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Introduction

Halo Bias
e Bias: unfair selection "'%-v

- halo field is a biased sampling of the density
field 6 = bS = pn=kpm + (1—b)py

- depend on all variables that can modify the
sampling: multivariate

b(M,c,e, j,tr,...)

- Previous works: marginalized dependences
* Univariate: well studied (M)
b(M) = /b(M,c,e,j,tf,,...)dP(c,e,j,tf,...)
« Bivariate: detected “assembly bias”
b(M, c), b(M,j), b(M,ts)...



Method

Efficient bilas measurement

 Ensemble estimator of bias
» Correlation function: average density profile

Enm =< Op0m >
—< 0,,|h >

e individual bias estimator
B(r) = 0m(r)/Emm(T)

= b=<p>



Result

Single-variable dependence
b=<p>

: : | | R | | ﬁ | I
12 14 0.5 1.0 1.5 0.00 0.05 010 0.15 0.4 0.6 -0.75 -0.50 -0.25 0.00 0 1 2
log(Myir/M o h 1) Vimax/Vvir J e logay log(1l + be)
Mass Concentration  Spin Shape Formation Environment
Time

My > 105 M /h (500 particles)
Data: LCDM simulation, 307273 particles, 600Mpc/h box



Result

te dependence
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Result

Bivariate dependence

o 48 = Gaussian Process Regression
R | -, e non-parametric fitting of
< N 2 multi-dimensional data
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Result

Residual dependence and
multivariate estimators
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Result

Residual dependence and
multivariate estimators
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Result

Residual dependence and
multivariate estimators
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Result

Assembly History Dependence

g-oa— s —+ -+ -+ .
=] -
S
-0.8- y=014 - y=0.11 . LT y=0.12 + " y=0.12 -
l|2 1|" 'lla'- l|5 Dl'S OIB 1II.':I 'll" llf- 1IE 'lIB IIIC|IDD o E!'25 1} II!E.D 0. II!TE a ]I.DIII 1] 1|25 1] 1|50 i ]l.]‘E- Dla’- III|5 DIE Dl?
log(Myir/Mgh™?) Vimax/Vuir J e
35{ — blawa) f :z ) — blVantVi) * Primary formation time
Lo T B 2] S 3'5_ — Eiﬁ _"’w;f‘"vir’ dependence for early-
| \\ =t forming haloes
2.5 3.0 =~ )
% ,;?’f -Ez 5 \\ - * maX/Vvirls a |055y prOxy Of
2.0+ i a < N . .
/ S oo \ formation time (and
15 / . \ mass)!
S S 4 Lo N. B « Spin and shape biases
ds o To 12 1¢ 1s 18 35 The  oa 32 are not

Vman/Vir |.;-_,g3]_|.2



Result

MAH dependence

Early-forming haloes: extra
dependence on recent MAH
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Qf : the scale factor when the halo is a fraction f of its final mass



Result

The density profile dependence
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Result

One environment to rule them all
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Conclusions

* Mass, concentration (formation time), spin, shape are
non-redundant bias variables

- Bias depends mostly on mass at high mass,
- mostly on (recent) formation history for early-forming halos
- Lowmass lateforming halos care more about spin and shape.

 Vmax/Virjs @ lossy proxy of formation time, while spin and
shape are different

* The environment around halos captures most of the bias
dependence on halo structure

- Defined at as small as 1~2Mpc/h scale



Modellable Bias

Summary
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Bias scale
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Method

Gaussian Process Regression

* Fitting Gaussian random field to maps—constrained Gaussian
random field

- A Gaussian random field: the joint PDF of the values at any field points are
multivariate Gaussian

— Characterized by correlation function
- Can almost match anything - universal fitting tool

2 2 /

1l ; 1 ¥
s 0. s 0 ,
g ' /\ g
3 : -
o . . o

B \/ \J : _1k/

2 —20\F

-5 0 5 -5 ) 5

input, x input, x
(a), prior (b), posterior

b(x) ~ N {glf.‘l'l Cr-—"]_ g(x) ~ GP (0. K(x,x")) —» Elglx")|b(x)] = K(x", x)[ K(x,x) +£]_le



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17

