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Gravitational-wave astronomy typically relies on rigorous, computationally expensive Bayesian
analyses. Several methods have also been developed to perform rapid, approximate Bayesian inference.
We present a novel approach to leverage the results of these low-latency analyses to accelerate the final
inference, while ensuring that the Bayesian prior remains independent of the data. By combining the fast
constraints from the simple-pe algorithm with the nested sampling acceleration technique of posterior
repartitioning, we demonstrate that our method can guide the nested sampler toward the most probable
regions of parameter space more efficiently for signal-to-noise ratios (SNR) greater than 20, while
mathematically guaranteeing that the final inference is identical to that of a standard, uninformed analysis.
We validate the method through an injection study on signals with SNR < 150, demonstrating that it
produces statistically robust and unbiased results while providing speedups of up to 210%, with a mean
speedup of 34% for SNRs > 20. Importantly, we show that the performance gain provided by our method
scales with SNR, establishing it as a powerful technique to mitigate the cost of analyzing signals from
current and future gravitational-wave observatories.
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I. INTRODUCTION

A crucial part of gravitational-wave data analysis is
parameter estimation (PE), the process of inferring physical
properties of a source, such as its component masses or sky
location, from the observed signal, given a model [1]. The
results of PE are fundamental to our understanding of stellar
evolution, general relativity, and cosmology (most recently,
see e.g. [2–10]). As the global network of gravitational-
wave (GW) observatories improves in sensitivity and
detects an ever-increasing number of events, the demand
for efficient analysis methods is growing [11–16], and will
become more pressing as more GW detectors come online
[17]. This has led to several recent efforts in this area
[18–26], including using machine learning algorithms
[27–32]. This new era of high signal-to-noise ratio
(SNR) signals is exemplified by the recent loud event
GW250114_082203, which, with an estimated network

SNR of∼80, is significantly louder than previous detections
and promises a new frontier for precision science [33,34].
The standard approach to perform GW parameter esti-

mation is through Bayesian inference [35,36]. This is
typically accomplished using stochastic sampling algo-
rithms like nested sampling (NS) [37,38] (although see
e.g. Refs. [18,22] for alternative techniques). Nested sam-
pling is highly effective and reliable, providing not only
estimates for the posterior distribution but also the Bayesian
evidence required for model comparison [38]. However, the
algorithm’s computational cost presents a significant bottle-
neck. A standard PE analysis for a single event can require
millions of likelihood evaluations, often translating to hours
or days of runtime on high-performance computing clusters
[39]. This computational demand poses an impending
challenge for the higher event rates of future observing
runs, and already makes the routine use of the most
physically comprehensive models, such as those including
orbital eccentricity, expensive.
To address the growing computational challenge asso-

ciated with nested sampling, we introduce a method that
combines two existing techniques: posterior repartitioning
(PR) [40,41] and the simple-pe analysis [42]. PR is a
technique that can accelerate NS by using an approximate
posterior, learned from a preliminary NS analysis, to define
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a more efficient sampling prior [43]. simple-pe leverages
intuitive physical arguments to produce fast, probabilistic
constraints on the source parameters [42], including general
relativistic effects such as spin-induced orbital precession
[44] and higher order multipole moments [45,46]. Designed
to produce initial parameter estimates in minutes on a single
CPU, simple-pe can be employed for real-time alerts, as
well as for informing more detailed parameter estimation
offline.
In this work, we propose a new framework that replaces

the preliminary NS run previously used for PR with the
rapid, physically motivated constraints from simple-pe.
This integration has the potential to be faster and more
robust than previous implementations [43], as it avoids a
potentially slow and unreliable preliminary stochastic
search. The result is a parameter estimation framework
that significantly reduces the number of likelihood eval-
uations required for convergence, enabling more efficient
analysis of both current and future data. Combining our
method with techniques that accelerate the single like-
lihood evaluation time would further improve the perfor-
mance gains [47–50].
This paper presents and validates this new PE framework.

First, we conduct a large-scale injection study on a
population of signals representative of current detections
to validate the statistical integrity of the method. We show
that it produces unbiased posteriors that are consistent with
those from standard NS analyses. Second, we perform a
study to characterize how the method’s performance scales
with network SNR. This establishes the efficiency gains that
can be expected, particularly for the loud events that will
become more common in future observing runs.
The remainder of this paper is organized as follows.

After a review of Bayesian inference and nested sampling
in Sec. II, we detail our PE framework in Sec. III. We then
present two distinct studies to assess the method. In Sec. IV,
we validate its statistical integrity and in Sec. V, we
characterize its performance scaling with SNR. Both
sections detail the study design and present the correspond-
ing results. Finally, we present conclusions and discuss
future work in Sec. VI.

