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The golden era of Cosmology with wide-field galaxy surveys

Rubin/LSST HSC
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Exciting new results in Cosmology

DESI DR2

Wright+25
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More are coming with LSS probes in Stage IV surveys

Galaxy clustering and weak lensing as two of the main probes to 
measure cosmological information with LSS.
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With great (statistical) power comes great (systematics) responsibility 

Accurate assessment of survey incompletenesses, selection effects on galaxies and 
biases on measurements of their properties to fully exploit these data.
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Systematics in LSS measurements
Both probes are affected by a number of systematics, e.g. for weak lensing: 

• Noise bias in shape estimation (e.g. Kacprzak+12,14). 

•Modelling colour-dependent PSF (e.g. Paulin-Henriksson+08). 

• Spatially varying survey properties (e.g. Rodriguez-Monroy+22). 

•Object blending (e.g. Sanchez+21). 

• Accurate treatment of intrinsic alignment (e.g. Fischbacher+23, McCullough+24). 

• Robust estimates of galaxy redshift distributions (e.g. Crocce+16, Myles+21). 

•Modelling of the non-linear power spectrum.
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Blending in Stage IV surveys
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as many degrees of freedom as constraints 
from data, where k is the number of 
blended sources. This scaling can be seen 
for imaging instruments, in which case one 
image per source is to be reconstructed, as 
well as for photon- counting instruments, 
in which case mixture modelling estimates 
a probability for every photon of being 
associated with any of the k sources13. To 
overcome the inherent degeneracies of this 
underconstrained inverse problem, one 
must make assumptions about the kind of 
blending and the properties of the sources 
being blended.

Virtually all deblending approaches 
adopt a linear mixing model, in which 
multiple sources simply add their respective 
emissions along the line of sight. This 
model is mathematically and practically the 
easiest one, and allows for a variety of linear 
methods to be applied. It assumes mutual 
independence between sources, which 
seems justified in astronomy because stars 
and galaxies that appear blended are very 
often not physically interacting but merely 
aligned from our perspective. In detail, 
the assumption is invalid because dust in a 
foreground galaxy absorbs and re- emits light 
from any background source. Fortunately, 
galaxies are only moderately opaque14 — at 
least in the nearby universe — so that dust 
attenuation can be ignored to the first order.

One can further assume knowledge of 
the spatial light distribution of the sources. 

For instance, stars are point sources, 
the apparent shape of which is entirely 
determined by the point spread function of 
the telescope, so that only their luminosity 
and position have to be determined. 
This simplification allows for successful 
deblending even in highly crowded 
stellar fields15–17. Galaxies exhibit complex 
morphologies, and, thus, require additional 
assumptions. That such assumptions are at 
least approximately justified is supported 
by the long- standing realization that galaxy 
morphologies are not arbitrary but form 
groups, most prominently those of elliptical 
and spiral galaxies18.

The main morphological features of 
many galaxies can, thus, be described 
by simple parametric models19 or their 
approximations20,21. Stabilizing and speeding 
up the solutions for multi- source deblending 
usually requires iterative approaches, 
wherein the parametric model is fit to only 
one source at a time. One can then either 
mask pixels deemed to belong to other 
sources in the blend or subtract the assumed 
pixel values according to an earlier fit of 
these other sources22–24. Both approaches 
directly exploit the assumed independence 
between sources.

Non- parametric approaches can solve for 
multiple sources at once. A suitable approach 
that implements a linear mixing model and 
can formally handle an arbitrary number 
of sources was implemented in the Sloan 

Digital Sky Survey (SDSS) photo pipeline25. 
This approach can be extended with an 
approach based on matrix factorization26,27. 
To reduce the number of degrees of freedom, 
one can enforce morphological heuristics 
— for instance, that galaxies are symmetric 
under 180° rotation or are monotonically 
decreasing from their centres, through 
constrained optimization28,29.

Recent advances in machine learning 
allow non- parametric methods to learn 
commonalities among observed galaxies, 
thereby, extending and generalizing 
heuristic constraints. Generative neural 
networks are capable of representing a wide 
range of galaxy morphologies. They are 
well- suited for deblending because they 
learn an encoding from which any observed 
galaxy, or at least its relevant aspects, can be 
reconstructed. A common architecture is 
the autoencoder30,31, which can be trained 
to encode isolated galaxy images into a 
low- dimensional latent space and then to 
decode, that is, reconstruct, the image from 
the latent variables. Knowing how any galaxy 
can look (the task for the decoder, also called 
generator) strongly reduces the degeneracies 
that arise from the overlap of multiple 
galaxies: many deblending solutions may 
add up to a given blend, but the individual 
sources do not look like real galaxies and, 
therefore, can be dismissed.

