Ideal case of a Dirac galaxy distribution

The situation often presented in clustering-redshifts literature
(e.g. Gatti et al. 2022; Giannini et al. 2024) is the one of a sam-
ple localised in such a small redshift slice that it can be approxi-

mated by a Dirac distribution
na(z) = 6p(z = z) - (35)

The cross-correlation with a second sample is then simplified to

WDIR() = by(z) f dz by(2) () ém(zi, 2 6), 36)
= ba(zi) bp(zi) np(zi) Em(2i, 0) (37)

with

£n(zis0) = f 0z én(zis 2, 6). (38)

To go from Eq. (36) to Eq. (37), we assume the redshift evolution
of the bias and distribution of the second sample is small in the
support of &, (i.e. in a small redshift interval centred in z;).
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3.2.2. Realistic case: Spectroscopic sample into small
redshift slices

Using the Limber approximation, Eq. (33) reduces to,

whimber=full=z gy — f dz ba(2) bp(2) 1a(2) Mp(2) Em(z, O),  (39)

where &, is the same as in Eq. (38). In the standard scenario of
clustering redshifts, the spectroscopic galaxy sample is localised
within small redshift slices z; + Az;/2, so that the distribution can
be approximated as uniform

if |Z - Z,‘| < AZ,‘/Z,
else,

{1/Az, 40)

where Az; is typically between 0.01 and 0.05. This modelling is
of course only approximated true in practice, and would lead to
some deviations which we will evaluate. In particular, under the
assumption of constant galaxy bias across the redshift bin, the
spectroscopic auto-correlation (b = a) becomes

Azi[2

2
b (Z') dz ém(zi+ 2, 0).

Limber—1-bi
Wazlzm er- 1n(9)

(41)
-Az;/2

Thus, given a cosmology, w,, provides a straightforward mea-
surement of the spectroscopic galaxy bias. We note that this
equation diverges as Az — 0, and that, more generally, both
our modelling and the Limber approximation are expected to
become less accurate for narrower redshift bins and on larger
angular scales (Simon 2007).

For b # a, when the redshift evolution of the biases b, and
by, and the redshift distribution n,, is neglected, we obtain

Limber—1-bi
Wa;m er 1n(9)

( AZ,/Z
— bp(2i) np(2:) f dz &n(zi+ 2, 0).

Azi/2

(42)

The superscript Limber-1-bin refers to the integration of the mat-
ter distribution over a redshift bin equal to the spectroscopic
slice; we uses the Limber approximation too. If one further
neglects the matter correlation variation over Az;, one recov-
ers the Dirac approximation Eq. (37); this is the approach of
van den Busch et al. (2020), for example.

A limitation of Eq. (42) is the assumption that the redshift
distribution n;, is constant across the bin. In practice, n;, could
be larger near the bin edges and smaller near the centre (or the
opposite), leading to an underestimation (resp. overestimation)
of correlations with galaxies localised near z; = Az;. To address
these issues without resorting to Eq. (39), we propose a correc-
tion by explicitly incorporating contributions from galaxies out-
side the spectroscopic redshift slice (three-bins):

w3 g) = La) DT by + )z + 62) (43)
Az;
6z€{0, —Az;, Az}
Azi[2
Xf dzf (zi+ 2z, 0),
—-Azi/2
We introduce the phased correlations
Azi/2
feo= [ s oo, (44)
—Azi/2

8 Fr T T T =
—— Tomographic bin

Spectroscopic slices |

===

1.02 +
£=
- T —
3 1.00
~
w2 098 \
3 0.96 - —¢ z=Dirac -p— z=Limber-1-bin

' z=Limber-full-z -4 z=3-bins

0.3 0.4 0.5 0.6 0.7

Centre of the spec-z slice

Fig. 2. Top: Redshift distribution of sample b in blue, and four out of
the ten samples a; in red. Boftom: Deviation of approximated w,,, with
respect to the exact one for the ten cross-correlations.

which account for the correlation of two bins of widths Az;, sep-
arated by 6z. Here, the three-bins modelling does not uses the
Limber approximation. One can write Eq. (43) as

Azi/2
Wap(6) = ba(z) f dzén(zi + 2 6) (45)
Azi[2
XY by + A+ A2 0j(zi0),
jel-1,0,1}

with 7o = 1 and
e de 658 + 2, )

n:(Zi, 0) = Ai’,/z 5 (46)
—Az;/2 dZ é:m(zi +2, 9)

where & 043 i¢ defined in Eq. (44). This formulation allows for

a linear inference of n from the two-point correlation, which can
be implemented in practice, unlike the Limber-full-z case where
n,(z) is integrated over, complicating the process.

3.2.3. Comparison of the correlation modelling

In the previous sections, we introduced four different approx-
imations of the two-point correlation function described by Eq.
(33): whirae | yyLimber [y, 1bin apd 3 bins n this section, we inves-
tigate the differences between them with a toy model. We con-
sider 10 samples a;, each with a step-n(z) distribution as given by
Eq. (40), centred at z; = 0.325 + 0.05i, withi = 0,1...,9, and
Az; = 0.05. For the redshift distribution of sample b we take a
Gaussian (u, o) = (0.5,0.08). This reproduces an idealistic case
scenario of clustering-z calibration, with sample b representing
the photometric data, and samples a; representing the spectro-
scopic data. Several of these n(z)s are plotted in the upper panel
of Fig. 2. We assume a constant galaxy bias b,(z) = b(z) = 1 for
all samples, and evaluate correlation functions for r, = 2 Mpc
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(a scale standard for clustering-z analysis). We numerically eval-
uated the functions with the CCL library6 (Chisari et al. 2019).
We used the default configuration, which is based on predictions
from CLASS (Blasetal. 2011) and halofit (Takahashi et al.
2012) for the nonlinear power spectrum. We evaluated the func-
tions at scales where we know the predictions are not completely
precise because of the galaxy-halo connection, but as will be
explicit in Sect. 3.3, this is expected to have little impact on real
data.

In the lower panel of Fig. 2, we show the deviation of the
four approximations to the “exact” correlation Eq. (33), for the
samples a;, b. The level of the deviations depends on the n;,(z)
where the correlation is evaluated: we observe a larger devia-
tion near the peak and for the tails. We evaluated the root mean
square (RMS) of the deviation to 1 and got 0.022 (Dirac), 0.021
(Limber-1-bin), 0.013 (3-bins), and 0.002 (Limber-full-z). We
can see that the Dirac and one-bin approximations are very close.
Taking into consideration the correlations from bin neighbours
with three-bins, we get an improvement of 40%. Finally, the best
approximation is the Limber-full-z case [i.e. integrating n*(z)
instead of assuming some effective values], with a deviation of
0.2% for individual points, and an RMS smaller by an order of
magnitude to the Dirac and one-bin approximations.

In clustering-z studies, however, the redshift distribution
np(z) is an unknown quantity that we aim to constrain from the
measurement of w,;,. As a result, the Limber-full-z case is chal-
lenging to apply in practice, as the unknown n,(z) is integrated
over. In contrast, for the Dirac and one-bin cases, n,(z;) enters the
calculation linearly, making it easier to extract information. The
same applies to the three-bins approximation, which provides a
better approximation, as we have demonstrated.

3.3. Application to clustering redshifts

In the context of clustering redshifts, a photometric sample has
an unknown redshift distribution n(z). To reconstruct it, we
measure the cross-correlations with spectroscopic samples, dis-
tributed into fine redshift slices (usually 0.02 < Az < 0.05).
The distribution of these spectroscopic samples is assumed to
be constant in each of these smaller slices (see Eq. 40). The
amplitude of the photometric distribution at redshift z; can then
be inferred linearly from the cross-correlation function between
a spectroscopic bin centred in z; and the photometric sample
[noted wypy(z;, 6) instead of wp(6)], assuming the Dirac mod-
elling Eq. (37):

Wsp(Zia 9)
by(z) by(z) ém(zi, 6)

np(z) = (47)

One can write a similar expression for the one-bin and three-bins
modelling, as described in Sect. 3.2.3.

The spectroscopic bias can be measured with the spectro-
scopic auto-correlation, following Eq. (41),

np(z;) = Yol 0
T Aowe(an ) En(an O by(z)

(48)

The np(z) is still degenerate with the photometric galaxy bias. In
the next section, we describe different possibilities for correcting
this degeneracy.

% https://github.com/LSSTDESC/CCL
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3.3.1. Correcting the photometric galaxy bias

It is more complicated to measure the photometric bias than the
spectroscopic bias since the sample cannot be split into small
redshift slices and Eq. (41) cannot be applied. Here we introduce
different methods.

— MO: No correction at all. We assume there is no b, and b, red-
shift evolutions and renormalise the measured redshift distri-
bution.

— M1: Spectroscopic bias only. We assume there is no b, red-
shift evolution and renormalise the measured redshift distri-
bution.

— M2: The photometric bias is measured for the whole tomo-
graphic bin. Hence we do not take into account the redshift
evolution within the tomographic bin, but we are increasing
the uncertainty on the 7,(z;), and thus we are more conserva-
tive.

— M3: The photometric bias is measured for relatively large
photometric bins (Azphoto = 0.1), and the redshift evolution
is deduced from a polynomial fit. The photo-z spreading of
the bin needs to be corrected before the fit (more details in
Sect. 3.3.2).

— M4: The photometric bias is measured for small photometric
bins (Azppew = 0.02), and the redshift evolution is deduced
from a polynomial fit. The photo-z spreading of the bin needs
to be corrected before the fit (cf. Sect. 3.3.2).

— MS: Full correction. The two biases are measured using the
true redshift (simulation only).

Methods 0-1-2-5 were already tested in Naidoo et al. (2023).
Methods 3 and 4 are new in that context, but similar to meth-
ods from Cawthon et al. (2022) and van den Busch et al. (2020).
Ideally, we would like to measure wys and wp, over the same
redshift slices: [z; + Az/2[. In doing so, we would get
Wsp(Zh 9)

Az '\/WSS(Z[’ 0) pr(zh 0)

We note that we derive this equation with the linear bias assump-
tion. Indeed we show that it remains valid at the next-order of the
bias expansion in Appendix A. This ideal situation corresponds
to M5, the photometric sample being distributed into redshift
slices with the true redshift variable. This method can only be
evaluated via simulation. The aim of methods 3 and 4 is to esti-
mate wp, but with a different binning, and taking into account
the photo-z spreading. With M2, we don’t correct for the redshift
evolution, but we aim to take into account the variance induced
by the photometric galaxy bias (Naidoo et al. 2023).

() = (49)

3.3.2. More details about the M3 and M4 corrections

With methods 3 and 4, the photometric sample is divided into
bins (denoted j) based on photo-z cuts. These differ from the
spectroscopic distribution described in Eq. (40), therefore requir-
ing correction for the photo-z spreading. In other words, a pho-
tometric bin cannot be approximated by a redshift slice.