II. BACKGROUND

A. Bayesian parameter estimation in gravitational
wave astronomy

The Bayesian analysis of GW signals involves determin-
ing the properties of the astrophysical source, described by
a set of parameters θ, given the observed strain data d.
Within the Bayesian inference framework, this is achieved
by computing the posterior probability distribution,
Pðθjd;MÞ, which represents probability of the parameters
given the data and a particular underlying model, M [35].
According to Bayes’ theorem, the posterior is given by

Pðθjd;MÞ ¼ πðθjMÞLðdjθ;MÞ
ZðdjMÞ : ð1Þ

The model remains unchanged throughout this study, so we
will omit the explicit dependence on the model but we refer
interested readers to e.g. [51–53] for multimodel inference.
Here, πðθÞ is the prior probability distribution, encoding
our preexisting knowledge about the parameters. The term
LðdjθÞ is the likelihood, which quantifies the probability of
observing the data d given a specific set of parameters. The
denominator, ZðdÞ, is the Bayesian evidence, obtained by
integrating the product of the likelihood and prior over the
entire parameter space:

ZðdÞ ¼
Z

πðθÞLðdjθÞdθ: ð2Þ

While essential for comparing competing models within
Bayesian methodology [38] (although this does not account
model accuracy, see Refs. [52,53]), the evidence is com-
putationally expensive to calculate.

B. Nested sampling

There exist several stochastic sampling methods to
estimate the posterior distributions of GW data, such as
MCMC [54,55] and nested sampling [36,38,56–58]. NS is a
Monte Carlo algorithm specifically designed to calculate the
Bayesian evidence. NS works by drawing a set of “live
points” from the prior distribution. At each iteration, the
point with the lowest likelihood is removed from the live set,
being made a dead point, and is replaced with a new point
drawn from the prior, subject to the constraint that its
likelihood must be higher than that of the point it is
replacing. This process generates a sequence of live points
that iteratively move from the broad prior volume into
progressively smaller regions of higher likelihood (see
Fig. 1). The collection of dead points, when appropriately
weighted, provides samples from the posterior, while the
sum of their likelihood values multiplied by their enclosed
prior volume fractions yields a robust estimate of the
evidence.
Despite its effectiveness, NS is computationally inten-

sive. A single analysis often requires hours to days of
processing time on high-performance computing clusters
(although it has been shown that nested sampling can be
parallelized over many CPUs [59], reducing the overall
wall time, and techniques have been developed to optimize
the GW likelihood [21,24,47,48,60–65], reducing the
overall processing time). This cost is an obstacle to
achieving rapid scientific turnaround for the large event
catalogs of current and future observatories, assuming
nested sampling continues to be used [13,66]. For example,
it has been shown that a full nested sampling algorithm with
the future Laser Interferometer Space Antenna (LISA)
observatory can take more than 105 CPU hours [67].
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III. METHODS

A. Posterior repartitioning

One method to reduce the computational cost of nested
sampling is posterior repartitioning, which improves sam-
pling efficiency by exploiting a fundamental property of
Bayesian inference [40,41,43,68]. The posterior distribu-
tion and Bayesian evidence depend only on the product of
the likelihood and the prior, LðθÞπðθÞ. We are therefore
free to redefine these two components for computational
purposes, so long as their product remains invariant.
Nested sampling is uniquely suited to this manipulation

because its algorithm explicitly separates the prior and the
likelihood, by “sampling from the prior subject to a hard
likelihood constraint.” PR leverages this by redefining the
prior that the NS algorithm sees. The procedure is as
follows (also see Fig. 2):
(1) An approximation to the target posterior, gðθÞ, is

generated. In the past this has been achieved by
training a normalizing flow on samples from a
preliminary, low-resolution nested sampling run
[43]. Normalizing flows learn a series of invertible
mappings from a base distribution to a target [69,70].

(2) This learned distribution gðθÞ is assigned as the new,
effective prior for the NS algorithm. This is the
repartitioned prior, π0ðθÞ≡ gðθÞ.

(3) To ensure the likelihood-prior product is unchanged,
the likelihood must be redefined with a corrective
term:

L0ðθÞ ¼ LðθÞ
�
πðθÞ
π0ðθÞ

�
ð3Þ

The term in the brackets is the repartitioning factor.
The nested sampler is then executed using π0ðθÞ as

its sampling prior and L0ðθÞ for its likelihood
evaluations.

