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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 × 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 catalogue. 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 × 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 tomographic 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; Ivezić 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 parameter constraints as well as in the characterisation of dark energy (DE). In addition, recent results from the Dark Energy Spectroscopic Instrument (DESI) collaboration (Abdul Karim et al. 2025) have shown deviations from Λ cold dark matter (CDM) of notable statistical significance in favour of dynamical DE. In light of this, there is increased interest in testing w0waCDM 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 mapping 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 parameters, is fully characterised (Desjacques et al. 2018). In contrast, 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 correlation is what is called 3 × 2 pt 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. Moreover, in a realistic 3 × 2 pt analysis the interplay between the different probes and their cross-correlations requires the optimisation to be done for the full set of probes involved. However, direct numerical attempts to find an optimised tomographic redshift 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 methods limited to a lower number of redshift bins with lensing alone. Several methods presented in Zuntz et al. (2021) attempt to improve the tomographic configuration by optimising the classification 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 configurations (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 case1. For the proof of method presented in this paper, we performed the optimisation for dynamic DE cosmology, using a tomographic 3 × 2 pt analysis. Our implemented 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 significantly 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 Inference 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 × 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 literature. 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 Challenge 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 CosmoDC2 simulation (Korytov et al. 2019), (Abolfathi et al. 2021). It covers ∼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, constraining 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 sophisticated 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 covers a large volume of space, spanning over 440 square degrees on the sky, with a high level of detail and resolution. The CosmoDC2 catalogue is based on the Outer Rim simulation, an N-body halo simulation by Heitmann et al. (2019) that assumes a ΛCDM model with the cosmological parameters being the matter density Ωm = 0.27, the baryonic matter density Ωb = 0.045, the spectral index ns = 0.963, the dimensionless Hubble parameter h = 0.71, and the amplitude of matter fluctuations in spheres of 8 Mpc/hσ8 = 0.8. Since it assumes ΛCDM, the values for the DE equation of state parameters are w0 = −1 and wa = 0. It consists of a 4.225 Gpc3 box with a 10.2403 particles and a resolution of 2.6 × 109 M⊙, producing 101 snapshots from a starting redshift of z = 10 to z = 0.
We assumed the simulation cosmology when performing our analysis, except for the addition of dynamical DE with the w0waCDM model, which included the following dynamical DE modelling with a varying equation of state parameter:
[image: Mathematical equation: $$ \begin{aligned} { w}(z) = { w}_{\rm 0} + { w}_a \frac{z}{1+z}\,{,} \end{aligned} $$](1)
where w0 corresponds to the value of the equation of state parameter today and wa 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, ΛCDM, across the w0waCDM model parameters.
The catalogue contains the fluxes, positions and shear of the galaxies. We used the colours defined as the differences in magnitude 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 composed of n1 × n2 discrete points called neurons or voxels. Each voxel (j, k) in this grid has an associated m-dimensional weight vector wjk, where the indices jk specify the voxel’s position on the map. In particular, the weights have five dimensions corresponding to the five colour values that each galaxy has. Initially, these weight vectors are set to random values. During the training 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 galaxies with similar colour phenotypes will be mapped to nearby regions.
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 phenotypically 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, containing ∼105 galaxies. The patch size was selected so that the number of galaxies was similar to the sample used for the training 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 × 107 photometric galaxies 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 magnitude cuts of the training sample are optimistic and motivated by the need to achieve a meaningful level of high-redshift galaxies. 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 characterisation 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 quantitative 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 assigning 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 precise characterisation of the performance of the photo-z estimation method. We also compared the distributions of the true redshift 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-zn(z) resembles the true redshift n(z) nonetheless, even at high redshift.
	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. SOM performance evaluation. The top panel shows the normalised distributions of the true redshift of galaxies from the simulated 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.



