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Willian d Assignies The redshift calibration challenge

- gl

« Photometric surveys: we are measuring a bunch of 2-points correlation
functions (3x2) for different bins

—

 To infer cosmological constrain, we need to model these measurements.

@Jessie Muir

« Akey ingredient is the redshift distribution.

MagLim

«  We need to estimate them, their uncertainties, and marginalise to avoid

biasing cosmology.
Redshift distribution of source bin i \/ /
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- 3Qno X &l -X WL sources
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* Requirement on z-calibration: 00 02 04 06 08 10 12 14 16
* Euclid: the mean-z of every tomographic bin: 6, = 0.002X(1 + z) HIEHSAILS J. Prat, 2022

« Additional req. on the 2"d moment, but not “official’ req.
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» Here, GGL and GC, 3 scenarios:
* True-z, and no-z-uncertainty (green)
* Mean-z bias and z-uncertainty (purple)
* Mean-z bias and no-z-uncertainty (blue)

1.00 : l | . : ,
- - SkyNet (6z2=0) —0.5 == SkyNet (6z2=0)
0.951 —  SkyNet—0.05 (5= free) — == ShyNGESL:(E (02 fea)
...... SkyNet—0.05 (52 =0) v SkyNet—0.05 (62 =0)
0.90 | —1.0L Planck 2015 (TT + low TEB)
0.85|- | ) K
S S _15| ]
0.80}- | :
0-751 7 2.0l i
0.70|- |
0.65 ' : ' ' , _20550 0'55 0'60 0'65 0'70 0'75 0.80 0'85 0550 0.95
0.25 0.30 0.35 0.40 0.45 : . : : : : s : : 2
_ 0.5
Qn, Sg =03(%,, /0.3)
(a) (b) S. Samuroff, 2016



Two main methods:
« SOM (self organised maps)
 Cz (clustering-redshifts)

Combination of the two methods for DES

The two methods for Euclid



KIDS: H. Hildebrandt 2020, A. Wright 2020

William d’ Assignies . .
3 TWO maln methOdS o DES: G. Gianninin 2022, A. Alarcon 2022, A. Campos 2024.
. ) Euclid: W. Roster in prep
1-Self Organised Map in mag (SOM)

* SOM: a machine learning technique, to

categorize N-Dim vectors into a 2D map  Trained with a calibration sample (spectroscopic, or

high quality photo-z like COSMOS)

» Photo-z: dimensions are fluxes, gal. with

similar fluxes (and so z) are ‘close’ in the SOM * These calibration samples are not complete nor

representative
 Crucial step of re-weighting this calibration sample
’ with the WL one. (Deep survey)
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DEC

 In DES: The product of the SOM calibration is a set of n(z) realisations
whose overall variance span all the uncertainties included in the

Sample Variance

[ Deep Field Area

RA

SOMPZ methodology:

Self-Organised-Maps: uncertainties
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Two main methods:
2- Clustering redshifts

A photometric galaxy sample is spread over a large redshift range

Idea : Correlate it with many spectroscopic samples at different —z, compare
random expectation (RR)

Galaxies are tracing the DM field, so we measure the fraction of photo-gal. that
are tracing the same DM field as the spec-gal.
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2- Clustering redshifts

* A photometric galaxy sample is spread over a large redshift range

* |dea: Correlate it with many spectroscopic samples at different —z, compare

random expectation (RR)

Two main methods:

Dec

* Galaxies are tracing the DM field, so we measure the fraction of photo-gal. that

are tracing the same DM field as the spec-gal.
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Two main methods:

« SOM (self organised maps)
* Cz (clustering-redshifts)

Combination of the two methods for DES

The two methods for Euclid



e G. Bernstein, M. Troxel, A. Amon,
e SOM x Cz B. Yin, A. Alarcon, W. d’Assignies <Q/
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* In DES: SOM calibration = a set of n(z) realisations whose overall 31
variance span all the uncertainties in the SOMPZ methodology: -

