@ spss CQG

»Portsmouth

PNG from eBOSS DR16

Eva-Maria Mueller
|CG Portsmouth

eva-maria.mueller@port.ac.uk

Mueller et al. 2021 arXiv:2106.13725 In collaboration with Mehdi Rezaie,
Rezaie et al. 2021 arXiv:2106.13724 Ashley Ross, Hee-Jdong Seo, Will Percival


mailto:eva-maria.mueller@port.ac.uk

Overview

eBOSS DR16 QSO data set
Scale dependent halo bias
Results

Methods

Challenges

More challenges

Comments



20 years of SDSS redshift surveys

| 13.8 « Lookback time [Gyrs]

eBOSS + BOSS Lyman-a (2008-2019)
eBOSS + SDSS I-Il Quasars (1998-2019)

SDSS |-l Nearby Galaxies (1998-2008)

Anand Raichoor (EPFL), Ashley Ross (Ohio State University) and the SDSS Collaboration.
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eBOSS Footprint
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Window to the early universe

@ spss

Accelerated Expansion
Afterglow Light
Pattern Dark figes Development of
380,000 yrs. / Galaxies, Planets, etc.
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Fluctuations W&

1st Stars
about 400 million yrs.

Big Bang Expansion

More than BAO and RSD....

Primordial Non-Gaussianity (PNG) can distinguish
between physically distinct models of inflation.



Primordial non-Gaussianity % SDSS

Dalal et al, 2008

Primordial non-Gaussianity:
predicted in multi-field
inflationary models (+ ones with
interactions)

Planck constrains PNG
supremely well (fn, = -0.9 + 5.1)

Future improvement will come
from galaxy LSS
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Scale dependent bias

Primordial non-Gaussianity leads to mode coupling

clustering of galaxies

bias =
clustering of dark matter

— — - e.g. Dalal et. al 2008, Slosar
T = et. al 2008

Non-gaussian Bias: modulating density mode amplitude



Primordial non-Gaussianity @ spss

e.g. Dalal et. al 2008, Slosar et. al 2008 -
* \ery sensitive at

large scales

» Constrain Inflation
by measuring the
galaxy power
spectrum at large
scales

P, (k) [(h'Mpc)’]

b(k,fw)/b(k,0)

L fNL: Parameter to quantity
btotal = b+ AD amplitude of primordial

non-Gaussianity

INL
Ab(k’) 0.¢ ? ;



Why eBOSS QSO?

13.8 « Lookback time [Gyrs]

eBOSS + BOSS Lyman-a (2008-2019)
eBOSS + SDSS I-Il Quasars (1998-2019)

SDSS [-1l Nearby Galaxies (1998-2008)

 Large redshift range 0.8<z<2.2

L  Largest volume survey with spectroscopic
btotal = b ‘]t Ab redshifts
N L
Ab(k) X ? - Best S/N at the larges scales
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WMAP 1 WMAP 5
WMAP 3 * CMB
100 - v 4 LSSxCMB
\! Planck 13  Planck 18
2 X X @ X Planck 15
S A
0 * X %l 4
SDSS
photo.+ SDSSxWMAP —+ eBOSS
— 100 - BOSS QSO DR16
LRG DR9 eBOSS
QSO DR14

2005 2010 2015 2020
Publication year

fn = —12 121 Mueller et al 2021

Tightest constraints from LSS so far
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Results |

Neural Network systematic treatment
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weights

weights

w/o optimal
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Mueller et al 2021
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Physical theory statistical uncertainty

]

Optimise galaxy clustering analysis

Redshift weighting

weights

« The underlying physical theory is
evolving with redshift

- Redshift weights optimally balance the
statistical uncertainty (n(z)) and redshift
evolution of the theory you want to
constrain 0.0 0.5 1.0 15 2.0 2.5 3.0

- Reduce uncertainty on measured redshift
cosmological parameters

‘Sweet spot’ of theory vs. statistics

Wiot — WEFKP X Wy



It works!

Forecasts

Measurement
Improvements

¢ ~30% improvement on fNL constraints

e Improvement depends on redshift range
and bias model

e Computationally more feasible for large
data sets

e Weights are model dependent, i.e.
optimal for a certain theory to be
measured

@ spss

10 | __eBOSS

Forecasts:

= unweighted
“ e fNL Weighted

Likelihood
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Mueller et al. 2017
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Redshift distribution

2.0 1
Optimal Weights :.
£
LT 0 7
The optimal weights shift the effective =R
redshift from O
z=1.51 to z=1.82 (p=1.6) and z=1.74 (p=1.0) -
0.0 1

—— w/o optimal weights

optimal weights p=1

optimal weights p=1.6
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1.0

1.2 1.4 1.6 1.8

2.0
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Challenge I: Systematics

¢ NGC
best fit

Py(k) in (Mpc/h)
2

=

k in h/Mpc

A lot of noise, fewer modes
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Challenge I: Systematics

