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. A source of knowledge!

No unigue recovery p053|ble”' We need statistical approaches!

s

Next-Generation surveys:”
 Dominated by Systematics

e ~ 80 % of the total signal comes from non-linear structures

see e.g. LSST Science collaboration (2009)
Schafer (2017) (arXiv:1701.04469)



Bavesian forward modelingc

Bayesian inference Jasche, Wandelt (2013)

P (d|s)
Z(d)

Final State

= Need posterior distribution

A (s|d) = A(s)
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Bayesian inference

= Need posterior distribution

P (s|d) = A(s

Initial State
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A large scale Bayesian inverse problem

Bayesian Forward

modeling:

Prior model
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Structure formation model

Jasche, Wandelt (2013)
Lavaux, Jasche (2016)

Data model
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Galaxy bias model

do a2 \i = RiN (1+6)%emps (H0)7%

See e.g. Neyrinck et al. 2014
Ata et al. 2015

Lavaux & Jasche 2016
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________MCMC in high dimensions

HMC: Use Classical mechanics to solve statistical problems!
= The potential - Y(x) = —In (P(x))

see €.g. Duane et al. (1987)
Neal (2012)

Betancourt (2017)
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________MCMC in high dimensions

HMC: Use Classical mechanics to solve statistical problems!
= The potential - Y(x) = —In (P(x))

» The Hamiltonian . H = % Y(X)

Nuisance parameter!!!
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~_____MCMC in high dimensions

HMC: Use Classical mechanics to solve statistical problems!
= The potential - Y(x) = —In (P(x))

» The Hamiltonian  H = % W (X)

Nuisance parameter!!!

% — B_H — M_lp
d  op r o
d ~ 4x &

see €.g. Duane et al. (1987)
Neal (2012)
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~______MCMC in high dimensions

HMC: Use Classical mechanics to solve statistical problems!
= The potential - Y(x) = —In (P(x))

» The Hamiltonian  H = % W (X)

Nuisance parameter!!!

dx OH
S = _— = M—lp
0
(Xa p) ‘ jli ) gH % ‘ (Xla p,)
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~_____MCMC in high dimensions

HMC: Use Classical mechanics to solve statistical problems!
= The potential - Y(x) = —In (P(x))

» The Hamiltonian  H = % W (X)

Nuisance parameter!!!

dx OH
—_— — _— = M—lp
0
(Xa p) ‘ ;1; ) I(;H % ‘ (Xla p/)
i - T Y,

Randomize P and accept X’ : @ = min [1, e_(H,_H)] =1
HMC beats the “curse of dimensionality” by:

= Exploiting gradients see e.g. Duane et al. (1987)

Neal (2012)

= Using conserved quantities Betancourt (2017)



BORG (Bayesian Origin Reconstruction from Galaxies)
= Uses dynamical LSS model (2LPT, PM) within Likelihood
= Solves a statistical initial conditions problem

= Exploits HMC sampling technique

BORG
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Full Bavesian analysis

Bayesian Origin Reconstruction from Galaxies (BORG)

= Simultaneously constrained initial and final conditions

= Data application: SDSS DR7 main sample / 2LPT - Poisson

Jasche et al. 2015 (arXiv:1409.6308 )



A comment on correlation lenath

Correlation length ~ 100 samples
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Jasche &Wandelt 2013 ( arXiv:1203.3639 )



BORG®: A Modular statistical programing engine

A MCMC framework to build flexible data models

data
dl’dz

Straightforward combinations of HMC with other samplers:
« Use e.g. slice sampling for unit acceptance (Neal 2003)



BORG®: A Modular statistical programing engine

A MCMC framework to build flexible data models

data
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See Talk
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BORG®: A Modular statistical programing engine

A MCMC framework to build flexible data models

data
dl’dz

See Talk

by
Guilhem Lavaux

data - data
de dZ dl, dz

Marginalize out nuisance parameters.

Straightforward combinations of HMC with other samplers:
» Use e.g. slice sampling for unit acceptance (Neal 2003)



Systematics: Foreground contaminations

Foreground effect contaminate the inference ( see e.g. Leistedt & Peiris (2014))

Dust map Star density map
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Jasche & Lavaux 2017 (arXiv:1706.08971)



Mock data emulating LOWZ + CMASS

Without foreground correction With foreground correction
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Systematics: Foreground contaminations

Mock data emulating LOWZ + CMASS

Without foreground correction With foreground correction
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Use inferred 3D density field as diagnostics.