Such generative models have been used 
in several deblending studies. For example, 
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Fig. 1 | The same sky region of 1.5 × 0.75 arcmin2, observed by different 
surveys. From left to right: the Sloan Digital Sky Survey (SDSS)91 with a 
pixel scale of 0.396 arcsec, the DECam Legacy Survey (DECaLS)92 with  
a pixel scale of 0.262 arcsec, the Hyper Suprime- Cam Subaru Strategic 
Program (HSC SSP)2 with a pixel scale of 0.168 arcsec and the Cosmic 
Assembly Near- infrared Deep Extragalactic Legacy Survey (CANDELS) 
programme93,94 with the Hubble Space Telescope and a pixel scale of 

0.06 arcsec. Increasing the sensitivity yields a larger number of sources and 
reveals the fainter outskirts galaxies, both of which result in higher rates 
of blending. At fixed depth, increasing the spatial resolving power is the 
only means of reducing source confusion. SDSS and DECaLS images 
adapted with permission from Legacy Surveys/D. Lang (Perimeter 
Institute). HSC SSP image adapted with permission from NAOJ/HSC 
Collaboration.
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Requirements in tomographic n(z) uncertainties
 are highly sensitive to uncertainties in the n(z) of source galaxies, especially 

the mean redshift (e.g. Amon+22, van den Busch+22, Li+23, Dalal+23, Zhang+25).
ΩM, σ8

Δz̄ = 0.001 × (1 + z) WL Y10
Δσz = 0.003 × (1 + z) WL Y10
Δz̄ = 0.003 × (1 + z) GCL Y10

Δσz = 0.03 × (1 + z) GCL Y10
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Fig. H.1. Variation in recovered En

cosmological constraints for Σ8 (left)
and S 8 (right) when moving between
KiDS-1000 and KiDS-Legacy analy-
ses, relative to the constraints from
Planck (red). Each point is anno-
tated with the Hellinger tension be-
tween the marginal constraint and
that of Planck.

but do not lead to a significant change in the estimated cos-
mological parameters. As such, our Hellinger distance with
Planck increases with these additions, to 1.40ω consistency
in Σ8 and 1.00ω consistency in S 8.

H.1.5 Additional Legacy area

Finally, we add the data back into Legacy that resides out-
side the footprint of KiDS-1000, and recover our fiducial
result, which exhibits a 0.73ω consistency in Σ8 and 0.74ω
consistency in S 8. This demonstrates that there is a non-
negligible statistical noise component in the di!erence be-
tween the sources probed within the footprint of KiDS-1000
and over the final KiDS-Legacy area.

H.2 Expanded scale cuts

Post unblinding, we discovered a typographical error in the
pipeline which performed the measurement of correlation
functions with expanded scale cuts (Sect. 5.2.7). This error
meant that the pre-unblinding measurements were made
with uncalibrated shapes directly from our shape mea-
surement code lensfit, rather than with the recalibrated
shapes (Sect. 3.5). We reran the expanded scale cut analysis
with the correct recalibrated shapes post-unblinding, find-
ing that the consistency between the analyses with fiducial
and expanded scale cuts improved from 0.3ω to 0.15ω with
the use of the correct shapes. No conclusions were changed
as a result of this error.

H.3 Iterative covariances

All fiducial chains were recomputed using our iterative co-
variance framework post-unblinding. This was a conscious
pre-unblinding choice, as the iterative covariances require
non-negligible CPU time for the computation of MAP and
new covariances. We find that this process has a negligi-
ble impact on our constraints (see Sect. 5.2.3), and thus

does not represent a possible source of bias in our blinded
analysis.

Article number, page 40 of 40

PZ Impact for LSST 3 → 2pt Analysis 15

Figure 11. 2–dimensional contour plot for the Fisher forecast of LSST Y10 cosmic shear only analysis with redshift priors corresponding to di!erent numbers
of galaxies in the spectroscopic training set for the photo–𝐿 estimator. 𝑀 = 0 corresponds to a totally uninformative prior, while 𝑀 = ↑ corresponds to an
infinitely small prior (or equivalent to not marginalizing over the redshift parameters).

from until we observe convergence in the resulting decision tree.
More quantitatively, we consider the results to have converged when
(a) the order of the bin importance stays the same after increasing
the standard deviation by a further factor of two and 4, and (b) the
relative bin importance does not change by more than ten percent.

We show the feature importance and the related interpretability
figures for the cosmic shear and 3→ 2pt data vector from Fig. 7–10.
The feature importance is studied for the bias, variance, and outlier
fraction both separately and jointly.

3.4.1 Cosmic Shear

To learn the relative importance of photo–𝐿 error parameters on cos-
mological parameter inference using cosmic shear, we present the
results from the decision tree feature importance, as well as the re-
sults from the interpretability metric MAFE defined in Section 2.7.

We show two types of figures to help interpret the decision
tree feature importance results. Figure 7 shows the MAFE result
described in Section 2.7. Figure 8 shows the feature importance for
the photo–𝐿 parameters for the LSST Y10 cosmic shear analysis.
The top panel shows the feature importance when all 15 redshift
parameters are sampled jointly from their priors. The bottom pan-
els show the feature importance when all bias, variance and outlier
rate parameters across all tomographic bins are left to vary, while
leaving other uncertainty parameters fixed. The relative importance
between di!erent types of parameters (biases vs. variances vs. out-
liers) should not be compared in the MAFE results and the separated
feature results.