: ¢ NGC
454 = - best fit
t ¢t f;fn,,m" DeS

*\

@)
1

Side note:

¢t SGC
Largest scales ever used
in any LSS analysis

Py(k) in (Mpc/h)?

s
2 Mt

w%

; 10-

k in h/Mpc
BAO / RSD analysis
: cut-off here



Imaging systematics

Large scales are
dominated by systematics

—— Puncorr —A— 3rd iteration =~ —$— 5th iteration
—&— 1st iteration 4th iteration —— Pratchy
—%¥— 2nd iteration

& 183123
| 163983 -
”;: 144842
U 125702 1
Q. 106562 -
87421 A
68281 -
X 49140
(@ 30000 -

1.0 4

0.5 1

PPatchy(k)

0.0

0.01 0.02 0.03 0.04 0.05

k (h Mpc™1)

BOSS DR12 LRGs see Kalus et al. 2018
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eBOSS QSO

— no systematic weights
106 - standard systematic weights
] — NN
I
=
~
)
o,
= 10%;
@ 1
E
10%4
1072 1071
klh/Mpc

108

P(k) (Mpe/h)?

(ii) P, . (S=—1) figeat = 123
(iv) P, 0 S=0.45 flocal = —48

IOQ[P] - l?@[Pmod.BF]

BOSS DR9 LRGs see Ross et al. 2012
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—— linear treatment
—— mean mocks
—— neural network

Imaging systematics

Systematic Treatment

NGC
k [h/Mpc]
12001 Theory
— fN|_= 90 /.\O
1000 — fn=0
- fNL= -10
-> better, new catalog for eBOSS DR16 QSO o 800 ®o g
L
S 600} 0%,
< 400} o
< s
_ 200t ° eBOSS DR16 QSO NGC (0.8 <z<2.2)
Rezaile et al. 2021 5 o  Standard treatment
. Or k treat t
arX|V.21 061 3724 Neural Network treatmen
lo EZmocks
—200= 102 0.05 0.10 0.15 020 0.25

k [h/Mpc]
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Systematic treatments

—4— Before treatment

Linear treatment

[ Neural Network treatment

x2/dof = 1.11/8

x?/dof = 145.44/8 |

x2/dof = 9.90/8

x?/dof = 374.95/8 |

x2/dof = 266.94/8

x2/dof = 10.23/8

x2/dof = 8.49/8

x%/dof = 2.98/8

..... 2 O oo e B AR E LN e b B e Bl A g B
ERafaTa R Geeeee i = FE o ¥ 0 A It g
NGC
5 10 15 001 002 003 004 005 23.0 23.2 23.4
X2/dof = 133.45/8 | X/dof =217.71/8 |  x2/dof = 828.74/8

| x?/dof = 6.68/8

_.|:|.|.;.‘.|;| SN T W I:|__.|;| ...................................... I;l__.l.:.I ............ - (N YO T Sl
—3
SGC
.'IS 1|0 1|5 2|0 2|5 O.|04 O.|06 O.|08 O.|10 22|.6 22|.8 23|.0 23|.2
Nstar E(B-V) Depth-g

Need to correct for
stellar density
Neural Network
can account for
non-linear
systematic effects

Rezaie et al. 2021 arXiv:2106.13724

See also Ashley Ross’ talk tomorrow for more details on systematic treatment
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Results for linear treatment

Linear systematic treatment

optimal
weights
w/o optimal
weights

p=1.6

150 —100 —-50 O 50 100 150

L
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Problem |l: Systematics

Does the
systematic
treatment bias the
result?
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Problem |l: Systematics

Yes!




Problem |l: Systematics SDSS

40000 1
20000
—_— [l mocks
p— 0 - nu
% contaminated mocks with NN MOd eS are
g removed!
= 40000 -
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o)
= 20000 -
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Px-Prruth [104(Mpc/h)3]

( F)X' I:)Truth )/I I:)Truth |

Problem |l: Systematics QSDSS

Rezaie et al. arXiv:2106.13724

4F
NGC SGC
2.
0 _\.,i___.. SN o rapraa
i =Truth
Cont after Standard
2 Cont after NN
Truth after NN
-4} 1
4+
2-
0} EESs——go P
.._2-
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I o G I o T
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Mitigation bias. The template-based imaging treatment removes some of the true
clustering signal (Rezaie et al ‘21). A more flexible model will remove more of the
true clustering. Conservative Approach: Reduce the flexibility of the model at the
expense of leaving behind some systematics (see, Rezaie et al ‘20).

Test with
mocks!
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Challenge lll: Model

70000
—— Dbest fit model
60000 1 + window convolution
+ integral constraint

é o0000 1 ----" mean of mocks No survey is perfect....
= 40000
=
— 30000 -
=
< 20000 /

10000 A

0 ;
1072 10~



Need mocks!
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Challenge lll: Model

p=1.0

A\

optimal
weights

w/o optimal

weights

—150 —100 —50 0 20

JAN?

