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The big picture: the Universe is highly structured
91 O AOA EAOA8 - AEA OEA AA

Planck collaboration (2013-2015) M. Blanton and the Sloan Digital Sky Survey (2010-2013)



What we want to know from the |larggale structure

The LSS Is a vast source of knowledge:

A Cosmology:
[ CDM: cosmological parameters and tests against alternatives,
Physical nature of the dark components,
Neutrinos: number and masses,
Geometry of the Universe,
Tests of General Relativity,
Initial conditions and link to high energy physics

A Astrophysicsgalaxy formation and evolution as a
function of their environment

Galaxy propertiescplours chemical composition, shapes),
Intrinsic alignments, intrinsisizemagnitudecorrelations



We have theoretical and

A Structure formation:
numerical solution of the

A Initial conditions:
a Gaussian random fiel

| B VlasovPoisson system for
P(']5) = \/|2TS exp | =5 25w =% | dark matter dynamics
0 0
Everything seems con5|stent éi + nlja Vf—maVo- 81{ 0
with the simplest inflationary A® — 4nGa’p6
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Planck 2018 X, 1807.06211

Y. Dubois & S. Colombi (IAP)


https://arxiv.org/abs/1807.06211

Z how do we test these mo

THERE USED To BE A JOKE THAT
IN CosMolLoGY A FACTOR OF oo
WhAS "PRECISION™ COSMOLOGY.
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M. Zaldarriaga

J. Cham - PhD comics

A Precise tests require many A The challengenon-linear evolution at

modes. small scaleandlate times
A In 3Dgalaxy surveys, the numbétThe strategy:
of modes usable scales &, , - Pushing down the smallest scale usab
B8 QRS 2 NG for cosmological analysis

Using a numerical model linking initial
and final conditions

In other words: going beyond tHenearandstaticanalysis of the LSS
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Why Bayesian inference?

A Inference of signals =-flosed problem

Incomplete observations: finite resolutic
survey geometry, selection effects e, TN

Noise,biases, systematic effects
Cosmic variance

» No uniquerrecovery:iscpossible!

&WVhat is the formation histor OWhat is the probability distribution of
of the Universe® y ‘ possible formation histories (signals)
compatible with the observationg?

e SaQ 0RG|dRE)NY=P(d|s)P(s)
ACoxJaynedi KS2NBYY ! yeé &eé plasSititieE2 Y1
O2yaraiasSya gsAGK |/ 2EQ.

(Bayesian) probability theory 4o that?
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Bayesian forward modelling: the ideal scenario
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Making inferences requires advanced Bayesian

techniques

A The physical computer models are incorporated iBtayesian

hierarchical models

physical information — @ fJa==-=-=-=----------- |
1
1

Y .
matter distribution *{@ data model | statistical analysis

survey data 4@ ___________________ !

J

A The challenge: using nestatistical methodds necessary.

Two approaches are possible:

Data assimilation: Simulationbased inference:

[ exact statistical analysis ] [ approximate statistical analysi%

[ approximate data model ] [ arbitrary data model ]




Likelihoodbased solution: BORG

Bayesian Origin Reconstruction from Galaxies

physical information ——{ @ fa===--====------------ )

matter distribution % data model ] statistical analysis

survey data —@ ___________________ i )

Data assimilation:

exact statistical analysis ]

approximate data model ]




Hamiltonian (Hybrid) Monte Carlo

A Use classical mechanics to solve statistical problems!
The potential: Y(x) = — Inp(x)
1

The Hamiltonian:  H(x, p) = EpTM_lp + 1h(x)
P I/
(Xap) » < d_p_ 8H__d¢(X) I» (Xap)

LAt ox dx gradientsof the pdf

— ,_
o (H'—H

a(x',x) = ) = 1 4= gcceptance ratio uinity
A HMCbeats the curse of dimensionaliby:
Exploiting gradients

Using conservation of the Hamiltonian

Duane et al. 1987, Phys. Lett. B 195, 2 11



BORG at work: Bayesian chroosmography

Initial conditions Final .conditions Observations

90°

60 B0

v [Mpe/h)
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0 In(2 + &)

Supergalactiplane

67,224galaxiesf 17 millionparameters5 TB of primary data product§,0,000samples,
£ 500,000forward and adjoint gradient data model evaluatiodsb millionCPUhours

Jasche & Lavaux 2019, 1806.11117 — FL, Lavaux & Jasche, in prep. 12


https://arxiv.org/abs/1806.11117

BORGPM density field: full Hmear dynamics

Shapley
concentration
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Mass profile of theComa clusterin
agreement with gravitational lensing and
X-ray observations down to a feipc.

