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Research overview

® Gas-rich dwarf galaxies:

- A new probe of alternatives 10-41

to cold dark matter (CDM) DM Radjo

: (proposed expt.)
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Galaxy power spectrum covariance




Galaxy power spectrum covariance
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Covariance from mock catalogs

® Need to simulate mock surveys (~ thousands)
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Covariance from mock catalogs

® As survey volume increases, mock catalogs become tougher to simulate
(DESI, Rubin observatory)

® Dependence of covariance on cosmology and bias parameters is
computationally prohibitive

1
p(Fulf) = (zw)n/Q\/det C'(0)

exp | — %(Pd — PO CO) NP — P(@))_

® Mocks suffer from sampling noise
- Need to artificially inflate constraints
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Results

----- Our analytic method
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----- Our analytic method
(MINUTES)
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Coz(k, k)

P§(k)

Diagonals

Cross-covariance
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Results: BOSS DRI12 full-shape analysis

Our analytic method
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VVhat are the challenges to
analytically calculate the covariance?



Angular: CMASS

Challenge I:
Highly non-trivial survey window
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Survey window enters covariance

n(z) [h3Mpc™3]

C(ky, ko) = (P(ky) P(ky)) — (P(ky))(P(k2))

RA (%)

<P(k1)P(k2)> :—/ ~ (Ow(k1)ow (—k1)ow (k2)ow (—k2)) i S — oo weF il |
ki, ko

<5(p1)5(p1)5(p2)5(pz)>

|8 dimensional integral
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Solution: separate clustering and window terms

Contains all dependence on
cosmology and bias parameters

l

0252 (kl, kQ) ~ Z Pg/l (kg)Pgé(kl
A

/ W22(X1)W22(X2) e 1) (ki ko)
1A{l 7122 s X1 X2

< Lo, (%1 - k1) Lo (%1 - ki) Lo (X2 - ko) [ Loy (o - ko) + Loy (%1 - ki) }

See also:

{ Computed from survey}
Lietal. |9

random catalog
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P,

Challenge Il
Analytic modeling in the non-linear regime
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very well at high-k.
WHY!?



WWhy does analytic work in the
non-linear regime!

High 1
survey
_ ® Poisson fluctuations dominate
Low T
the error bars at small scales:
survey

v’ Can be well modeled analytically
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Why does analyticwork S

0.100|
1 Mono X Mono

in the non-linear regime! \ - SN-G
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Will analytic cov. work at non-linear scales for upcoming surveys!?
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Yes, should work at non-linear scales for upcoming surveys

Shot noise level
of upcoming surveys
is comparable to BOSS
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Yes, should work at non-linear scales for upcoming surveys

- BOSS
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Analytic covariance is crucial for going
beyond a 2-point analysis

v Number of k-bins in power spectrum ~100 + Number of mock
simulations:
@ Number of triangles in bispectrum (3-pt) ~6000 0(1000)
- Bottleneck for BOSS
(Gil-Marin et al 17 could only use ~800 triangles) * For low sampling
noise:

size of data &« ho. of
vector mocks
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Analytic covariance is crucial for going

v Number of k-bj

@ Number of tri

- Bottleneck for |
(Gil-Marin et al
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Analytic covariance is crucial for going
beyond a 2-point analysis

v Number of k-bins in power spectrum ~100 + Number of mock
simulations:
@ Number of triangles in bispectrum (3-pt) ~6000 0(1000)
- Bottleneck for BOSS
(Gil-Marin et al |7 could only use ~800 triangles) * For low sampling
noise:
= Also important for other areas with size of data ¢ no. of
high-dimensionality of the covariance matrix: vector mocks

for e.g., 3x2pt analysis in photometric surveys
or combining cluster counts with correlation fns
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Part II
Machine learning for emulating hydrodynamic
simulations

10° ————

4o {' Ni\f\z
P(Q) {!1 |
!l |
8
N
Linear | k | Non-linear

DV, Paco Villaescusa-Navarro,
Shirley Ho & Laurence Perrault-

Levasseur
(aXiv:2007.10340 & aXiv:2012.001 1 )
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Emulation of hydro sims for future surveys

e Volume of upcoming surveys

like DESI: ~O (10-100 Gpc3)

® Hydro sims are expensive:
~10 million CPU hours
for (0.001 Gpc?)
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Emulation of hydro sims for future surveys

¢ Volume of upcoming surveys

like DESI: ~0 (10-100 Gpc3)

® Hydro sims are expensive:
~10 million CPU hours
for (0.001 Gpc?)

