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SNe la standardisation
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SNe la standardisation
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Selection effects
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Simulation based inference (SBI)
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Neural Ratio Estimator
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Neural Ratio Estimator
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Neural Ratio Estimator
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Dee pset Zaheer et al. (2018)
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AutoregresSsIion ... co:

Use joint posteriors to help the network learn difficult parameters.
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Cove rage teSt Lemos et al. (2023)
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Coverage test
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Volume-limited
Skysurvey simulation
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Preliminary results: fitting intrin
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Conclusions and perspectives
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Annexes




Likelihood proof

We have a classification problem with two classes :
y = 1 : the parameters in input correspond to the data also in input, sampled from p(x, 0)

y = 0 : the parameters in input do not correspond to the data in input sampled from p(x)p(6)

The neural network outputs p(y = 1| x, 8), the probability that the sample corresponds to the parameters in input,

and if the priors on the two classes are equal p(y = 0) = p(y = 1) = 1/2 we can write the Bayes optimal
classifier of binary cross-entropy as :

p(x, 0)

d(x, 0) = =1|x,0) =
O = = ) = )+ pop©)

p(x, 6) p(x, 6)
. dx,0)  px.6) +pp®) p(,0) +pp@)  px,0)  p(x|0)
By taking = D) we get - = = = r(x|6)
1l —dx,0) P pop p)p@)  px)

p(x, 0) + p(x)p(0) px, 0) + p(x)p(0)



Joint posterior proof

p(x160) p@]|x p@|x)
p(x)  p®) ’ p®




Deepset

fX) = p ( D ¢<Xl->)

There exist @ and p such that
f is permutation invariant
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