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Quick overview of DES

Survey characteristics : 

• Imaging galaxy survey.
• 5000 sq. deg. after 5 years 

(2013-2018)
• 570-Megapixel digital camera, 

DECam, mounted on the Blanco 4-
meter telescope at Cerro Tololo 
Inter-American Observatory 
(Chile). 

• Five filters are used (grizY) with a 
nominal limiting magnitude iAB≃24 
and with a typical exposure time of 
90 sec for griz and 45 sec for Y
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DES footprint 

Y1 area : 1321 deg2
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Why and What is 
clustering-redshift ?

An alternative to photo-z 
methods that aims to 

infer the redshift 
distribution of a given 

galaxy sample using its 
cross-correlation signal 
with a reference sample

Method references : 
Newman 2008; Ménard et al. 2013; Schmidt et al. 2013; McQuinn & White 2013 

Why? What ?
Precise redshift 

distribution is mandatory 
to do precise cosmology

&
Photometric redshift 
could be tricky and 

improving its precision is 
entire topic.
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Clustering-redshift recipe 

1. Divide a reference sample with spec-z or high quality and accuracy 
photo-z into small redshift bins 
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Clustering-redshift recipe 

1. Divide a reference sample with spec-z or high quality and accuracy 
photo-z into small redshift bins 

2. Measure the cross-correlation signal with a given science sample 
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Clustering-redshift recipe 

Clustering-based redshift estimation for photometric surveys: application to DES
Pauline Vielzeuf, Marco Gatti

and DES cross-correlation working group
Institut de FÃŋsica d’Altes Energies de Barcelona, Spain

pvielzeuf@ifae.es, mgatti@ifae.es

Why clustering-based redshift estimation?
Characterizing redshift distribution remains a challenge in the context of ongoing and
future large photometric surveys. Given the impossibility of getting spectroscopy for
each object, one has to come with alternative techniques.
Traditional methods, like photo-z codes, either have to be calibrated against a refer-
ence spectroscopic sample or have to rely on realistic galaxy SED templates. The high
incompleteness of current and future spectroscopic samples, as well as the lack of ac-
curate SED modelling, set a limit to photo-z methods effectiveness, especially at high
redshift.
On the other hand, clustering-based redshift estimation does not suffer from reference
sample incompleteness, constituting a valid alternative to traditional photo-z methods.

How does the method work?
The method used here is based on the work of Menard et al. (2013). The method
considers two samples of extragalactic objects overlapping in 3D space:

• an unknown sample, whose redshift distribution �N

�

��

�

is poorly known. The unknown

sample is divided into small tomographic redshift bins.
• a reference sample, whose redshift distribution �N

�

��

�

is known to higher accuracy (i.e.,
with spec-z or accurate photo-z available). The reference sample is divided into
sufficiently narrow redshift bins so as to consider �N

�

��

�

∝ N

�

δ

D

(� − �

�

).

The basic idea of the method is that the angular correlation function between the
objects in the unknown tomographic bins and those in the narrow reference bins will
be non-null only in case of redshift overlap. Hence, the angular correlation function
can be used to reconstruct the redshift distribution of the unknown sample to higher
accuracy.
The clustering signal between the two samples can be expressed as:
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matter 2-point correlation function. Under the assumption of narrow reference bins,
the redshift distribution of the unknown sample follows:
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where the measured clustering signal has been averaged over angular scales by means
of a weight function to maximize the S/N ratio.
After measuring the clustering signal and computing the redshift distribution for each
tomographic bin of the unknown sample, one has to stack all the recovered distribu-
tions to reconstruct the �N

�

��

�

over the full redshift range considered.

Figure 1: Reconstructed redshift distribution (black points) for one tomographic bin (left) and for the
full sample (right). The true distribution is shown as histogram. DES Y1 simulated data has been used
as unknown sample, and simulated DES redMaGiC as a reference sample.

To test the efficiency of clustering redshift method, we
made use of the Blind Cosmology Challenge (BCC) sim-
ulation, in the context of the Dark Energy Survey (DES)
Y1 data. As a reference samples, we used both red-
MaGiC (LRG) and redMaPPer (clusters) simulated sam-
ples, characterized by precise photo-z.

To test the efficiency of clustering redshift method, we
made use of the Blind Cosmology Challenge (BCC) sim-
ulation, in the context of the Dark Energy Survey (DES)
Y1 data. As a reference samples, we used both red-
MaGiC (LRG) and redMaPPer (clusters) simulated sam-
ples, characterized by precise photo-z.

Optimization of the Method

Different variations of the Menard et
al. 2013 method can be used to im-
prove the accuracy of the recovered
redshift distribution. These include:

• integrating/averaging the clustering
signal over physical scales;

• inverse variance weighting of the
clustering signal;

• accounting for the reference sample
auto-correlation function;

• optimizing the clustering signal an-
gular scales.

2SWLPL]DWLRQ��UDQJH�RI�DQJXODU�VFDOHV��5HGPDJLF
8VLQJ�VFDOHV�EHWZHHQ�
� ���a��DUFPLQ� �a�����HUURU�
� �a����DUFPLQ� �a�����HUURU�

Figure 2: Error on the mean redshift of the
recovered distribution as a function of the an-
gular scales used to extract information from
the clustering signal.

Figures of Merit
The quality of the reconstructed redshift distribution will have an impact on cosmo-
logical parameter estimation. The impact of the method on cosmology is therefore
important to evaluate.

The 2-point correlation functions such as the cosmic shear or the auto-correlation
function are cosmological observables used for cosmological parameter inference. The
redshift distribution is a key ingredient to extract cosmological information: at a fixed
cosmology, different redshift distributions will be associated to different values of such
observables.

Figure 3: Ratio of the predicted cosmic shear (left) and angular auto-correlation function (right) re-
covered with the reconstructed redshift distribution to the ones recovered using the true distribution.
Blue error bars reflect clustering redshift uncertainties; to comparison purposes, green error bars refer
to Y1 predicted error bars.

The Markov Chain Monte Carlo is a common cosmological tool to estimate confidence
zone in parameter space where cosmological parameters belong. To estimate the im-
pact of our method, we fix a cosmology and then we use the predicted value of a
chosen observable (i.e. cosmic shear) obtained using the true distribution as "data".
The reconstructed distribution is then used as "theory" to constrain cosmological pa-
rameters.

Figure 4: MCMC evaluating the impact of clustering redshift method in recovering an input cosmology.

High redshift regime: overlap with spectroscopic surveys
Due to the lack of a wide reference sample with accurate photo-z, the application of the
method at high redshift will likely rely on smaller (but generally denser) spectroscopic
samples. If the reference sample is numerous enough, the redshift distribution can
still be recovered.

Figure 5: Reconstructed redshift distribution (black points) of DES Y1 simulated data using as a
reference sample simulated Stripe82 SDSS data. The blue histogram represents the true distribution.
Impact of clustering redshift method on FoM (unknown sample angular auto-correlation function and
cosmic shear) and cosmological parameters estimation is also shown.

Conclusions

• Clustering redshift method can be effectively used to recover the redshift distribution
of a population of extragalactic objects, exploiting the overlap in 3D space with a
reference sample with well-known redshift distribution.

• As a reference sample, either samples with accurate photo-z redshift estimates (such
as Luminous Red Galaxies or clusters) or with available spectroscopy can be used.

• In the context of DES Y1 data, using redMaGiC or redMaPPer should allow to recover
the redshift distribution to a satisfactory level of accuracy at low redshift. At high
redshift, spectroscpic samples should be used instead.

