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Cosmology results from non-Gaussian statistics

+


Their agreement with other probes

1. Weak gravitational lensing observables and the Dark Energy Survey


2. agreement and disagreement between different experiments 


3. example use with DES Y3 data

Marco Gatti
(Upenn)
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Structures in the Universe

( Illustris simulation )
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Weak Gravitational Lensing
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Weak Gravitational Lensing

(sources)

(lenses)
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Weak Gravitational Lensing

Mass Map reconstruction

( Credit: M. Gatti )
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The Dark Energy Survey (DES)

570-Megapixel digital camera, 
DECam, mounted on the 

Blanco 4-meter telescope at 
Cerro Tololo Inter-American 

Observatory (Chile). 

~5k sq. deg. after 6 years of observations 
(one-fifth of the usable sky)


Shapes, photometric redshifts, positions of 
300M galaxies  

( Based on some work in DES )
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The Dark Energy Survey (DES)

( Based on some work in DES )
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The Dark Energy Survey

Largest map of the Dark Universe

( Based on some work in DES )
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The DES mass map

( Credit: M. Gatti )

5000 sq. degrees,  
100 million galaxy shapes

The convergence field is 
not Gaussian
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Why looking for non-Gaussianity in LSS?

Gravitational fluid dynamics is non-linear physics

If initial conditions are Gaussian (only variance)  
evolved distributions become non-Gaussian (more numbers) 

Extra numbers tell us how gravity clumped things together
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Growing interest in weak lensing Non Gaussianity

Peaks statistics  
(e.g. Kacprzak et al. 2016; Martinet et al. 2018; Peel et al. 2018; Shan et al. 2018; Ajani et al. 

2020; Z¸rcher et al. 2021a,2021b..)

High order Moments  

(Chang et al. 2018; Vicinanza et al. 2018; Peel et al. 2018; Gatti et al. 2020,2021…)

3pt correlation functions 

(Takada & Jain 2003, 2004; Semboloni et al. 2011; Fu et al. 2014,Secco et al 2022...)

Minkowski functionals  

(Kratochvil et al. 2012; Petri et al. 2015; Vicinanza et al. 2019; Parroni et al. 2020...)

Machine Learning  

(Ribli et al. 2019; Fluri et al. 2018, 2019; Jeffrey et al. 2021a…)

Wavelet-based methods  

(Allys 2021, Cheng 2021, Gatti et al in prep….)

Others (PDF,minima counts, L1-norm, k-nearest Neighbor distributions,....)


[DISCLAIMER: non-exhaustive!]


( Credit: M. Gatti )
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Non-Gaussian statistics in DES: moments

DES mass map

Observable: moments of the 
distribution at different smoothing 

scales

( DES Y3 moments analysis, Gatti+21, [2110.10141] )
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Non-Gaussian statistics in DES: peaks

DES mass map

( DES Y3 peaks analysis, Zuercher+22, [2110.10135] )

Observable: number of mass peaks 
at a given smoothing scale
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From maps to cosmology

Two different strategies to model high order statistics

( Credit: M. Gatti )
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Analytical modeling: moments

The goal The algebra

( Credit: M. Gatti )
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Simulation based modeling: peaks

clumpiness of the 
Universe

fractional matter abundance 

(everything else is Dark Energy)

Simulation-based forward modeling: 
lots of simulations required!

( Credit: D. Zuercher )
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Simulation based modeling: peaks

Prediction for peak function

( Credit: D. Zuercher )
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Cosmology from DES Y3 2nd+3rd moments

3rd moments probe additional non 
Gaussian information & break 

degeneracy


3rd moments is partially 
independent of second -> different 

impact of systematics.


3rd+2nd moments improve 
constraints by 30% over 2nd 

moments only

Most stringent constraints on 
S8 from a WL analysis to date!

( Credit: M. Gatti )
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Cosmology from DES Y3 Power Spectra+ Peaks

Peaks+Power Spectra(CL) improve 
constraints by 40% over Power 

Spectra only

Similar constraining power on 
S8 of the moments analysis
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Agreement or disagreement?

Seemingly easy question: do experiments agree?

( Based on some work in DES )
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Universe

fractional matter abundance 

(everything else is Dark Energy)
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Testing concordance: the challenges

( Based on some work in DES )

Data complexity

Dark Energy Survey
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Testing concordance: the challenges

data complexity

Example of a data vector 

for a next generation 
experiment (Euclid)


…  data points!O(106)

( Based on some work in Euclid )
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Testing concordance: the challenges

Complicated models come with 
high dimensional parameter 

spaces.


In cosmology it is customary to work with 
~30-50 parameters.


