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ABSTRACT

Context. Determining cosmological parameters with high precision, as well as resolving current tensions in their values derived from
low- and high-redshift probes, is one of the main objectives of the new generation of cosmological surveys. The combination of
complementary probes in terms of parameter degeneracies and systematics is key to achieving these ambitious scientific goals.
Aims. In this context, determining the optimal survey configuration for an analysis that combines galaxy clustering, weak lensing,
and galaxy-galaxy lensing, the so-called 3 x 2pt analysis, remains an open problem. In this paper, we present an efficient and flexible
end-to-end pipeline to optimise the sample selection for 3x2pt analyses in an automated way.

Methods. Our pipeline is articulated in two main steps: we first consider a self-organising map to determine the photometric redshifts
of a simulated galaxy sample. As a proof of method for stage IV surveys, we use samples from the DESC Data Challenge 2 cata-
logue. This allows us to classify galaxies into tomographic bins based on their colour phenotype clustering. We then explore different
redshift-bin edge configurations for weak lensing only as well as 3 X 2pt analyses in a novel way. Our method explores multiple
configurations of perturbed redshift-bin edges with respect to the fiducial case in an iterative manner. In particular, we sample tomo-
graphic configurations for the source and lens galaxies separately.

Results. We show that using this method we quickly converge on an optimised configuration for different numbers of redshift bins and
cosmologies. Our analysis demonstrates that for stage IV surveys an optimal tomographic sample selection can increase the figure
of merit of the dark energy (DE) equation of state by a factor of ~2, comparable to an effective increase in survey area of ~4 for

non-optimal photometric survey analyses.
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1. Introduction

In the current era of precision cosmology, surveys such as Euclid
(Euclid Collaboration: Mellier et al. 2025) or the Legacy Survey
of Space and Time (LSST; Ivezi¢ et al. 2019) from the Vera C.
Rubin observatory are expected to provide data for more than
a billion galaxies up to high redshift. In this scenario, the weak
lensing (WL) and galaxy clustering (GC) probes, which measure
excess correlations in the apparent shear and position of galaxies
as a function of angular separation, respectively, will allow for
unprecedented insights into the expansion history and growth
rate of the large-scale structure (LSS) of the Universe. This
will provide a significant improvement in cosmological param-
eter constraints as well as in the characterisation of dark energy
(DE). In addition, recent results from the Dark Energy Spec-
troscopic Instrument (DESI) collaboration (Abdul Karim et al.
2025) have shown deviations from A cold dark matter (CDM)
of notable statistical significance in favour of dynamical DE.
In light of this, there is increased interest in testing wow,CDM
models with galaxy survey probes.

Since the LSS is sensitive to the influence of both dark
matter and DE, the statistics of GC and WL allow for a map-
ping of the distribution of matter through space and time. GC
requires some assumptions over the relation between dark and
baryonic matter, and can only correctly trace dark matter as
long as this relation, encompassed in the galaxy bias param-
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eters, is fully characterised (Desjacques et al. 2018). In con-
trast, WL is a direct tracer of dark matter. Combining the
two probes, as well as galaxy—galaxy lensing (GGL), allows
for a more robust analysis method by breaking degeneracies
present in individual probes (Salcedo et al. 2020; Tutusaus et al.
2020). Combining the three probes as well as their corre-
lation is what is called 3 x 2pt analysis, which has been
extensively used with current observations (Abbott et al. 2022;
Heymans et al. 2021) and will be used for stage IV surveys
(Euclid Collaboration: Blanchard et al. 2020; Zuntz et al. 2021;
Prince et al. 2025).

Optimising the sample selection for a single probe may not
result in the optimal sample selection for a different probe. More-
over, in a realistic 3 X 2 pt analysis the interplay between the
different probes and their cross-correlations requires the optimi-
sation to be done for the full set of probes involved. However,
direct numerical attempts to find an optimised tomographic red-
shift bin configuration are hindered by the high computational
cost of running a Bayesian inference pipeline at every step of the
optimisation.

Several efforts have previously been performed in the
literature to optimise the sample selection, some (e.g.
Euclid Collaboration: Pocino et al. (2021), Wong et al. (2026))
focussing on comparing equally populated and equal-width
tomographic redshift bins, and others (e.g. Kitching et al. 2019;
Sipp et al. 2021) presenting more general optimisation meth-
ods limited to a lower number of redshift bins with lensing
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alone. Several methods presented in Zuntz et al. (2021) attempt
to improve the tomographic configuration by optimising the clas-
sification of galaxies into redshift bins. In this work we follow a
different approach whereby we do not limit our exploration to a
pre-defined set of possibilities (e.g. equally populated vs equal-
width tomographic bins) and in this way we allow for different
tomographic configurations to be tested. Nevertheless, we do not
perform a completely general study of possible samples either,
as that results in an intractable amount of possible configura-
tions (e.g. for more than three tomographic bins a completely
brute-force search of the optimal sample selection is already
intractable, as is shown in Sipp et al. 2021). Instead, we opt to
optimise the tomographic bin edges separately for source and
lens galaxy populations in an iterative manner, starting from the
equally spaced redshift bin case!. For the proof of method pre-
sented in this paper, we performed the optimisation for dynamic
DE cosmology, using a tomographic 3 X2 pt analysis. Our imple-
mented end-to-end pipeline is rather efficient, yielding a feasible
computation time to converge into a robust solution (~1200 CPU
hours). Our results show that using this method one can sig-
nificantly improve the cosmological constraints (up to a factor
of 2.5 in some cases) with respect to non-optimal tomographic
analyses.

We have created a framework for tomographic optimisation
that consists of an algorithm to run a pipeline of cosmological
parameter inference based on the Cosmological Survey Infer-
ence System (CosmoSIS, Zuntz et al. 2015). We use as input data
a photo-z catalogue that we generated based on a simulation. The
constraining power for each of the studied samples was obtained
using a Fisher matrix forecast technique.

The paper is organised as follows. In Sect. 2 we describe the
mock data and the method of obtaining the photo-z catalogue
that we used as an input. In Sect. 3 we present the formalism
of the 3 x 2pt pipeline as well as the tomographic optimisation
algorithm. In Sect. 4 we show the results of the optimisation for
two sets of cosmological parameters. In Sect. 5 we discuss our
results and compare them against those available in the litera-
ture. Finally, in Sect. 6 we present the main conclusions of the
analysis.

2. Mock input data

The method of tomographic optimisation introduced in this work
requires an input photo-z catalogue. As we describe below, our
input mock dataset does not include photo-z, and thus we opted
to generate a stage-IV-like photometric galaxy catalogue using
a self-organising map (SOM). For this purpose, we estimate
photo-z based on each galaxy’s ugrizy-band fluxes using a SOM.
The SOM implementation closely follows a similar algorithm
presented in Kitching et al. (2019). Instead of using band fluxes
directly, we work in colour space, defining the following colours:
u—g,g—r,r—i,i—z,and z —y.

2.1. Simulated data

The data that we used comes from the DESC Data Chal-
lenge 2 (DESC DC2, Abolfathi et al. 2021), and consists of
a simulated galaxy catalogue mimicking a small patch of the
expected observations of the future Rubin Observatory. We
downloaded our samples using CosmoHub (Tallada et al. 2020;
Carretero et al. 2017). DESC DC2 is based on the CosmoDC?2

! 'We have checked that starting from equally populated z-bins we get
consistent results.
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simulation (Korytov et al. 2019), (Abolfathi et al. 2021). It cov-
ers ~440 square degrees with photometric data of galaxies up to
redshift 3 in the ugrizy bands. The simulation was created as part
of the preparation for LSST (Zuntz et al. 2021; Moskowitz et al.
2023), which is expected to provide an unprecedented amount
of astronomical data that will enable scientists to address a
wide range of critical questions in observational cosmology, con-
straining the nature of DE and dark matter and providing a better
understanding of how galaxies form.

