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Abstract

The Euclid mission of the European Space Agency seeks to understand the Universe’s expansion history and the nature of dark energy, through measurements of cosmic shear. This requires a very accurate estimate of the true redshift distribution of the galaxies, with the systematic error in the mean redshift satisfying σ⟨z⟩ < 0.002(1 + z) per tomographic bin. Achieving this accuracy relies on reference samples with spectroscopic redshifts, together with a procedure to match them to survey sources for which only photometric redshifts are available. One important source of systematic uncertainty is the mismatch in photometric properties between galaxies in the Euclid survey and the reference objects. We develop a method to degrade the photometry of objects with deep photometry to match the properties of any shallower survey in the multi-band photometric space, preserving all the correlations between the fluxes and their uncertainties. We compare our transfer method with more demanding image-based methods, such as Balrog from the Dark Energy Survey Collaboration. According to our metrics, our method outperforms Balrog. We implement our method in the redshift distribution reconstruction, based on the self-organising map approach, and test it using a realistic sample from the Euclid Flagship Mock Galaxy Simulation. We find that the key ingredient is to ensure that the reference objects are distributed in the colour space the same way as the wide-survey objects, which can be efficiently achieved with our transfer method. In our best implementation, the mean redshift biases are consistently reduced across the tomographic bins, bringing a significant fraction of them within the Euclid accuracy requirements in all tomographic bins. Equally importantly, the tests allow us to pinpoint which step in the calibration pipeline has the strongest impact on achieving the required accuracy. Our approach also reproduces the overall redshift distributions, which are crucial for applications such as angular clustering. The agreement between the reconstructed and true distributions demonstrates both the feasibility and robustness of the approach. This implementation is sufficient for Euclid Data Release 1 and provides a solid foundation for subsequent data releases.
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1. Introduction
Many cosmological experiments have demonstrated that the Universe is undergoing accelerated expansion, with an equation of state of dark energy consistent with the cosmological constant (Planck Collaboration VI 2020; Abbott et al. 2023; Ghirardini et al. 2024). The confirmation of any evidence for a deviation from this value, such as the recent studies from the Dark Energy Spectroscopic Instrument (DESI) Collaboration (Adame et al. 2025), would have a significant impact on our understanding of the Universe. Measuring this equation of state and its evolution is therefore one of the major goals of modern cosmology. To achieve this goal and deepen our understanding of the dark Universe, modern surveys employ a variety of complementary probes, including weak gravitational lensing tomography, baryon acoustic oscillations, galaxy clustering, and galaxy clusters. Among these, weak lensing tomography (Hu 1999), which uses the shear of galaxy images induced by the passage of light through the cosmic web, has emerged as a powerful method to trace the evolution of the power spectrum of matter. However, it imposes some very stringent requirements on the measurement of cosmic shear and on the accuracy of redshift estimates (Amara & Réfrégier 2008).
Euclid is a medium-class mission led by the European Space Agency, specifically designed to advance this goal. It will survey approximately 14 000 deg2 of the extragalactic sky, delivering high-resolution galaxy shapes in the optical IE band with the VIS imaging instrument (Euclid Collaboration: Cropper et al. 2025) and near-infrared spectroscopy and photometry in the YE, JE, and HE bands with the NISP near-infrared instrument (Euclid Collaboration: Jahnke et al. 2025). The Euclid Wide Survey (EWS; Euclid Collaboration: Scaramella et al. 2022) nominally reaches a depth of IE = 24.5 at S/N = 10 for extended sources (Euclid Collaboration: Scaramella et al. 2022; Euclid Collaboration: McCracken et al. 2026). These data are expected to constrain the quasi-linear approximation of the w parameter of the equation of state p = w(z) ρ c2, with w(z) = w0 + wa z/(1 + z) and z the redshift, to a 1σ precision of 0.02 for w0 and 0.1 for wa. To meet these scientific objectives, the mission imposes stringent requirements on knowledge of the redshift distribution n(z) in at least ten tomographic bins, with a systematic error in the mean redshift in each tomographic bin σ⟨z⟩ < 0.002(1 + z) (Euclid Collaboration: Mellier et al. 2025). Given the vast sky coverage of the EWS and its depth, photometric redshifts are the only feasible approach for assigning redshifts to the billions of galaxies in the EWS.
Photometric redshifts are derived by the Euclid scientific data processing pipeline, which is designed to support both cosmology and non-cosmology science, such as galaxy evolution. This pipeline receives multi-band photometric catalogues produced upstream (Euclid Collaboration: Romelli et al. 2026) and provides for each object an estimate of the redshift, the source classification, the reconstructed spectral energy distribution (SED), and estimates of the source’s physical parameters. It also constructs the n(z) redshift distributions in each bin required for weak lensing and, more generally, for 3 × 2pt cosmological inference. The Quick Release 1 version of the pipeline is described in Euclid Collaboration: Tucci et al. (2026), while significant changes will be implemented for Data Release 1, in particular to support cosmological science.
Photometric redshifts offer much higher completeness, especially for faint sources, than spectroscopic redshifts. However, they are inherently subject to biases arising from different sources. In particular, the SED templates, in the case of template-fitting algorithms, or the training sample, in the case of machine-learning algorithms, are never fully representative of the true population. These biases can propagate into cosmological analyses, where accurate redshift distributions are critical. As a result, meeting the stringent accuracy requirements using photometric redshifts alone remains a considerable challenge (Bordoloi et al. 2010). This motivates the need for additional procedures that can mitigate the systematic offsets and improve the reliability of the reconstructed redshift distribution used in cosmological inference, a process often referred to as ‘calibration’.
Modern cosmological surveys have employed a range of methods for photometric redshift calibration. One common method is direct calibration with spectroscopic redshifts originally proposed by Lima et al. (2008). Its basic principle is that the n(z) of two galaxy samples should be identical if the two samples have the same magnitude and colour distributions. The method uses a spectroscopic sample in which objects are weighted according to their prevalence in the second sample, whose n(z) we want to measure. However, the matching of the samples in a high-dimensional colour space becomes computationally and conceptually more and more complex as the number of photometric bands increases.
To address this issue, Masters et al. (2015) introduced a novel approach using self-organising maps (SOM; Kohonen 1990). The SOM is an algorithm in the category of manifold learning, which provides a 2D view of the complex, multi-dimensional manifold of galaxy colours, onto which spectroscopic and photometric samples can be projected. Within this framework, the redshift distribution in each cell is estimated using the number-weighted spectroscopic sample, which serves as a proxy for the true n(z). This method improves upon the original direct calibration method by providing a visual and interpretable framework for the matching in colour space. Each cell is naturally occupied with galaxies with similar SEDs, and empty cells can be easily identified and either discarded or set up for follow-up observations. This was successfully demonstrated as part of the Complete Calibration of the Color-Redshift Relation (C3R2) programme (Masters et al. 2017).
The SOM calibration implicitly assumes that the photometric depth, luminosity distribution, and data quality of the spectroscopic sample match those of the sample to be calibrated. The KiDS survey (de Jong et al. 2013) benefits from extensive spectroscopic coverage that overlaps directly with the survey. As a result, KiDS constrained redshift biases to σ⟨z⟩ ≤ 0.006 across all tomographic bins, supported by spectroscopic data covering 99% of the full colour space of the photometric sample (Wright et al. 2020). In other cases, such as the Dark Energy Survey (DES; Dark Energy Survey Collaboration 2016), the spectroscopic sample originates from a different field with deeper observations and possibly additional passbands. Thus, its photometric properties cannot match those of the Wide survey, in particular because of the larger S/N. The SOMPZ method (Myles et al. 2021) developed for the DES addresses this issue by constructing separate SOMs for the Wide and Deep samples, connecting them through a transfer function that predicts how a deep-field source would appear when observed in the Wide survey. This information is then propagated to the wide-field SOM and used to calibrate the redshift distributions of wide-field galaxies. This approach enabled DES to achieve an uncertainty on the mean redshift in each tomographic bin σ⟨z⟩ ∼ 0.01 (Myles et al. 2021). The transfer function from the Deep to the Wide SOMs is implemented using the Balrog method (Everett et al. 2022), which involves injecting synthetic objects from the Deep sample into raw Wide imaging data that are then processed in the same way as any other real source.
In the framework of the Euclid project, several studies on redshift calibration are explored in parallel, including using the SOM (Roster et al. 2026) and clustering redshift (d’Assignies et al. 2025). Roster et al. (2026) focuses on the issue of the definition of tomographic bins. Here, we focus on the mismatch between the photometric properties of the sources with spectroscopic redshifts and those used to determine the shear. The EWS is, indeed, in a situation similar to DES, where the photometric redshift calibration pipeline relies on the existence of specific sky areas with deep multi-band photometry and numerous spectroscopic-redshift measurements obtained from complementary surveys, the Euclid Auxiliary Fields (EAFs; Euclid Collaboration: Mellier et al. 2025), including AEGIS (Davis et al. 2007), CDFS (Giacconi et al. 2001), COSMOS (Scoville et al. 2007), the Euclid self-calibration field, ultra-deep field, GOODS-North (Giavalisco et al. 2004), SXDS (Furusawa et al. 2008), and VVDS (Le Fèvre et al. 2005). The EWS is approximately two magnitudes shallower than the EAFs. Thus, there are important differences in S/N. As a result, due to the different scatter in colours due to uncertainties, identical sources observed in the EWS and the EAFs cover different regions of the SOM, as illustrated in Fig. 1. As in the case of DES, it is necessary to transform the deep photometry to mimic wide-like observations before calibration. Implementing image-level simulations, as done in DES using Balrog, would, in principle, represent the most comprehensive approach to perform the transfer. However, such methods are computationally expensive and require substantial modifications to the very complex Euclid pipeline. We propose here a catalogue-level transformation that offers a fast and effective solution to determine the transfer function without significant additional processing or substantial modifications to the pipeline. It is important to note that our goal is not merely to reproduce wide-like measurements starting from a deep survey. Instead, we aim to study the impact of the transfer function on the calibration of n(z).
	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. Projection of sources onto the self-organising map (SOM) trained using 8-band photometric data (DES g, r, i, z bands and EuclidIEYE, JE, and HE bands). Each SOM cell consists of objects with similar spectral energy distributions (SEDs). The background grayscale indicates the number of objects mapped to each cell. The red dot marks the true flux of a selected object projected onto the SOM, while the blue and green markers show 50 independent realisations of the same object with Deep and Wide photometric noise, respectively.



