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The big picture: the Universe is highly structured
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Planck collaboration (201) Blanton and the Sloan Digital Sky-Zii8§ [ 2




How did structure appear in the Universe?

A joint problem!

* How diid the * How did the large-scale
Universe begin? structure take shape?
What are the What is the physics of
statistical properties of dark matter and dark

the initial conditions? energy”?
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Everything seems consistent

with the simplest inflationary
scenario, as tested by Planck.
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But some questions remain

1. How do wetest theseframeworks?

Usually the two problems of initial conditions and structure
formation are addressed in isolation.

|deally, galaxy surveys should be analyzed in terms of the joint
constraints that they place on these two guestions.

2. Howdid this happenn our Univers&



1. How do wetest our models?

NeaeRe A T o oo Redshift | Volume | K
x5 range (Gpc®) | (Mpc/h)*
. ! f $ @ 0-1 50

0.15 107
1-2 140 0.5 5x1C°
2-3 160 1.3 100

‘ M. Zaldarriaga
J. ChablPhD comics

A Preciseests require many A The challengenon-linear evolution at
modes small scales andlate times.

A In 3Dgalaxy surveys, the numbérThe strategy:
of modes usable scalesk;,,, . Pushing down the smallest scale usabl

for cosmological analysis

Inferring the initial conditions from
galaxy positios

In other wordsgo beyond thelinear andstatic analysis ofthe LSS



2. How did this happen in our Universe?

logm P(k) / P(k)smooth

A This means that we cannot
do, for example:

AWe have to do joint analysis
of all aspects, including

density reconstruction
Provides powerful constraints

Propagates uncertainties
between all parts of the

Percivat al2010, arXiv:0907.1660 analysis
Avoids using the data twice

Alt is a process known as
data assimilation

]
0.0<z<0.5 1

—0.050 0.05

A Standard analyses: reduce
the data to some statistics,
then fit some model
parameters

Can we jusfit the entire survey?



Why Bayesian inference?

AWhat do we need to fit the entire survejil

Inference of signals =-plosed problem

Incomplete observationdinite resolution,
survey geometry, selectiogffects

Noise,biases, systematic effects
Cosmiovariance

=) No unique recovery is possible!

OWhat is the probablllty distribution of

gﬁﬂ:tbsntceeé%gn ation history |:> possibleformation histories (signals)
compatiblewith the observations®

Bayes’ theorem: P(s|d)P(d) = P(d|5)73(s)
ACoxWI ey Sa UKS2NBYY ! vy plavdiblites,
O2yaraitsdyd sAGK [/ 2EQZ S&aA
(Bayesian) probability theory
|:> How to do that?
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Bayesian forward modeling: the ideal scenario

Forward model = Nbody simulation + Halo occupation +

Observations

%
%

All possible ICs All possible ECs
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BORGBayesian Origin Reconstruction from Galaxies

What makes the problem tractable:

e Sampler: Hamiltonian Markov Chain Monte Carlo
method

* Data model: Gaussian priogr Secondorder Lagrangian
perturbation theory (2LP19 Poisson likelihood

(and also: luminositglependent galaxy bias,
automatic noise level calibration)

Observations

(galaxy:catalog + meidata: selection Samples of possible 4D:states
Fdzy  QhAr2yaz 02YLX SGSYySaaxo

Jasche & Wandelt 2013, arXiv:1203.3639
Jasche, FL & Wande#rXdi:5409.6308
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BORG at work: SDI$rono-cosmography
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The BORG SDSS run:

334,074galaxiesf 17 millionsparameters,12,000samples;3 TB,10 months on 32 cores

Jasche, FL & Wandelt 2015, arXiv:1409.6308



Bayesianchrono-cosmography from SDSS DRY
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Jasche, FL & Wandelt 2015, arXiv:1409.6308



—x [Mpc/h]

Bayesianchrono-cosmography from SDSS DRY
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Bayesianchrono-cosmography from SDSS DRY
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Evolution of cosmic structure
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Jasch®omaddiaz, RWandelt, in prep.
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THE NON-LINEARREGIMEOFSTRUCTURE
FORMATION



—z [Mpc/hl

Non-linear filtering via constrained simulations
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Non-linear filtering via constrained simulations
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Non-linear filtering improves the fit
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How IS THE COSMICWEBWOVEN?



Uncertainty quantification

Can wepropagate uncertainty
quantification tocosmic web analysis?




Cosmic web classification procedures

void, sheet, filament, cluster?
A TheT-web:
uses the sign oft1, p2, U3 . eigenvalues of the tidal field tensor,
Hessian of the gravitational potential:  T},(x) = 0;0,P(x)
Hahet al2007, arXiv:gst@610280
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T-web structures inferred by BORG
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Entropy of the structure types posterior

In shannons (Sh)
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(more to come on the connection betwe@asmic web analysis
andinformation theory)

FL, Jasche & Wandelt 2015, arXiv:1502.02690