The DESC DC2 simulation includes several key features that
make it an ideal tool with which to study these phenomena. First,
it includes a large number of galaxies, modelled using sophisti-
cated algorithms that take into account a wide range of physical
processes, such as star formation, gas dynamics, and feedback
from supernovae and black holes. Second, the simulation cov-
ers a large volume of space, spanning over 440 square degrees
on the sky, with a high level of detail and resolution. The Cos-
moDC2 catalogue is based on the Outer Rim simulation, an N-
body halo simulation by Heitmann et al. (2019) that assumes a
ACDM model with the cosmological parameters being the mat-
ter density Qn,, = 0.27, the baryonic matter density Q, = 0.045,
the spectral index ng = 0.963, the dimensionless Hubble parame-
ter & = 0.71, and the amplitude of matter fluctuations in spheres
of 8 Mpc/h g = 0.8. Since it assumes ACDM, the values for
the DE equation of state parameters are wg = —1 and w, = 0. It
consists of a 4.225 Gpc? box with a 10.240° particles and a reso-
lution of 2.6 x 10° M, producing 101 snapshots from a starting
redshift of z = 10to z = 0.

We assumed the simulation cosmology when performing
our analysis, except for the addition of dynamical DE with the
wow,CDM model, which included the following dynamical DE
modelling with a varying equation of state parameter:

ey

w(z) =wo+w <
0 a1+Z’

where wy corresponds to the value of the equation of state param-
eter today and w, parametrises the variation in the dynamics of
DE over redshift (Linder 2003; Chevallier & Polarski 2001). In
this context, the optimisation we performed was to minimise the
errors around the reference cosmology of the simulated data we
used, ACDM, across the wow,CDM model parameters.

The catalogue contains the fluxes, positions and shear of the
galaxies. We used the colours defined as the differences in mag-
nitude of pairs of fluxes, propagating the flux errors into colour
errors. The photo-z estimation for each galaxy was performed
using the galaxies’ colour vector and associated error.

2.2. Photo-z estimation

A SOM is essentially a method of reducing the dimensionality of
high-dimensional data by projecting it onto a lower-dimensional
representation. It consists of a two-dimensional grid map com-
posed of n; X ny discrete points called neurons or voxels. Each
voxel (j, k) in this grid has an associated m-dimensional weight
vector w j, where the indices jk specify the voxel’s position on
the map. In particular, the weights have five dimensions corre-
sponding to the five colour values that each galaxy has. Initially,
these weight vectors are set to random values. During the train-
ing process, the SOM algorithm iteratively adjusts these weights
so that voxels with similar weight vectors become clustered
together on the map. This creates a topology whereby galax-
ies with similar colour phenotypes will be mapped to nearby
regions.



Alemany-Gotor, M., et al.:

Once training is complete, individual galaxies are assigned
to specific voxels based on the best match between the galaxy’s
observed colours and the weight vectors of the voxels, typically
using a minimum distance criterion. The photo-z estimation is
then performed by assigning to each galaxy a redshift value
using the n(z) distribution associated with its matched voxel. The
n(z) of a given voxel is composed of the spectroscopic redshift
of the training galaxies that were assigned to that voxel. Thus,
the SOM reduces the dimensionality of our data and allows for
both photo-z estimation and for the possibility of selecting phe-
notypically similar galaxies based only on their proximity on the
map. More details on the specific implementation of the SOM
are given in the Appendix A.

2.2.1. Training and photo-z galaxy catalogues

For our training sample, we selected an r-band magnitude-
limited (<24.0) sample in a patch of 4 square degrees, contain-
ing ~10° galaxies. The patch size was selected so that the num-
ber of galaxies was similar to the sample used for the train-
ing of a SOM in Masters et al. (2015). Our photo-z galaxies
were selected by an r-band magnitude cut at <24.5 leading to
a galaxy sample that contains ~1.3 x 107 photometric galax-
ies over a patch of 225 square degrees. The magnitude cut for
the photometric galaxy sample was chosen to resemble stage IV
forecasts (Euclid Collaboration: Pocino et al. 2021). The magni-
tude cuts of the training sample are optimistic and motivated by
the need to achieve a meaningful level of high-redshift galax-
ies. This is because the ultimate goal of our work is to present
a tomographic sample optimisation method for a stage-IV-like
photometric galaxy sample and our training galaxy sample was
adjusted accordingly. Finally, we also selected galaxies with a
true redshift below z = 2 for both catalogues. This is because
introducing galaxies above that redshift will worsen the general
performance of the SOM without providing an adequate char-
acterisation of those high redshift galaxies. We note, however,
that this selection should not limit the general validity of our
approach for stage IV experiments, as we cover a redshift range
comparable to current or future surveys. We present a quantita-
tive analysis of the performance of the photo-z estimation using
the SOM in Sect. 2.2.2.

2.2.2. Performance evaluation

We evaluated the performance of the SOM in properly assign-
ing photo-z to galaxies based on their colours. Since the data
that we used were generated with a simulation, we knew the true
redshift of the galaxies in the catalogue. This allowed for a pre-
cise characterisation of the performance of the photo-z estima-
tion method. We also compared the distributions of the true red-
shift and of the SOM-estimated photo-z in the top panel of Fig. 1,
where the photo-z distribution closely matches the original. The
number of galaxies at high redshift in the training sample is low,
leading to poorer photo-z for high-redshift galaxies. The SOM
photo-z n(z) resembles the true redshift n(z) nonetheless, even at
high redshift.

In the bottom panel of Fig. 1, we evaluate the performance
of the SOM through the use of three metrics: the outlier rate,
HUo.15, the bias, b,, and the normalised median absolute devia-
tion, onmap. These metrics together provide an assessment of
the accuracy of the photo-z estimates produced by the SOM. The
Ho.15 metric quantifies the fraction of so-called catastrophic out-
liers and is a measure of the representativeness of the spectro-
scopic sample. Catastrophic outliers occur mostly due to degen-
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eracies in the relation between colour and redshift of galaxies,
whereby the spectral energy distribution is compatible with mul-
tiple voxel colour profiles. It is defined as

N
Z <|th - Zsp| > 0.15(1 + Zsp)) P (2)
i=1

13

1
Ho.15 = N

where N is the number of galaxies, zp, is the photometric red-
shift, and z, is the spectroscopic redshift (in our case, the true
redshift of the galaxy). Galaxies whose assigned voxel is empty
were discarded, removing misfit galaxies that could result in
catastrophic outliers. This resulted in 5% of the galaxies in the
photometric catalogue being discarded. The percentage of galax-
ies that are discarded depends on the representativeness of the
training sample. A less representative training sample n(z) will
result in a higher percentage of discarded galaxies.

The normalised median absolute deviation (0’NmaD) gives us
an estimate of the dispersion of the sample that is less sensitive
to catastrophic outliers. It primarily quantifies the quality of the
photometric data rather than the representativeness of the sam-
ple. It is defined as

oxmap = 1.4826 x median (jzpn — zepl — median(lzgn — zepl)) -
3)

The b, bias of the photo-z catalogue measures possible system-
atic offsets in the estimation. It does so by measuring the slope
between the true redshift and the SOM photo-z. Different possi-
bilities can result in a non-zero b,. Since our simulated galaxy
catalogue is limited to z < 2 but our photo-z can be estimated to
be slightly higher because of the use of Gaussian fits to the n(z)
of a given voxel, we can expect a slightly positive bias. The bias
is defined as

b= <th - Zsp> . (4)

An outlier rate of up;s = 0.013 and onmap = 0.025
is similar to other photo-z catalogues used in tomographic
configuration analysis; for example, the optimistic case in
Euclid Collaboration: Pocino et al. (2021). We also expected a
slightly positive bias b,, which we do find. Our estimated photo-
z galaxy catalogue is thus similar to other stage IV forecasting
work.

