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A disclaimer

OA previous acquaintance with probability and

statisticsis not necessaryindeed,a certainamount

of innocencan this areamay be desirable because
therewill belessto unlearné

T Edwin Thompson Jaynes (2003, Probability
Theory TheLogicof Science

E. T. Jaynes (1922398)

A For the purpose of this talk, please forget the following concepts:
gmeasurements 2 F L2 GOSN ALISOGNI k O2 NN
amocke catalogues to measure frequencies
I f IwEght€d 2 Ndokeftoréd G2 GKS RIGIF
backwardY 2 RSt f A y 3 {IBOKefdndirdeS8ch T2 NJ &

any remaining frequentist concept (estimators?/ maximum
likelihood, etc.)
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Bayesian largecale structure inference codes

A Codes developed by the Aquila Consortium:

Physical modelling

ARES HADES BORG BORE&M
Gaussiarinear LognormalPoisson LPTPoisson PM-Poisson
JJet-a) 0911.2493 JJ & Kitaura; 0911.2496 JJ & BW,1203.3639 JJ & G1806.11117
JJ & BW, 1306.1821 JJ & B\W106.2757 JJ, FL & BW,1409.6308
JJ & GL,1402.1763 GL & JJ, 1509.05040

é Data aspects
* JJ =JdensJasche, GL= Guilhem Lavaux; FL. = Florent-Leclereg, BW = Benjamin Wanc

A Additional features:
Power spectrum inference
Galaxy bias (various models), redsisface distortions, lightone
effects

Alcockt I Ol @ftéct §nd cosmological parameter inference
Ramandlavaus&Wandelt 2018, arXiv:1808.07496

Foregrounds and treatment of unknown systematics
Jasch&Lavaux 0 1 7, wk |Porquer@ama sOh&LavalB01§, arXiv:1812.05113
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Bayesian largecale structure inference codes

A Check ARES i@bs://bitbucket.org/bayesian Iss team/

A All of these codes giveamplesof the respective posterior
distributions.
ﬂOnIy one rurof the code gives uncertainties!
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https://bitbucket.org/bayesian_lss_team/
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Comparing BLSS methods
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Jaschet-al2010; arXiv:0911.2493

Lognormak; Poisson

Jasche & Kitaura 2010,
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Jasche & Wandelt:2013, arXiv:1306.1821 arXiv:0911.2496 arXiv:1203.3639
A Which scheme performs best? Ask the datal!
ARES HADES BORG
R N _ ARES 0 219580.31  -383482.25
AZJ R ln(’P(d|53)) 1n(73(d|53)) HADES  219580.31 0 -163901.94
BORG 38348225  163901.94 0.
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The BORG SDSS analysis
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334,074galaxiesf 17 millionparameters,3 TB of primary data products,
12,000samplesf 250,000data model evaluations,0 months on 32 cores

Jasche, FL & Wandelt'2015; arXiv:1409.6308
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Cosmography In thteipergalactiplane

Virgo -Bodtes -
Hercules filament

Bootes void

Coma cluster

FL,Jasche; Lavaux, Wandelt & Percival 2017, arXiv:1601.00093
Florent Leclercq Density reconstruction via Bayesian lasgale structure inference



