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Introduction
With the discover of the accelerated expansion of the Universe (Perlmutter et al.,
1997; Riess et al., 1998), came the push to investigate the mysterious dark energy
which is though to cause this acceleration. A large component of modern cosmologi-
cal research is the reduction of the uncertainties present in current analyses. There are
two major sources of uncertainty, statistical and systematic. Statistical uncertainty is
caused by the inherent randomness of nature and can be improved simply by attaining
large sample sizes. Systematic uncertainty is inherent to the research and thus will
not be reduced with larger sample sizes. With the onset of large scale surveys such
as the Pantheon survey (Scolnic et al., 2018; Wang, 2018), the Dark Energy Survey
(DES) (Dark Energy Survey Collaboration et al., 2016), and the upcoming Legacy
Survey of Space and Time (LSST, previously known as the Large Scale Synoptic Sur-
vey; LSST Science Collaboration et al., 2009), statistical uncertainty has been greatly
improved. This means that systematic uncertainties are beginning to dominate where
statistical uncertainties used to.

DES Cosmological Analysis
The current DES Cosmological Analysis makes use of a number of suites of code,
including SNANA for supernova simulation, SALT2 for lightcurve fitting, BBC for
bias correction, CosmoMC for cosmological fitting, and Pippin as a pipeline to
consolidate these suites of code. The cosmological fitting first splits the data into a
number of redshift bins, and then minimises a chi-squared function. The uncertainty
component of this chi-squared function is:
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Here Ci,j is an N ×N matrix, where N is the number of redshift bins. CStat is the
statistical covariance matrix, with diagonal elements equal to the statistical uncer-
tainty in each redshift bin. CSys is the systematic covariance matrix. Each element
of CSys is a sum over K identified systematics (currently 74 individual systematics
have been identified). Within this sum, ∂∆i

∂Sk
is the change in the ith redshift bin (∆i)

with respect to the kth systematic (Sk), ∂∆j∂Sk
is the change in the jth redshift bin

with respect to the kth systematic, and σ2k is the magnitude of the kth systematic.
Whilst this uncertainty definition includes covariance between redshift bins, it does
not include covariance between systematic uncertainties.

Approximate Bayesian Computation
This project aims to investigate alternatives to the DES analysis, specifically Approx-
imate Bayesian Computation (ABC). This is a likelihood free method which relies on
robust simulation software. The main idea behind ABC is to fit a model to data by
iteratively simulating data based on this model, and comparing the simulated data to
the real data. The general ABC algorithm is:

for i ∈ [1,N] do
|...Simulate θi from π(θ) and generate D′i from f(θi)
|...while ρ(D,D′i) > ε do
|...|...Simulate θi from π(θ) and generate D′i from f(θi)
|...Add θi to posterior estimate
Return the N θi’s as the final posterior estimate

Here N is the number of posterior elements to be generated, θi is the ith parameter
set drawn from the prior π(θ), D′i is the simulated dataset, simulated from f(θi). ρ
is the distance estimate, which specifies the similarity between the real dataset D,
and the simulated dataset D′i. θi is accepted into the posterior if ρ(D,D′i) is less
than some threshold η, otherwise a new set of parameters is drawn from π(θ).

Advantages & Disadvantages
The main advantage of the ABC method is the ability to make use of forward mod-
elling to include covariant systematics in the simulated dataset. This allows us to
have much finer control over our treatment of systematic uncertainties and thus a
more accurate uncertainty in the posterior. Additionally, the SNANA code suite is a
very robust and refined cosmological simulator which is heavily intertwined with the
current DES analysis.

The main disadvantage of the ABC method is the intense computation needed to
simulate 10’s of thousands of datasets in order to produce a well sampled poste-
rior. Whilst this can be somewhat offset by making use of more sophisticated ABC
methods, such as Population Monte Carlo (PMC) ABC, the time it takes to simulate
datasets remains an open problem. Additionally, the appropriate distance estimate
(ρ) to use is not known a priori.

The goal of this project
I aim to address many of the disadvantages of the ABC method, and produce an
implementation which complements the current cosmological analysis.

Pre-simulation
A major downside of the ABC method is the compute time needed to simulate many
times. One possible method of reducing the required compute time is to pre-simulate
datasets. By simulating a grid of datasets over the parameter space, and calculating
the distance estimate (ρ) for each simulated dataset, we can then interpolate between
these distance estimates to quickly and efficiently probe the parameter space. This
pre-simulation method has been used in an astronomical context (see for example, He
et al. (2019) who make use of this method to investigate exoplanatery systems within
the Kepler catalogue), but has not been applied to supernova cosmology. As such, it
is unclear whether the interpolated distance functions will be physical and accurate.
As such part of my project will be to investigate how appropriate this pre-simulation
method is to supernova cosmology.
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