3. Methodology
3.1. CosmoSIS pipeline of cosmological parameter inference

Our pipeline of cosmological parameter inference is based on the
CosmoSIS framework. In this section we detail the configura-
tion of the pipeline and outline the modelling of the observables
as well as the systematic effects. We closely followed the pub-
lic DES-Y3 pipeline (more details in Abbott et al. 2022), using
a similar treatment of non-linearities and imposing compara-
ble priors on our nuisance parameters. Our matter power spec-
trum was generated using CAMB (Howlett et al. 2012; Lewis et al.
2000) as implemented in the corresponding CosmoSIS module,
with the non-linear power spectrum being generated using the
Halofit (Takahashi et al. 2012) recipe as implemented in CAMB.
The matter power spectrum was then used to generate
the predictions of the three data vectors of 3 X 2pt: the
angular power spectrum for cosmic shear (C}”), GC (C3®),

and their cross-correlation (C{%y). We computed the values
for each C;, in 60 logarithmically spaced bins from ¢
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Fig. 1. SOM performance evaluation. The top panel shows the nor-
malised distributions of the true redshift of galaxies from the simu-
lated catalogue (blue), of the estimated photo-z generated with the SOM
(orange), and of the sample used to train the SOM (green). The bottom
panel shows the performance of the SOM in the estimation of the photo-
z of galaxies.

10 to ¢ = 1500, which is in line with the pessimistic
case presented in Euclid Collaboration: Blanchard et al. (2020).
We went beyond the Limber approximation between multi-
poles 10 and 200 by following the approach from Fang et al.
(2020) as implemented in CosmoSIS, which also includes
redshift space distortions (RSDs). The RSDs are a source
of systematic uncertainty resulting from the effect of pecu-
liar velocities of galaxies on their measured or estimated
redshift and we included them in the prediction of the
GC data vectors, where the effect is most significant. The
power spectra under the Limber approximation are given
by

S D

cri fox iy qy()(;zy(x) P, (f + 1/2,z(x)) ’ 5)
I |

ngvij ) j: iy qg(x)zzg(x) P, (5 +X1 /2,2, Cv)) ’ ©
T D

i fox iy qy()(;czzg(x) P. (f +X1 /2’Z W)) ’ o

where Py, is the matter power spectrum, y is the comoving angu-
lar diameter distance, yy is the comoving distance to the horizon,
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and the indices ij denote the tomographic bins. The kernel func-
tions, g(y), are defined as follows:

i _ 3H59m th roigo 1 X 3
q,(x) = 2c2a(X)X i ', (x )( —)7), 8
i i i dz

q,(x) = b'(z(x)) ng(zc\())a ) 9

where n},(z(x)) and n(z(y)) are the redshift distributions of the

source and lens galaxies respectively, and b'(z(y)) is the linear
galaxy bias.

3.1.1. Systematic effects

In order to achieve our goal of optimising the tomography for a
realistic stage-IV-like survey, we have to implement the appro-
priate modelling of systematic effects into our pipeline. In this
section we outline our treatment of systematic effects. Since the
nuisance parameters of the source and lens galaxies distribu-
tions as well as the galaxy bias and shear calibration parame-
ters depend on the galaxy distributions, we computed them for
each tomographic realisation (both for the lens and the source
samples).

We employed a linear galaxy bias model in our ana-
Iytic data vectors. For a sufficiently realistic estimation of
the fiducial values of the galaxy bias, we used the polyno-
mial fit presented in Euclid Collaboration: Lepori et al. (2022),
which is representative of a stage IV survey like Euclid. The
estimation of the fiducial galaxy bias in each bin is given
by
b(Zavg) = 0.5125 + 1.377 7495 + 0.222 szg -0.2497

avg

(10)

with z,,¢ being the average redshift of the galaxies in the tomo-
graphic bin.

On the other hand, WL measurements are affected by the so-
called intrinsic alignment (IA) of galaxies, whereby gravitational
effects result in a correlation in the orientation of galaxies due to
tidal gravitational fields. This correlation can mimic or contami-
nate the shear signal produced by gravitational lensing. It is thus
necessary to take IA into account in our modelling to avoid a
bias in our cosmological constraints (Heavens et al. 2000).

We used the tidal-alignment tidal-torque (TATT) model
(Blazek et al. 2019) as implemented in the CosmoSIS framework
in order to model for IA effects. The TATT model is a perturba-
tive expansion of the linear density field to the second order, with
the intrinsic shear of galaxies being described by

1
’yll? = Cl Sij+C2 (sikskj— §S2)+C15(5Sij) , (11)
where s;; is the tidal tensor and C and C, are defined as
_ Qn [(1+z @
C = A1C1Pcrit—— , 12
1(2) 1 lpcrtD(Z) (1 +Z()) (12)
- Qn (1+2z\%
Cy(2) =5A,C1peris——— , 13
2(2) 2C1p ZDZ(Z)(1+Z0) (13)

with p.; being the critical density of the Universe, D(z) being
the linear growth function, zp being the pivot redshift, and the
free parameters of the model being A, A, @1, and @;. The term
C\s is related to C; through the tidal alignment bias, bra, as in
Cis = bra C;. This model captures the complexity of IA for
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Table 1. Fiducial values for the systematic effects in our IA modelling,
shear calibration, and n(z) errors.

Parameter  Fiducial value Step size
Cosmological parameters

Wwo -1.0 1.6 x 1072
Wq 0.0 1.6 x 1072
Qn 0.27 42x1073
Qp 0.045 7.2x107*
ng 0.96 1.5x 1072
h 0.71 1.1x 1072
In(10'°4) 3.0 4.8 x 1072
Intrinsic alignment parameters

A 0.7 20x 107"
A -14 2.0x 107!
aj -1.7 2.0x 107!
o2 -2.5 2.0x 107!
brta 1.0 4.0x 1072
20 0.62 -

Shear calibration parameters

m_i 0.0 4.0x 1073
Lens photo-z errors

Az; 0.0 20x 1073
o 1.0 1.6 x 1072
Source photo-z errors

Az; 0.0 40x 1073
Galaxy bias

b; By Eq. (7) 1.6 x 1072 b;
Magnification bias

Si By Eq. (14) 1.6x 10725

Notes. The step sizes for the numerical derivatives are discussed in
Sect. 3.1.3.

galaxies with different morphologies, while also aiding in the
modelling of IA dynamics at smaller and more non-linear scales.

We also considered a shear multiplicative bias, m;, to account
for uncertainties in the shear calibration that takes the form
Yi= A +m)yi, (14)
where i denotes the bin index, vy; the true angular correlation
function, and ¥; the observed angular correlation function. This
correction is necessary because small errors in the shape mea-
surement can systematically overestimate or underestimate the
amplitude of the shear signal.

The rest of the systematic effects are related to the photo-
z distribution for the lens and source galaxy redshift bins and
account for either deviations in the mean of the distribution
of both lens and source bins or for deviations in the width of
the distributions of lens galaxies. This procedure is similar to
Porredon et al. (2022), where only a shift in the mean of the
source galaxies is considered. This is because the uncertainties
in higher-order modes of the source n(z) besides the mean are
negligible. More details on the priors of the photo-z nuisance
parameters are presented in Appendix B.

