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Perturbation theory (PT) calculation
of Large-scale structure

Single-stream approximation of cosmological Vlasov-Poisson system

Resummation
1490 — 0
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EFT treatment
V@ =47 Gpy,d & bias expansion
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Statical calculation is easy to do analytically

Many realizations are not necessary (c.f. N-body simulation)



Grid-based PT calculation ?

Taking observational systematics (survey mask & geometry) into account,

* Mock galaxy catalog construction

* Covariance estimation Analytical PT calculation
¢ ceases to be tractable

Still, PT approach is useful in constructing mocks:

Peak patch, PThalo, Pinocchio, HALLOGEN,
Patchy, EZmock, ...

(Bond & Mayers '96; Scoccimarro & Sheth '02; Monaco et
al.’02; Avila et al.’ | 5; Kitaura et al.’ 14, |15; Chuang et al.’ | 5)

... particle-based methods using Lagrangian PT [y e areuky

Q Is there grid-based method using standard PT (SPT) approach ?

If we can exploit such a method, is it useful ?



Generating standard PT on grids

How can we generate higher-order density fields on grids ?

506) = 8,(x) + 55(x) + 83(x) + -

In conventional approach,

We f‘rst go to Fourier space, and use the

Linear density field

Going to higher-order, this is computationally costly

Grid-based calculation up to 3rd order (Roth & Porciani’l |, Tassev’|4)



Real-space recursion formula

We can exploit a real-space counterpart of SPT recursion formula

Real-space recursion formula (AT, Nishimichi & Jeong '18, Tobias’ talk )
o(x) = Z (D4 )" 0n(z), O(x)= _avﬁvf = Z (D1 )™ On(z)

Linear order (n=1] Dy :Linear growth factor

din D, (a
01(x) = 601(x) = dp(x) random field fla) = dln+a( )
Higher order (n>2) u=V(V70)

5n(213) 9 n -+ % 1 \n—l (V5m> *Up—m T 5m en—m
( On () ) - @ra3)n-D s n Jm=1 \ [0;(®m )r]|Ok(Un—m);] + tm - (Vbr_m)

Making use of FFT, RHS can be evaluated quickly

C++ code: GridSPT (will be made public)



GridSPT: projected density field

AT, Nishimichi & Jeong (’18)
Gaussian filter of R=10 h-'Mpc (depth: h-'Mpc)

Ngrig=5 123
- 01(x) Lbox= 1,000 h-'Mpc

n=| v/

T 250 300
x [A~1Mpc]




GridSPT: projected density field

AT, Nishimichi & Jeong (’18)

Gaussian filter of R=10 h-'Mpc (depth: h-'Mpc)

St 52) 5

n=2

T 250 300
x [A~1Mpc]




GridSPT: projected density field

AT, Nishimichi & Jeong (’18)

Gaussian filter of R=10 h-'Mpc (depth: h-'Mpc)

- 01(x) + 6,(x) + 65(x)

n=3

T 250 300
x [A~1Mpc]




GridSPT: projected density field

AT, Nishimichi & Jeong (’18)

Gaussian filter of R=10 h-'Mpc (depth: h-'Mpc)

- 01(X) + 0,(x) + 03(x) + 04(x)

n=4

T 250 300
x [A~1Mpc]




GridSPT: projected density field

AT, Nishimichi & Jeong (’18)

Gaussian filter of R=10 h-'Mpc (depth: h-'Mpc)

- 01(x) + 6,(x) + 03(x) + O4(x) + 65(x)

n=>5

T 250 300
x [A~1Mpc]




N-body: projected density field

AT, Nishimichi & Jeong (’18)
Gaussian filter of R=10 h-'Mpc (depth: h-'Mpc)

I\lparticle= I ,0243
- e 1,000 b Mpe




GridSPT vs N-body: ID slice

AT, Nishimichi & Jeong (’18)

High density

x=341 h~Mpc x=341 h~'Mpc
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GridSPT: Statistical calculations