100

150

Ab(k) = 2(b — p) far. i(kt)

fNL = -7+ 14

Merger rate

p=1: no recent mergers

p=1.6 for objects that populate only
recently merged halos

See also Alex Barreira’s talk yesterday



Primordial Non-Gaussianity
/L

9 DARK ENERGY
| SPECTROSCOPIC
8 INSTRUMENT

200 ] + LSS
WMAP 1 * CMB
100 WMAH 7
Planck 18
¥ j|< FRlanck 13
R R B
DESI
BOSS DR9
—100 - Ross et al. 2012
eBOSS DR16
Mueller et al. 2021
2010 2020 2030

Publication year

Factor ~ 5 gain Iin precision
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Future Present: Dark Energy
Spectroscopic Instrument (DESI)

New era of large scale structure has begun

\“‘\. 2

-
1 DARK ENERGY
4 (% || SPECTROSCOPIC
QA 4 INSTRUMENT Mayall 4-meter telescope at Kitt Peak National Observatory »

U.S. Department of Energy Office of Science



DARK ENERGY
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U.S. Department of Energy Office of Science

Largest 3D
map of the
Universe !
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DESI w#l-preduee 1s producing the most
detailed 3D map of the universe, ever.

® 5-year survey (2021-2020)
* 5 target classes, ~40M redshifts
* 14,000 deg? footprint (1/3 sky)

3 million QSOs
Lya z>2.1
Tracers 0.9<z < 2.

16 million ELGs

06<z<1.6

04<z<1.0 . :
G, Y S

13.5 million W

Brightest galaxies 02 26y

00<z<04

DESI Collaboration et al. 2016



Beyond DESI

VERA C.RUBIN
OBSERVATORY
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And beyond that?

e Canwepush o(fnr,) <1 with LSS?

 What kind of a survey do we need?

34



Beyond Euclid?

Answers:

“l am retired by then...” “l might not be in academia by then...”

“l do theory...”

35



Beyond Euclid?

1. Options: Join US effort Schlegel, Ferraro

et al 2022 arXiv:2209.03585

107
Excluded by cosmic variance
102+
=
1014
’Eg ;
e
— -
S 10
= 1073
= ]
Ay
10~ === SpecTel PUMA-32K
] === MegaMapper PUMA-5K
DESI
1072 T T T T T T T T T T

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0 5.0 6.0

< max

Figure 2: “Figure of Merit” FoM = 107% N04es, representing the effective number of “linear”
modes observable as a function of zpax for DESI, PUMA (-5K and -32K), and MegaMapper
and SpecTel, two examples of Stage-5 spectroscopic surveys. For DESI we include only the
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Beyond Euclid?

1. Option: Join US effort

2. Option: Stage 5 European Mission after Euclid?

37



Beyond Euclid?

1. Option: Join US effort
2. Option: Stage 5 European Mission after Euclid

3. Option: Nothing

38



Same take-away points

e.g. Dalal et. al 2008, Slosar et. al 2008

~ fNL
o . sl \\‘\\ 0 -
S S T —
.k : —
e LSS can be used to constrain =
primordial non-Gaussianity <
through the scale dependent =
halo bias g e $
é (1) ::: ‘:_‘:_‘_::Z :::—:_:_:_=—_=~§>}}:-:—:-:——H@*
g -1 ,
0.01 0.10
k  [h/Mpc]
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Same take-away points

e This measurement needs a
large volume survey

-> |large redshift range

-> large sky coverage

40



Same take-away points

 Understanding the
observational systematics is
crucial

 Might need new catalogs for
your analysis!

0.05

-0.05

41

—4— Before treatment

Linear treatment

Neural Network treatment

x%/dof = 145.44/8

x?/dof =1.11/8

x?/dof = 374.95/8

x?/dof = 9.90/8

Xx?/dof = 266.94/8

x2/dof = 10.23/8

0.01 0.02 0.03 0.04 0.05

23.0 23.2 23.4

x?/dof = 133.45/8

x?/dof = 8.49/8

x%/dof = 217.71/8

x?%/dof = 2.98/8

x?/dof = 828.74/8

x?%/dof = 6.68/8

25 0.04 0.06 0.08 0.10
E(B-V)

22.6 22.8 23.0 23.2
Depth-g



Same take-away points

 Don’t put too much trust into
Fisher forecasts

e Many challenges ahead

42



Same take-away points

LSS can be used to constrain
primordial non-Gaussianity
through the scale dependent
halo bias

Understanding the
observational systematics is
crucial

Don’t put too much trust into
Fisher forecasts C
Many challenges ahead

»Portsmouth

Thank you!
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U.S. Department of Energy Office of Science

Thank you!

Portsmouth
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