
Version April 29, 2024
Preprint typeset using LATEX style openjournal v. 09/06/15

NOTES ON THE PRACTICAL APPLICATION OF NESTED SAMPLING:
MULTINEST, (NON)CONVERGENCE, AND RECTIFICATION

Alexander J. Dittmann1,∗

1Department of Astronomy and Joint Space-Science Institute, University of Maryland, College Park, MD 20742-2421, USA

Version April 29, 2024

ABSTRACT

Nested sampling is a promising tool for Bayesian statistical analysis because it simultaneously
performs parameter estimation and facilitates model comparison. MultiNest is one of the most popular
nested sampling implementations, and has been applied to a wide variety of problems in the physical
sciences. However, MultiNest results are frequently unreliable, and accompanying convergence tests
are a necessary component of any analysis. Using simple, analytically tractable test problems, I
illustrate how MultiNest (1) can produce systematically biased estimates of the Bayesian evidence,
which are more significantly biased for problems of higher dimensionality; (2) can derive posterior
estimates with errors on the order of ∼ 100%; (3) is more likely to underestimate the width of a credible
interval than to overestimate it — to a minor degree for smooth problems, but much more so when
sampling noisy likelihoods. Nevertheless, I show how MultiNest can be used to jump-start Markov
chain Monte Carlo sampling or more rigorous nested sampling techniques, potentially accelerating
more trustworthy measurements of posterior distributions and Bayesian evidences, and overcoming
the challenge of Markov chain Monte Carlo initialization.
Subject headings: Bayesian statistics; Nested sampling; Markov chain Monte Carlo

1. INTRODUCTION

Fitting models to data and comparing the ability of
different models to describe observations are integral to
scientific practice. Nested sampling (Skilling 2004) is a
technique that can estimate both posteriors and Bayesian
evidences, which has led to its widespread popularity in
the physical sciences (see Ashton et al. 2022; Buchner
2023, for recent reviews).
MultiNest (Feroz & Hobson 2008; Feroz et al. 2009) is

arguably the most popular nested sampling implementa-
tion. It is relatively fast (see, for example, Figure 7 of
Handley et al. (2015) or Figure 4 of Albert (2020)), and it
can provide accurate results for simple problems with few
parameters. MultiNest has been applied to X-ray astron-
omy (e.g., Buchner et al. 2014; Miller et al. 2019; Riley
et al. 2019), the study of exoplanets (e.g. Kipping 2013;
Morton et al. 2016; Tsiaras et al. 2018), and cosmology
(e.g. Planck Collaboration et al. 2014, 2016, 2020), in
addition to many other fields.
However, numerous studies have found that MultiNest

can perform poorly and unreliably, both in terms of in-
ferring posterior distributions (e.g., Miller et al. 2019;
Ih & Kempton 2021; Miller et al. 2021) and measur-
ing Bayesian evidences (e.g., Albert 2020; Nelson et al.
2020; Lemos et al. 2023). One of the challenges faced
when using MultiNest is deciding on values for its free
parameters. The most important of these parameters are
the number of live points (Nlive, which determines how
densely parameter space is sampled) and the sampling
efficiency (ϵ, which controls how conservatively the al-
gorithm explores parameter space). One can also tune
the algorithm’s stopping criterion through a tolerance
parameter for the evidence (tol), but that is usually of
little consequence to the algorithm’s performance.1

∗dittmann@umd.edu
1 Unless one’s goal is maximum-likelihood estimation: As Multi-

Nest marches higher and higher toward the peak of the likelihood
function, eventually the remaining prior volume is so minuscule

Unfortunately, the values for these parameters sug-
gested by the MultiNest developers are often inadequate
(see Section 4). For example, the README file included
with the MultiNest source code suggests using ϵ = 0.8
for parameter inference and ϵ = 0.3 for evidence mea-
surement.2 The primary MultiNest paper states that
“we found 400 and 50 active points to be adequate for
evidence evaluation and parameter estimation respec-
tively,” and suggests sampling efficiency values of 1 and
0.3 for parameter estimation and evidence evaluation
(Feroz et al. 2009, Section 8). As shown in Section 4,
these suggestions about sampling posteriors are actually
reasonable for simple Gaussian distributions (as long as
one can accept a ∼ 10% error for each posterior distribu-
tion). However, even for ten dimensional Gaussian dis-
tributions these suggested parameter values are unable
to accurately measure the Bayesian evidence.3

Many studies have investigated potential deficiencies in
nested sampling algorithms, developed algorithmic im-
provements, and suggested methods for testing conver-
gence. To give a few examples, Nelson et al. (2020);
Albert (2020); Lemos et al. (2023) have noted system-
atic, and sometimes dimension- and sampling efficiency-
dependent, biases in the evidence estimates produced by
MultiNest. Buchner (2016a) developed a test that il-
lustrated MultiNest’s tendency to sample from an erro-
neously small prior volume, and developed an alternative
algorithm for unbiased, albeit slower, sampling. Higson
et al. (2019a) proposed some strategies to check conver-
gence by cross-checking multiple analyses, and advocated

that the remainder of the evidence integral is negligible, and the
algorithm terminates. Setting a smaller tolerance value continues
iteration until less and less of the evidence integral remains.