Next steps

• Studying the efficiency of the method in case of strong bias evolution of the reference

sample (e.g., QSO sample). Dependence of clustering-redshift on galaxy colors.
• Moving to data! Applying the method to DES data (Year 1 to 5), using as a reference

samples redMaGiC and redMaPPer.
• Applying the method to the high-redshift regime, possibly combining together various

spectroscopic samples (SDSS, VIPERS, WiggleZ, Deep2 etc).

References

• Ménard B. et al., 2013, ArXiv e-prints, arXiv:1303.4722
• http://www.darkenergysurvey.org/
• BCC simulation : Busha M. T., Wechsler R. H., Becker M. R., Erickson B., Evrard A. E.,

2013, in American Astronomical Society Meeting Abstracts 221, p. 341.07

1. Divide a reference sample with spec-z or high quality and accuracy 
photo-z into small redshift bins 

2. Measure the cross-correlation signal with a given science sample 

The cross-correlation signal between two samples of galaxies will be 
non-null in case of 3D overlap:
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• Weak lensing sample: 3 weak lensing source redshift bins [0.2-0.43,0.43-0.63,0.63-0.9] 

• Reference sample: redMaGiC higher luminosity sample, [0.15,0.85], 25 bins 

• Fiducial method: 1-bin estimate in annulus of 500kpc-1500kpc, with pairs inverse-distance 
weighting. Natural estimator: D1D2/D1R2-1, randoms for reference only 

• Bias correction: no bias correction applied

step 1) Estimate the N(z) for a given sample using clustering-based 
methods

step 2) Correcting photo-z posterior using clustering-based N(z):
• Fiducial method: we require  the <z>  from the clustering-based calibration and 

<z> of photo-z posterior to match in the interval <z>_clustz +- 2* std_clustz, 
allowing for a shift in the photo-z distribution 

• Correlation between tomographic bins: shifts are computed neglecting 
correlations among source redshift bins

Standard methodology 
adopted for DES Y1
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Galaxy samples

Science sample : WL  sample, divided into 3 redshift bins

Reference sample : redMaGiC higher luminosity sample 

n.b.: above plots refer to the samples as defined in simulations

redMaGiC algorithm is designed to select luminous red 
galaxies with high quality photometric redshift estimates 
(Rozo + 2016)

0.15<z<0.85



53rd Rencontres de Moriond March 17-24, 201811

Method systematic estimation 

We tested the methodology on simulations to define the 
optimal parameters and characterize the method 
systematics

Gatti , Vielzeuf et al (arXiv:1709.00992) 
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3 main systematics identified 

• Bias evolution systematic : 
due to  the redshift evolution of the galaxy-matter biases of both 
the weak lensing and redMaGiC samples (and of the dark matter 
density field) 

• redMaGiC photo-z systematic: 
induced by using redMaGiC photo-z’s as opposed to true 
redshifts to bin the reference sample 

• Shape systematic: 
An incorrect shape of the photo-z posterior could affect the ‘mean 
matching' criterion, as the matching is performed within   
            of            , and  the photo-z posterior outside this interval 
cannot be calibrated.  

Cross-Correlation Redshifts in DES: Methods and Systematics 7

maximum redshift of z
max

= 0.85 (instead of z
max

= 0.9). We
expect statistical errors in this work to be overestimated by
⇠ 20% with respect to data11. We note that to be consis-
tent with the redshift interval considered here, the analysis
in data has been performed cutting the redMaGiC sample
at z

max

= 0.85 (Davis et al. 2017b).
The characteristic scatter and bias of the redMaGiC

photometric redshifts found in the data are very closely re-
produced by the simulations as can be seen in Figure 3. It
should be noted that in the simulation we have the true red-
shifts of all redMaGiC galaxies, and thus can calculate the
aforementioned statistics using the full sample, whereas in
the data we only have an incomplete spectroscopic training
set with which to make these measurements. Cawthon et al.
(2017) discusses further validation of the robustness of these
estimates in the data.

We also generate a catalog of random points for red-

MaGiC galaxies. redMaGiC randoms are generated uni-
formly over the footprint, as observational systematics (e.g.
airmass, seeing) are not included in the simulation and for
the simulated redMaGiC sample used in this analysis, num-
ber density does not correlate with variation in the limiting
magnitude of the galaxy catalogs.

4 SYSTEMATIC CHARACTERIZATION

In this section we test our clustering calibration of DES Y1
photo-z redshift distributions. To assess the accuracy of the
methodology, we consider the mean of the redshift distribu-
tions, computed over the full redshift interval (i.e., without
restricting to the matching interval where we have reference
coverage). Any residual di↵erence in the mean between the
calibrated photo-z posterior and the true distribution is in-
terpreted as a systematic uncertainty, which is quantified
through the metric

�hzi ⌘ hzi
true

� hzi�. (13)

We will refer to this metric as the “residual di↵erence in the
mean”. We recall that in the above equation hzi� is the mean
of the photo-z posterior once the photo-z bias �z has been
calibrated.

Systematic errors can arise if the clustering-based red-
shift distribution di↵ers from the truth, owing to the fact
that:

• we are neglecting the redshift evolution of the galaxy-
matter biases of both the weak lensing and redMaGiC sam-
ples (and of the dark matter density field); hereafter we will
refer to this systematic as bias evolution systematic;

• we are using photo-z as opposed to true redshift to bin
the reference sample, hereafter referred to as redMaGiC
photo-z systematic.

Moreover, when we correct the photo-z posterior n
pz

(z)
using the clustering-based n

wz

(z) :

• if the “shape matching” criterion is used, di↵erences be-
tween the shapes of n

pz

(z) and n
wz

(z) could impact the re-
covered photometric redshift bias, as the criterion does not

11 As our methodology is systematic dominated, this has a neg-
ligible impact on the results drawn in this paper.

impose any requirement on the mean of n�(z) . An incorrect
shape of the photo-z posterior could also a↵ect the “mean
matching” criterion, as the matching is performed within
2�

WZ

of hzi
wz

, and the photo-z posterior outside this in-
terval cannot be calibrated. Hereafter we will refer to this
systematic as shape systematic.

Below we introduce each of these systematics one at
a time, computing each of their contributions to the total
systematic error budget in our method. We will make the
ansatz that our systematics can be treated as independent.
We will come back to this assumption later in §4.5.

4.1 Bias evolution systematic

We first estimate errors due to bias evolution and evolution
in the clustering amplitude of the density field. We apply
our method to a nearly ideal scenario in which the source
galaxy distribution is binned in redshift bins according to
the mean of the photo-z posterior as estimated by each of
the photo-z codes we consider. We use the true redshifts of
the redMaGiC reference sample when applying our cross-
correlation method. We also assume that the n

pz

(z) of each
redshift bin is identical to the true redshift distribution.

Our results are shown in the upper panels of fig. 4, la-
beled“scenario A”, and the residual shifts in the mean �hzi

A

after the calibration are summarized in the first row of ta-
bles 1 and 2. If the calibration procedure was not a↵ected
by systematic errors, we should recover residual shifts in the
mean �hzi

A

compatible with zero. However, the values in
tables 1 and 2 are as large as |�hzi

A

| = 0.02, owing to an in-
correct n

wz

(z) estimate. All the residual shifts are substan-
tially larger than the typical statistical uncertainty of the
measurement. The specific values of the shifts vary depend-
ing on the photo-z code (as they can select slightly di↵erent
populations of galaxies) and redshift bins. The two matching
criteria do not always lead to the same residual shifts: in our
calibration procedure, matching the shapes of two di↵erent
distributions is not expected to give the same photo-z bias
obtained by matching their means.