In practice, we measure the n(z) of these bins with the
clustering-redshifts M1 method (cf. Sect. 3.3.1). This method
assumes negligible photometric redshift evolution within each
small bin. Then, we want to convert our imperfect-bin measure-
ment to what we would measure for an ideal case with step n(z).
Using the Limber case (cf. Sect. 3.2.3), we introduce the correc-
tion to the two-point auto-correlation function

corr meas (AZ)_Z \LAAZZ//zz dz é:m(zj +2,0)
Wp (2, 0) = wp ™ (2, 0) ® 2
Iy dz 13 (2) ém(z, 6)

(50)
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where the Az corresponds to the spectroscopic redshift bin of
the wy, correlation. We refer to this as the “full” correction, as it
accounts for the redshift evolution of the matter correlation func-
tion across the bin. We use CCL to evaluate &, at small scales.

A simpler approximation has been implemented for the
DES redMaGiC and Maglim samples (Cawthon et al. 2022;
Giannini et al. 2024). The correction was modelled with

(A9
I dzn?(2) ’

where n;(z) was estimated for the redMaGiC subsample having
a spec-z and a photo-z (Gatti et al. 2022), or with clustering-
redshifts (Cawthon et al. 2022). This is referred to as the “par-
tial” correction, as it makes additional simplifying assumptions
compared to the “full” correction in Eq. (50).

The “width-only” correction applies when using different bin
widths for the auto- and cross-correlation functions, while still
neglecting the effects of photo-z spreading across the bin. This
correction simplifies to

Wcon'(zj7 0) = jymeas (Zj, 9)

PP pp G

(AZ)meas
(A2,

In summary, the “full” correction accounts for the redshift evo-
lution of the matter correlation function, the “partial” correc-
tion introduces additional approximations by assuming a simpli-
fied n(z), and the “width-only” correction applies when focus-
ing solely on differences in bin widths while neglecting photo-
z spreading. We illustrate these methods and apply them to
clustering-redshifts in Sect. 4.8.

These two methods for correcting photometric galaxy
bias share similarities with the method in van den Busch et al.
(2020). We do not assume a bias model of the form B,(z) o
(1 + 2)% however. Instead, we directly measure and correct
wpp(z) by constraining the photo-z spreading using clustering-
z for smaller bins. Theoretically, the two approaches could be
combined, which would eliminate any systematic effects contin-
uous on the redshift, without assuming a particular model.

WCOIT (Zj , 0) - Wmeas (Zj, 0)

pp pp (52)

3.3.3. Data vectors reduced to scalars with some weighting

Using Eq. (48), one can extract a measurement of 7, for different
rp (or equivalently ). To optimise the sensitivity, it is standard
to reduce all the data vectors to scalars with a scale weighting
W (r, p)7

max

—_— rp
Wap(zi) = f ~dry W (rp) wap(rps, 2i) - (53)
rglln
We introduce the scale-weighted matter correlation
- 5
En(@) = f - dry Wi(rp) ém(rps 2) - (54)
iin

It is easy to show that Eq. (48) or Eq. (49) are still valid
with integrated quantities. The scale weighting is usually cho-
sen as a power law W, (r,) o r,”, where the function is
normalised to unity (e.g. Gatti et al. 2018; van den Busch et al.
2020; Naidoo et al. 2023). Choosing vy < 0 increases the impact
of small scales. They are expected to be less noisy but also
more sensitive to non-linearities. Inversely, the measurement is
not biased at large scales (i.e. the linear bias is a good model),
but uncertainties are usually larger. Another reason to use small

scales instead of large ones is to keep the calibration independent
from the two-point weak-lensing analysis: using smaller and
different scales, one can safely neglect the covariance between
calibration and the observables. Nonetheless, these small scales
are not used for the cosmological analysis for physically moti-
vated reasons (non-linearities), which in theory should apply
to clustering-redshifts as well (Pandey et al. 2020). Hence, the
scale range is an important parameter and we will investigate
this scale-weighting procedure in detail in Sect. 4.

Another possibility of weighting is to combine the different
np(zilrp), with a particular weighting W,,(r;):

max

o
() = f |

In other words, we integrate directly n(z| ), which is wg, for
MO, wy,/ \/wgs for M1 or wg,/ A/Wes Wpp for M2-3-4-5.

drp, W,(rp) np(zilrp) . (55)

3.4. Estimating the correlations with pair counts

We evaluated position-position correlations by counting pairs
separated by a certain distance divided by the expecta-
tion of uncorrelated samples (random) to properly normalise
the correlation. We chose the Landy-Szalay (LS) estimator
(Landy & Szalay 1993),

Dan(rp) - Ran(rp) - DaRb(rp) + RaRb(rp)
RaRb(rp) ’

Wap " (rp) =

(56)

where D,D;,, D,R;, R,D,, and R, R;, are the standard data-data,
data-random, random-data, random-random pair counts of sam-
ples a and b. We note that we omitted the galaxy number
normalisation factors which correct for the randoms being ten
times more numerous than data. Further details are given in
Appendix C. As we were working with a simulation omitting
observational systematics and masks, we generated random cat-
alogues homogeneously over the footprint, taking 50 times more
randoms than data.

3.4.1. Estimator weighting scheme

Given the weighting procedure Eq. (53), it is natural to weight
the estimator as

M (h
i = ||
r;)nln

where the numerator is a concise notation for the numerator of
Eq. (56). In the context of clustering redshifts, this weighted
estimator was first introduced by Ménard et al. (2013), and later
used by Cawthon et al. (2022).

Another weighting scheme was introduced by Schmidt et al.
(2013), and was used by Davis et al. (2018), Gatti et al. (2018),
van den Busch et al. (2020), and Naidoo et al. (2023). The prin-
ciple is to scale-average data-data and random-random pair
counts:

(Da = Ro)(Dy, = Ry)(rp)

dr, W(rp) RuRo(r) s

(57)

max
"p

f,;)mn dr, W(rp) (Dg — Ra)(Dp — Rp)(1p)

max
I
min

P

B0(z) = (58)

dr, W(rp) RiRy(rp)

Schmidt’s motivation to do so was to assume that the ratio of the
averaged quantities would lead to higher signal-to-noise (S/N)
than the averaged ratio (which is expected for a constant ratio,
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which is not the case here). With this second estimator what we
have is a re-weighting of the correlation functions with a new
effective weighting, as

a’fb)(zi) :ffdzl dzz n4(z1) np(z2)

fr.r“pm drp W(rp)rp Arp Umask(rp) (04 6h>rp,m,zz
w2

j;};fin drp W(rp) p A"'p nmask(rp)

(39)

s

where 17mask(rp) is a geometrical factor due to the masking of
some sky area (cf. Appendix C). In particular, the effective scale
weighting is

Weff(rp) o W(rp) p Arp nmask(rp) (60)
o W(rp) rp2 NMmask  for a logarithmic binning, 61)
o rper2 Tmask for a power law weighting . (62)

This effective weighting is still re-normalised to unity as required
by the denominator of Eq. (59). The mask incompleteness is not
rigorously corrected (cf. Appendix C), except if 7mas 1S scale-
independent’. By default, we consider the first estimator (Eq.
57), since understanding the weighting is straightforward, and
the mask is better corrected, but we will test and compare the
two in the results section®.

3.4.2. Covariance matrix

We used the jackknife covariance matrix as our fiducial covari-
ance. For a measured data vector w, the covariance matrix is

Npg — 1 Nk . .
Co= "M LN Gk — iy - )" (64)
Nk kZ::‘

where Ny is the number of jackknife regions, w* is the data
vector excluding the data from the K region, and @ is its mean
value. Here, w can be, for example, the vector wg,(rp), the
ratio of vectors wq,(rp)/ \/Wss(7p), the scalars w,, or the ratio

of scalars wgp/ \/E_;s In this article, we use a sufficiently large
number of regions (200), with a small enough number of points
(around a dozen), so that Hartlap (Hartlap et al. 2007) or Percival
(Percival et al. 2022) corrections to the inverse of the covariance
are at the percent level and can be safely neglected.

3.5. Extracting the unknown distribution moments
3.5.1. clustering-redshifts requirements for cosmic shear

The success of the Euclid mission requires achieving a particular
precision in the characterisation of n(z) of the tomographic bins i.
The requirements usually focus on the mean redshift, expressed
as

(2); = f dz znp(2), (65)

7" For scales that are neither too small nor too large, it should be a valid
hypothesis, at least to first order.
8 Of course, in practice, all the previous integrals are discrete, with

fdrp — ZArpi.
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(63)

as illustrated in works such as Gattietal. (2018),
van den Busch et al. (2020), and Gattietal. (2022). The
desired precision for the Euclid mission requires knowledge of
the redshift standard deviation, however, which is denoted as

oy = \/fdz (z = (@) np(2),

as outlined in Reischke (2024). The criteria are as follows: the
mean redshift bias (Laureijs et al. 2011; Reischke 2024) and the
redshift standard deviation (Reischke 2024) for every bin should
be measured with precision

(66)

o({2)1) <0.002 (1 + (2)),
o(oy) <010y, .

(67)
(68)

3.5.2. Discretisation of a distribution

The last step of a clustering-redshifts pipeline is to derive the
n,(z) moments from the discrete measurements 7,(z;). The mean
redshift of a bin is evaluated with

@~ Y Azznl()). (69)
J

We are not directly measuring np(z;) but rather its averaged value
over ranges z; + Az/2,

Az/2
meas ~ o d
nyt(zj) ~ — znp(2j +2).

(70)
Az J a2

As a consequence, Eq. (69) is an accurate approximation of
the exact integral form as long as Az is small compared to the
tomographic bin width. As an example, the numerical difference

between Eq. (69) and Eq. (65) is 0(10‘4) for our Euclid tomo-

graphic bins (cf. Sect. 2.2), and Az = 0.02-0.5. Nonetheless, the
recovered shape of the distribution is affected by Eq. (70) and for
large Az the measured distribution would be flattened. We illus-
trate this in Fig. 3, plotting a galaxy distribution (which in prac-
tice corresponds to a very thin slicing), and the same distribution
with a Az averaging as Eq. (70). We see that the flattening asso-
ciated with the bin increases. These effects will also be tested in
Sect. 4.

3.5.3. Overall strategy

The uncertainty on the mean-z directly inferred with Eq. (69)
would not fulfil the Euclid requirement Eq. (67). In doing this,
we would be very conservative, allowing for any tomographic
bin shape, whereas in reality, we know their shape a priori. Thus,
we can define some priors on the n,(z) properties to decrease the
uncertainty. We describe two possibilities:

1. we assume a prior on the shape of the distribution, through a
n(z) model;

2. we use Gaussian process formalism, to generate coherent
realisations, assuming a kernel, which is related to how “fast”
the distribution is evolving in redshift.