1 -

o il

0.0 0.2 0.4 0.6 0.8 1.0

 Idea of SOMXx Cz: Assign to each of these realisations a Cz likelihood, and 100000 | W Bin 0 BOSS WZ ‘
select the best !
75000 A
Subset of SOM n(z)
Big set of SOM n(z) with high-Cz L 220007
0L—
{ni(2)}y —— L (n;| Cz) — {n]- (z)}j -60 -50 -40 -30 -20 -1

Evaluate and select the log(L(CZ))

best subset
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Cz Likelihood

* One can model Cz :

Wmod(2i) = Mp(2i) bs(2i) bp(2i) wam(2i) (

G. Bernstein, M. Troxel, A. Amon,
B. Yin, A. Alarcon, W. d’Assignies
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e . . G. Bernstein, M. Troxel, A. Amon,
R d Aegnie Cz leethOd B. Yin, A. Alarcon, W. d’Assignies

* One can model Cz :

/7 - h \\ ’ -~ RS
/ \ / \
Wmod(2i) = np(2i) bs(2:) bp(2i) Wam (2:) (1(+ > Sys,. k- 8k,> ﬂz Mk - Pk
\ k / \ k V4
7/
b S o —_— o - ~ S o — s d
Systematics Magnification

* One can write the Likelihood of our Cz given an,(2) :

e TS 1
L(Cz|nyp) &= /ds dp éjxp (—§(wsp — wmod)TZSp(wsp = wmod)) p(s)p(p)

~
~ -

Marginalisation over sys. and magn.
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e . . G. Bernstein, M. Troxel, A. Amon,
e A Cz leethOd B. Yin, A. Alarcon, W. d’Assignies <Q/
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* One can model Cz: o _
~ \ - =~ ~ N
\
Wmod (2i) = Mp(2:) bs(2:) bp(2:) wam (2:) 1'-|- ZSyS k- sk’ -HZ 2k * Pk
/
\ ~o _ — -~ / \ - d
Systematics Magnification

* One can write the Likelihood of our Cz given an,(2) :

e ~ 1
L(Cz|nyp) &= /ds dp élxp (—§(wsp — wmod)TZSp(wsp = wmod)) p(s)p(p)

~

N—_

Marginalisation over sys. and magn.

-

* Since sys and magn parameters act linearly, one can solve analytically Sys(z, 8) = Zak Pi(u(2))

* Numerically very fast. a=s,p),
¢i = wwz(2i) — n(zi) br(2;) wpm,

1 A= ( (n(2)b(2;) wom(2i) ax Pe(u(z:)))ix | Mk )

1 — a=A'SgA+ 3,
£(Calny) o< ol Fexp (31— 7 a7+ 9) )

'y=cT-sz~c+,un-Zq-,uq. 8
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. . DES sources
e Prior on the nuisance parameters s of the No systematics Conformity Unknown bias
Sys(z, s) are estimated in simulations (075: 125 1075; 1251 (075, 125]

Sys(z)

Sys(2)

» If independant systematics, add them ———
linearly : Sys(z, s) = }.; Sys (z, s_i) !

Sys(z, s) = Z ax Pr(u(2)) sk
k
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* 4 DES source bin.
 Top panel, n(z) generated with the SOM
 Bottom, n(z) generated with the SOM, with high- Cz- Likelihood.
« Remove fluctuations and individual n(z) are -smoother-

— 3sDir

34 —— 3sDir+ BOSS and RM WZ

@

@

SOM and WZ joint constrains:

G. Bernstein, M. Troxel, A. Amon,
B. Yin, A. Alarcon, W. d’ Assignies
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William d'Assignics Redshift uncertainty marginalisation for cosmology <Q/
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* The results of the SOM x WZ is a set of n(z) realisations.
« Computationally we can’t sample each realisation at each step of the inference process _ A

* Need to explore the photo-z uncertainty thought a reduce small set of parameter. I
 Usually it us a ‘shift and stretch " model. (simple but brutal)

=
Z

» Idea (DESY6): Use Principal Component Analysis to extract a set of orthogonal modes = = &, * = =
that capture (most) of the variations within the set of n(z).