In the bottom panel of Fig. 1, we evaluate the performance of the SOM through the use of three metrics: the outlier rate, μ0.15, the bias, bz, and the normalised median absolute deviation, σNMAD. These metrics together provide an assessment of the accuracy of the photo-z estimates produced by the SOM. The μ0.15 metric quantifies the fraction of so-called catastrophic outliers and is a measure of the representativeness of the spectroscopic sample. Catastrophic outliers occur mostly due to degeneracies in the relation between colour and redshift of galaxies, whereby the spectral energy distribution is compatible with multiple voxel colour profiles. It is defined as
[image: Mathematical equation: $$ \begin{aligned} \mu _{0.15} = \frac{1}{N} \sum _{i = 1}^N \left(|z_{\text{ph}}-z_{\text{sp}}| > 0.15(1+z_{\text{sp}}) \right)\,, \end{aligned} $$](2)
where N is the number of galaxies, zph is the photometric redshift, and zsp 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 galaxies 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 (σNMAD) 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 sample. It is defined as
[image: Mathematical equation: $$ \begin{aligned} \sigma _{\text{NMAD}} = 1.4826\,\times \, \text{ median} \left(|z_{\text{ph}}-z_{\text{sp}}|- \text{ median}(|z_{\text{ph}}-z_{\text{sp}}|) \right)\,. \end{aligned} $$](3)
The bz bias of the photo-z catalogue measures possible systematic offsets in the estimation. It does so by measuring the slope between the true redshift and the SOM photo-z. Different possibilities can result in a non-zero bz. 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
[image: Mathematical equation: $$ \begin{aligned} b = \left\langle z_{\text{ph}} -z_{\text{sp}}\right\rangle \,. \end{aligned} $$](4)
An outlier rate of μ0.15 = 0.013 and σNMAD = 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 bz, 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 configuration of the pipeline and outline the modelling of the observables as well as the systematic effects. We closely followed the public DES-Y3 pipeline (more details in Abbott et al. 2022), using a similar treatment of non-linearities and imposing comparable priors on our nuisance parameters. Our matter power spectrum 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 × 2pt: the angular power spectrum for cosmic shear ([image: Mathematical equation: $ C_{\ell}^{\gamma\gamma} $]), GC ([image: Mathematical equation: $ C_{\ell}^{\mathrm{gg}} $]), and their cross-correlation ([image: Mathematical equation: $ C_{\ell}^{\mathrm{g\gamma}} $]). We computed the values for each Cℓ in 60 logarithmically spaced bins from ℓ = 10 to ℓ = 1500, which is in line with the pessimistic case presented in Euclid Collaboration: Blanchard et al. (2020). We went beyond the Limber approximation between multipoles 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 peculiar 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
[image: Mathematical equation: $$ \begin{aligned} C_{\ell }^{\gamma \gamma , ij}&= \int _0^{\chi _{\rm H}} d\chi \,\frac{q^i_{\gamma }(\chi )q^j_{\gamma }(\chi )}{\chi ^2}P_{\rm m}\left(\frac{\ell +1/2}{\chi },z(\chi )\right)\,, \end{aligned} $$](5)
[image: Mathematical equation: $$ \begin{aligned} C_{\ell }^{\mathrm{gg}, ij}&= \int _0^{\chi _{\rm H}} d\chi \,\frac{q^i_{\rm g}(\chi )q^j_{\rm g}(\chi )}{\chi ^2}P_{\rm m}\left(\frac{\ell +1/2}{\chi },z(\chi )\right)\,, \end{aligned} $$](6)
[image: Mathematical equation: $$ \begin{aligned} C_{\ell }^{\gamma \mathrm{g},ij}&= \int _0^{\chi _{\rm H}} d\chi \,\frac{q^i_{\gamma }(\chi )q^j_{\rm g}(\chi )}{\chi ^2}P_{\rm m}\left(\frac{\ell +1/2}{\chi },z(\chi )\right)\,, \end{aligned} $$](7)
where Pm is the matter power spectrum, χ is the comoving angular diameter distance, χH is the comoving distance to the horizon, and the indices ij denote the tomographic bins. The kernel functions, q(χ), are defined as follows:
[image: Mathematical equation: $$ \begin{aligned} q^i_{\gamma }(\chi )&= \frac{3 H_0^2\Omega _{\mathrm{m}}}{2c^2 a(\chi )}\chi \int _\chi ^{\chi _h} d\chi \prime n^i_{\gamma } (\chi \prime )\left(1-\frac{\chi }{\chi \prime } \right)\,, \end{aligned} $$](8)
[image: Mathematical equation: $$ \begin{aligned} q^i_{\rm g}(\chi )&= b^i(z(\chi ))\, n^i_{\rm g}(z(\chi )) \frac{dz}{d\chi }\,, \end{aligned} $$](9)
where nγi(z(χ)) and ngi(z(χ)) are the redshift distributions of the source and lens galaxies respectively, and bi(z(χ)) 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 appropriate 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 distributions as well as the galaxy bias and shear calibration parameters 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 analytic data vectors. For a sufficiently realistic estimation of the fiducial values of the galaxy bias, we used the polynomial 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
[image: Mathematical equation: $$ \begin{aligned} \text{ b}(z_{\text{avg}}) = 0.5125 + 1.377\,z_{\text{avg}} + 0.222\,z_{\text{avg}}^2 -0.249\,z_{\text{avg}}^3\,, \end{aligned} $$](10)
with zavg being the average redshift of the galaxies in the tomographic 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 contaminate 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 perturbative expansion of the linear density field to the second order, with the intrinsic shear of galaxies being described by
[image: Mathematical equation: $$ \begin{aligned} \gamma ^{\text{ IA}}_{ij} = C_1 \, s_{ij} + C_2 \left(s_{ik} s_{kj} -\frac{1}{3} s^2\right) + C_{1\delta } \left(\delta s_{ij} \right)\,, \end{aligned} $$](11)
where sij is the tidal tensor and C1 and C2 are defined as
[image: Mathematical equation: $$ \begin{aligned} C_1(z)&= A_1\bar{C_1}\rho _{\rm crit} \frac{\Omega _{\mathrm{m}}}{D(z)}\left(\frac{1+z}{1+z_0}\right)^{\alpha _1}\,, \end{aligned} $$](12)
[image: Mathematical equation: $$ \begin{aligned} C_2(z)&= 5\,A_2\bar{C_1}\rho _{crit} \frac{\Omega _{\mathrm{m}}}{D^2(z)}\left(\frac{1+z}{1+z_0}\right)^{\alpha _2}\,, \end{aligned} $$](13)
with ρcrit being the critical density of the Universe, D(z) being the linear growth function, z0 being the pivot redshift, and the free parameters of the model being A1, A2, α1, and α2. The term C1δ is related to C1 through the tidal alignment bias, bTA, as in C1δ = bTA C1. This model captures the complexity of IA for 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, mi, to account for uncertainties in the shear calibration that takes the form