Another source of systematic error that we model in our
pipeline is magnification. Magnification is a gravitational lens-
ing effect by which the apparent size and the flux of source
galaxies are modified. This distortion can affect clustering mea-
surements and bias the angular power spectra of GC and
GGL. We include modelling of magnification as implemented in

CosmoSIS, where the GC and GGL angular power spectra are,
respectively:

Cé%g,obs _ Cfg +(55;—2)2 Ci+2(5si—2) c¥,
Cf:/(’,obs — C?"’ + (SSi — 2) C;K/ 5

15)
(16)

where « refers to the magnification field, C}* is the angu-
lar power spectra for the magnification-magnification corre-
lation, and Cf'( is the galaxy count-magnification correla-
tion. Similarly to the case for the galaxy bias, the estima-
tion of the fiducial magnification bias of each redshift bin is
based on a fit based on Euclid mission-like simulations from
Euclid Collaboration: Lepori et al. (2022):

-0.01132

5i(2) = 0.0842 + 0.0532 2,05 + 0.298 2 Jes (D)

avg

with z,y, being the average photometric redshift of the galaxies
in a given tomographic redshift bin.

3.1.2. Covariance matrix estimation

We considered a Gaussian covariance for our observables and
generated it with the implementation in CosmoSIS. Since the
purpose of our work is the relative improvement in the constrain-
ing power of a given sample selection choice, we did not con-
sider higher-order terms like non-Gaussianities or super-sample
covariance effects in our forecast, for simplicity. The equations
to model our covariance are as follows:

- 1
Cov(C()*8,c(t)*F )=z ——— .
ov( 0", €y ) @0+ 1) fg Al
[(COY + NG YC@)sP + N5P
HCWHE + NEYC@E + NE)| oeer (18)

where A and B go through the probes of GC, WL, and GGL and
the indices i, j, k, and [ refer to the tomographic bins. The N{}B
describes the noise terms, which are the following:

K
NSC =L, (19)
n;
25K
Ni‘yL = # , (20)
7
NGO =, 1)

where 7; is the density of galaxies per unit of area of the sky for a
given tomographic bin and o = 0.3 is the ellipticity dispersion
of the galaxies in our catalogue, chosen to be similar to compara-
ble forecasts (e.g. Euclid Collaboration: Blanchard et al. 2020).
The density of galaxies per bin will depend on the way in which
the tomographic configuration is defined, with the total den-
sity of galaxies being ~11 gal/arcmin®. We set the fraction of
observed sky at fgy, = 0.367, illustrative of stage IV experiments
(e.g, Euclid). The number density depends mostly on the magni-
tude cut for the training sample of the SOM. Fainter magnitude
cuts will result in a larger number density but introduce an unre-
alistic characterisation of high-redshift galaxies.

3.1.3. Fisher formalism

In order to forecast the constraints on cosmological param-
eters under various configurations of analysis, we employed
the Fisher formalism, as has been done in other works
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with forecasting for stage IV surveys (e.g. Zuntz et al. 2021,
Euclid Collaboration: Blanchard et al. 2020). The Fisher matrix
quantifies the information on cosmological parameters given a
set of observables after imposing several assumptions. One of
these consists of assuming Gaussian posteriors and then sam-
pling the gradient along an axis. This allows for the estimation of
the expected uncertainties in the parameters as we test different
tomographic configurations. In the case of LSS observations, the
Fisher matrix can be used to estimate the expected constraints on
the parameters of the wow,CDM model given a set of data vec-
tors for 3 x 2pt.

Given an observed dataset, Q, with a likelihood function,
L(Q|6), depending on a set of parameters, 6, the Fisher matrix,
F o, for a pair of parameters, 6, and 6, is defined as

P d*InL
P\ 060,005
where In L is the natural logarithm of the likelihood function.
The inverse of the Fisher matrix, F;g, is an estimate of the
covariance matrix of the parameters.
For our case with 3 x2pt, which includes WL, GC, and GGL,

the Fisher matrix is given in terms of the previously defined
covariance as

(22)

Cmax

Fa,ﬁ =
Cmin ABA’B’ ijkl
ACLB (L) ACEE ()
i 'B’ kl
56 Cov (cOf.cy”) —g— . (23)

where the indices ABA’B’ represent the probes, ijkl represent
the tomographic bins, and 6,65 represent the parameters of the
model.

We used CosmoSIS to compute the Fisher matrix numeri-
cally with the covariance matrix computed with the same code.
The resulting Fisher matrix was used to estimate the expected
constraints on the cosmological parameters of interest and to
determine the optimal tomographic configuration for different
scientific goals. We did that by quantifying the information
about a given set of parameters using the commonly used met-
ric called figure of merit (FoM), as defined in Wang (2008) and
Albrecht et al. (2006):

FoM = ,/det Fyp, 24)
where F,p is the marginalised Fisher sub-matrix for a set of
cosmological parameters. In this way, we can quantify, using a
single value, the improvement in the constraints after the sam-
ple selection optimisation is performed. In order to compute the
Fisher matrix, we evaluated numerical derivatives of the observ-
ables with respect to each parameter. These derivatives were cal-
culated using finite differences and the step sizes for each param-
eter are described in Table 1.

3.2. Tomographic optimisation

In order to construct the tomographic bins that would be used as
the source and lens samples for 3 X 2pt, we selected groups of
voxels according to a given criterion and defined the bins with all
the galaxies that had been assigned to each of the voxels during
the photo-z estimation. Our method uses photo-z as the quantity
by which to classify voxels into tomographic bins. Trying to find
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Fig. 2. FoM for wow, as we increase the number of redshift bins gen-
erated by assigning galaxies to the equally spaced or equally populated
redshift bins.

the optimal configuration by selecting any possible voxel com-
bination is computationally intractable, even when using hyper-
parameters to reduce the dimensionality of the selection (e.g.
Sipp et al. 2021), and thus alternative methods of quickly test-
ing and optimising tomographic configurations are needed.

We selected the redshift bins by defining non-overlapping
redshift ranges and grouping all the voxels with an average red-
shift within that range. The tomographic configuration to be used
for stage IV surveys is still an unsettled issue; surveys such
as KiDS-1000 (Asgari et al. 2021) or the Hyper Suprime-Cam
(Dalal et al. 2023) used equally spaced redshift bins, while DES-
Y3 (Abbott et al. 2022) or KiDS Legacy (Wright et al. 2025)
used equally populated bins. The best-performing tomography
between equally populated and equally spaced redshift bins will
depend on factors such as the number of bins and survey char-
acteristics such as the redshift range. In Fig. 2 we present the
performance of these two configurations measured with the FoM
for the set of the two DE equation of state parameters. Equally
populated redshift bins outperform equally spaced bins for an
intermediate number of redshift bins, while equally spaced bins
are best for a higher number of bins, similar to the results by
Euclid Collaboration: Pocino et al. (2021).

Our method of improving the selection of redshift bins takes
the equally spaced case as a starting point for the tomography
optimisation®. By sampling the space of non-overlapping red-
shift bin configurations, we attempt to find better configurations
with feasible computation times even while employing a realistic
pipeline of analysis.

Finding an optimal tomographic configuration for 3 X 2pt
analysis requires taking into consideration source and lens galax-
ies” mutual dependence. Since the optimal tomographic con-
figuration for the source galaxies depends on the configuration
for the lens galaxies and vice versa, both configuration spaces
should be sampled simultaneously. In practice, this is much
less efficient, as we discuss in Appendix D; thus, an alterna-
tive method must be employed. We decided on sampling by
alternating between the source and lens bin configurations iter-
atively. That is, we ran our Fisher pipeline of analysis fixing
the tomography of the source galaxies while varying the lens’
tomography or vice versa, sampling 200 randomly perturbed

2 But we note that we get consistent results when starting from equally
populated bins, as is shown in Appendix C.
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Fig. 3. Improvement in the FoM for wow, as we iteratively optimise the
source (S;) and lens (L;) tomography.

tomographic configurations per iteration. The perturbations to
the tomographic configuration consist of a displacement of the
edges of each bin in the form of a Gaussian noise with a standard
deviation equal to the half-width of the bin, discarding overlap-
ping edges. After running each iteration, the tomographic con-
figuration that yields the highest FoM for a given sample was
fixed while perturbed configurations of the other sample were
explored, with this being repeated until the FoM converged.

