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Main goal

To generate galaxy mock catalogs for forth-coming galaxy redshift
surveys (DESI, Euclid, JPAS, LSST)
Challenge: large Cosmological Volumes with high-mass resolution

State of the Art

Predictive methods:
* ICE-COLA 1zard et al.
2016
% PM (FastPM) Tnard ot al. * PATCHY Kitaura et. al 2015

% Pure DM. FlagShip 2016 * Halo-GEN Avila et al. 2015

Calibrated methods
N-body simulations:

% Hydro-sims * PINNOCHIO Monaco * Log-normal Agrawal et al. 2017
2016, Minauri et al. 2016

* Peak-PATCH Bond, Myers
1996

Machine Learning appraoches

e.g. Blot et al. arXiv:1806.09497, Lippich et al. arXiv:1806.09477, Colavincenzo et al. arXiv:1806.09499
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Qo BiaS Assignment Method (BAM) (Balaguera, Kitaura et al., 2018, 2019; Pellejero, Balaguera,

Kitaura, et al 2020)

o Relies on the idea of mapping the halo distribution onto a dark
matter density using a non-parametric halo-bias

o Halo-bias calibrated to the 2-pt statistics of a reference.

A new calibrated method
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CosmicAtlas: The BAM approach

» BAM s designed to (iteratively) learn the statistical
halo properties from a reference N-body simulation.
Main ingredient is the halo bias, B = B(Nj,|©4qp,)
including stochastic and deterministic dependencies Halo-bias in different cosmic-web types

on the dark matter distribution (©4,y,) such as

® non-linear local DM

* long-range non-local DM: tidal field, shear
tensor

e short-range non-local DM: mass of
percolated collapsing regions

Mass of connected collapsing regions
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CosmicAtlas: The BAM approach

» BAM s designed to (iteratively) learn the statistical
halo properties from a reference N-body simulation.
Main ingredient is the halo bias, B = B(Np|®4,)

including stochastic and deterministic dependencies

Small MultiDark Planck Simulation:

400 Mpch71 cube with 38403 particles.

Halo-Mass resolution 2 x 108 Mg h™1
BAM:160° particles!

on the dark matter distribution (©4,y,) such as 10} _— :rs%o:jtj;,
® non-linear local DM » 104 * BAM Local
* long-range non-local DM: tidal field, shear K]
tensor 5 107
o short-range non-local DM: mass of 5
percolated collapsing regions 5 107
> DM field is obtained on a mesh with approximated 101
methods (e.g, ALPT or PM solvers) with 109
phase-space mapping using a down-sampled 107 107 10 10
white-noise from the reference simulation. Accuracy Number of halos
of 1 — 2% in P(k) 10
—— SMDPL Halos
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CosmicAtlas:

>

BAM is designed to (iteratively) learn the statistical
halo properties from a reference N-body simulation.
Main ingredient is the halo bias, B = B(Np,|©4p,)
including stochastic and deterministic dependencies

on the dark matter distribution (©4,y,) such as

® non-linear local DM

* long-range non-local DM: tidal field, shear
tensor

e short-range non-local DM: mass of

percolated collapsing regions

DM field is obtained on a mesh with approximated
methods (e.g, ALPT or PM solvers) with
phase-space mapping using a down-sampled
white-noise from the reference simulation. Accuracy
of 1 — 2% in P(k)

Proven accuracy against model-dependent
approaches such as Patchy (Kitaura et al.
arXiv:1307.3285) which includes stochasticity
and non-locality. Halo-bias is more complex

A. Balaguera-Antolinez (IAC) COSMICATLAS

The BAM approach

Small MultiDark Planck Simulation:
Patchy vs BAM
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CosmicAtlas:

>
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BAM is designed to (iteratively) learn the statistical
halo properties from a reference N-body simulation.
Main ingredient is the halo bias, B = B(Np,|©4p,)
including stochastic and deterministic dependencies

on the dark matter distribution (©4,y,) such as

® non-linear local DM

* long-range non-local DM: tidal field, shear
tensor

e short-range non-local DM: mass of
percolated collapsing regions

DM field is obtained on a mesh with approximated
methods (e.g, ALPT or PM solvers) with
phase-space mapping using a down-sampled
white-noise from the reference simulation. Accuracy
of 1 — 2% in P(k)

Proven accuracy against model-dependent
approaches such as Patchy (Kitaura et al.
arXiv:1307.3285) which includes stochasticity
and non-locality. Halo-bias is more complex

BAM has been proven to be in capacity to
construct ensemble of mock catalogs

COSMICATLAS

olk)IP(k)

(PPt (K))

10

10

10°

10t

. Mock Innsbriick 2020

The BAM approach

Reference: Minerva Simulation Grieb et al. 2012
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CosmicAtlas: The BAM approach

Error parameters from covariance matrix:
» BaM s designed to (iteratively) learn the statistical BAM vs Minerva simulations

halo properties from a reference N-body simulation.