[image: Mathematical equation: $$ \begin{aligned} \hat{\gamma }_i = (1+ m_i) \gamma _i\,, \end{aligned} $$](14)
where i denotes the bin index, γi the true angular correlation function, and [image: Mathematical equation: $ \hat{\gamma}_i $] the observed angular correlation function. This correction is necessary because small errors in the shape measurement 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 lensing effect by which the apparent size and the flux of source galaxies are modified. This distortion can affect clustering measurements 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:
[image: Mathematical equation: $$ \begin{aligned} C_{\ell }^{\text{ gg,obs}}&= C_{\ell }^\mathrm{gg} +\left( 5s_i -2 \right)^2 C_{\ell }^{\kappa \kappa } + 2\left( 5s_i -2 \right) C_{\ell }^\mathrm{g\kappa }\,, \end{aligned} $$](15)
[image: Mathematical equation: $$ \begin{aligned} C_{\ell }^{\mathrm{g}\kappa \prime ,\text{ obs}}&= C_{\ell }^{\mathrm{g}\kappa \prime } +\left( 5s_i -2 \right)C_{\ell }^{\kappa \kappa \prime }\,, \end{aligned} $$](16)
where κ refers to the magnification field, [image: Mathematical equation: $ C_{\ell}^{\kappa\kappa} $] is the angular power spectra for the magnification-magnification correlation, and [image: Mathematical equation: $ C_{\ell}^{\mathrm{g\kappa}} $] is the galaxy count-magnification correlation. Similarly to the case for the galaxy bias, the estimation 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):
[image: Mathematical equation: $$ \begin{aligned} s_i(z) = 0.0842 + 0.0532\, z_{\mathrm{avg}} + 0.298\,z^2_{\rm avg} -0.0113\,z^3_{\rm avg}\,, \end{aligned} $$](17)
with zavg 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 constraining power of a given sample selection choice, we did not consider 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:
[image: Mathematical equation: $$ \begin{aligned}&\text{ Cov} \left(C(\ell )^{AB}_{ij}, C(\ell ^{\prime })_{kl}^{A^{\prime }B^{\prime }}\right) = \frac{1}{(2\ell +1)\,f_{\text{sky}} \Delta \ell } \cdot \nonumber \\&\left[(C(\ell )_{ik}^{AA^{\prime }} + N_{ik}^{AA^{\prime }})(C(\ell ^{\prime })_{jl}^{BB^{\prime }} + N_{jl}^{BB^{\prime }}) \right. \nonumber \\&\left.+ (C(\ell )_{il}^{AB^{\prime }} + N_{il}^{AB^{\prime }})(C(\ell ^{\prime })_{jk}^{BA^{\prime }} + N_{jk}^{BA^{\prime }})\right] \delta _{\ell \ell ^{\prime }}\,, \end{aligned} $$](18)
where A and B go through the probes of GC, WL, and GGL and the indices i, j, k, and l refer to the tomographic bins. The [image: Mathematical equation: $ N^{AB}_{ij} $] describes the noise terms, which are the following:
[image: Mathematical equation: $$ \begin{aligned} N^\mathrm{GC}_{ij}&= \frac{\delta ^K_{ij}}{\bar{n_i}}\,, \end{aligned} $$](19)
[image: Mathematical equation: $$ \begin{aligned} N^\mathrm{WL}_{ij}&= \frac{\sigma ^2_\epsilon \delta ^K_{ij}}{\bar{n_i}}\,, \end{aligned} $$](20)
[image: Mathematical equation: $$ \begin{aligned} N^\mathrm{GGL}_{ij}&= 0\,, \end{aligned} $$](21)
where [image: Mathematical equation: $ \bar{n}_i $] is the density of galaxies per unit of area of the sky for a given tomographic bin and σϵ = 0.3 is the ellipticity dispersion of the galaxies in our catalogue, chosen to be similar to comparable 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 density of galaxies being ≈11 gal/arcmin2. We set the fraction of observed sky at fsky = 0.367, illustrative of stage IV experiments (e.g, Euclid). The number density depends mostly on the magnitude cut for the training sample of the SOM. Fainter magnitude cuts will result in a larger number density but introduce an unrealistic characterisation of high-redshift galaxies.
3.1.3. Fisher formalism
In order to forecast the constraints on cosmological parameters under various configurations of analysis, we employed the Fisher formalism, as has been done in other works 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 sampling 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 w0waCDM model given a set of data vectors for 3 × 2pt.
Given an observed dataset, Q, with a likelihood function, L(Q|θ), depending on a set of parameters, θ, the Fisher matrix, Fαβ, for a pair of parameters, θα and θβ, is defined as
[image: Mathematical equation: $$ \begin{aligned} F_{\alpha \beta } = - \left\langle \frac{\partial ^2 \ln L}{\partial \theta _\alpha \partial \theta _\beta } \right\rangle \,, \end{aligned} $$](22)
where lnL is the natural logarithm of the likelihood function. The inverse of the Fisher matrix, [image: Mathematical equation: $ F^{-1}_{\alpha \beta} $], is an estimate of the covariance matrix of the parameters.
For our case with 3 × 2pt, which includes WL, GC, and GGL, the Fisher matrix is given in terms of the previously defined covariance as
[image: Mathematical equation: $$ \begin{aligned}&F_{\alpha \beta } = \sum _{\ell _{\rm min}}^{\ell _{\rm max}} \sum _{ABA\prime B\prime }\sum _{ijkl} \nonumber \\&\,\,\,\,\,\,\,\,\,\,\,\,\,\,\,\frac{\partial C_{ij}^{AB}(\ell )}{\partial \theta _\alpha } \text{ Cov} \left(C(\ell )^{AB}_{ij}, C(\ell )_{kl}^{A\prime B\prime }\right) \frac{\partial C_{kl}^{A\prime B\prime }(\ell )}{\partial \theta _\beta }\,, \end{aligned} $$](23)
where the indices ABA′B′ represent the probes, ijkl represent the tomographic bins, and θαθβ represent the parameters of the model.
We used CosmoSIS to compute the Fisher matrix numerically 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 metric called figure of merit (FoM), as defined in Wang (2008) and Albrecht et al. (2006):
[image: Mathematical equation: $$ \begin{aligned} \text{ FoM} = \sqrt{\det {F_{\alpha \beta }}}\,, \end{aligned} $$](24)
where Fαβ 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 sample selection optimisation is performed. In order to compute the Fisher matrix, we evaluated numerical derivatives of the observables with respect to each parameter. These derivatives were calculated using finite differences and the step sizes for each parameter are described in Table 1.
Table 1. 
Fiducial values for the systematic effects in our IA modelling, shear calibration, and n(z) errors.

