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A disclaimer

“ Aprevious acquaintance with probability and

statisticsis not necessaryindeed,a certainamount

of innocencein this areamay be desirable because
there will be lessto unlearn”

— Edwin Thompson Jaynes (2003, Probability
Theory ThelLogicof Science

E. T. Jaynes (1922398)

A For the purpose of this talk, please forget the following concepts:
“measurements” of power spectra [/ corr
“‘mock” catal ogs
“weights”
|l nver se mBADeconstinugtionf or
“corrections” t alata h e
estimators /¥2 / maximum likelihood, etc.
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What we want to know from the LSS

1. How do wetest our understanding of structure formation?
Precisetests oACDM require many modes
Fitting of average power spectra will hit a fundamental limit
due to the absence of phase information.

2. How did structure appear iaur Universe?

Can we jusfit the entire survey?




The CMB problem

AThe * ge ndomplicate @ simplify!
P(Cy|d) :>- P(s,Crld)
D ~ 10° D ~ 10"

A Original Gibbs sampling algorithm:

OE O P(Og|d, 5) (power spectrum sampling from inveralistribution)
S ¥ 7—7(5|d? Cg) (sampling from the Wiener filter posterior)
Generates samples oiD(S, Og|d) !

Wandelt, Larson & Lakshminarayanan 2004, arXiv:astro-ph/0310080

A But it is also possible with more parameters:
CE ¥ P(Og|5, (fg, 6fg7 d)

SN P(8|Cfv Afg, 6fg: d)
IE'> S a d
agg A Plagg|s, Cr, By, d) P( , e, fg; 5fg| )
6fg ¥ p(ﬁfg|87 Ofa afgy d)
~ Florent Leclercq (ICG Portsmouth) ~ Bayesiardargescalestructureinference
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The CMB problem
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BAYESIAN LARGE-SCALE STRUCTURE
INFERENCE CODES




Bayesian large-scale structure inference codes

A Density field inference:

Physical modeling

ARES, HADES, BORG, BORGPM

A Velocity field / distance inference:

VIRBIUS

A All codesgive samples of the respectiveposterior distributions
IQ Only one run of the codegivesuncertainties!

ﬂ




ARES: Algorithm for REconstructiorand Sampling

* Data model:

A Gaussian random field for the density
(Wiener filtering)

A Inverserl distribution for the power spectrum
e Sampler: Gibbs sampling

( Wiener-mean

LWlener Vanancej

A

( Inverse Gamma W
L sampling J

Jasche, Kitaura, Wandelt & Enf3lin 2010, arXiv:0911.2493




BAO inference by ARES
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Jasche, Kitaura, Wandelt & Enf3lin 2010, arXiv:0911.2493




ARES: Algorithm for REconstructiorand Sampling

AARES?2

A multi-survey

A\ bias and noise sampling

new o
sample

data
d ={N*}

!

_[

Y

density sampling
P(5',6'd, S, N,a)

data
d={N*}

 m—

r
bias sampling ’

P(at|d, st N

Jasche & Wandelt 2013, arXiv:1306.1821

AARES3

/A complete rewriting of the code

new o
sample

}.7

new .\

sample

A

[ noise sampling

P(N' N5

}%

data
d = {N*‘}

A

_.{

power spectrum sampling

2(S[6', N, )

-

new S

sample

A includesredshift-space distortions
A samplesforegrounds (galactic dust, stars, etc.)

Jasche & Lavaux, in prep.
Lavaux & Jasche, in prep.




HADES: HAmiltonian Density Estimatiorand Sampling

e Data model:

Photometric redshift sampling
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=220

Y/h Mpe

-260

12,0 < logyy( My /b 'M,) < 125

A Lognhormal density field
A Poisson likelihood

» Sampler: Hamiltonian Monte Carlo algorithm

12.5 < logg( My,/h "M,) < 13.0 O 13.0 € logyy(My./h "'M,) < 140

Jasche & Kitaura 2010, arXiv:0911.2496

Halo detection using/ HADES

O log(Myy,/h 'M) > 14.0

.
logyg(Byy, +1) = —0.0050

Y/h ' Mpe

Jasche & Wandelt 2013, arXiv:1203.3639

160

X/h ™ Mpe

200 -180  -160  -140  -120
X/h™ Mpe

Merson et al. 2015, arXiv:1505.03528




Bayesian forward modeling: the ideal scenario

Forward model = Nbody simulation + Halo occupation +

Gal axy formation + Feedback interinside"
> wi CORE i00
>
>

Forward model
>
>
All possible1Cs All possible ECs
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BORG: Bayesian Origin Reconstruction from Galaxies

» Sampler: Hamiltonian Monte Carlo

* Data model:
Gaussian prior for the initial conditions
Secondorder Lagrangian perturbation theory (2LPT)
Poisson likelihood

Inferred dark

_ matter density
Observations -
alaxy catalog + metdata: selection .
(© yfungtions, compl et eness..) Cosmlcweb
see also: analyS|s
Kitaura 2013, arXiv:1203.4184
Jasche & Wandelt 2013, arXiv:1203.3639 Wang, Mo, Yang & van den Bosch 2013, arXiv:1301.1348
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BORG: Bayesian Origin Reconstruction from Galaxies
ABORG?2

luminosity-dependent galaxfpias

automatic calibration ofieise levels
A BO RG3 Jasche, FL & Wandelt 2015, arXiv:1409.6308

entire code rewritingMPIl+OpenMmarallel

improvedbias model |
Lavaux & Jasche, in prep.

includesredshift-space distortions Jasche & Lavaux, in prep.