This paper is structured as follows. In Sect. 2, we introduce the multi-passband transformation method and verify it using DES data. In Sect. 3, we apply this method to test its impact on the calibration of the redshift distribution in the context of Euclid. Section 4 presents a detailed discussion of the method, its performance, and its broader applicability to cosmological analyses. Finally, we summarise our main conclusions in Sect. 5.
2. Transferring a deep-sample object into a wide-like one
As previously explained, because of the photometric uncertainties, a given source has a probability distribution of falling in a given SOM cell that depends on the depth of the observations, with deeper observations resulting in a more concentrated probability distribution around the true SOM cell, that is, the cell in which the source would fall if its true fluxes were known. Assuming that the tomographic bins are constructed from a set of SOM cells, the same source observed with both Deep and Wide photometry may end up in different bins (see Fig. 1), inducing differences in the n(z) distributions of the cells. Thus, when constructing the SOM with sources that have deep photometry, their fluxes need to be degraded so that they are scattered across the SOM in the same way as if the sources were observed at Wide depths. For this to happen, it is crucial that the uncertainty distributions match, but also that all correlations between fluxes, uncertainties, and fluxes and uncertainties are preserved. We develop here an empirical method to match each deep catalogue source to multiple wide-like counterpart realisations given deep and wide multi-band catalogues from either simulations or real data.
2.1. Single-passband transfer
In many applications, a straightforward method is often employed to transform synthetic or deep data into wide-like observations using a fixed Gaussian error on the flux in each passband. We first add some realism by drawing the error from its distribution in the Wide sample. We call this method the single-passband transfer function (SPT). For a given object observed in the Deep sample with observed flux and uncertainty (dX,  σX) in passband X, the likelihood ℒ that this object is identical to a source in the Wide sample with observed flux and flux error (wX, τX) is given by
[image: Mathematical equation: $$ \begin{aligned} \mathcal{L} = \frac{1}{\sqrt{2\pi }\sqrt{\sigma ^2_{X}+\tau ^2_{X}}}\exp \left(-\frac{(d_{X}-w_{X})^2}{2(\sigma ^2_{X}+\tau ^2_{X})}\right). \end{aligned} $$](1)
We compute the likelihood ℒ for all objects in the Wide sample and draw one wide-sample object (wX, τX) at random following these likelihoods. The wide-like flux of the deep-sample source is given by w′X ∼ 𝒩(dX, τX2), where 𝒩(a, b) is the normal distribution with mean a and variance b. We iterate on all passbands to degrade the deep-sample object into a wide-like one, each time potentially obtaining the wide-sample uncertainty from a different object. Applying this to all objects in the Deep sample, we obtain a degraded sample with 1D error distributions that match those of the Wide survey, provided that the assumption that σX is negligible compared to τX is true.
2.2. Multi-passband transfer
The SPT approach cannot capture the photometric correlations across the different quantities in the different bands. Poisson noise introduces a correlation between fluxes and flux errors, while flux errors across different passbands may be correlated due to the observing strategy or the local background. A realistic method to transfer a Deep object into a wide-like object needs to preserve these correlations.
For this purpose, we propose a multi-passband transfer (MPT) method1. We consider a deep-sample object, with a set of fluxes and flux errors (dX, i,  σX, i) in passband Xi,  i = 1, …, N. For each wide-sample object with flux and flux error (wX, i,  τX, i) in passband Xi, we compute the likelihood ℒ that the object is identical to the deep-sample one
[image: Mathematical equation: $$ \begin{aligned} \mathcal{L} = \prod _{i=1}^N\frac{1}{\sqrt{2\pi }\sqrt{\sigma ^2_{{X},i}+\tau ^2_{{X},i}}}\exp \left(-\frac{(d_{{X},i}-w_{{X},i})^2}{2(\sigma ^2_{{X},i}+\tau ^2_{{X},i})}\right). \end{aligned} $$](2)
We then draw a single wide-sample object at random following these likelihoods. The procedure can be repeated to produce as many realisations of the transfer as needed. The flux errors τX, i from the selected neighbour(s) are then applied to the deep-sample object, and its new wide-like fluxes are obtained from the normal distributions
[image: Mathematical equation: $$ \begin{aligned} w^\prime _{{X},i} \sim \mathcal{N} (d_{{X},i}, \tau _{{X},i}^2). \end{aligned} $$](3)
This method ensures that the applied flux errors in the multiple passbands contain all the correlations present in the Wide sample.
While one should in principle compute the likelihood in Eq. (2) for all wide-sample objects, this is in general extremely inefficient, since most wide-sample sources have very small likelihoods to match the current deep-sample object. To speed up the processing, we restrict the computation of the likelihood, and hence the drawing of the flux errors, to wide-sample objects that are a priori likely to have large likelihoods. These objects are the nearest neighbours of the deep-sample source in flux space, neglecting flux uncertainties. They can be identified very efficiently using a k-d tree (Bentley 1975; Virtanen et al. 2020). The choice of the number of nearest neighbours for which the likelihoods are computed is driven by the computational efficiency on the one side and the accuracy of the transfer on the other side. We have found (see Sect. 2.4) that using the 50 nearest neighbours is sufficient to obtain an accurate transfer.
2.3. Selection function
Both the SPT and MPT methods convert all deep-sample objects into their wide-like counterparts. However, the deep-sample objects fainter than the wide-survey detection limit would not appear if they were observed at wide depth. To take this into account, after applying the deep-to-wide transformation, we introduce an empirical selection function derived from the wide-field data.
We use the distribution of the wide-field flux in the detection band X, dNX/dfX, to construct an empirical selection function. We fit the high-flux part of dNX/dfX with a power law with a fixed slope of −2.5. We then divide dNX/dfX by this power law model to obtain an empirical selection function of the wide field, randomly accepting objects with a probability given by this function. For simplicity, we perform the selection in a single band, although some surveys perform the detection in a combination of bands. For instance, Dark Energy Survey Collaboration (2016) use a combination of the r + i + z bands for detection, which we approximate in the following with a simple i-band selection.
2.4. Wide-like sample compared with DES Balrog
We tested the multi-passband transfer method using the DES Y3 Gold Catalogue (Sevilla-Noarbe et al. 2021) for the target sample and Balrog catalogue (Everett et al. 2022) as a comparison, which contains synthetic galaxies injected into single-epoch DES images and processed through the same pipeline as real wide-survey data. Out of 26 million objects, 11 million have been injected into co-add images, detected, and subsequently catalogued. Synthetic sources are created based on DES Deep Field sources (Hartley et al. 2022), providing both high S/N Deep photometry and realistic wide-like photometry from the reprocessed images. However, some injected sources originate from defective regions, for example, at the detector edges in the Deep field, or are re-injected into problematic areas in the Wide survey, leading to unrealistic photometric properties in either regime. To mitigate these effects, we applied quality cuts to the DES Deep catalogue, selecting only sources with kNN_class = 1 (galaxy classification), badpix_frac < 0.75 (low fraction of bad pixels), and log10(bdf_T) < 0.1 log10(bdf_flux_i)2 + 0.2 (shear sample selection), where bdf_T is the model area and bdf_flux_i is the i-band flux from the Bulge+Disk model. These cleaned Deep sources were then cross-matched with the injected sample in the Balrog catalogue to eliminate objects that might affect the subsequent transformation.
To remove Deep sources that were injected into problematic Wide-field regions, we applied additional selection cuts on the Balrog catalogue. Specifically, we required meas_FLAGS_GOLD_SOF_ONLY = 0 (no processing issues), meas_cm_flags = 0 (successful composite model fit), all elements of meas_psf_flags to be zero (reliable PSF fitting), and a compact size cut on the object given by log10(meas_cm_T) < 0.1 log10(flux_i)2 + 0.2, where meas_cm_T is the deconvolved area and flux_i is the measured i-band flux. We then selected 500 000 sources to form the Balrog Deep catalogue and 2 000 000 sources for Balrog Wide catalogue. For the Balrog Deep catalogue, we used true_bdf_flux and true_bdf_flux_err as the fluxes and associated errors. For the Balrog Wide catalogue, we adopted meas_cm_flux and extracted errors from the diagonal elements of meas_cm_flux_cov. We applied the same selection to the DES Y3 Gold product and randomly selected 2 000 000 sources to form the DES Wide catalogue; an additional, independent DES Wide catalogue of the same size was prepared for validation purposes. Two wide-like samples were generated from the Balrog Deep catalogue using the SPT (Sect. 2.1) and MPT (Sect. 2.2) methods. Ten realisations of each transfer have been performed.
We present the flux and flux error distributions across the four passbands in Fig. 2 for the different methods compared to those of the DES Wide data set. To evaluate the performance of the transfer methods, we adopt the Wasserstein distance (Kantorovich 1960), which is a metric that quantifies the similarity between two multi-dimensional probability distributions, with smaller values of the metric indicating a closer match. In this analysis, we compare the Balrog Deep sample (before transformation), the Balrog Wide sample (generated via image simulation), and the samples transformed using both the SPT and MPT methods against the DES Wide sample. We also used the independently drawn DES Wide catalogue, which should match the original DES Wide sample by construction, to establish a benchmark for the Wasserstein distance. The Wasserstein distances are computed across three feature spaces: all flux bands, all flux error bands, and the full space combining both fluxes and flux errors. The results of this comparison are presented in Table 1.
	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Comparison between the DES Wide data set and our transformations in flux and colour space. The figure shows the distribution of the DES Wide data set (orange), compared with the multi-passband transfer data set introduced in this paper (blue), and the wide-like data set generated using the single-passband transfer (green), where fX and fe, X indicate flux and flux error in passband X. The number on the top or right axis of the sub-figures indicates the corresponding magnitude.