We demonstrate in §5.1 that correcting for the redshift
evolution of the biases and of the clustering amplitude of the
density field accounts for the observed residual shifts �hzi

A

.
This evolution can be readily estimated in our simulated
data, but is di�cult to account for in the real world. There-
fore, the residual shifts reported in tables 1 and 2 represent
the systematic error on the photo-z bias calibration due to
the bias evolution systematic.

Lastly, we note that in fig. 4 the clustering-based es-
timate recovers a spurious signal (in the form of a positive
tail at high redshift) for the first redshift bin, which may po-
tentially be explained by lensing magnification e↵ects (see
§5.2). We note, however, that the shape matching proce-
dure is quite insensitive to biases in the tails, as the photo-z
posterior goes to zero. Likewise, the mean matching within
2�

WZ

of hzi
wz

is insensitive to the tails.

4.2 redMaGiC photo-z systematic

Next, we relax the assumption that we have true redshifts
for the reference redMaGiC sample. Naively, we expect that
any photometric redshift biases in redMaGiC will imprint
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in data has been performed cutting the redMaGiC sample
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photometric redshifts found in the data are very closely re-
produced by the simulations as can be seen in Figure 3. It
should be noted that in the simulation we have the true red-
shifts of all redMaGiC galaxies, and thus can calculate the
aforementioned statistics using the full sample, whereas in
the data we only have an incomplete spectroscopic training
set with which to make these measurements. Cawthon et al.
(2017) discusses further validation of the robustness of these
estimates in the data.

We also generate a catalog of random points for red-
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airmass, seeing) are not included in the simulation and for
the simulated redMaGiC sample used in this analysis, num-
ber density does not correlate with variation in the limiting
magnitude of the galaxy catalogs.

4 SYSTEMATIC CHARACTERIZATION

In this section we test our clustering calibration of DES Y1
photo-z redshift distributions. To assess the accuracy of the
methodology, we consider the mean of the redshift distribu-
tions, computed over the full redshift interval (i.e., without
restricting to the matching interval where we have reference
coverage). Any residual di↵erence in the mean between the
calibrated photo-z posterior and the true distribution is in-
terpreted as a systematic uncertainty, which is quantified
through the metric
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We will refer to this metric as the “residual di↵erence in the
mean”. We recall that in the above equation hzi� is the mean
of the photo-z posterior once the photo-z bias �z has been
calibrated.

Systematic errors can arise if the clustering-based red-
shift distribution di↵ers from the truth, owing to the fact
that:

• we are neglecting the redshift evolution of the galaxy-
matter biases of both the weak lensing and redMaGiC sam-
ples (and of the dark matter density field); hereafter we will
refer to this systematic as bias evolution systematic;

• we are using photo-z as opposed to true redshift to bin
the reference sample, hereafter referred to as redMaGiC
photo-z systematic.

Moreover, when we correct the photo-z posterior n
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using the clustering-based n
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• if the “shape matching” criterion is used, di↵erences be-
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(z) could impact the re-
covered photometric redshift bias, as the criterion does not

11 As our methodology is systematic dominated, this has a neg-
ligible impact on the results drawn in this paper.

impose any requirement on the mean of n�(z) . An incorrect
shape of the photo-z posterior could also a↵ect the “mean
matching” criterion, as the matching is performed within
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, and the photo-z posterior outside this in-
terval cannot be calibrated. Hereafter we will refer to this
systematic as shape systematic.

Below we introduce each of these systematics one at
a time, computing each of their contributions to the total
systematic error budget in our method. We will make the
ansatz that our systematics can be treated as independent.
We will come back to this assumption later in §4.5.

4.1 Bias evolution systematic

We first estimate errors due to bias evolution and evolution
in the clustering amplitude of the density field. We apply
our method to a nearly ideal scenario in which the source
galaxy distribution is binned in redshift bins according to
the mean of the photo-z posterior as estimated by each of
the photo-z codes we consider. We use the true redshifts of
the redMaGiC reference sample when applying our cross-
correlation method. We also assume that the n
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(z) of each
redshift bin is identical to the true redshift distribution.

Our results are shown in the upper panels of fig. 4, la-
beled“scenario A”, and the residual shifts in the mean �hzi
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after the calibration are summarized in the first row of ta-
bles 1 and 2. If the calibration procedure was not a↵ected
by systematic errors, we should recover residual shifts in the
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compatible with zero. However, the values in
tables 1 and 2 are as large as |�hzi
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| = 0.02, owing to an in-
correct n

wz

(z) estimate. All the residual shifts are substan-
tially larger than the typical statistical uncertainty of the
measurement. The specific values of the shifts vary depend-
ing on the photo-z code (as they can select slightly di↵erent
populations of galaxies) and redshift bins. The two matching
criteria do not always lead to the same residual shifts: in our
calibration procedure, matching the shapes of two di↵erent
distributions is not expected to give the same photo-z bias
obtained by matching their means.

We demonstrate in §5.1 that correcting for the redshift
evolution of the biases and of the clustering amplitude of the
density field accounts for the observed residual shifts �hzi
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.
This evolution can be readily estimated in our simulated
data, but is di�cult to account for in the real world. There-
fore, the residual shifts reported in tables 1 and 2 represent
the systematic error on the photo-z bias calibration due to
the bias evolution systematic.

Lastly, we note that in fig. 4 the clustering-based es-
timate recovers a spurious signal (in the form of a positive
tail at high redshift) for the first redshift bin, which may po-
tentially be explained by lensing magnification e↵ects (see
§5.2). We note, however, that the shape matching proce-
dure is quite insensitive to biases in the tails, as the photo-z
posterior goes to zero. Likewise, the mean matching within
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is insensitive to the tails.

4.2 redMaGiC photo-z systematic

Next, we relax the assumption that we have true redshifts
for the reference redMaGiC sample. Naively, we expect that
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Why clustering-based redshift estimation?
Characterizing redshift distribution remains a challenge in the context of ongoing and
future large photometric surveys. Given the impossibility of getting spectroscopy for
each object, one has to come with alternative techniques.
Traditional methods, like photo-z codes, either have to be calibrated against a refer-
ence spectroscopic sample or have to rely on realistic galaxy SED templates. The high
incompleteness of current and future spectroscopic samples, as well as the lack of ac-
curate SED modelling, set a limit to photo-z methods effectiveness, especially at high
redshift.
On the other hand, clustering-based redshift estimation does not suffer from reference
sample incompleteness, constituting a valid alternative to traditional photo-z methods.

How does the method work?
The method used here is based on the work of Menard et al. (2013). The method
considers two samples of extragalactic objects overlapping in 3D space:

• an unknown sample, whose redshift distribution �N
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is poorly known. The unknown

sample is divided into small tomographic redshift bins.
• a reference sample, whose redshift distribution �N
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is known to higher accuracy (i.e.,
with spec-z or accurate photo-z available). The reference sample is divided into
sufficiently narrow redshift bins so as to consider �N
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The basic idea of the method is that the angular correlation function between the
objects in the unknown tomographic bins and those in the narrow reference bins will
be non-null only in case of redshift overlap. Hence, the angular correlation function
can be used to reconstruct the redshift distribution of the unknown sample to higher
accuracy.
The clustering signal between the two samples can be expressed as:
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where the measured clustering signal has been averaged over angular scales by means
of a weight function to maximize the S/N ratio.
After measuring the clustering signal and computing the redshift distribution for each
tomographic bin of the unknown sample, one has to stack all the recovered distribu-
tions to reconstruct the �N

�

��

�

over the full redshift range considered.

Figure 1: Reconstructed redshift distribution (black points) for one tomographic bin (left) and for the
full sample (right). The true distribution is shown as histogram. DES Y1 simulated data has been used
as unknown sample, and simulated DES redMaGiC as a reference sample.