In Fig. 3 we show the performance of this method by opti-
mising the tomography for a fiducial case using eight red-
shift bins. Our reference is the FoM for equally spaced red-
shift bins and the improvement in FoM increases over the first
few iterations over source and lens tomographic optimisations
before rapidly converging, demonstrating the effectiveness of
our method in reaching an optimised redshift bin. The compu-
tational resources needed to perform a single iteration are 1200
CPU hours for the most expensive case with ten redshift bins.

The evolution of the optimised FoM over five iterations is
similar for other numbers of redshift bins, coinciding in that,
after two iterations sampling the source galaxies binning and
two iterations sampling lens galaxies binning, the algorithm has
basically converged. Based on this, we implemented our method
for different science cases and different numbers of redshift bins
limited to four iterations. We also present a brief discussion
regarding the numerical stability of the Fisher matrices as com-
puted with CosmoSIS in Appendix E.

4. Results

Having validated the methodology for the optimisation method
and determined a convergence criteria based on a set of test
cases. We then proceeded to apply it to different numbers of
redshift bins (from 3 to 10) and optimised for two different tar-
gets: the FoM for wow, alone, optimising for the improvement of
the constraints for the two parameters irrespective of the effect
on the constraints on the rest of the parameters of the model,
and the FoM for the whole set of cosmological parameters of
wow,CDM.

4.1. Tomography optimisation for 3 x 2pt analysis: wow,

Differentiating evolving DE models from ACDM requires a pre-
cise measurement of the dynamics of structure formation over
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very large timescales. For this reason, low-redshift surveys strug-
gle to detect such subtle effects. Stage IV surveys that reach
higher redshifts will be able to better characterise the wy and w,
parameters. We show that optimising the tomographic configura-
tion specifically to maximise information about the DE equation
of state parameters results in substantial improvements in their
constraints.

The first iteration of the optimisation process samples dif-
ferent configurations for the tomography of the source galaxies,
while fixing the tomographic configuration of the lens galaxies
to the equally spaced case. As we see in the ‘S1’ line in the top
panel of Fig. 4, this first sampling of only the source sample does
not lead to a major improvement in the FoM. However, with the
second iteration of the algorithm, fixing the source sample to the
best-performing tomography and sampling the lens configura-
tions, the improvement in our metric increases further. Subse-
quent iterations may help with the stability of the optimisation
by reducing the variance in the FoM of the optimised configura-
tion but do not increase the FoM any further.

The resulting FoM after applying our optimisation method is
shown in the top panel of Fig. 4, where we see an improvement
in our FoM of around two-fold for configurations including a
relatively large number of redshift bins (Nyins > 5). A certain
degree of variability in the convergence is present, mostly at a
lower number of redshift bins. Despite the inherent variation in
a stochastic optimisation algorithm, the improvement is consis-
tent across different numbers of iterations and redshift bins. This
result illustrates the importance of selecting an optimal tomo-
graphic configuration in modern cosmological probes, as the typ-
ical case of equally spaced bins is significantly outperformed by
our optimal configuration of the source and lens redshift bins.
In particular, we find an improvement of ~25% in the individ-
ual constraints for both wy and w,. Similar results are obtained
when simultaneously varying the non-DE model parameters (see
the bottom panel of Fig. 4).

As for insights into the physical interpretation of the
improvement in the constraints for wow,, we have to look at
the optimised tomographic configurations seen in Fig. 5. In the
top left and bottom left panels of Fig. 5, we show the impact
of changing the source redshift bins. The optimal configuration
converges towards wider redshift bins at high redshift. In con-
trast, for the lens samples, the optimisation yields thinner lens
bins at the low-to-mid redshift range, as is displayed in the top
right (L1) and bottom right (L2) panels in Fig. 5. This is under-
standable: lens bin widths will tend to adjust to the photometric
EITOT, O photo-z» t0 Maximise the signal in clustering measurements
(Tanoglidis et al. 2020). In contrast, obtaining a higher signal in
WL implies larger bins at high redshift, where fewer galaxies are
present, and where the photo-z estimations will be worse but less
impactful (Salcedo et al. 2020).

Since our photo-z catalogue contains very low-redshift
galaxies where the WL signal will be lower, the tendency of the
algorithm is to disregard those galaxies and put them into a very
low-redshift bin with little contribution to the overall constrain-
ing power. This is best seen in the bottom left panel in Fig. 5 in
the optimisation step involving the second source bin iteration.
In the case of the bottom right panel in Fig. 5, corresponding
to the second iteration of the lens sample, the low-redshift bin
is suppressed by the optimisation algorithm, favouring instead a
bigger number density in the mid-range redshift region lens bins.
It is also worth noting the tendency to create a wide bin of source
galaxies at the redshift mid-range. Given that the lensing signal
is larger with lens galaxies halfway (in terms of redshift) to the
source galaxies, this suggests that an optimal tomography for
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Fig. 4. Improvement on information as the tomography is iteratively
optimised. The top panel shows the case of FoM,,,,, optimisation for
four iterations of the optimisation. The metric in this case quantifies
information for just wy and w,. The bottom panel shows the FoM,,;
optimisation for four iterations of the optimisation. The metric in this
second case quantifies information for the seven cosmological parame-
ters of wow,CDM.

3 x 2pt favours a larger lensing signal at high and mid redshifts,
even at the cost of worsening the clustering for wider lens bins.
Although these tendencies are hinted at in the top left (S1) and
top right (L1) panels of Fig. 5, it is only when further iterations
are implemented that this effect is fully realised (see the bottom
left (S2) and bottom right (L2) panels in Fig. 5). In fact, the com-
plex interplay between the optimisation of lensing and clustering
signals at different redshift ranges is precisely the reason why an
efficient numerical tomographic optimisation method needs to
be devised.

The initial assessment of four iterations being sufficient to
converge into an optimised tomography is compatible with the
results for different numbers of redshift bins. Using a larger num-
ber of tomographic bins, i.e. ranging from six to ten bins, in the
top panel of Fig. 6 we find that there are significant changes with
respect to the fiducial tomographic bin configuration; that is, the
changes in FoM are larger than the estimated variance of the
optimisation. We also find that by the fourth iteration (L2) the
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gains have stabilised. For this reason we consider the optimisa-
tion method to converge after four iterations.

4.2. Tomography optimisation for 3 x 2pt analysis: wow,CDM

In the case in which we optimise for the whole set of param-
eters of our cosmological model — that is, wg, w,, Qn, Qp, 1,
In(10'°A), and / — we expect a priori a higher improvement in
the FoM for an optimised tomography with respect to the base
case of equally spaced bins by virtue of the higher number of
parameters. However, by looking at the bottom panel of Fig. 4,
the relative gain compared with the optimisation of wow,, is only
modestly better hovering at around 2.5-fold. In reality there is an
interplay whereby the requirements to constrain certain param-
eters that are more sensitive to low-redshift growth, such as o
(which we sample indirectly through Ay) or Q,,, and the require-
ments to constrain those parameters more sensitive to high red-
shift evolution, such as w,, may differ in terms of optimal tomo-
graphic binning.

Given that the number of parameters, and hence the dimen-
sionality of the parameter space, increases, the improvement
over iterations as well as the absolute gain in FoM after the
method is applied have less variability. This smoother conver-
gence over iterations is expected due to the dependence of the
FoM over a larger set of parameters that includes parameters less
sensitive than wy and w, to changes in the tomography. Despite
that, we show in the bottom panel of Fig. 6 that the average
improvement over a different numbers of redshift bins is simi-
lar to the case when we optimise for FoM,,,,,,. This reiterates the
consistency of the algorithm for different target parameters.