« MCMC: sample mode coefficients A;:

0.400~ modes
0.375 - shift & stretch

0.350
0.325 —
£
n(z) = ny(2) + Z A, .e(2) S 0300
5 0.275 —
0.250

Y3 2x2ptdata

. 0.200 —
G. Bernstein, M. Troxel, A. Amon, 0.72 074 0.76 078 0.80 0.82 0.84

B. Yin, A. Alarcon, W. d’Assignies 56.0:500 11




Two main methods:

« SOM (self organised maps)
* Cz (clustering-redshifts)

Combination of the two methods for DES

The two methods for Euclid



William d'Assignies Clustering redshifts and future surveys ” eUCL-C]

Past:
e BOSS/ eBOSS. DES bin 3 with

BOSS Cz
Future: i}
» DESI (north),
« 4MOST(south), “ "2

R.A. [deg]

Euclid Hea (both)

Dense Samples for 0 <z < 18 @Antoine Rocher
QSO covering 1 <z < 3.5
3000 - [—1 BOSS
DESI BGs
2500 - [—1 DESI LRGs

—1 DESI ELGs
[ Euclid NISP-S

2000

Photometric : Euclid and LSST:

- Challenging requirements!

1500 A

ngaI/dZ [deg‘z]

[
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o
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Redshift zgye

o
o
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np(Zi) X wsp(eizi)/ fm(H,Zl-)

DES:

Kids:

Euclid:

Newman, 2008, 2-10 Mpc /
S. Schmidt, 2013, 0.003-3 Mpc (30-300 kpc

B. Menard, 2013, 0.003-3 Mpc

M. Gatti, 2017, 0.5-1.5 Mpc

C. Davis, 2018, 0.1-10 Mpc

M. Gatti, 2022, 1.5-5 Mpc

R. Cawthon, 2022, 0.5-1.5 Mpc

J.L. Van der Bush, 2021, 0.1-1 Mpc

K. Naidoo, 2022, 0.1-1 Mpc

Clustering redshifts and scale choice

‘Systematic errors introduced by violating the
assumption of linear bias are out- weighed by an
improved SNR for r <1 Mpc’

Constant Bias Evolving Bias

#(z)

redshift

Schmidt, 2013

Mocks based on Millennium and Las- Damas simulations.

3 parameters HOD, different biases scenario.

13



William d'Assignies Impact of scales and biases (1/2)

* The ansatz is the following: two samples in the same z-bin. “ngy(z) = —
Az
Sample a
» (Cross-correlation: wgy, (rp,zi) ~ b, X by, X&, R
1
» Auto-correlation : w,, (Zl-, rp) ~ bZx¢&,, -np(z) = A
* For clust-z, we don’t want the biases : —Yab_~1
Bac®s Sample b

v

* For clust-z, very small scales ~ 1 Mpc or even smaller and we used linear
biases...

BOSS x Photo Euclid DESI ELG x Photo Euclid 10t Spectro Euclid x Photo Euclid

=
@
=)

10* 10t

* 1stidea: Use Flagship simulation, a and b

into small redshift bins and measure the ratio

10° 10° 10°

Ip in Mpc

for each bin, for different r,

N
S

=
N
)

-
o
15

=
o
4

o
©
N

4
©
S

1
1.1 1.2 1.3 1.4
Zj

VWOaaWpb

14
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Impact of scales and biases (2/2)

Q: is this ‘real” or coming from the MOCKs

«  We used the public DESY3 ‘lens’ samples : Maglim (blue and red) and
Redmagic. (red)

* We removed the Redmagic galaxies which are part of Maglim

4

THE DARK
ENERGY SURVEY

- Maglim bin 3

- Maglimbin4 |
i
\

Imag — imag

15
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Impact of scales and biases (2/2)

Q: is this ‘real” or coming from the MOCKs

«  We used the public DESY3 ‘lens’” samples : Maglim (blue and red) and

Redmagic. (red)

* We removed the Redmagic galaxies which are part of Maglim

Pearson coeff: Nap(rp)