BORGPM

includes a fulparticle-mesh code
see also Wang et al. 2014, arXiv:1407.3451

VIRBIUS VeIocItyReconstructlon using Bayesian Inference Software

2 ° velocity/density field inference

true distances of galaxies Lavaux 2016, arXiv:1512.04534

Florent Leclercq (ICG Portsmouth) Bayesianargescalestructureinference



INFERENCE RESULTS
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BORG at work: SDSS chrono-cosmography
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The BORG SDSS run:

334,074galaxiesz= 17 millionsparameters,3 TB of primary data products,
12,000samplesy= 250,000data model evaluationsl,0 months on 32 cores

Jasche, FL & Wandelt 2015, arXiv:1409.6308
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Bayesian chrono-cosmography from SDSS DR7

200 500
400

400

300 300

[Mpc/hl]
Mpc/ k]

)

~ 200

— 200

—.0
—.r

100 100

0 100 200 300 400 H00 0 100 200 300 400 500
z [Mpc/h] > [Mpc/h]

_ Data
Jasche, FL & Wandelt 2015, arXiv:1409.6308
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Bayesian chrono-cosmography from SDSS DR7
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Bayesian chrono-cosmography from SDSS DR7
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Evolution of cosmic structure
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“Inference” vs “Reconstruction”
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One sample of the BORG ‘SDSS runField used for reconstruction’ of the ' SDSS

(code from'W."Percival)
Jasche, FL & Wandelt 2015, arXiv:1409.6308 Burden, Percival & Howlett 2015, arXiv:1504.02591

The differences Gaussian priortreatment of observational effects
galaxy bias-uncertainty quantification-free parameters
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z|Gpe/h|

Comparing BLSS methods

Gaussian(a.k.a)'Wiener filter)
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Jasche ef al. 2010, arXiv:0911.2493

Jasche & Wandelt 2013, arXiv:1306.1821

Aij = In(P(d]0;)) — In(P(d|0;))

Lognormal- Poisson 2LPT- Poisson
0.3 e 0.3 - .
HADES BORG
0.2} 0.2}
\ -
0.1} v 4 Ll 0.1} T o 8§
2 - ) ‘.“ - . ; A ' ".' ~
e 26 v¥ D = | _BPI AN &
0.0f % A s ™ 17 oor ¥ P A
I Rt g 5 L . Ml
-~ - XY g L8 - = 'S " ’
~0. 1 e ¢ e - -0.1} ° § Syt -
- ,.‘- : p - / - 08
: ¢ .
-0.2} o " -0.2} " 10.0
< {-08
_0.3 1 1 1 1 1 _0.3 i 1 i 1 1 -
-03 -0.2 -0.1 00 0.1 02 03 -03 -0.2 -0.1 0.0 0.1 02 03
z|Gpe/h] z[Gpe/h|
Jasche & Kitaura 2010, Jasche & Wandelt 2013’

arXiv:0911.2496

arXiv:1203.3639

A Which scheme performs best? Ask the datal!

ARES HADES BORG
ARES 0 -219580.31  -383482.25
HADES  219580.31 0 -163901.94
BORG 383482.25  163901.94 0.




VIRBIUS density and velocity fields
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Lavaux & Jasche, in prep.

PRELIMINARY
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BORG3 density field PRELIMINARY

Supergalactiplane, final density field smoothed toNdpc/h (Gaussian)
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BORG3 density field PRELIMINARY

Supergalactiplane, no smoothing
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CosMIC WEB ANALYSIS
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T-web structures inferred by BORG
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T-web structures inferred by BORG
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What is the information content of these maps?

Shannon entropy
H[P(T(Z)|d)] = —ZP i(T1)|d) logy(P(T:(Z)|d))  in shannons (Sh)

Initial ommimmms Final.conditions

500 ——————

400 400

100 | 100

100 200 300 100 500 0 100 200 300 100 500

z [Mpe/h] z [Mpc/h]
FL, Jasche & Wandelt 2015, arXiv:1502.02690 |E\



How is information propagated?

Shannon entropy

H [P(T(Zx)|d)] ——ZP i(T)|d) logy(P(Ts(Zx)|d)) in shannons (Sh)

0 100 200 300 400 500 ’

z [Mpc/h]

400

More about cosmic web analysis:

FL, Jasche & Wandelt 2015, arXiv:1502.02690

(T-web, entropy, relative entropy)

FL, Jasche & Wandelt 2015, arXiv:1503.00730
(decision theory for structure classification)

FL, Jasche, Lavaux & Wandelt 2016, arXiv:1601.00093
(classifications with DIVA & ORIGAMI)

FL, Lavaux, Jasche & Wandelt 2016, arXiv:1606.06758
(mutual information, classifier utilities)
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FL, Jasche & Wandelt 2015, arXiv:1502.02690




Concluding thoughts

* Bayesian large-scale structure inference is not an impossible
problem!
A A new method for principled analysi§ galaxy surveys

Uncertainty quantification (noise, survey geometry, selection effects an
biases)

Various degrees of physical modeling
Nonlinear and norGaussian inference, with improving techniques
A Bayesian largscale structure inference has moved beyond the
proof-of-concept stage twoutine applications to real data.

A These techniques allofull and statistically accurate inference
from galaxy surveys, which paves the path towmint BAO/RSD
analyses.

Florent Leclercq (ICG Portsmouth) Bayesianargescalestructureinference



ification in LSS maps

uncertainty quant

Epilogue