It is important to note that this is purely a computational
technique; the true Bayesian prior πðθÞ of the inference
problem is not altered. The result is an NS run that
converges faster because its sampling is concentrated within
the smaller volume of the repartitioned prior, which by
design already resembles the posterior. The acceleration
from PR fundamentally depends on the quality of the initial
approximation, π0ðθÞ. The approach of using a low-reso-
lution NS run for initialization, as in [43], presents two key
drawbacks. First, the preliminary run itself can be computa-
tionally expensive, offsetting some of the efficiency gains.
Second, and more critically, a stochastic sampler run in a
low resolution configuration may fail to identify complex
posterior structures, such as sharp peaks or secondary
modes. If the initial approximation is poor, posterior
repartitioning can be ineffective or, in the worst case, can
cut off at the algorithmic level regions of the parameter
space with non-negligible posterior probability, leading to
biased results. Signals with lower signal-to-noise ratios
(SNR) can be particularly susceptible to these issues.
We note that similar techniques that leverage preliminary

or intermediate results have been developed for Markov
chain Monte Carlo and sequential Monte Carlo [71,72]. We
focus on PR, as nested sampling is the current standard for
GW analyses. We leave a comparison to other approaches
for further work. We also note that acceleration techniques
which optimize the GW likelihood are complementary to
PR and, while not considered, could also be applied.

B. simple-pe

The simple-pe algorithm provides a rapid analysis
framework that generates estimates for the posterior prob-
ability distribution within minutes on a single CPU [42].
Instead of performing a full Bayesian analysis with
stochastic sampling, simple-pe uses simple, intuitive,
and physical insights to estimate the source properties.

FIG. 2. Most of the computational time of nested sampling is
spent in locating the bulk of the posterior, P, within the much
larger prior volume, π. In posterior repartitioning, this region of
interest is first identified by an approximate method. The nested
sampling run is then initialized within this smaller volume, π0,
using a repartitioned likelihood [Eq. (3)] to ensure the resulting
posterior and evidence are identical to a standard analysis.

FIG. 1. Cartoon of nested sampling algorithm in two dimen-
sions. Dead points define nested likelihood contours, indicated by
L1;L2;…, in the parameter space, and the live points compress
exponentially toward the peak of the likelihood as the algorithm
proceeds. The fractional prior volumes enclosed between suc-
cessive contours determine the weights of each dead point, used
for calculating the Bayesian evidence and drawing posterior
samples.
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simple-pe takes advantage of the well-known physi-
cal decomposition of GW signals, whereby a GW signal
can be decomposed into an infinite sum of spin-weighted
spherical harmonics [45,46]. However, simple-pe relies
on the fact that only a small number of these terms
significantly affect the observed signal; it can be shown
that a GW signal consistent with general relativity (assum-
ing quasicircular orbits) can be described to high fidelity as
a sum of three orthogonal components [42,73]. In essence,
the dominant term describes the base chirplike signal, the
second term describes the contribution due to spin-induced
precession and the third term describes the contribution
from higher order multipole moments. The central principle
of simple-pe is that a measurement of the dominant
term provides the primary information for the intrinsic
parameters: chirp mass, mass ratio, and aligned spins. A
measurement of the precessing and/or higher order multi-
pole terms then further constrains these intrinsic measure-
ments and provides information on the extrinsic properties.
While simple-pe is capable of analysing precessing
systems, with the possibility of incorporating eccentric
binaries [74], this is not explored in this work.
The simple-pe algorithm treats parameters hierarchi-

cally. It first identifies the most likely chirp mass, mass ratio
and aligned-spin based on the best fitting dominant only
term that maximizes the matched filter SNR. Although a
starting point is needed, which can come from a preliminary
search, simple-pe has routines to determine a best-fitting
template through an SNR optimization step, similar to what
is done in some online searches by the LVK [75]. It then
approximates the likelihood surface around this 3 dimen-
sional peak as a multivariate Gaussian, where the width is
based on the expected accuracy at which the mass and spin
can be measured, accounting for known degeneracies
throughout the parameter space [76]. This simple distribu-
tion allows for the rapid generation of initial mass and spin
samples. Extrinsic parameters, such as distance and ori-
entation, are handled separately by sampling from con-
strained distributions that depend on the network SNR and
response. Finally, SNRs for features beyond the dominant
term are obtained by matched filtering the data again, and
these initial samples are refined through a reweighting step;
each sample is assigned a weight based on the probability of
obtaining each of the observed SNRs.
While this approach sacrifices the full rigour of an NS

analysis, its physically informed logic makes it a more
robust tool for generating initial parameter estimates.
Because its constraints are derived from specific physical
features rather than stochastic exploration, it may be less
susceptible to the same failure modes as a low-resolution
sampler. For example, it is potentially less likely to miss
secondary modes of the posterior, such as in the inclination
angle, which is known to be often bimodal. This makes it
an ideal candidate for improving the initialization stage of
posterior repartitioning.

