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nested sampling.

Nested sampling is an efficient and robust Bayesian inference tool for data science and machine learning. In contrast to techniques such as Metropolis-
Hastings or Hamiltonian Monte Carlo, it is capable of computing the Bayesian evidence, does not require gradients and has little-to-no problem-specific
tuning. Given an objective function, nested sampling navigates and optimises athermally, simultaneously sampling the posterior and computing the
evidence, the density of states and the full partition function. With access to evidences one can perform Bayesian model comparison, which is
applicable to an extremely wide variety of scientific and machine learning problems. PolyChord represents the state-of-the-art in high-performance
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John Skilling's [1] nested sampling meta algorithm, given a likelihood £(8) and prior 7(6):

So:  Generate nje samples 6 drawn from the prior 8 ~ .
S,:1: Delete lowest likelihood L, sample in S, and replace with 8 ~ 7 : L(0) > L..

With the set of deleted points one can compute the evidence Z and posterior weights P

Z = / LOT(O)dO ~ 3 L: % (X1 — X)), Pi = Li x (X1 — X)

where X; is fraction of prior volume enclosed by contour £;. We don't know these volumes

exactly, but statistically estimate them given that the contours contract by ~ % each time
n

n+1

Nested sampling is terminated when the live points reach the posterior bulk Zjie < Zgead-

Xo=1 Xa=txX, Pt)=nt""'1 = t=x

Historical implementations

Step 1 Step 2 Step 3

The meta-algorithm does not instruct on how to draw 6 ~ 7 : £(0) > L.. The procedure
to perform this is the distinguishing factor between implementations in the literature:

Simple MCMC [2] Metropolis-Hastings sampling of tabletop likelihood
MultiNest 3] Ellipsoidal rejection sampling

Galilean NS 4] Gradient-based reflection

Hamiltonian NS [5] Gradient-based navigation

Neural Nest 6] Neural network latent space whitening

dynesty 7] python implementation of dynamic nested sampling

The live points at each iteration are used to self-tune a given algorithm, for example by
whitening the space and performing clustering analysis. Nested sampling is limited by:

1. The convergence time it takes to compress from prior to the posterior bulk

2. The efficiency with which a new live point can be generated at each iteration

Scientific applications
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Nested sampling has been applied to a wide variety of scientific applications, including Cos-
mology [8,9], exoplanets [10], particle physics [11], geophysics [12] and Likelihood free infer-
ence [13]. The anesthetic python package [14] provides a unified interface for processing the
outputs of nested sampling algorithms.

Advances in the field since the original paper [1] include dynamic NS [15], posterior repar-
titioning [12], diffusive NS [16], superposition enhanced NS [17], diffusive NS [16] and
BAMBI [18].

PolyChord
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PolyChord [19,20] represents the state-of-the-art in high-performance nested sampling. It
utilises slice sampling to enable scaling to hundreds of dimensions, employs a sophisticated
mode separation and tracking algorithm and is written in FORTRAN for maximum speed with
Python & C++ interfaces. Version 2.0 represents a further step-change, capable of scaling
to thousands of dimensions by removing a key inefficiency in traditional approaches.

Bayesian neural networks
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PolyChord can be used to train small Bayesian neural networks with hundreds of parame-
ters [21]. Instead of training network parameters 6 by minimising a misfit function y2_. (6),
PolyNet treats it as a Bayesian inference problem with log £ oc —x2.. (6). This generates
a posterior over the network weights, which can be used to give error bars on predictions.
PolyNet also returns evidences, which can be used to measure the quality of a network
architecture, and sample over an ensemble of networks. Key results:

1. Bayesian neural networks outperform traditional neural networks in their predictions.
2. The Bayesian evidence correlates with out-of-sample performance on testing data

3. Marginalising over networks using the Bayesian evidence produces robust predictors.

PolyChord Ltd
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PolyChord Ltd is a spinout company working with industrial partners applying nested sampling

to their data science problems (www.polychord.co.uk). It has helped win three STFC grants
and Innovate UK funding to fund further postdoctoral research. Current projects range from
facial recognition (AnyVision), through geophysics (Shell) to food safety (Agri-Neo). Future
projects include protein folding and neural network training and design.
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