2 https://github.com/farhanferoz/MultiNest/blob/
cc616c17ed440fbff8d35937997c86256ed4d744/README.md

3 It is worth noting that the authors of MultiNest have advocated
that “it is always advisable to increase Nlive, and reduce [ϵ] to check
if the posteriors and evidence values are stable,” (Feroz et al. 2019)
although many papers have used MultiNest without reporting such
convergence tests.
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that when using MultiNest one should decrease ϵ and in-
crease Nlive to check convergence.
My aims here are to systematically study MultiNest’s

convergence in terms of both the sampling efficiency and
number of live points for problems of varying dimension-
ality, and to present strategies that can be applied to
improve upon completed nested sampling analyses. Sec-
tion 2 provides a brief overview of MultiNest and nested
sampling, after which Section 3 describes some of my
methodology. The results of my tests using MultiNest
to sample smooth distributions are presented in Section
4, and my exploration of MultiNest’s performance on a
noisy target distribution is presented in Section 5. Sec-
tion 6 demonstrates a couple of methods that can be used
to derive better posterior and evidence estimates, using
an initial MultiNest (or other nested sampling) run to
accelerate the process.
The scripts used to run each of these tests are hosted

on GitHub.4 This work was conducted using MultiNest’s
python bindings (Buchner 2016b) and MultiNest version
3.12.5

2. THE MULTINEST ALGORITHM

Nested sampling begins by drawing a set of Nlive points
from the prior. Each iteration of the algorithm pro-
ceeds by replacing the lowest-likelihood point with a new
higher-likelihood point. If the higher-likelihood point is
drawn uniformly from within the isolikelihood surface of
the lowest-likelihood point, then the expectation value of
the prior volume encompassed by the set of live points at
iteration i will be exp (−i/Nlive).

6 In this way, each sam-
ple can be associated with a fraction of the prior volume.
The product of each point’s likelihood and associated
prior volume then yields its posterior weight, and it is
straightforward to integrate the likelihood over the prior
to approximate the evidence.
If one were to perform simple rejection sampling, at-

tempting to draw samples from the entire prior, the
odds of drawing a point with a higher likelihood than
those in the set of live points would become (expo-
nentially) vanishing small. MultiNest’s innovative ap-
proach was to, rather than sample from the full prior,
first fit a hyperellipsoid (or set of hyperellipsoids, if fa-
vored by a k-means algorithm) to the set of live points,
to potentially expand those ellipsoids by a factor f ,
and to sample from within the resulting set of ellip-
soids. At each iteration, the factor f is chosen such that
f = max[1, exp (−i/Nlive)V (E)−1ϵ−1)], where ϵ is the
sampling efficiency parameter and V (E) is the volume
contained within minimum bounding ellipsoids. That is
to say, if the volume of the ellipsoids bounding the set of
live points is smaller than the expectation value of the re-
maining prior volume divided by the sampling efficiency,
the ellipsoids are expanded so that their volume matches
that target. See Section 5 of Feroz et al. (2009) for a
more thorough presentation.
The sampling efficiency factor ϵ acts as a safeguard in

the algorithm, making it more likely that new points are

4 https://github.com/ajdittmann/multiNestNotes
5 https://github.com/farhanferoz/MultiNest
6 Notably, this estimate, which I focus on here because of its

usage in MultiNest (Feroz et al. 2009), is very slightly biased (e.g.,
Walter 2017; Salomone et al. 2018; Buchner 2023).

actually drawn from within the intended likelihood con-
tour. Unfortunately, when using ϵ = 0.3, for example,
MultiNest is still wont to sample from too small a vol-
ume of parameter space (Buchner 2016a). Notably, the
amount of ellipsoid expansion in any given linear dimen-
sion at constant ϵ is much smaller in higher dimensions.
This is why smaller efficiencies are required to produce
unbiased results in higher dimensions and why using sam-
pling efficiencies greater than unity is much more dam-
aging for lower-dimension problems, as shown in Section
4.