Jasche & Lavaux 2019, 1806.11117 — FL, Lavaux & Jasche, in prep.
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https://arxiv.org/abs/1806.11117

Velocity field in theupergalactiplane
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Thegravitationalinfall of known structures can be observed.

with James Prideaux-Ghee (PhD student), Guilhem Lavaux & Alan Heavens 14



Mapping the Universe: epllogue’?
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Likelihoodfree solution: SELFI

Simulator Expansion for Likelihcédee Inference

physical information

matter distribution *{é} data model ] statistical analysis

survey data —@

Simulationbased inference:

[ approximate statistical analysi%

[ J

arbitrary data model

16



SELFI: Method

2(0) A Gaussian prior + Gaussian effective likelihoo
Eg\';v“grfdi A Linearisatiorof the blackbox around ang
spectrum expansion point + finite differences: A

. Q
by ~ f + Vi - (9 — 90) dzh
ﬂThe posterior is Gaussian and analogous to :
Wiener filter:
2e3) expansion point obs;rved summaries
_ —1
Y = 60 + I (Vf())T CO ((I)O — f())
_ _17—1
I'=[(Vf)TCy ' Vi +S ]
PN \prior covariance
statisticgl 5 covariance of summaries gradient of the blaclox
summaries

fy,Coand V1, can be evaluated through simulations onl
The number of required simulations is fixagbriori

FL, Enzi, Jasche & Heavens 2019, 1902.10149 =


https://arxiv.org/abs/1902.10149

Euclid G FI forecast (SEL-EEuclid versus BOSS) 'QUCLd

AV = (3780 Mpc/h)°
(volume of the Euclid /& R
flagship simulation) ' s

A Gaussian random fieldd 2o
data model °

A 6,060 simulations

1.3 . . . EERUBEINS "4

Noodes ¢ k32 5 times more modes
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~ with compufer

il dhta models 1

—
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=
o

=
o
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0y (pror) } BOSNAC02<s<05||
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=
0%

wiggle function: 6(k) = P(k)/Py(k)

=
—,_J

0.01
scale: k [h/Mpc]
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Perfectly parallel simulations ussQOLA

Tassev, Zaldarriaga & Einsenstein 2013, 1301.0322
Can we decoup|e SHh)lumeS by us'ng Tassev, Eisenstein, Wandelt & Zaldarriaga 2015, 1502.07751

the largescale analytical solution? W =Wpr + W (X =dq -+ 'I’)

— Analvt :
. alytical solutions!
Standard Modified: AN
2 2 2 2
020 = —Vy® WP 0.V, =02(V — U pr) = —Vid — W pp
1. A buffer region around each tile 2. Appropriate Dirichlet boundary conditions
for the potential _
sCOLA - Difference
150 |
100 |
50 I
% 50 0050 200 0 50 100 150 00 %0 B0 10 10 200
x [Mpe/h] x [Mpc/h] x [Mpe/h]

Publicly available implementation

e i @ .0 . g
FL, Faure, Lavaux, Wandelt, Jaffe, Heavens, Percival & Nods 2020, 2003.04925 hitps://bitbucket.org/florent-leclerca/simbelmyne/ 19



https://arxiv.org/abs/1502.07751
https://arxiv.org/abs/1301.0322
https://bitbucket.org/florent-leclercq/simbelmyne/
https://arxiv.org/abs/2003.04925

So, which one Is the best?

physical information ——{ @ fa===--====------------ )

matter distribution *{é} data model ] statistical analysis

survey data —@ ___________________ i )

Data assimilation: Simulationbased inference.:
exact statistical analysis ] [ approximate statistical analysi%
approximate data model ] [ arbitrary data model ]

20



Correlation functions versus fiddgyvel inference

A We checkedccuracy and precision

0.70 -
: 0.52
of different methods for a log
. 4 |
normal model: 0.65] % . |
: |
1 1 0.481
f== [exp (ag - —az) — 1]
/ « \2 0.601 gf)u 1.00 1.03 :
Lognormal field Gaussian field \
with 2PCF: .0.551
£,(r) = exp (———)
2
4 0.50 ,- {'
field 1 (a=1,3=05 field2 (a=1. =05 field 3 (o =1, 3 =0.5) field 4 (e =1, 2 =0.5 'I
. .
0.40
0.50  0.75  1.00  1.25 150 175
—
8 10 o
A o . . 2PCF, likelihood-based analysis
: : : 5 I_m_preCIS@nd Inaccurate B 2PCF, simulation-based inference (¢ = 0.05)
A 2PCF simulatichased inferencésimprecisebut accurate Full field, data assimilation