From the top panel of Fig 8, we compare the importance of
di!erent types of parameters and their impact on cosmic shear anal-
ysis. Unsurprisingly, the 𝑀𝐿𝑁 parameters pose the most cosmological
bias to cosmic shear, across all four cosmological parameters, which
is why many previous cosmic shear analyses use 𝑀𝐿𝑁 as the redshift

parameters (Asgari et al. 2021; Secco et al. 2022; Dalal et al. 2023;
Li et al. 2023). The results also show that the variance of the sec-
ond bin and the outlier rate of the first bin have relatively high
importance. Within the bias parameters, 𝑀𝐿1 and 𝑀𝐿2 are the most
important parameters to consider. This matches the MAFE results,
as the data vector is changed more drastically when the 𝑀𝐿1 and 𝑀𝐿2
are changed, compared to the others.

When the redshift parameters are separately sampled from their
priors, the conclusion drawn from the feature importance might
not be the same as the conclusion drawn from the joint samples.
This is caused by the correlation between the change in data vector
caused by di!erent types of redshift parameters. We note that the
feature importance shows that the first four shift parameters are all
important, while for the outlier fraction, the first parameter is far
more important than the other four. This may be caused by the fact
that the outlier distribution of the first bin can change the mean and
width of the distribution significantly.

3.4.2 3 → 2pt analysis

We extend the feature importance analysis to the 3 → 2pt analysis.
Fig 9 shows the MAFE results for the LSST Y10 3 → 2pt analysis.
Figure 10 shows the feature importance for the photo–𝐿 parameters.

For the 3 → 2pt analysis, the joint feature importance analysis
shows that the outlier rate parameters are generally less relevant
in predicting the bias in cosmological parameters. The redshift bias
and variance parameters of bin two are extremely important forω𝑂,
𝑁8 and 𝑂0, and the bias parameter of bin four is the most important
parameter when it comes to constraining 𝑃8. In a 3 → 2pt analysis,
the parameters of the higher redshift bins show a higher impact
compared to those of cosmic shear analysis. The feature importance
sampled separately also tends to match those sampled jointly better
compared to the cosmic shear analysis.

MNRAS 000, 1–22 (0000)

Rubin-LSST and Euclid set stringent requirements on 
tomographic redshift distribution systematic uncertainties:

shape measurement + conservative cuts

new redshift calibration method

new redshift calibration sample

new images and photo-z
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What prevents us to have well measured n(z)?

template-fitting or empirical photo-z method will be correct. Where they did use such

methods, they calibrated the result with a comparison to a reference catalog of spectro-

scopic (Hildebrandt et al. 2020a) or high-quality photometric (Hoyle et al. 2018, Hikage

et al. 2019) redshifts. Where they did not, they developed custom approaches designed to

produce histograms of those reference redshifts re-weighted to represent the lensing source

galaxy sample, designed to reproduce their redshift distribution n(z) with minimal bias and

variance (Hikage et al. 2019, Wright et al. 2020, Myles et al. 2021). By design, the result

of these methods are frequentist p(z)’s for individual galaxies or, when stacked, n(z)’s.

The uncertainties in the mean redshift resulting from applying these characterization

methods under idealized conditions to recent Stage III2 dark energy experiments have been

estimated to range from 0.004 to 0.05 with earlier methods (Hoyle et al. 2018, Hildebrandt

et al. 2020a, Wright et al. 2020) and from 0.001 to 0.006 in the most recent studies (Wright

et al. 2020, Myles et al. 2021), as illustrated in the Figure within the margin.

Comparing to the requirements described in §1.2.2, one finds that the methods used for

recent surveys are thus in principle capable of characterizing redshift distributions at a level

approaching the requirements for future, Stage IV experiments. However, these estimated

characterization uncertainties all exclude the e↵ects discussed in §4.2, whose impact can be

several times larger.

Characterization of
photometric redshifts
in ideal conditions,
by method:

2.4. Bayesian Hierarchical Methods

Photometric redshift methods are necessarily hierarchical, as the term is used in the statis-

tics literature; i.e., there exist at least two levels of parameters, one set describing the

properties of an individual galaxy, and one set describing (either via a reference sample

or sets of templates and priors) the distribution of properties of the ensemble of galaxies.

Methods can be distinguished by how they treat the parameters of the latter sort. Most

commonly at present, the model of the underlying population of galaxies remains fixed

while photometric redshift inference is performed. One may choose a template prescription

or train an empirical method based upon a sample of trusted redshifts and photometry,

and then estimate the redshift of each target galaxy given that input set of information.

Some methods allow a limited degree of feedback from the inference of redshift distributions

to the parameters describing the galaxy ensemble; examples include the BPZ or ZEBRA

methods described in §2.1, or the combination of SOMPZ, 3sDIR, and WZ used in DES Y3

(Myles et al. 2021, Gatti et al. 2020).

Bayesian Hierarchical Methods take this idea to its limit by performing a simultaneous,

joint Bayesian inference to constrain parameters at both levels: i.e., determining posterior

probability distributions both for the redshifts of individual galaxies and for parameters that

describe the properties of the broader population of galaxies. In the context of photometric

redshift estimation, such methods were first introduced by Leistedt et al. (2016), who used a

hierarchical model to constrain the underlying distributions of template types and redshifts

while at the same time computing PDFs for the redshifts of each individual object using a

2The current generation of imaging dark energy experiments – including DES (Dark Energy
Survey Collaboration et al. 2016), HSC (Aihara et al. 2021), and KIDS (Hildebrandt et al. 2021) –
all are classified as “Stage III” surveys in the scheme of the Dark Energy Task force (Albrecht et al.
2006) based upon the level of constraints on the dark energy equation of state and its evolution that
they will achieve. The Vera C. Rubin Observatory’s LSST, Nancy Grace Roman Space Telescope,
and Euclid mission are classified as Stage IV experiments.

