Galaxy Mock Catalogs for the
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Mock catalogues

Mock catalogues:
theoretical conterpart to LSS observations

One meassurement?
- agree? 0.03
- detection?

. 0.025
Statistical answer,

need many realisations 0.02 |

Equivalent to repetition

of experiments 0.015 1

—  Error bars 0.01 -
- Covariance matrices
Account for: 0.005

— Cosmic Variance
- Systematics
Need 100s to 1000s:

- Unfeasible with N-Body sims.
- Need: Approximate methods




HALOGEN: description

HALOGEN (Avila et al 2015)
- A public tool to generate halo catalogs.
- ~103-> times faster than a N-Body Simulation.
- Designed to:
- Reproduce the Halo Mass Function
- Obtain the correct 2-point Statistics
- Consists of 4 steps: s i
1. 2LPT - pDM(i’) N-Body - HaloFinder i
2. Analytic Halo Mass Function - | M PRt Mo

L e

TR . i .
R e

3. Place halos stochastically | p Hocpa(lllwhalo)
ce ce

with correct bias:

4. Velocity bias. \7h :fvel(Mhalo> Vp




HALOGEN: Results
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Dark Energy Survey

A Photometric galaxy survey that will observe

- 5000 deg?
— 200 million galaxies up to z~1.4

Main target: constrain {w,,w,_}:
w = wp + (1 — a)w,
4 Dark Energy probes:

Baryonic Acoustic Oscillations
Type la Supernova

Cluster Counts

Weak Lensing

Also valuable many other
astrophysical studies (1601.00329)

Clusters
WL

SN
Combined




Dark Energy Survey

e |nternational Consortium

DES Collaboration: <./

~300 scientists from 28 institutions

SURVEY

BE= sA: Fermilab, UIUC/NCSA, University of
Chicago, LBNL, NOAO, University of Michigan,
University of pennsylvania, Argonne National Laboratory,
Ohio State University, Santa Cruz/SLAC Consortium,

~~Texas A&M University , CTIO (in Chile)

—| EJ=UK Consortium: UCL, Cambridge,
D EarnBurgh, Portsmouth, Sussex, Nottingham

- Germany: Munich

|+ émi‘;eﬂ-nd: Zurich

— Spain Consortium:
Braail Consortiam CIEMAT, IEEC, IFAE .
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Dark Energy Survey

International Consortium

Telescope: Blanco 4-meter teslecope
In Cerro Tololo Inter-American Observatory, Chile

Camera: DEcam

Photometry with 5 filters
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Dark Energy Survey

International Consortium

Telescope: Blanco 4-meter teslecope
In Cerro Tololo Inter-American Observatory, Chile

Camera: DEcam
Photo-z: 5 filters

5 years, 5000deg?
m<24 - z~1.4,

DES OBSERVING STRATEGY

200 million galaxies

-Far
[ DES (planned 5yrs) [EEE DES(SV) WM DES(Yl) B DES (Y2) DES (SN fields)
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Year-1 LSS sample

Year-1 LSS sample
 Optimised to get a BAO measurement with ~5% accuracy
« Trade-off between:

- Larger number density vs.  Higher bias & better photo-z

- Larger area VS. reducing systematics

e Selection:
- Completeness: 175 < m; < 22
- z-dependent flux: ™M < 19 + 32,y
- Red sample: (m; —m.) + 2(m, —m;) < 1.7
(Crocce et al. In prep.)




Year-1 LSS sample

« We aim at reproducing 4 properties:
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Year-1 LSS sample

« We aim at reproducing 4 properties:
- Footprint Photo-z distribution

Data
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HALOGEN: halo catalogs

e Clustering is fitted to a N-Body Simulation (MICE):

- At different snapshots

— As a function of mass

HALOGEN Mth=1.6e14 —— ] " /HALOGEN Mth=1.6e14 ——
MICE Mth=1.6e14 1 NB Mth=1.6e14

Mth=8e13
Mth=4e13
Mth=2e13
Mth=1e13
Mth=5e12
Mth=2.5e12

X
X
X
X
X

Mth=8e13
Mth=4e13
Mth=2e13
Mth=1e13
Mth=5e12
Mth=2.5e12




Lightcone

HALOGEN parameters interpolated at intermediate snapshots

 Observer placed at the corner of the box

e Lightcone from superposition of z-shells
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Lightcone