A Is preciseandaccurate

Companion repository:
FL & Heavens, 2103.04158 https://qgithub.com/florent-leclerca/correlations vs field 21



https://github.com/florent-leclercq/correlations_vs_field
https://arxiv.org/abs/2103.04158

The Future: Opportunities & Challenges

DES/!, Ewvuc/!l i d, LSST, WFI RS T,

22



Largescale structure surveys roadmap

2014 2016 2018 2020 2022 2024 2026 2028 2030 2032
23



Dataintensive scientific discovery from galaxy surveys

ANextgeneration surveys willACan data analysts keep pace?
be dominated bysystematics

A80% of the total signal will
come fromnon-linear
structures

AChallenging data analysis
guestions and/or hints for
new physics will first show
up astensionsbetween
measurements

24



Accounting for known and unknown systematics

A Someknown foreground contaminant1 in total)
Dust map PSF r-ban

]
0 arcsec 3.0
ity 20.3<m <20.5

.....................

o0 nanomagay 40 o0 Stersradan T gx10s
Forward model introduced byasche & Lavaux 2017, 1706.08971
A A procedure to marginalise ovaenknown foreground
contaminations Robust likelihood introduced byorqueres, Ramanah, Jasche & Lavaux 2018, 1812.05113
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Lavaux, Jasche & FL 2019, 1909.06396 W



https://arxiv.org/abs/1909.06396
https://arxiv.org/abs/1706.08971
https://arxiv.org/abs/1812.05113

Application to SDSB/BOSS (LOWZ+CMASS)
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Lavaux, Jasche & FL 2019, 1909.06396

Stateof-the-art with backwardmodelling
technique (mode subtraction)

— PRossetaI =k Pstar5+45igmab\ob5

—k - Pstars

¥ Pstars + 2sigmablobs

Pstars + 2and3and4sigmablobs
—h— Pstars—i<12
_|_ IF‘F’atchy’

@ Pstars + 3sigmablobs

120000 A

3h—3)

100000 A

80000 A

P(k) (Mpc

—

P(k) - PPatchy(k)
PPatchy(k)
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Kalus, Percival et al. 2018, 1806.02789
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https://arxiv.org/abs/1806.02789

The Imperial weak lensing inference framework

with George Kyriacou (PhD student), Arrykrishna Mootoovaloo (PhD student), Natalia Porqueres, Alan Heavens & Andrew Jaffe

A Joint inference of Gaussian cosmic shear maps
and power spectra/cosmological parameters

. . . i ncertain
A Gaussian process emulation and massive data reconstruction _uncertainty

compression for weak lensing cosmology al
n Qe ~ g 2-
1 / o~ £
.: ‘\‘ -1 ) é ’ / w1 !61 0
0 | T . :F - 4 - CLASS 'g
}f ) i} ég -2 .N §§ 3 GP ';; _2_
- 3 N | b 2
-z 4 \ 1 \ —4
-3 \/ V o SO ! 1 1 L L
102 100 - 102 10 ‘ 102 100 -4 -2 0 2 4 -4 -2 0 2 4
ki Mpe ] k[ Mpe~] k[nMpe) 0_ [degrees]
Mootoovaloo, Heavens, Jaffe & FL, 2005.06551 Alsing, Heavens & Jaffe 2016, 1607.00008

Mootoovaloo, Jaffe, Heavens & FL, 2105.02256
A Cosmic shear map inference with a structure

formation model (BORG)
reconstructio uncertainty

A Bayesian hierarchical inference of galaxy redshift
distributions n(z) e g

with G. Kyriacou, A. Jaffe & A. Heavens A ¥ aa AT o
k S RS

Porqueres, Heavens, Mortlock & Lavaux, 2011.07722 27


https://arxiv.org/abs/2105.02256
https://arxiv.org/abs/2005.06551
https://arxiv.org/abs/2011.07722
https://arxiv.org/abs/1607.00008

The Aquila Consortium

A Created in 2016. Curr
(Europe & North Amer
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http://www.aquila-consortium.org/

Concluding thoughts

Data assimilation: Simulationbased inference:
[ exact statistical analysis ] [ approximate statistical analysi%
[ approximate data model ] [ arbitrary data model ]

A Bayesian analyses of galaxy surveis fully non-linear
numerical model$s not an impossible task!
A A likelihoodbased solution (BORG): general purpose

reconstruction of dark matter from galaxy clustering
providing new measurements and predictions

A A likelihoodfree solution (SELFI): algorithm for targeted
guestions, allowing the use of simulators includiig
relevant physical and observational effects
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