(l)ab T . .
* We report : ng, (rp) = () (X C,, correction due to n(z) mismatch)
waa(rp)wpp(rp)
3
M-red x M-blue M-blue x RM
2 - —+— bo
11
.0 1
9 -
M-red x RM M-full x RM
81 — b0 — b0
—+ bl —+ b1
77 —+— b2 —— b2
—— b3 —— b3
6_ T oo T T T T T T T T T T T T T T T T T T T Trororrrg T
107! 10° 10t 107t 10° 10t 107t 10° 10t 107! 10° 10!
rp in Mpc/h rp in Mpc/h rp in Mpc/h rp in Mpc/h

=

[}

o

o

=

o

4

THE DARK
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- Maglim bin 3

4 - Maglim bin 4 .
\

*  We detect under-correlation for red x\

blue for r < 1 Mpc/h

We detect over-correlation for two red

samples for r < 1 Mpc/h

This indicates that the effect exists!

k We decided to discard r < 1 Mpc/h /

15




William d’ Assignies Results with our new pipeline for Euclid i euc‘ic.l

0.020 1 1 1 1 1 1 1 1 1
i i i i i Euclid requirement
0.015 1 i i i i i —|— Previous work with FS1 Main dﬁerences:
oow0] _.mrmclEe—lil |t SSMwith our pipeline and FS2 o FS1> FS2 (400> 1000 sq.deg)
003 7 + i i i S : i i i o Estimator for pair count
o 0.005 1 I I I I 1> q I I I
g - ! ! ! + ! Lot ! ! ! o scale range and weighting
N I I I I I . 40 | I
‘? °-°"P ‘“‘+"'+“:“+'"+"rH+++--r*-H-+--rh -PWHit\tt-rﬂ+-+--r++i{+--r - o n(z2) fitting
N _0_005\_. . i i ¢ i i @ ’ i ‘\i i i o do not combine samples of
QU + : : + K@ ! A ¢ | ! different spec. tracers (LRG,ELG...)
0010 I~ <! | Q | | 1 o o photo bias correction
l ‘| l l l l 7| l l
~0.015 - ! :\ ~._ ! ! Lt | L o How do extract the mean-z form the data vector
| I I I I S i i i
e S

Tomographic bin ID

The new Cz pipeline fullfill the Euclid requirements !

17



William d"Assignies (new SOM pipeline for Euclid ) i eUCL-d

+ William Roster, phd (Max Planck Institute)
working on SOM for Euclid.
* He has a similar story:

* My results on the Cz pipeline for Euclid:

0.020
EucI|d reqmrement
0.015 —|— Previous work with FS1 & -0
vo10. : | i — SSM W|th our plpellne and FS2
. 1 1 1 1 1
i i i i i i .
» 0.005 1 1 1 1 1 1
 ni i#ﬁdﬂwitﬁ% . ++ +
T ooeor- ""F'{"{T +++"I' LI T * *b + #ﬁ
e 1 1 1 1 e
R A R <.,;\\‘*\ |
1 1 1 1 L) 1 |
1 1 1 1 1 1 + |
Y A Q\\ R
i i i '& i i i i i
S A
i i i i i i i i i
_0020 . 1 . 1 . 1 1 1 . 1 1 . 1 . 1 . @
1 2 3 a 5 6 7 8 9 10 8
Tomographic bin ID

The new pipelines fullfill the Euclid requirements !

We can start thinking about the SOM x Cz! s
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(2) = (Z)true

0.020

0.015 4

0.010 1

0.005 4

0.000 1

—0.005 -

—0.010 -

—0.015 -

—0.020

Conclusion !

LSST, Euclid redshift calibration are challenging and crucial

SOM methods: Direct use of photometry, high-z range, flexible systematics mitigation,
but needs a representative redshift sample, limited by sample variance

Cz methods: Insensitive to photometric systematics, sample variance, but limited by the z

range and the sky coverage of spec-samples, sensitive to clustering systematics.

Using both, through a direct combination or consistency checks.