16 Newman & Gruen

822 DES Collaboration

Figure 1. Illustration of how redshift can be estimated from broad-band images, yet not always unambiguously. Top: The same template of an elliptical
galaxy is redshifted at z = 0.4 and z = 0.8. These objects exhibit clearly different colours. Bottom: Templates of an elliptical galaxy and a Sbc galaxy at
different redshifts are plotted. In the optical (e.g. from griz information), those two objects are indistinguishable: type and redshift are degenerate. Adding u
and near-infrared bands – especially the H and Ks bands – differentiates them. Coloured areas show relative throughput of DES ugriz and VISTA YJHKs bands.
Galaxy templates are taken from Benı́tez et al. (2004).

the source galaxies measured in DES; Laigle et al. 2016; Eriksen
et al. 2019), substantial work remains to be done on validating this
assumption in practical applications of our scheme, and extending
its validity to the fainter galaxy samples required by future lensing
surveys.

The paper is organized as follows. In Section 2, we develop the
formalism of the method which is tested on a mock galaxy catalogue
presented in Section 3. The implementation of the method with self-
organizing maps (SOMs) is presented in Section 4 and the fiducial
choices of features and hyperparameters are described in Section 5.
The performance of the method with unlimited samples is assessed
in Section 6. We then apply the method to a simulated DES catalogue
in order to forecast its performance on ongoing and future surveys.
The DES Year 3 (Y3), i.e. the analysis of the data taken in the first
3 yr of DES, targets an uncertainty in the mean redshift of each
source tomographic bin σ"z ∼ 0.01, which is unmatched for wide-
field galaxy samples with comparable data, and a main motivation
for this work. The sources of uncertainty and their impacts on a DES
Y3-like calibration are characterized in Section 7. The impact of the
DES Y3 weak lensing analysis choices on redshift calibration are
assessed in Section 8. We describe the redshift uncertainty on a DES
Y3-like analysis in Section 9 and explore possible improvements
of the calibration in Section 10. Finally, we conclude in Section 11.
A reader less interested in technical aspects may wish to focus on
Section 2 and Section 7.

We define three terms used in this paper that have varying uses
in the cosmological literature. By sample variance we mean a
statistical uncertainty introduced by the limited volume of a survey.
By shot noise we mean a statistical uncertainty introduced by the
limited number of objects in a sample. And the term bias is used for
a mean offset of an estimated quantity from a true one that remains
after averaging over many (hypothetical) random realizations of a
survey.

2 FO R M A L I S M

In this section we develop a method based on galaxy phenotypes
to estimate redshift distributions in tomographic bins. The method
is applicable to any photometric survey with a similar observation
strategy to DES.

Assume two kinds of photometric measurements are obtained
over the survey: wide data (e.g. flux or colours), available for every
galaxy in the survey, and deep data, available only for a subset of
galaxies. The dimensionality of the deep data is higher by having
flux measurements in more bands of the electromagnetic spectrum.
We shall denote the wide data by x̂ with errors #̂. We will call the
deep data x. We will assume noiseless deep data, but confirm that
obtainable levels of deep field noise do not affect our conclusions.
The deep sample is considered complete in the sense that any galaxy
included in the wide data would be observed if its location was
within a deep field.

A third sample contains galaxies with confidently known red-
shifts, z. The redshift data can be obtained using many-band
photometric observations or spectroscopy. In this work, we will
assume the redshift sample to be a representative subset of the deep
data, with perfect redshift information. This is a fair assumption
when the redshift sample is populated with high-quality photo-
metric redshifts (e.g. from COSMOS or multimedium/narrow-band
surveys), and the deep sample is complete to sufficiently faint
magnitudes. It is, however, a strong assumption for spectroscopic
redshifts when matched to a photometric sample with only few
observed bands (Gruen & Brimioulle 2017). As one increases
the wavelength coverage, the assumption of representativeness
becomes less problematic: in our scheme, it is only required to
hold at each position in deep multicolour space, and thus only for
subsets of galaxies with close to uniform type and well-constrained
redshift. This is confirmed by the observation that, at a given position
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Gains in performance: regular photo-z methods (template fitting, machine 
learning) are not precise enough (Newman&Gruen22 review).

Buchs+2019

Calibration uncertainties on the mean 
redshift are   
(Schmidt+2020), too high for Stage IV.

|Δz | ∼ 0.01 × (1 + z)

σz ∼ 0.01 × (1 + z)
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What prevents us to have well measured n(z)?

Redshift

Incomplete knowledge of the galaxy population: sets informative prior, existing 
samples of spec-z may systematically miss some population of objects leading to 
biased colour-z relations (Newman&Gruen22 review).

