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How do we standardise SNe la to get their distance?

« We have to use observable properties:
Summary Parameters

ds — (msr Csy Xs)

... different for each SN
B band light curve
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The effect of Malmquist Bias
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The effect of Malmquist Bias
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Method 1: Bias Corrections With Simulations
(Kessler & Scolnic 2017)

Real Data

+ Unknown true cosmology
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SNANA Simulations
(Kessler et al. 2009)
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Method 1: Bias Corrections With Simulations

(Kessler & Scolnic 2017)
Real Data

+ Uses realistic

H survey
[ )

° simulations
Assumes fiducial
cosmology to
correct distances
Uses unphysical
binning




Method 2: Analytical Function Approach
(Rubin et al. 2015, March et al. 2018, Hinton et al. 2019)

Assume the probability of selection is a known analytical
function: 10| (el Meut)

- ®(ms | Mcut, Ocut)
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Assume the probability of selection is a known analytical
function: 10| (el Meut)

— O(ms | Mcut, Ocut)

+ One fully
hierarchical
Bayesian
model
Assumes
selection
function is
simple
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Method 2: Analytical Function Approach
(Rubin et al. 2015, March et al. 2018, Hinton et al. 2019)

Assume the probability of selection is a known analytical
function: 1] (el Meut)

(D(mslmcut; Ocut)

+ One fully

- hierarchical
Is there a way to combine the Bayesian

best of both methods? model
Assumes

selection
function is
simple
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Complex Distribution
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Which distribution to model d, = (mg, ¢, Xg)

with SBI? 0= (Q M Ny
Bayes’ Theorem (ino, Wo, Mo, &, . --)

P(011ds}) < P(1ds}3|0)P(6)
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Which distribution to model d, = (mg, ¢, Xg)

with SBI? 6 = (O Mo, 5,..) 8
Bayes’ Theorem (mo, Wo, Mo, &, 5, )| B

P(011ds}) < P(1ds}3|0)P(6)
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We could model these

But:

* High dimensional so difficult to learn

 Would need to train a new neural network for each cosmology
tested




Which distribution to model d, = (mg, ¢, Xg)

with SBI? 0= (Q M Ny
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Which distribution to model d, = (mg, ¢, Xg)

with SBI? 0 =(0 ~ WnMio B ..
Bayes’ Theorem (Rmo, Wo, Mo, &, 5, )] §

e P(0{ds}) x P({ds}|6)P(0)

B c Can be trained Nsn

independent of
cosmological — [1_[ P(ds‘g) P(H)
model s=1

Only three

dimensions

Quick - we use
Hamiltonian MC




What will we use to learn the distribution?
Normalising Flows:

 Transforms a simple Gaussian distribution into a complex
distribution.

The transforms are learnt with a neural network by
maximising the log likelihood.
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Validation Test
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We have the analytical
solution for this!




What do we need to learn?

Observed Apparent Magnitude Likelihood at 23.0 mag
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What do we learn?

Observed Apparent Magnitude Likelihood at 23.0 mag
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What do we |ea rn? Adapted from Boyd et al. (2024)

Observed Data Likelihood P(cAl5|m3, Ogy) at 23.0 mag
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Scalable to Future Spectroscopic
Samples

The normalising flow can
marginalise over latent
variables allowing is to scale
better than regular HBM
approaches

Consistent results with
50,000 SN takes under an
hour on GPU

= 2000 SNe
10000 SNe
mmmm 50000 SNe

wo Truth: -1
2000 SNe: -0.99+0.11
10000 SNe: -1.08+0.05
50000 SNe: -0.98+0.02

o Truth:0.28
2000 SNe: 0.26+0.04
10000 SNe: 0.3+0.01
50000 SNe: 0.27+0.01
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| Train on State-of-the-art SNANA Simulations

(Kessler et al. 2009 SNANA)

23.15<Mp+us<23.2

[E—
3179 FIOVY Samples Observed Data Distribution at 23.75 mag
mmmm 3179 Testing Samples s

=== True Magnitude Mg + s
== : Observed Magnitude Mean m.
mmm Observed Magnitude Distribution m.

Number of SNe la

24.4 242 24.0 238
Observed Apparent Magnitude m.

Boyd et al. (2025, in prep.) 36




B Test on State-of-the-art SNANA Simulations Boyd et al. (2025, in prep) S8
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B Test on State-of-the-art SNANA Simulations Boyd et al. (2025, in prep) S
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Future Work: Dust and Mass-Step

B P(d.| 2z, Osx, o, wo)

We can include dust/mass-step parameters in the likelihood:

@SN — (a, 6, ES, Rv, AM, )




Modular Extensions: Tomographic Cosmology

(see Karchev & Trotta 2024)

P(Els s ®SN7 QTYLO? ’lU()) X P(ZS ‘Qm()a wo, Crate)




Modular Extensions: Tomographic Cosmology

(see Karchev & Trotta 2024)

P(CAlS 28 ®SN7 Q"mOa w()) X P(Zs‘QmOa Wwo, Crate)
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Modular Extensions: Tomographic Cosmology

(see Karchev & Trotta 2024)

P(CAlS 28 ®SN7 Q"mOa w()) X P(Zs‘QmOa Wwo, Crate)
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Modular Extensions: Tomographic Cosmology

(see Karchev & Trotta 2024)

P(CAlS Zs, OsN, 2mo, w()) X P(Zs‘QmOa Wwo, Crate)
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Modular Extensions: Photometric Redshifts

P(&S‘ 28 ®SN7 QmOa ’lU()) X P(ZS‘QTYL(M wo, Crate) X P(?:'S’ZS)




Modular Extensions: Photometric Redshifts

P(&s‘ <8 ®SN7 QmOawO) X P(ZS‘Qm(wav Crate) X P(’%S’ZS)

/

Can also include photometric redshift likelihood
as we move towards LSST




Summary: m——

* We have developed a flexible
method that can learn intractable
likelihoods that account for
Malmquist bias.

