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How did structure appear in the Universe?

A joint problem!

* How diid the * How diid 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?
AUsually these problems are addressed in isolation.
AThis talk:

A case for physical inference of fedimensional dynamic states

A description of methodology and progress towards enriching the
standard for analysis of galaxy surveys

A round trip: from theory to data, from data to theory

. . ectures Varenna 2013 and
FL, Pisani & Wandelt 2014, aervggﬁg-égg% Doctorale for Astronomy and Astraphysit
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Outline

1. Bayesian Inference
2. ChroneCosmography
3. The NonLinear Regime of StructuFermation

4. Cosmic WeltClassification
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1. BAYESIANNFERENCE

A Data assimilation with BORG
A The BORG SDSS run

J. Jaschd3. Wandelt arXiv:1203.3639
Bayesian physical reconstruction of initial conditions from large scale stristitweys

J. Jaschd3. WandeltarXiv:1306.1821
Methods for Bayesiapower spectrum inferenogith galaxy surveys

J. Jaschd-. LeclercgB. Wandelt arXiv:1409.6308
Past and present cosmic structure in the SDSS DR7 main sample

4 )
March 2nd, 2015 (




Why Bayesian inference?

AWhy do we need Bayesian inference

Inference of signals =-plosed problem

Incomplete observations: survey geomet
selection effects

Noise,biases, systematic effects
Cosmiovariance

OWhat is the probability distribution of

?ﬁﬂztbsntcsr;gén ation history I:> possibleformation histories (signals)
compatiblewith the observations®

p(s|d)p(d) = p(d|s)p(s)

Florent Leclercq  Bayesian largscale structure inference and cosmic web analysis



Bayesian forward modeling: the ideal scenario

Forward model = Ptbq\dy simulation + Halo occupation +
DIFfITE@ F2NXYIGA2Y b CSSRol O]l b X
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(Parameter) Space: the final frontier

A ¢ K Sursé of dimensionaliy Beliman 1961

dimension  fraction of particles in quadrant of hypercube

1 271 =05

10 2710 =97x%x10™
100 271000 =78 % 10731
1000 271000 = 9.3 % 10302

Adding extra dimensions

Exponential increase of thi
for uniform sampling

Exponential increase cf given a fixed amount of particles
A High-dimensional probability distribution functions

will fail

om &
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Hamiltonian Monte Carlo

A Use classical mechanics to solve statistical problems!

A The potential: P(x) = — In(P(x))
1
A The Hamiltonian: =3 p' M p + ¢(x)
- ((ii_)t( _ %_I; _ M—lp N
! !
= on o [ ™ &P

At ox | ox N
gradients

~(H'-H) _ 1
Nacceptance ratie Uity

AHMCbeats the curse of dimensionality by:

A Exploiting gradients
A\ Using conservation of Hamiltonian Duanet all 987
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The LSS data model

exp (% D ke 5?;51;1;52:')

A Gaussiarprior for the initialdensityfield: »(5|s) =

27|

A Poissorlikelihood PV = [T 2 (—/\i(?,}‘ (X )™

t 2 A didtehsityfidlde YAL(6') = RINY(1+ 6% ,) = RENB' (1 + oxi[67,)"
N = W5
A Theposteriordistribution:
exp (4 o SiSibdly) - exp (~RLV(1+ 0y [7],)"

ﬂ z,f
NGRbinneddata ~ cgovariance matrix Noiselevel Biasparameters

Jasche & Wandelt 2013, arXiv:1 _
Jasche & Wandelz2B31306. 18§§§r§9ﬁ85ponseoperator Structure formation model

JaschéL & Wandelt 264i4;1409.630ASk radialselectior) (2LPT+CiC)
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BO RGBayesian Origin Reconstruction from Galaxies

What makes the problem tractable:

* Sampler:Hamiltonian Markov Chain Monte
Carlo method

* Physical model: Gaussian priog Second
order Lagrangian perturbation theory (2LI2T)
Poisson likelihood e

s o & o © ° 9]
w8 2 8 8 3 & =
4 Redshift 2 /

Observations o e
Samples of possible 4D:states

see also:
. Kitaura 2013, arXiv:1203.4184
Jasche & Wandelt 2013, arXiv:1203.3@2fg, Mo, Yang & van den Bosch 2013, SfXiveL




The BORG SDSS run

A 463,230galaxies from the NYMAGC based on SDSS DR7

A Comoving cubic box of side length0Mpc/h, with periodic
boundary conditions

A 256 grid, resolution3 Mpc/h ) £ 17 millionsparameters
A 12,000samples, fowdimensional maps
AF 3 TBdisk space

A 10 monthswallclock time onl6-32 cores
Jasche, FL & Wandelt 2014, arXiv:1409.6308
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2. (HRONGCOSMOGRAPHY

A Past and present cosmic structure in the Sloan volume
A The Sloan Great Wall

J. Jaschd-. LeclercgB. Wandelt arXiv:1409.6308.
Past and present cosmic structure in the SDSS DR7 main sample

J. Jasche, E. Romabéaz, F. Leclercq, B. Wanddtt prep.
The Sloan Great Wall through Bayesian eyes
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x [Mpc/h]

BORG atvork z chronocosmography
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5 In(2 + 9)
Initial conditions Final.conditions Observations

Jasche, FL & Wandelt 2014, arXiv:1409.6308
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Bayesianchronocosmographyfrom SDSS DR
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Jasche, FL & Wandelt 2014, arXiv:1409.6308 Data
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Bayesianchronocosmographyfrom SDSS DR
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Jasche, FL & Wandelt 2014, arXiv:1409.6308 One sample