You need model for the galaxy population!
Luca Tortorelli @ New strategies in Sexten 11



Pixel-level Forward-modelling of galaxy surveys
Galaxy Population Model

Instrumental effects

Simulated data

Mag Size z
Obj 1 … … …
Obj 2 … … …
Obj 3 … … …

… … … …

Model constraint via SBI

Observed data

Simulated n(z)

ΩM

S8

Cosmological constraintsMag Size z
Obj 1 … … …
Obj 2 … … …
Obj 3 … … …

… … … …

P(σobs), P(σinstr)

P(ψ) ×
Ngalaxies

∏
i=1

P( ftrue(θi, zi) |ψ)

[P(Si | fobs,i)]

[P(Si | fobs,i)]

fobs,i

P( fobs,i | ftrue(θi, zi), σinstr,obs)

P(θ1:N, z1:N, ψ | fobs,1:N)
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GalSBI: phenomenological galaxy population model
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Publicly released in Fischbacher, Kacprzak, LT+24, based on past works by  
Herbel+17, Tortorelli+18,20,21, Moser+24.



Advantages of a stellar population synthesis (SPS)-based model

•Can we extrapolate beyond template coverage? 

•Physics-based model coupled SPS leverages 
information from more constraining dataset and  
transfer to fainter mag-limited samples. 

•High-z analogs of low-z galaxies retaining physical 
consistency. 

•Integration of SPS-based forward modelling with image 
and spectra simulators allows for characterising survey 
selection functions, biases and incompletenesses.
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Figure 1:

Overview of the stellar population synthesis technique. The upper panels highlight the ingredients
necessary for constructing simple stellar populations (SSPs): an IMF, isochrones for a range of
ages and metallicities, and stellar spectra spanning a range of Teff , Lbol, and metallicity. The
middle panels highlight the ingredients necessary for constructing composite stellar populations
(CSPs): star formation histories and chemical evolution, SSPs, and a model for dust attenuation
and emission. The bottom row shows the final CSPs both before and after a dust model is applied.
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SED modelling choices impact forward modelling-based n(z)
Tortorelli, McCullough, Gruen24
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Stellar Mass function

P(log ℳ, z)

Star formation history

P(SFR(t) | log ℳ, z)

Dust extinction

P(log σ | log ℳ, z, sSFR)
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Gas ionisation
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P( fλ |z, SFR(t), Zgas(t), log U

P(AGN | log ℳ, z)

AGN

Independent sampling
 conditioned sampling(log ℳ, z)

 conditioned sampling(log ℳ, z, SFR)
SED generation

GalSBI-SPS: physics-based galaxy population model

Tortorelli+25

-

-
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Φ(log ℳ, z) = = ln(10)e−10log ℳ−log ℳ*(z) × [ϕ*l (z)(10log ℳ−log ℳ*(z))αl+1] × [ϕ*h (z)(10log ℳ−log ℳ*(z))αh+1]

log ℳ*(z) = log ℳ*0+
log ℳ*1 × log(1 + z)+
log ℳ*2 × log (1 + z)2

ϕ*l,h(z) = ϕ*amp,l,h × (1 + z)ϕ*exp,l,h

GalSBI-SPS: stellar mass function

-

Tortorelli+25

-
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GalSBI-SPS: star formation history

-
SFR(t) = SFR(t)norm × 1 − 1

2 1 + erf ( t − μ
σ 2 )

SFR(t)norm = mSFR × e
X(t)2

2

X(t) = ( t − mpeak
mperiod ) (emskew)asinh( t − mpeak
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López-López, X., et al.: A&A, 691, A136 (2024)

Birchall et al. 2020). It is well known that selecting AGN with
these different criteria can lead to significant differences in their
observed fraction (see e.g. Birchall et al. 2022), which should be
taken into consideration when using this catalogue.

In B16, the authors derived the HGMF by jointly fitting the
SMF and the SARDF (see Sect. 3.3), with the X-ray luminosity
function (XLF) as an additional constraint. For this purpose, they
used a maximum likelihood method to determine the HGMF and
the SARDF as a bivariate distribution function of the stellar mass
and a specific accretion rate, Ψ(M, ωSAR, z). As a result of this
approach, the HGMF cannot be expressed as a simple analytic
function. Instead, the authors provide an analytic approximation
by performing a least-squares fit to the HGMF with a Schechter
(Schechter 1976) function:

Φ(M) dM = Φε
( M
Mε
)ϑ

exp
(
→ MMε

)
d
( M
Mε
)
, (2)

evaluated at the centre of three redshift bins (0.3 < z < 0.8, 0.8 <
z < 1.5 and 1.5 < z < 2.5). The best-fit parameters of this fit are
given in Table 2 of B166.

The original slope (ϑ) from the Schechter function in the first
two redshift bins would produce an unrealistic overestimate of
low-mass AGN when extrapolating this model toM < 109.5M↑,
which is the stellar mass limit in the sample of B16, while our
catalogue spans to lower stellar masses, as is visible in Fig. 2 (see
Appendix A for an example using the original slopes). There-
fore, we re-derived these quantities by fitting the 1/Vmax points
shown in B16 with a Schechter function using Eq. (2), obtaining
ϑ = →0.25 ± 0.09 for 0.3 < z < 0.8, and ϑ = →0.19 ± 0.11 for
0.8 < z < 1.5. For the highest redshift bin, our fit was compati-
ble with the value shown in Table 2 of B16; therefore, we did not
modify it.