However, due to the approximations employed, sim-
ple-pe in its current form may not guarantee the most
reliable estimates. For example, for binaries with signifi-
cant spin-precession or higher order multipoles, more than
three terms are needed in the waveform expansion to fully
describe the observed signal [77,78]. By neglecting some
higher order multipole power, biases may be expected
particularly in high mass systems (see e.g. [79]). Similarly,
by using only the dominant term to initially provide
samples for the mass and spin of the binary, biases may
be expected for high SNR signals with significant con-
tributions from subdominant terms [73] (although the
initial samples are reweighted to account for the observed
power in subdominant terms; if the initial distribution lies
outside of the region consistent with the observed power,
the reweighting procedure fails). Finally, simple-pe
may struggle for low SNR signals since the multivariate
Gaussian approximation for the initial mass and spin
samples begins to break down.

C. The simple-pe-PR algorithm

Our method integrates the constraints from simple-pe
into the posterior repartitioning framework through a
multistep algorithm. The full procedure, shown schemati-
cally in Fig. 3, is as follows:
(1) Initial constraints: The method begins by running

simple-pe on the gravitational-wave strain data
to generate a set of samples. These samples provide
a rapid, physically motivated initial approximation
of the posterior.

(2) Learning a continuous distribution: The discrete
samples from simple-pe must be converted into
a continuous probability distribution from which we
can both sample and evaluate the log-probability.
We achieve this by training a normalizing flow, using
a modified version of the MARGARINE software
[80–82], on the simple-pe samples (see Appen-
dix B for details). This flow serves as a learned,
continuous representation of the initial posterior
approximation. However, other methods besides
normalizing flows are possible for obtaining this,
such as generation of a multidimensional kernel
density estimate [83], or Gaussian processes [84].

(3) Widening for robustness: Due to the approximations
employed, the distribution produced by simple-
pe can be narrower than, or offset from, the true
posterior [85]. To prevent this from biasing the final
inference, the learned distribution is widened. The
specific widening factors applied are an important
choice, and their empirical calibration based on our
injection study is detailed in Sec. IVA. The widening
itself is achieved by modifying the base distribution
of the trained normalizing flow. Specifically, we
increase the standard deviation of the base multi-
variate Gaussian distribution. The covariance matrix
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is diagonal, meaning that we can change the standard
deviation for each dimension independently. 2000
samples are then drawn from this “widened” flow. A
second normalizing flow is then trained on these
widened samples to produce the final, robust repar-
titioned prior, π0ðθÞ. During training of both flows,
we do not apply bounds and allow the flows to have
support outside the original prior. This will not affect
the final inference as samples outside the original
prior will not be accepted by the sampler anyway,
and we discuss this further in Appendix B.

(4) Final parameter estimation: The final PE analysis is
performed using Bilby-pr, a custom Bilby plugin
package developed for this work and made pub-
licly available on GitHub [86]. This package
extends the standard Dynesty sampler [57] as
implemented in Bilby [56], with arguments to
accept a pretrained MARGARINE normalizing flow.
It then implements custom prior and likelihood
wrappers that employ the flow as the new repar-
titioned prior, π0ðθÞ, and adjust the likelihood
according to Eq. (3).

The repartitioned prior, π0ðθÞ, does not incorporate
information for all parameters. The constraints from sim-
ple-pe on the sky location parameters, right ascension
(α) and declination (δ), exhibited a variance in accuracy that
made them unsuitable for reliable repartitioning [87].
Similarly, simple-pe does not provide distributions
for the phase, polarization angle, and time of coalescence.
For these parameters, we retain the original priors. Finally,
since we analytically marginalize over luminosity distance
in the likelihood in order to improve convergence [88,89],
we do not use the simple-pe distance estimates. In
summary, our repartitioned prior only incorporates infor-
mation from simple-pe for the intrinsic binary param-
eters and the inclination angle, where its performance is
most robust.

IV. INJECTIONS STUDY

We conducted an injection study to validate the statistical
robustness of simple-pe-PR on a population of simu-
lated binary black hole merger signals, each 8 seconds in
duration. The parameters for these injections were drawn
from the prior distributions detailed in Table III in
Appendix A. This choice of priors is representative of
those used in LVK analyses, including the choice of mass
priors (see Appendix A for further discussion). It therefore
allows us to validate our method’s statistical robustness in a
similar parameter range.
The signals were generated using the aligned-spin wave-

form model IMRPhenomXHM, which includes higher order
multipoles [90]. They were injected into colored Gaussian
noise representative of the design sensitivity of the
Advanced LIGO-Hanford (H1), LIGO-Livingston (L1),
and Virgo (V1) detectors [91].