Table 1. 
Wasserstein distance measured between the DES Wide reference subset and five comparison samples.

While the ‘DES Wide’ to DES Wide comparison shows, as expected, the lowest Wasserstein distance for the three feature spaces, we find that all methods perform similarly in terms of reconstructing the flux-flux correlations. This is understandable, as the correlation is mostly due to the nature of the sources and, in particular, to their SEDs. However, when considering errors, we find that all transfer methods can considerably reduce the Wasserstein distance compared to the Balrog Deep case (no transformation). Nevertheless, although Balrog Wide and the SPT methods are very similar, the MPT method significantly improves over the two other methods. This is achieved in spite of the huge computational cost of the Balrog Wide transfer method.
3. Photometric redshift distribution calibration
To assess the performance of the MPT method to improve the calibration of n(z) with the SOM, we implemented it in the calibration process and applied it to the Euclid Flagship Simulation (Euclid Collaboration: Castander et al. 2025). This state-of-the-art galaxy mock catalogue was developed to support Euclid’s scientific exploitation and to test data processing and calibration algorithms designed to meet the mission’s scientific goals. The Flagship Simulation is based on an N-body simulation with four trillion particles (Potter et al. 2017), generating a light cone populated with galaxies through halo occupation distribution (Berlind & Weinberg 2002; Zheng et al. 2005) and abundance matching techniques (Vale & Ostriker 2004; Conroy et al. 2006). The final data set contains 3.4 billion galaxies up to a magnitude of HE < 26, covering one octant of the sky up to redshift z = 3, with photometric measurements across multiple bands, observed (cosmological and peculiar) redshifts, and true (cosmological only) redshift values. In this test, we do not use real observational data because ground-truth values are required to validate the performance. Therefore, using Flagship Simulation provides us with a controlled environment in which the true bias can be measured.
By introducing the MPT method into the Flagship photometry, we can evaluate its effect on the accuracy of the recovered redshift distribution. Since Flagship Simulation realistically incorporates galaxy clustering and survey selection effects, it provides a controlled and yet representative environment to test the robustness of our approach.
3.1. Data preparation
We selected galaxies from a large sky patch defined by 220° < RA < 230° and 0° < Dec < 10°, comprising 20 million objects from the Flagship Simulation version 2.1 Wide catalogue gathered from CosmoHub (Carretero et al. 2017; Tallada et al. 2020). Photometric measurements are available in the following bands: EuclidIE, YE, JE, and HE bands, and DES g, r, i, z bands. The Euclid Flagship Simulation provides the true fluxes for each galaxy, which form the basis of our test. However, to obtain realistic observed fluxes in both Deep and Wide configurations, it is necessary to add photometric noise.
3.1.1. Preparation of the test catalogues
In the Flagship Simulation, photometric noise is added independently to each band, which does not reproduce the inter-band noise correlations present in real observations. While this approach is suitable for many validation tasks, it is not adequate for testing our method, which is designed to preserve correlations between all combinations of fluxes and flux errors across bands. To address this, we added to the true fluxes photometric noise resulting from the Poisson process and background fluctuations. Poisson noise depends on the count-to-flux conversion factor in each band and increases as the square root of the true fluxes. For background noise, we defined a correlation matrix of the uncertainties between the different passbands, with diagonal elements equal to 1 and off-diagonal elements arbitrarily set equal to 0.37 to introduce mild correlations in the amplitudes of the uncertainties. The value of 0.37 is motivated by empirical correlations measured in the Euclid Quick Data Release (Euclid Collaboration: Aussel et al. 2026). Each uncertainty is then applied individually to their respective fluxes. We generated both Wide and Deep sample objects using the original 20 million sources, with the Wide and Deep samples assigned different Poisson and background noise levels. The reconstructed flux and flux error distributions of the new Wide sample catalogue match those of the Flagship Simulation 2.1 Wide catalogue’s observed fluxes and flux errors, except that the latter do not include error correlations. The Deep catalogue is created with a depth equivalent to 40 times the exposure time of the Wide survey. For validation purposes, we used the observed redshift (zobs) provided in the Flagship Simulation as reference values for the redshift, which corresponds to the true galaxy redshift, including the contribution from the peculiar velocity. We followed the same procedure as described in Sect. 2.2 to transfer all deep-sample objects to wide-like objects. In the end, we constructed three catalogues: the Deep catalogue, the Wide catalogue, and the wide-like catalogue obtained from the Deep catalogue, which we refer to hereafter as the ‘MPT-Mock catalogue’.
3.1.2. Photometric redshift computation
The calibration of the redshift distribution requires a point estimate of the redshift for tomographic-bin assignment. Since our catalogues are generated by creating new realisations of the observed fluxes from the true fluxes, the original photo-z values from the Flagship Simulation cannot be used. As our goal is to evaluate the performance of the n(z) calibration enabled by the MPT method, we aim to minimise the impact of redshift estimation on this validation. To keep the test focused, we adopted a simple machine-learning approach. We used a Random Forest (RF) regression (Breiman 2001), implemented using RandomForestRegressor from the scikit-learn Python package (Pedregosa et al. 2011) with max_depth set to 180 and all other parameters set to their default values, to compute the point estimates of the photo-zs. The regressor is trained using the seven photometric bands grizYEJEHE from the Deep catalogue as input features and the corresponding spectroscopic redshifts as labels. The Deep catalogue is randomly split, with 70% of the objects used for training and the remaining 30% for validation. The resulting training and validation samples are obviously not consistent, because their selection functions and photometric properties differ. An estimator trained on the deep catalogue, therefore, cannot perform as accurately when applied to the wide data.
We assessed photo-z performance by comparing the predicted photo-z values with the observed redshifts zobs. Figure 3 shows the comparison between the estimated photo-z and zobs for the MPT-Mock-sample objects, with a normalised median absolute deviation (NMAD) of 0.04 and an outlier fraction of 5.4%, for samples that satisfy IE < 25 and a S/N ≥ 10 in the IE band. However, this performance reflects both the quality of the MPT-Mock catalogue produced via MPT and the predictive power of the regression model. To disentangle the impact of the transfer method itself, we compared photo-z estimates of the same sources in the MPT-Mock and Wide catalogues. The MPT-Mock catalogue contains wide-like objects generated by degrading deep photometry using our method, while the Wide catalogue comprises the same objects as observed in the wide survey. By cross-matching the two sets and comparing their respective RF photo-z estimates, we find that they match very well, without evidence of additional bias, although, as expected due to the randomisation of the fluxes, there is some scatter, with NMAD = 0.03 and an outlier fraction of 3.6%. For wide-sample objects, the NMAD with respect to zobs is 0.03 and the outlier fraction is 3.4%. The corresponding figures for the MPT-Mock sample are NMAD = 0.04 and the outlier fraction is 5.4%. We find that the photo-z performance obtained using the MPT-Mock sample shows a slight degradation compared to that of the Wide sample, when evaluated against the observed redshift zobs as the ground truth. The photo-z performance also reflects the intrinsic uncertainty of the RF model in the Deep sample. The photo-z of the Deep sample with respect to zobs have an NMAD of 0.02 and an outlier fraction of 0.8%. Because transferring from photometry to photo-z is a highly non-linear process, there is no general formalism for the combination of uncertainties. To perform a rough error propagation, we added them quadratically. Regarding outliers, the maximum outlier fraction corresponds to the sum of the individual fractions. We find that the NMAD of the MPT-Mock sample matches well the quadratic propagation of errors due to the deep photometry, while the outlier fraction is a bit higher than the sum of the outlier fractions in the Deep and Wide samples.
	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Left: Comparison between RF photo-z estimates and spectroscopic redshifts for objects in the MPT-Mock sample. A magnitude cut of IE < 25 and an S/N  ≥ 10 cut on the IE band photometry are applied. Right: Comparison of RF photo-z estimates between matched objects in the Wide and MPT-Mock catalogues. The NMAD of the residuals and the outlier fractions are indicated in the figures, sources with |zph − zobs|> 0.15(1 + zobs) being defined as outliers.



3.2. Calibration using self-organising maps
To introduce MPT for n(z) calibration, we adopted the calibration method proposed by Masters et al. (2015) as our baseline. This method has been further developed in subsequent applications of the SOM for the n(z) calibration (Wright et al. 2020; Myles et al. 2021; Roster et al. 2026). We explore below several modifications making use of our MPT-Mock catalogue to identify which ones have the most significant impact on the resulting n(z) reconstruction. We also used realistic numbers of reference objects and spectroscopic redshifts to avoid overoptimistic performance.
In our implementation of the original SOM-based calibration of Masters et al. (2015), which we refer to as Scenario A, we randomly selected 500 000 galaxies from the Deep catalogue to form the Deep subset, of which 15 000 galaxies are randomly selected and used as the Deep calibration subset with known zobs; these numbers have been chosen to reflect realistic numbers for Euclid (Masters et al. 2017, 2019; Euclid Collaboration: Stanford et al. 2021). These subsets are used to calibrate the n(z) distribution of the Wide sample, from which we randomly selected 2 000 000 galaxies from the Wide catalogue to form the Wide subset. In all these samples, as well as those defined below, we applied a selection function to keep objects with the IE S/N ≥ 10, which is the threshold originally set to obtain a good quality shape measurement for the weak lensing analysis. We created a SOM with dimensions 75 × 150 and trained it with the Deep subset (see Appendix A for technical details of our SOM). A modification that we introduce in all our scenarios is that we use the ratios of the g, r, i, z, YE, JE, and HE fluxes to the IE flux, instead of magnitude-based colours. Using these flux ratios allows the values used to train the SOM to remain roughly Gaussian distributed. We then projected all objects with zobs from the Deep calibration subset onto the trained SOM. Each SOM cell containing at least one zobs is assigned its average value in the cell, forming what we refer to as the zobs map, and empty cells are discarded, as they are uncalibratable. We defined ten tomographic bins with redshift boundaries at 0, 0.25, 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2, 2.25, and 2.5. The tomographic-bin map is then constructed by assigning each SOM cell to a bin based on its mean zobs. For example, a cell with a mean zobs of 0.1 is assigned to the first tomographic bin. We projected objects from both the Deep calibration subset and the Wide subset onto the trained SOM and assigned each object to a bin based on its position in the tomographic-bin map. The weight of each cell is set by the number of wide-sample objects it contains, while the zobs values of the deep-sample objects in that cell define a normalised redshift distribution in cell i, which we write Pi(z). For each tomographic bin, we constructed a calibrated n(z) of the source in the Wide sample as
[image: Mathematical equation: $$ \begin{aligned} n(z) = \sum _{i=1}^{m} N_{\mathrm{wide} ,i}\, P_i(z)\,, \end{aligned} $$](4)
where m is the total number of cells in the tomographic bin and Nwide, i is the number of wide-like samples in cell i. In this test setup, the Wide sample is constructed from the Flagship Simulation, so that the ground truth redshift distributions are known, which can be compared with our reconstructed n(z).
As noted in Roster et al. (2026), using zobs to define tomographic bins can affect the calibration performance due to the double use of the zobs information – first when constructing the tomographic-bin map, and then again when constructing the n(z) distribution of the weighted deep-sample objects. As a first modification to the original method of Masters et al. (2015), we defined Scenario B, where the tomographic binning is based on the mean of the photo-zs of the 500 000 deep-sample objects in each cell, the photo-z values being computed using the method presented in Sect. 3.1.2.
We then implemented four additional configurations of the calibration procedure based on Scenario B, where the MPT-Mock sample is used at different stages. The configurations for the following scenarios are also listed in Appendix B.