Thus in one case, we put a prior on the shape of the tomographic
bin, and in the other, on the redshift variation.
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Fig. 3. Galaxy distribution observed through different Az averaging as
Eq. (70). The redshift convolution modifies the shape of the distribution
for larger slicing compared to the real slicing as estimated with a very
thin slicing (grey). For this case, all slicings Az < 0.06 produce a good
estimate.

3.5.4. Shifted-stretched model

For this approach, we evaluated a given model n™%!(z) with
some parameters {p, p, . ..}, by minimising the likelihood,

In L{p1,p2.. }n,Cy)

_ _% [n(Zi) _ nmodel(zi)]T Cy_zl [H(Zi) _ andel(Zi)] ,

(71)
where {n,(z;)};, and the associated covariance C, are the mea-
sured quantities. Then, using a Markov chain Monte Carlo’, the
mean redshift and standard deviation were extracted from one
thousand realisations of {n™°d¢!}.

For the n™%! we use the shifted-stretched model (SSM),
which is commonly used for clustering redshifts; given a particu-
lar distribution n(z) with a mean redshift (z), two free parameters
are used describing a redshift shift 6z and a stretching s,

Z2—(2) -0z 72)
S

1
andel(Z|s, 6Z) — ;n(

+ <z)) .

This model is particularly convenient because for a given 0z, s,
the bias in mean redshift and standard deviation with respect to
the model are 6z and s. In our case, as the model is the true
redshift distribution, we have

02 =(2) = {Dtrues

true
n .

(73)

s =0,/o (74)
As we use the true redshift distribution of the bin as a model
(simulation only), the performance may be overestimated com-
pared to a realistic scenario, where the model is taken from
a Self-Organised-Map estimate (e.g. Hildebrandt et al. 2021),
or a candidate from a simulation (e.g. Gatti et al. 2018, 2022;
Cawthon et al. 2022). That is why we also consider a more direct
method.

® We use the python package emcee (Foreman-Mackey et al. 2013).

3.5.5. Suppressed Gaussian process

We introduce the suppressed-Gaussian-process model (SGP)
developed by Naidoo et al. (2023); GP reconstruction from
clustering-redshifts was also performed in Johnson et al. (2017).
The main benefit of this approach is that it is non-parametric.
The procedure is as follows:

1. we generate realisations of Gaussian Process (GP) where the
multivariate normal distributions are the measurements, and
model the correlation between the points through a specific
kernel'?;

2. we apply to the realisations a suppression function that
damps signals in regions where the measurements are con-
sistent with zero;

3. the realisations are renormalised to unity;

4. the moments of the true distribution and their uncertainties
are estimated from this large sample of normalised SGP real-
isations.

For the GP covariance, we chose a 3/2 Matern kernel func-
tion, and assume the length-scale [ to be I = Az/2 where Az
corresponds to the redshift slicing!!. To validate these choices,
we tested different kernels and length-scale, by comparing gen-
erated GP from discrete n(z;) and covariance to true n(z); see, for
example, the right panel of Fig. 4.

For the second step, given a GP realisation i, the associated
SPG is
nggp(@) = ngp(@) S (x;, k), (75)

where S is a suppression factor that removes the noisy part of
the distribution. We chose the parametrisation

0 ifx<0
Sx,k)={1-(1-x* ifo<x<]1 (76)
1 ifx>1.

In the above, the x variable is a smoothing of the continuous

signal-to-noise ratio (SNR)

_ 1 . ngp(2)
SNR hresh oi(z)

(77)

Xi

Here G is a Gaussian with a standard deviation Az, * represents
the convolution operation, which smooths the SNR between data
points (and avoids non-physical cuts), and SNResn 1S the SNR
threshold below which the suppressed factor is applied. Thus,
if SNR < SNRyesh Over a redshift range larger than Az, the
amplitude of the realisation ngp(z) would be reduced by a factor
k/3 x SNR. We fix k = 0.3 in Eq. (76), so that the suppressed
factor rapidly drops for x < 1, but we ensured that the impact of
this parameter was small.

In Fig. 4 we illustrate the whole procedure. We show for a
measurement {7,(z;)};, C, (not normalised to unity), GP realisa-
tions, their SNR ngp/0(z), and the associated normalised SGP
realisations compared with the true distribution. It is clear that
going from the left to the right panel, the overall procedure
greatly improves the realisations. Nonetheless, the procedure
could be optimised further in the future, since we did not rig-
orously explore all of the SGP parametrisation.

10 We use the python package Georges (Ambikasaran et al. 2015).
' The length-scale represents the characteristic distance over which the
function values are correlated.
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Fig. 4. Left: n(z) distribution measurement, with 50 associated GP realisations (orange), and the true distribution (red). Middle: SNR of the GP
realisation (orange), and their convolution (blue). The SNR threshold (=3) is reported with the dashed line. Right: Associated SGP realisations,

renormalised to unity (blue), compared to the true distribution (red).
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Fig. 5. Modelling the cross-correlation between spectroscopic samples in redshift slices and photometric bins, and reference to the corresponding

tests we performed to optimise the pipeline.

4. Results

In this section, we present the clustering-redshifts pipeline opti-
misation. In Fig. 5 we summarise the different ingredients enter-
ing the modelling of clustering redshifts, and the corresponding
validation tests presented in this section. In Sect. 4.1, we describe
the simulated data used. In Sect. 4.2, we compare the perfor-
mance of the clustering estimator. In Sect. 4.3, we evaluate the
hypothesis that the galaxy biases of cross-correlations and auto-
correlations are the same at small scales. In Sect. 4.4, we deter-
mine the optimal scale range, and in Sect. 4.5, the optimal scale
weighting. In Sect. 4.6, we test different spectroscopic slicing
Az for measurements affected by systematics, with the effects of
these systematics tested individually in Sect. 4.7. In Sect. 4.8,
we compare different galaxy bias correction methods. Finally,
in Sect. 4.9, we investigate the impact of the tomographic bin
definition on the redshift constraints.

4.1. Investigation strategy

Our investigation strategy consists of varying a set of analysis
parameters to check the impact on clustering redshifts. We chose
to use three tomographic bins covering the full redshift range of
interest and corresponding to different types of galaxies.

The three tomographic bins: “low-z”, “mid-z”, and “high-z”,
were generated within the Flagship simulation with the photo-z
cuts:

0.35 <z, <047,
086 <z,<1,

(78)
(79)
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1.30 <z, < 1.6. (80)

They corresponds to bin 2, 7, and 10 in Fig. 1. For reference
samples, we used BOSS LOWZ and CMASS, DESI ELG, and
Euclid NISP-S like samples. We report the redshift distribution
of the tomographic bins and spectroscopic samples in Fig. 1.

To characterise the uncertainty from sample variance in our
analysis, we split each tomographic bin into five independent
Flagship2 sky patches'? of 1000 deg®. As the simulation is lim-
ited to 5000 deg?, this is the maximum number of large inde-
pendent patches that we can use. When investigating the optimal
spectroscopic slicing we do not want our results to be biased
because the points luckily cover the optimal part of the distri-
bution. Thus, for every patch j = 1,...5, we varied the redshift
slicing of the spectroscopic samples z;; Az, by shifting the slice
centres by j X Az/5. To summarise, we tested over five inde-
pendent 1000 deg? sky patches for three tomographic bins, each
cross-correlated with spectroscopic samples distributed into dif-
ferent slices for each patch (but with the same Az).

4.2. Choice of the estimator weighting scheme

In this section, we compare the two different estimators of the
angular correlation function, described in Sect. 3.4.1. We mea-
sured the auto-correlations of spectroscopic samples for a 1000
deg? sky patch, a single redshift bin of width Az = 0.05, and the
two estimators:

12 'We applied cuts on the RA coordinates, with a width of ARA = 17.5
deg.
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Fig. 6. Auto-correlations of two spectroscopic samples for a single red-
shift bin (Az = 0.05). The yellow and red points are obtained using the
first estimator wil with y € {-1, +1}. The blue and purple points are
obtained using the second one w(z) with y € {-3, —1}. The consistency
of the points with different weights illustrates the effective weighting
due to the estimator definition.

- wgi) defined by Eq. (57), where weighting is applied to the

ratio of pair counts;
- w“) defined by Eq. (58), where weighting is applied directly
the pair counts.
Correlations were evaluated for the scale range 0.5— 5 Mpc, and
with different weighting functions W o r,”. The results are
reported in Fig. 6. We used logarithmic binning, and expect the
measurements to be weighted by an effective function Wz o
rp“er2 (cf. Eq. (60)), which is confirmed by the matched ampli-
tudes of blue-yellow and purple-red points. Importantly, we do
not observe significant differences in the associated uncertain-
ties between the two estimators with the corresponding weights.
Given that the weighting variation does not offer any practical
advantage, and leads to unnecessary complexity in the weight-
ing process (cf. Appendix C), we adopted the first estimator, Eq.
(57), as our fiducial choice for this analysis, and we will evaluate
the optimal value of y.

4.3. Testing the bias-cancellation hypothesis

The scales used for clustering-redshifts calibration are typically
very small [e.g. (0.1-5) Mpc] in order to minimise correlations
between the calibration and the cosmological analysis, and to
maximise the SNR. The associated nonlinear effects are often
overlooked, however. Most authors assume that for two galaxy
samples located within the same redshift bin, the two-point
angular correlation function follows the relation:

Wab(rp) ~ \[Waa(rp) Wbb(rp) .

If we were using scalar product, instead of scale correlation func-
tion, this would be equivalent to the Cauchy—Schwarz equality,
which implies that the density contrasts A, and A, are linearly
dependent, and the Pearson correlation coefficient r,, is 1, with

81

<Aa Ab)rp
Fab 1= =1. (82)
\/(Aa Aa)rp (Ap Ab>rp

DESI LRG X DESI ELG
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Fig. 7. Variation in the Pearson coefficients r,, for Flagship LRGs with
ELGs. This coeflicient informs on the small-scale under-correlation of
blue and red galaxies.

At large scales (>10 Mpc) galaxy samples act as linear trac-
ers of the underlying dark matter density field. In this case,
0, = bp/b, X 6p, which means that galaxy field are linearly
dependant. At smaller scales, the linearity between the dark mat-
ter field and galaxy statistics begins to break down. For a more
complex biasing between matter field and galaxy field, however,
we would still expect |r| < 113

At even smaller scales (within the one-halo regime), the
modelling of galaxy fields as random variables of the dark
matter field breaks down (e.g. in Swanson et al. 2008, clus-
tering properties between galaxy subpopulations was inves-
tigated), potentially impacting cosmological inference (e.g.
Chaves-Montero et al. 2023, in the context of weak lensing).
We illustrate this issue with an extreme example: one sample
consists only of central galaxies, whilst the other consists only
of satellite galaxies. If we assume there is at most one satel-
lite galaxy per halo, the auto-correlation of central and satellite
galaxies would be very small on scales smaller than the halo size,
but still non-zero as we are not evaluating 3d clustering. The pos-
itive cross-correlation between the two would be strong, how-
ever. This would result in r,, > 1, which is not possible for ran-
dom variables. The reason for this discrepancy is that the statis-
tics of the satellite distribution depend on those of the central
galaxy distribution. In typical halo occupation distribution mod-
els, the probability of hosting a satellite galaxy is conditional
on the presence of a central galaxy. Alternatively, if two galaxy
samples populate different haloes, the cross-correlation would be
very small on scales smaller than the halo size, while the auto-
correlations would remain significant, leading to r,, < 1.

