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How do we standardise SNe Ia to get their distance?
• We have to use observable properties: 

B band light curve 

V band light curve 
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𝑑# = (𝑚#, 𝑐#, 𝑥#)
Summary Parameters

… different for each SN
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Selection effects from Malmquist bias
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The effect of Malmquist Bias

7Adapted from Boyd et al. (2024)
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Selection effects from Malmquist bias
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The effect of Malmquist Bias
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over 6𝞂 away

Adapted from Boyd et al. (2024)



Selection effects from Malmquist biasMethod 1: Bias Corrections With Simulations

𝑖 = 1 𝑖 = 2 𝑖 = 3 𝑖 = 4 𝑖 = 6𝑖 = 5 𝑖 = 7

z

𝜇 Unknown true cosmology

Real Data
(Kessler & Scolnic 2017)
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Selection effects from Malmquist bias
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Method 1: Bias Corrections With Simulations
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𝑖 = 1 𝑖 = 2 𝑖 = 3 𝑖 = 4 𝑖 = 6𝑖 = 5 𝑖 = 7

z

𝜇

Naive cosmology fit

Known true cosmology

SNANA Simulations
(Kessler & Scolnic 2017)
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(Kessler et al. 2009)



Selection effects from Malmquist biasMethod 1: Bias Corrections With Simulations

𝑖 = 1 𝑖 = 2 𝑖 = 3 𝑖 = 4 𝑖 = 6𝑖 = 5 𝑖 = 7

z

𝜇 Unknown true cosmology

∆𝜇$ ∆𝜇, ∆𝜇- ∆𝜇. ∆𝜇/ ∆𝜇0 ∆𝜇1

Real Data
(Kessler & Scolnic 2017)
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Selection effects from Malmquist bias
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Method 1: Bias Corrections With Simulations

𝑖 = 1 𝑖 = 2 𝑖 = 3 𝑖 = 4 𝑖 = 6𝑖 = 5 𝑖 = 7

z

𝜇
Real Data

∆𝜇$ ∆𝜇, ∆𝜇- ∆𝜇. ∆𝜇/ ∆𝜇0 ∆𝜇1

c
x

(Kessler & Scolnic 2017)
+ Uses realistic 

survey   
simulations 

- Assumes fiducial 
cosmology to 
correct distances

- Uses unphysical 
binning
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Selection effects from Malmquist bias
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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: 
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Selection effects from Malmquist bias
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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: 

+ One fully 
hierarchical 
Bayesian 
model

- Assumes 
selection 
function is 
simple
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Selection effects from Malmquist bias
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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: 

+ One fully 
hierarchical 
Bayesian 
model

- Assumes 
selection 
function is 
simple

Is there a way to combine the 
best of both methods?
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Selection effects from Malmquist bias
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Solution: Simulation-Based Inference (SBI)!

𝑃(𝜃|𝑑)

𝑑

19

Neural Network Complex Distribution



Selection effects from Malmquist bias
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Which distribution to model
with SBI?

𝑃(𝜃| 𝑑! ) ∝ 𝑃 𝑑! 𝜃)𝑃(𝜃)
Bayes’ Theorem

𝑑# = (𝑚#, 𝑐#, 𝑥#)

𝜃 = (Ω!", 𝑤", 𝑀", α, 𝛽, . . )
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Selection effects from Malmquist bias
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𝑃(𝜃| 𝑑! ) ∝ 𝑃 𝑑! 𝜃)𝑃(𝜃)
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Posterior
Likelihood Prior

Which distribution to model
with SBI?



Selection effects from Malmquist bias
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Which distribution to model
with SBI?

𝑃(𝜃| 𝑑! ) ∝ 𝑃 𝑑! 𝜃)𝑃(𝜃)

𝑑# = (𝑚#, 𝑐#, 𝑥#)

𝜃 = (Ω!", 𝑤", 𝑀", α, 𝛽, . . )Bayes’ Theorem

We could model these 
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Selection effects from Malmquist bias
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Which distribution to model
with SBI?

𝑃(𝜃| 𝑑! ) ∝ 𝑃 𝑑! 𝜃)𝑃(𝜃)
Bayes’ Theorem

But:
• High dimensional so difficult to learn
• Would need to train a new neural network for each cosmology 

tested

𝑑# = (𝑚#, 𝑐#, 𝑥#)

𝜃 = (Ω!", 𝑤", 𝑀", α, 𝛽, . . )

We could model these 
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Selection effects from Malmquist bias
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Which distribution to model
with SBI?

