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Cosmology with standard candles
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Cosmology with standard candles
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SN la cosmology: a Nobel prize
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Hierarchical SN la cosmology

population & global parameters
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SN Ia cosmology: future
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large datasets
* high-dimensional inference

photometric redshift uncertainty
* non-Gaussian, non-linearities
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selection effects



Likelihood-based SN la cosmology

params

C a

of interest

Inference is painful:
* |arge datasets
* high-dimensional inference

* photometric redshift uncertainty
* non-Gaussian, non-linearities

* non-la contamination
e selection effects



Likelihood-based SN la cosmology

Realism is painful:

* lightcurve population

e environmental effects & dust
* Instrument model

Inference is painful:

* |arge datasets
* high-dimensional inference

params | C
of interest

* photometric redshift uncertainty
* non-Gaussian, non-linearities

* non-la contamination
e selection effects




The importance of model realism

future

1000 SNe Ia 2000 SN Ia 5000 SNe Ia 10000 SNe Ta 20000 SNe Ia 50000 SNe Ia 100000 SN Ia

IR J | g | Al -

i simplified model, MCMC ——

full model, TMNRE ——
| | | | | | | | T  — - I T

0.2 04 0 0.2 04 0 0.2 0.4 0 0.2 04 0 0.2 0.4 0 0.2 0.4




Simulation-based SN la cosmology
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Ratio Estimation: Bayes theorem

Hermans, Begy & Louppe 2019
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Marginal Neural Ratio Estimation
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Global inference

* scaling to O(10°) observations
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Local variable inference
MALFOI: MArginal Likelihood-Free Object-level Inference

* 0(10°) marginal posteriors simultaneously
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Validation: Bayesian coverage
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frequentist coverage

Calibration:
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Calibration: frequentist coverage

required to cover at 68.4%
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A0

Calibration: guaranteed coverage

required to cover at 68.4%
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Where SBI shines: realism

mog.

mag.

e 1997ck
z=0.97

=10 o 10 20 30 40 =10 0 10 20 30 40
Age (doys) Age (doys)

* lightcurve model (+ dust, host):
(pre-trained) BayeSN (Mandel et al.)

8000

— = =" 6000 \!
— 000 (W
. 4000

60 c
) 2000

C i Oc
posterior

//

. 12000
10000


https://academic.oup.com/mnras/article/510/3/3939/6448478

Where SBI shines: realism

* lightcurve model

* instrument model (+ calibration)

wrong: source = obs — background
correct: obs ~ Poisson [source + background]
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Where SBI shines: selection effects
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https://arxiv.org/abs/2211.04291

realistic
Where SBI shines: . selection effects
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State of affairs

SIDE-real: Sn la Dust Extinction with real(istic) data
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* BayeSN
e pre-trained lightcurve model (for now?)
* host & MW extinction

» “calibrated fluxes” (for now) vs. raw counts
* fixed redshifts and distances (for now)

 CSPDR3 (for now), Pantheon+
e ~ 100 — 200 low-redshift SNz la with spec-z
e ~ 10000 observations (data vector)

» tackle real data, assuming completeness
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State of affairs

SIDE-real: Sn la Dust Extinction with real(istic) data
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Thank you for
your attention!

“A supernova explosion
over the Miramare castle;
painting in the style of Van Gogh”

image by DALL-E
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