William d’Assignies, Cz for Euclid

1t

H

i+e

Euclld reqwrement
—|— Previous work with FS1
—|— SSM wnth our plpellne and FS2
1 1

L &
§+++ 4 Wﬂ #+++ e ﬁi{ W-

\\ ' l l |
&

I

William Roster, SOM for Euclid

1

2

3 a 5 6 7 8 9 10
Tomographic bin ID
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The redshift calibration challenge éeuclid

- Precise measurements requires precise redshift ca
 Precise measurements requires precise redshift calibration

+ Unbias cosmology requires unbias redshift calibration * Unbias Cosm()logy IeqUiLes unbies tedshift calbr

* Requirement Eﬂ z-calibration: . * Requirement on z-calibration:
* Euclid: the mean-z of every tomographic bin: 6, = 0.002%X(1 + z) . L ' 14
. Additional req. on the 2d moment, but not ‘official’ req. Euch.d.. the mean-z of every tomogtaphic bir
- Additional req. on the 2" moment, but not

80000 [ Euclid tomographic bins

70000 A

60000 - JJ-l-L

50000 A

30000 A

ngaI/dZ [deg_z]

20000 -

10000 A

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8

(z); = [ dzny(2) X z



n,(2)

n(z)

v

Two main methods:
2- Clustering redshifts

A photometric
sample with
unknown n(z)

Spectroscopic

samples in small z-
bin

 The angular 2-pt cross-correlation is:

wsp(8,2) = [ dzny(2) ny(2) (856p),,,
~ np(Zi) (655p>3’zi

* Assuming 0, = b6,
wsp(erzi) ~ np(Zi) X by bp $m(0,2;)

* Two cases:
o Neglecting biases evolution:

ny, (Zi) X Wsp (07 Zi)/ fm (9' Zi)
o Measuring biases with auto-correlations:

wsp(erzi)
Az \Jwss (6, 2;). wpy (6, 2;)

np(Zi) —



Impact of scales and biases (2/5)

2.0 A
What we measure (at best) is the product of the 161 " 2specsamples |
¢ ( ) d the ratio Wab e Non-constant ratio
rue n(z) an Lo 9167
V waawbb é: 1.4 -
3 1.2 ST
, , , . . , \‘.% 1.0 - 'I' ............................................
Some ‘toy model’ of ‘catastrophic failures’ : 3,
« If the ratio is z-dependant (decreases with z): °¢
0.4 +— T T T T T
* If we combined two spec-samples into one > > o > o >
spec sample, with two values for this ratio.
© —— True n(2)
=51 ---- 2 spec samples
) . . < Non-constant ratio
 From a true n(z), assuming this ratio to be 1, T4
we would at best measure some biased n(z). 2 5]
=2
1 .

0.5




Impact of scales and biases (3/5)

=

euclic.l

* Idea: Use Flagship 2, ‘realistic mocks’, split into redshift bins with n,(z;) = ny(z;) and
measure the ratio for each bin, for different T

rp in Mpc

10!

100° |

107!

9

simulated
BOSS x Photo Euclid

Wap

VWaa®@pb

(r,, z;) = 1. (indeed what matters is to have a constant ratio)

simulated
DESI ELG x Photo Euclid

simulated
Spectro Euclid x Photo Euclid

Pr. limip, ary

0.2

0.3

10!

100

Pr. elimip, ary

100° |

Pre/iminary

1.2 1.3 1.4 1.5
Zj

1.60

1.40

=
IN]
o

=
-
o

r1.04

F0.97

- 0.90

wab/ WaaWpp

(high redshift very good \

* ELG and BOSS stong over-
correlation at (very) small scales

 BOSS under-correlation at scale
1-8 Mpc but probably ok since
not a clear redshift evolution.

* Even if linear bias not true.

\1< 1, < 6 Mpg, the ratio is zl'/
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Future Euclid work:

 FS2, Cz for Euclid we will fulfil the
requirements, so let’s wait the data

(?!)

(2) = (Ztrue

—0.010 A

—0.015 A

0.020

0.015 A

0.010 A

0.005 A

0.000 A

—0.005 A

—-0.020

e Some caveats...