3.2. Tomographic optimisation
In order to construct the tomographic bins that would be used as the source and lens samples for 3 × 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 the optimal configuration by selecting any possible voxel combination is computationally intractable, even when using hyperparameters to reduce the dimensionality of the selection (e.g. Sipp et al. 2021), and thus alternative methods of quickly testing 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 redshift 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 characteristics 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).
	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. FoM for w0wa as we increase the number of redshift bins generated by assigning galaxies to the equally spaced or equally populated redshift bins.



Our method of improving the selection of redshift bins takes the equally spaced case as a starting point for the tomography optimisation2. By sampling the space of non-overlapping redshift 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 × 2pt analysis requires taking into consideration source and lens galaxies’ mutual dependence. Since the optimal tomographic configuration 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 alternative method must be employed. We decided on sampling by alternating between the source and lens bin configurations iteratively. 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 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 overlapping edges. After running each iteration, the tomographic configuration 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 optimising the tomography for a fiducial case using eight redshift bins. Our reference is the FoM for equally spaced redshift 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 computational resources needed to perform a single iteration are 1200 CPU hours for the most expensive case with ten redshift bins.
	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Improvement in the FoM for w0wa as we iteratively optimise the source (Si) and lens (Li) tomography.



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 computed 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 targets: the FoM for w0wa 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 w0waCDM.
4.1. Tomography optimisation for 3 × 2pt analysis: w0wa
Differentiating evolving DE models from ΛCDM requires a precise measurement of the dynamics of structure formation over very large timescales. For this reason, low-redshift surveys struggle to detect such subtle effects. Stage IV surveys that reach higher redshifts will be able to better characterise the w0 and wa parameters. We show that optimising the tomographic configuration 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 different 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 configurations, the improvement in our metric increases further. Subsequent iterations may help with the stability of the optimisation by reducing the variance in the FoM of the optimised configuration but do not increase the FoM any further.
	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Improvement on information as the tomography is iteratively optimised. The top panel shows the case of FoMw0 wa optimisation for four iterations of the optimisation. The metric in this case quantifies information for just w0 and wa. The bottom panel shows the FoMw0 wa optimisation for four iterations of the optimisation. The metric in this second case quantifies information for the seven cosmological parameters of w0waCDM.



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 (Nbins > 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 consistent across different numbers of iterations and redshift bins. This result illustrates the importance of selecting an optimal tomographic configuration in modern cosmological probes, as the typical 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 individual constraints for both w0 and wa. 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 w0wa, 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 contrast, 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 understandable: lens bin widths will tend to adjust to the photometric error, σphoto-z, to 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).
	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	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 w0wa. 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.



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 constraining 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 3 × 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 complex 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 number 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 gains have stabilised. For this reason we consider the optimisation method to converge after four iterations.
	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	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 w0wa (top panel) and targeting the full set of cosmological parameters of w0waCDM (bottom panel).