HALOGEN parameters interpolated at intermediate snapshots
Observer placed at the corner of the box [X,Y,Z] - [RA, DEC @

« Lightcone from superposition of z-shells
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Lightcone

HALOGEN parameters interpolated at intermediate snapshots

Observer placed at the corner of the box [X,Y, Z] - [RA, DEC, z ]

Lightcone from superposition of z-shells

MICE vs HALOGEN lightcone My,=2.5e12

Angular Clustering:

w(6)

E

z=0.5 MICE »
2=0.625 MICE “
z2=0.725 MICE
2=0.825 MICE *
2=0.825 MICE
z=1.0 MICE »
C z=0.5 HALOGEN
z=0.625 HALOGEM
[ z=0.725 HALOGEN
z=0.825 HALOGEN
- 2=0.925 HALOGENM
z=1.0 HALOGEN




Mask

e The mask does not fit in an octant

 We need to generate the mask from 3 patches




Mask

e The mask does not fit in an octant

 We need to generate the mask from 3 patches




Mask

e The mask does not fit in an octant

 We need to generate the mask from 3 patches




Mask

e The mask does not fit in an octant

 We need to generate the mask from 3 patches

TS

N
i A P A




Year-1 LSS sample

« We aim at reproducing 4 properties:

Footprint Photo-z distribution

9
8
7
6
5
4
3
2

Number density Clustering

0.0016 T T T T T T T 01 F

0.60<z<0.65
o]

0.0014
©
0.0012

0.001 |

0.95<z<1.00
0.0008 -

0.0006 -

0.0004

0.0002
0.6




HALOGEN lamps: photo-z

 Photo-z (z,,): Estimation of z ., (BPZ, Benitez et al. 2004)




HALOGEN lamps: photo-z

« Photo-z (z,,): Estimation of z;, (BPZ, Benitez et al. 2004)

e 8 photo-z bins (i) between 0.6 and 1.0
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HALOGEN lamps: photo-z

« Photo-z (z,,): Estimation of z;, (BPZ, Benitez et al. 2004)

e 8 photo-z bins (i) between 0.6 and 1.0

e P(z4i): the true z distribution within bins.
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HALOGEN lamps: photo-z

P(z_4|i) ~ gaussians with width o
s.=a/(1+z)

Add a gaussian error to the mocks

2= Zsa + A (1+2) - G(0,1)
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HALOGEN lamps: photo-z

e P(z,41) ~ gaussians with width o
e s.=0/(1+z)
Add a gaussian error to the mocks

th: erd + Ai ) (1+Z) ) G(O’]-)

Naive “cp” method: A =s.

1.4

— width of P(zph| z d)




HALOGEN lamps: photo-z

P(z_4|i) ~ gaussians with width o
s.=a/(1+z)

Add a gaussian error to the mocks

2= Zsa + A (1+2) - G(0,1)

p

Naive “cp” method: A, =s,
Optimised “opt” method:
— A = free

— mimimise:
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HALOGEN lamps: photo-z

P(z_4|i) ~ gaussians with width o
s.=a/(1+z)

Add a gaussian error to the mocks

2= Zsa + A (1+2) - G(0,1)

p

Naitve“ep”method: A =5,
Optimised “opt” method:
— A = free

— mimimise:

9
8
7
6
5
4
3
2
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method Sdata)
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Year-1 LSS sample

« We aim at reproducing 4 properties:
Footprint - Photo-z distribution
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HALOGEN lamps: n(z)

 We can select halos by mass,
with a M, (z), to tune the n(z)
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HALOGEN lamps: n(z)

We can select halos by mass, — Clustering?
with a M, (z), to tune the n(z) Wrong

0.60<z<0.65

HALOGEN: halos
Data

0.95<z<1.00

halos mean s
Data

0.1




HALOGEN lamps: HOD-HAM
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- Halos can host more than one galaxy

- More massive halos host more galaxies
— Massive halos overrepresented

— Model the 1-halo term ot gone here
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HALOGEN lamps: HOD-HAM

* Halo Ocupation Distribution (HOD) S5 areerte. -2

- Halos can host more than one galaxy

- More massive halos host more galaxies
— Massive halos overrepresented

— Model the 1-halo term ot gone here

A 1-param. HOD:
Nsat(Mh) = RPoisson (_

060<2<0.65
Assign M_,=M,

gal™
and retune M,.(2)

M, controls the bias:




HALOGEN lamps: HOD-HAM

« Halo Abundance Matching (HAM) Efo"m”;"zylof’c?j;‘{g‘;z”o’ Trujilk;—
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HALOGEN lamps: HOD-HAM

e Halo Abundance Matching (HAM) (Conroy06, Behroozi10, Trujillo-

GomeZ].l,GU016) 10® | e e e e e M B
* -

# GMC w/HI

- Reality:
Scatter between Mass and Luminosity

+ GMC w/o HIl

i L

(-]
TTT T 1T

Add scatter to mocks:
logM& = log M, + ~ - Ryauss(0,1)

Galactic Average

UM=4LgiMg

g Scoville & Good 819
[T T T O O T T A I T

104 10% 10°® 107

M, ~ proxy for Luminosity My (Mo)
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Mix of masses — mix bias
— reduce bias
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HALOGEN lamps: HOD-HAM

We adapt M, /y to bin-i 1 2 3 1 5 6 17 8

increase/deacrease the bias: logyo(Mj) 134 13.6 142 145 140 - — -~
~i ~ 26 2.6 3.5

!

W(eo)1 0.60<2<0.65 [, 0.65<2<0.70 [ 0.70<z<0.75 | 0.75<2<0.80

1
T

0.80<z<0.85

galaxies indiv. --\3
galaxies mean
halos mean -
Data

0[]




Y1-LSS sample: mock catalogs

« We aim at reproducing 4 properties:

Footprint Photo-z distribution
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Applications

e Optimise Metholodogy

e Gain Modelling Insight

 Estimate uncertainties




Applications

* Optimise Metholodogy: extracting BAO

From the original catalog
what is the best way to extract Xgao ?

- Binning (in 6, z,, ...)
- Space (0,1, k, C, ...)

— Fitting procedure / model.

— Test statistically in the mock catalogues

Answer: Sanchez et al. in prep.




Modelling insight

 Comparison with theory  @rom crocce11)

- Mean w(0) - Error Aw(0)

!
L ‘.‘:i ‘g
0.6<z<0.65 0.65<z<0.70 0.7<z<0.75 y

! ' 0.8<2<085 X 0.85<2<0.907

Y 0.75<z<0.8 0.6<z<0.65
0.90<Z<0.95"\»‘ 0.95<z<1.007 -3& I 0.8|<Z<I0.85| i .“
°,

L '0'. i

‘»‘ ‘»‘ 0.95<z<1.00
L) L)




Modelling insight

» Effect of photo-z

0.B<z4<0.85 ——
0.8<z,,<0.85 (cp)
0.8<z,<0.85 (opt)

L L 1 1 M|

0.1 1
8 (deg)

Cosm.Var. + HOD + Photo-z -------

 Error introduced by 0D+ Phoios
- Photo_z r Photo-z
- HOD
- Cosmic Variance




Estimating Uncertainties

* Error bars of clustering &(r)

* Eventually 25
[AY (9% 20t | Preliminary

Y1l Red Sample

151

e (h® Mpc?)

BPZ
Buzzard Mock
HALOGEN mocks

0 40 60 80 100 120 140 160
r(h ' Mpc)




Conclusions
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- 2-point statistics (P(k), &(r), &(s)) at large scales
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Conclusions

We need a new generation of approximate methods for the new generation of surveys
HALOGEN reproduces

- 1-point statisitcs (PDF, HMF)

- 2-point statistics (P(k), &(r), &(s)) at large scales
Dark Energy Survey: Power to constrain Dark Energy.
Observational galaxy catalogs HALOGEN-LAMPS:

- Mask Photo-z
- Lightcone HOD-HAM
Reproduce:
- Footprint P(z|i)
- n(2) w(0)
Applications:
- Model insight
— Methodology Uncertainty - Axgao!
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