N

i i i i i Euclid requirement

: : : : ! —— Previous work with FS1

i i i i i —— SSM with our pipeline and FS2
PR TR SN FYANE SUPR SN SFITI S S

__t__*__:h ______ E.20 _:Ff_ttt_:F__9¢¢_:F_“tt_:“‘_’_t"'__:F,.¢‘_¢__:r9¢____:rwi_

IR R : e : : :

| | | | | e g ! |

AR

| | | | | | i | e
D T T T T

Tomographic bin ID

* TB, photo-z bias measurement (w,,,,) assuming LSST Y10 photometry...

* No interlopers in the Euclid spec-z (last two bins)

« Higher z TB ?

* DR1, what spectroscopic samples ?

uc‘ic.l

31



N

euclic.l

»
»

Future Euclid work:

n,(2)

* Interlopers :

* Clustering with the spec-z bin 1 Z
e Clustering with the line interloper ) Spec-z cut
-Z CU

* Clustering with noise interloper }

g

S ~ Lineinterlopers

noise
v

* DR1, not a lot of spectroscopic samples: Z
need to find other methods. N

» Typically in DES subsample with a
qualitative photo-z. More complicated.

~
N

—

%]
<

Wpyp(2)  J dz 11y, (2) 1y(2) Em(2)
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Callibration at high-z : QSO <’/

TTTTTTT
EEEEEEEEEEEE

* From DESI, we will have 200 * But still possible, eg. 700 deg2 of DES x eBOSS (scales 1-

QSO per deg2, 1/3 at z>2.1 15 Mpc...) up to z=2.2

 Q and challenges since density » With DESI, one might go up to z=3.
Bin 1, <z> = 0.85

is low. In theory what matters Bin 0, <z> = 0.54
. 307 —— BOSS+eBOSS (Irgs+elgs) | ]
is the total number of spectras. 7| | T o o0
i
‘ S,
5, = “': } North o *
g ) & Q.’xg t South c . ’b& A
~ ' ‘el
g 2 v::‘ ! i ] \\® /*\ * *
Q lxx‘ m&k 00l \Q/ .............. Y ++ \.\1...|/'.\.\\|. - .4. 11
o1 ' ' ' '
0 Bin 2, <z> = 1.07

00 05 1.0 15 20 25 30 35 40 45
Redshift

Figure 20. dN/dz for North and South regions.

DESI : arXiv:2208.08511v2 =
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Finding the optimal scale range

We consider the n(z) for 3 estimators (colors, bias correction), but with only one scale: n,(zlr,) =
We plot the RMS of An = n,pq5(2) — Ngye(2) , SNR and y?(reduced so ~ 1)

Thin lines: 5 sky realisations. Solid: their mean.
Colors are different estimators, correcting the gal-bias(es)

—=- (M1): spectro bias
Mid-z

(M5): spectro and photo biases J
High-z

[— (MO): no bias correction

Low-z

10° 10°

& (W 10-14 - 10-1 4 e

107t 10° 10t 107t 10° 10t 107! 10° 10t

10t 4 1014 -

107! 10° 10t 107! 10° 10! 107! 10° 10!

_/\/\/\/\/\/W N
] —— 27

= /
w o NE PO,

Wsp (rp' Zi)

Az (l)ss(rpyzi)wpp(rplzi)

°/The SNR peaks around 1 Mpc (except l\b

low-z but bad y? = systematic).

» [t appears necessary to correct at least
for spec-z (M1), and always better to
correct both

* For M1 and M5 the y* ~ 1 between 0.1

data wrt simulation = conservative

10I’1 160 10! 107! 10° 10! 1071 10° 10!
rp in Mpc rp in Mpc

and 10 Mpc.