4.3. Parameter optimisation dependence

Since our optimisation target, the FoM, depends on which
parameters are marginalised, the impact of the optimisation on
the parameters that are marginalised over must be assessed.
To do that we computed the FoMs with different marginalised
parameters than those used during the optimisation. That is, hav-
ing used the two metrics FoM,,,,,, and FoM,,,,,,cpm marginalis-
ing over all but two or all but seven cosmological parameters,
respectively, it could be expected that the optimisation for wow,
could be at the cost of losing constraining power over other cos-
mological parameters. In order to assess that, we computed the
FoM,,,,com for the Fisher matrices obtained when optimising
for FoM,,,,,, and vice versa. The results shown in Fig. 7 suggest,
on the one hand, that using the target of wow, in our optimi-
sation does not result in a significant decrease in constraining
power for the combined set of cosmological parameters. On the
other hand, when targeting the whole set of wyw,CDM parame-
ters in our optimisation, most of the improvement in constraints
must lie in the constraints for wow,.

We explored the effect of the optimisation for a given set
of parameters (on-target) on the constraints for the rest of the
parameters not included in the FoOM metric (off-target). In order
to do that, we measured the FoM for the on-target and off-
target parameters after the optimisation process and we com-
pared the relative improvement with respect to the case with
equally spaced binning. In Table 2 we show the relative improve-
ment for the on-target and off-target FoM. The expectation is
that the improvement should be highest for the on-target param-
eters, although the stochastic nature of the method introduces
some variation in the relative improvement. For example, per-
forming the optimisation targeting (wg, w,) results in a relative
improvement of AFoM,,,,, = 2.45, larger than the off-target
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Fig. 5. Galaxy number counts for source (left) and lens (right) galaxies for eight redshift bins over several iterations of the optimisation method
applied for the dynamical DE model parameters wow,. The top left panel corresponds to the source sample after the first iteration (S1), the top
right panel corresponds to the lens sample after the first iteration (L1), the bottom left panel corresponds to the source sample after the second
iteration (S2), and the bottom right to the second iteration of the lens sample (L2). The coloured bands represent the bin edges for the base case of

equally spaced bins.

improvement computing the metric for the set of parameters
of wow,CDM, with AFoM,,,,,,com = 2.17. This similar albeit
smaller relative improvement of off-target parameters indicates
that the optimisation method does not result in worsening the
constraints of the off-target parameters of the model. We discuss
in more detail the impact of the optimisation on off-target cos-
mological parameters in Appendix F. We also present the case
in which the single probe of WL was used in the analysis instead
of 3 x2pt. In this case, the constraining power is smaller to begin
with, resulting in much greater variance and a case in which the
off-target improvement of AFoM,,,,,.com = 4.78 is larger than
on-target. From this we conclude that our method performs most
consistently when the constraining power is larger.

5. Discussion

The characterisation of DE is one of the most ambitious
goals of current physics. A significant amount of resources
has been invested for that objective. For example, recent DESI
results (Abdul Karim et al. 2025) have hinted at possible devi-
ations from ACDM from the combination of measurements of
baryon acoustic oscillations, type-Ia supernovae measurements,
and cosmic microwave background data. Their results favour
wow,CDM with a significance of 2.8—4.2¢0-. While DESI used
spectroscopic data to study LSS, other surveys will use a com-
plementary approach, based on photometric data to test dynam-
ical DE models. However, optimising the tomographic sample
selection of photometric galaxy surveys for the study of DE is
still an open question.

Our work provides a rather general end-to-end cosmologi-
cal inference pipeline to optimise dark-energy constraints from
3 x 2pt analyses for next-generation galaxy surveys. In partic-
ular, we explore configurations beyond the fiducial paradigm

of equal-width or equally populated redshift bins in a fast and
robust way. In doing so, we show that photometric surveys could
benefit from incorporating optimised tomographic selections in
their analysis procedure, at least doubling the DE FoM thanks to
our optimisation method.

We have implemented our pipeline for a wide range of red-
shift bin configurations. The reason is two-fold: to show the
robustness of the method over many analysis set-ups and to
assess the impact of an optimisation as the number of tomo-
graphic bins is increased. We have found that our method is
indeed robust and our convergence criteria sufficient for six or
more redshift bins. The degree of relative improvement of the
FoM after the four iterations was similar for six or more redshift
bins as well.

We performed our optimisation method using our own
stage-IV-like photometric catalogue and with a fairly
realistic analysis pipeline, with results consistent with
Euclid Collaboration: Blanchard et al. (2020) for the same
number of redshift bins. Thus, we expect our improvement to be
applicable in future analysis, implying an improvement in the
constraints of the individual parameters of wy and w, of about
25%.

Previous work from Euclid Collaboration: Pocino et al.
(2021) compared equally spaced tomographic bins and equally
populated bins, finding an optimal configuration for each num-
ber of redshift bins. They found that, as the number of redshift
bins changes, the optimal case between equally populated
and equally spaced bin configurations can change as well,
similarly to what we found (see Fig. 2). However, the relative
improvement between the two configurations in their case was
smaller than with our method. The work of Taylor et al. (2018)
also explored the issue of using the best tomographic binning
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Table 2. Comparison of on-target and off-target improvement in our metric after applying our optimisation method.

Analysis Optimisation target AFoM,,,,, AFoM,,,,,,com
oy WoWa 2.45 2.17
3 X 2pt (8 redshift bins) Wwow,CDM 222 295
.y WoWa 3.16 4.78
WL only (8 redshift bins) Wwow,CDM 249 3.90

Notes. The improvement with respect to the base case of equally spaced bins being represented by AFoM.

2.54

2.0

1.5

1.04

Average improvement

0.51

2.5+

2.01
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1.04
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0.51
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Fig. 6. Average improvement and standard deviation from six to ten
redshift bins over each iteration of the optimisation method targeting
the dynamical DE parameters wow, (top panel) and targeting the full set
of cosmological parameters of wyw,CDM (bottom panel).

strategy. The authors noted, in their particular case using a larger
number of redshift bins (20), that equally populated redshift
bins can lead to excessively narrow bins in the region of the
n(z) with most galaxies, while equally spaced bins result in a
loss of information due to a low number of galaxies at high
redshift. While they opted for equally spaced bins as optimal in
their set-up, their work again highlights the need to be flexible
in the way we approach the issue of choosing our tomographic
redshift bins.

In the work by Wong et al. (2026), an exploration of the opti-
mal tomographic configuration of 3 X 2pt analysis for Euclid,
an ongoing stage IV survey, was performed. The authors per-
formed their exploration with equally spaced, equally populated,
and equal comoving distance redshift bins. They used a realistic

A127, page 10 of 15

1e|14 : . . . : : .
S1
—o— |1
54 —— S2 1
s L2
f —e— Equi-spaced
Q2

N W O

Ratio

=

Number of redshift bins

2001 S1 i
—o— L1
—o— 52 -
£ 1501 i
g L2
zo Equi-spaced

3 4 5 6 7 8 9 10
Number of redshift bins

Fig. 7. Improvement of off-target cosmological parameter constraints
after applying our optimisation method. The top panel shows the val-
ues of the FoM,,, ,,,cpm metric for the optimisation targeting wow,. The
bottom panel shows the case computing the FoM,,,, metric for the
optimisation targeting wow,CDM.

set-up using mock realisations of Euclid observations and con-
cluded that the best-performing tomography for 3 x 2pt analysis
was equally populated bins, with information saturating in >7—-8
redshift bins. Information saturation in a lower number of red-
shift bins would be expected with the settings of the first Euclid
data release, with a smaller sky coverage of 2600 square degrees.
In contrast, our work explores a range of tomographic configura-
tions beyond those three. We explored tomographic binning for
the source and lens samples separately and, most importantly,
in an iterative manner that allows for a quick convergence. We
also ensured that the choice of initial conditions does not have an
impact on the convergence, as is discussed in Appendix C. Our
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results show that we can improve the amount of information on
wo and w, by using the highly customised tomographic bins that
we obtained. While our method of defining tomographic config-
urations to explore is numerical, in Sect. 4.2 we present possi-
ble physical insights into the optimal configurations of both the
source and lens samples.