* These are quick to learn and low

mmmm Analytical
mmmm Naive

dimensional.
We can then use these learnt
likelihoods in our hierarchical

Bayesian analysis for constrains on E

different cosmological models.
Boyd et al. (2024)

SBI+HBM arXiv




What is a Hierarchical Bayesian Model?

P(0|{ds}) o< P({ds}|0)P(0)
= | [T Pa.lo)| P

N
= |1 P@ihi v 2) P33, s, 2)
s=1

< P(3})P(33) Pys)| P(2)

d, = (d3,d3) |8

o
g

s=1,. N

Graph/ca/ Model Examp/e e
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& Full Model likelihood:
P(aslg) =
N (d|ds, W)
N(ms |ﬂs(Zs|QmO: wo) + My + a xg + 0 cs, Ui%zt)
N(cs|co + ac xs, 0-(,?) N (xs |xo, 0'9?)
Mgy — (Mg + aXs + bég ))

() (Selection|

Ocut

Where
ds = (Mg, Cs, %)
dS — (mSI CS/ xs)
W Is the LC summary measurement covariance matrix




Hierarchical Model:




Using the same likelihood for different cosmological
models

The reason we can use the same data likelihood for different cosmologies
without retraining/redefining is because 7, is conditionally independent
from u,(z;| C),so we can write:

P(mg| us(zs| C) + My) = P(Mmg| mg) P(mo|us(zs| C)+ M)

Where P(mg = us(zg| C)+ My)=1so is a deterministic function. This
means we only need to give the likelihood the latent observed apparent
magnitude and not the cosmological parameters directly.




e Normalising Flows|[4]

f needs to be: ,
J— afk
° Bijective q¢(X|9) _N(ZO |071) Hk ‘det(azk_l>‘

. Easilyinvertiblg | ﬁ(9|x0) o q¢(x0|9)p( ):
e Continuously differentiable.

[4] C. E. G. Tabak and E. Vanden-Eijnden, “Density estimation by dual ascent of the log-likelihood,” Communications in Mathematical Sciences, vol. 8, no. 1, pp. 217-233, 2010. 5 1




B Masked Autoregressive Flow

B cpomakarios et al. (2017)

W .
o

Masked Autoregressive Flows (MAFs)

chain together a series of MADE

blocks that slowly transforms a simple T

multivariate distribution into a

complex distribution.

MADE blocks use clever architectures N
where each dimension is dependent Autoencoder x Masks —>  MADE
on the previous dimension.

This makes the Jf';\cobian lower _ Masked Autoencoder for Distribution
triangular, allowing the determinant Estimation (MADE).

of the transform to be be computed Germain et al. (2015)

easily.


https://arxiv.org/search/stat?searchtype=author&query=Papamakarios,+G

Survey Simulation Analysis Comparing SBl and BBC

Define SALT Parameter Simulate SNe la Light

Population Parameters Curves According to

e.g My, Gine, Co, 0 Xo, defined Cosmology +
G 5 i SALT population params

Define Cosmology
including SNe la Rates
(no other SNe Types)

Save the true pop params
and also the true pu for
each simulated SNe

Save the observed SALT
parameter fits

Train Normalising Flow
Likelihood

In analysis we want
to fit for all SALT
population
parameters as well

Compare Both With

Cosmological Analysis True Cosmology
with Trained Flow and

as cosmological
parameters such as
QO and w

Hierarchical Bayes

Define Survey Plan e.g.
LSST/DES

Collect Observed SNe la
light curves and fit SALT
Params (M, , és , Xg) and
spectroscopic redshift Z;

Do Traditional SNANA
SALT Cosmological
Analysis with BBC




B Type la Supernovae:

B - Thermonuclear explosions

B from a binary system involving
at least one white dwarf.
Easy to identify
(spectroscopically) with their

distinctive silicon absorption Source: astroart.org

[
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, Y, Luminous SN .”“"‘p. corrected
1 = ,‘."{a::,“/ fade slowly i R luminosities
* TR & durations
; \l:

N

feature.

Light curves are remarkably
consistent meaning we can _
standardise them to use for 0 0 0 4o € o 20 0 o

Time from peak (days)

distances! Source: 10.1109/EDUCON45650.2020.9125209 54 -

Less luminous .
| SN fade fast

Luminosity (L)



https://doi.org/10.1109/EDUCON45650.2020.9125209
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Observed Apparent Magnitude Likelihood at 24.1 mag
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Modular Extensions: Tomographic Cosmology

(see Karchev & Trotta 2024)

P(&S s ®SN7 Q"mOa w()) X P(Zs‘QmOa wo, Crate)

2.0

P(ZS‘Qm& Wwo, Crate) X

L 2s T 1)¢rate | AV, (25, Qimo, wo)
& 1+ dz,

Qmo=0.28, Wo=-1
mm 0,,0=0.1, wg=-1
mm 0,,0=0.28, wp=-0.5
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Modular Extensions: Tomographic Cosmology

(see Karchev & Trotta 2024)

B P(d.| = Osn, Qno, w0) X P2/ o, w0, Grare)

P(ZS’QmOawOa Cra,te) X

_|_ 1 ) Crate

dVC (ZS ? QmOa UJO)

mmmm 2000 SNe
10000 SNe
mmmm 50000 SNe

dz,