To test the efficiency of clustering redshift method, we
made use of the Blind Cosmology Challenge (BCC) sim-
ulation, in the context of the Dark Energy Survey (DES)
Y1 data. As a reference samples, we used both red-
MaGiC (LRG) and redMaPPer (clusters) simulated sam-
ples, characterized by precise photo-z.

To test the efficiency of clustering redshift method, we
made use of the Blind Cosmology Challenge (BCC) sim-
ulation, in the context of the Dark Energy Survey (DES)
Y1 data. As a reference samples, we used both red-
MaGiC (LRG) and redMaPPer (clusters) simulated sam-
ples, characterized by precise photo-z.

Optimization of the Method

Different variations of the Menard et
al. 2013 method can be used to im-
prove the accuracy of the recovered
redshift distribution. These include:

• integrating/averaging the clustering
signal over physical scales;

• inverse variance weighting of the
clustering signal;

• accounting for the reference sample
auto-correlation function;

• optimizing the clustering signal an-
gular scales.
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8VLQJ�VFDOHV�EHWZHHQ�
� ���a��DUFPLQ� �a�����HUURU�
� �a����DUFPLQ� �a�����HUURU�

Figure 2: Error on the mean redshift of the
recovered distribution as a function of the an-
gular scales used to extract information from
the clustering signal.

Figures of Merit
The quality of the reconstructed redshift distribution will have an impact on cosmo-
logical parameter estimation. The impact of the method on cosmology is therefore
important to evaluate.

The 2-point correlation functions such as the cosmic shear or the auto-correlation
function are cosmological observables used for cosmological parameter inference. The
redshift distribution is a key ingredient to extract cosmological information: at a fixed
cosmology, different redshift distributions will be associated to different values of such
observables.

Figure 3: Ratio of the predicted cosmic shear (left) and angular auto-correlation function (right) re-
covered with the reconstructed redshift distribution to the ones recovered using the true distribution.
Blue error bars reflect clustering redshift uncertainties; to comparison purposes, green error bars refer
to Y1 predicted error bars.

The Markov Chain Monte Carlo is a common cosmological tool to estimate confidence
zone in parameter space where cosmological parameters belong. To estimate the im-
pact of our method, we fix a cosmology and then we use the predicted value of a
chosen observable (i.e. cosmic shear) obtained using the true distribution as "data".
The reconstructed distribution is then used as "theory" to constrain cosmological pa-
rameters.

Figure 4: MCMC evaluating the impact of clustering redshift method in recovering an input cosmology.

High redshift regime: overlap with spectroscopic surveys
Due to the lack of a wide reference sample with accurate photo-z, the application of the
method at high redshift will likely rely on smaller (but generally denser) spectroscopic
samples. If the reference sample is numerous enough, the redshift distribution can
still be recovered.

Figure 5: Reconstructed redshift distribution (black points) of DES Y1 simulated data using as a
reference sample simulated Stripe82 SDSS data. The blue histogram represents the true distribution.
Impact of clustering redshift method on FoM (unknown sample angular auto-correlation function and
cosmic shear) and cosmological parameters estimation is also shown.

Conclusions

• Clustering redshift method can be effectively used to recover the redshift distribution
of a population of extragalactic objects, exploiting the overlap in 3D space with a
reference sample with well-known redshift distribution.

• As a reference sample, either samples with accurate photo-z redshift estimates (such
as Luminous Red Galaxies or clusters) or with available spectroscopy can be used.

• In the context of DES Y1 data, using redMaGiC or redMaPPer should allow to recover
the redshift distribution to a satisfactory level of accuracy at low redshift. At high
redshift, spectroscpic samples should be used instead.

Next steps

• Studying the efficiency of the method in case of strong bias evolution of the reference

sample (e.g., QSO sample). Dependence of clustering-redshift on galaxy colors.
• Moving to data! Applying the method to DES data (Year 1 to 5), using as a reference

samples redMaGiC and redMaPPer.
• Applying the method to the high-redshift regime, possibly combining together various

spectroscopic samples (SDSS, VIPERS, WiggleZ, Deep2 etc).
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Test: we assume photo-z posterior to have the same shape as the true 
distribution. We also use redMaGiC spec-z as a reference. After correcting 

photo-z posterior with a shift, residual differences in <z> should be due to the 
bias evolution of the two samples.

1st WL bin 2nd WL bin 3rd WL bin

Bias evolution 
systematic 0.020+-0.006 0.010+-0.004 0.008+-0.003

Systematic 1: 
Bias evolution systematic 
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In simulations,  we can bin the two 
samples via true redshift and use the 
1-bin estimate of the autocorrelation 

function as a probe of the galaxy-
matter bias: 

Systematic 1:
 is it due to the redshift evolution 

of galaxy-dark matter bias?

1st WL bin 2nd WL bin 3rd WL bin

Bias evolution systematic 0.020+-0.006 0.010+-0.004 0.008+-0.003
Bias evolution systematic

 (after galaxy bias correction) 0.004+-0.013 0.007+-0.007 0.002+-0.003

Cross-Correlation Redshifts in DES: Methods and Systematics 3

2.1 First step: clustering-based redshift estimates

In the literature a variety of methods to recover redshift
distributions based on cross-correlation have been discussed
(Newman 2008; Ménard et al. 2013; Schmidt et al. 2013;
McQuinn & White 2013). The underlying idea shared by
all methods is that the spatial cross-correlation between two
samples of objects is non-zero only in case of 3D overlap.
Let us now consider two galaxy samples:

(i) An unknown sample, whose redshift distribution n
u

(z)
has to be recovered.

(ii) A reference sample, whose redshift distribution n
r

(z)
is known (either from spectroscopic redshifts or from high-
precision photometric redshifts). The reference sample is di-
vided into narrow redshift bins.

To calibrate the redshift distribution of the unknown
sample we bin the reference sample in narrow redshift bins,
and then compute the angular cross-correlation signal w

ur

between the unknown sample and each of these reference
redshift bins. Under the assumption of linear biasing, we
find

w
ur

(✓) =

π
dz0 n

u

(z0)n
r

(z0)b
u

(z0)b
r

(z0)w
DM

(✓, z0), (1)

where n
u

(z0) and n
r

(z0) are the unknown and reference sam-
ple redshift distributions (normalized to unity over the full
redshift interval), b

u

(z0) and b
r

(z0) are the biases of the two
samples, and w

DM

(✓, z0) is the dark matter 2-point correla-
tion function.

In this paper we implement three di↵erent clustering-
based methods: Schmidt/Ménard’s method (Schmidt et al.
2013; Ménard et al. 2013), a “weighted” method and New-
man’s method as explained in (Matthews & Newman 2010).
We briefly describe each of the three methods. A compari-
son of the three methods is presented in §4.6. At the end,
we have opted for using Schmidt/Ménard’s method for our
fiducial analysis.

