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The Lemaitre analysis pipeline
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1- Standardization

Cosmological inference
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Instrumental selection bias: the “Malmquist bias”
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Instrumental selection bias: the “Malmquist bias”
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Instrumental selection bias: the “Malmquist bias”

observed magnitude
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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
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How to tackle this i
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Our approach: NaCl + EDRIS

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

- includes selection in statistical model
(simulations are only needed to test
the pipeline)

mobs,i=mobs,i + ni lf mobs,i < mlim+ Ki i
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L m ; is unobserved otherwise
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Two-step estimator:

- estimation of the selection
functi(?ns [m, , o . ]from
m_,. histograms

- standardization &
estimation of distances




Estimation of the selection function

200 ~
« 150
S
§ 100
. . 50
Estimation of [m. , o_. ]for 0
each survey from observed
magnitudes histogram - B
2
| 0
3

histogram ztf

 —— starting point

—— best fit

1 § obs

Nl

('

> ot

> 'y
SRR X

16

19




Model of the selection function

Density of SNela
_ i[m-ﬂ(,z) - M )2
p(z,m) = (z e 2\
SNela rate (supposed @
constant), one Selection 0 = |62+ a6 2+ﬂ20 2
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EFor now, [q, B, 0, M, cosmology] are fixed to realistic values .
.— later, volume will be replaced with a smooth generic function:
' (polynomial) with shape parameters for each survey '

' — uncertainties on dVc correctly propagated |
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Estimation of the X, and c distributions

i — Estimation on measured x1 and ¢
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Estimation of the selection function

Number of SNela in a bin Poisson likelihood
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Standardization model

Noise
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Standardization & estimation of distances

. term that takes
P . into account the ;
. truncation of

. classic likelihood for !
' multivariate normal
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Acceleration of the computation

i Likelihood function computed in O(N?) i
1 2700 SN — model evaluated in 165 ms !
' Use of JAX for auto differentiation — efficient minimization:

c_+0d, C !
W= > S_1=Q(A+621N)—1Qt

Schur complement of C,in C=W~ I

At the end, only matrix-to-vector products
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Standardization & estimation of distances

________
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Lemaitre pre-DC2 simulations : simulation strategy

Goal : consistency check

- From a DC1 NaCl fit, infer an error model for (X, X1, C)as a function of X,

- With SkySurvey, draw (z, x,, X1, c) for the three survey and draw errors (+

covmat) from the error model (x, and c are gaussian for now, covmat is
purely diagonal)

- Do a selection on the observed B-band magnitudes to be consistent with
the analysis model
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Lemaitre-like pre-DC2 simulation : EDRIS step 1
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Lemaitre-like pre-DC2 simulation : ZTF selection fit

histogram ztf
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Lemaitre-like pre-DC2 simulation : SNLS selection fit
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Lemaitre-like pre-DC2 simulation : HSC selection fit

histogram hsc
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Lemaitre-like pre-DC2 simulation : EDRIS step 2
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Lemaitre-like pre-DC2 simulation : binned Hubble diagram

Hubble diagram for 25 redshift bins and 2647 SNe
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Lemaitre-like pre-DC2 simulation : bias on b,
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Effect of realistic x1 and c distributions on selection
function measurement

| T o
S o(myim) = 0.0194 t

L : _ I
100 ZTF-like simulations U o= pias = —0.0094 % 0.0019 I

-= true value i

tail c

\nt

' — Bias on m, _ 2x smaller
' than o(m,.
1

— Effect on binned
distances : work in |
p rog re SS 18.54 18.56 mliml8.58 18.60 18.62




What'’s next for EDRIS ?

- pre-DC2 : overall encouraging results
- DC2: key date — validation of the method on realistic simulations (several
open questions)

— what happens when NaCl is trained on truncated dataset ?
— iS EDRIS able to reconstruct unbiased cosmology ?

- DC3: adding outliers rejection (contamination)
- DC4: adding astrophysical effects (broken alpha, ...)
- DR2.5 paper : methodology paper
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