Jasche & Lavaux 2017 (arXiv:1706.08971)



Uncertainties: Photo-z

Photometric redshift surveys
(e.g. LSST / Euclid) 400

= Deep volumes

= Millions of galaxies 500

= Low redshift accuracy

affects density fields

&, 200
> and =
r'.h“i

cosmological analyses

See e.g. Blake, Bridle 2005

100

But:
Galaxies trace the
matter distribution!! 0

x [Mpc]
Jasche et al 2010 (arXiv:0911.2498)



Uncertainties: Photo-z

Jasche, Wandelt 2012 (arXiv:1106.2757)
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Uncertainties: Photo-z

Proof of concept: Application to mock data
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The non-linear LSS of our Universe

Final conditions inferred from spectroscopic 2M++ data

Jasche & Lavaux 2018 (arXiv:1806.11117)
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Initial conditions inferred from spectroscopic 2M++ data

Jasche & Lavaux 2018 (arXiv:1806.11117)




Posterior Power-S

A posteriori tests of 2-pt and 1-pt functions
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Fractional Hubble Uncertainties
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Jasche & Lavaux 2018 (arXiv:1806.11117)



Fractional Hubble Uncertainties

Fractional Hubble Uncertainties R < 60 Mpc/h

-0.15 AH/H, 0.15
Jasche & Lavaux 2018 (arXiv:1806.11117)



Vorticity of the velocity field

Perseus Pisces:

Galactic

o(|w|)

g1
Jasche & Lavaux 2018 arxiv:1806. 11117




Comparing local velocity fields

2M++ (Carrick et al.)
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The Coma Cluster




0.0522986 log(2 + 6) 3.45562



v of the coma cluster

Jasche & Lavaux (in prep)



Dvnamic mass estimates

Jasche & Lavaux 2018 (arXiv:1806.11117)

V[10%(Mpch~1)3]
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Coma Mass Profile
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Dvnamic mass estimates
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Project by Natalia Porqueres (MPA)
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In(Occurrence rate)

NSy(é)
Nagn(9)

Occurrence =

H LINER

-3.5}| F Seyfert
- Transition

-4 -3 =2

Transition objects convert to LINERs as suggested by Constantin et al. (2008)

) 0 1 2 3 4 5
In(1 +4)

Porqueres et al. 2018 ( arXiv:1710.07641 )



__Bayesian inference of the high-z LSS

Project by Natalia Porqueres (MPA)

Flux
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The Lyman alpha forest

Mock Quasar spectrum
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yesian inference of the higc

Preliminary results!
Inferring 3d field from 1D los: "y
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Some sample applications:
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Preliminary results!



Bayesian inference of the hic

Some sample applications: Preliminary results!

\\il\\lill*i!i‘ilti----'-'*-I

-

=

v
‘P‘.‘: Velocity fields atz =2. ' — fducial
B SRR \Il!ll‘ . 1 inferred
\\\\‘\\1\! S o o 7 @ : =« B
LB LT CEFEEEEEEE . (AR EERE R | 1012 A
LS W A NN 7R - - -~ = AN L T ] .
E::::::: 2+t | Cluster mass profile
LS Y ¥ B - p— 4 -
\ L A :
\

vvvvvvvvv

-
W w - s oy
-

w w o= s

Recovers the DM profile!

- e o B A 8 »

- - % W

- e e S S

*********** R[Mpc h—1]

- A W O O TR W O O

Porqueres et al. 2018 ( in prep )



yesian inference of the higc

Detailed MCMC treatment of Baryonic meta parameters Preliminary results!
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yesian inference of the higc

Detailed MCMC treatment of Baryonic meta parameters Preliminary results!
1000
Non-trivial distributions!!!
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Which scheme performs best?

Ask the data!

Ajij = In(P(d|5) — In (P(d|5)))
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BORG combines physical modeling with data science:

Dynamical modeling accounts for non-Gaussian statistics

~lexible data modeling via HMC and block sampling

Detailed treatment of systematics and uncertainties

= Solves complex data models in high-d

Scientific results:

= Characterization of initial conditions

= Accurate & Detailed reconstructions of the DM field

= Dynamical reconstructions (velocity + vorticity)

= We arrive at a consistent dynamical picture of our Universe
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