	
Scenario C: The SOM is constructed and the tomographic-bin map is defined, as in Scenario B. The Deep calibration subset is then transformed fifty times using MPT to form the MPT-Mock calibration subset, which then consists of 50 × 15 000 objects. The MPT-Mock calibration subset is then projected onto the SOM, and the weights of the SOM cells are calculated according to the MPT-Mock sample’s number density. The corresponding zobs measurements from the MPT-Mock calibration subset are used to calculate the average zobs in each cell.



	
Scenario D: Building from Scenario B, the tomographic-bin map is defined by the average of the photo-zs of the MPT-Mock subset objects.



	
Scenario E: The SOM is trained using the MPT-Mock subset instead of on deep-sample objects from the Deep subset.



	
Scenario F: All the steps added in Scenarios C, D, and E are implemented: the Deep sample is fully replaced by the MPT-Mock sample throughout the pipeline. The SOM is trained on the MPT-Mock-sample objects from the MPT-Mock subset; the photo-z map and the tomographic bins are defined using photo-z values from the MPT-Mock subset, and the weight of each cell is determined from the number of MPT-Mock-sample objects from the MPT-Mock calibration subset.



	
Scenario G: Similar to Scenario F, except that the objects are assigned to the tomographic bins based on their individual wide-sample photo-z, following Roster et al. (2026).




Figure 4 illustrates the redshift and occupation maps in different scenarios: a Deep SOM trained with the Deep-sample objects populated with the Deep calibration subsets shows a large fraction (46.5%) of uncalibratable cells. In Scenario D, the same SOM is populated by MPT-Mock-sample objects for the definition of the tomographic bins, showing that the distribution of redshifts on the SOM matches that of zobs. The occupation of the MPT-Mock calibration subset in Scenario C leaves a much smaller fraction of the SOM cells (6.7%) not covered with zobs, due to multiple realisations of the transfer.
	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. SOM constructed from the Deep sample populated by redshift and objects number count. The SOM is constructed using 500 000 deep-sample objects with dimensions 75 × 150. Left: SOM populated with the 15 000 deep-sample objects that have zobs information, where each cell shows the mean zobs of the samples it contains. This shows the original Masters et al. (2015) method. Middle: SOM populated using the 500 000 MPT-Mock-sample objects, which are the wide-like counterparts of the deep-sample objects used to construct the SOM. Each cell shows the mean photo-z of the samples it contains (Scenario D, photo-z map). Right: SOM populated with the MPT-Mock-sample objects corresponding to the 15 000 deep-sample galaxies with zobs information, each replicated through 50 independent realisations, in total 750 000 objects. The colour scale indicates the number of objects per cell (Scenario C, MPT-Mock sample occupation for the zobs-sample projection). White colour indicates the empty cells. The middle and right plots reflect the MPT-Mock-sample object onto a deep-sample constructed SOM.



Figure 5 shows the bias in the mean redshift of each tomographic bin relative to the ground truth distribution for the seven calibration scenarios discussed above. To estimate the uncertainty in each measurement, we repeated the entire data selection and calibration process 500 times by drawing sources at random from the parent catalogues and computed the standard deviation and distributions of the resulting mean redshifts. Table 2 shows the average scaled biases (i.e. divided by 1 + z) in each bin. For distributions that overlap with the Euclid requirements, we computed the corresponding probability as a percentage. We find that only Scenarios C, F, and G have a non-negligible probability to meet the requirements in most tomographic bins, Scenario G being the only one to have a non-negligible probability in all bins (larger than 30%).
Table 2. 
Fraction of the tests that lie within the Euclid requirements.

	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Mean redshift bias for different configurations of the calibration pipeline, shown as a function of redshift for ten equal-z tomographic bins. The bias is computed relative to the true mean redshifts of the wide-sample n(z) distributions. Violin points represent the distribution of 500 realisations, where violin points with face colour indicate calibration that used MPT-Mock-sample objects for projection and n(z) reconstruction and points with no face colour indicate the projection and reconstruction are done by using deep-sample objects. The grey shaded region indicates the Euclid requirements for n(z) accuracy in weak lensing cosmology. Blue data points represent Scenario A (original Masters et al. 2015 method); orange data points show Scenario B (photo-zs are used to define the tomographic binning); green ones Scenario C (zobs projection replaced with MPT-Mock-sample objects); red data points show Scenario D (tomographic bin defined by MPT-Mock-sample objects); purple data points are Scenario E (SOM constructed by MPT-Mock-sample objects); brown data points show Scenario F where full calibration is based on MPT-Mock sample. The pink data points correspond to Scenario G, use the per-object photo-z binning introduced in Roster et al. (2026). The data points have been slightly shifted along the x-axis for clarity.



Figure 6 shows one of the resulting n(z) distributions for the tomographic bin in the redshift range 1.0 < z ≤ 1.25. The true wide-sample n(z) distribution is well reproduced with the calibration method from Scenario C, while the calibration method from Masters et al. (2015) with photo-z binning (Scenario B) underestimates the width of the distribution. Quantitatively, we measure a variance of 0.098 for the true n(z), 0.113 with Scenario B, and 0.099 with Scenario C. Thus, an error of 15% is obtained with Scenario B, which reaches only 1% with Scenario C. Scenario F uses a different SOM and a different binning scheme, so its true n(z) distributions differ from those in Scenarios B and C. We find that the variance in the same bin in Scenario F is 0.089, while the true n(z) has a variance of 0.088, again providing an error of about 1% only.
	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Distributions n(z) for the tomographic bin in the redshift range 1.0 < z ≤ 1.25. The black line shows the true n(z) distribution of the wide-sample objects (mean z = 1.045, variance 0.098), with the dashed vertical line indicating its mean redshift. The orange line represents the distribution obtained when projecting zobs from MPT-Mock-sample objects onto the SOM (Scenario C; mean z = 1.048, variance 0.099), where both the SOM and tomographic binning are based on the MPT-Mock sample. The green line shows the result from Scenario B (mean z = 1.079, variance 0.113).