3. TEST PROBLEMS AND METHODOLOGY

I have chosen three problems to test MultiNest’s ro-
bustness when applied to smooth problems: multidimen-
sional versions of the normal distribution, the Rosen-
brock distribution, and the log-Gamma distribution. In
each test the integral of the target distribution can be
calculated analytically, and after normalizing the log like-
lihood the evidence is simply given by the prior normal-
ization.
The one-dimensional posterior distributions in the nor-

mal and log-Gamma distribution tests are trivial to cal-
culate, so one can easily test the ability of each sampler
to correctly recover the underlying posterior distribution.
I took a practical approach to estimating errors in poste-
rior recovery: I first computed a kernel-density estimate
using the posterior samples drawn in each test, and then
calculated the L1 error of that kernel density estimate
and the true underlying distribution. Explicitly, I calcu-
lated in each dimension (i)

L1,i =

∫
|p(xi)− p̃(xi)| dxi, (1)

where p(xi) is the true marginalized posterior distri-
bution and p̃(xi) is a kernel density estimate derived
from the posterior samples. I used the scipy (Virtanen
et al. 2020) implementation of the QUADPACK routine
(Piessens et al. 1983) to evaluate the integral (1), and
the default scipy Gaussian KDE implementation, which
used Scott’s rule to select the bandwidth (Scott 2015).
When reporting the results of various tests, I have pre-
sented the distribution of L1 errors over all dimensions
and independent trials.
In addition to the overall error in a given analysis, the

deviations between the true posteriors and a set of poste-
riors estimates, it is useful to know if an algorithm tends
to overestimate or underestimate the widths of credible
intervals. To test this, in some cases I have calculated
the % error of the ±1σ (≈ 68%) credible region, defined
such that a negative % error means that MultiNest un-
derestimated the width of a given credible interval.
Because each of the likelihood functions examined here

can be integrated analytically, I have calculated evidence
errors according to

∆ logZ = logZmeasured − logZtrue, (2)

such that positive values of ∆ logZ indicate that Multi-
Nest overestimated the evidence.

3.1. Test Problems

3.1.1. The Normal Distribution

https://github.com/ajdittmann/multiNestNotes
https://github.com/farhanferoz/MultiNest
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The simplest distribution I have considered here is a
multivariate uncorrelated normal distribution. In gen-
eral, most local maxima of realistic log likelihoods can
be approximated by parabolas, so normal distributions
will be relevant in at least some neighborhood about each
log likelihood peak. However, in practice, many realistic
log likelihoods deviate appreciably. The log-likelihood
function in N dimensions is given by

logL(x) =
∑
i

−1

2

(
x2
i

σi

)2

− log σi

√
2π. (3)

One would hope that any Bayesian analysis tool is ca-
pable of sampling this distribution adequately. In prac-
tice, however, unless used with sufficiently rigorous “res-
olution settings,” MultiNest fails to recover the correct
evidence in 10- or 20-dimensional test problems. For each
problem, I selected standard deviations σi uniformly be-
tween 0.1 and 0.5 (inclusive), with a spacing dependent
on the number of dimensions.

3.1.2. An Extended Rosenbrock Distribution

The Rosenbrock function in two dimensions is a stan-
dard test problem in numerical optimization, notable for
its long, curving degeneracies, and strong correlations
between parameters. There have been many attempts
to extend the Rosenbrock function to higher dimensions,
but I focus here only on the distribution presented in
Pagani et al. (2019), which exhibits nontrivial correla-
tions between each pair of parameters and has a known
normalization.
The log likelihood for this distribution is given by, in

N = (n1 − 1)n2 + 1 dimensions,

logL(x) = −a(x1 − µ)2 −
n2∑
j=1

n1∑
i=2

bj,i(xj,i − x2
j,i−1)

2 −C,

(4)
where the normalization constant C is given by

C = log

(√
a
∏√

bj,i

πN/2

)
. (5)

I chose µ = 0, a = 2.0, and each bj,i was chosen between
1 and 10 (inclusive) with a geometrically uniform spacing
depending on the total problem dimensionality.

3.1.3. The Log-Gamma Distribution

Many distributions possess heavy tails. It is well-
known that such distributions pose challenges to Multi-
Nest, although the standard test involves four sepa-
rate modes and combinations of log-gamma and normal
distributions (e.g., Beaujean & Caldwell 2013; Buchner
2016a; Feroz et al. 2019). I have instead chosen a uni-
modal variation of this problem without any Gaussian
components. The log likelihood for this test is given by

logL(x) =
∑
i

cyi − exp yi − log Γ(c), (6)

yi = (xi − µ)/σi, (7)

where Γ is the Gamma function, c = 1, µ = 2/3, and
scale parameters σi were spaced log-uniformly between
0.01 and 0.05 (inclusive).

3.1.4. A Noisy Normal Distribution

While attempting to understand why MultiNest might
perform fairly reliable posterior inference for many stan-
dard test problems but systematically underestimate
credible intervals to noticeable degrees when applied to
astronomical data analyses (e.g., Miller et al. 2019; Ih
& Kempton 2021; Miller et al. 2021), I considered the
possibility that some sort of “noise” (perhaps some fairly
high-frequency or stochastic variation in the likelihood as
a function of one or more parameters, superimposed over
some smooth trend) might be present in actual analyses
but not the smooth test problems described above. To
test this idea, I used the following log-likelihood function
in N dimensions

logL(x) =
∑
i

−1

2

(
x2
i

σi

)2

−Af(xi), (8)

where f(x) is a linear interpolant over a sequence of pseu-
dorandom numbers drawn uniformly between -1 and 1,
and A is a noise amplitude. For simplicity I used the
same pseudorandom field in each dimension, which had
between 250 and 1250 samples per σi. To be clear, I
make no claim that this sort of noise is actually present
in practical analyses: this is simply one test case where
MultiNest performs similarly to the aforementioned ap-
plications to real data.