We then calculated p (AGN | M, z) as the ratio between the
SMF of the galaxies of the MAMBO lightcone and the HGMF
from B16. Because the MAMBO lightcone covers a wider range
of redshifts (0 < z < 10), we interpolated and extrapolated
p (AGN | M, z) from the centre of each redshift bin. For this, we
assumed a minimum fraction, p (AGN | z = 0) = 0.01, at allM
when extrapolating at z < 0.55, while we maintained a constant
fraction when extrapolating at z > 2. Afterwards, every galaxy
was statistically assigned as either a host of an AGN or not a
host, with a Bernoulli trial proportional to p(AGN) (i.e. by com-
paring p(AGN) to a random number extracted from a uniform
probability distribution from 0 to 1).

Although the choice of a minimal fraction of 1% at z ↓
0 for all masses is a rough approximation, recent studies of
the local Universe motivate this assumption. For example,
Birchall et al. (2022) studied 917 X-ray selected AGN (found
as XMM counterparts of 25 949 SDSS galaxies) with z ↔ 0.33,
which corresponds to a global AGN fraction of 3.5%. Instead,
when selecting AGN by means of their accretion rate they
found a fraction of about 1%, constant over stellar masses of
8 < log(M/M↑) < 12, and increasing from 1% to about 10%
with redshift. In Williams et al. (2022) the authors studied 213
Chandra X-ray counterparts of 280 nearby (<120 Mpc) galaxies
from the Palomar sample and classified 14 (6.6%) of them as
Seyferts, while only four (1.9%) of them have LX > 1042. Sim-
ilarly, Osorio-Clavijo et al. (2023) studied 138 Chandra X-ray
counterparts of the CALIFA sample, with a wide range of stel-
lar masses and z < 0.1 and found an AGN fraction of 5%. At
6 B16 used a different definition for the Schechter function, and there-
fore to use the values given in their Table 2 one must remove the term
d
(
M
Mε
)

from Eq. (2).

Fig. 3. Stellar mass functions of galaxies and AGN in the three red-
shift bins studied in B16. The green and purple shaded areas correspond
to the galaxies and AGN from the MAMBO lightcone, respectively.
We also show the best-fit Schechter function to the HGMF of AGN
from Bongiorno et al. (2016) with a dotted black line, and the mod-
ified Schechter fit used in this work with a dashed black line. The
shaded grey area shows the uncertainty in ϑ. Black dots with error
bars show the AGN mass function computed using the Vmax method,
derived in B16. The lower pannels show the AGN fraction derived as the
ratio of the modified Schechter function and the galaxy mass function
from MAMBO (dashed blue line), and the same but using the original
Schechter function from B16 (dotted black line).

z > 2, we chose to have a constant AGN fraction: despite being a
rough approximation, with this choice we are able to reproduce
the observed X-ray luminosity functions up to z = 7, as is shown
in Sect. 4.2.

In the upper panels of Fig. 3, we show the best-fit Schechter
function of the AGN HGMF (both the original from B16 and
our modified fit) together with the SMF of the galaxies of the
MAMBO lightcone and the AGN mass function of our cata-
logue, derived with the methodology described above. We also
show the AGN HGMF computed using the Vmax method, derived
in B16, as an additional consistency check to the Schechter
model. As was expected by construction, the AGN mass func-
tions of MAMBO reproduce those of B16. An exception is the
highest redshift bin, where the low-mass end of the HGMF
of MAMBO is higher, but still compatible with the Vmax esti-
mate, due to the fact that we kept a constant p (AGN | M, z)
when extrapolating at z > 2 (see Fig. 4). In the lower panels
of Fig. 3 we show the fraction of AGN over the galaxy popu-
lation as a function of stellar mass and at a given redshift bin,
p (AGN | M, ↗z↘). As was expected, this fraction increases with
increasing stellar mass of the host galaxy.

We show in Fig. 4 the probability of a given galaxy hosting
an AGN as a function of redshift and in different mass bins for
the full lightcone, after performing the interpolations and extrap-
olations described above. Each dot in this figure corresponds to
a different galaxy, which is flagged as an AGN (or not) in a sta-
tistical way depending on this probability. This probability, at
all masses, increases with redshift, reaching a maximum around
z ≃ 1 and decreasing at higher redshifts. For comparison, Fig. 4

A136, page 5 of 21
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Zgas(t) = Zgas,init + (Zgas,final − Zgas,init) ×
1

ℳ ∫
t′ 

0
SFR(t)dt

[12 + log(O/H )] = α(tlb)log ( SFR
M⊙yr−1 )+

β(tlb)log ( ℳ
M⊙ ) + γ(tlb)

A(λ) = e−σ(λ/λ0)ν

log(σISM) = σISM,0 + σISM,1 log(1 + z)+

σISM,2 log ( ℳ
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σISM,3 log(sSFR)

Re = ζ(z)(ℳ)η(z)(1 + ℳ
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υ2 log ne+
υ3(log(sSFR) + 9)

τdisp(ℳ) = τb ( ℳ
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τdisp(ℳ) = τb ( ℳ
Mb )
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Gas ionisation

Metallicity history

AGN

GalSBI-SPS: physics-based galaxy population model

-

Tortorelli+25

-
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Pixel-level image and spectra simulations

Ultra Fast image generator (UFig) Ultra fast Spectra simulator (USpec)

Publicly released in Fischbacher+24 (incl. LT) Soon to be released in Tortorelli+25 in prep.
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GalSBI framework is publicly available 

21Luca Tortorelli @ New strategies in Sexten

https://cosmo-docs.phys.ethz.ch/galsbi/index.html

Tutorial here

https://cosmo-docs.phys.ethz.ch/galsbi/index.html
https://syncandshare.lrz.de/getlink/fi991VHsuRK7q4JFsH9pyi/galsbi_desc_tutorial.ipynb


Accelerating forward-modelling with emulators
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Figure 10: Comparison of the output parameters of the normalizing flow for two bands
i and r, aggregated over several images. The distribution of the image simulations (blue)
agrees very well with the distribution of the emulator (red) for all parameters and all of the
10 quantiles.

