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6M.Crocceetal.

Figure3.ThedistributionofLSSbench-marksamplegalaxiesovertheangularfootprintdefinedbyregionswithsurveylimitingmagnitudeinthei-band>22.5.
Thesampleisselectedtobefluxlimitedtoi622.5andhasameandensityof5.6arcmin�2.AlltheregionsconsideredprovideatleastS/N10measurements
forobjectsati-band=22.5.Thischoicebalancesconcernsbetweenusingthemaximumdepthandareapossible,asdescribedinthetext.Thex-axis(y-axis)
correspondstorightascension(declination)measuredindegrees.

tionsovertheCOSMOSfield,inwhichwecanmakeuseofthemea-
surementsfromtheACSinstrumentoftheHubbleSpaceTelescope
inthatareaasasourceof’truth’informationformorphologicalsepa-
rationofstarsandgalaxies(Leauthaudetal.2007),andalsotheDES
observationsthatoverlapwiththespectroscopicsamplesthatwere
usedinSánchezetal.(2014)(whichprovidetruthinformationbased
onthespectra).Thisdataallowustodetermineacontaminationlevel
of1.5%fromstars,withacutefficiencyinthegalaxysampleof96%
(forDESobjectswithi<22.5).Theimpactofstellarcontamination
onclusteringmeasurementsisdiscussedinSection6.3.

4.3PhotometricRedshiftEstimation

Apriori,differentphoto-zcodeswillleadtodifferentestimatesof
galaxyredshifts,whichthenwillpropagateintotheorypredictions
andeventuallyintothefittedparameters.Thereexisttwomainap-
proachesforphotometricredshiftestimation:templatefittingmethods
andmachinelearningones.Eachoftheseapproacheshavetheirad-
vantagesanddisadvantages,inparticulartheydependdifferentlyon
howthespectroscopicsetisused,whichcanbeusedfortraininga
machinelearningapproachortoderivefittingpriorsonthetemplate-
basedone.Theirdifferencesalsodependonthedistributionofthe
magnitudeerrors,thesurveydepth,theobservingconditionsandthe
galaxypopulationamongothers.

Adirectcomparisonofclusteringobservablesandderivedquan-
titiessuchasbiasbetweenthesetwoapproachesisagoodwayof
assessingtheimpactofphotometricredshiftestimationoncluster-
ingmeasurements.Toourknowledgethistesthasnotbeendonein
clusteringanalysesintheliterature.Inthispaper,weemploytwo

differentalgorithmstoestimatephotometricredshift:BPZ(Bayesian
PhotometricRedshifts),awellknowntemplate-fittingbasedmethod
(Benı́tez2000;Coeetal.2006)andTPZ(CarrascoKind&Brunner
2013,2014),ahigh-performingmachinelearningalgorithmforDES
data.

4.3.1TemplateFittingMethod

BPZ6comparesthebroad-bandgalaxyspectralenergydistributionto
asetofgalaxytemplatesuntilabestfitisobtained,whichdetermines
boththegalaxyspectraltypeanditsphotometricredshift.Thedetails
andcapabilitiesofBPZonearlyDESdataarepresentedinSánchez
etal.(2014),whereitshowsthebestperformanceamongtemplate-
basedcodes.TheprimarysetoftemplatesusedcontainstheColeman,
Wu&Weedman(1980)templates,twostarbursttemplatesfromKin-
neyetal.(1996)andtwoyoungerstarburstsimplestellarpopulation
templatesfromBruzual&Charlot(2003),addedtoBPZinCoeetal.
(2006).WecalibratetheBayesianpriorbyfittingtheempiricalfunc-
tion⇧(z,t|m0)proposedinBenı́tez(2000),usingaspectroscopic
samplematchedtoDESgalaxiesandweightedtomimicthephoto-
metricpropertiesoftheDES-SVsampleusedinthiswork.

6http://www.stsci.edu/⇠dcoe/BPZ/
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• The COSMOS Density Field: A Reconstruction Using Both Weak Lensing 
and Galaxy Distributions (Amara et al. 2012)
- MNRAS, 424, 553 (2012), arXiv: 1205.1064

• A New Method to Measure Galaxy Bias by Combining the Density and 
Weak Lensing Fields (Pujol et al. 2016)
- Submitted, arXiv:1505.05885

• Galaxy Bias from the DES Science Verification Data: Combining Galaxy 
Density Maps and Weak Lensing Maps (Chang et al. 2016)
- Submitted, arXiv:1601.00405

This talk is based on…
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Convergence vs. Shear

Shear 
= primary WL observable

h"i ⇡ �

The Kaiser-Squires (KS 1993) method:

̃(`)� ̃0 = D⇤(`)�̃(`); �̃(`)� �̃0 = D(`)̃(`)

D(`) =
`21 � `22 + i2`1`2
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Convergence 
= projected over-density

DM overdensity

(✓, ps) =

Z 1

0
d� q(�, ps)�(✓,�)



• The local bias prescription connects galaxy to 
dark matter locally 
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Local Galaxy Bias

�g = b0 + b1� + b2�
2 + ...

� = µ0 + µ1�g + µ2�
2
g + ...

• At large scales the linear local bias approaches the Kaiser bias

⇠g(r) = b2K(r)⇠(r)

!g(✓) = b2K(✓)!(✓)

Manera & Gaztanaga (2009)
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Building a Convergence Template

Template
(Linear constant bias)

Convergence 
= projected over-density

DM overdensity

(✓, ps) =

Z 1

0
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0
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galaxy overdensity
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Building a Convergence Template

Template
(Linear evolving bias)

Convergence 
= projected over-density
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Building a Convergence Template

Convergence 
= projected over-density

(✓, ps) =

Z 1

0
d� q(�, ps)�(✓,�)

More complicated 
models g,1 =

Z 1

0
d� q(�, ps)�g(✓,�)

g,2 =

Z 1

0
d� q(�, ps)�

2
g(✓,�)

 = µ1g,1 + µ2g,2

Build up a 3D 
bias map

Build up a 3D 
Dark Matter map
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Building a Convergence Template

Pujol et al. (2016)

In the linear-evolving case, 
we have tested the method 

to ~% accuracy. 

The discrepancy with 
Kaiser bias comes from 

stochasticity and the 
discrete nature of galaxies. 
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Practical Considerations:

• Shape noise

• KS conversion and masks

• Photometric redshift (photo-z’s)

• Galaxy sample

b =
1

f

h�0
↵,g�

0
↵,gi � h�0N

↵,g�
0N
↵,gi

h�0
↵,g�

0
↵i � h�0N

↵,g�
0N
↵ i , ↵ = 1, 2

Test with 
simulations

The Dark Energy Survey

Image credit: DES



Data and Analysis
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• Construct 3D grid for source and lenses

• n(z) for each bin from SkyNet

Source

Lens

Chang et al. (2016)



Data and Analysis

13

Chang et al. (2016)

• Make       and           maps on the 3D grid

• Cross-correlate and account for full n(z)

�i �i,g



Results
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Chang et al. (2016)

Kaiser bias



Summary and Outlook

15

• Combining Weak Lensing and Large-Scale Structure makes a lot 
of sense! 

• The main challenge is to understand the relation between Dark 
Matter and galaxies — i.e. the galaxy bias.

• For DES SV, we constrain the linear evolving galaxy bias using 
WL and LSS maps.

• Our methodology can be extended to more complicated galaxy 
bias models for future larger data sets.