The scale range mentioned earlier (referred to as “small”
and “smaller”), and the behaviour of the r,, coefficients are not
clearly known. We decided to improve this aspect for our Euclid
calibration method.

The small-scale effects that we have described are not a
hypothetical framework, as this type of behaviour has already
been observed in spectroscopic surveys. For instance, the first
DESI data provides clear evidence that LRGs and ELGs exhibit

13" As shown in Appendix A for quadratic non-linearities (second-order
effects), we expect r,, ~ 1, with the correction arising from third-order
terms. Pushing further the perturbative development, we can show that
indeed r,, < 1, analogously to the Cauchy—Schwarz inequality.

A155, page 13 of 31



d’ Assignies, W., et al.: A&A, 702, A155 (2025)

BOSS x Photo Euclid

DESI ELG x Photo Euclid

Spectro Euclid x Photo Euclid

101 T T T T r T T

100

rp in Mpc

10t
0.2

0.3

0.4 0.5 0.8 0.9

Zi Zi

1.60
""""""""""""" 1.40
1.20

1.10

wub/ WaqWhh

1 1.04

1 0.96

L 1 b L

1.3 1.4 1.5

Zi

— 0.90

1.0 1.1

Fig. 8. Pearson coefficient for our three simulated bins: low-z, mid-z, and high-z. This term is assumed to be one for clustering-redshifts calibration.
We see different behaviours, » = 1, 7 < 1, and r > 1 for different scales and redshifts, except for the high-z bin, for which r = 1 (almost) everywhere.

low cross-correlation signals at small scales (a phenomenon
so-called “conformity”; Rocher et al. 2023; Yuan et al. 2025;
Gao et al. 2024). This occurs because these galaxies reside in
different haloes, with their properties influenced by the history
of the halo.

Given that the under-correlation between red and blue galax-
ies is well established, we aimed to test whether the Flagship
simulation could reproduce this small-scale effect. Our strategy
was to split the two samples into redshift slices (Az = 0.05) using
true-redshift, and to measure the ratio with angular correlation,

Waibi(rp)

s
V Wa;ai(rp) Wbib,‘(rp)

which is expected to be 1 under the linear approximation.

In Fig. 7 we show r4(rp, z) for the Flagship LRG and ELG-
like samples. We recover the under-correlation at small scales,
through 7,4 (7, z) < 1. This ratio not only decreases with scales,
but also with redshift. Since the recovered n(z) is degenerate with
r, an evolving r with redshift would introduce a bias in the recon-
structed n(z). This confirms the presence of one-halo behaviour
in the Flagship simulation. However, since these behaviours
were only recently identified and are still being actively studied,
it is likely that their implementation in the Flagship simulation is
incomplete or not fully accurate. A thorough study of this aspect
of the simulation and one-halo physics is beyond the scope of
this article.

In Fig. 8 we report 74 (rp, z) for the three simulated photo-
metric X spectroscopic bins (defined in Sect. 4.1). We observe
significant scale and redshift evolution of the ratio, at least for
the BOSS and DESI correlations, at scales smaller than 1 Mpc.
Notably, we find r > 1, which we attribute to the physics of
galaxy-halo connection and galaxy formation rather than non-
linearities in the matter field (cf. the beginning of this subsec-
tion). Proving whether this is due to limitations in the HOD
modelling or is a reliable prediction of the simulation is beyond
the scope of our work. There is also a weak under-correlation for
the low-z bin (and the mid-z) at scales (1-8) Mpc, but it does not
appear to evolve with redshift, and is therefore not expected to
introduce a bias into the 7n(z). This may correspond to the correc-
tion for non-linearities described above (r < 1). For the high-z
bin, we do not measure deviation from unity at any scale.

Tap(rp, i) = (83)
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Given these results, we are confident that using projected
scales larger than 1.5 Mpc would avoid this one-halo effect'*.
As simulations improve in their modelling of galaxy halo prop-
erties, this test will need to be repeated. The ratio amplitude,
scale, and redshift evolution are different depending on the trac-
ers: under-correlation for DESI LRG and ELG in Fig. 7, and
over-correlation for Euclid photo and DESI ELG in Fig. 8. We
recommend to use only one type of spectroscopic tracer for
the sample s when evaluating cross-correlations between photo-
metric and spectroscopic samples at a specific redshift: wgp(z;),
avoiding mixing ELGs and LRGs for example. If different spec-
troscopic tracers {s;}; are available for the same redshift z;,
we can then predict different n,(z; |s;) and combine them (e.g.
Hildebrandt et al. 2021). Small-scale effect could lead to incom-
patibility as we show in this section, so that this procedure is
more likely to detect systematics, and more robust.

4.4. Choice of the scale range

In this section, we investigate the best scale range that minimises
the deviation
An (zi| rp) = np(Zi| rp) — Nirue(2) » (84)
while maximising the SNR. We explored a wide range of scales,
including those previously discarded in Sect. 4.3. Unlike the esti-
mator of w in Eq. (57), which averages over scales, our estimator
was evaluated for a single scale' as in Eq. (48). Consequently,
we refer to the distribution measured as np (z|7,). We always
normalised the measured distributions to unity. We employed
three methods for correcting the bias, covering all the bias cor-
rection cases: no correction (i.e. M0), spectroscopic correction
(i.e. M1), and full correction (i.e. M5)'°. This approach allows us
to assess how bias correction influences the optimal scale range.
We used three statistical indicators, as a function of the pro-
jected scale

14 We note that we are using angular correlation, so most of the 3-D
separation between galaxies is much larger than this 1.5 Mpc.

15 In practice, it is evaluated for a small scale bin.

16 We expect the results with M2-3-4 to be similar to that of M5.
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Fig. 9. RMS of An, SNR of n, and reduced x* of An (top to bottom) as a function of the projected scale r, for the three redshift bins (left to right)
for three bias corrections (colours). The fine lines show five independent realisations of 1000 deg?, and the thick lines show their means.

— the root mean square

1
RMS[An] (rp) = | /— An (zi| rp)*; (85)
P Nz ; P
— the (mean) signal-to-noise-ratio
1 Inp(z:)l
SNR[n](ry) = — ; (86)
PN Z (@)
— the reduced y?
1 T
XKy = o [An ] Cury [AnGilrp)] (87)
4

with N, the number of points (equivalently the number of red-
shift slices of the spectroscopic sample). These indicators, eval-
uated at scales ranging from (0.05-10) Mpc for the different bins
and bias corrections, are reported in Fig. 9. The thin lines rep-
resent individual realisations of 1000 deg® patches, while the
thicker lines indicate their means.

We first discuss the impact of the bias correction. Whilst the
no-bias correction model MO shows a higher SNR for scales
lower than 1 Mpc, its corresponding )(% value is very high, indi-
cating that it is not accurate. Therefore, we focus exclusively
on M1 and M5 for the remainder of this section. Both methods
perform similarly for the SNR, but for mid-z and high-z, M5 pro-
vides a X% closer to unity.

For the three tomographic bins, the RMS is increasing for
smaller scales. This increase is associated with a lower SNR,
and the X% remains relatively constant. This suggests an overall
consistency, and we can choose the scale range based on the SNR
only. For the low-z bin, it peaks at 1 Mpc and then decreases. For
the other two bins, it appears to peak around 2 Mpc, with a small
decrease for larger scales.

In conclusion, the scale range (1.5-5) Mpc appears to be well
suited for clustering redshifts; it is nearly optimal regarding the
SNR; the ,\(g is almost minimal for the whole range; it avoids
the r, < 1.5 Mpc one-halo regime (excluded in Sect. 4.3); these
scales are not used for cosmological analysis.

This scale range is the same as in Gattietal. (2022)
and Giannini et al. (2024), but significantly larger than in
other works such as van den Busch et al. (2020), Cawthon et al.
(2022), and Naidoo et al. (2023), which used scales of 0.1-1
Mpch~! or 0.5-1.5 Mpch~'. Early clustering-redshifts stud-
ies even advocated for using smaller scales, down to the kpc
range (Ménard et al. 2013; Schmidt et al. 2013). We note that
we have chosen scales that avoid the one-halo term and the
range of scales used for cosmology. One way to be conser-
vative on the small-scales bias effects would be to use only
large scales, overlapping those used in the 3 X 2 point analy-
sis. In previous calibrations such as HSC, KIDS, and DES, scale
choice was largely driven by the lack of spectroscopic sample
(Hildebrandt et al. 2021), and the range was chosen to be at the
peak of the SNR (Gatti et al. 2018). For Euclid, this will no
longer be the case, and from Fig. 9 it is clear that larger scales
can be used for calibration. However, it requires the generation
of a more complex covariance to accurately propagate the corre-
lation. This was proved to be informative through a Fisher for-
malism in Johnston et al. (2025), but never implemented in prac-
tice with simulated or real data, and is beyond the scope of this
article.

4.5. Choice of the scale weighting

In this section, we varied the weighting W(r;,) in Eq. 53 and eval-
uated the RMS and SNR defined in Egs. (85) and (86). The scale
range was fixed to (1.5-5) Mpc following the last section’s con-
clusion. We tested three power laws
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rp’
W(r ) = max
p o d y
j;lr)nin s Ip

and two different weighting schemes:
— we scale-average the different correlation functions and com-
pute their ratio, as in Eq. (53),

withy € {-1,0, 1}, (88)

y-max

Wap(zi) = ) drp Ww(rp) Wab(rp’ Z); (89)
'.gnn
— we scale-average the estimated n(z;| rp) as in Eq. (55),
i(z;) = dry Wy(rp) n(zil rp) - (90)

gt

In Fig. 10 we show the comparison between the SNR and the
RMS for the three tomographic bins, with three power laws, two
weighting schemes, and two bias correction methods (M1 and
MS5). The small markers are the realisations for the five individ-
ual 1000 deg? patches, while the larger markers indicate their
means. The region of interest covers the lower right part of the
plots, as it corresponds to minimum deviation and high SNR.
Notably, the RMS/SNR plot displays a linear trend, indicating
that points with a smaller deviation are associated with a better
SNR, which is consistent with the expectations for an unbiased
measurement. For all three redshift bins, the optimal weight-
ing is the inverse scale weighting (darker red marker), a simi-
lar result to Schmidt et al. (2013) and Ménard et al. (2013). The
reason is that SNR is higher, while RMS is lower, for scales
around 1.5 Mpc than 5 Mpc (cf. Fig. 9). W,, and W, are sim-
ilar for the RMS, but the first performs slightly better for the
SNR. These findings hold for M1 and M5. Additionally, we con-
firm that correcting the photometric bias for the first redshift bin
is not strictly necessary in terms of RMS, but it does lead to a
better SNR.

