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Motivation

Scale dependence of halo bias can be a powerful probe of cosmology,
potentially testing the initial conditions (e.g, Dalal et al. 08; Slosar et al. 08;
many others) or the nature of gravity (e.g, Parfrey, Hui & Sheth I I;Lam & Li [2).

Problem is, halo bias in vanilla LCDM is also scale dependent due to
the nature of Einstein/Newtonian gravity (e.g, Chan et al. | 2; Baldauf et al. | 2).

Analytical predictions traditionally rely on excursion set approach and
“peak-background split” argument. Recent work on excursion sets
with correlated steps (see Marcello’s talk) shows that scale-
dependence is expected even in the initial conditions.

We explore this here.

Caveat: Everything in this talk is Lagrangian!
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Outline

*Fourier space versus real space

*Scale dependence from random walks

*(Detour: Excursion Set Peaks)

*Numerical tests and comparisons with N-body
simulations
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Traditional estimates of bias

bi(k) = Punl)

Prm (k)

where Pun(k) = (8;7), Pum(k) = (8%) and Phm(k) = (8nd).

These typically show scale-dependence ~ k? with constant value at large scales,

usually compared with “peak-background split”
(Kaiser 84; BBKS 86; Mo & White 96)

with halo mass function f(d.; m).

Estimates beyond linear bias require measuring higher order correlations (e.g.,
quadratic bias requires bispectrum) and/or assumptions regarding locality/stochasticity/
scale dependence.
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From Fourier space to Real space
Peak-bg split argument works in real space. Not immediately obvious why/how this
should be compared with Fourier space measurement.

Consider a toy example:
0o(k) = 0(k)W(kRo) ; dn(k) = b(k|m)o(k)W (kR)

with m oc R® and W (y) = eV /2

Natural real-space definition of linear bias could be b(m, Ry) = (ndo) /¢ 85 ). Then,

b(k]m) = blo(m) — b(m,Ro) — (Sx /S())bl()

[So — /dlnkA(k)W(kR0)2 - S, = /dlnkA(k)W(kR)W(kRo)] AP & Sheth |2

So even constant Fourier-space bias will lead to scale dependence in real space.
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Real-space bias from random walks

Excursion set approach makes the peak-bg argument rigorous (Mo & White 96).

Calculation proceeds by writing a conditional mass function
f(5(57 m‘507 RO) — f(5C7 8’507 SO)
and then Taylor expanding. [S = /dhﬂ’fA(/Yﬁ)W(kR)2 ; m o< R

For random walks with uncorrelated steps f(dc, s|do, So) = f(dc — do,s — Sp) SO
Taylor expansion precisely recovers peak-bg results provided Sp < s.

Two issues:
(I.) We'd like to compute cross-correlations, not Taylor coefficients.
(2.) We'd like to use random walks with correlated steps.

It’s possible to do (1.) alone.
But it’s easier to do (1.) and (2.) simultaneously.

Musso, AP & Sheth |2
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Scale dependence from correlated steps

From Marcello’s talk we know an accurate analytical first crossing distribution

v=0c/vs; x ~walk slope : |
v = (zv) ~width of power spectrum . gaussian |

( 52) Gaussian with mean p
T — U; : .
bG - and variance Y.°

o In(10) y f(y)

eV /2 1

fums(v) VT ”YV./() dxxpg(a:—fyy;l_,yZ)

/’¢pﬁm%m (Musso & Sheth 12)
0 24

which also leads to an accurate conditional distribution

ﬂWMZA m%ﬂ@mm

In(10) yf(y)
o
-
In(10) yf(y)

Musso, AP & Sheth |2

0.5
1g(y = 602/3)
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Scale dependence from correlated steps

M AP & Sheth |2
Define (pnldo;So) = f(v|00;50)/f(v) usso, AP & Shet

Cross-correlation (pndo) = /d50p(;(50;50)50 (pnldo; So) is anmalytic, and has nice
properties:

eStructure of linear bias
b1 = (pndo ) /So = (Sx/So)|bio + €xbi1]
Wher’e €Ex — QdIIlSX/dIIIS , b10 = —(‘ﬂnf/aéc ] 50611 = V2 — (Scbl()

e Interpretation of €

Suppose that in Fourier space: b; (k) = big + (k*s/07)b1y [af = /dmkA(k)k?W(kR)?