Schmidt/Ménard’s method. The implementation of
the method is discussed in details in Schmidt et al. (2013).
The authors use a “1-angular bin” estimate of the cross-
correlation signal. This is achieved by computing the num-
ber of sources of the unknown sample in a physical annulus
around each individual object of the reference sample, from
a minimum comoving distance r

min

to a maximum distance
r
max

. Our fiducial choice for the scales is from 500 kpc to
1500 kpc 7. In addition, each object of the unknown sample
is weighted by the inverse of the distance from the reference
object, which has been shown to increase the S/N ratio of
the measurement (Schmidt et al. 2013). We use the Davis
& Peebles (Davis & Peebles 1983) estimator of the cross-
correlation signal,

w̄
ur

=
N
Rr

N
Dr

Ø
r

max

r

min

dr 0W(r 0)
[

D
u

D
r

(r 0)
]Ø

r

max

r

min

dr 0W(r 0)
[

D
u

R
r

(r 0)
]

� 1, (2)

where D
u

D
r

(r 0) and D
u

R
r

(r 0) are respectively data–data and

7 Even though these scales are clearly non-linear, these non-
linearities do not have a significant impact on the methodology,
as demonstrated in Schmidt et al. (2013) and in this paper. See
§4.6 for a discussion concerning the choice of scales.

data–random pairs, and W(r 0) / 1/r 0 the weight function.
The pairs are properly normalized through N

Dr

and N
Rr

,
corresponding to the total number of galaxies in the refer-
ence sample and in the reference random catalog.

The Davis & Peebles estimator is less immune to win-
dow function contamination than the Landy & Szalay esti-
mator (Landy & Szalay 1993), since it involves using a cat-
alog of random points for just one of the two samples. We
choose to use the Davis & Peebles estimator so as to avoid
creating high-fidelity random catalogs for the DES Y1 source
galaxy sample (our unknown sample): the selection function
depends on local seeing and imaging depth, resulting in a
complex spatial selection function. We therefore decide to
use a catalog of random points only for the reference sam-
ple, whose selection function and mask are well understood
(Elvin-Poole et al. 2017).

Assuming the reference sample is divided into su�-
ciently narrow bins centered at z, we can approximate
n

r

(z0) / N
r

�
D

(z � z0) (with �
D

being Dirac’s delta distribu-
tion, and N

r

being the number of galaxies in the reference
bin) and invert eq. (1) to obtain the redshift distribution of
the unknown sample:

n
u

(z) / w̄
ur

(z)
1

b
u

(z)
1

b
r

(z)
1

w̄
DM

(z)
, (3)

where barred quantities indicate they have been “averaged”
over angular scales, reflecting the fact that we are using 1-
angular bin estimates of the correlation while weighting pairs
by their inverse separation. The proportionality constant is
obtained from the requirement that n

u

(z) has to be properly
normalized.

In principle, the redshift evolution of the galaxy–matter
biases and of w̄

DM

(z) could be estimated by measuring the
1-bin autocorrelation function of both samples as a function
of redshift:

w̄
rr,z =

π
dz0

⇥
b
r

(z0)n
r,z (z0)

⇤
2

w̄
DM

(z0), (4)

w̄
uu,z =

π
dz0

⇥
b
u

(z0)n
u,z (z0)

⇤
2

w̄
DM

(z0), (5)

where n
r,z (z0) and n

u,z (z0) are the redshift distributions of the
reference and unknown samples binned into narrow bins cen-
tered in z. If the bins are su�ciently narrow so as to consider
the biases and w̄

DM

to be constant over the distributions,
they can be pull out of the above integrals. Knowledge of
the redshift distributions of the narrow bins is then required
to use eqs. (4) and (5) to estimate b

r

, b
u

and w̄
DM

.
In our fiducial analyses we do not attempt to correct

for the redshift evolution of the galaxy–matter bias and of
the dark matter density field. Rather, we assume b

r

, b
u

and
w̄
DM

to be constant within each photo-z bin, and use the
simulations to estimate the systematic error induced by this
assumption. This choice is motivated and discussed in more
details in §5.1 and Appendix B. Under this assumption, eq.
(3) reduces to:

n
u

(z) / w̄
ur

(z), (6)

where the proportionality constant is again obtained requir-
ing a proper normalization for n

u

(z).
“Weighted” method: this method is a modified ver-

sion of the method described in Ménard et al. (2013), and
di↵ers from that of Schmidt/Ménard in how the 1-angular
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Table 3. Residual shifts in the mean for the scenario A outlined in §4.1 (equivalent to the bias evolution systematic), using the estimator
introduced in §5.1, which accounts for the redshift evolution of the bias and dark matter density field of both samples. We restricted the
clustering-based estimate to the interval where it was possible to measure the autocorrelation function of the two samples.

Bin 1 Bin 2 Bin 3

mean match shape match mean match shape match mean match shape match

bias evolution

systematic (BPZ):

�0.004 ± 0.013 0.001 ± 0.007 �0.007 ± 0.007 0.004 ± 0.003 0.002 ± 0.003 0.001 ± 0.002

bias evolution

systematic (DNF):

0.000 ± 0.009 �0.001 ± 0.006 �0.002 ± 0.005 0.002 ± 0.004 0.004 ± 0.003 0.002 ± 0.003

Figure 8. WL photo-z posterior calibration after correcting for the redshift evolution of the bias and dark matter density field of both
samples (see §5.1). Top panels: clustering-based n

wz

(z) and corrected photo-z posteriors n�(z). The true redshift distributions have been
used as photo-z posteriors. Middle and bottom panels: 1-bin autocorrelation estimates for the weak lensing and redMaGiC samples, as
a function of redshift. We restricted the clustering-based estimate to the interval where it was possible to measure the autocorrelation
function of the two samples. Only the results obtained by binning with BPZ and matching the mean are shown.

measure the 1-bin autocorrelation functions of the samples.
If the bins are su�ciently narrow, and each bin has a top-hat
shape, the autocorrelation functions are simply proportional
to b2w

DM

, as shown in §2.1. We caution that we use uniform
randoms to compute the WL autocorrelation functions: even
though the WL sample selection function used in simulation
only roughly mimics the one applied to data, using uniform
random is only approximately correct. With this caveat in

mind, we estimate the redshift distribution using the follow-
ing estimator:

n
u

(z) /
w̄
ur

(z)p
w̄
uu

(z)w̄
rr

(z)
. (14)

The results obtained using this estimator are shown in
fig. 8 and reported in table 3.

By using the new estimator, we can obtain residual

MNRAS 000, 1–21 (0000)
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Systematic 2:
redMaGiC photo-z systematic 

Test: we assume photo-z posterior to 
have the same shape as the true 

distribution. We use redMaGiC photo-z as 
a reference. After correcting photo-z 
posterior with a shift, we define the 

redMaGiC photo-z systematic as the 
differences in the correction between this 
test and the test for galaxy-dark matter 

bias systematic. 

1st WL bin 2nd WL bin 3rd WL bin

redMaGiC photo-z
systematic (BPZ) 0,009 0,001 0,001

Cross-Correlation Redshifts in DES: Methods and Systematics 7

Figure 3. The redshift distribution of the simulated redMaGiC

reference sample used in our analysis to measure cross-correlation
redshifts. We show the distributions of both redMaGiC true-z and
photo-z.

Figure 4. The scatter (top) and bias (bottom) of zredMaGiC for
the simulated redmagic sample (dashed lines) compared to the
data (solid lines).

condition follows from the idea of trying to select the ”same“
sample of galaxies at di↵erent redshift: under the approxi-
mation of no merging, red sequence galaxies evolve passively,
resulting in a constant comoving density sample.

The algorithm has only two free parameters: the desired
comoving density of the sample, and the minimum luminos-
ity of the selected galaxies. The result is a pure sample of
red-sequence galaxies with nearly Gaussian photometric red-
shift estimates that are both accurate and precise.

