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Plan

Machine learning help with “classic” inference problems 

Seemingly easy question: do experiments agree?
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The Dark Energy Survey

570-Megapixel digital camera, 
DECam, mounted on the 

Blanco 4-meter telescope at 
Cerro Tololo Inter-American 

Observatory (Chile). 

Me and DES:


Led “tensions” working group

Now lead of Dark Energy searches 

Several key contributions to main analysis

Builder

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

Largest map of the Dark Universe

( Based on some work in the Dark Energy Survey )
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Agreement or disagreement?

Seemingly easy question: do experiments agree?

( Based on some work in the Dark Energy Survey )
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DES Y3 weak lensing

Planck 2018 CMB
clumpiness of the 

Universe

fractional matter abundance 

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

( Based on some work within the Dark Energy Survey )

Data complexity

Dark Energy Survey



 
 

Marco Raveri 7

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

°0.5 0.0 0.5

µ1

°0.5

0.0

0.5

µ 2

°0.5 0.0 0.5

µ2

data set A

data set B



 
 

Marco Raveri 13

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:
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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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P (�✓) =

Z
P1(✓1)P2(✓1 ��✓)d✓1

<latexit sha1_base64="vAsQ/F8e3kKaXl4kQ7vM22bHxK4="></latexit>
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Second integral can be done with KDE but is very expensive

18

Parameter differences in practice

( Raveri and Doux arXiv:2105.03324 )
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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>

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>

� =

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>
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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%
<latexit sha1_base64="m9dr28J3amwqECf3eREHCMmvi3I=">AAAB+HicbVC7TsNAEDzzDOEVoKQ5EUWiiuyARCiQImgog0QeUmJF58smHDmfrbs1UrDyD7RQ0SFa/oaCf8E2LiBhqtHMrnZ2vFAKg7b9aS0tr6yurRc2iptb2zu7pb39tgkizaHFAxnorscMSKGghQIldEMNzPckdLzJVep3HkAbEahbnIbg+mysxEhwhonUbl6c1/uVQalsV+0MdJE4OSmTHM1B6as/DHjkg0IumTE9xw7RjZlGwSXMiv3IQMj4hI2hl1DFfDBunKWd0UpkGAY0BE2FpJkIvzdi5hsz9b1k0md4Z+a9VPzP60U4qruxUGGEoHh6CIWE7JDhWiQ1AB0KDYgsTQ5UKMqZZoigBWWcJ2KU9FJM+nDmv18k7VrVOanWbk7Ljcu8mQI5JEfkmDjkjDTINWmSFuHknjyRZ/JiPVqv1pv1/jO6ZOU7B+QPrI9v3piSvg==</latexit>
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Pulsar Timing Arrays

From arXiv:2309.00693 “Comparing recent PTA results on the nanohertz stochastic gravitational wave background”

Industry-standard for tension calculations

Adopted by PTA collaborations - NOT including MR!
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Strong Lensing of Gravitational Waves

Large lumps of matter deflect light and GW

If the geometry is right, 

multiple images form

( Based on arXiv:2509.06901 )
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Strong Lensing of Gravitational Waves

Large lumps of matter deflect light and GW

If the geometry is right, 

multiple images form

( Based on arXiv:2509.06901 )
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Strong Lensing of Gravitational Waves

GW “images” are not spatially resolved

…but they are resolved in time…

( Based on arXiv:2509.06901 )
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Strong Lensing of Gravitational Waves

Search for all pairs ( ) of GW events and look for ones that have 
the same physical properties
N2

…inverse exercise with respect to tensions…

( Based on arXiv:2509.06901 )
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Gravitational Waves NFs

( Based on arXiv:2509.06901 )
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( Based on arXiv:2509.06901 )

Strong Lensing search with O3

Few interesting candidates for EM followup!
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Outlook

Machine learning algorithms can help tackling problems in 
statistical inference that would be unfeasible otherwise


Precisely estimate agreement/disagreement between 
different experiments


Outperforming any other method…