4. Discussion
4.1. Performance of the multi-passband transfer
Because of the differences in the survey strategies, there is a mismatch in photometric properties between deep- and wide-sample objects. A common approach to mitigate this mismatch is to degrade deep-sample objects by adding random scatter to approximate the noise properties of Wide observations. However, this simple noise-adding method disrupts the correlation structure imprinted in the measurements, particularly the correlations between flux errors across different passbands.
In this work, we introduce and test successfully a multi-passband transfer method designed to simulate wide-like photometry from Deep observations. This catalogue-level transfer serves as a practical alternative to image-based simulations such as Balrog for matching deep- and wide-sample objects, offering a computationally efficient approach capable of processing one million sources in eight bands in five minutes with an Intel(R) Xeon(R) Gold 5218 CPU.
In addition, with the metrics we used here, we find that MPT recovers the statistical properties of the wide sample slightly better than Balrog. This arises possibly because Balrog injects sources using a synthetic model, and their photometry is extracted with a similar model, making the injected sources less realistic than actual wide-sample objects. Consequently, the flux errors measured for Balrog Wide objects are smaller than they would be if the same objects appeared in real DES Wide observations. This discrepancy can degrade the performance of Balrog Wide in recovering the wide-sample error distributions.
With the eight photometric bands of the Flagship Simulation, the transfer is performed in 16 dimensions. In principle, our probabilistic sampling should include the entire wide-sample data set, without pre-selection of the neighbours. However, since wide surveys typically contain millions to billions of sources, this approach becomes computationally infeasible. We use a k-d tree to identify the nearest neighbours of each deep-sample object, and then perform a likelihood-based sampling within this local subset. The use of nearest neighbours as a pre-selection strategy significantly improves the efficiency with a moderate loss of precision. We find that setting k = 50 provides a good balance between transfer accuracy and computational performance.
Figure 2 shows that MPT successfully reproduces the flux and flux-error distributions of wide-sample objects by degrading deep-sample objects. While matching the distributions in flux and uncertainty space is a necessary first step, the true value of this method lies in its ability to support downstream scientific applications. One such application is photometric redshift estimation. The right panel of Fig. 3 illustrates the implementation of this transfer function. The photo-z values estimated from MPT-Mock-sample objects closely match those obtained from the same objects observed directly in the Wide data set. The NMAD (0.03) and the outlier fraction (3.4%) for the wide-sample objects indicate the upper limit that can be achieved by degrading the corresponding deep-sample objects. The MPT-Mock-sample object shows a slightly worse performance than with NMAD equal to 0.04 and an outlier fraction equal to 5.4%, but this can be reasonably well explained by the intrinsic scatter in the photo-z of the Deep sample objects. In addition, we do not find any evidence of bias in the photo-z introduced by the MPT. This shows that the transformation does not significantly degrade information compared to wide-sample objects and enables a reliable estimation of derived properties, such as redshift, highlighting its effectiveness beyond simple distribution matching.
4.2. Impact on the redshift distribution calibration
A basic requirement for an accurate photometric redshift calibration is the quite intuitive idea of Lima et al. (2008) that the colour distributions of test and reference objects should be identical. Since this is an extremely hard requirement, the SOM is used to partition the colour space into cells in which the occupation of both samples can be scaled. The properties of the photometric uncertainties are also significant in the matching of the colour spaces. We address this here using MPT, which degrades the photometry of deep-sample objects, in our case from the EAFs, to the performance of the wide survey, the EWS. This mimics the situation in KiDS (de Jong et al. 2013), where extensive spectroscopic coverage directly overlaps the survey area, which does not exist for Euclid. We test different ways to make use of this transfer method.
Figure 4 shows the Deep zobs map exhibits a large fraction of unpopulated cells, with 46.5% of SOM cells lacking coverage and therefore having to be discarded. This shows that the number of zobs is insufficient to cover the colour space of wide-survey galaxies adequately. Some of these unoccupied cells might be the result of the spread in colour space due to the wide-photometry uncertainties. In Scenario C, the colour space is populated more uniformly in the SOM through the use of multiple wide-like realisations, reducing the fraction of unpopulated cells to 3.4%. Scenarios F and G follow the same strategy and exhibit a similar improvement in SOM coverage.
Figure 5 clearly shows that MPT applied to Deep-sample objects with zobs turns out to be the most important step towards improving the SOM-based calibration, as MPT improves the matching of both samples in colour space. With Scenario C, on average, 27.2% of the bins are well calibrated and 27.8% for Scenario F, while this value reaches 55% for Scenario G. As argued in Roster et al. (2026), assigning objects to tomographic bins based on their individual photo-z prevents the occurrence of situations where a SOM cell is assigned to a non-representative tomographic bin, because the taking of the mean of a bimodal distribution. Performance will improve with a larger sample of zobs and better photo-zs.
Scenario F is only marginally better than Scenario C. However, conceptually, Scenario F makes more sense, especially the construction of the SOM using the MPT-mocked sample. Indeed, because of the uncertainties, the Wide-sample colour space is larger than the Deep-sample one. When the SOM is constructed using deep photometry, some wide-sample objects may end up outside the colour space specified by the SOM, and then be projected on a random cell, thereby contaminating the Nwide, i occupations.
With Scenario D, we test whether defining the tomographic binning using MPT-Mock-sample objects leads to any improvement. Figure 7 shows an example of the tomographic bin comparison between using the deep subset (Scenario B) and the MPT-Mock subset (Scenario D) to define the bin areas. On large scales, the resulting distributions are broadly consistent with each other. As shown in Fig. 5 and Table 2, the performance in this case is comparable to Scenario B, indicating that using MPT-Mock-sample objects for tomographic binning does not provide a huge improvement. This is because, while the MPT-Mock photo-zs are less precise, the averaging over many objects makes the cell assignments nearly identical to those obtained with deep-sample objects. This might not be true if the deep and wide photometries are affected by different biases. We also notice that Scenario D performs better in lower redshift bins. This is due to the fact that the variance of the probability distributions spans a wider range, even though the mean redshift biases further deviate from the zero offset, those data points within the Euclid requirement will take into account the probability.
