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Motivations … the Bayesian inference

Likelihood Prior

Posterior
Evidence

• C the covariance matrix 
—> diagonal for uncorrelated data 
—> non vanishing off-diag otherwise 
 
The spead of the likelihood should not be  
underestimated



Motivations … a bit of theory
Volker Springel
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Fluctuation field

Statistical ppties 
described by their 

 connected moments

Power spectrum

Bispectrum

Trispectrum

Gaussian 
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(cosmic variance)

non-Gaussianities 
(Fourier modes 

correlations)
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Using Monte Carlo (later introduced) on a totaly defined set : 
• box of volume L x L x L 
• analytical P.D.F. (log-normal) 
• theoretical Power spectrum
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▶ Chalenging the accuracy of galaxy surveys implies to develop strong statistical methods in 
   LSS data analysis to constrain the large variety of cosmological models. The obsevational 
   chain must be controled and unbiased 

Need for reliable covariance matrix of a « key » observable 

▶ What kind of observable ? Need for a direct observable that does not suffer from any fiducial 
   bias :  
                                                  Angular power spectrum Cl

Cℓ(r, r′ ) = (4π)2 ∫
∞

0
dkk2P(k)jℓ(kr)jℓ(kr′ )

How  
to predict Cij ?

analytically?
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▶ Chalenging the accuracy of galaxy surveys implies to develop strong statistical methods in 
   LSS data analysis to constrain the large variety of cosmological models. The obsevational 
   chain must be controled and unbiased 

Need for reliable covariance matrix of a « key » observable 

▶ What kind of observable ? Need for a direct observable that does not suffer from any fiducial 
   bias :  
                                                  Angular power spectrum Cl

How  
to predict Cij ?

analytically?

numerically?
Nbody sim?

Monte Carlo

Cℓ(r, r′ ) = (4π)2 ∫
∞

0
dkk2P(k)jℓ(kr)jℓ(kr′ )

semi-analytically



Fast Monte Carlo

Theoretical Power spectrum P(k)

Probability distribution function (PDF)

Input Output

Cl’s

Cij =
P(ki)2

Mki

δD
ij + k3

f T̄(ki, kj)

Generate a galaxy catalogue 

• Step 1 : generate a non gaussian field in a box 

                with a given PDF and P(k,z) 

• Step 2 : Poisson sample it to get a snapshot 

• Step 3 : reconstruct the lightcone



Fast Monte Carlo

Theoretical Power spectrum P(k)

Input Output

Cl’s
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Generate a galaxy catalogue 

• Step 1 : generate a non gaussian field in a box 

                with a given PDF and P(k,z) 

• Step 2 : Poisson sample it to get a snapshot 

• Step 3 : reconstruct the lightcone

} So far not in  
litterature

Probability distribution function (PDF)
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FFT−1

H[ξth
δ ( ⃗x )]

FFT

gaussian 

sampling

FFT−1

L[ν( ⃗x )]

Pth
δ (k, z)

aliasing

Generate a NG field with arbitrary PDF and P(k)

• Chose a theoretical P(k,z) 
• chose a target PDF and find the transformation L (ref) 

to go from a G field nu to the NG field delta 
• Given L, how 2pcf trandforms? —> H (ref)



measured 1p P.D.F. in the case  
of a target log-normal distribution  
(analytical)
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• choose zmin,zmax for your catalogue and generate Nshl NG fields 
• Poisson sample them to get snapshots at these intermediate redshifts 
• place ourself at the center of each box 
• select shells in snapshots that correspond to the comoving volume of the redhift interval  

of the snapshot 
• glue all shells to reconstruct the lightcone

zsnap = zmin zsnap = zmin + dz

+ . . . +

zsnap = zmax

∑
i

[R(zi − dz /2), R(zi + dz /2)]

Reconstructing the light cone



Measured using Healpix (ref) 
Predicted using AngPow (ref)
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Off-diag terms



▶ Conclusion 

          • General code to simulate any universe in a power spectrum oriented analysis 
           • Fast method for accurate P(k) and Cl’s 
           • Covariance matrix prediction 
    
           —>   Baratta, Bel, Plasczcynski, Ealet  arXiv:1906.09042 
                                                                            AA/2019/36163 

▶ Next developpements  

           • RSD in next analysis 
           • Comparison with Nbody codes (DEMNUni with Sylvain Gouyou Beauchamps) 
           • Adaptation of FFT’s in curved manifold 
           • Public code 
           • Surveys forcasts 

https://arxiv.org/abs/1906.09042