3.2. Testing Protocols

3.2.1. Smooth Test Problems

For each smooth toy problem (those described in
Sections 3.1.1, 3.1.2, and 3.1.3, and analyzed in Sec-
tion 4), I have tested a wide variety of resolution pa-
rameters to gauge the MultiNest’s performance. Con-
cretely, I used Nlive ∈ {100, 300, 1000, 3000, 10000},
for each Nlive I used the sampling efficiencies
ϵ ∈ {10, 3, 1, 0.3, 0.1, 0.03, 0.01, 0.003, 0.001}, and I
tested each (Nlive, ϵ) combination 10 independent times
(changing only the pseudorandom seed) for each of the
three test problems. For each problem, I have also in-
vestigated three different dimensionalities (e.g. 5D, 10D,
and 20D for the multidimensional normal distribution
test), totaling 4050 analyses.
I have focused on only the standard MultiNest algo-

rithm (Feroz et al. 2009, version 3.12), without using im-
portance nested sampling (Feroz et al. 2019). Since this
variation does not alter MultiNest’s parameter explo-
ration strategy, it would not ameliorate any of the cases
where MultiNest’s posterior estimates severely erred.
Importance nested sampling might improve performance
in some of the cases where the posterior estimates were
acceptable and the evidence was simply overestimated,
although it is far from panacean (e.g., Nelson et al. 2020),
sometimes leading to the confident exclusion of the true
evidence (Buchner 2016a).
Although each problem was unimodal, I allowed Multi-

Nest to perform mode separation if it identified multiple
modes, since in practice one rarely knows a priori how
many modes are present in a given problem. I performed
a handful of log-gamma tests with mode separation de-
activated and observed no significant changes in the re-
sults. I set MultiNest’s evidence tolerance parameter to
10−5 in each analysis to avoid the possibility that param-
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Fig. 1.— Errors in MultiNest-derived evidence values from the multivariate normal distribution tests. Each column plots results from
distributions of different dimensionalities, each row plots results from tests using different numbers of live points, and results in each subplot
are plotted as functions of sampling efficiency. Significant departures from the gray line, which marks an evidence error of zero, indicate
cases in which MultiNest failed to measure the evidence accurately. Error bars indicate the MultiNest-estimated uncertainties, although
these are often dwarfed by the actual errors.
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Fig. 2.— Errors in MultiNest-derived posteriors from the multivariate normal distribution tests. The layout is the same as in Figure 1.
Dashed and dotted gray lines mark L1 errors of 0.01 and 0.1 respectively.
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Fig. 3.— Errors in the widths of the MultiNest-derived ±1σ credible regions from the multivariate normal distribution tests. The
horizontal lines in each violin plot denote the minimum, median, and maximum values.
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subplot are plotted as functions of sampling efficiency. Error bars again indicate the MultiNest-estimated uncertainties, although these are
frequently orders of magnitude smaller than the actual errors.
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eter space might not be thoroughly explored because the
tolerance was too large, although I also repeated ∼ 100
normal and log-gamma tests using a tolerance parame-
ter of 0.25 and found no appreciable differences in the
quality of the results.

3.2.2. A Noisy Test Problem

For the test introduced in Section 3.1.4, developed
in an attempt to understand a possible cause for
MultiNest systematically underestimating credible re-
gion widths (e.g., Miller et al. 2019; Ih & Kemp-
ton 2021) in a sampling-efficiency-dependent way (e.g.,
Miller et al. 2021),7 I focused instead on MultiNest pa-
rameters closer to those used in scientific applications.
Specifically, I used Nlive ∈ {300, 1000, 3000, 10000},
for each Nlive I have used the sampling efficiencies
ϵ ∈ {0.3, 0.1, 0.03, 0.01}, and I have tested each (Nlive,
ϵ) combination 10 independent times. For each of these,
I have saved MultiNest outputs at two evidence toler-
ance values, tol ∈ {0.5, 0.01}, waiting for the first series
to complete and then re-starting each with a lower tol-
erance. For succinctness, I have only reported in Section
5 results from a 10D test case.

4. MULTINEST IN ACTION:
SMOOTH TEST PROBLEMS

4.1. Normal Distributions

• When using too large a sampling efficiency, Multi-
Nest overestimates the evidence, more so in higher
dimensions.

• For evidence measurement in lower-dimension (5)
problems, ϵ ≲ 0.3 may be sufficient at Nlive = 102,
and ϵ ≲ 1 may be sufficient at Nlive = 104.