For this work we selected redMaGiC galaxies in the red-
shift interval 0.15<z<0.85, applying the luminosity cut of
L > 1.5L

⇤

; the resulting redshift distribution is shown in fig.
3.3. The reference sample is further split into 25 uniform
redshift bins. In our simulation, the mask of the redMaGiC

sample includes all the survey regions that reach su�cient
depth to render the sample volume limited up to z = 0.85.
The fact that the footprint in the simulation is ⇠ 30% smaller
than in the data results in a redMaGiC sample which has
⇠ 30% less galaxies than the data. Moreover, due to small

di↵erences in the evolution of the red-sequence between the
simulation and the data, the sample reaches a maximum
redshift of z

max

= 0.85 (instead of z
max

= 0.9 in data). We
expect statistical errors in this work to be overestimated by
⇠ 20% with respect to data11. We note that to be consis-
tent with the redshift interval considered here, the analysis
in data has been performed cutting the redMaGiC sample
at z

max

= 0.85 (Davis et al. 2017b).
The characteristic scatter and bias of the redMaGiC

photometric redshifts found in the data are very closely re-
produced by the simulations as can be seen in Figure 4. It
should be noted that in the simulation we have the true red-
shifts of all redMaGiC galaxies, and thus can calculate the
aforementioned statistics using the full sample, whereas in
the data we only have an incomplete spectroscopic training
set with which to make these measurements. Cawthon et al.
(2017) discusses further validation of the robustness of these
estimates in the data.

We also generate a catalog of random points for red-

MaGiC galaxies. redMaGiC randoms are generated uni-
formly over the footprint, as observational systematics (e.g.
airmass, seeing) are not included in the simulation and for
the simulated redMaGiC sample used in this analysis, num-
ber density does not correlate with variation in the limiting
magnitude of the galaxy catalogs.

4 SYSTEMATIC CHARACTERIZATION

In this section we test our clustering calibration of DES Y1
photo-z redshift distributions. To assess the accuracy of the
methodology, we consider the mean of the redshift distribu-
tions, computed over the full redshift interval (i.e., without
restricting to the matching interval where we have reference
coverage). Any residual di↵erence in the mean between the
calibrated photo-z posterior and the true distribution is in-
terpreted as a systematic uncertainty, which is quantified
through the metric

�hzi ⌘ hzi
true

� hzi�. (13)

We will refer to this metric as the “residual di↵erence in the
mean”. We recall that in the above equation hzi� is the mean
of the photo-z posterior once the photo-z bias �z has been
calibrated.

Systematic errors can arise if the clustering-based red-
shift distribution di↵ers from the truth, owing to the fact
that:

• we are neglecting the redshift evolution of the galaxy-
matter biases of both the weak lensing and redMaGiC sam-
ples (and of the dark matter density field); hereafter we will
refer to this systematic as bias evolution systematic;

• we are using photo-z as opposed to true redshift to bin
the reference sample, hereafter referred to as redMaGiC
photo-z systematic.

Moreover, when we correct the photo-z posterior n
pz

(z)
using the clustering-based n

wz

(z) :

11 As our methodology is systematic dominated, this has a neg-
ligible impact on the results drawn in this paper.
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Systematic 3:
shape systematic

Test: we use BPZ photo-z posterior and redMaGiC photo-z as a reference. After 
correcting photo-z posterior with a shift, we define the shape systematic as the 

differences in the correction between this test and the test for RedMagic photo-z 
systematic. 

1st WL bin 2nd WL bin 3rd WL bin

shape
systematic (BPZ) 0,011 0,012 0,004
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Systematics final results 

1st WL bin 2nd WL bin 3rd WL bin

bias evolution 
systematic (BPZ) 0,020 0,010 0,014

redMaGiC photo-z
systematic (BPZ) 0,009 0,005 0,002

shape
systematic (BPZ) 0,011 0,012 0,004

total (quadrature) 0,025 0,016 0,014

Systematic errors added in quadrature assuming 
independence and neglecting possible cancellations
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Data results

Davis et al (arXiv:1710.02517) 

Compute the redshift distribution of the 
three lower bins of the WL sample, and 
provide a shift on the mean to apply to 
the photo-z posterior for each of them. 
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Figure 1. The redshift distributions of the fiducial METACALIBRATION sample as measured by the uncalibrated and calibrated BPZ

algorithm (dashed and solid lines) and by clustering-z (points). Galaxies are placed into each tomographic bin according to their mean
BPZ estimate (background colors). Each color corresponds to a different tomographic bin. The photo-z distributions are calibrated by the
clustering-z points (circles) as described in Section 3.2, while the unfilled squares are excluded by the ±2σ window. The values of the
mean redshift calibrations shown may be found in Table 1.

Figure 2. The redshift distributions of the IM3SHAPE sample as measured by the uncalibrated and calibrated BPZ algorithm (dashed and
solid lines) and by clustering-z (points). Galaxies are placed into each tomographic bin according to their mean BPZ estimate (background
colors). Each color corresponds to a different tomographic bin. The photo-z distributions are calibrated by the clustering-z points (circles)
as described in Section 3.2, while the unfilled squares are excluded by the ±2σ window. The values of the mean redshift calibrations
shown may be found in Table 1.

5 SYSTEMATIC ERRORS516

Many of the systematic error estimates made in G17 can517

be verified on data. In this section, we check four of the518

sources: the choice of scales, the range of clustering-z signal519

used in the mean calibration, the bias evolution of the refer-520

ence redMaGiC sample, and finally our use of weights from521

systematics maps in our redMaGiC galaxies and randoms.522

5.1 Dependence on Scale523

The choice of scale is an important decision in the clustering-524

z analysis. Larger scales tend to have poor signal-to-noise,525

while smaller scales are more likely to suffer from non-linear526

bias. In G17, we found with simulations that the clustering-527

z calibration was largely scale-independent, with a decrease528

in signal-to-noise at larger scales. We expected that on data 529

the smaller scales would become suspect because of issues 530

like deblending which were not modeled in the simulations. 531

Avoiding these issues lead us in G17 to decide on a fiducial 532

range of scales of 500-1500 kpc. Variations in calibrations 533

due to choice of scale was not included as a systematic error. 534

We are able to test the accuracy of this assumption in 535

data by repeating our calibration over multiple scale ranges 536

and comparing the trend with our work on simulations in 537

G17. We caution that the ∆zi measured in simulations does 538

not have to be the same as in the DES Y1 sample, as spectral 539

energy distributions used to generate galaxies in the simula- 540

tion do not precisely match the spectral energy distributions 541

of the galaxies in our final data sample. Improved simula- 542

tions will be used for future analyses, but for the purposes 543

of this paper we only need differential measurements (e.g. of 544
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Figure 7. Comparison of ∆zi obtained from clustering-z, COSMOS, and the combined calibrations for the DES Y1 sample. The values
may also be found in Table 2. The clustering-z measurements do not extend beyond z = 0.9, and so a clustering-z calibration of the last
tomographic bin is not performed. Despite using very different methods, the two modes of calibration agree remarkably well.

