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Fast Forward Modeling with GPU Software (TensorFlow)

D. Lanzieri    F. Lanusse

Cosmological N-Body Simulations

Ray-tracing

Lensing lightcones implementing gravitational lensing ray-tracing in FlowPM framework (Born approximation)

20s for a 5x5 square degrees field

D. Lanzieri, F. Lanusse and J.-L. Starck, “Hybrid Physical-Neural ODEs for Fast N-body 
Simulations”, ICML, 2022. ArXiv: 2207.05509



Forward Modeling with an Emulator 
Cosmological Inference
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N. Tessore et al, “GLASS: Generator for Large Scale Structure”,  
Open Journal of Astrophysics, vol. 6, 2023
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NEED FOR HIGHER ORDER STATISTICS

V. Ajani



HIGH ORDER STATISTICS



PDF of Log-normal map
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Cosmological Inference 
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Multiple realisations, 
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V. Ajani, A. Peel, V. Pettorino, J.-L. Starck, Z. Li, J. Liu, “Constraining neutrino masses with weak-lensing starlet 
peak counts”, Physical Review D, 102, 103531, 2020,  DOI: 10.1103/PhysRevD.102.103531, [arXiv:2001.10993].

  ==>  Wavelet peak count >  power spectrum,     
           by 63% on  40% on , 72% on .

  AND    Wavelet peak count  + power spectrum  =   Wavelet peak count

  ==>  Wavelet peak count  >  mono-scale peaks,   
          by 43% on  25% on , 34% on .

𝑀𝜈, Ω𝑚 𝐴𝑠

𝑀𝜈, Ω𝑚 𝐴𝑠

Multi-scale peaks alone perform as well as multi-scale peaks + power spectrum 

Wavelet Peaks: RESULTS

Convergence Map from MassiveNus simulations



Wavelet Peaks Covariance Matrix

STARLET MULTI-GAUSSIAN

Starlet filter tends to make the covariance matrix more diagonal 
https://arxiv.org/abs/2001.10993 Ajani et al, Phys. Rev. D 102, 103531, (2020) 
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Outperform starlet peaks:

28% on Mν
33% on Ωm 
20% on As. 

Outperform power spectrum: 
72% on Mν
60% on Ωm
75% on As

V. Ajani, J.-L. Starck, V. Pettorino, J. Liu,  “Starlet   - norm for weak lensing cosmology”, A&A, 645, L11, 2021, 
arXiv:2101.01542

ℓ1

==> unified framework to simultaneously account for peaks+voids , and outperforms power spectrum and state of the art peaks and void 
statistics

https://arxiv.org/abs/2101.01542


Wavelet l1-norm theoretical prediction

Based on previous work on Large Deviation Theory: A framework to predict one-PDF in mildly non-linear regime

Probability 
Density 
Function

Spherical Collapse

We know the PDF Rate 
Function

arXiv:2406.10033 , A&A, 691, Nov 2024. 

- A. Bartelemy, S. Codis, F. Bernadeau, Probability distribution function of the aperture 
mass field with large deviation theory, MNRAS 2021

V. Tinnaneri Sreekanth 

https://ui.adsabs.harvard.edu/link_gateway/2024arXiv240610033T/arxiv:2406.10033
https://academic.oup.com/mnras/article-abstract/503/4/5204/6195516
https://academic.oup.com/mnras/article-abstract/503/4/5204/6195516


Using LDT first to get the   

P(wj)
Apply this in the LDT framework to get the wavelet ℓ1-norm of 
the wavelet coefficients 

wj

<latexit sha1_base64="6wOeKQ2a/FO1MpkaH3s+lExGwuI=">AAACGnicbVDLSgNBEJyNrxhfUY9eBoMgqGFXRT1oCHrxGME8IAlL72SSTDK7O8zMRsKS7/Dir3jxoIg38eLfOHkcNLGgoajqprvLE5wpbdvfVmJufmFxKbmcWlldW99Ib26VVBhJQosk5KGseKAoZwEtaqY5rQhJwfc4LXvdm6Ff7lGpWBjc676gdR9aAWsyAtpIbtp5cDv4Cl/WuiAEHNZ6IEWbuXHnwBnk8NGM0cm56YydtUfAs8SZkAyaoOCmP2uNkEQ+DTThoFTVsYWuxyA1I5wOUrVIUQGkCy1aNTQAn6p6PHptgPeM0sDNUJoKNB6pvydi8JXq+57p9EG31bQ3FP/zqpFuXtRjFohI04CMFzUjjnWIhznhBpOUaN43BIhk5lZM2iCBaJNmyoTgTL88S0rHWecse3J3mslfT+JIoh20i/aRg85RHt2iAioigh7RM3pFb9aT9WK9Wx/j1oQ1mdlGf2B9/QDvnZ+X</latexit>

wj =< ,'j+1 > � < ,'j >

Deriving wavelet ℓ1-norm LDT

V. Tinnaneri Sreekanth 

Theory

Data

<latexit sha1_base64="Pljqk1BZuFOlQG8mZkVjDKFmEnM="></latexit>

l1(⇥j ,Bj,i) =

#coef(Bj,i)X

k=1

| wj,k |

<latexit sha1_base64="XKFe/ZquCAkWhbnrcduJ/CJgeFo="></latexit>

l1(⇥j ,Bj,i) = BiProbLDT
⇥j

(wj)



Deriving wavelet ℓ1-norm LDT

Simulation used: Takahashi’s 

V. Tinnaneri Sreekanth 



On-going Work: Wavelet l1-norm emulator  

Emulation of a map with the same l1-norm and pdf as another N-body simulated map



Wavelet l1-norm for both prediction and 
emulated map  



Conclusions  

•We need different analytical methods to extract non-Gaussianities 	

•Using Higher-Order statistics	

•Wavelet ℓ1-norm is shown to be a better estimator in comparison to power spectrum, 
[multi-scales] peaks and void statistics	

•Current methods use simulations based approach —> Highly resource intensive	

•Need theoretical modelling	

•Use LDT based approach to obtain the PDF for mass maps	

•Derived wavelet ℓ1-norm from PDF 	

•Future work: Develop a forward modelling inference approach based on the wavelet l1-
norm emulator. 