• For higher-dimension (20) problems, ϵ ≲ 0.01 may
be sufficient at Nlive = 102, and ϵ ≲ 0.03 may be
sufficient at Nlive = 104.

• Posterior accuracy is effectively independent of ϵ
(for ϵ ≤ 1).

• Posterior accuracy improves at close to, but slightly

more slowly than, ∝ N
−1/2
live .

• MultiNest is slightly biased towards underestimat-
ing credible region widths.

These observations are based on the results presented
in Figures 1 and 2. The former figure presents the indi-
vidual evidence estimates from each multivariate normal
analysis, along with the uncertainties reported by Multi-
Nest, which are plotted as error bars. In many cases the
reported uncertainties are orders of magnitude smaller
than the actual error of the results. The later figure
plots the distribution of L1 errors of the 1D posteriors in
each analysis.

7 Most quantitatively, in Miller et al. (2021), MultiNest under-
estimated the neutron star equatorial radius posterior width by a
factor of ∼ 0.67 when used with (Nlive = 1000, ϵ = 0.01), a fac-
tor of ∼ 0.79 when used with (Nlive = 3000, ϵ = 0.01), and even
smaller factors when used with larger sampling efficiencies.

0.55 0.60 0.65 0.70x0

−0.2

0.0

0.2

0.4

0.6

x
1

0.55 0.60 0.65 0.70x0
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L1 error=0.0582

L1 error=0.0095

0.0 0.5x1

L1 error=1.9980

L1 error=0.0403

L1 error=0.0120

Nlive = 100
Nlive = 1000
Nlive = 10000

Fig. 5.— Posterior distributions for a 2D log-gamma distribution
test using ϵ = 1. Blue, orange, and red curves plot results derived
using 102, 103, and 104 live points, respectively. The true one-
dimensional marginalized posteriors are plotted using solid gray
lines. These highlight a run that largely missed the mark, result-
ing in an L1 error greater than 1, and two that sampled accurately
to varying degrees of precision. The contours in the upper panel
display the two-dimensional 1σ and 2σ minimum-area credible re-
gions. The distributions are plotted here using averaged shifted
histograms (Scott 1985).

Figure 3 displays the errors in the width of the ±1σ
credible intervals for each of the normal distribution anal-
yses, collated similarly to the L1 error measurements.
Out of the 15750 posterior distributions inferred in these
tests, MultiNest produced an erroneously narrow pos-
terior distribution on 8370 instances. Although Multi-
Nest only underestimated the width of posterior credible
regions ∼ 53% of the time, the odds of this many or
more low estimates occurring in a sample of unbiased
posterior estimates (that is, with widths overestimated
as often as they are underestimated) are on the order of
∼ 10−13%. Restricting the results to the 15477 posterior
inferences that had L1 errors less than 0.2, excluding the
cases where MultiNest estimated the posteriors particu-
larly poorly, MultiNest underestimated the width of the
credible region in 8168 cases. With an unbiased sampler
the odds of getting that many (or more) low rolls is a
much more reasonable ∼ 2 × 10−12%. Although not by
particularly harmful amounts for this simple problem,
MultiNest appears to be systematically biased towards
reporting erroneously narrow credible regions.

4.2. Abnormal Distributions I: Bananas
(Generalized Rosenbrock Distributions)

• MultiNest is able to adequately sample the stan-
dard 2D Rosenbrock distribution with efficiencies
of ϵ ≤ 0.3 − 1 depending on the number of live
points.

• MultiNest struggles in higher dimensions more so
than when sampling simpler normal distributions
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Fig. 6.— MultiNest evidence errors for the log-gamma problem, as functions of dimensionality, sampling efficiency, and the number of live
points. Especially in higher numbers of dimensions, small sampling efficiencies and large number of live points are necessary for MultiNest
to derive accurate evidence estimates.
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of the same dimensionality, requiring ϵ ≤ 0.01 at
Nlive ∼ 100 and ϵ ≤ 0.1 for Nlive ∼ 104 when sam-
pling a 10D distribution.

The generalized Rosenbrock distribution evidence es-
timates are presented in Figure 4. Overall, I have found
that MultiNest is able to sample from generalized Rosen-
brock distributions without too much additional diffi-
culty compared to an uncorrelated multivariate normal
distributions. For a given dimensionality, smaller sam-
pling efficiency values are required to achieve converged
results, in comparison to sampling simpler normal distri-
butions.

4.3. Abnormal Distributions II: Log-Gammas

• For the 2-dimensional problem, efficiencies between
0.3 and 1 may be sufficient to derive reasonable
posteriors and estimates of the evidence, depending
on the number of live points (see Figure 5).

• For higher-dimension problems, efficiencies be-
tween 0.001 and 0.1 can be necessary to derive pos-
terior and evidence estimates that are not in severe
error.

• Higher-dimension problems require lower efficien-
cies at a fixed number of live points.