Shape Catalog Photo-z zmin zmax Clustering-z Correction COSMOS Correction
METACAL METACAL/MOF BPZ 0.20 0.43 +0.007 ± 0.026 −0.006 ± 0.020

0.43 0.63 −0.023 ± 0.017 −0.014 ± 0.021
0.63 0.90 +0.003 ± 0.014 +0.018 ± 0.018
0.90 1.30 - −0.018 ± 0.022

IM3SHAPE MOF BPZ 0.20 0.43 +0.008 ± 0.026 +0.001 ± 0.020
0.43 0.63 −0.031 ± 0.017 −0.014 ± 0.021
0.63 0.90 −0.010 ± 0.014 +0.008 ± 0.018
0.90 1.30 - −0.057 ± 0.022

METACAL METACAL DNF 0.20 0.43 +0.003 ± 0.014 −0.024 ± 0.017
0.43 0.63 −0.037 ± 0.014 −0.042 ± 0.021
0.63 0.90 +0.005 ± 0.019 +0.006 ± 0.021
0.90 1.30 - +0.037 ± 0.020

Table 2. Table of redshift distribution calibrations from clustering-z and COSMOS methods, ordered by shape catalog, photo-z used in
tomographic binning, and redshift range. Results for the fiducial sample are displayed in Figure 7. Results for different photo-z algorithms
run on the same data are shown in Table 1. The clustering-z measurements do not extend beyond z = 0.9, and so a clustering-z calibration
of the last tomographic bin is not performed. Calibrations are consistent between the two methods.
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Figure 7. Constraints on the shifts �zi applied to the metacalibration nPZ(z) distributions for the weak lensing source galaxies are
plotted for three di↵erent validation techniques. Shifts derived from resampling the COSMOS 30-band redshifts are described in this
paper, and agree well with those derived (for bins 1–3 only) using angular correlations between the source population and redMagic
galaxies (WZ) by Davis et al. (2017b) (COSMOS constraints plotted here have been expanded as per Appendix A to include the e↵ects
of poorly known correlation between bins). These are also consistent with the weak lensing shear ratio tests conducted by Prat et al.
(2017). The final validation constraints on �zi are taken as the combination of the COSMOS and WZ results for each redshift bin (where
available), and yield the 68% confidence intervals denoted by the black points and error bars in the 1-d marginal plots. The dashed lines
at �zi = 0 indicate no mean shift from the BPZ posteriors—the validation processes yield shifts that are non-zero at ⇡ 1� level.

6 USE FOR COSMOLOGICAL INFERENCE

The final rows of Table 2 provide the prior on errors in the
redshift distributions used during inference of cosmological
parameters for the DES Y1 data, under the assumption that
errors in the n

i(z) resulting from the photo-z analysis fol-
low Equation (1). Determination of redshift distributions is
and will continue to be one of the most di�cult tasks for
obtaining precision cosmology from broadband imaging sur-
veys such as DES, so it is important to examine the potential
impact of assumptions in our analysis choices. Further, we

wish to identify areas where our methodology can be im-
proved and thereby increase the precision and accuracy of
future cosmological analyses.

6.1 Dependence on COSMOS2015 redshifts

First, we base our COSMOS validation on the COS-
MOS2015 redshift catalog derived from fitting spectral tem-
plates to 30-band fluxes. Our COSMOS validation rests on
the assumption that Laigle et al. (2016) have correctly esti-
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Cross-checking in Data

The inferred redshift biases ∆z for the 

different WL redshift bins are 

compared to those obtained using two 

other independent calibration 

procedures: the COSMOS 30-band 

photo-z resampling validation (Hoyle 

et al. 2017) and the weak lensing 

shear-ratio test (Prat et al. 2017), 

obtaining consistent results. 

Hoyle et al (arXiv:1708.01532) 
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Summary
• Clustering-redshift methods are recent tools that allow us to 

estimate redshift distribution of galaxy samples.

• In the context of the Dark Energy Survey first year of 
observations it has been used to calibrate the photo-z 
posterior distributions of the WL sample 

• In the systematic budget, the errors induce by neglecting the 
bias evolutions is the dominant one.

• Statistical uncertainties are subdominant in our procedure.

• The consistency of the correction has been cross-checked 
using two independent additional probes
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back up slides
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Dependence of systematics on the 
choice of redshift interval 
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Methods/scale comparison
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Lensing magnification impact
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bias evolution with photo-z

correction of the photo-z binning (redMaGiC only)
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Method equations 

Cross-Correlation Redshifts in DES: Methods and Systematics 3

2.1 First step: clustering-based redshift estimates

In the literature a variety of methods to recover redshift
distributions based on cross-correlation have been discussed
(Newman 2008; Ménard et al. 2013; Schmidt et al. 2013;
McQuinn & White 2013). The underlying idea shared by
all methods is that the spatial cross-correlation between two
samples of objects is non-zero only in case of 3D overlap.
Let us now consider two galaxy samples:

(i) An unknown sample, whose redshift distribution n
u

(z)
has to be recovered.

(ii) A reference sample, whose redshift distribution n
r

(z)
is known (either from spectroscopic redshifts or from high-
precision photometric redshifts). The reference sample is di-
vided into narrow redshift bins.

To calibrate the redshift distribution of the unknown
sample we bin the reference sample in narrow redshift bins,
and then compute the angular cross-correlation signal w

ur

between the unknown sample and each of these reference
redshift bins. Under the assumption of linear biasing, we
find

w
ur

(✓) =

π
dz0 n

u

(z0)n
r

(z0)b
u

(z0)b
r

(z0)w
DM

(✓, z0), (1)

where n
u

(z0) and n
r

(z0) are the unknown and reference sam-
ple redshift distributions (normalized to unity over the full
redshift interval), b

u

(z0) and b
r

(z0) are the biases of the two
samples, and w

DM

(✓, z0) is the dark matter 2-point correla-
tion function.

In this paper we implement three di↵erent clustering-
based methods: Schmidt/Ménard’s method (Schmidt et al.
2013; Ménard et al. 2013), a “weighted” method and New-
man’s method as explained in (Matthews & Newman 2010).
We briefly describe each of the three methods. A compari-
son of the three methods is presented in §4.6. At the end,
we have opted for using Schmidt/Ménard’s method for our
fiducial analysis.

Schmidt/Ménard’s method. The implementation of
the method is discussed in details in Schmidt et al. (2013).
The authors use a “1-angular bin” estimate of the cross-
correlation signal. This is achieved by computing the num-
ber of sources of the unknown sample in a physical annulus
around each individual object of the reference sample, from
a minimum comoving distance r

min

to a maximum distance
r
max

. Our fiducial choice for the scales is from 500 kpc to
1500 kpc 7. In addition, each object of the unknown sample
is weighted by the inverse of the distance from the reference
object, which has been shown to increase the S/N ratio of
the measurement (Schmidt et al. 2013). We use the Davis
& Peebles (Davis & Peebles 1983) estimator of the cross-
correlation signal,

w̄
ur

=
N
Rr

N
Dr

Ø
r

max

r

min

dr 0W(r 0)
[

D
u

D
r

(r 0)
]Ø

r

max

r

min

dr 0W(r 0)
[

D
u

R
r

(r 0)
]

� 1, (2)

where D
u

D
r

(r 0) and D
u

R
r

(r 0) are respectively data–data and

7 Even though these scales are clearly non-linear, these non-
linearities do not have a significant impact on the methodology,
as demonstrated in Schmidt et al. (2013) and in this paper. See
§4.6 for a discussion concerning the choice of scales.

data–random pairs, and W(r 0) / 1/r 0 the weight function.
The pairs are properly normalized through N

Dr

and N
Rr

,
corresponding to the total number of galaxies in the refer-
ence sample and in the reference random catalog.

The Davis & Peebles estimator is less immune to win-
dow function contamination than the Landy & Szalay esti-
mator (Landy & Szalay 1993), since it involves using a cat-
alog of random points for just one of the two samples. We
choose to use the Davis & Peebles estimator so as to avoid
creating high-fidelity random catalogs for the DES Y1 source
galaxy sample (our unknown sample): the selection function
depends on local seeing and imaging depth, resulting in a
complex spatial selection function. We therefore decide to
use a catalog of random points only for the reference sam-
ple, whose selection function and mask are well understood
(Elvin-Poole et al. 2017).