Only 6 are related to fundamental physics.

model complexity

( This is the DES parameter space… )
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Testing concordance: the challenges
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Projections of the parameter space might hide discrepancies

What are these data sets?

Do they agree?
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Testing concordance: the challenges
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Projections of the parameter space might hide discrepancies

What are these data sets? Planck CMB and local Hubble constant

Do they agree? No, to 5 sigma
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Testing concordance: the challenges

( made up posteriors from Lemos, MR et al arXiv:2012.09554 )

What is going on?
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Testing concordance: the challenges

( made up posteriors from Lemos, MR et al arXiv:2012.09554 )

We are being tricked by low dimensional projections
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Testing concordance when life is hard:

Theoretical papers:


• Raveri and Hu, “Concordance and Discordance in Cosmology”  
arXiv 1806.04649


• Raveri, Zacharegkas, Hu, “Quantifying concordance of correlated cosmological 
data sets” arXiv 1912.04880


• Raveri and Doux, “Non-Gaussian estimates of tensions in cosmological 
parameters” arXiv  2105.03324

Code implementation (in Python, with several example notebooks)

tools of the trade:

Used by many collaborations: DES, ACT, PTA
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Parameter differences

( Raveri and Doux arXiv:2105.03324 )

Full dimensional distribution of differences in parameters

P1(✓1)P2(✓2)
<latexit sha1_base64="K1VVUaG8XApNthcxXfGRb5kpFWY=">AAACD3icbVC7TgJREL3rE/GFWtLcSEygIbtooiXRxhITeSRANrOXAW64+8i9syaEUPgJfoWtVnbG1k+w8F9ccE0UPNWZc2YyM8eLlDRk2x/Wyura+sZmZiu7vbO7t587OGyYMNYC6yJUoW55YFDJAOskSWEr0gi+p7Dpja5mfvMOtZFhcEvjCLs+DALZlwIokdxcvuY6xQ4NkcB1SrzmVn6qSsnNFeyyPQdfJk5KCixFzc19dnqhiH0MSCgwpu3YEXUnoEkKhdNsJzYYgRjBANsJDcBH053Mn5jyk9gAhTxCzaXicxF/T0zAN2bse0mnDzQ0i95M/M9rx9S/6E5kEMWEgZgtIqlwvsgILZN0kPekRiKYXY5cBlyABiLUkoMQiRgncWWTPJzF75dJo1J2TsuVm7NC9TJNJsPy7JgVmcPOWZVdsxqrM8Hu2SN7Ys/Wg/VivVpv360rVjpzxP7Aev8CxoWayg==</latexit>

P1(✓1)P2(✓1 ��✓)
<latexit sha1_base64="5MnXUoEg0xFVt2ZblcAyHnrUJgI=">AAACHnicbVDJSgNBEO1xjXEb9eilMQgqGGaioMegHjyOYKKQDENNW5omPQvdNUIY8g9+gl/hVU/exKse/BcnC+L2Tq/eq6KqXpgqachx3q2JyanpmdnSXHl+YXFp2V5ZbZok0wIbIlGJvgzBoJIxNkiSwstUI0ShwouwezzwL25RG5nE59RL0Y/gJpbXUgAVUmDveIG71aYOEgTuNveC2lfFd3n7BBXBSNgO7IpTdYbgf4k7JhU2hhfYH+2rRGQRxiQUGNNynZT8HDRJobBfbmcGUxBduMFWQWOI0Pj58Kc+38wMUMJT1FwqPhTx+0QOkTG9KCw6I6CO+e0NxP+8VkbXh34u4zQjjMVgEUmFw0VGaFmEhfxKaiSCweXIZcwFaCBCLTkIUYhZkV65yMP9/f1f0qxV3b1q7Wy/Uj8aJ1Ni62yDbTGXHbA6O2UeazDB7tgDe2RP1r31bL1Yr6PWCWs8s8Z+wHr7BJsyoIQ=</latexit>

P (�✓) =

Z
P1(✓1)P2(✓1 ��✓)d✓1

<latexit sha1_base64="vAsQ/F8e3kKaXl4kQ7vM22bHxK4="></latexit>

Start with:

change variables:

integrate out
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Parameter differences

( Raveri and Doux arXiv:2105.03324 )