The CosmoDC2 simulation was also used in the LSST-
DESC 3 x 2pt Tomography Optimization Challenge (Zuntz et al.
2021), in which a variety of tomographic configuration algo-
rithms were compared in terms of their ability to improve the
information on wy and w, using 3 X 2pt analysis. Of the methods
presented there, some optimised the assignment of galaxies to
fixed tomographic bins and others optimised the configuration of
bin edges. We compare our method with the latter. Highlighting
the complexity of the problem, the optimised edges for 3 X 2pt
failed to yield good results for lensing alone. This points to the
need of optimising the tomography for specific science cases.
However, the methods that used fixed bins and optimised the
classification of galaxies into bins plateaued at a metric value of
120-140, inferior to the best-performing methods that optimised
the bin edges and reached up to 167. This result strongly empha-
sises the need to explore redshift bin selections beyond the usual
equally spaced or equally populated choices. In this work we
used a different set-up using more photometric bands, different
footprints, and a much smaller training set (10’ galaxies to train
our SOM vs. ~10° in their training), but we obtained a larger rel-
ative improvement with our optimised redshift bin selection with
respect to the equally spaced tomography.

We emphasise that although the method presented here is
a proof of concept, it already yields substantial improvements
in the constraints for the cosmological parameters in ACDM
and dynamical DE cosmologies. Increasing the FoM for wow,
by a factor of 2 or more would be comparable to a substantial
increase in the sky coverage of a survey. Even acknowledging
that forecasts in the Fisher formalism have potential limitations,
the improvement that we can expect from applying our method
to real data and a full Markov chain Monte-Carlo analysis should
be of interest for any current and future photometric surveys aim-
ing to provide competitive cosmological constraints.

6. Conclusions

We have developed a new method of optimising the way in
which the tomographic redshift bins for 3 X 2pt analyses in pho-
tometric galaxy surveys are selected. As a proof of concept, we
generated a photo-z galaxy catalogue from the CosmoDC2 sim-
ulation using a SOM and we selected the training and photo-
z galaxy catalogues with similar characteristics to current or
planned stage IV surveys. We also used a pipeline of cosmo-
logical parameter inference to estimate the contours for a set of
cosmological DE-related parameters using the Fisher formalism.
We used the FoM metric derived from the marginalised Fisher
matrix to assess the constraining power of a given choice of
tomographic redshift bins in our analysis, and we optimised the
sample selection for both the source and the lens galaxy samples
separately and in an iterative manner. We did so using sets of 200
perturbed bin edges per iteration and found that the method con-
sistently converges after four iterations: two of the source sam-
ple and two of the lens sample. We selected the wyw, parameters
of dynamical DE as our target for optimisation, but we found
that the improvement in the constraints of those parameters does
not come at the cost of a decreased constraining power for the
rest of the parameters of the model. In contrast, there is an addi-
tional improvement in other cosmological parameter constraints.

A&A, 708, A127 (2026)

Overall, we have found an average improvement for wy and w,
of ~25% based on the FoM values, although Fisher-derived con-
tours suggest that the improvement is most prominent for w, in
particular. Furthermore, we have shown the robustness of our
optimisation method against different analysis choices. In con-
clusion, we propose the sample selection optimisation pipeline
presented here as a powerful tool to optimise the scientific return
of next-generation photometric galaxy surveys.
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Appendix A: SOM implementation

In order to utilise the SOM to estimate photo-z, it must first be
trained. The training starts with the initialisation of the SOM,
where we define the weights of each voxel. The weights are set
to random colour values using a Gaussian distribution centred
at the average colour of the training sample galaxies. The train-
ing sample would consist of spectroscopic galaxies in a survey.
Since we used a simulated catalogue our training sample con-
tains the true redshift of the galaxies. The training of the SOM is
carried out in a sequential manner by finding the voxel’s weights
that more closely match the training galaxy colours. For each
training galaxy, the weights of the whole SOM are modified to
more closely reflect the galaxy colour vector, x. To find the best
matching voxel to each galaxy we compute the distance between
a given voxel’s weights and a given galaxy as:

m 2
(Xi - wjki)

djk:ZT’

i i

(A.1)

where o7; is the error in each colour measurement for a given
galaxy. The voxel jk whose distance dj; corresponds to the
smallest value becomes the best-matching unit (BMU) for that
particular galaxy. The weights of all the voxels in the map are
updated. The amount of change is related to the distance from
each voxel to the BMU for a given iteration, with closer voxels
changing more. For each iteration in the training, the weights of
each voxel in the map change in the following way:
wii(t + 1) = w(t) + alt) Hyw ju(0) (¥ — wi(0)) , (A2)
where j'k’ are the indices of the BMU voxel, t is the number of
iterations of learning that have been carried out. Our choice was
to have four iterations per galaxy in the training sample, as there
was little to no improvement after training with a single iteration
per galaxy already.

The weights of the map are all changed in each iteration
with the goal of forming clusters based on the colour phenotype
of galaxies. With a(#) being a learning function that decreases
the impact of each learning iteration as the number of itera-
tions, Ny.,, used in learning increases and a proximity param-
eter, Hj jx(t), that modulates the degree of change in the voxels
surrounding the BMU for each iteration:

a(t) = 0.5, (A3)

=D, 1o
Hjpe ji(t) = e “7vw™

(A4)
with D i being the distance between the position of the BMU
at j’k’ and the voxel jk on the map and o(f) modulating the
diminishing effects of each iteration as a function of the distance
between voxels on the map as:

2t/Niter
) ) (A.5)

o) =m (—

n
with n; being the shortest side of the map. The learning pro-
cess of the SOM is such that the initial learning iterations will
have a greater impact on the weights and also have such impact
over a larger area of the map around the BMUs. As the training
progresses and the iteration parameter ¢ increases, each new iter-
ation will have a smaller impact on the weights and the impact
will be limited to the BMU and a few voxels around it. In this
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way, colour phenotype clusters are first defined in the initial
stages of the training and, as the iterations continue, the clusters
become more differentiated with specific colour phenotypes.

The degree of completeness of the training sample will deter-
mine the regions in colour phenotype that will be covered by the
SOM. This means that galaxies at high redshift, being less com-
mon, will be poorly characterised compared to those at lower
redshift. Each voxel will have a redshift distribution composed
of the true redshift of the galaxies assigned to that voxel dur-
ing the training of the SOM. In order to reduce the number
of catastrophic outliers, voxels with less than three redshifts in
their n(z)’s are not used for the photo-z estimation. We perform
our learning process with Ny, = 4 X 10 iterations, which is 4
times the training sample size, although using as many iterations
as galaxies in the sample is enough according to Kitching et al.
(2019). Galaxies in the training sample will be cycled through in
random order.

The size of the SOM in terms of its number of voxels is also
relevant to the performance of the SOM. It must be large enough
so that phenotype clusters can be formed but small enough to not
be sparsely populated with many clusters. The former problem
would lead to a poor characterisation of galaxies and the latter
would be analogous to over-fitting. In addition, the shape of the
SOM will also affect the formation of phenotype clusters. Rect-
angular shapes allow for more differentiated phenotype clusters
to be formed during the training process. Our choice was to use
a rectangular SOM of size 100 by 140 voxels, similar to the one
in Kitching et al. (2019), which is 75 by 150.