Bayesianchronocosmographyfrom SDSS DR
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The Sloan Great Wall through Bayesian eyes

The Sloan Great Wall:

Gotet al200%rXiv:asrh/031057:
Nichol et al. 2006, ar{W/@g025-
Einastt al2010, arXiv:1007.44¢
Einaset ak011arXiv:1105.1632

—100 —50 0 50 100 150
runll
z = 9.000

—350 —300 —250 —200 —150 —100 —50

Jasche, RoMaiaz, FL & Wandelt 2015, in prep.
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The formation history of the SGW
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Jasche, Roaiaz, FL & Wandelt 2015, in prep.
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Is the SGW special ITCDM? syiosabinit a12009, arxiv:0909.
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3. THENON-LINEARREGIMEOFSTRUCTURE
FORMATION

A Nontlinear filtering of BORG results
A Remapping Lagrangian Perturbation Theory
A The COLA method

F. Leclercgl. Jaschd”. M. SutterN. HamausB. Wandelt arXiv:1410.0355.
Dark matter voids in the SDSS galaxy survey
F. Leclercgl. JaschdH. GitMarin, B. Wandelt arXiv:1305.4642.
Onepointremapping of Lagrangian perturbation theory in the mildly #iaear regime of cosmic structufermation

S. Tassev, M. Zaldarriaga, D. EisenséiXiv:1301.0322.
Solving Large Scale Structure in Ten Easy Step€@itA

S. Tassey, D. Eisenstein, B. Wandelt, M. Zaldarirageep. +#. LeclercgB. Wandeltet al., in prep.
SCOLAThe Nbody COLA method extended to BgatialDomain

[(21)
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Non-linear fllterlng
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FL, Jasche, Sutter, Hamaus & Wandelt 2014, arXiv:1410.0355
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Non-linear filtering
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FL, Jasche, Sutter, Hamaus & Wandelt 2014, arXiv:1410.0355
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Remapping 2LPT Iin the mildly non

inear regime

1;1 ] 72'2LPT$§2LPIT§ l
AReplacing the ongoint S
distribution of 2LPT by |
one which accounts for ¢ =
the full nonlinear 04 |
ad3aidsSyx 0.2;1_.. ...........................
0.0 : : ' :
AXItaz AYLNROSA GKS ° °
higherorder - | AXEyYR
correlatorsX — | phase |
B accuracy! |
5 Nbody — =
St \
w0 3 NLAR) e L]

log k [(Mpc/h) ']

FL, JascheMatin & Wandelt 2013, arXiv:1305.4642

T T T T
PNbody,S(2LPT)(ONbody) — =
CNbody,S(2LPT) (ONbody) ——

2LPT
2LPTRM — L
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CO LA'COmoving Lagrangian Acceleration

A Write the displacement vector a8 = S[,pT + SMC
Tassev & Zaldarriaga 2012, arXiv:1203.57¢

A Timestepping (omitted constants and Hubble expansion):
Standard: Modified:

March 2nd, 2015
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4. OSMIANVEBQLASSIFICATION

A Dark matter voids in the SDSS

A Tidal shear analysis in the SDSS, dynamic structure type
classification

A Cosmieweb classification anBayesiardecisiontheory

F. Leclercgd. Jaschd”. M. SutterN. HamausB. Wandelt arXiv:1410.0355.
Dark matter voids in the SDSS galaxy survey

F. Leclercgl. JaschdB. WandeltarXiv:1502.02690.
Bayesiaranalysis of the dynamic cosmic wielthe SDSS galawsurvey

F. Leclercgl. JaschdB. Wandeltin prep.

Cosmic weltype classification using decision theory
(28]
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Dark matter v0|ds INn the SDSS
| AWhy?
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Suttezt al2013, arXiv:1311.3301
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FL, Jasche, Sutter, Hamaus & Wandelt 2014, arXiv:1410.0355
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http://www.cosmicvoids.net/

Dark matter voids. pipeline

of matter
imited
number

uSelection
effects

\ uDark matter
field

Imear igh density
TS £ of tracers

Identification of
voids

FL, Jasche, Sutter, Hamaus & Wandelt 2014, arXiv:1410.0355
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Dark matter void properties
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FL, Jasche, Sutter, Hamaus & Wandelt 2014, arXiv:1410.0355
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Dark matter void properties

R, = 6-8 Mpc/h

R, = 20-25 Mpc/h
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All catalogs will be made publicly available at
WWW.Cosmicvoids.net

FL, Jasche, Sutter, Hamaus & Wandelt 2014, arXiv:1410.0355
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Tidal shear analysis

A\, A2, A3 : eigenvalues of the tidal field tensor, the Hessian of
the gravitational potential: 7;; = 0,0;® M4+ X+ A3 =0
A Voids: A, Ao, A3 < 0
A Sheets:  A; >0 and My, A3 <0
A Filaments: A1, A, > 0 and A3 < 0
A Clusters: A1, A2, A3 > 0

Hahet al2007, arXiv:qstf@610280

see also:

A Extensions:

ForerBomert al2008, arXiv:0809.4135
Hoffmaat al2012, arXiv:1201.3367

A Similar web classifiers:
DIVALavaux & Wandelt 2010, arXiv:0906.4101

ORIGAMFalck, Neyrinck & Szalay 2012, arXiv:1201.2353 H



Tidal shear analysis

Final conditions

FL, Jasch&@ndelt 2CirXiv:1502.02690 Initial conditions
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