𝑃(𝜃| 𝑑! ) ∝ 𝑃 𝑑! 𝜃)𝑃(𝜃)
Bayes’ Theorem

𝑑# = (𝑚#, 𝑐#, 𝑥#)

𝜃 = (Ω!", 𝑤", 𝑀", α, 𝛽, . . )

= )
!"#

$$%

𝑃( 𝑑! 𝜃 𝑃 𝜃[ ]
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Selection effects from Malmquist bias
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Which distribution to model
with SBI?

𝑃(𝜃| 𝑑! ) ∝ 𝑃 𝑑! 𝜃)𝑃(𝜃)
Bayes’ Theorem

= )
!"#

$$%

𝑃( 𝑑! 𝜃 𝑃 𝜃

Benefits:
• Can be trained 

independent of 
cosmological 
model

• Only three 
dimensions

• Quick - we use 
Hamiltonian MC

𝑑# = (𝑚#, 𝑐#, 𝑥#)

𝜃 = (Ω!", 𝑤", 𝑀", α, 𝛽, . . )
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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.

Source: Lilian Weng 26
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Validation Test

𝑃 𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 8𝑑! =

Φ
𝑚!"# − ( %𝑚$ + 𝑎(𝑥$ + 𝑏�̂�$ )

𝜎!"#

0𝑑# = ( 1𝑚#, �̂�#, (𝑥$)

𝜃 = (Ω!", 𝑤", 𝑀", α, 𝛽, . . )

We have the analytical 
solution for this!

27Adapted from Boyd et al. (2024)
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What do we need to learn?

28Adapted from Boyd et al. (2024)
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What do we learn?

29Adapted from Boyd et al. (2024)
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What do we learn?

30

Adapted from Boyd et al. (2024)
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flat wCDM
Boyd et al. (2024)
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flat wCDM
Boyd et al. (2024)
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33

flat wCDM ΛCDM
Boyd et al. (2024)
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34

flat wCDM ΛCDM
Boyd et al. (2024)
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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

35Boyd et al. (2025, in prep)
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Train on State-of-the-art SNANA Simulations
(Kessler et al. 2009 SNANA)

36Boyd et al. (2025, in prep.)
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Boyd et al. (2025, in prep)
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Test on State-of-the-art SNANA Simulations
(Kessler et al. 2009 SNANA)



x

Test on State-of-the-art SNANA Simulations
(Kessler et al. 2009 SNANA)
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Boyd et al. (2025, in prep)

Overco
nfid

ent

Overco
nfid

ent
Conservativ

e

Conservativ
e



Future Work: Dust and Mass-Step
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<latexit sha1_base64="gReiWKKIBK59tsJJtFQcvmCI6XY="></latexit>

P (d̂s| zs,⇥SN,⌦m0, w0)⇥ P (zs|⌦m0, w0, ⇣rate)⇥ P (ẑs|zs)

We can include dust/mass-step parameters in the likelihood:
<latexit sha1_base64="duH6V+PW3tYHnt1iYLNibWIQSW8="></latexit>

⇥SN = (↵,�, Es, RV ,�M, ...)



Modular Extensions: Tomographic Cosmology
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<latexit sha1_base64="gReiWKKIBK59tsJJtFQcvmCI6XY="></latexit>

P (d̂s| zs,⇥SN,⌦m0, w0)⇥ P (zs|⌦m0, w0, ⇣rate)⇥ P (ẑs|zs)
(see Karchev & Trotta 2024)



Modular Extensions: Tomographic Cosmology
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<latexit sha1_base64="gReiWKKIBK59tsJJtFQcvmCI6XY="></latexit>

P (d̂s| zs,⇥SN,⌦m0, w0)⇥ P (zs|⌦m0, w0, ⇣rate)⇥ P (ẑs|zs)
(see Karchev & Trotta 2024)

Boyd et al. (2025, in prep.)



Modular Extensions: Tomographic Cosmology
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42Boyd et al. (2025, in prep.)



Modular Extensions: Tomographic Cosmology
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<latexit sha1_base64="gReiWKKIBK59tsJJtFQcvmCI6XY="></latexit>

P (d̂s| zs,⇥SN,⌦m0, w0)⇥ P (zs|⌦m0, w0, ⇣rate)⇥ P (ẑs|zs)
(see Karchev & Trotta 2024)

Boyd et al. (2025, in prep.)