To enhance the sensitivity to blending risk parameters, we adapt the training data
rather than using a complex customized loss function. During the process of training data
generation, we randomly multiply the number of rendered galaxy by a value between 0.05
and 3, ensuring that images with low blending risks are not underrepresented in the overall
distribution of galaxies. If the multiplication factor would be chosen based on a uniform
distribution between 0.05 and 3, the sample would be biased towards higher blending risk
because there would be as many images with multiplication factor 3 as with multiplication
factor 1, and the images with multiplication factor 3 have by definition roughly 3 times more
galaxies. The overall sample would therefore be dominated by high blending risk galaxies.
We avoid this bias by adapting the multiplication factor distribution in a way that simulating
an image with multiplication factor 1 is 3 times more likely than simulating an image with
multiplication factor 3. The training data now contains images with very high and very low
blending risk, therefore increasing the importance of the blending risk parameters. We find

– 37 –

Input parameters Input parameters Output parameters

(di!erent for each band) (the same for all bands) (di!erent for each band)

- apparent magnitude m - size r50 - MAG_APER
- PSF FWHM - absolute ellipticity - FLUX_RADIUS
- BKG noise ampl. and std - object type - FLUX_APER
- number of photons - Sérsic index - absolute ellipticity
- ngal,m<i with i = 22, 23, 24 - redshift - SNR

Table 1: Overview of the input and output parameters for the emulator.

10000 di!erent galaxy population models are sampled from the prior distribution of the first
emulator iteration (see Section 2.4 for details on the iterative inference process).

We increase the sensitivity of the classifier to both high and low blending regimes by
adjusting the training data. This is done by randomly multiplying the number of sampled
galaxies by a factor between 0.05 and 3, ensuring that images with low blending risk are
not underrepresented. For the conditional normalizing flow, we upweight brighter galaxies by
flattening the magnitude distribution in the training set. Predicting galaxy detection labels
directly leads to an underestimation at faint magnitudes, as galaxies with low detection prob-
abilities are discarded, biasing the distribution. Instead, we predict detection probabilities
and randomly accept or discard galaxies based on these probabilities, improving the overall
distribution, i.e. instead of accepting all galaxies with probability p > 0.5, we accept a galaxy
based on the actual probability p. The classifier’s architecture has little e!ect on performance,
we use a dense neural network in our fiducial setup. For the normalizing flow, outlier handling
is crucial for preventing numerical instability and loss divergence, and we find that a scaling
transformation based on quantiles works well. For more details on the emulator training we
refer to Appendix A.3.

2.4 Inference

Although the run time starting from a set of galaxy population model parameters to the
catalog of detected objects in a specific image is significantly reduced by using the emulator,
simulating all images for enough samples in the parameter space would be computationally
infeasible. We are therefore using an iterative approach to reduce the computational cost
while still probing the full survey area.

According to Bayes’ theorem, the posterior of the model parameters ω given the data d

is given by

p(ω|d) = p(ω)p(d|ω)
p(d)

, (2.11)

with p(ω) the prior, p(d|ω) the likelihood and p(d) the Bayesian evidence. We start our
inference with wide priors on all the free parameters. In a first iteration, we only simulate
a small patch of the sky d1 → d and obtain a posterior given this data set p(ω|d1). This
posterior is then used in a next iteration as the prior p(ω). In iteration n, the posterior is
evaluated on a patch dn → d with dn ↑ di = ↓ ↔i ↗ 1, 2, ..., n↘ 1 and can be written as

p(ω|dn) =
p(ω|dn→1)p(dn|ω)

p(dn)
. (2.12)

– 10 –

Fischbacher, Kacprzak, LT+24
Tortorelli+25,in prep.
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22/27

Positions in GalSBI
§ Current status: Random sampling from a 

uniform distribution
§ Work in progress: Using Subhalo

Abundance Matching (SHAM)
SHAM overview:
§ Full-sky DM-only simulation (PINOCCHIO)
ØHalo catalog + merger trees
§ Extract subhalos
§ Classify (sub)halos as host for red/blue

galaxies
§ Match magnitudes to (sub)halo mass

Øassign positions

Silvan Fischbacher @ Cosmology from Home 2025 7
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SBI for model parameters constraints

Fischbacher, Kacprzak, LT+24
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Posterior predictions for galaxy evolutionPosterior predictions for galaxy evolution

Tortorelli+20

Tortorelli+25
Luca Tortorelli @ New strategies in Sexten 25



Forward-modelling the 4C3R2 spectroscopic survey
θgalaxies

σinstr.
σobs.