* Potential additional systematics with
33
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Optimal weighting

* Based on previous test we fix the scale range to be 1-5 Mpc

(why 5 and not 10: (i) SNR is decreasing with scale so in practice little impact

(ii) r>5 Mpc are used for clustering, lensing, so keep our study independant, avoid cov-matrix)

* Small points: sky realisations. Big points: their mean

RMS of An

W(o) « 6
— W(O) =1
— W(B) xf71
v (M1) with W,
*  (M1) with W,
m (M5) with W,
+ (M5) with W,

Low-z Mid-z High-z

0.30 0.10

0.14
0.28 0.09 -
0.26

0127 0.08 -
0.24 - . ., * Y, o xy
0.22 - ' 0.10 1 e Dy . 0.07

* & .
0.20 . 0.06 -
ve 0.08 - - .
0.18 - :
* 0.05 *
. &
0.16 - ‘v . y e
’ 0.06 - . 0.04 .
0.14 .
; ; ; ; ; ; ; ; ; 0.03 - ; ; ; ;
6 7 8 9 10 11 13 14 15 16 17 24 26 28 30 32
SNR SNR SNR

We want to be in the bottom right region (low-std-dev and high-SNR)
Inverse weigting is the best (darkred ).
Two possibility for weighting: W,, is better than W,

We also see at high-z the increase of std dev when neglecting the photo bias (M1 vs M5)
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How to measure the redshift evo of b, (z)

D n(z) of the photo sample

» For a discrete and "‘perfect’ redshift bin (top plot), 4

1
(l)pp (Z) == b (Z)Z(L)DM (Z) — * T o&s o0 ors o7 a7s osn ods i

» Photo-z: not possible to s?llt the sample into discrete redshift bins with a : e ——
certain width (bottom plot)

for w,

* |dea: Measure the n(z) of the subbins with clustering redshift again and
correct it

 Bin width correction:

Wpp (z) = bp (2)?wpm(2) i 0.91 : Eest :IE naivi correction
, , . 08 est TIt exact correction
* 'DES' Y3 correction: %71 —— TruezAz=0.05
2 2 0.7 - --+- Photo-z Az= 0.1 bin width correction
wpp(z) =bp (z) ‘”DM(Z)I dz n(z) ' Photo-z Az=0.1 DES correction
o I\/Iine (’exact’ Correction ) 0.6 - Photo-z Az= 0.1 exact correction
° Q
Q.
wpp(#) = by (2)? [ dz1dzy0(21)0(22) wpm (21, 2) S 089
0.4 -
Caveats: the photo-z needs to be good enought such that 0.3 -
the redshift variation accross the subbins is negligeable. 024




Bias correction scheme

 Here we used the shifted-stretched fitting, conclusion are similar for GP
* We plot the mean z (6z) and shape (s) biases for different bias corrections

0,020 Low-z 0,020 Mid-z 0,020 ++++ High-z
MO
0.015 - 0.015 0.015 + j EM 1;
0.010 - 0.010 0.010 - M2)
f "
N 60051 00054 4" 0.005 - H Y* +++ ¥ + (M3)
© | MR TR T t
0.000 - 4’#*##****##%# ———————————————————————————————— 0.000 Y LI o 0.000 +H,++ (M4)
~0.005 —0.005 ~0.005 - (M5)
Euclid requirement
-0.010 -0.010 -0.010
1.10 1.101 1.10 -
1.05 ll 1.05 4 1.05 ¢¢%4’ i
LA
00 442t s Y] | 00 ddcberee e + ' \ ALY b i o T Y S
o ﬁﬂ* i i 'I'ﬂ.HI il A **fh YT o L L
0.95 0951 ¢ 0.95

0.90 A

0.90 ~

0.90 A

* MO: without bias correction: excluded for mid-z and high-z
 M1: spec-z bias correction only is ok for low-z and mid-z, not high-z

M5 using the true-z to measure the photo-bias—> sim only, best case possible

M3 and M4: spec-bias and photo- bias with the mehodology presented (2 choices, story of binning)
M3 and M4 similar performance than M5 at high-z (M3 slightly better)
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Bias correction scheme

* Same plot but with suppressed GP
e Same conclusion, with bigger errorbars

+ B 4 ©

GP fitting
(MO)
(M1)

(M2)
(M3)
(M4)
(M5)