Main ingredient is the halo bias, B = B(Np,|©4p,) -0.30 F 4
including stochastic and deterministic dependencies -0.45 F 4 :g;kbﬁd}ll{ealization 40
T : —BAM, Realization 150
on the dark matter distribution (©4,y,) such as &' -0.60 F . —BAM, Realization 220
® non-linear local DM
* long-range non-local DM: tidal field, shear 0.75 f B
tensor -0.90 1

e short-range non-local DM: mass of el
percolated collapsing regions R R

> 1.40

DM field is obtained on a mesh with approximated
methods (e.g, ALPT or PM solvers) with 1.20
phase-space mapping using a down-sampled
white-noise from the reference simulation. Accuracy
of 1 — 2% in P(k)

T T T T

1.00

V3

A\

0.80 B
> Proven accuracy against model-dependent
approaches such as Patchy (Kitaura et al. 0.60
arXiv:1307.3285) which includes stochasticity
and non-locality. Halo-bias is more complex

1.90 1.94 -0.90 -0.60 -0.30
by by

> BAM has been proven to be in capacity to
construct ensemble of mock catalogs

| Covariance matrices with ~ 2% accuracy in error

Balaguera, Kitaura et al.,arXiv:1906.06109
parameters of model P(k) (real space).
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How it works

Calibration

Input: Reference halo catalog and its IC (down-sampled) to learn bias.
Outputs: Halo bias, BAM kernel, Scaling Relations.

Sampling on new IC
Apply Bias and Kernel to new DM evolved from a new IC

Assign properties of DM tracers. Extrapolate to larger volumes

A. Balaguera-Antolinez (IAC)
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Calibration: iterative procedure

DM density field convolved with BAM kernel (first iteration: KC(k) = &3(k))

('04—1)

Sam =K ® 6l1pn (1)

Measure the dark matter properties (local and non-local)

Odm = {ddm, T — CWC, MkNoTSs, V — CWC},

Halo-bias: distribution of number counts conditional to DM-properties

Seells 1y, (N () TR, 1y, ({@atn (1)} )

B(Ny |©®dm) =
soleetis [TV 1 ({@4m () 1)

Sampling number counts
£
(Vo (0}~ B (M | Ol = 0L ()

Transfer function and Metropolis-Hasting (MH) selection criteria for kernel /C at each wavenumber k

wy PRt () (@) _ [Tk i MH =1 (@)
T (k) = W: w; (k) = 1 i MH =0, Ki (k) = H w (k)
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BAM’s flow chart:

IC: INITIAL

‘CONDITIONS
@ik
(O Qs

Volune, Myn,
Prin(ie])

BiasCal;
halo-bias B

HF: Halo Finder

Halo Sampling j - i(re
N, BN1O],)
KConv: Convolution with
BAM kernel

‘K,Update: Update BAM
kernel at the current
iteration a

LEMap: Lagrangian (q) to
Eulerian (r) mapping

LR (HR) : Low (High) Res- ;
olution

Assignment

~body solver
PSCalc: Measurement of
Power Spectrun P(|k|)

7T Calc: Calculate trans-
ter function 7 (|k|) =
Pt/ P (k)

©gn: Set of local & Non-
local properties of the
DM field
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i iref)

calibration procedure

Convergence criteria based on power spectra
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Calibration with the UNIT simulation

UNITSIM & BAM UNITSIM BAM
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Generation of new mock
(Mock Production)

Input from BAM:
Bias BV},

approximated method:

Apply bias and Kernel onto a new IC evolved with an

T TT1T] T T T T T TT1T] T T T 1111]
10t E
TF 1
< B i
=
5] L i
o
E - ,
X 1031 ﬁ
TI0F |
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{ num;gvrwg:m;" 102 b=t 11| L L I B I L L L1114
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BAM towards larger volumes

Extrapolation of the kernel to smaller wave-numbers allows to
generate larger volumes

Shape of the BAM Kernel (from the Minerva sims.).
Constant on large scales

Extrapolation to larger volumes (example with the UNITsim)

LT e e e e —
— BAM: Minerva+ALPT, CWC
BAM: Minerva+ALPT, No CWC

Balaguera, Kitaura et al., in prep

. E T T T
= [
S
T 0 BAM + UNITSIM
£ F (z=1, My =1x1012Moh"?)
; e ] 100f E
s F ] —
0.6f ] t~|4
] g
0.5 — ‘5.
F ] S
0aliiiul | Ll =
10? 10? 10° < 100k 4
k [AMpe '] Iy —— Reference (UNITSIM), V= (1 Gpch~1)?
BAM, V= (1.5 Gpch™1)?
BAM, V= (2.0 Gpch™)?
—— BAM, V=(2.5 Gpch™)*
Ideally, BAM can use one pair-fixed amplitude simulation e BAM, V= (3 Gpch™1)?
1 y 5 P r 2 L L 1
(i.g.l t;:;éN:;r'im) (Angt;]lo & Pontzurl) 22001168,)Cthu4ng 107 TR s L
et a , Villaescusa-Navarro et al. o .
; ) . kl(Mpc/h)~
reduce cosmic variance and obtain smooth kernels
on large scales.
=] (=) = E £ DA
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Halo properties