4.2. Tomography optimisation for 3 × 2pt analysis: w0waCDM
In the case in which we optimise for the whole set of parameters of our cosmological model – that is, w0, wa, Ωm, Ωb, ns, [image: Mathematical equation: $ \text{ ln}(10^{10}{A}_{\mathrm{s}}) $], and h – 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 w0wa is only modestly better hovering at around 2.5-fold. In reality there is an interplay whereby the requirements to constrain certain parameters that are more sensitive to low-redshift growth, such as σ8 (which we sample indirectly through As) or Ωm, and the requirements to constrain those parameters more sensitive to high redshift evolution, such as wa, may differ in terms of optimal tomographic binning.
Given that the number of parameters, and hence the dimensionality 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 convergence over iterations is expected due to the dependence of the FoM over a larger set of parameters that includes parameters less sensitive than w0 and wa 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 similar to the case when we optimise for FoMw0wa. 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, having used the two metrics FoMw0wa and FoMw0waCDM marginalising over all but two or all but seven cosmological parameters, respectively, it could be expected that the optimisation for w0wa could be at the cost of losing constraining power over other cosmological parameters. In order to assess that, we computed the FoMw0waCDM for the Fisher matrices obtained when optimising for FoMw0wa and vice versa. The results shown in Fig. 7 suggest, on the one hand, that using the target of w0wa in our optimisation 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 w0waCDM parameters in our optimisation, most of the improvement in constraints must lie in the constraints for w0wa.
	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Improvement of off-target cosmological parameter constraints after applying our optimisation method. The top panel shows the values of the FoMw0 waCDM metric for the optimisation targeting w0wa. The bottom panel shows the case computing the FoMw0 wa metric for the optimisation targeting w0waCDM.



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 FoM 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 compared the relative improvement with respect to the case with equally spaced binning. In Table 2 we show the relative improvement for the on-target and off-target FoM. The expectation is that the improvement should be highest for the on-target parameters, although the stochastic nature of the method introduces some variation in the relative improvement. For example, performing the optimisation targeting (w0, wa) results in a relative improvement of ΔFoMw0wa = 2.45, larger than the off-target improvement computing the metric for the set of parameters of w0waCDM, with ΔFoMw0waCDM = 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 cosmological parameters in Appendix F. We also present the case in which the single probe of WL was used in the analysis instead of 3 × 2pt. 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 ΔFoMw0waCDM = 4.78 is larger than on-target. From this we conclude that our method performs most consistently when the constraining power is larger.
Table 2. 
Comparison of on-target and off-target improvement in our metric after applying our optimisation method.

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 deviations from ΛCDM from the combination of measurements of baryon acoustic oscillations, type-Ia supernovae measurements, and cosmic microwave background data. Their results favour w0waCDM with a significance of 2.8 − 4.2σ. While DESI used spectroscopic data to study LSS, other surveys will use a complementary approach, based on photometric data to test dynamical 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 cosmological inference pipeline to optimise dark-energy constraints from 3 × 2pt analyses for next-generation galaxy surveys. In particular, 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 redshift 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 tomographic 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 w0 and wa 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 number 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 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 optimal tomographic configuration of 3 × 2pt analysis for Euclid, an ongoing stage IV survey, was performed. The authors performed their exploration with equally spaced, equally populated, and equal comoving distance redshift bins. They used a realistic set-up using mock realisations of Euclid observations and concluded that the best-performing tomography for 3 × 2pt analysis was equally populated bins, with information saturating in ≥7 − 8 redshift bins. Information saturation in a lower number of redshift 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 configurations 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 results show that we can improve the amount of information on w0 and wa by using the highly customised tomographic bins that we obtained. While our method of defining tomographic configurations to explore is numerical, in Sect. 4.2 we present possible physical insights into the optimal configurations of both the source and lens samples.
The CosmoDC2 simulation was also used in the LSST-DESC 3 × 2pt Tomography Optimization Challenge (Zuntz et al. 2021), in which a variety of tomographic configuration algorithms were compared in terms of their ability to improve the information on w0 and wa using 3 × 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 × 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 emphasises 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 (≈105 galaxies to train our SOM vs. ≈106 in their training), but we obtained a larger relative 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 ΛCDM and dynamical DE cosmologies. Increasing the FoM for w0wa 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 aiming 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 × 2pt analyses in photometric galaxy surveys are selected. As a proof of concept, we generated a photo-z galaxy catalogue from the CosmoDC2 simulation 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 cosmological 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 consistently converges after four iterations: two of the source sample and two of the lens sample. We selected the w0wa 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 additional improvement in other cosmological parameter constraints. Overall, we have found an average improvement for w0 and wa of ≈25% based on the FoM values, although Fisher-derived contours suggest that the improvement is most prominent for wa in particular. Furthermore, we have shown the robustness of our optimisation method against different analysis choices. In conclusion, 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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1 We have checked that starting from equally populated z-bins we get consistent results.