Modular Extensions: Photometric Redshifts

44

<latexit sha1_base64="gReiWKKIBK59tsJJtFQcvmCI6XY="></latexit>

P (d̂s| zs,⇥SN,⌦m0, w0)⇥ P (zs|⌦m0, w0, ⇣rate)⇥ P (ẑs|zs)



Modular Extensions: Photometric Redshifts

45

<latexit sha1_base64="gReiWKKIBK59tsJJtFQcvmCI6XY="></latexit>

P (d̂s| zs,⇥SN,⌦m0, w0)⇥ P (zs|⌦m0, w0, ⇣rate)⇥ P (ẑs|zs)

Can also include photometric redshift likelihood 
as we move towards LSST  



Summary:
• We have developed a flexible 

method that can learn intractable 
likelihoods that account for 
Malmquist bias.

• These are quick to learn and low 
dimensional.

• We can then use these learnt 
likelihoods in our hierarchical 
Bayesian analysis for constrains on 
different cosmological models.

Boyd et al. (2024) 
SBI+HBM arXiv
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What is a Hierarchical Bayesian Model?

47

<latexit sha1_base64="iLQmMvsNXDQGoMzjS47/u4+pLRs="></latexit>

ds = (ds1, d
s
2)

✓ = ({�s
1 , �

s
2 , ys}, Z)

<latexit sha1_base64="TzmK1Rqvjqh5/hQNaOxha3oPO9w=">AAACXnicbVFNT8IwGO6mIoII6sXESyMxgQvZjEGPRC8eMZGPhBHSdQUaunVp35mQsT/pzXjxp1g+Dgi8SdMnz/N+9akfC67Bcb4t++j4JHeaPysUz0sX5crlVVfLRFHWoVJI1feJZoJHrAMcBOvHipHQF6znz16Xeu+TKc1l9AHzmA1DMon4mFMChhpVknbN86UI9Dw0V+rBlAHJFl66zQYjnXlZHXuxkjFIbGoO6IsDjeoH29dHlarTcFaB94G7AVW0ifao8uUFkiYhi4AKovXAdWIYpkQBp4JlBS/RLCZ0RiZsYGBEQqaH6cqeDN8bJsBjqcyJAK/Y7YqUhHq5oMkMCUz1rrYkD2mDBMbPw5RHcQIsoutB40RgY9HSaxxwxSiIuQGEKm52xXRKFKFgfqRgTHB3n7wPug8Nt9lovj9WWy8bO/LoFt2hGnLRE2qhN9RGHUTRj2VZBato/do5u2SX16m2tam5Rv/CvvkDjZO5Qw==</latexit>

P (✓|{ds}) / P ({ds}|✓)P (✓)

ds1 ds2

ys

ZZ

ys
ωs
1 ωs

2

s = 1, .., N

Graphical Model Example

<latexit sha1_base64="PgFWjH7RLWavoIaW4C2UAzbcnoY=">AAACGXicbVC7SgNBFJ31GeMramkzGITYhF2RaBMIsbGSCOYB2XWZnZ0kQ2YfzNwVwprfsPFXbCwUsdTKv3GSbKGJBy6cOede5t7jxYIrMM1vY2l5ZXVtPbeR39za3tkt7O23VJRIypo0EpHseEQxwUPWBA6CdWLJSOAJ1vaGlxO/fc+k4lF4C6OYOQHph7zHKQEtuQWziu0673ftWEb+3bWbqqo1xo2S76oHGwYMyMnEdxql7OUWimbZnAIvEisjRZSh4RY+bT+iScBCoIIo1bXMGJyUSOBUsHHeThSLCR2SPutqGpKAKSedXjbGx1rxcS+SukLAU/X3REoCpUaBpzsDAgM1703E/7xuAr0LJ+VhnAAL6eyjXiIwRHgSE/a5ZBTESBNCJde7YjogklDQYeZ1CNb8yYukdVq2KuXKzVmxVs/iyKFDdIRKyELnqIauUAM1EUWP6Bm9ojfjyXgx3o2PWeuSkc0coD8wvn4AmZmfdA==</latexit>

=
h NY

s=1

P (ds|✓)
i
P (✓)

<latexit sha1_base64="X4yjULzRDWYh/R7t1J2aM64oHi4="></latexit>

=
h NY

s=1

P (ds1|�s
1 , ys, Z)P (ds2|�s

2 , ys, Z)

⇥P (�s
1)P (�s

2)P (ys)
i
P (Z)



Full Model likelihood:
𝑃 0𝑑$ 𝜃 =
𝑁 0𝑑$ 𝑑$,𝑊$

𝑁 𝑚$ 𝜇$ 𝑧$ Ω%&, 𝑤& +𝑀& + 𝛼 𝑥$ + 𝛽 𝑐$ , 𝜎'(#)
𝑁(𝑐$ |𝑐& + 𝛼! 𝑥$ , 𝜎!)) 𝑁 𝑥$ 𝑥&, 𝜎*)

Φ 𝑠𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛|
𝑚!"# − %𝑚$ + 𝑎(𝑥$ + 𝑏�̂�$

𝜎!"#

Where
0𝑑$ = ( %𝑚$, �̂�$, 9𝑥!)
𝑑$ = (𝑚$, 𝑐$, 𝑥!)