Reconstruction of Vijax and Halo-mass

V- function UNITsim Reference
~
10+ 3
o
~ H g
Fuefs <
S Bl
o S
Vinax Reassigned 3 2a
oo Reference °
18 23 1 1 1 1 1 1 1
D T P T T T 120 122 24 126 128 DO B2 Ba
Vinax [km/s] log10(M[Mo/h])
M- function UNITsim Reconstruction
10
_
10 Qe
13
o Rt
B3 . 3
T ol . £
2 ash
e M Reassigned W 8 2l
* Reference 1 L
oo L PE] i L
107 107 100 104 120 17 24 126 128 DO B2 DA
M[Mo/h) l0g10(MMo/h1)

Use Vinax as main mass-proxy (Cheng Z. et al. 2016;

Zehavi et al. 2019)

Vmax 9 P(Vmax|©dm)

Other properties can be assigned from reference scaling
relation
M -~ P(M|Vmax; ©dm)

Rs ~ P(Rs|M, Vinax, ©am) - - -

A. Balaguera-Antolinez (IAC)
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BAM applied to hydro-simulations

BAM H-Sim

Gas density mock, averaged over Y axis

o Gas density, averaged over Y axis

100

*Th=*Mpc]

. ' ® Towards cosmological
. g2 | volumes with gas
e | properties

2lh~*Mpc] 2Ah~*Mpc]

mH\ number density mock, averaged over Y axis HI number density, averaged over Y axis. . .
* Mock catalogs with gas-properties by
learning from hydro-simulations and

extrapolating to larger volumes.

. . * Example Hydro-simulations with (SPH)
E u f .« code, (GADGET3-OSAKA) (Shimizu et
‘;m ‘;w al. 2019, Aoyama et al. 2018)

* BAM replicates Gas temperature,
o » Hl-density

Zh~IMpc] 2h~"Mpc]

Simulation provided by K. Nagamine (Osaka Univ).
Kitaura, Sdnchez, Nagamine, Balaguera, in prep
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Summary

Why BAM for mocks?

o BAM captures (almost) all properties of halo-bias.
o Speed: few (~ 50 — 80) iterations for calibration. For 5003 (1603%)
mesh, iteration takes ~ 30 (~ 5) secs (8 cores).
o Calibration does not depend on the accuracy of the approximated

gravity solver with respect to N—body DM clustering.

o Accurate covariance matrices for clustering of dark matter haloes.
Pushing towards the same precision for galaxies.

A. Balaguera-Antolinez (IAC)

COSMICATLAS. Mock Innsbriick 2020

DA
10/3/2020  13/13



	anm0: 
	0.99: 
	0.98: 
	0.97: 
	0.96: 
	0.95: 
	0.94: 
	0.93: 
	0.92: 
	0.91: 
	0.90: 
	0.89: 
	0.88: 
	0.87: 
	0.86: 
	0.85: 
	0.84: 
	0.83: 
	0.82: 
	0.81: 
	0.80: 
	0.79: 
	0.78: 
	0.77: 
	0.76: 
	0.75: 
	0.74: 
	0.73: 
	0.72: 
	0.71: 
	0.70: 
	0.69: 
	0.68: 
	0.67: 
	0.66: 
	0.65: 
	0.64: 
	0.63: 
	0.62: 
	0.61: 
	0.60: 
	0.59: 
	0.58: 
	0.57: 
	0.56: 
	0.55: 
	0.54: 
	0.53: 
	0.52: 
	0.51: 
	0.50: 
	0.49: 
	0.48: 
	0.47: 
	0.46: 
	0.45: 
	0.44: 
	0.43: 
	0.42: 
	0.41: 
	0.40: 
	0.39: 
	0.38: 
	0.37: 
	0.36: 
	0.35: 
	0.34: 
	0.33: 
	0.32: 
	0.31: 
	0.30: 
	0.29: 
	0.28: 
	0.27: 
	0.26: 
	0.25: 
	0.24: 
	0.23: 
	0.22: 
	0.21: 
	0.20: 
	0.19: 
	0.18: 
	0.17: 
	0.16: 
	0.15: 
	0.14: 
	0.13: 
	0.12: 
	0.11: 
	0.10: 
	0.9: 
	0.8: 
	0.7: 
	0.6: 
	0.5: 
	0.4: 
	0.3: 
	0.2: 
	0.1: 
	0.0: 