Thus, the best weighting scheme appears to be the inverse
scale weighting applied to correlation functions, combined with
a full bias correction approach.

4.6. Finding the optimal spectroscopic slicing

In the previous sections, we did not include systematics (e.g.
magnification) in the measurement because we were question-
ing the optimal statistical choices on the two-point clustering
itself, hence the use of statistical quantities such as RMS and
SNR. In the rest of the article, we consider realistic measure-
ments, including systematics, and evaluate their impact on the
moments of the redshift distribution we aim to calibrate.

In this section, we varied the slicing of the spectroscopic
sample Az, cf. Sect. 3.2.2. On the one hand, narrow slices are
more sensitive to corrections associated with bin modelling (cf.
Sect. 3.2.3), magnification (cf. Sect. 3.1.4), or RSD (cf. Sect.
3.1.5). On the other hand, if the slices are too wide, there may
not be enough points covering the distribution to properly mea-
sure the n(z), the shape would be flattened (cf. Sect. 3.5.2 and
Fig. 3), and the assumption that galaxy biases and redshift dis-
tributions are constant may break (cf. Sect. 3.2.2). Therefore, we
aim to find a compromise between narrow slices affected by sys-
tematic errors and large slices that are not statistically optimal,
and for which the modelling might not be precise enough. The
impacts of the systematic errors are tested one by one in the next
Sect. 4.7.
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We introduced the systematics using magnified sky coor-
dinates and fluxes for the photometric and spectroscopic sam-
ples, and spectroscopic redshift (including peculiar velocity) for
the spectroscopic sample. We used M5 as the bias correction
method. For extracting the distribution moments from the {n(z;)}
we employed the SGP n(z) reconstruction introduced in Sect.
3.5.5. We did so because, even with few points, fitting the true
distribution (as with the SSM, cf. Sect. 3.5.4) is likely to yield
good yet unrealistic results, whereas the SGP provides weaker
yet realistic constraints.

We measured the mean (absolute) biases on the mean |(z) —
(Z)wruel and standard deviation |0, /o™ — 1| of the n,(z) for dif-
ferent slicing, where the mean is evaluated over the five inde-
pendent patches. We reported the mean values and their asso-
ciated mean uncertainties in Fig. 11. We also created a similar
plot using the SSM and obtain comparable results except for the
uncertainties, which remain constant across the different slicing.
This confirms our previous statement and justifies the choice of
the SGP.

First of all, the uncertainties (y axis) on mean redshift and
shape increase with the slicing Az, and we also observe larger
deviation for wider slices. Regarding the shape reconstruction
(related to o), narrow slices are not associated with larger devi-
ations, except for the mid-z bin. For the mean redshift, small slic-
ing is associated with similar or larger deviations than Az ~ 0.05,
but not larger uncertainties. The optimum slicing appears to cor-
respond to 0.04 < Az < 0.06.

Consequently, we decided to use a redshift slicing of Az =
0.05 for every bin, for the rest of the study. This is larger
than the slicing used for DES (Gatti et al. 2022; Giannini et al.
2024), but the same as the previous Euclid clustering-redshifts
paper (Naidoo et al. 2023). As illustrated by the sandy region in
Fig. 11, we predict that the systematic errors for this redshift slic-
ing will not shift the data points outside the Euclid requirement.
Since the Az = 0.05 points are predominantly on the diagonal
(except for the mid-z mean-z), this suggests that the corrections
are fairly small for this slicing: the parameters are not biased
more than 1o away from the truth. The mid-z is the only case
where we might fail to fulfil the requirement if we do not cor-
rect for the systematic errors. We investigated the origin of this
deviation in detail in the next section.

4.7. Evaluating the (mis-)modelling of the clustering,
magnification, and RSD

For clustering redshifts, we measure the cross-correlation of
a wide photometric tomographic sample with several spectro-
scopic slices, and we assume that only the photometric galaxies
within the redshift range of the spec-z cuts contribute to a non-
zero correlation. There can be three corrections:
— galaxies in the nearby redshift (nearby bins) can correlate as
well (we refer to this as the one-bin approximation);
— galaxies not covering the same redshift range can be corre-
lated through magnification processes;

— spectroscopic redshifts can be different than true redshifts,
leading to correction on the ng at the boundary of the bin.
Two of these effects can be understood as bin border effects,
and for larger slices they are expected to decrease in proportion.
For wide spectroscopic slices, the assumption that n(z) and b(z)
are constant within the bin might break down. We also note that
spectroscopic interlopers were not included in the Euclid spec-

troscopic samples.
In the previous Sect. 4.6, we demonstrated that the com-
promise between having enough points 7,(z;) and limiting these
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Fig. 11. Mean redshift and shape reconstruction with SGP, for the three tomographic bins. The different markers and colours are associated with
different slicing Az. The sandy region corresponds to the Euclid requirements, and the diagonal line shows a coherent deviation of 1o

effects, corresponds to slicings Az = 0.04-0.06, regardless of the
tomographic bin. To assess the influence of each effect, we used
the idealised bias correction M5 to avoid the impact of galaxy
bias, and proceed as follows:

— To test the impact of the one-bin approximation, we com-
pared the cross-correlation wgp(z;) with spectroscopic slices
and the tomographic bin for two cases. In the first one,
referred to as the “full bin”, the photometric sample is the
fiducial one used in this paper. For the second case, referred
to as the “independent bins”, we used idealised tomographic
bins. To generate these idealised tomographic bins, for every
zi, we keep only the photometric galaxies within the same
redshift range as the spectroscopic galaxies (using true-z),
and then complete this sample with randoms to maintain the
total number of galaxies as in the full tomographic bin. This
ensures that only the galaxies within the redshift slice of the
spectroscopic sample contribute to the correlation, for each
spectroscopic slice.

— To test the magnification effect, we compared the results
using the magnified variables for position and fluxes (over
which we apply the samples cuts), or the unmagnified
ones.

— To test the RSD effect, for the spectroscopic samples we used
either the Flagship true redshifts, or the observed ones, the

latter corresponding to a spectroscopic-like redshift estimate

(including velocities).

— We also tested all these effects together, referred to as

“Total”.

In Fig. 12 we show the deviations associated with the dif-
ferent systematic effects for different slicing, for the SGP. The
same test for SSM methods is presented in Fig. 13. The corre-
sponding values for the two procedures are listed in Table D.1 for
Az = 0.05, in Appendix D. For RSD and magnification, we have
to consider the full tomographic bin, which by default comes
with the one-bin approximation. Therefore, the full bin assump-
tion has to be compared with “independent bins”, and the RSD
or magnification has to be compared with the full bin.

For the SSM and SGP, with Az = 0.05, the constraints on the
redshift standard deviation o are within the requirements inde-
pendently from the effects. Only a large slicing of Az = 0.08
leads to some measurements out of the requirements because not
enough points cover the distribution, and with larger slicing, the
distribution appears flattened (o;/0" > 1) as shown in Fig. 3.

Regarding the mean redshift bias, all the “independent bin”
measurements are consistent with no deviation at the 1 to 20
level with the SGP and SSM. This suggests that our choice of
scale and weighting is sufficient to limit the small-scale effects
(cf. Sect. 4.4). In general, for the three tomographic bins, all the
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Fig. 13. Same as Fig. 12 for the two parameters of the SSM model, which are equivalent to (z) — {(z)e and o, /o true — 1.

systematics lead to some deviations compared to the independent
bins, but distinguishing these variations from statistical fluctua-
tions is complicated. It is clear that the SGP procedure is more
sensitive to these effects. The reason for this is that with SSM
we compare the measurements with a model free from these
effects. As this model is, in our case, the truth, its results may
be optimistic. Nevertheless, with a SOM estimate as a model,
we might expect a similar low sensitivity to these effects. For
smaller bin sizes, the error bars are smaller, but the deviation
due to systematic effects is at least as large as for other sizes.
Wider slices are associated with greater uncertainty, and the bal-
ance between accuracy and precision is achieved for Az = 0.05.
For this bin size, the systematic effects do not produce deviations
that exceed the requirements. However, for the mid-z bin, with
SGP these systematic effects result in a deviation right at the
limit of the budget on the mean-z, as the bias is 0.0038 + 0.0017
(the requirements being 0.0038). For the optimistic case (SSM),
the deviation remains within the requirements: the bias in mean
redshift being 0.0022 + 0.008. The effect causing this large devi-
ation for SGP seems to be the one-bin approximation.

In Fig. 14, we report the true redshift distribution of three
bins are shown alongside clustering-redshifts measurements for
three slicing values: Az = 0.02, 0.05, and 0.08, excluding the
effects of RSD and magnification. We observe increasing devia-
tions with finer slicing, whilst the shape reconstruction becomes
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less precise for coarser slicing (cf. Fig. 3). The small slicing devi-
ations are higher for the mid-z and high-z bin, as one can expect
since 7. increase with redshift. We also see that large slices lead
to worst shape estimate for the low-z bin, as its width is narrower.

In Appendix E we explore an alternative modelling includ-
ing correlation with neighbours slices ( cf. Sect. 3.2.3). In short,
despite our effort we did not manage to improve the accuracy of
the modelling with extra-terms.

4.8. Comparison of the different bias-correction methods

In this section, we explore the different possibilities for breaking
the degeneracy between np(z) and b, by from wy, (cf. Eq. (47)).
In the first subsection, we focus on measuring the photometric
bias alone, since this is the challenging aspect.

4.8.1. Measuring the photometric galaxy bias evolution

In Sect. 3.3.2, we proposed to improve existing photomet-
ric bias corrections (van den Busch et al. 2020; Cawthon et al.
2022) with two methods to measure by(z), applicable to real data,
specifically for photometric galaxies with zZpnow < 1.6 (i.e. fully
covered by spectroscopic samples). The larger binning method
M3 is applied in Fig. 15 and the smaller binning method M4 is
applied in Fig. 16. They are represented by orange dashed lines.
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Fig. 15. True wy, for Az = 0.05 in grey and measurement with correc-
tions factors including M3 as dashed green, blue, and orange lines for
photo-z binning Az = 0.1. The best fits from degree-3 polynomials are
reported with solid lines. The wy, used for M3 is the best-fit model of
the full correction (solid red line).

For both figures we also include the results using either the par-
tial correction (blue dashed) or width correction (green dashed),
for comparisons with previous analyses (van den Busch et al.
2020; Cawthon et al. 2022; Giannini et al. 2024). Additionally,
we present the best fit degree-3 polynomial for the partial and
the full corrections (solid lines) from a standard y? minimisa-
tion. The grey line shows the measurement using true-z, which
we want to recover after the corrections.