P (�✓) =

Z
P1(✓1)P2(✓1 ��✓)d✓1

<latexit sha1_base64="vAsQ/F8e3kKaXl4kQ7vM22bHxK4="></latexit>

� =

Z

P (�✓)>P (0)
P (�✓)d�✓

<latexit sha1_base64="ad4a+Xbt+x1RKFeCsbmt3MxsmxM=">AAACOHicbZDLSgNBEEV7fMb4irp00xiEZBNmVNCNEtSFywhGhUwINZ1K0tjTM3TXCGHID/kJfoVbBcGduPULnDwWMVqr2+dWUV03iJW05Lqvztz8wuLScm4lv7q2vrFZ2Nq+tVFiBNZFpCJzH4BFJTXWSZLC+9gghIHCu+DhYujfPaKxMtI31I+xGUJXy44UQBlqFS79S1QE/JT7UlMrrZXGwKceEpT5Ga+V3PKAz/L29LNVKLoVd1T8r/AmosgmVWsV3v12JJIQNQkF1jY8N6ZmCoakUDjI+4nFGMQDdLGRSQ0h2mY6unbA9xMLFPEYDZeKjyBOT6QQWtsPg6wzBOrZWW8I//MaCXVOmqnUcUKoxXARSYWjRVYYmcWIvC0NEsHw58il5gIMEKGRHITIYJLlms/y8Gav/ytuDyreYeXg+qhYPZ8kk2O7bI+VmMeOWZVdsRqrM8Ge2At7ZW/Os/PhfDpf49Y5ZzKzw36V8/0DCY2q+g==</latexit>

Our goal:
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Parameter differences: the bad news…

Way out assuming Gaussianity: Raveri & Hu arXiv:1806.04649

P (�✓) =

Z
P1(✓1)P2(✓1 ��✓)d✓1

<latexit sha1_base64="vAsQ/F8e3kKaXl4kQ7vM22bHxK4="></latexit>

Usually very high dimensional integral

� =

Z

P (�✓)>P (0)
P (�✓)d�✓

<latexit sha1_base64="ad4a+Xbt+x1RKFeCsbmt3MxsmxM=">AAACOHicbZDLSgNBEEV7fMb4irp00xiEZBNmVNCNEtSFywhGhUwINZ1K0tjTM3TXCGHID/kJfoVbBcGduPULnDwWMVqr2+dWUV03iJW05Lqvztz8wuLScm4lv7q2vrFZ2Nq+tVFiBNZFpCJzH4BFJTXWSZLC+9gghIHCu+DhYujfPaKxMtI31I+xGUJXy44UQBlqFS79S1QE/JT7UlMrrZXGwKceEpT5Ga+V3PKAz/L29LNVKLoVd1T8r/AmosgmVWsV3v12JJIQNQkF1jY8N6ZmCoakUDjI+4nFGMQDdLGRSQ0h2mY6unbA9xMLFPEYDZeKjyBOT6QQWtsPg6wzBOrZWW8I//MaCXVOmqnUcUKoxXARSYWjRVYYmcWIvC0NEsHw58il5gIMEKGRHITIYJLlms/y8Gav/ytuDyreYeXg+qhYPZ8kk2O7bI+VmMeOWZVdsRqrM8Ge2At7ZW/Os/PhfDpf49Y5ZzKzw36V8/0DCY2q+g==</latexit>

Usually very high dimensional integral
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Parameter differences in practice

( Raveri and Doux arXiv:2105.03324 )

What to do when the 
distribution is 


non-Gaussian?


No way out of 
performing the 

integrals…

First integral can be done with Monte Carlo
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Second integral can be done with KDE but is very expensive

34

Parameter differences in practice

( Raveri and Doux arXiv:2105.03324 )
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<latexit sha1_base64="ad4a+Xbt+x1RKFeCsbmt3MxsmxM=">AAACOHicbZDLSgNBEEV7fMb4irp00xiEZBNmVNCNEtSFywhGhUwINZ1K0tjTM3TXCGHID/kJfoVbBcGduPULnDwWMVqr2+dWUV03iJW05Lqvztz8wuLScm4lv7q2vrFZ2Nq+tVFiBNZFpCJzH4BFJTXWSZLC+9gghIHCu+DhYujfPaKxMtI31I+xGUJXy44UQBlqFS79S1QE/JT7UlMrrZXGwKceEpT5Ga+V3PKAz/L29LNVKLoVd1T8r/AmosgmVWsV3v12JJIQNQkF1jY8N6ZmCoakUDjI+4nFGMQDdLGRSQ0h2mY6unbA9xMLFPEYDZeKjyBOT6QQWtsPg6wzBOrZWW8I//MaCXVOmqnUcUKoxXARSYWjRVYYmcWIvC0NEsHw58il5gIMEKGRHITIYJLlms/y8Gav/ytuDyreYeXg+qhYPZ8kk2O7bI+VmMeOWZVdsRqrM8Ge2At7ZW/Os/PhfDpf49Y5ZzKzw36V8/0DCY2q+g==</latexit>