Assuming the reference sample is divided into su�-
ciently narrow bins centered at z, we can approximate
n

r

(z0) / N
r

�
D

(z � z0) (with �
D

being Dirac’s delta distribu-
tion, and N

r

being the number of galaxies in the reference
bin) and invert eq. (1) to obtain the redshift distribution of
the unknown sample:

n
u

(z) / w̄
ur

(z)
1

b
u

(z)
1

b
r

(z)
1

w̄
DM

(z)
, (3)

where barred quantities indicate they have been “averaged”
over angular scales, reflecting the fact that we are using 1-
angular bin estimates of the correlation while weighting pairs
by their inverse separation. The proportionality constant is
obtained from the requirement that n

u

(z) has to be properly
normalized.

In principle, the redshift evolution of the galaxy–matter
biases and of w̄

DM

(z) could be estimated by measuring the
1-bin autocorrelation function of both samples as a function
of redshift:

w̄
rr,z =

π
dz0

⇥
b
r

(z0)n
r,z (z0)

⇤
2

w̄
DM

(z0), (4)

w̄
uu,z =

π
dz0

⇥
b
u

(z0)n
u,z (z0)

⇤
2

w̄
DM

(z0), (5)

where n
r,z (z0) and n

u,z (z0) are the redshift distributions of the
reference and unknown samples binned into narrow bins cen-
tered in z. If the bins are su�ciently narrow so as to consider
the biases and w̄

DM

to be constant over the distributions,
they can be pull out of the above integrals. Knowledge of
the redshift distributions of the narrow bins is then required
to use eqs. (4) and (5) to estimate b

r

, b
u

and w̄
DM

.
In our fiducial analyses we do not attempt to correct

for the redshift evolution of the galaxy–matter bias and of
the dark matter density field. Rather, we assume b

r

, b
u

and
w̄
DM

to be constant within each photo-z bin, and use the
simulations to estimate the systematic error induced by this
assumption. This choice is motivated and discussed in more
details in §5.1 and Appendix B. Under this assumption, eq.
(3) reduces to:

n
u

(z) / w̄
ur

(z), (6)

where the proportionality constant is again obtained requir-
ing a proper normalization for n

u

(z).
“Weighted” method: this method is a modified ver-

sion of the method described in Ménard et al. (2013), and
di↵ers from that of Schmidt/Ménard in how the 1-angular
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To calibrate the redshift distribution of the unknown
sample we bin the reference sample in narrow redshift bins,
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(z0) and b
r
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(✓, z0) is the dark matter 2-point correla-
tion function.

In this paper we implement three di↵erent clustering-
based methods: Schmidt/Ménard’s method (Schmidt et al.
2013; Ménard et al. 2013), a “weighted” method and New-
man’s method as explained in (Matthews & Newman 2010).
We briefly describe each of the three methods. A compari-
son of the three methods is presented in §4.6. At the end,
we have opted for using Schmidt/Ménard’s method for our
fiducial analysis.

Schmidt/Ménard’s method. The implementation of
the method is discussed in details in Schmidt et al. (2013).
The authors use a “1-angular bin” estimate of the cross-
correlation signal. This is achieved by computing the num-
ber of sources of the unknown sample in a physical annulus
around each individual object of the reference sample, from
a minimum comoving distance r

min

to a maximum distance
r
max

. Our fiducial choice for the scales is from 500 kpc to
1500 kpc 7. In addition, each object of the unknown sample
is weighted by the inverse of the distance from the reference
object, which has been shown to increase the S/N ratio of
the measurement (Schmidt et al. 2013). We use the Davis
& Peebles (Davis & Peebles 1983) estimator of the cross-
correlation signal,
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data–random pairs, and W(r 0) / 1/r 0 the weight function.
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and N
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,
corresponding to the total number of galaxies in the refer-
ence sample and in the reference random catalog.

The Davis & Peebles estimator is less immune to win-
dow function contamination than the Landy & Szalay esti-
mator (Landy & Szalay 1993), since it involves using a cat-
alog of random points for just one of the two samples. We
choose to use the Davis & Peebles estimator so as to avoid
creating high-fidelity random catalogs for the DES Y1 source
galaxy sample (our unknown sample): the selection function
depends on local seeing and imaging depth, resulting in a
complex spatial selection function. We therefore decide to
use a catalog of random points only for the reference sam-
ple, whose selection function and mask are well understood
(Elvin-Poole et al. 2017).

Assuming the reference sample is divided into su�-
ciently narrow bins centered at z, we can approximate
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being Dirac’s delta distribu-
tion, and N
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where barred quantities indicate they have been “averaged”
over angular scales, reflecting the fact that we are using 1-
angular bin estimates of the correlation while weighting pairs
by their inverse separation. The proportionality constant is
obtained from the requirement that n
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(z) has to be properly
normalized.

In principle, the redshift evolution of the galaxy–matter
biases and of w̄

DM

(z) could be estimated by measuring the
1-bin autocorrelation function of both samples as a function
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w̄
rr,z =

π
dz0

⇥
b
r

(z0)n
r,z (z0)

⇤
2

w̄
DM

(z0), (4)

w̄
uu,z =

π
dz0

⇥
b
u

(z0)n
u,z (z0)

⇤
2

w̄
DM

(z0), (5)

where n
r,z (z0) and n

u,z (z0) are the redshift distributions of the
reference and unknown samples binned into narrow bins cen-
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the biases and w̄
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to be constant over the distributions,
they can be pull out of the above integrals. Knowledge of
the redshift distributions of the narrow bins is then required
to use eqs. (4) and (5) to estimate b

r

, b
u
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In our fiducial analyses we do not attempt to correct

for the redshift evolution of the galaxy–matter bias and of
the dark matter density field. Rather, we assume b
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and
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to be constant within each photo-z bin, and use the
simulations to estimate the systematic error induced by this
assumption. This choice is motivated and discussed in more
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(3) reduces to:
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where the proportionality constant is again obtained requir-
ing a proper normalization for n
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“Weighted” method: this method is a modified ver-

sion of the method described in Ménard et al. (2013), and
di↵ers from that of Schmidt/Ménard in how the 1-angular
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In the literature a variety of methods to recover redshift
distributions based on cross-correlation have been discussed
(Newman 2008; Ménard et al. 2013; Schmidt et al. 2013;
McQuinn & White 2013). The underlying idea shared by
all methods is that the spatial cross-correlation between two
samples of objects is non-zero only in case of 3D overlap.
Let us now consider two galaxy samples:

(i) An unknown sample, whose redshift distribution n
u

(z)
has to be recovered.

(ii) A reference sample, whose redshift distribution n
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is known (either from spectroscopic redshifts or from high-
precision photometric redshifts). The reference sample is di-
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correlation signal. This is achieved by computing the num-
ber of sources of the unknown sample in a physical annulus
around each individual object of the reference sample, from
a minimum comoving distance r
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to a maximum distance
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max

. Our fiducial choice for the scales is from 500 kpc to
1500 kpc 7. In addition, each object of the unknown sample
is weighted by the inverse of the distance from the reference
object, which has been shown to increase the S/N ratio of
the measurement (Schmidt et al. 2013). We use the Davis
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over angular scales, reflecting the fact that we are using 1-
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obtained from the requirement that n
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of redshift:

w̄
rr,z =

π
dz0

⇥
b
r

(z0)n
r,z (z0)

⇤
2

w̄
DM

(z0), (4)

w̄
uu,z =

π
dz0

⇥
b
u

(z0)n
u,z (z0)

⇤
2

w̄
DM

(z0), (5)

where n
r,z (z0) and n

u,z (z0) are the redshift distributions of the
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they can be pull out of the above integrals. Knowledge of
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In our fiducial analyses we do not attempt to correct

for the redshift evolution of the galaxy–matter bias and of
the dark matter density field. Rather, we assume b
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and
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to be constant within each photo-z bin, and use the
simulations to estimate the systematic error induced by this
assumption. This choice is motivated and discussed in more
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