	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Comparison of tomographic-bin areas defined using deep-sample objects and MPT-Mock-sample objects. The maps show the SOM regions where the mean photo-z of the cells falls within 1.25 < z ≤ 1.5, populated by deep-sample objects (left) and by MPT-Mock-sample objects (right). The MPT-Mock-sample set contains the same number of objects.



To explore the impact of the type of data used to create the SOM, we test the SOM trained on deep-sample objects (Scenario B) and the SOM trained on MPT-Mock-sample objects (Scenario E), all other steps being as in Scenario B. The photometry of deep-sample objects is close to the true values, so the SOM approximately represents the real colour space. In contrast, MPT-Mock-sample objects occupy a broader colour space due to the photometric degradation process. This corresponds to Scenario E, which actually performs the worst in our tests. This can be explained by the fact that a given location in the true colour space gets spread over many cells, while the reference objects are not, unless the technique of Scenario C is used at the same time. Scenario E therefore creates a mismatch between the colour space of the SOM and of the reference objects. Nevertheless, a SOM constructed from deep photometry spans a smaller region of the colour-space manifold than one built from wide photometry due to the larger uncertainties. Projecting wide-sample objects that lie outside the deep colour-space manifold onto a deep-based SOM can introduce bias. Although we did not observe a significant reduction in n(z) bias in our tests, employing a wide-like SOM may prove to be important in principle.
In summary, we confirm that matching the photometric properties of the Deep sample and the Wide sample is necessary. This is particularly true for the spectroscopic sample, as the only scenarios that produce reasonably calibrated bins are those where the Deep calibration subset is mocked using MPT and projected onto the SOM. Multiple realisations of the mocking are needed to mitigate the shot noise introduced by the small size of the sample. Even though the steps in Scenario D and E do not show very significant improvements, they can, in principle, improve the matching of the Deep and Wide samples.
4.3. Comparison with Roster et al. (2026)
In Roster et al. (2026), the authors tested several modifications to the original SOM n(z) calibration of Masters et al. (2015) using Flagship Simulations. Namely, they used a SOM constructed using wide-like photometry, and the reference objects are projected onto this SOM after additional uncertainties typical of the wide survey are applied. Each object is assigned to a tomographic bin based on its photo-z. Scenario G implements the different steps of the method presented in Roster et al. (2026), with several differences. We also focused on building a test case of the method that is as representative as possible of the Euclid case, in terms of the number of objects in the Deep calibration sample, their distribution on the SOM, and the properties of the different photometric samples, in particular with the introduction of correlations between errors. In Roster et al. (2026), wide-like uncertainties of the Deep sample are known from the simulated catalogues, which requires that the same sources are observed at both deep and wide depths. Instead, MPT allows us to construct a wide-like sample from a deep survey by matching the properties of any wide sample, even if there is no overlap between the deep and wide samples. We also evaluate each step of the process one by one to understand its importance in calibration.
In this paper, we have achieved performances similar to those obtained in Roster et al. (2026) under conditions that apply to the Euclid weak-lensing survey, while confirming that the matching of the photometric properties of the Deep and Wide samples is a key requirement for the SOM calibration to perform correctly. We confirm their key findings, in particular regarding the need to assign sources to tomographic bins based on their individual photo-zs. Roster et al. (2026) propagated the uncertainties and biases in the tomographic-bin redshift distributions to the cosmological-parameter inference. As our results are similar, the same conclusions apply, namely that the bias on the parameter should be limited to about 0.3σ under somewhat realistic conditions.
4.4. Implications beyond weak lensing tomography
For weak lensing tomography, an accurate estimate of the mean redshift of the galaxy distribution is crucial to minimise systematic biases in cosmological parameter estimation. While the mean of n(z) captures the primary requirement, knowledge of the full distribution remains necessary (Ma & Bernstein 2008; Bordoloi et al. 2010; Euclid Collaboration: Mellier et al. 2025). As illustrated in Fig. 6, MPT not only reproduces the mean redshift of the wide-sample distribution with high accuracy but also preserves the overall shape of the n(z) distribution; in particular, the second moment is recovered to within about 1% with Scenario C or Scenario F. This demonstrates that the calibration procedure with MPT faithfully retains the statistical structure of the redshift distribution beyond just its central value. Consequently, the method has potential applications beyond weak lensing and will in particular benefit other cosmological analyses that rely on accurate modelling of the full n(z) distribution, such as angular clustering (Peebles 1980).
5. Conclusions
In this work, we present and evaluate a multi-passband transfer method that creates wide-like photometry from deep-field observations. The method is computationally efficient and preserves the intrinsic correlations between fluxes and errors across all passbands, offering a significant improvement over naive noising techniques and even, with the metrics we used here, over computationally heavy image-based source injection methods such as Balrog. Applied to the photometric redshift calibration method from Masters et al. (2015) in a somewhat realistic setup, especially in terms of the number of sources in the different samples and the presence of correlated errors, MPT is instrumental in reproducing with good performance not only the mean of the n(z) redshift distribution, but also its overall shape. We find that the key role of MPT lies in the projection of the Deep zobs sample, which allows the distribution of these objects on the SOM to match that of identical objects from the wide sample. When all other steps are kept based on deep-sample objects, this step results in the largest improvement in calibration performance. We also confirm the need to assign objects to tomographic bins based on their individual photo-zs. In addition, the MPT method integrates naturally into the Euclid calibration pipeline, where wide-field objects lack corresponding deep-field observations. Moreover, by generating multiple realisations, this method distributes the zobs sources around their true locations, thereby reducing the number of sparsely populated cells in the SOM. Overall, this work provides a practical solution for improving photometric redshift calibration, with broad relevance for any cosmological studies that rely on accurate measurements of the n(z) distribution. Although improvements are still needed after Euclid DR1, if only by improving the quality of the reference sample, this approach offers a robust framework for future data releases.
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1 The code is available at https://github.com/yuzheng-cosmos/multi-passband-transfer