• Errors in MultiNest’s log evidence estimates can
range from 100s to 1000s when applying the
developer-suggested efficiency settings to this prob-
lem.

• MultiNest is slightly biased towards underestimat-
ing the widths of posteriors.

The above observations are largely drawn from Fig-
ures 6 and 7. The former figure presents the individual
evidence estimates from each multivariate normal analy-
sis; although error bars are technically included, the esti-
mated errors are less than unity and completely dwarfed
by the systematic errors present in most of the analyses.
In most of the cases where MultiNest does a very poor
job of estimating the evidence, it also derives very incor-
rect posterior estimates, reporting results with errors on
the order of 100%. If this holds in general, consistent
evidence measurements might suggest fairly trustworthy
posterior inferences.
A more worrying aspect of Figures 6 and 7 is the

breadth over which MultiNest can report ∼ 100% er-
roneous results. Let us take the 10-dimensional problem
as an example. Based on the recommendations in the
MultiNest documentation, one might reasonably start
with 1000 live points and an efficiency of 0.3, which would
almost certainly lead to a log-evidence error on the or-
der of ∼ 500. One may need to decrease the sampling
efficiency by a factor of ∼ 300 holding the number of
live points fixed, or by a factor of ∼ 3 − 100 while in-
creasing the number of live points by factors of 10-3 to
derive accurate results. However, one can not know this
a priori, so diligent convergence testing should always
be practiced, until the evidence estimates and posteriors
converge.
Again measuring the widths of the analytical and mea-

sured ±1σ credible intervals and restricting the samples

to only those with L1 errors less than 0.2, 2110 out of
4008 estimated credible regions were too narrow. This
is again quite improbable (if MultiNest underestimated
the width of credible regions as often as it overestimated
them, there would be a ∼ 0.04% chance of this many
or more of that sample being too narrow), although the
evidence is not as strong given the smaller data set. How-
ever, looking at the full set of posterior estimates, I found
that 3350 out of 7650 credible interval widths were under-
estimated. Here there is a silver lining: when MultiNest
does especially poorly, credible interval widths tend to
be overestimated, at least for this problem.

5. MULTINEST IN ACTION:
SAMPLING NOISY LIKELIHOODS

Naturally, as the noise amplitude A in Equation (8)
goes to zero, the results should approach those of Sec-
tion 4.1. I tested A ∈ {0.5, 0.05, 0.005}, although for this
test the differences between A = 0.05 and A = 0.005
were negligible and predictable. The results from these
tests are collected in Figure 8, which shows the errors
in credible region widths as functions of Nlive, ϵ, A, and
tol. When A is small, the results are effectively unbi-
ased, as expected. However, when the noise amplitude is
large, MultiNest’s posterior estimates can be systemati-
cally biased towards being erroneously narrow.
More specifically, at larger values of the sampling effi-

ciency (such as ϵ = 0.3, which is still less than half that
recommended by the MultiNest documentation for pa-
rameter estimation), MultiNest produces systematically
narrow posterior estimates. These biases do not disap-
pear as more live points are used in the analyses; rather,
as live points are added the run-to-run variation seems
to decrease while the median error remains roughly con-
stant between runs. The biases are significantly reduced
at ϵ = 0.1, and virtually disappear for this problem by
ϵ ≤ 0.03. Intriguingly, for this particular problem, results
can become slightly more biased as tol, the evidence tol-
erance used by MultiNest as a stopping condition, is de-
creased. Presumably, because the actual likelihood sur-
face is nonsmooth, MultiNest’s bounding ellipsoids have
a tendency to systematically underestimate the actual
isolikelihood surface at a given iteration. Since the noise
introduced in this test is a perturbation overtop a general
trend, once MultiNest’s bounding hyperellipsoids are en-
larged sufficiently at each stage they are able to derive
much less biased samples. This tendency should hold for
fairly generic, even smooth, likelihoods, but the this par-
ticular likelihood function seems to exacerbate the issue.

6. STRATEGIES FOR IMPROVEMENT

For problems like those analyzed in the present study,
which require only a modest personal computer, a sound
strategy, besides conducting rigorous convergence tests,
is to use a more robust nested sampling tool. A num-
ber of other tools seem to meet the criterion of being less
prone to biases than MultiNest, including POLYCHORD
(Handley et al. 2015; Lemos et al. 2023), JAXNS (Al-
bert 2020), dynesty (Speagle 2020), or UltraNest (Buch-
ner 2021).8 If a given likelihood function is compatible
with the JAX framework (Bradbury et al. 2018), JAXNS

8 Empirical evidence points to slice sampling implementations
being less prone to producing biased evidence estimates than the
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Fig. 8.— Errors in the widths of the MultiNest-derived ±1σ credible regions from the noisy normal distribution test. The horizontal lines
in each violin plot denote the minimum, median, and maximum values, and the gray dotted line indicates an error of zero. At larger noise
amplitudes A and higher sampling efficiency values (e.g. ϵ = 0.3), MultiNest produces posterior estimates that are systematically narrow
(by ∼ 5 − 10% for this problem). These biases remain as the number of live points is increased, but can be ameliorated by a sufficiently
small value of the sampling efficiency.