We find that assuming the photo-z as the true-z (width-only
correction), neither the amplitude nor the redshift evolution is
well measured. For the partial correction, whilst the redshift evo-
lution appears well-recovered, differences in amplitude persist.
Finally, our full correction method significantly outperforms the
others: in both figures, we recover the amplitude and redshift
evolution of the bias more accurately. Notably, the bias evolves
weakly for z < 1, suggesting that correcting the photometric bias
at low redshift may not be necessary.

Since the partial and full corrections both give a good trend
for the redshift evolution of the galaxy bias, one could argue their
performance are identical in the context of clustering redshifts,
as the measured n,(z) can always be latterly renormalised. With
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Fig. 16. Same as Fig. 15, but for M4, with a smaller photo-z binning
Az = 0.02. The wy, used for M4 is the best-fit model of the full correc-
tion (solid red line).

the correct amplitude for the galaxy bias, evaluating whether the
np(z) measured is directly normalised to unity can provide valu-
able information. Deviations from unity could indicate
— a contamination from systematics, such as the small scale
effect illustrated in Sect. 4.3;
— the photometric sample is not fully covered by spec (and
what is the fraction);
— aproblem with the spectroscopic redshifts, such as interlop-
ers.
In that sense, the full correction performs significantly better
than the partial one. The performance of our bias measurement
may depend on the specific photo-z code and the quality of
the available photometry, and data implementation will have to
address this question.

4.8.2. Comparison of the methods

In this section, we compare the different bias correction meth-
ods introduced in Sect. 3.3.1, including M3 and M4. We aim to
evaluate the bias correction performance, thus we work in an ide-
alised framework with independent bins, no RSD, and no magni-
fication (i.e. the “independent bin” test of Sect. 4.7). We employ
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Fig. 18. Same as Fig. 17 with the SGP fitting.

a redshift slicing Az = 0.05. We report in colours the deviations
on the mean redshift and standard deviation for the six meth-
ods M0-MS, in Figs. 17 (for SSM) and 18 (for SGP). For each
method, we have five realisations by varying the sky patch. We
also give the values for the biases on mean-z and standard devi-
ation in Table D.1, in Appendix D.

We can see that at low-z it is not necessary to correct for
the photometric bias, and spectroscopic correction M1 produces
good estimates. At mid-z it is necessary to correct at least for
the spectroscopic bias, and ideally for both with M3 or M4. At
high-z, it is essential to correct both biases. We observe that M3
performs significantly better than M4 for SSM and SGP; indeed,
the redshift evolution is better captured in Fig. 15 than in Fig. 16.
This difference may be attributed to the fact that smaller slices
are more sensitive to systematic effects, as discussed in Sect.
4.6. Overall, M3 performs similarly to the idealistic M5 and is
consistently the best bias correction method, exhibiting perfor-
mance akin to M1 for low-z (though with slightly larger error
bars).

In conclusion, using M3 for every bin yields unbiased esti-
mates of the mean redshift and standard deviation across all
bins, with uncertainties that fall within the requirements for both
methods. The values presented in these two figures are reported
in Table D.2.
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4.9. Tomographic bin uncertainties

We defined the tomographic bins as equi-populated, based on the
assumption that the uncertainty scales with the total number of
galaxies in each bin. For the 10 spectroscopic samples, we used
1-DESI-BGs, 2-BOSS, 3-DESI-LRGs, 4-DESI-LRGs, 5-DESI-
LRGs, 6-DESI-ELGs, 7-DESI-ELGs, 8-Euclid-NISP, 9-Euclid-
NISP, 10-Euclid-NISP.

In Fig. 19 we plot in red the uncertainty on the mean red-
shift o7({z)) for every tomographic sample, and its standard devi-
ation o(0({z))), evaluated for the five 1000 deg2 sky-patches
with jackknife covariance, with SSM fitting. Interestingly, we
find that the uncertainty is not constant. It remains the same for
the first two samples, then decreases across the next six samples,
before increasing again for the final ones. We also report for the
first two samples, the case of 2500 deg” sky patches in dark red,
and observe a mean-z uncertainty reduction of 40%.

McQuinn & White (2013) predicted that “the linear bias
times number of objects in a redshift bin generally can
be constrained with cross-correlations to fractional error =
\/ 102Ny, (dN,/dz)~1, where Ny, is the number of spectroscopic
redshift slices, and N, the number of spectroscopic galaxies!”.

17" 'We have slightly adjusted the convention to remain consistent with
the rest of our article.
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Fig. 19. Uncertainties on mean-z with SSM fitting for five sky realisa-
tions in red. We also plot the best-fit uncertainty model in blue.

This expression describes how well the redshift distribution
can be measured, whereas we are primarily interested in its
moments. We assume that, at first order, the scaling should
behave similarly, but with a different coefficient, which is com-
plicated to predict because of the complexity of the mean-z fit-
ting procedure. As a consequence, the uncertainty should depend
on the number of spectroscopic galaxies, rather than on the vol-
ume or the number of photometric galaxies. However, for the
low-z bins, the spectroscopic density is sufficiently high, espe-
cially with DESI-BG-like sample, that we might enter a cos-
mic variance (CV) regime. In this case, uncertainties are no
longer sample-dominated (i.e. the shot noise 1/ng is subdomi-
nant). Thus, we introduce a maximum spectroscopic density to
reach the cosmic variance limit n.,, which in principle depends
on z, but that we assume to be constant. Our uncertainty model
is

NAZ
Uz =A - ,
\/VTB min (nspem Ney)

where A is a constant independent of the tomographic bin, and
Vrp is the volume of the tomographic bin.

The equation above also indicates that the uncertainty scales
with the inverse of the square root of the tomographic volume.
This explains why in Fig. 8 of Naidoo et al. (2023), the uncer-
tainty scales as a power law of the survey area A?, and the best-fit
power law is close toy = —1/2.

We constrained the A and n., coeflicients with the set of
tomographic bin measurements using a y> procedure, and report
in Fig. 19 the best-fit model in blue for 1000 and 2500 deg®. We
observe a good agreement, particularly given that we neglected
complications arising from galaxy biases and the mean-redshift
fitting procedure. The uncertainty is largest for the low-z tomo-
graphic bins where the survey volume is much smaller and pre-
cision is limited by the CV regime. For the high-z samples,
the uncertainty increases due to the reduced density of spectra,
which is not sufficiently offset by the larger volume. The best-fit
ney roughly corresponds to the DESI-BGS density divided by a
factor of four (and the BOSS density by a factor of 1.8), and it
only plays a role for the first two bins.

As a result, to achieve consistent uncertainty across
bins with clustering-z, the tomographic bin definition would

oD

need to be adjusted according to an uncertainty model like
Eq. (91). However, the tomographic bin definition is pri-
marily influenced by cosmological constraining power (e.g.
Euclid Collaboration: Pocino et al. 2021), and our results alone
do not provide sufficient grounds to recommend a change in bin-
ning strategy. However, the precision of the mean redshift is one
of the key limiting factors in cosmic shear analyses (see, e.g.,
Reischke 2024), and the impact of bin definitions on the accu-
racy of redshift calibration is often overlooked.

5. Application to the ten Euclid tomographic bins

In this section, we applied our pipeline to calibrate the ten tomo-
graphic bins described in Sect. 2.2. For the spectroscopic sam-
ples, following our recommendation (see Sect. 4.3) we only cor-
related a tomographic bin with one spectroscopic tracer at a time.
We used the following tracers for the different bins: 1-DESI-BGs,
2-BOSS, 3-DESI-LRGs, 4-DESI-LRGs, 5-DESI-LRGs, 6-DESI-
ELGs, 7-DESI-ELGs, 8-Euclid-NISP, 9-Euclid-NISP, 10-Euclid-
NISP. For simplicity, we did not consider the joint constraint of
several spectroscopic tracers covering the same bin, which would
provide additional information. For each bin, we produced sev-
eral independent realisations by selecting distinct patches in Flag-
ship 2. For the first two tomographic bins, we generated two
2500 deg 2 patches, while for the remaining eight bins, we used
five 1000 deg ™2 patches. This approach ensures similar uncertain-
ties across bins, as explained in Sect. 4.9.

The true tomographic bin distribution, and the clustering-
redshifts measurements are reported in Fig. 20. The measure-
ments are visually indistinguishable from the truth. To quantify
how good they are, we show the (optimistic) SSM calibration of
the mean-z and standard deviations in Fig. 21. The results with
the conservative SGP calibration are shown in Fig. 22. For com-
parison, we also plot the previous results of Naidoo et al. (2023)
for the mean redshift (with Flagship1 samples). Our results using
the SSM method are fully successful; for every bin and patch
realisation, we meet the Euclid requirements for the mean red-
shift and shape, unlike prior results. However, as expected, the
"conservative" SGP method yields larger uncertainties and devi-
ations. In particular, for some bins (especially bins 1, 3, and
7), we observe slightly larger deviations and uncertainties than
allowed by the mean redshift requirement. We tested the effect
of increasing the patch sizes by a factor of two and found that
the mean-z bias was reduced on average by 40%, which was suf-
ficient to meet the requirement for all bins.

Part of the improvement to Naidoo et al. (2023) is due to
the use of a larger cosmic volume with Flagship2 instead of
Flagshipl. Nevertheless, with our pipeline we also got signif-
icantly lower mean redshift biases than Naidoo et al. (2023).
The main differences between our pipeline and the previous one
are our estimator (cf. Sect. 4.2), the scale range (cf. Sect. 4.4),
the measurements being evaluated for each spectroscopic tracer
(cf. Sect. 4.3), the bias correction method (cf. Sect. 4.8), and
some improvement in the implementation of SSM and SGP (cf.
Sect. 3.5). We note that we did include the effect of magnifica-
tion contrary to Naidoo et al. (2023). In conclusion, we predict
that clustering-redshifts will be able to satisfy the Euclid require-
ments.

6. Conclusion

We optimised and evaluated the performance of the clustering-
redshifts method for calibrating the redshift distributions of
Euclid tomographic bins.
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Fig. 20. True-redshift distribution of the simulated Flagship2 ten tomographic bins with z, < 1.6 (solid lines) and their clustering-redshifts
measurements with our pipeline, including all systematics and realistic bias correction M3. The first two bin measurements are realised with 2500
deg? sky patches, and the other eight are realised with 1000 deg? sky patches. The dark and light error bars indicate 68.3% and 95.5% uncertainties,

but are barely visible by eye.

Using the Flagship2 simulation, we generated realistic spec-
troscopic and photometric mock samples based on BOSS, DESI,
and Euclid. The photometric sample was divided into ten equally
populated tomographic bins, with a maximum photo-z of 1.6. We
used up to five 1000 deg? patches to fully exploit the volume of
the simulation.