Appendix A:  Technical note on the construction of the SOM
Another important consideration is the computational performance and stability of the SOM algorithm, especially when projecting large numbers of sample objects onto the map. Some SOM implementations in interpreted languages are too slow to deal with the millions of objects found in modern surveys. Some packages produce unwanted features in the trained maps, such as patterns of empty cells at regular intervals, or cells that are populated with an unrealistically large fraction of the objects. In the SOM redshift map, there are sharp discontinuities between regions of high- and low-redshift cells, leaving valleys of empty cells at the transition boundaries. These issues can severely limit the applicability of such tools in large-scale survey contexts, where both efficiency and robustness are essential. Given that the available packages do not comply with all the needs of Euclid in terms of parallelisation, robustness and control of the input parameters, for this work, we adopted the SOM package developed by the Swiss Euclid Science Data Centre, available at https://github.com/astrorama/PHZ_SOMBiasCorrection/tree/0.18.1, which has been implemented from scratch in C++ and integrated into the official Euclid data processing pipeline. This implementation not only provides stable and reliable map construction, free from the aforementioned issues, but also offers fast projection speed, making it well-suited for large surveys.
During SOM construction, as in Wright et al. (2020) and Roster et al. (2026), we test various input configurations, including a combination of colours plus EuclidIE magnitude, or more general combinations of colours plus a single passband magnitude. However, the additional dimension led to an increased number of empty cells. Moreover, due to the uncertainties, some objects contain negative flux values that cannot be converted into magnitudes or colours and have to be discarded from the SOM, which biases the colour space. Even when the flux is positive, fluxes close to the detection limit generate magnitudes that are strongly biased towards high values. However, such cuts can introduce selection biases and reduce the sample size. In contrast, using flux ratios at the SOM construction level while making sure that the flux in the denominator is well above the detection limit allows all objects, including those with negative fluxes in the other bands, to be retained. Taking into account all these considerations, we concluded that using flux ratios was more robust than using colours and magnitudes. We point out in addition that the cut on the EuclidIE S/N is similar to that which is applied by the Euclid weak lensing pipeline.

Appendix B:  Calibration configurations




	Scenario
	SOM construction
	Binning assignment
	Binning redshift
	Projection sample



	




	A
	Deep
	by SOM cell
	Deep spec-z

	Deep



	B
	Deep
	by SOM cell
	Deep photo-z
	Deep



	C
	Deep
	by SOM cell
	Deep photo-z

	MPT-Mock



	D
	Deep
	by SOM cell
	MPT-Mock photo-z

	Deep



	E
	MPT-Mock
	by SOM cell
	Deep photo-z

	Deep



	F
	MPT-Mock
	by SOM cell
	MPT-Mock photo-z

	MPT-Mock



	G
	MPT-Mock
	by object
	photo-z

	MPT-Mock
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	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. Projection of sources onto the self-organising map (SOM) trained using 8-band photometric data (DES g, r, i, z bands and EuclidIEYE, JE, and HE bands). Each SOM cell consists of objects with similar spectral energy distributions (SEDs). The background grayscale indicates the number of objects mapped to each cell. The red dot marks the true flux of a selected object projected onto the SOM, while the blue and green markers show 50 independent realisations of the same object with Deep and Wide photometric noise, respectively.
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	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Comparison between the DES Wide data set and our transformations in flux and colour space. The figure shows the distribution of the DES Wide data set (orange), compared with the multi-passband transfer data set introduced in this paper (blue), and the wide-like data set generated using the single-passband transfer (green), where fX and fe, X indicate flux and flux error in passband X. The number on the top or right axis of the sub-figures indicates the corresponding magnitude.
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	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Left: Comparison between RF photo-z estimates and spectroscopic redshifts for objects in the MPT-Mock sample. A magnitude cut of IE < 25 and an S/N  ≥ 10 cut on the IE band photometry are applied. Right: Comparison of RF photo-z estimates between matched objects in the Wide and MPT-Mock catalogues. The NMAD of the residuals and the outlier fractions are indicated in the figures, sources with |zph − zobs|> 0.15(1 + zobs) being defined as outliers.
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	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. SOM constructed from the Deep sample populated by redshift and objects number count. The SOM is constructed using 500 000 deep-sample objects with dimensions 75 × 150. Left: SOM populated with the 15 000 deep-sample objects that have zobs information, where each cell shows the mean zobs of the samples it contains. This shows the original Masters et al. (2015) method. Middle: SOM populated using the 500 000 MPT-Mock-sample objects, which are the wide-like counterparts of the deep-sample objects used to construct the SOM. Each cell shows the mean photo-z of the samples it contains (Scenario D, photo-z map). Right: SOM populated with the MPT-Mock-sample objects corresponding to the 15 000 deep-sample galaxies with zobs information, each replicated through 50 independent realisations, in total 750 000 objects. The colour scale indicates the number of objects per cell (Scenario C, MPT-Mock sample occupation for the zobs-sample projection). White colour indicates the empty cells. The middle and right plots reflect the MPT-Mock-sample object onto a deep-sample constructed SOM.
In the text



	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Mean redshift bias for different configurations of the calibration pipeline, shown as a function of redshift for ten equal-z tomographic bins. The bias is computed relative to the true mean redshifts of the wide-sample n(z) distributions. Violin points represent the distribution of 500 realisations, where violin points with face colour indicate calibration that used MPT-Mock-sample objects for projection and n(z) reconstruction and points with no face colour indicate the projection and reconstruction are done by using deep-sample objects. The grey shaded region indicates the Euclid requirements for n(z) accuracy in weak lensing cosmology. Blue data points represent Scenario A (original Masters et al. 2015 method); orange data points show Scenario B (photo-zs are used to define the tomographic binning); green ones Scenario C (zobs projection replaced with MPT-Mock-sample objects); red data points show Scenario D (tomographic bin defined by MPT-Mock-sample objects); purple data points are Scenario E (SOM constructed by MPT-Mock-sample objects); brown data points show Scenario F where full calibration is based on MPT-Mock sample. The pink data points correspond to Scenario G, use the per-object photo-z binning introduced in Roster et al. (2026). The data points have been slightly shifted along the x-axis for clarity.
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	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Distributions n(z) for the tomographic bin in the redshift range 1.0 < z ≤ 1.25. The black line shows the true n(z) distribution of the wide-sample objects (mean z = 1.045, variance 0.098), with the dashed vertical line indicating its mean redshift. The orange line represents the distribution obtained when projecting zobs from MPT-Mock-sample objects onto the SOM (Scenario C; mean z = 1.048, variance 0.099), where both the SOM and tomographic binning are based on the MPT-Mock sample. The green line shows the result from Scenario B (mean z = 1.079, variance 0.113).
In the text



	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Comparison of tomographic-bin areas defined using deep-sample objects and MPT-Mock-sample objects. The maps show the SOM regions where the mean photo-z of the cells falls within 1.25 < z ≤ 1.5, populated by deep-sample objects (left) and by MPT-Mock-sample objects (right). The MPT-Mock-sample set contains the same number of objects.
In the text





    
      Fig. 1. 