might be particularly favorable, and significantly faster
than the alternatives (Albert 2020).9 Otherwise, Multi-
Nest can remain an order of magnitude or so faster than
more robust sampling algorithms. As shown above, one
might need to improve the resolution (and possibly ex-
pense) of a fiducial MultiNest run by orders of magni-
tude for the results to be worth trusting, but both this
prospect and that of using a slower sampling strategy
can be difficult pills to swallow when committing thou-
sands or millions of core hours to a Bayesian analysis on
a supercomputer.
Generally speaking, it is possible to use an initial (pre-

sumably relatively quick) MultiNest analysis to acceler-
ate other methods more capable of accurately estimat-
ing evidences and posteriors. One approach is to use the
initial nested sampling analysis to initialize a Markov-
chain Monte Carlo (MCMC) analysis (e.g., Miller et al.
2019, 2021; Wolfe et al. 2023), where as long as the ini-
tial nested sampling analysis was able to correctly iden-
tify the most significant mode within a given parameter
space the MCMC analysis can be expected to draw un-

rejection sampling-based MultiNest (see, for example, Lemos et al.
(2023) and Figure 4 of Albert (2020), although in that case other
parameters must be tested to ensure convergence); other packages
such as UltraNest implement more robust bounding regions for re-
jection sampling (e.g., Buchner 2016a, 2021). Furthermore, pack-
ages such as dynesty and dyPolyChord implement dynamic nested
sampling (Higson et al. 2019b), which can target both posterior
and evidence accuracy in addition to providing the capability of
further refining an initial nested sampling analysis; UltraNest also
allows further refinements following an initial run, and targeting
both posterior and evidence accuracy.

9 UltraNest also provides vectorized step samplers that can take
advantage of JAX-based or otherwise GPU-parallelized likelihoods.

biased samples from the posteriors from the target dis-
tribution. If the initial nested sampling analysis was
able to adequately sample the posterior distribution, the
MCMC sampler will be able to start drawing unbiased
samples almost instantly. However, if the nested sam-
pling algorithm does a poor job of estimating posteriors
this method can require a long “burn-in” period, and
standard MCMC techniques can not reliably estimate
the evidence.10 Another related approach, although I
have not yet tested this personally, could be to initial-
ize a population Monte Carlo analysis (e.g., Cappé et al.
2004; Cappé et al. 2008), similar to the description in
Beaujean & Caldwell (2013), which could also produce
evidence estimates via importance sampling.
Another strategy is to use a preliminary MultiNest

analysis to jump-start a nested sampling analysis with a
slower but more robust nested sampling strategy. Qual-
itatively, information about the posterior can be used
to reduce the time spent by a nested sampling analysis
compressing from the prior to the posterior (Petrosyan
& Handley 2022). This strategy can be used to refine
a dubious initial analysis, or to accelerate the analysis
a problem very similar to one already analyzed (for ex-
ample, one adding a few new observations to an existing
data set). Here, I’ve used the implementation of “warm

10 Parallel-tempered MCMC samples may be used to estimate
the evidence as well (e.g., Gelman & Meng 1998; Vousden et al.
2016), but estimates using only samples of the posterior typically
have infinite variance (Newton & Raftery 1994) and are therefore
useless. See Wolfe et al. (2023) for a description of how samples
from a single nested sampling analysis can be used to initialize a
parallel-tempered MCMC analysis.
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Fig. 9.— Probability distributions for the even parameters in a
10-dimensional log-gamma test over the course of an MCMC anal-
ysis. Initial walkers positions were sampled from the posteriors
derived by an Nlive = 1000, ϵ = 0.1 MultiNest analysis. Gradu-
ally, as the MCMC algorithm iterates, the walkers move from their
initial positions, far from representative of the posterior, to being
consistent with the underlying distributions. The distributions are
plotted here using averaged shifted histograms (Scott 1985).

starting” built into UltraNest.11

6.1. MCMC

For this test, I began with arguably the most diffi-
cult problem — the 10D log-gamma distribution — and
started with a MultiNest analysis that missed the mark,
one of the Nlive = 1000, ϵ = 0.1 runs. I first performed a
Gaussian kernel density estimate of the MultiNest pos-
terior samples; at this stage I prefer to use a bandwidth
an order of magnitude or two (in this case a factor of 10)
smaller than the Silverman suggestion (Silverman 1986)
to help prevent the kernel density estimate from extend-
ing beyond the prior bounds, if applicable. After estimat-
ing the density of the posterior, I resampled it, drawing
1024 samples, which I used to initialize the walkers in
an MCMC analysis. For this I employed emcee version
3.1.4, using the default settings (Foreman-Mackey et al.
2013).
Some of the results from this test (for every other pa-

rameter) are shown in Figure 9. In this Figure, I’ve
plotted the probability distributions derived from the
first, second, and third groups of 750 MCMC iterations,
after initializing the walkers based on draws from the
MultiNest-derived posteriors. Over time, the walkers

11 https://johannesbuchner.github.io/UltraNest/
example-warmstart.html. One must take care when starting
from MultiNest outputs, which have a slightly different format
that UltraNest outputs.