Then in real space: b; = (S /Sg)[b1g + €xb11]
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Scale dependence from correlated steps

M AP & Sheth |2
Define (pnldo; So) = f(v]60;50)/f(V) usso, e
Cross-correlation (pndo) = /d50pG(50$50)50 (puldo; So) is analytic,and has nice
properties:

e Extension to nonlinear bias

by = SO_”/2 <,0th((5o/\/ S0) > has similar properties:

b, = (Sx/So)" Z (7;) bnr€t, wWhere b, = ! (— 0

) f, and linear relations
r=0 aBC

between b,,,

N
eSuggests simple measurement prescription b, =S, n/2 Z H, (00;/+/So)/N
1=1

e Peak-background split is the large scale limit of Fourier-space bias, and can be
recovered from finite scale measurement using linear relations.

e Extends to Excursion Set Peaks with same structure, different details.
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Detour: Excursion Set Peaks
Mass Function

eConstant threshold: B = o, (Appel & Jones 90)

m [ x
— dz 2 F >
fesp (V) v ) A () (2, v) —— i

- P fus(v)

x = peak curvature; F(x) = BBKS curvature weight; V+ = characteristic peak volume

AP & Sheth |2
e“Moving” threshold: B(o) [02 -~ 8]

fosp(v) = / " de (@ - 4B') Flz) pla, BJo)

B IEV* % vB’

o“Ellipsoidal” threshold: B = §. + o with stochastic 3

Frsp (V) = /dﬁp(ﬁ)fEsp(Vlﬁ) AP, Sheth & Desjacques |13

m 1

— v %/dﬁp(ﬁ)/ﬁ7 dz (z — Bv) F(z) p(z,v + B)
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Detour: Excursion Set Peaks
Bias

Bias calculation is identical to that for traditional excursion sets, but keeping track of
barrier stochasticity.

E.g., linear bias is given by

5. — (Sx> fdﬁp(ﬁ)Bl,ESP(V7€X|ﬁ)
cVl —

So J dBp(B) fesp(v]B)

where AP, Sheth & Desjacques |3
m \ e—(+8)7/2
)

« 2 [T e @ - B F@pate - 87— i1 —7?)
TV J gy

By s (v, €| 8) = (

< vl +8) - (1- e
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Numerical tests:
N-body simulations

bn = 53" ( puHa(00/V/50) )
Measurement:

e Find all N halos in mass bin (m, m + dm)
* Choose Sy (i.e., Ro)

N

e Estimate, e.g.,, by =S Z 80i /N
1=1

AP, Sefusatti, Chan et al. |3
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Numerical tests:
N-body simulations

bn = 53" ( puHa(00/V/50) )
Measurement:

e Find all N halos in mass bin (m, m + dm)
* Choose Sy (i.e., Ro)

* Estimate,e.g., by =S,

AP, Sefusatti, Chan et al. |3
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Numerical tests:
N-body simulations

bn = 53" ( puHa(00/V/50) )
Measurement:

e Find all N halos in mass bin (m, m + dm)
* Choose Sy (i.e., Ro)

e Estimate, e.g., by, by and reconstruct by, bag

AP, Sefusatti, Chan et al. |3
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Numerical tests:
PINOCCHIO

bn = 53" ( puHa(00/V/50) )

Measurement:

e Find all N halos in mass bin (m,m + dm)

e Choose 5y (i.e., [p)

e Estimate, e.g., by, by and reconstruct by, bag

AP, Sefusatti, Chan et al. |3
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Conclusions

* Random walks with correlated steps predict scale-dependent Lagrangian bias.

* This extends to excursion set peaks (ESP) calculations too.

* A simple prescription leads to measurements in simulations that are directly
comparable to the analytical prediction.

N
by = S5 "% > Ho(00i/\/So) /N
1 =1

* ESP makes accurate predictions for linear and quadratic bias coefficients.

* Measurement prescription is a fast, useful consistency check for “semi-analytic”
algorithms (we tested PINOCCHIO).

Still to do:

* Scale-dependence beyond density
* Predictions for Eulerian bias
* Relevance for observations (?)

Thank you!