In the top panel of Fig. A.1 we can see the resulting SOM.
The redshift value of each voxel is determined during training
by the average redshift of galaxies from the training sample that
were assigned to that voxel. We show the resulting redshift map
of the SOM, where redshift clusters appear. While some areas
have smooth gradients in redshift, there are abrupt differences
that account for similar colour phenotypes with substantially dif-
ferent redshift. This showcases the capacity of the SOM to dis-
tinguish colour phenotypes in order to avoid redshift degenera-
cies.

To generate the photo-z assigned to each galaxy, a sample
is generated from a normal distribution defined with the mean
and standard deviation of the galaxies’ redshift in each voxel.
We have found this method preferable to directly using the
voxel’s n(z) distribution as a probability distribution when esti-
mating photo-z to reduce over-fitting. The resulting distribution
of photo-z galaxies on the SOM can be seen in the bottom panel
of Fig. A.1. The most populated areas of the SOM coincide with
areas of medium redshift while high-redshift areas are less pop-
ulated. Galaxies with similar colour phenotypes will be close on
the map; having clusters of high and low redshift close on the
map indicates the capacity of the SOM to differentiate galaxies
at low and high redshift despite similar colour profiles.

Appendix B: Additional priors

In a realistic analysis, the galaxy distribution and the shear mea-
surement can be calibrated. Hence we can consider an informa-
tive prior on the corresponding nuisance parameters for these
quantities. This is even more important as the number of tomo-
graphic bins increases, since the higher number of parameters
reduces the constraining power. In this analysis we consider DES
Y3-based n(z) and shear calibration priors. While we have not
used priors derived from stage IV forecasts, we do expect a sig-
nificant improvement in these calibrations when moving from
stage III to stage IV data. Therefore, the stage III priors consid-
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Fig. A.1. SOM visualisations. The top panel shows the redshift map of
the SOM. The average redshift of the galaxies from the training sam-
ple is assigned to each voxel in the map. White voxels had no galaxies
assigned during training. The bottom panel shows the galaxy density
map of the SOM. The number of photo-z galaxies that are assigned to
each voxel.

ered in this analysis can be seen as a conservative choice. We
also note that we only consider the width of the prior on the nui-
sance parameters. We center all priors on nuisance parameters at
their fiducial values.

In practice, since the tomographic redshifts in the DES anal-
ysis have been chosen by different criteria to ours and up to a
lower redshift depth, we have opted to use priors with a width
given by the average of the DES’ priors widths. This means that
we applied Gaussian priors where the standard deviation is the
same for all tomographic bins and given by the average value
of the 4 DES bins. The exact values of the standard deviations
we considered are: oy, lensaz; = 0.0075, 0 sd, sourceaz; = 0.015,
Ostd, lenso; = 0.0623, and o7gq,,, = 0.0083. The inclusion of these
Gaussian priors has been performed in the Fisher formalism
by adding the corresponding matrix to the Fisher matrix. This
implies generating a matrix that is empty except for the diag-
onal terms that correspond to each of the priors, which instead
have the values o-s‘tﬁ, and adding said matrix to the corresponding
Fisher matrix.
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Fig. C.1. Optimisation starting from equally populated redshift bins.

Appendix C: Optimisation with equally populated
bins as initial point

For the sake of completeness, we have also run the optimisa-
tion algorithm with another set of initial conditions. Choosing
equally populated redshift bins instead of equal-width bins does
not change the outcome of the optimisation. Looking at Fig. C.1
we can see how after applying the iterative optimisation process
in three instances we already recover an improvement in the FoM
for wow, of a factor above two. This is expected because the
method has the freedom to explore tomographic configurations
well beyond the initial conditions.

Appendix D: Simultaneous optimisation of source
and lens samples

We see in Fig. D.1 the results of using a simpler approach where
we compute the FoM varying the n(z) of both the source and
lens tomography simultaneously. Using this method instead of
varying the n(z) of sources for a fixed lens configuration and
vice versa is much less efficient in reaching an optimised tomog-
raphy. This is because the optimal n(z) of the source galaxies
depends on the lens tomography, hence our iterative method can
better optimise the samples taking this interplay between lens
and source galaxies into account. Thus, the sampling needs to
be much larger to converge into an optimal tomography for the
source and lens galaxies. The result is that the improvement in
the FoM is not as smooth or predictable when we increase the
sampled configurations by the same amount as what would cor-
respond to S1, L1, and L2 in the iterative optimisation method.
This showcases the advantage of using the iterative method of
alternating between source and lens optimisation with respect to
sampling both the source and lens tomographic configurations
simultaneously.

Appendix E: Numerical stability of the Fisher
derivatives

The derivatives that are used in the calculation of the Fisher

matrices are performed numerically within the CosmoSIS frame-

work. Certain numerical methods to compute these derivatives
have been shown to be susceptible to instabilities (Bhandari et al.
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Fig. D.1. Simultaneous optimisation of the source and lens samples.
Each line corresponds to the FoM of the best-performing tomography
when randomly sampling both the source and lens tomographic con-
figurations. The parameter 'n’ corresponds to the total number of runs,
with n=800 being the same number of runs needed for the 4 iterations
of the iterative optimisation.

2021). The default method used by the Fisher sampler in Cosmo-
SIS is the stencil method, which involves the calculation of the
plain differences at some step sizes and is the fastest method.
Another more robust method is included in the sampler, the
smooth method, which fits a local polynomial across multiple
perturbations and differentiates the smoothed curve. The lat-
ter method is less susceptible to instabilities but is more costly
computationally. While these numerical instabilities may appear
when using the faster stencil method and may result in some
variation in the FoM that are computed, the optimisation method
is expected to still perform correctly regardless of the chosen
numerical method. In order to assess the impact that the use of
different methods could have on the pipeline, the following test
has been performed.

We have considered the case of six tomographic bins with
the optimisation of the wy and w, parameters. This case has been
chosen because it has been shown to converge after the four iter-
ations and is rapidly generated due to the smaller number of
parameters in the sampling. The test has been carried out by
computing the Fisher matrices with the smooth method instead
of the stencil method. We have performed five runs of the opti-
misation pipeline and computed the mean of the five realisations
of the best FoM value each iteration as well as the corresponding
standard deviation. For validation, we have also run five realisa-
tions of the optimisation method using the stencil method when
computing the Fisher matrices and computed the average best
FoM and standard deviation as well. The results of this test can
be seen in E.1, where the smooth method results in a similar con-
vergence to the stencil case despite a slightly different absolute
value of the FoM, which is well within the uncertainties associ-
ated with different realisations of the pipeline. From this figure
we observe that the convergence over 4 iterations is robust and
so is the fact that this optimisation method improves the parame-
ter constraints. Therefore we conclude that the robustness of the
method is not affected by the aforementioned numerical instabil-
ities. We note that we keep the stencil method for the numerical
derivatives as our baseline as it is significantly faster.
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Fig. E.1. Comparison of the performance of the optimisation method
using the smooth method or the stencil method to compute the deriva-
tives of the Fisher matrix. Showing the average best FoM of each iter-
ation over 5 realisations of the optimisation method for 6 tomographic
bins along with the associated standard deviation.

Appendix F: Optimised likelihood contours

In Fig. F.1 we show the constraints for the wow,CDM model
parameters in the base case (equally spaced tomography) and
the optimised sample selection case for 8 tomographic redshift
bins. Our optimisation method has affected the constraints for w,
most dramatically while providing more modest improvements
for other cosmological parameters like wy or Ag, while other
parameters are mostly unaffected. Crucially, our tomographic
optimisation does not degrade the constraints for other param-
eters of the model even when the target was FoM,, .
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Fig. F.1. Likelihood contours at 1-o- and 2-0- estimated through the Fisher matrix for the 7 cosmological parameters of the wow,CDM model.
Plotted are the contours obtained with the optimised tomography for wy w, (blue) and with the equally spaced tomography (orange) for 8 redshift
bins.
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