0.0 0.5x0

0.3

0.4

0.5

0.6

0.7

x
1

0.0 0.5x0
0.4 0.6x1

MultiNest
UltraNest

Fig. 10.— Results from a 10-dimensional log-gamma test, illus-
trated using a corner plot for the first two parameters. MultiNest
results are shown in blue, while UltraNest results (warm-started
from the MultiNest results) are shown in orange. The true 1D
posteriors are shown in gray. The upper panel displays the two-
dimensional 1σ and 2σ minimum-area credible regions. The distri-
butions are plotted here using averaged shifted histograms (Scott
1985).

move from their initial positions to instead match the
posterior. This sort of behavior can be expected as long
as MultiNest is able to identify the most prominent mode
in a multimodal parameter space. Because selecting good
initial walker positions can be one of the challenges in
an MCMC analysis, these two methods can complement
each other nicely.

6.2. Starting Warmly

For this test, I began with the same MultiNest out-
puts as Section 6.1, but I instead used it to warm-start
an UltraNest analysis. This technique has already been
demonstrated for cases where the information used to
warm-start a given nested sampling run is actually rep-
resentative of the underlying posterior (e.g. Petrosyan &
Handley 2022). In this sense, the present test, where the
nested sampling run used to warm-start the analysis was
quite far from representing the posterior, is something
like a worst-case scenario, and demonstrates the robust-
ness of this strategy when the deviations between the
warm start and actual posterior are large.
Despite using far from optimal samples to inform the

warm-starting procedure, UltraNest was still able to per-
form adequately without any tuning. For example, Ul-
traNest derived an evidence estimate with an error of
∆ logZ = 0.690 ± 0.605. On the other hand, MultiNest
had an evidence error of ∆ logZ = −297.245 ± 0.259.
Additionally, as illustrated in Figure 10, UltraNest was
able to derive much more accurate posterior estimates.

7. CONCLUSIONS

https://johannesbuchner.github.io/UltraNest/example-warmstart.html
https://johannesbuchner.github.io/UltraNest/example-warmstart.html
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The results presented here imply a few general strate-
gies for using MultiNest in a way that can be reason-
ably trusted. If one finds consistent evidence estimates
and posterior inferences between two or more MultiNest
analyses that have varied the number of live points and
sampling efficiencies by factors of ∼three or more (larger
factors are preferred because of the often-large variance
between MultiNest using a given combination of sam-
pling parameters), the results of the analyses can prob-
ably be trusted. In practice, lowering the sampling effi-
ciency may be a less resource-intensive strategy, particu-
larly if one finds a fraction of accepted proposals higher
than the sampling efficiency. Alternatively, it is straight-
forward to use an initial MultiNest run to initialize and
accelerate an MCMC analysis, or another nested sam-
pling analysis with more rigorous convergence criteria,
as described in Section 6.
To reiterate some of the results of the above tests, when

used with the “recommended” settings, MultiNest:

• can produce systematically biased estimates of the
Bayesian evidence (more significantly for higher-
dimension problems),

• can derive completely erroneous posterior esti-
mates,

• is more likely to underestimate the width of a cred-
ible interval than to overestimate it.

The degree to which MultiNest produces biased results
(or whether it instead produces good results) depends
sensitively on the dimensionality and structure of a given
problem.
Additionally, when sampling noisy likelihoods, Multi-

Nest tends to produce posterior estimates that are sys-

tematically narrow; this bias can be ameliorated by de-
creasing the sampling efficiency, but is largely indepen-
dent of the number of live points used. Although the
particular test problem examined here is not necessarily
analogous to practical applications, this behavior mim-
ics that observed in some actual analyses where Multi-
Nest seemed to significantly underestimate the widths
of credible regions (e.g., Miller et al. 2019; Ih & Kemp-
ton 2021; Miller et al. 2021). Because MultiNest’s pos-
terior estimates can be systematically biased at larger
sampling efficiency, it is crucial that any analysis relying
on MultiNest-derived posteriors test convergence with re-
spect to the sampling efficiency.

SOFTWARE

MultiNest (Feroz et al. 2009), PyMultiNest (Buchner
2016b), emcee (Foreman-Mackey et al. 2013) , UltraNest
(Buchner 2021), matplotlib (Hunter 2007), numpy (van
der Walt et al. 2011), scipy (Virtanen et al. 2020)
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