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Motivation: How does one perform cosmological analysis on a heterogeneous population
of supernovae without spectroscopic confirmation of redshift and type?

The future of supernova cosmology is photometric. Ambitious survey telescopes like the Large Synoptic Survey Telescope (LSST;
LSST Science Collaboration, 2009, arXiv:0912.0201) will yield more than two orders of magnitude more candidate supernova
detections than all past surveys, a combination of the more cosmologically informative Type la supernovae and interlopers such
as core-collapse events and interesting objects without spectroscopic follow-up. The supernova cosmology community needs
new methods to perform cosmological inference with photometric redshifts and uncertain transient type classifications.

Hubble Diagram Scatter

The spread in the Hubble diagram below is caused by including SNe with a range of type
probability. Cuts in the photometric supernovae data can reduce the spread, but removes some of
the statistical power of the sample, as shown in the figure at right. Given a rigorous classification
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Host Galaxy Photometric Redshift

Observed host galaxy photometry informs about the host
galaxy redshift. At right are example photo-z probability
density functions (PDFs) from a mock LSST dataset:
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Model

This directed acyclic graph illustrates our
Supernova Cosmology Inference with
Probabilistic Photometric Redshifts (scippr)
model. We use this model to perform
hierarchical inference of the cosmological
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Hyperparameters we infer:

Q : cosmological parameters

@ : redshift-dependent type proportions
Latent parameters drawn from probability
distributions defined by the hyperparameters:

U, : distance moduli

z, : redshifts

t, : supernova types
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sclppr against traditional approaches of handling
photometric supernova data, e.g. a small
spectroscopically confirmed sample and making cuts
o on the probability of type SN la.

If you are interested in this project, please check us out at

GitHub.com/aimalz/scippr