We measured the angular auto- and cross-correlations of
these samples under various methodological choices and inves-
tigated alternative approximations to model the clustering.

From these clustering measurements, we calibrated the
redshift distributions via two distinct methods. One method
involved fitting the data points using a model n(z| py,...) with
free parameters. In practice, a complementary calibration, such
as the self-organising map can be used to define the model (e.g.,
Hildebrandt et al. 2021; Gatti et al. 2022). The other method
relies on Gaussian processes to directly fit the data with-
out assuming a specific model. With the latter, the SOM and
clustering-redshifts calibrations can both be run independently,
or be combined as in the case of DES (Mylesetal. 2021;
Gatti et al. 2022).

In Sect. 4 we investigated and concluded the following about
the clustering-redshifts technique and angular clustering.

— In Sect. 4.2 we argued that the integrated pair-count estima-
tor w'" is a better choice than w® for measuring the inte-
grated clustering (i.e. integrating the ratio DD/RR instead of
taking the ratio of the integrated DD and RR).

— In Sect. 4.3 we explained a potential issue with very small
scales that arises from the one-halo properties of the cluster-
ing. We concluded that scales should always be larger than
1.5 Mpc to limit this problem. We also recommended sepa-
rating the clustering-redshifts measurements for the different
spectroscopic tracers.

— In Sects. 4.4 and 4.5, we ran an optimisation of the scale
range choice and weighting. With the Flagship simulation,
we achieved a good compromise with 1.5 < r, < 5 Mpc
with an inverse scale weighting.
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— In Sect. 4.6 we showed that the optimal spectroscopic slicing
given our tomographic bins and the different systematics was
Az = 0.05.

— In Sect. 4.7 we showed that approximating f dzn*(z)---

(Limber-full-z) with some n%(z) f dz--- expressions
(Limber-1-bin) is the main systematic effect and that magni-
fication has some limited impact on the n,(z) inference.

— In Sect. 4.8 we compared different bias corrections and intro-
duced a way to measure the photometric galaxy bias by split-
ting the TB into smaller bins and interpolating these effective
biases over redshift (i.e. M3). The results of this method were
comparable to the ideal case M5, in which photometric bias
is measured using true redshifts. It should be used as the fidu-
cial correction scheme.

— Finally, we investigated in Sect. 4.9 the dependence of the
mean-z error bars on the clustering-redshifts parameters, and
confirmed that they are mainly driven by the number of spec-
troscopic galaxies that is available in the footprint.

In Sect. 5 we applied the optimised pipeline to calibrate the
Euclid simulated tomographic bins. The calibration performance
using the SSM model met or exceeded the required accuracy,
while the SGP method yielded comparable results, but they were
slightly below the requirements in certain cases. It is important
to note that these results were derived from limited sky patches
with correction methods that can still be improved in future
work. These results represent a significant improvement over the
previous Euclid clustering-redshifts study (Naidoo et al. 2023)
overall and demonstrated that the clustering-redshifts technique
is robust.

Additionally, as discussed in Sect. 2, we assumed that the
Ha sample had a purity of 100%. In reality, however, when
we bin the sample into small redshift intervals, we expect that
some of these galaxies may be interlopers, that is, they might
be located at different redshifts due to noise or a misidenti-
fication of a spectral lines. This situation might significantly
impact clustering-redshifts measurements because photometric
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Fig. 21. Deviations in the mean redshift (fop) and the redshift standard deviation (botfom) for the ten Flagship2 tomographic bins relative to the
true-redshift distributions using the SSM method. The deviations are shown for each bin and sky patch. We consider patches of 2500 deg” for the
first two bins, and 1000 deg? for the others. The Euclid requirements on the uncertainty are highlighted by the shaded area centred around zero.
The uncertainties are consistent across all the bins for the mean redshift and we achieve a clear improvement from previous work shown in red.
For the redshift standard deviations, the uncertainties are slightly underestimated, but this is within an acceptable range given the requirements.
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Fig. 22. Deviations in the mean redshift (fop) and the redshift standard deviation (botfom) using the SGP method for the same bin configuration as
in Fig. 21. The Euclid requirements on the uncertainty are highlighted by the shaded area centred around zero. For some bins (particularly bins 1,
3, and 7), we observe slightly larger deviations and uncertainties than permitted on the mean redshift. However, a clear improvement compared to
previous work (shown in red) is still evident. The redshift standard deviations are unbiased and fall within the required range (shaded sandy area).
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galaxies at a similar redshifts as the interlopers would contribute
to the clustering signal, which would bias the inferred n(z). It
is therefore crucial to determine the fraction of these interlop-
ers and their redshift distribution to correct for this effect. The
clustering-redshifts technique can indeed be used to constrain
the properties of interlopers by cross-correlating the NISP sam-
ple with other spectroscopic data or with photometric data with
priors on their n(z).

As already mentioned in Sect. 4.3, the galaxy-halo connec-
tion implemented in the Flagship simulation might not be accu-
rate, and our statistical estimator might be optimistic. It might
therefore still be beneficial to use larger scales even though they
are not statistically optimal. These larger scales will be used for
the 3 x 2 analysis, which necessitates the generation of a more
complex covariance to accurately propagate the correlation with
the calibration (e.g. the work of Johnston et al. 2025). Although
this approach is more complicated, the advantage is that the dis-
tribution would be free of small-scale potential bias, which may
prove worthwhile.

Finally, we restricted the calibration to galaxies with a max-
imum photo-z of 1.6 because we lack dense spectroscopic sam-
ples above redshift 1.8, which sets a strict upper limit. Clustering-
z for HSC, KIDS, and DES was even more limited than Euclid,
with a maximum redshift of z ~ 1. In the far future numerous
spectroscopic samples from Lyman-break galaxies are expected
to be observed by spectroscopic experiments such as DESI-II,
MUST, and WST (if funded). In a much shorter time frame, QSOs
might be used one could utilise QSOs to cover the redshift range
1.5 < z < 3. These constraints alone would most likely not fulfil
the Euclid requirements because QSOs have a low-density, how-
ever, but they would still provide valuable information.
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Appendix A: Higher-order development of the galaxy bias

We introduced a first-order bias expansion in Sect. 3.1.3
6= bW 6y +0(6n). (A.1)

The two-point correlation between two samples a and b localised at the same redshift is

Eav(0) 1= {04 0p)9 = by bp (OmOm)e + O({Omlm)) - (A2)
We are using the ratio of correlations to infer n(z), as it is equal to unity at main order (cf. Sect. 3.3),
(6
$ar(0) +o(1) . (A3)

V@ En(®)

In this appendix we investigate the impact of second-order terms in the bias expansion on the ratio Eq. (A.3). We can express the
galaxy overdensity 6, perturbatively up to second-order with

8 = b(g') Om + Z b(f; O, + O(ZjOj) , (A4)
J

where O; are a set of second-order fields, with (O;) = 0. We note that we do not consider the stochastic contribution, as we are
working with real-space correlations. For example, in Pandey et al. (2020) and Nicola et al. (2024) they used

(2)

Zb@o = (O =) + g(s2 — (D) + dy V6rn, (A.5)
where bg) is the quadratic bias, s, is the tidal bias, 52 is the trace squared of the tidal tensor, and dg, is the non-local bias. The

correlation between a and b (with possibly a = b) at second order is:

Eap = B B (Omom) + > (7B + B b)) (6w O)) + o £46m O) (A.6)
J

AT o) ,
D 22 e
= b b <6m6m>{1 +;[b£)> * b;”] Gty T2 <‘5"“5‘“>)] v

We note we did drop the 8 index for clarity. Using this relation for the product of the auto-correlation, we get at second order,

b2 bY\ 5.0 > -172
12 _ (DD Ja Jib J {Om O;)
(Saa Eom)” (b by (Om 5“‘)) {1 +Z[2b(1) 2 <1)] (6mOm) (Z @Gmdm) )] (A-8)
J
B2 62 (5005
-1 J.a mO0))

= (pWpWD 56 1— ra 2o 4o om0, ) A9
( a”b ( >> Z bgl) b;l) (EmOm) (Z <5mbm)) (A.9)
(A.10)

Thus, there is no next-to-leading order correction due to non-linearities:

Eab 60 0))

ﬁzl‘FO(z (5m5m>>' (A.11)

Appendix B: Magnification modelling

Here we describe the modelling of the magnification terms cf. Eq. (34). The impact of the magnification change in flux depends on
a parameter s, related to the selection function applied to the sample (Elvin-Poole et al. 2023). In the case of a magnitude threshold,
it is the well-known derivative of the cumulative number count Nﬁ, evaluated at the maximum magnitude,

d
Sy = a[ln N;]mmax. B.1)

Usually, changes in flux and solid angle are concatenated through the coefficient'® @ = 2.5s, — 1.

Evaluating the as is in practice very challenging, since we are rarely considering only one magnitude cut as in Eq. (B.1),
and it requires dedicated works (e.g. cf. the case of two magnitude cuts in Lepori et al. 2025), but is necessary for weak lensing
(Hildebrandt 2016; Elvin-Poole et al. 2023).

18 There are different and confusing conventions in the literature. For instance, sometimes « is given as s, 2.5s, or 5s — 2.
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Fig. B.1. Top panel: The redshift distributions of the photometric sample (blue) and five out of the 20 spectroscopic samples (red) are shown. The
photometric distribution on the left follows a Gaussian with parameters (i, o) = (0.5, 0.08), while on the right, it follows (i, o) = (0.5, 0.16).
Bottom panel: The angular correlation is displayed for clustering only (green), magnification only (red and purple), and their sum (orange). The
values of the coefficients b and « are provided in the legend. Magnification impacts the shape of the angular correlation (sum vs. clustering only)
and may influence the mean redshift, particularly for larger tomographic bins (right vs. left).