2 But we note that we get consistent results when starting from equally populated bins, as is shown in Appendix C.




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 training sample would consist of spectroscopic galaxies in a survey. Since we used a simulated catalogue our training sample contains 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:
[image: Mathematical equation: $$ \begin{aligned} d_{jk} = \sum ^{m}_{i} \frac{\left(x_i - w_{jki}\right)^2}{\sigma _i^2}\,, \end{aligned} $$](A.1)
where σi is the error in each colour measurement for a given galaxy. The voxel jk whose distance djk 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:
[image: Mathematical equation: $$ \begin{aligned} \boldsymbol{w}_{jk}(t+1) = \boldsymbol{w}_{jk}(t) + a(t)\, H_{j^{\prime }k^{\prime },jk}(t) \left(\boldsymbol{x}-\boldsymbol{w}_{jk}(t)\right)\,, \end{aligned} $$](A.2)
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(t) being a learning function that decreases the impact of each learning iteration as the number of iterations, Niter, used in learning increases and a proximity parameter, Hj′k′,jk(t), that modulates the degree of change in the voxels surrounding the BMU for each iteration:
[image: Mathematical equation: $$ \begin{aligned} a(t) = 0.5^{2t/N_{iter}}\,, \end{aligned} $$](A.3)
[image: Mathematical equation: $$ \begin{aligned} H_{j^{\prime }k^{\prime },jk}(t) = e^{-D_{j^{\prime }k^{\prime },jk}^2/\sigma ^2(t)}\,, \end{aligned} $$](A.4)
with Dj′k′,jk being the distance between the position of the BMU at j′k′ and the voxel jk on the map and σ(t) modulating the diminishing effects of each iteration as a function of the distance between voxels on the map as:
[image: Mathematical equation: $$ \begin{aligned} \sigma (t) = n_1 \left(\frac{1}{n_1}\right)^{2t/N_{iter}}\,, \end{aligned} $$](A.5)
with n1 being the shortest side of the map. The learning process 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 t increases, each new iteration 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 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 determine the regions in colour phenotype that will be covered by the SOM. This means that galaxies at high redshift, being less common, 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 during 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 Niter = 4 × 105 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. Rectangular 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 different redshift. This showcases the capacity of the SOM to distinguish colour phenotypes in order to avoid redshift degeneracies.
	[image: Thumbnail: Fig. A.1. Refer to the following caption and surrounding text.]	Fig. A.1. SOM visualisations. The top panel shows the redshift map of the SOM. The average redshift of the galaxies from the training sample 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.



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 estimating 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 populated. 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 measurement can be calibrated. Hence we can consider an informative prior on the corresponding nuisance parameters for these quantities. This is even more important as the number of tomographic 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 significant improvement in these calibrations when moving from stage III to stage IV data. Therefore, the stage III priors considered in this analysis can be seen as a conservative choice. We also note that we only consider the width of the prior on the nuisance parameters. We center all priors on nuisance parameters at their fiducial values.
In practice, since the tomographic redshifts in the DES analysis 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: σstd, lensΔzi = 0.0075, σstd, sourceΔzi = 0.015, σstd, lensσi = 0.0623, and σstd,mi = 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 diagonal terms that correspond to each of the priors, which instead have the values [image: Mathematical equation: $ \sigma_{\text{std}}^{-2} $], and adding said matrix to the corresponding Fisher matrix.

Appendix C:  Optimisation with equally populated bins as initial point
For the sake of completeness, we have also run the optimisation 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 w0wa of a factor above two. This is expected because the method has the freedom to explore tomographic configurations well beyond the initial conditions.
	[image: Thumbnail: Fig. C.1. Refer to the following caption and surrounding text.]	Fig. C.1. Optimisation starting from equally populated redshift bins.




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 tomography. 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 correspond 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.
	[image: Thumbnail: Fig. D.1. Refer to the following caption and surrounding text.]	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 configurations. 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.




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 framework. Certain numerical methods to compute these derivatives have been shown to be susceptible to instabilities (Bhandari et al. 2021). The default method used by the Fisher sampler in CosmoSIS 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 latter 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 w0 and wa parameters. This case has been chosen because it has been shown to converge after the four iterations 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 optimisation 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 realisations 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 convergence to the stencil case despite a slightly different absolute value of the FoM, which is well within the uncertainties associated 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 parameter constraints. Therefore we conclude that the robustness of the method is not affected by the aforementioned numerical instabilities. We note that we keep the stencil method for the numerical derivatives as our baseline as it is significantly faster.
	[image: Thumbnail: Fig. E.1. Refer to the following caption and surrounding text.]	Fig. E.1. Comparison of the performance of the optimisation method using the smooth method or the stencil method to compute the derivatives of the Fisher matrix. Showing the average best FoM of each iteration 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 w0waCDM 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 wa most dramatically while providing more modest improvements for other cosmological parameters like w0 or As, while other parameters are mostly unaffected. Crucially, our tomographic optimisation does not degrade the constraints for other parameters of the model even when the target was FoMw0wa.
	[image: Thumbnail: Fig. F.1. Refer to the following caption and surrounding text.]	Fig. F.1. Likelihood contours at 1-σ and 2-σ estimated through the Fisher matrix for the 7 cosmological parameters of the w0waCDM model. Plotted are the contours obtained with the optimised tomography for w0wa (blue) and with the equally spaced tomography (orange) for 8 redshift bins.
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      Fig. 1. 

      
        [image: Fig. 1. Refer to the following caption and surrounding text.]
      

      
        SOM performance evaluation. The top panel shows the normalised distributions of the true redshift of galaxies from the simulated 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.