Can be made similarly to
analytical PT, but at field level

—— SPT (analytical) A

z=1

Power spectrum

Pl—lOOp — Pll + (2 P13 + P22)
Ngria=5 123 GridSPT (1-loop) P2—100p = P+ 2Py5 + Py)

2LPT

Lbox=1,000 h'IMPC o GridSPT (2-loop)
N—body +(2Pis+ 2Py + P33)
2LPT
GridSPT (tree)

o GridSPT (1-loop)

Bispectrum
(equilateral)
Btree =3 B112

B _1oop = 3Bj1a+ 3 Bj14+ 0By
+B)),)

AT, Nishimichi & Jeong (’18)



GridSPT: Statistical calculations

0

Can be made similarly to

—— SPT (analytical) y .
RRE  analytical PT, but at field level

z=1

Power spectrum

Pi_1oop = P11 + (2 P13+ Py)

Ngria=5 123 GridSPT (1-loop) P2—100p = P+ 2Py5 + Py)

2LPT

Lbox=1,000 h'IMPC o GridSPT (2-loop)
N—body +(2Pis+ 2Py + P33)
2LPT
GridSPT (tree)

. GridSPT (1-loop)

Bispectrum
(equilateral)
Btree =3 B112

J B _10op = 3 Bj12 + 3 Byj4 + 6 Byy;
GridSPT averaged over 50 runs
+B)7))

0.0 0.1 0.2 0.3 04 0.5



Applications

GridSPT allows to
* generate higher-order random fields on grids very quickly

* provide a basis to compute statistical quantities

(using the same grid-based measurement code as in N-body data)

¥

A face-to-face comparison with N-body simulations

> Measurement/calibration of EFT parameters (Tobias’ talk)

A quick generation of a large number of realizations, also accounting
for observational systematics (e.g., survey mask)

» [Covariance estimatiora




Covariance estimation

~ Proof-of-concept study taking account of survey masks ~

e Lbox =512 h"'Mpc, Ngig=2563

|
* Artificial survey window function : W(x) = {
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GridSPT covariance is compared with N-body results with 104 runs



Non-Gaussian covariance

2
ki k) = — {P(k)}* 8 +
-COV(’ % Ni{ 0 . Trispectrum

/

Can be decomposed into covariances of SPT power spectra:
(Pll’P12’P13’P22’ )

= cov[P(k), Py (k)] + 2 cov[P,(k)), Py (k)] + 2 cov [Py (k), P3(k)]
il s ])

| 3 .

Covariance estimation in GridSPT

|. Measure SPT power spectra P,,, P,,, P,3, P,,, -+ in each realization
2. Evaluate cov [P,(k), P k)] from many realization data

3. Sum up these contributions in the right way



Covariance estimation

e cov(ky, k) (AT, Nishimichi & Jeong in prep.)
FKys Kp) =
\/ COVgim(ky, kp)covgn(ky, k) Local mean subtracted
Sphere |
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Covariance estimation

k..o cov(k,, k) (AT, Nishimichi & Jeong in prep.)

AUSTE =

o \/ COVgim(ki, k)COVim(ky, k) Local mean subtracted
Sphere |
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Covariance estimation

e cov(ky, k) (AT, Nishimichi & Jeong in prep.)
Pk, Kp) =
\/ COVgim(ky, kp)covgn(ky, k) Local mean subtracted
Sphere |
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Covariance estimation

cov(k;, k,) (AT, Nishimichi & Jeong in prep.)

r(kla kz) —
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Covariance estimation

cov(k;, k,) (AT, Nishimichi & Jeong in prep.)
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Covariance estimation

k..o cov(k,, k) (AT, Nishimichi & Jeong in prep.)

AGUSTE =
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Summary

GridSPT: FFT-based code to generate density field on grids in

standard perturbation theory: demonstration & application

Generating density fields in SPT calculations to 5th order,

* Demonstration: morphological & statistical properties
compared with N-body simulation & 2LPT

* Application: covariance calculations with survey mask
(trispectrum at |-loop order)

Other possible applications

* Mock catalogs
* Reconstructing initial density field

Incorporating field-level EFT & bias expansion is easy & straightforward