The spectroscopic sample is magnified by the matter traced by low-z photometric galaxies, and the matter traced by spectroscopic
galaxies is magnifying high-z photometric galaxies. Neglecting RSD, using the conventions from Krause et al. (2021) and the
Limber approximation, we have

S

(Wiw 20+
full(g) Z c p f dy Z L[(COS 0) Pm (k(x, ©), 2(x)) , (B.2)
ije{DD, Dy, uD} X 14
where c? = b, is the galaxy bias, ¢;; = a, is the magnification coefficient, £; is the Legendre polynomials of order ¢, Py, is the
matter power spectrum, k(y,{) = )? ,and
dz 3Qnm H(z) X - X
WE = n.(2)— d W,=—77+— d'a - . B.3

These expressions are simplified if the spectroscopic sample is localised in a small redshift slice (Az small enough to neglect
redshift variations) centred in z,. In that case, we can model the distribution of the photometric sample by a step function

() = " mp(z) H(AZ/2 ~ Iz - 2, (B4)

i

where H is the Heaviside function, equal to unity for Az/2 — |z — z;| > 0 and O otherwise. We then have

wo (0) ~ b (zs)b p(26) 1p(26) Em(xs) » (B.5)
Dy 3Q, CHy(+z) . AE)-x@)
W (6) = = 2m o ) e 9),; Azay(3y) m(a) = =X (B.6)
D, _ 38m Ho Voo Ho(+ X@) —x@)
W (0) = — j_;_lAsz@,)np(z,) H(z,) D (e O an(z)) @ (B.7)
We can rewrite our magnification term as
M) = ay(z) Z bo(z) mp(z) Djo 20 )+ by(z) D (@) mp(z) D 255 0) B.8)
JZses j=i+l,...
with
3HyQn H, —
D(z, 21, ) = ——" Az 420 Enap, )X XE) )y (B.9)
H(zy) x(@)

Our final expression contains several differences with Gatti et al. (2022). We are taking into account the redshift variation of spec-

troscopic and photometric biases, and a. Our conventions and the sum indices are slightly different (we try to be more explicit).
We illustrate the impact of magnification on angular correlation in Fig. B.1 using toy models. Two tomographic bins are intro-

duced, with Gaussian redshift distributions centred at z = 0.5 with widths o~ = 0.08 and o = 0.16, respectively. The clustering and
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the two magnification terms are evaluated using spectroscopic samples divided into 20 redshift slices with Az = 0.05. We adopt
by=b,=1,a,=1,and a, = —1.

A noticeable difference is observed between clustering alone and the sum of the three effects, indicating that magnification is
not entirely negligible. Since different « values are used for the spectroscopic and photometric samples, the combined effect appears
to be shifted towards lower redshifts, potentially introducing a bias in the mean redshift. Finally, the impact is very limited for the
narrower tomographic bin (left) but becomes more pronounced for the wider bin (right).

This highlights the importance of accounting for magnification effects when using broad tomographic bins. With UNION and
LSST photometry, our bins are projected to be narrower and more localised than DES ones, and thus magnification may be negligible
for Euclid clustering redshifts, even if it was not for DES.

Appendix C: Pair counts

The pair-count between two samples is theoretically given by

D,Dy(ry) = f f 41z (NoNy),, = f f d21dzs No(ar) No(z) (1 +8,)(1 + 8, C.1)

where N(z) = Ny n(z) is the number galaxy distribution. We use galaxy weights to correct selection effects, anisotropies due to
observation conditions or background etc.

C.1. From continuous to discrete

In practice, the pair count is evaluated for a certain distance range r, + Arp. It means that for a galaxy of sample a, we are counting
all the sample b galaxies within an annulus with radius r,’ and width Ar,’. For instance, we use logarithmic binning, for which
Arpi o rpi . Thus, the correlation (including galaxy weights) of Eq. (C.1) is related to the theoretical one through,

27
(1 +6,)( + (sb»f;‘a = f de f A1+ 6+ 8p))y 0~ 27y Ary (14 8)(1 4+ 6p)), - (C.2)
0 rhxArh /2

C.2. Mask and estimator

There is an additional geometrical effect to Eq. (C.2) which is the mask: we do not observe the full sky. The annuli are not perfect
and there is a geometrical correction

(4 )L+ 6p))™ 2 271y Ary T (7p) (L + 8a)(1+ 63))y. (C3)

To correct it, we compare the pair count of the correlated samples, with the ones of uncorrelated samples, submitted to the same
mask, the so-called “randoms”,

RuR,(rp) = NN 271 1 Arh imask(rp) - (C.4)

Comparing different pair counts, we always correct the amplitude, which scales as the number of objects. We usually use 10 times
more randoms than objects, so we multiply DD/RR by 100. This step is done by default in Treecorr.

Computing random-galaxy pair counts, DR [which scales as 2r rl’; Ari, Mmask(7p) as well] is optimal for variance reduction
(Landy & Szalay 1993). That is why our fiducial analysis involves the full Landy—Szalay estimator,

4 Dan — Ran - DaRh + RaRb
wgim(rp) - R.R;

(rp) =1 +8a)(1 +6p) = (1 +64) = (1 +6p) + 1),5 = (64 )i » (C.5)

where we omitted the galaxy number normalisation factors introduced below. A common choice for clustering-redshifts is to use
the Davis and Peebles estimator

Dan - Ran

R.D, P (C.6)

Wab(rp) ~
mainly because there is no need for a random catalogue for the second sample (Davis & Peebles 1983; Gatti et al. 2018;
van den Busch et al. 2020). For Euclid, a random catalogue would be created for the different analyses, so there is no motivation for
using Eq. (C.6) rather than Eq. (C.5).

Appendix D: Systematic errors and bias correction

In this appendix, we provide additional tables to Sects. 4.7 and 4.8. In Table D.1, we report the values of the deviations on the mean
redshift and shape due to the systematic effects. The values are the means over the five sky patches, and correspond to Az = 0.05
and the M5 bias correction. We found similar results with other bias corrections. Finally in Table D.2, we report the values of the
deviations on the mean redshift and standard deviation associated with the bias correction, in the absence of systematic effects.
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Table D.1. Mean redshift and standard deviation bias for the different systematic effects (including none, and all) are reported; Req. refers to the

requirement that needs to be fulfilled.

Bin Configuration Shifted-Stretched Model Suppressed-GP
(2) = (Dhmie (x1000) 0/ = 1 (X100) | (2) = (Dirue (X1000) o/ = 1 (x100)
Independent -1.3+09 0.6+1.4 07+1.9 -02+4.6
Low-z Full bin -0.6+1.2 1.6 +1.7 04+22 1.2+49
Full bin +RSD -0.6+1.2 29+1.8 1.0+£2.2 -2.1+438
Full bin +Magn -13+1.1 04=+1.6 1.9+25 58+7.1
Total -04+1.2 1.0+1.8 24+2.6 56+73
Req. 2.8 10 2.8 10
Mid-z Independent 1.4+ 0.6 22+0.8 1.7+ 1.6 -0.1+3.6
Full bin 1.1+0.8 14+1.0 38+1.9 -22+39
Full bin +RSD 1.8+0.9 29+1.2 38+19 -53+3.7
Full bin +Magn 1.3+0.8 04+1.1 38+1.7 -0.7+3.7
Total 22+0.8 23+1.0 3.8+1.7 -3.1+4.0
Req. 3.8 10 3.8 10
High-z Independent -1.9+1.0 04 +0.6 -0.7+22 1.1+1.9
Full bin -1.0+13 0.7+0.8 02+25 05+2.1
Full bin +RSD -14+13 1.5+0.8 -0.6+23 -0.6+19
Full bin +Magn 1.0+£1.2 -1.8+0.7 23+2.7 40+24
Total 1.1+13 -1.3+0.8 22+2.6 3622
Req. 4.4 10 4.4 10

Table D.2. Mean redshift and standard deviation for the different bias corrections MO-MS5, for SSM and SGP fitting, without systematics (inde-
pendent case in Sect. 4.7); Req. refers to the requirement to fulfil.

Bin Configuration Shifted-Stretched Model Suppressed-GP

(@) = @Dirue (x1000) 02/ =1 (x100) | (2) = (2he (x1000)  0/0 7™ — 1 (x100)
Low-z MO -03+14 0.8+2.0 1.0+2.1 0.5+4.7
Ml -1.1+1.0 03+1.6 0.7+20 0.0+4.6
M2 -1.1+1.0 0.1+15 0.7+1.9 -00+42
M3 -12+1.6 05+24 -0.1+24 05+5.0
M4 -15+1.6 03+24 -05+24 0.8+5.1
M5 -13+09 06+1.4 0.7+1.9 -02+46
Req. 2.8 10 2.8 10
Mid-z M049+06 27+0852+1.6 -0.7+34
Ml 27+0.6 24+083.0+1.7 -02+37
M2 2.7+0.6 24+0.8 29+ 1.7 -0.1+3.7
M3 14+04 20+0.5 12+14 1.1+£3.2
M4 1.5+04 20+0.5 13+14 1.1+3.2
M5 1.4+0.6 22+0.8 1.7+ 1.6 -0.1+£3.6
Req. 3.8 10 3.8 10
High-z MO 170+ 1.2 -5.6+0.7 17.8 £2.6 39+2.1
M1 51+1.0 -1.8+0.7 6.5+2.1 21+19
M2 50+1.1 -1.8+0.7 6.5+2.3 21+£19
M3 -1.8+1.0 04+0.6 -04+2.1 0.7+1.8
M4 -37+1.0 1.1 +0.6 -23+20 03+1.8
M5 -19+1.0 04+0.6 -0.7+22 1.1+1.9
Req. 4.4 10 44 10

Appendix E: Mis-modelling of clustering-redshifts with the one-bin approximation

In Sect. 3.2.3, we introduced an improvement to the modelling to expand beyond this one-bin approximation, which in the context
of M5 bias correction is,
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Fig. E.1. Deviation of the measured n,(z;) to the true distribution, for different slicing Az (points in colours), and the global offset predicted by our
model, which includes correlation at the edge of the slices (solid lines in colours). The points correspond to the measurements for the five patches,
hence the difference in redshift between them is not Az.

(zi) = np(z;) X (1 + P& + A2) n+(z) + ma — Az) n-(z;)
ny(2;) ny(2;)

Wep
AZ\Wes Wpp

Since 1, > 0, we expect to measure n(z) with a norm higher than unity. The global offset should be approximately

Wep

—F———@ = 1+n.(2) +1n-({2)). (E.1)
; AZAWss Wpp T 7

In Fig. E.1 we show the ratio of the measured 7,(z;) to the true distribution, for three slicing Az, and the five sky patches. We

also report the offset predicted from Eq. (E.1) for each Az. We observe consistency between the points and the rough prediction.
Concatenating the measurements from the different redshift slices, we can express the correlation as

wyp(0) = B, B, An, (E2)

where n = {n(z;)}i=1..», By are diagonal matrices representing the galaxy biases, and A is a tridiagonal matrix, easily invertible,
with unity on its diagonal and smaller terms (corrections) on the first off-diagonals. We attempted to implement Eq. (E.2) for the
inference of 7,(z) by replacing the one-bin modelling with three-bins. We did not observe a significant improvement in the bias
on the mean redshift compared to the standard renormalisation procedure, however. In Fig. E.1, we note that points from different
patches at similar redshifts (visible as groups of 5 points corresponding to the 5 patches in the high-z bin) are spread over a wide
range, despite the true distributions being very similar across the patches. This behaviour could be attributed to substantial sample
variance, which might explain why three-bins perform similarly to one-bin. Additionally, we observe that three-bins still exhibit
significant deviations in Fig. 2, highlighting the challenges of improving one-bin modelling despite our efforts. We note that in Fig.
14, the measurements for 0.75 < z < 0.85 are systematically under the true n(z) for Az = 0.02, 0.05, which might cause the positive
shift in mean redshift. This under-correlation is also visible in Fig. E.1. We did not identify its cause.
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