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Extending Hybrid Models of structure formation

Exploring the information content of bias approaches

Marcos Pellejero Ibainez (mpelleje@roe.ac.uk) on behalf of,
Jens Stucker, Matteo Zennaro, Francisco G. Maion, Rodrigo Voivodic, and Raul Angulo.
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w(q) = 1+ bé(q) + by [6%(q) — (6°)]
+05, [s%(q) — (s%)] +bg., V()

See Modi, Chen & White (2020)
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Model

Zennaro, Angulo, MPI et al.
(2020)
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Advection + Velocity assignment : -,E
1+d3(z) = [d’qu(q) op(z — ¢ —¥*(a))
; (Matter particles
° = velocities?
Y (2:) = ¥(¢:) + 5 | velocites

Redshift Space Distortions  Real space

Bianchini (2018)
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First step: averaging over masked velocities Gl .; |

/Ny 4

— Velocities from ’ 7
N-body velocities collapsed objects -




Second step: include the missing velocity scatter A S

p(vz) = (1 = faa)Op(vz) + farexp (=Av;)

5tFrOG = Oty *2 ((1- fsat)5D(Sz) + fsat €Xp (—/{FOGSZ))
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PES(k, i) = Py(k, p) | (1 = frat) + frar——2

A FoG
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In a nutshell .,g
Advection + Velocity assignment + velocity dispersion (FoG effect) ‘
Real Space Central Distortion Central Distortion, Afog = 0.3h/Mpc and fsa = 0.7

Pellejero-lbafnez et al. (2021)



Does it work?
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Second extension: Gaussian .
Lagrangian galaxy bias



Weighting scheme?

[ N-body } [displacements

weighting?
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e Important points: R
o Measure bias function / Understand through probability theory 74
o Formulate math independently of perturbation theory
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o Can we use this beyond perturbative regime? E
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Galaxy environment distribution

qy [Mpc/h]
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Stuecker, MPI, et al (2024)
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Measuring the bias function
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Stuecker, MPI, et al (2024)

linear density field

p(5]9)

f(d)

1 === p(6)
o hist. 6
hist. 6[gal.]
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Measuring the bias function:
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Stuecker, MPI, et al (2024) M = 5e13 [Msun/h]



p(6]g), kp=0.40, 0=1.32
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=== plo) —— lin. bias
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p(g|o)/p(9)

Stuecker, MPI, et al (2024) M = 5e13 [Msun/h]



Measuring the bias function: Multivariate case '~ 4%

p(6,L]|9) f(é,L)

pdf normalized probability

M = 2e14[Msun/h],
Stuecker, MPI, et al (2024) kd=0.2[h/Mpc]
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Notes

e Lagrangian bias function of haloes is very well approximated by a
Gaussian

e This is so, even far beyond perturbative scales e.g. atk, = 0.4 h Mpc -

e Difference to expansion models is most extreme for highly biased objects
and small scales

However...
e If we fitted a Gaussian at one scale, is it valid on larger scales?

=> Have to understand of bias function



Scale dependency of the bla&

Stuecker, MPI, et al (2024)
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Scale dependency of the bias function
F(60) = (f(d + o))
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Conclusions

Gaussian Lagrangian Bias

Never worse than quadratic bias

Can describe full fields with scale independency up to k = 0.2 h Mpc'
May describe p(0|g) to even much smaller scales

Important property f > 0 => Can be used with probability theory
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Thank you!
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Based on Peak Background Spllt

e — 1 8" ng (RN <p(g|5)> Ay <p(5lg)> q
N ™ ngo "aeN Tg,0 p(9) p(0)
Q e )
_ /(19 \ V)
LbN B <( p(9) ) >}
Expectation Expectation
value value

by = (p;fg))m)pw)dﬁ (~1)" [(l6) g8 < (- (57) s

Integration
by parts



Bias measurements
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For a finite number of tracers

(N)(§.

_ N _1 P (4;)

by = (_1) Ngal Zgalaxies p(5;)

The bias parameters are expected values of derivatives w.r.t. the density
at the galaxy positions. This is independent of the bias function. We can
measure the bias parameters without assuming any bias function. Since
the probability of the density is a Gaussian in Lagrangian space:

p™M N Hn(5/0) _ <HN(5/0)>
4 by —
= (ISR ey = (R0

o
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(3) Relating models & measureme&sf s

{up, 0p, Np }—>{bo,b1,b2} Gaussian bias ,

{Co, C1,C2 }—*{b(), b1, b2} Expansion bias

To match the model to an observed distribution it has to lead to
the same bias parameters

aN moae
< a]:sNdl> = by
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Specific modelling

e Expansion bias

1:b0:CO—i—Cl<5>—|-Cg<52>:CO +620'2 3
by =Cl+202<5> = C § feXp(5)21+b15+§b2(52 _0-2)
bz = 262
e Gaussian bias , . y
- Jb - b%—b2 —0
1 = by = Nyv/2mo, b,
My = 5 Y AR
) bl _ % — . by —bo ) > fgaus (5) T4 Nb exp (_ (52:217) )
1 b
2_0.2 0.2 ex
by = H— N, — p<z<b%—bz>>
\/l—b%02+b202




£(6) = p(d]g)

Measuring the bias function — p(6)

p(o|g), kp=0.15, 0= 0.65 bias function f(5)
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Stellar Mass sel. galaxies
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p(dlg)
SFR sel. galaxies f0) ==
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Wasserstein metric 6,
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The scale dependence of the bias function

M = 5el3




The scale dependence of the bias function

f1(d1)

= J (s

p(84]5,)d8,

Assumption:

Peak-Background

split

f(5875l)

— f((;s)




The scale dependence of the bias function

f1(6;) =

Corresponds to a convolution with a Gaussian!
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M = 5el3

kqg= 0.05
kq= 0.10
kq= 0.15
kq= 0.20
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Assumption:

Peak-Background

split

f(ds,01)

— f(5s)




The scale dependence of the bias function Assumption:

Peak-Background
f1(8) = [ £(8,)p(5:]81)dd, it
£(80,81) = £(5,)

e Limit of large scales + sharp k-filter:

F(50) = / F(6)p(8 — 56)8

= / f(0+ do)p(6)dd
= (f(8+ b))

e Call F “renormalized bias function”




Separate universe experiments
F(6y) = 2




o . F(d9) = (f(6+ o))
Renormalization of expansion

| 1
find f so that: Fquad(50) =1+ b10¢ + 5[?25(2)



o . F(d9) = (f(6+ o))
Renormalization of expansion

| 1
find f so that: Fquad(50) =1+ b10¢ + 5[?25(2)

Ansatz: 1,
fquad(é) =co+ 10+ 5625

1
Fquad(60) = <c0 +c1(8 + 8o) + 562(52 + 2660 + 53))

1
fauad() = 1+ b16 + §b2(52 - 0%)



Renormalization of Gaussian Bias

(I call this a 2nd order

. 1 2
find f so that:; log Fgaus - B16O + Eﬂzéo “cumulant expansionu)



Renormalization of Gaussian Bias

_ 1 (I call this a 2nd order
find f so that: log Fgaus - ﬁl&() + §ﬂ26(2) “cumulant expansionu)
i 2
Find: ; 2 (‘2731;) B2 (45 +9)
= e
gaus ‘/1 +ﬂ20'2 2(1 +ﬁ20'2)
B1 = by
B2 = by — b3

Important result: Gaussian bias has simple renormalized form!
-> As easy to use as second order expansion