Euclid requirement

0.020 Low-2 0.020 Mid-2 0.020 High-z
GEJ 0.015 A 0.015 - 0.015 - HHT
T;;‘ 0.010 A 0.010 A " 0.010 A +H +++
~  0.005 - + + + 0.005 ¢ ++ +H++ +#++ # 0.005 A H ++
1 oo .*++++++++ +++++ ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, il ++++
\I\i ~0.005 ~0.005 A ~0.005
Y o o] vos]
S %)
&l H{f HHHH HH ool b ool it A
S A ot T T e
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Another way of visualising the photo-bias impact

Photo x BOSS with wsp/V Wss Photo x ELG with wsp/V Wss
10* + 1.6 10* - 1.6

1.0

10° - 0.8 10°

Ip IN MpC
Ip IN MpC

- 0.6

- 0.4

- 0.2
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n(z)

n(z)

3.0

3.0

2.0 1

1.5 1

1.0 1

0.5 1

0.0 1

--- SOMPZ
25 - ") —— WZ eBOSS QSO

--- SOMPZ
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SOMPZ

25 - WZ eBOSS QSO

--- SOMPZ
—— WZ eBOSS QSO
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Redshift z

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
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Pearson coeff: Nap(rp)

. n(z) measured with clustering-z
Impact of scales and biases (3/3) with eBOSS (large scale) ’

WaplT; . ) z LL‘\ZéA/ N N
We report : ng,(r,) = as(7p) (X C,, correction due to n(z) mismatch) == ¥ - —
Jwaa(rp)wbb("p) m:
M-red x M-blue M-blue x RM 01 w‘m W\/H—ﬁ
_|_ bO 0:4 Ojﬁ 018 le Ol:l 016 0:8 1.‘0
—+— bl Zspec Zspec
—— b2
. —+= b3 i * We detect under-correlation
i TM- """ for red x blue for r <
1 Mpc/h
M-red x RM M-full x RM
—— b0 —— b0
—— bl —= bl -
b2 b2 We detect over-correlation for
S A (ot O ) A | I 0 two red samples for r <
1071 10° 10! 1071 100 10t 1071 100 10t 1071 100 10t
I, in Mpc/h rp in Mpc/h rp in Mpc/h rp in Mpc/h 1 MpC/h
» This indicates that the effect
exists! We decided to discard
0.5 0.5
o WithCn=(fdzn‘21€m) (fdznlz)fm) kr< 1MpC/h /
de Ngnpém
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Correction to Pears-coeff

WaalWpp

Bias ratio:

_ (Jazng &m)"°(Jdznf £m)””

C
n J.dZ71anb€n1
1.00
0.95 1 '
' L —l - |
0.90 A
\
0.85 A _
0.80 A
—— M-red X M-blue b0 —— M-red x RM b0 —— M-blue x RM b0 M-full x RM b0
0.75 —— M-red x M-blue b1l —— M-red x RM bl —— M-blue x RM bl M-full x RM b1l
' ——— M-red X M-blue b2 ——— M-red X RM b2 ——— M-blue x RM b2 M-full x RM b2
—— M-red X M-blue b3 —— M-red X RM b3 —— M-blue x RM b3 M-full x RM b3
0-70 T T AL | T T T T T T T T T T T T T M | T ML | T T T T TOTTTTTT T T
107! 10° 10! 1071 10° 10! 1071 100 10! 100 10!
rp in Mpc/h rp in Mpc/h I, in Mpc/h rp in Mpc/h
2.50
V wrr/wrmrm V wbb/wrmrm \/ wmagmag/wrmrm
2.25 l b0 - bo
1 —+ bl —+ b1
2.00
—= b2 —— b2
1.75 1 —+= b3 —+— b3
1.50 A
1.25 -
1.00 A
0.75 A
0.50 .

101 10° 10!
r, in [Mpc/h]

107t

100 100
rp in [Mpc/h]

107!

100 10t
rp in [Mpc/h]

100 100
rp in [Mpc/h]
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THE DARK
ENERGY SURVEY



