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Type Ia SuperNovae

Truong et al. 2026

Up to 7000 spectro SNe Ia 
each year 

~ 100 000 in 10 years !
Millions of photo SNe Ia →
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SNe Ia standardisation

Standardisation : M = M0+βc−αx1+γp
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Simulation based inference (SBI)

Perfect SN Ia data

Selection | Noise | Artefacts

SN Ia-variabilities w0, wa H0 fσ8
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Simulation based inference (SBI)

Perfect SN Ia data
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SN Ia-variabilities w0, wa H0 fσ8

N
ui

sa
nc

e

C
os

m
ol

og
y

Survey

"Observed" SN Ia data

ZT
FLS

ST

Likelihood 
approxim

ation

Inference
Si

m
ul

at
io

ns
s
k
y
s
u
r
v
e
y A

damLu
na

5



6

Neural Ratio Estimator

Perfect SN Ia data

Selection | Noise | Artifacts

Parameters  ( , , , ,…)⃗θ α β H0 w

SN Ia data  ( , , , ,…)⃗x x0 x1 c z
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p( ⃗x, ⃗θ)
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θ1

θ2

MCMC
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d( ⃗x, ⃗θ)

1 − d( ⃗x, ⃗θ)
=

p( ⃗x ∣ ⃗θ)
p( ⃗x)

Neural Ratio Estimator

p(y = 1 ∣ ⃗x, ⃗θ)
⃗θ

⃗x

≡ d( ⃗x, ⃗θ)
Likelihood

Evidence

Prior p(θ)
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Neural Ratio Estimator

100 000+ SNe Ia


+ observables ( , , , , …)


= minimum 400 000 input neurons !

× 4 x0 x1 c z

⃗θ

⃗x

p( ⃗x, ⃗θ)

But :


- Supernovae can be given in any order


- Sample size can vary
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Deepset Zaheer et al. (2018)
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embedding

Complex information encoded into a small size vector (400000  64)→

Classifier
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Autoregression

p(θ ∣ x) ∝ p(θ1 ∣ x) ⋅ p(θ2 ∣ x, θ1) ⋅ p(θ3 ∣ x, θ1, θ2)

θ1

⃗x

Use joint posteriors to help the network learn difficult parameters.

Karchev and Trotta (2024)

θ2

⃗x

True θ1

θ3

⃗x

True θ1

True θ2



11

Preliminary results: standardisation
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Coverage test Lemos et al. (2023)

Credibility (from posterior size)
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Regularisation

Overconfident SBI

 referenceχ2

θ2

θ1

Epochs
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Coverage test

Before regularisation After regularisation
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Preliminary results: standardisation
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Skysurvey simulation
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Preliminary results: fitting intrinsic scatter
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Preliminary results: adding malmquist bias
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Conclusions and perspectives

SLACK : #desc-snia-cosmology-collab 18
Key Project : DESC SNIa pipeline validation

Article 
writing

Development of  
a SBI method Method assessment Adding complex 

selection effects Adding cosmology

2026 2027
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Likelihood proof

The neural network outputs , the probability that the sample corresponds to the parameters in input, 
and if the priors on the two classes are equal  we can write the Bayes optimal 
classifier of binary cross-entropy as :

p(y = 1 |x, θ)
p(y = 0) = p(y = 1) = 1/2

We have a classification problem with two classes :


 : the parameters in input correspond to the data also in input, sampled from 


 : the parameters in input do not correspond to the data in input sampled from 

y = 1 p(x, θ)

y = 0 p(x)p(θ)

d(x, θ) = p(y = 1 |x, θ) =
p(x, θ)

p(x, θ) + p(x)p(θ)

By taking  we get 
d(x, θ)

1 − d(x, θ)
=

p(x, θ)
p(x, θ) + p(x)p(θ)

1 − p(x, θ)
p(x, θ) + p(x)p(θ)

p(x, θ)
p(x, θ) + p(x)p(θ)

p(x)p(θ)
p(x, θ) + p(x)p(θ)

=
p(x, θ)

p(x)p(θ)
=

p(x |θ)
p(x)

= r(x |θ)
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Joint posterior proof

p(θ ∣ x)
p(θ)

=
p(θ1 ∣ x)

p(θ1)
⋅

p(θ2 ∣ x, θ1)
p(θ2)

⋅
p(θ3 ∣ x, θ1, θ2)

p(θ3)
p(x ∣ θ)

p(x)
=

p(θ ∣ x)
p(θ)


