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The blinded Lemaitre (Hubble) diagram
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Goal: independent assessment of
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The Lemaitre analysis pipeline
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1- Standardization

Cosmological inference
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3- Estimation and correction
of intrumental selection bias
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Instrumental selection bias: the “Malmquist bias”
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Instrumental selection bias: the “Malmquist bias”

A high_z
/B e known measurement
3 noise
2 +_intrinsic noise
&0 ) 5 +0 biased estimation of B,
© _- meas int
= Ay 1— Oine £A
. g
o 5 / —(®) estimation of Ap
E .
v Not well defined problem
S I but cosmology does not
o OW-z ‘ change

color




Instrumental selection bias: the “Malmquist bias”

observed magnitude

color

In practice, only the

intrinsically brightest
supernovae are detected:

e truncation of data by m,.
e biased estimation of 3,
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Not well defined problem
and cosmology is biased
by truncation




How to tackle this i

Issue
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Our approach: NaCl + EDRIS

EDRIS:
- cosmology from NaCl [x,, x,, ]

- includes selection in statistical model
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Two-step estimator:

- estimation of the selection
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- standardization &
estimation of distances




Estimation of the selection function
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Estimation of the selection function

Density of SNela
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Standardization & estimation of distances
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Bias on distances and cosmological parameters
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End-to-end validation on simulations: data challenges

- 5 data challenges towards data unblinding

- Increasing complexity and realism

- Pipeline extensively tested through continuous integration
- After pipeline validation, no need for simulations anymore

Oct. 2024
(consistency
check)

ADE 2024

Nov. 2024 Dec. 2024 Jan. 2025 Feb. 2025 Mar. 2025
(selection (calibration, (astrophysical (blinded (blinded
effects) contamination) effects) simulations) simulations)
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Goals achieved by data challenges

- Ensuring that the inference pipeline can reconstruct unbiased cosmology
taking into account several effects:

- correlated uncertainties

- realistic selection functions

- foregrounds (dust, lensing, etc)

- increasingly complex evolution effects

- Ensuring that the error on cosmological parameters incorporates all
sources of uncertainties: calibration, measurement, model, color scatter,

etc
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Take-home message
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Lemaitre: new independent
measurement of w, fo8, Ho

new inference chain
(simulation-free)

both NaCl and EDRIS show
promising results on
consistency checks

5 Data Challenges towards
data unblinding (mid-2025)
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Data challenge 1: ideal simulations

- Goal: consistency test of the chain

- Lemaitre sampling (real
observation logs)

- Realistic measurement errors for
light-curves and spectra

- 100 noise realizations
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Example of simulated SNela
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Binned hubble diagram and Q _-w contours
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Novelties in next data challenges

(a) Contamination
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Novelties in next data challenges

source: Ginolin et al., 2024a

- Data challenge 4.

Adding astrophysical effects (cf.
Madeleine's talk)

- Data challenge 5:

Blinded simulations Y] I
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Final goal: Lemaitre unblinding on
real data between March-May 2025
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