      

    

  
    
      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





	w0
	−1.0
	1.6 × 10−2



	wa
	0.0
	1.6 × 10−2



	Ωm
	0.27
	4.2 × 10−3



	Ωb
	0.045
	7.2 × 10−4



	ns
	0.96
	1.5 × 10−2



	h
	0.71
	1.1 × 10−2



	[image: Mathematical equation: $ \text{ ln} (10^{10}{A}_{\mathrm{s}}) $]
	3.0
	4.8 × 10−2



	




	Intrinsic alignment parameters



	A1
	0.7
	2.0 × 10−1



	A2
	−1.4
	2.0 × 10−1



	α1
	−1.7
	2.0 × 10−1



	α2
	−2.5
	2.0 × 10−1



	bTA
	1.0
	4.0 × 10−2



	z0
	0.62
	–



	




	Shear calibration parameters



	m_i
	0.0
	4.0 × 10−3



	




	Lens photo-z errors



	Δzi
	0.0
	2.0 × 10−3



	σi
	1.0
	1.6 × 10−2



	




	Source photo-z errors



	Δzi
	0.0
	4.0 × 10−3



	




	Galaxy bias



	bi
	By Eq. (7)
	1.6 × 10−2bi



	




	Magnification bias



	




	si
	By Eq. (14)
	1.6 × 10−2si





      

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



    

  
    
      Fig. 2. 

      
        [image: Fig. 2. Refer to the following caption and surrounding text.]
      

      
        FoM for w0wa as we increase the number of redshift bins generated by assigning galaxies to the equally spaced or equally populated redshift bins.

      

    

  
    
      Fig. 3. 

      
        [image: Fig. 3. Refer to the following caption and surrounding text.]
      

      
        Improvement in the FoM for w0wa as we iteratively optimise the source (Si) and lens (Li) tomography.

      

    

  
    
      Fig. 4. 

      
        [image: Fig. 4. Refer to the following caption and surrounding text.]
      

      
        Improvement on information as the tomography is iteratively optimised. The top panel shows the case of FoMw0 wa optimisation for four iterations of the optimisation. The metric in this case quantifies information for just w0 and wa. The bottom panel shows the FoMw0 wa optimisation for four iterations of the optimisation. The metric in this second case quantifies information for the seven cosmological parameters of w0waCDM.

      

    

  
    
      Fig. 5. 

      
        [image: Fig. 5. Refer to the following caption and surrounding text.]
      

      
        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 w0wa. 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.

      

    

  
    
      Fig. 6. 

      
        [image: Fig. 6. Refer to the following caption and surrounding text.]
      

      
        Average improvement and standard deviation from six to ten redshift bins over each iteration of the optimisation method targeting the dynamical DE parameters w0wa (top panel) and targeting the full set of cosmological parameters of w0waCDM (bottom panel).

      

    

  
    
      Fig. 7. 

      
        [image: Fig. 7. Refer to the following caption and surrounding text.]
      

      
        Improvement of off-target cosmological parameter constraints after applying our optimisation method. The top panel shows the values of the FoMw0 waCDM metric for the optimisation targeting w0wa. The bottom panel shows the case computing the FoMw0 wa metric for the optimisation targeting w0waCDM.

      

    

  
    
      Table 2. 

      Comparison of on-target and off-target improvement in our metric after applying our optimisation method.

      
        


	Analysis
	Optimisation target
	ΔFoMw0wa
	ΔFoMw0waCDM





	3 × 2pt (8 redshift bins)
	w0wa
	2.45
	2.17



	w0waCDM
	2.22
	2.25



	




	WL only (8 redshift bins)
	w0wa
	3.16
	4.78



	w0waCDM
	2.49
	3.90





      

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



    

  
    
      Fig. A.1. 

      
        [image: Fig. A.1. Refer to the following caption and surrounding text.]
      

      
        SOM visualisations. The top panel shows the redshift map of the SOM. The average redshift of the galaxies from the training sample 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.

      

    

  
    
      Fig. C.1. 

      
        [image: Fig. C.1. Refer to the following caption and surrounding text.]
      

      
        Optimisation starting from equally populated redshift bins.

      

    

  
    
      Fig. D.1. 

      
        [image: Fig. D.1. Refer to the following caption and surrounding text.]
      

      
        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 configurations. 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.

      

    

  
    
      Fig. E.1. 

      
        [image: Fig. E.1. Refer to the following caption and surrounding text.]
      

      
        Comparison of the performance of the optimisation method using the smooth method or the stencil method to compute the derivatives of the Fisher matrix. Showing the average best FoM of each iteration over 5 realisations of the optimisation method for 6 tomographic bins along with the associated standard deviation.

      

    

  
    
      Fig. F.1. 

      
        [image: Fig. F.1. Refer to the following caption and surrounding text.]
      

      
        Likelihood contours at 1-σ and 2-σ estimated through the Fisher matrix for the 7 cosmological parameters of the w0waCDM model. Plotted are the contours obtained with the optimised tomography for w0wa (blue) and with the equally spaced tomography (orange) for 8 redshift bins.