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

      
        Projection of sources onto the self-organising map (SOM) trained using 8-band photometric data (DES g, r, i, z bands and EuclidIEYE, JE, and HE bands). Each SOM cell consists of objects with similar spectral energy distributions (SEDs). The background grayscale indicates the number of objects mapped to each cell. The red dot marks the true flux of a selected object projected onto the SOM, while the blue and green markers show 50 independent realisations of the same object with Deep and Wide photometric noise, respectively.

      

    

  
    
      Fig. 2. 

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

      
        Comparison between the DES Wide data set and our transformations in flux and colour space. The figure shows the distribution of the DES Wide data set (orange), compared with the multi-passband transfer data set introduced in this paper (blue), and the wide-like data set generated using the single-passband transfer (green), where fX and fe, X indicate flux and flux error in passband X. The number on the top or right axis of the sub-figures indicates the corresponding magnitude.

      

    

  
    
      Table 1. 

      Wasserstein distance measured between the DES Wide reference subset and five comparison samples.

      
        


	Sample
	Fluxes
	Errors
	Fluxes + Errors





	Balrog Deep
	0.37
	3.58
	3.68



	Balrog Wide
	0.34
	1.00
	1.14



	SPT
	0.35
	1.12
	1.35



	MPT
	0.34
	0.53
	0.78



	DES Wide’
	0.31
	0.37
	0.61





      

      
Notes. Wasserstein distance across three feature spaces: fluxes, flux errors, and the combined flux and error space. ‘Balrog Deep’ and ‘Balrog Wide’ correspond to Balrog simulations with deep-like and wide-like noise levels, respectively. ‘SPT’ and ‘MPT’ refer to the transfer methods introduced in Sect. 2. ‘DES Wide’ denotes a second, independent subset of the DES Wide sample, used as a benchmark.



    

  
    
      Fig. 3. 

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

      
        Left: Comparison between RF photo-z estimates and spectroscopic redshifts for objects in the MPT-Mock sample. A magnitude cut of IE < 25 and an S/N  ≥ 10 cut on the IE band photometry are applied. Right: Comparison of RF photo-z estimates between matched objects in the Wide and MPT-Mock catalogues. The NMAD of the residuals and the outlier fractions are indicated in the figures, sources with |zph − zobs|> 0.15(1 + zobs) being defined as outliers.

      

    

  
    
      Fig. 4. 

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

      
        SOM constructed from the Deep sample populated by redshift and objects number count. The SOM is constructed using 500 000 deep-sample objects with dimensions 75 × 150. Left: SOM populated with the 15 000 deep-sample objects that have zobs information, where each cell shows the mean zobs of the samples it contains. This shows the original Masters et al. (2015) method. Middle: SOM populated using the 500 000 MPT-Mock-sample objects, which are the wide-like counterparts of the deep-sample objects used to construct the SOM. Each cell shows the mean photo-z of the samples it contains (Scenario D, photo-z map). Right: SOM populated with the MPT-Mock-sample objects corresponding to the 15 000 deep-sample galaxies with zobs information, each replicated through 50 independent realisations, in total 750 000 objects. The colour scale indicates the number of objects per cell (Scenario C, MPT-Mock sample occupation for the zobs-sample projection). White colour indicates the empty cells. The middle and right plots reflect the MPT-Mock-sample object onto a deep-sample constructed SOM.

      

    

  
    
      Table 2. 

      Fraction of the tests that lie within the Euclid requirements.

      
        


	
	[0, 0.25)
	[0.25, 0.5)
	[0.5, 0.75)
	[0.75, 1.0)
	[1.0, 1.25)
	[1.25, 1.5)
	[1.5, 1.75)
	[1.75, 2.0)
	[2.0, 2.25)
	[2.25, 2.5)





	A
	[0.124]
	[0.034]
	[0.017]
	[0.011]
	3%
	2%
	[0.027]
	[0.022]
	[0.040]
	[0.071]



	B
	13%
	44%
	36%
	16%
	20%
	2%
	[0.033]
	[0.038]
	[0.047]
	[0.053]



	C
	13%
	2%
	[0.007]
	[0.006]
	38%
	66%
	43%
	48%
	41%
	21%



	D
	9%
	3%
	34%
	23%
	18%
	5%
	[0.031]
	[0.045]
	[0.043]
	[0.036]



	E
	5%
	[0.013]
	[0.014]
	[0.013]
	8%
	2%
	[0.013]
	[0.019]
	[0.030]
	[0.037]



	F
	18%
	10%
	3%
	7%
	20%
	39%
	48%
	57%
	51%
	25%



	G
	36%
	57%
	41%
	77%
	76%
	61%
	51%
	63%
	57%
	31%





      

      
Notes. When this fraction is 0, the table provides instead the average bias divided by 1 + z, which can be directly compared to the Euclid requirements of 0.002; the value is then presented in square brackets.



    

  
    
      Fig. 5. 

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

      
        Mean redshift bias for different configurations of the calibration pipeline, shown as a function of redshift for ten equal-z tomographic bins. The bias is computed relative to the true mean redshifts of the wide-sample n(z) distributions. Violin points represent the distribution of 500 realisations, where violin points with face colour indicate calibration that used MPT-Mock-sample objects for projection and n(z) reconstruction and points with no face colour indicate the projection and reconstruction are done by using deep-sample objects. The grey shaded region indicates the Euclid requirements for n(z) accuracy in weak lensing cosmology. Blue data points represent Scenario A (original Masters et al. 2015 method); orange data points show Scenario B (photo-zs are used to define the tomographic binning); green ones Scenario C (zobs projection replaced with MPT-Mock-sample objects); red data points show Scenario D (tomographic bin defined by MPT-Mock-sample objects); purple data points are Scenario E (SOM constructed by MPT-Mock-sample objects); brown data points show Scenario F where full calibration is based on MPT-Mock sample. The pink data points correspond to Scenario G, use the per-object photo-z binning introduced in Roster et al. (2026). The data points have been slightly shifted along the x-axis for clarity.

      

    

  
    
      Fig. 6. 

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

      
        Distributions n(z) for the tomographic bin in the redshift range 1.0 < z ≤ 1.25. The black line shows the true n(z) distribution of the wide-sample objects (mean z = 1.045, variance 0.098), with the dashed vertical line indicating its mean redshift. The orange line represents the distribution obtained when projecting zobs from MPT-Mock-sample objects onto the SOM (Scenario C; mean z = 1.048, variance 0.099), where both the SOM and tomographic binning are based on the MPT-Mock sample. The green line shows the result from Scenario B (mean z = 1.079, variance 0.113).

      

    

  
    
      Fig. 7. 

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

      
        Comparison of tomographic-bin areas defined using deep-sample objects and MPT-Mock-sample objects. The maps show the SOM regions where the mean photo-z of the cells falls within 1.25 < z ≤ 1.5, populated by deep-sample objects (left) and by MPT-Mock-sample objects (right). The MPT-Mock-sample set contains the same number of objects.
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