DM (dark matter)

HI (neutral hydrogen)

HOD:
(Halo
Occupation
Distribution)

- [dentify DM halos
- Fill HI using:

Mui = f ( Mhalo )

- assembly history,
environmental
info. neglected

20
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Neural networks:
universal approximators

HI

27



Power spec. (2 pt
Neural networks as emulators ~ Powerspec.(2py
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- 2.0 E
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Power spec. (2 pt)

Can we interpret what

al — IllustrisTNG
3 —— U-Net ]
the network has learnt? .
= 2 HIi
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~ sl : :
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Network has learnt to include env. info

e Network lowers Muj
in a cluster-like environment

(ram pressure stripping)

“ Saliency map
20 - s

15 -

Mpc h-

0.5 -

0.0 ‘
0.0 0.5 10 15 20 0.0 0% 10 15 20

Mpc h-! Mpc h-
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Alternate . Modeling the halo HI mass
approach °~  with symbolic regression

Hl mass of halo = f (halo mass, ?)

- Halo env. overdensity (R)’
- Env anisotropy (R)

- H;Io_co_ncgnt?atTon_ -

- Halo spin

- Halo assembly history

- Halo shape

- Velocity dispersion anisotropy

..’....’....
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Modeling the halo HI mass

Results: . . .
with symbolic regression
2 =09
e T T T A A S i :
Env. overdensity . ot
_____________________________________ at 0.5 Mpc nv. anisotropy
[lustrisTNG

---- HOD (Mass only) \ /

—— RF (Mass,Env,conc, ..) MHI

—-— HOD + SR model for env. zZ=9: = 0.95 T Oé() 5 OéO 5 T 5

— Muop
pp——— M
| -3 z=1: MHI({)ID = 0.8 + L4 o smi — 0.6 (agmiy + o 50%)
0.06 0.1 0.3 1 )
k (h Mpc™1) DW et al 2020c (https://grithub.com/MilesCranmer/PySR)
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(HI mass of Halo)
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Understanding the effect of halo environment on Hi:
Why don’t baryons just follow dark matter?
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Understanding the effect of halo environment on Hil:

Don’t baryons just follow dark matter?
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Denser env.: lonized medium
(ram pressure stripping)




MHI / Imearll
-
N

Understanding the effect of halo environment on Hil:

Don’t baryons just follow dark matter?

0.3 0.0 0.7 1 2 3 4 5
1405
—— M, € [10%% —10'%5] M, /h
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UV + X-ray
background

Denser env.
— more mergers

Sparser env.



Future work

Baryonic content = £ (halo mass, ?)
of a halo

- Halo env. overdensity (R)
- Env.anisotropy (R)
- Halo concentration

- No. of galaxies
(ELGs for DESI)

- Halo spin
- Electron pressure - Halo assembly history
(SO, CMB-54) - Halo shape

- Velocity dispersion anisotropy

..’....’....
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Future work: checking robustness of our
results to baryonic feedback

- 10°

- 101

- 1072

o | ®

o < |

3| N = 2,184 Full hydrodynamic
10° simulations

-C E

D

-C °
10 (Villaescusa-Navarro, .., DWV,

et al. 2020)
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P Covariance:

S umma ry A BOSS mocks

Monopole diagonals — Covariance:

. . . — J A\ Analytic method
% Analytic covariance is an excellent =l I e e e
complement to mock simulations = ol e A
o &;,10—35_ \ _E = _ [
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TN =TT 66 | - / \
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2. Immense computational speedup (~ 104) fm Ho o8
: Mat 11 40800 (log o (Mhato) — 10.6)
3. Reduces systematic error budget of Muop 5 VG101 halo
. 0.05
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0.00 +
= —0.05 -
% Machine learning can be used to <
Z -0
emulate hydro sims and make E 15 ustris TNG
accurate synthetic maps needed for < | - HOD (Mass only)
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—0.2597 ==+ HOD + SR model for env.
006 0.1 03 2
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(Hl mass of Halo)

MHI / mearl

1.2 1

1.11

Modeling the environment effect :
symbolic regression

z=—1

1

0.03

01 03 1 3 10
Q0.5
(Halo env. anisotropy)

MHI

=1 - MHOD — 0.8 +1.4 046.577110

Linear trend
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Our NN architecture (U-Net)

¢ |nspired by D3N (He et al 2019)

Compressing
info.
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(HI mass of Halo)
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Effect of environment is stronger for

low-mass halos
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Tidal anisotropy parameter (Paranjape et al 2018)

1

IR = 5 (A2 — A1)+ (As — A1)” + (As — A2)] Non local bias
ar = /2) (1 + 6r) s = 2q°/3

In plots: o =log(1 + ag)

5}% = 10g(2 + 53)