Image 
simulation 
(Li+23)

u-gg-r
i-z z-Y

Y-J
J-H

r-i H-Ks

ProFound 
(Robotham+ 
2018)

Elsa Dejby's  
bachelor thesis

23

Figure 12 visualises how the color space of the median redshift of the different galaxy samples
change. The detectedProFound galaxies SOM (middle) is more populated than the full input galaxy
SOM (left) due to the photometric errors, including addition of noise and blending. This together
with the fact that the input catalogue contains 240 000 galaxies that were resampled to produce
about 2.5 million, all measured with different ranges of noise, in all bands, causes the measured
colors to span a larger colour space than the input galaxies. The 4C3R2 SOM (right) in turn reduces
the amount of populated cells as the selection is applied. It is useful to compare this figure to
compare the SOM in DC3R2 paper Figure 3 (a) (if you describe the comparison then the plot
should be in the thesis as well). The two SOMs are very similar in terms of how median redshift
is distributed across the color space. As the DC3R2 median redshift SOM uses real data, this is a
indication that the Prodound detected sample produces a realistic color redshift relation.

We can also compare the SOM Cell Median Redshift distribution plot in 13 (bottom right) with
the Figure 7 in the DC3R2 paper (same here): Although the galaxy samples span different redshift
ranges one can discern that both share a peak in the number of cells populated at about redshift 0.4 -
0.5 and that the majority of redshifts are below z ⇡ 1.2.

Figure 12: Comparison of the median redshift SOM for different galaxy samples. Along the left
side of the empty space in the middle galaxies with higher redshift around 1.0 to 1.5. The rest of the
dark blue space are galaxies with Redshift ranging from 0.5 to 1.0. Redshift outside the 4C3R2
target selection range of 0.2 < z < 1.5 is of course not present causing some areas to be empty in
comparison the DC3R2 SOM.

Together with the cell count distribution (upper right) and cell count SOM (left) in figure 13,
we can get an idea of which cells are more densely populated. Comparing this some to Figure 12, it
seems that more areas that are sparsley populated tend to have redshift lower than 0.5.

28

Figure 18: The standard deviation of redshift,sz, compared with the standard deviation of mZ ,
Stellar mass and sSFR, where sSFR is divided in quiescent and starforming.

Spectra 
simulation

Redshift 
estimation 
pipeline P(redshift success |M*, SFR, m, σobs., σinstr.)
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Posterior predictions for cosmology
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Figure 6: Tomographic bin assignment for the Stage-III survey setup.
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Figure 7: Tomographic bin assignment for the Stage-IV survey setup.
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m < 23 m < 24 m < 25

z̄GalSBI 0.596± 0.006 0.817± 0.009 1.143± 0.013
z̄LP 0.618 0.824 1.110
z̄LP, mocks 0.604± 0.012 0.823± 0.019 1.109± 0.019
z̄E 0.632 0.842 1.110
z̄E, mock 0.617± 0.012 0.841± 0.019 1.108± 0.018

vs. LP 0.6 0.3 1.5Bin 1 Bin 2 Bin 3 Bin 4 Bin 5

S-
II

I z̄GalSBI 0.364± 0.006 0.547± 0.005 0.780± 0.003 1.225± 0.017 -
z̄LePhare 0.362 0.554 0.827 1.211 -
z̄EAZY 0.375 0.570 0.844 1.236 -

S-
IV

z̄GalSBI 0.515± 0.018 0.722± 0.012 0.993± 0.009 1.34± 0.006 2.20± 0.05
z̄LePhare 0.554 0.754 0.998 1.33 1.90
z̄EAZY 0.558 0.766 1.011 1.34 1.87
z̃GalSBI 0.408± 0.004 0.677± 0.006 0.934± 0.005 1.291± 0.004 2.06± 0.03
z̃LePhare 0.406 0.707 0.945 1.293 2.06
z̃EAZY 0.410 0.728 0.959 1.327 2.05

Table 5: We report the redshift summaries for GalSBI, LePhare, and EAZY for each tomo-Fischbacher,Kacprzak,LT+24 27Luca Tortorelli @ New strategies in Sexten



Looking ahead... to Stage IV surveys

•GalSBI framework has the potential to obtain 
precise redshift distributions for a Stage-IV setup. 

•However that requires constraints not only on 
photometric data, but also on spectroscopic 
data... And realistic clustering. 

•Forward-modelled n(z) can already be used for a 
Stage IV precursor cosmological re-analysis (e.g. 
HSC).  

•And in the future for LSST and Euclid.

Conclusion & Outlook
§GalSBI: Galaxy population model constrained by 

observational data
§Open-source release:

§ galsbi: Python package with easy interface to generate galaxy 
catalogs from the GalSBI model

§ UFig: Python package to generate realistic astronomical images

§Work in progress:
§ realistic positions using SHAM-OT
§ GalSBI-SPS: SPS-based modeling (see Luca Tortorelli’s talk)
§ extend to infrared and spectroscopic data

Silvan Fischbacher @ Cosmology from Home 2025

ar
X

iv
:2

41
2.

08
70

1 
ga

ls
bi

on
 g

itl
ab

UF
ig

on
 g

itl
ab

14

-

28Luca Tortorelli @ New strategies in Sexten