Naive algorithm is N^2 (not doable) 
R&D arXiv:2105.03324 has the NlogN algorithm which is still 

very expensive (curse of dimensionality of KDEs)
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Parameter differences and machine learning

( Raveri and Doux arXiv:2105.03324 )

Solution: 

learn the parameter 

difference posterior


…then MC integrate

P (�✓)
<latexit sha1_base64="lbrQ3Ja0/QzHku7uq2fyov+DQB8=">AAACA3icbVA9TwJBEN3DL8QPUEubjcQEG3KHJloStbDERJAECJlbBtiw95HdORNCKP0VtlrZGVt/iIX/xbvzCgVf9fLeTObNc0MlDdn2p5VbWV1b38hvFra2d3aLpb39lgkiLbApAhXotgsGlfSxSZIUtkON4LkK793JVeLfP6A2MvDvaBpiz4ORL4dSAMVSv1RsVLrXqAi6NEaCk36pbFftFHyZOBkpswyNfumrOwhE5KFPQoExHccOqTcDTVIonBe6kcEQxARG2ImpDx6a3iwNPufHkQEKeIiaS8VTEX9vzMAzZuq58aQHNDaLXiL+53UiGl70ZtIPI0JfJIdIKkwPGaFl3AjygdRIBEly5NLnAjQQoZYchIjFKK6oEPfhLH6/TFq1qnNard2eleuXWTN5dsiOWIU57JzV2Q1rsCYTLGJP7Jm9WI/Wq/Vmvf+M5qxs54D9gfXxDcYblyM=</latexit>

� =
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P (�✓)>P (0)
P (�✓)d�✓

<latexit sha1_base64="ad4a+Xbt+x1RKFeCsbmt3MxsmxM=">AAACOHicbZDLSgNBEEV7fMb4irp00xiEZBNmVNCNEtSFywhGhUwINZ1K0tjTM3TXCGHID/kJfoVbBcGduPULnDwWMVqr2+dWUV03iJW05Lqvztz8wuLScm4lv7q2vrFZ2Nq+tVFiBNZFpCJzH4BFJTXWSZLC+9gghIHCu+DhYujfPaKxMtI31I+xGUJXy44UQBlqFS79S1QE/JT7UlMrrZXGwKceEpT5Ga+V3PKAz/L29LNVKLoVd1T8r/AmosgmVWsV3v12JJIQNQkF1jY8N6ZmCoakUDjI+4nFGMQDdLGRSQ0h2mY6unbA9xMLFPEYDZeKjyBOT6QQWtsPg6wzBOrZWW8I//MaCXVOmqnUcUKoxXARSYWjRVYYmcWIvC0NEsHw58il5gIMEKGRHITIYJLlms/y8Gav/ytuDyreYeXg+qhYPZ8kk2O7bI+VmMeOWZVdsRqrM8Ge2At7ZW/Os/PhfDpf49Y5ZzKzw36V8/0DCY2q+g==</latexit>
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Normalizing flows

( Papamakarios, Pavlakou, Murray arXiv:1705.07057 )

MAF normalizing flows

y1 =µ1 + �1z1

yi =µ(y1...i�1) + �(y1...i�1)zi
<latexit sha1_base64="E5o7VIvx2SIBsF/v++vT9PH0Z/0="></latexit>

Stacked with permutations to ensure no coordinate is unlucky
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Normalizing flows performances

( Raveri and Doux arXiv:2105.03324 )

…trained PDFs are indistinguishable from real (KDE) ones…
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Normalizing flows performances

( Raveri and Doux arXiv:2105.03324 )

Matches or outperforms KDE based methods in all our tests
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Application to DES Y3

( Based on DES Y3 KP arXiv:2105.13549 )
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DES Y3 weak lensing

Planck 2018 CMB
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…all other parameters are hidden…

Original parameter space Difference parameter space

P = 98%
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Back to non-Gaussian statistics

Broad consistency between 
different measurements
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Back to non-Gaussian statistics

They are consistent (<3σ), 
although note that 3rd 

moments alone shows a 2.8 
tension

Consistency with Planck
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Outlook

Gravity induces non-Gaussianity in cosmological 
observations. Rich datasets, hard to extract and model.


Non-Gaussian statistics help with cosmological constraints. 
Worked example from the state-of-the-art WL survey.


Understanding which statistic is more useful and how to 
best model it is the current challenge.
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Outlook

Non-Gaussianity in parameter space complicates the task of 
understanding when experiments agree.


We have seen how to do it and how this is made possible by 
ML algorithms. De facto industry standard.


The algorithms we use to model non-Gaussian distributions 
are extremely fast (and differentiable) -> more applications 
to come!