      

    

  OEBPS/aa56689-25-eq8.gif





OEBPS/aa56689-25-eq9.gif





OEBPS/aa56689-25-fig9_small.jpg





OEBPS/aa56689-25-eq4.gif





OEBPS/aa56689-25-eq27.gif





OEBPS/aa56689-25-eq5.gif





OEBPS/aa56689-25-eq26.gif





OEBPS/aa56689-25-eq6.gif





OEBPS/aa56689-25-eq29.gif
%3





OEBPS/aa56689-25-eq7.gif





OEBPS/aa56689-25-eq28.gif





OEBPS/aa56689-25-eq23.gif





OEBPS/aa56689-25-eq22.gif
e

rd





OEBPS/aa56689-25-eq25.gif





OEBPS/aa56689-25-eq24.gif
T
- wfeenT - n






OEBPS/aa56689-25-eq21.gif
v





OEBPS/aa56689-25-eq20.gif
CECR O T
e T =05










OEBPS/aa56689-25-fig5_small.jpg





OEBPS/aa56689-25-eq1.gif
7 =
WE = W Y






OEBPS/aa56689-25-fig2_small.jpg





OEBPS/aa56689-25-eq2.gif





OEBPS/aa56689-25-eq3.gif
Trpar = L AB3E ) roedign | z.o — Zon| — roedinn|z., — Ze )]





OEBPS/aa56689-25-eq38.gif





OEBPS/aa56689-25-eq37.gif





OEBPS/aa56689-25-eq39.gif





OEBPS/aa56689-25-eq34.gif





OEBPS/aa56689-25-eq33.gif





OEBPS/aa56689-25-fig8_small.jpg





OEBPS/aa56689-25-eq36.gif





OEBPS/aa56689-25-eq35.gif





OEBPS/aa56689-25-fig1.jpg
SOM photo-z

Normalized n(z)

N
w

2.0

—_
W

o
(=]

o
W

o
o

— Truez

—— SOM Photo-z

—— Training sample Z

2.001

1.757

~ (=3 N W
W [« W [e]
L L L L

0.50 1

0.25 1

05 1.0
Redshift

Mo.15 = 0.013
b=0.05
onmap =0.025

025 050 0.5 100 125
True redshift

1.50

175 2.00

10

Counts





OEBPS/aa56689-25-eq30.gif





OEBPS/aa56689-25-fig2.jpg
140

—e— EQ. Spaced
—e— Eq. Pop.

10

12






OEBPS/aa56689-25-fig3.jpg
0
Equi-spaced S;

L L L

Ly S, Ly S3
Iterations





OEBPS/aa56689-25-eq32.gif
Joxx

=2, 2
frzin A 84T

e
A ® cvpmarety SO

J






OEBPS/aa56689-25-fig4.jpg
FOMWOWaCDM

Ratio

—o— |1
—o— S2
r—o— L2
Equi-spaced

N w H )]
T

Number of redshift bins





OEBPS/aa56689-25-eq31.gif





OEBPS/aa56689-25-fig5.jpg
200

0T X 1UN0O JaquINN

0T X JuUNoo JaquinN

8 8 3

3.0

1.5 20 25

Redshift

1.0

05

3.0

15 20 25

Redshift

1.0

0.5

200

g
S

0T X 1UN0O JaquINN

0T X JuUNoo JaquinN

3.0

15 20 25
Redshift

1.0

0.5

3.0

25

20






OEBPS/aa56689-25-fig6.jpg
Hi

S1

n o 1w o n
oN — — o
Juswanoidwl abelany Juswanoidwl abelany

5

o
o

2.





OEBPS/aa56689-25-fig7.jpg
Ratio

S1
L1
S2
L2

Equi-spaced

5 6 7 8 9 10

5 6 7
Number of redshift bins

4 5 6 7 8
Number of redshift bins





OEBPS/aa56689-25-fig8.jpg
Average redshitt

Number of galaxies






OEBPS/aa56689-25-fig10_small.jpg





OEBPS/aa56689-25-fig9.jpg
S1

—e— L1

| —e— S2

Equi-pop.

4 6 8 10
Number of redshift bins





OEBPS/aa56689-25-fig1_small.jpg





OEBPS/dash.png





OEBPS/aa56689-25-fig12_small.jpg
‘e

joe
Jeen
Nows
Jensen
jessine






OEBPS/aa56689-25-eq41.gif
T





OEBPS/aa56689-25-fig4_small.jpg





OEBPS/aa56689-25-eq40.gif





OEBPS/aa56689-25-fig7_small.jpg





OEBPS/aa56689-25-eq19.gif





OEBPS/aa56689-25-fig3_small.jpg





OEBPS/aa56689-25-eq16.gif





OEBPS/aa56689-25-fig10.jpg
—e— n 100
—e— n 200
—e— n 400
—o—
—0—

n 800
Eq. spaced

Number of redshift bins





OEBPS/aa56689-25-eq15.gif





OEBPS/aa56689-25-eq18.gif





OEBPS/aa56689-25-fig12.jpg
| Equi-spaced binning
| Optimised binning

In(10°A,)
o
o

SHRY Ao O & o R R Y R S
27 8 & KL A S ) S PO
Vet SN N C NN RN, SN RN S

Wo . h ns In(101°A,)





OEBPS/aa56689-25-eq17.gif





OEBPS/aa56689-25-fig11.jpg
1751 Fisher derivatives method
B stencil

B smooth

125
£100/
>
(o]
.75

501

25

0 L1 S2

Equi-spaced S1

L2






OEBPS/aa56689-25-eq12.gif





OEBPS/aa56689-25-eq11.gif





OEBPS/aa56689-25-eq14.gif





OEBPS/aa56689-25-eq13.gif





OEBPS/aa56689-25-fig11_small.jpg





OEBPS/aa56689-25-eq10.gif
T






OEBPS/aa56689-25-fig6_small.jpg