𝑊$ is	the	LC	summary	measurement	covariance	matrix 48



Hierarchical Model:

m̂s ĉs

x̂sms
0

µs ẑsC

M0

ωint

ε

ϑ

ωx

x0

εc

ωc

c0
s = 1, ..., NSN

49



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 %𝑚$ is conditionally independent 
from 𝜇$ 𝑧$ 𝐶 , so we can write:

𝑃( %𝑚$| 𝜇$ 𝑧$ 𝐶 + 𝑀&) = 𝑃( %𝑚$| 𝑚&) 𝑃(𝑚&|𝜇$ 𝑧$ 𝐶 + 𝑀&)

Where 𝑃(𝑚& = 𝜇$ 𝑧$ 𝐶 + 𝑀&)=1 so is a deterministic function. This 
means we only need to give the likelihood the latent observed apparent 
magnitude and not the cosmological parameters directly.
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Normalising Flows[4]

[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.

u0

x

f2 f3f1 fL… z

f needs to be:
• Bijective
• Easily invertible
• Continuously differentiable.
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Masked Autoencoder for Distribution 
Estimation (MADE). 

Germain et al. (2015)

Masked Autoregressive Flow 
Papamakarios et al. (2017)
• Masked Autoregressive Flows (MAFs) 

chain together a series of MADE 
blocks that slowly transforms a simple 
multivariate distribution into a 
complex distribution.

• MADE blocks use clever architectures 
where each dimension is dependent 
on the previous dimension.

• This makes the Jacobian lower 
triangular, allowing the determinant 
of the transform to be be computed 
easily. 52

https://arxiv.org/search/stat?searchtype=author&query=Papamakarios,+G
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&vet=12ahUKEwiT3viOpZr9AhUFrycCHcxqB1MQMygKegUIARDeAQ..i&docid=vP9f7V3k9a9K

Type Ia Supernovae:
• Thermonuclear explosions 

from a binary system involving 
at least one white dwarf.

• Easy to identify 
(spectroscopically) with their 
distinctive silicon absorption 
feature.

• Light curves are remarkably 
consistent meaning we can 
standardise them to use for 
distances! Source: 10.1109/EDUCON45650.2020.9125209

Source: astroart.org

54

https://doi.org/10.1109/EDUCON45650.2020.9125209


&vet=12ahUKEwiT3viOpZr9AhUFrycCHcxqB1MQMygKegUIARDeAQ..i&docid=vP9f7V3k9a9K
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&vet=12ahUKEwiT3viOpZr9AhUFrycCHcxqB1MQMygKegUIARDeAQ..i&docid=vP9f7V3k9a9K
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&vet=12ahUKEwiT3viOpZr9AhUFrycCHcxqB1MQMygKegUIARDeAQ..i&docid=vP9f7V3k9a9K
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&vet=12ahUKEwiT3viOpZr9AhUFrycCHcxqB1MQMygKegUIARDeAQ..i&docid=vP9f7V3k9a9K
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Modular Extensions: Tomographic Cosmology

59

<latexit sha1_base64="gReiWKKIBK59tsJJtFQcvmCI6XY="></latexit>

P (d̂s| zs,⇥SN,⌦m0, w0)⇥ P (zs|⌦m0, w0, ⇣rate)⇥ P (ẑs|zs)
(see Karchev & Trotta 2024)

<latexit sha1_base64="0dxfqG2RESJDNmh9WoGpzWXcfdM="></latexit>

P (zs|⌦m0, w0, ⇣rate) /
(zs + 1)⇣rate

1 + zs

�����
dVc(zs,⌦m0, w0)

dzs

�����



Modular Extensions: Tomographic Cosmology
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<latexit sha1_base64="gReiWKKIBK59tsJJtFQcvmCI6XY="></latexit>

P (d̂s| zs,⇥SN,⌦m0, w0)⇥ P (zs|⌦m0, w0, ⇣rate)⇥ P (ẑs|zs)
(see Karchev & Trotta 2024)

<latexit sha1_base64="0dxfqG2RESJDNmh9WoGpzWXcfdM="></latexit>

P (zs|⌦m0, w0, ⇣rate) /
(zs + 1)⇣rate

1 + zs

�����
dVc(zs,⌦m0, w0)

dzs

�����


