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  Ultimately: we want to fit a model to this kind of picture, and the pixel by pixel spectrum 
That’s very challenging, probably impossible → we reduce those datasets

©CFHT/Coelum/Terapix/AstrOmatic



  

A proposal to model observations of the Universe



  

?
Do something

Reduce

Cosmological parameters
Global cosmological properties

Weights, 
compute correlations

Fit model to 
even further 
reduced data

BORG

Different analysis pathways...Different analysis pathways...



  

The ideal schemeThe ideal scheme

Image credit: Arturas Slapsys, Horizon AGN collaboration

Initial conditions Super-Ramses Hyper-Horizon

Compare

Virtual Euclid



  

The more pragmatic scheme: BORG3The more pragmatic scheme: BORG3
Initial conditions N-body solver Some magic



  

A growing software basisA growing software basis

Image credits: Paramount Pictures

The BORG cube

Check ARES at https://bitbucket.org/bayesian_lss_team/

Jasche & Wandelt (2013), Jasche & Lavaux (2019), …



  

The inference chainThe inference chain
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Lavaux, Jasche & Leclercq (2019, submitted)
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SDSS-III/BOSS dataSDSS-III/BOSS data

Panstarrs

SDSS

SDSS DR12 galaxy sample
~1.6 millions of galaxies



  

11 foregrounds (here only 8)… still much less than Leistedt & Peiris (2014) but improving

0

Star densities

Sky fluxes

DUST

psfWidth

...

...

Non exhaustive list of contaminantsNon exhaustive list of contaminants



  

How to handle the unknown systematics?



  

Accounting for unknown systematicsAccounting for unknown systematics

Porqueres, Ramanah, Jasche & Lavaux (2018)

Each count in 3d patch Poisson probability↶

Map of the patches on the sky ...Extruded in 3d

Yield a new effective likelihood



  

Results on mock SDSS3 dataResults on mock SDSS3 data

Porqueres, Ramanah, Jasche & Lavaux (2018)

Inference of contaminated data 
without correction

Robust inference of contaminated data 



  

What about the bias model?



  

Expected number of galaxiesExpected number of galaxies

Quadratic form Number of galaxies 
at voxel x

Simple, but capture non-local information about galaxy formation

Major improvement with neural bias: Charnock et al. (2019, submitted, arXiv tomorrow)

Lavaux, Jasche & Leclercq (2019, submitted)



  

The final model and results
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The inference chainThe inference chain

CosmologyCosmology

Power-spectrumPower-spectrum

Gaussian 
density fluctuations

Gaussian 
density fluctuations

Lagrangian 
Perturbation theory

Lagrangian 
Perturbation theory

Bias model: 
Quadratic oct-tree

Bias model: 
Quadratic oct-tree

Robust likelihoodRobust likelihoodPoisson likelihoodPoisson likelihood

SDSS dataSDSS dataSystematic mapsSystematic maps

Matter densityMatter density

Lavaux, Jasche & Leclercq (2019, submitted)



  

Results on SDSS-III/BOSS: density and P(k)Results on SDSS-III/BOSS: density and P(k)

Ensemble mean density Standard deviation

Lavaux, Jasche & Leclercq (2019, submitted)



  

Results on SDSS-III/BOSS: density and P(k)Results on SDSS-III/BOSS: density and P(k)

Lavaux, Jasche & Leclercq (2019, submitted)

No apparent contamination

Burn-in propertiesA posteriori powerspectrum

MCMC identifier



  

Results on SDSS-III/BOSS: density and P(k)Results on SDSS-III/BOSS: density and P(k)

Kalus, Percival et al. (2018, MNRAS)
Lavaux, Jasche & Leclercq (2019 submitted)

BORG a posteriori powerspectrum



  

CMB LensingCMB Lensing

Lensing convergence

SDSS3/BORG

Planck 2018



  

Application to CMB lensingApplication to CMB lensing

Expected

Mean 
cross-
correlation

Estimated error 
from MCMC

Convergence
κ

BORG / CMASS 
x 100

Convergence
κplanck x 100

Lavaux, Jasche & Leclercq (2019, submitted)



  

Systematic map inferenceSystematic map inference

Lavaux, Jasche & Leclercq (2019, submitted)



  

Systematic map inferenceSystematic map inference
Some of the 
odd features

Lavaux, Jasche & Leclercq (2019, submitted)



  

Conclusion



  

Take home messageTake home message

Automated cosmological inference
Eliminating systematic effect 
Gravity model validated with lensing

Need to increase resolution
Not laptop computing

Bias model to be improved
See tomorrow’s arxiv paper by Charnock et al.



  

The Aquila consortiumThe Aquila consortium

https://aquila-consortium.org/

● Founded in 2016

● Gather people interested in working with each other on developing the Bayesian pipelines 
and run analysis on data.

https://aquila-consortium.org/
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