A. Calibration of widening procedure

A key component of our method is the widening of the
initial simple-pe distribution, by applying a multipli-
cative increase to the standard deviation of the flow’s base
distribution. This ensures the resulting posteriors are
unbiased. The primary goal of this first study is to
determine the requisite widening.
To perform an empirical calibration of the necessary

widening factors, we drew a set of 100 injections from the
prior. For each of these calibration signals, we compared
the initial simple-pe distribution to the full posterior
from a standard NS analysis. For each repartitioned
parameter, we then determined the widening factor required
to ensure the 1st and 99th percentiles of the reference one-
dimensional marginal posterior were contained within the
1st and 99th percentiles of the one-dimensional marginal
widened distribution.
This calibration confirmed that the performance of

simple-pe depends on the network SNR [42]. A notable
change in behavior was observed around an SNR of 20:

FIG. 3. A flowchart of our proposed algorithm. Our method
(left) introduces several fast preprocessing steps before running a
posterior repartitioned (PR) nested sampling analysis. This
reduces the runtime compared to a traditional nested sampling
(NS) analysis (right). The primary computational bottleneck in
both methods is the nested sampling step itself. Provided the
initial simple-pe distribution is sufficiently widened, our
method produces the same posteriors as the traditional approach
but with significantly fewer likelihood evaluations.
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simple-pe generally performed better on signals louder
than this, and hence needed less widening. Consequently,
we adopted two distinct sets of widening factors: one for
signals in the lower-SNR regime (network SNR < 20) and
a less conservative set for high-SNR signals (network
SNR ≥ 20), shown in Table I.
The widening factors we use are intentionally

conservative to ensure robustness for the majority of signals
with SNRs above 10. For many signals, the initial dis-
tributions require little to no widening; 25% of the
injections in the calibration set needed widening factors
less than 1.25 in all parameters. As discussed in Sec. V, this
has an impact on the observed performance gains. For
signals below SNR 10, the required widening becomes
large enough to negate any computational benefit from
posterior repartitioning. While we apply the lower-SNR
factors to these signals for the purpose of our proceeding
injection study, this fixed widening is often insufficient to
guarantee an unbiased posterior and we do not recommend
application of our method in this regime (see Sec. IV B for
further discussion).
Finally, we note that these widening factors were

calibrated on aligned-spin injections in a three-detector
network. They may differ for analyses involving two-
detector networks or precessing binary systems. We also
expect these widening factors to vary with signal duration
and prior choices (Appendix A), but do not expect this to be
the primary determinant in our method’s performance (see
Sec. V). The widening factors were observed to be largely
independent of mass over the parameter range considered
(where the primary mass spanned from 11.5 to 152.3M⊙);
other structures in the likelihood, such as those related to
SNR, have a more significant impact. While this widening
process could be automated in future work, using tech-
niques similar to those introduced in [43], we do not
explore this here.

B. Statistical validation and performance

We now conduct a large-scale injection study to dem-
onstrate that our method achieves correct statistical cover-
age and is consistent with the standard version of Bilby and
nested sampling [92]. We also assess the method’s perfor-
mance. To perform the injection study, we drew a new set of

100 injections from the prior. For each of the signals, we
performed two analyses: one using a standard nested
sampling algorithm and one using the simple-pe-PR
algorithm described in Sec. III C. For the simple-pe-PR
analyses, we applied the appropriate SNR-dependent wid-
ening factors from Table I.
For both analyses, the nested sampling step was per-

formed with the Dynesty sampler [57] as implemented in
Bilby. The right ascension (α), polarization angle (ψ), and
phase at coalescence (ϕ) were treated with periodic
boundary conditions. Identical sampler settings were used
for both the standard and PR analyses to ensure a direct
comparison; we used 1000 live points and the “accep-
tance walk” sampler, with its default settings [1].

1. Percentile-percentile comparison
with standard nested sampling

The statistical integrity of our method is validated by a
population-level comparison with the standard NS analy-
sis, using the statistics of the probability-probability (P-P)
plot [93]. A P-P plot shows the fraction of signals for
which the injected parameter values lie within a given
credible interval, as a function of the credible interval. In
the ideal case where the parameter inference procedure
leads to the correct coverage, this plot should be a diagonal
line. However, there is a statistical uncertainty that arises
from the finite number of signals analyzed.
The recovered distributions for all parameters from our

method are consistent with those from the normal NS
method. We note that the individual P-P plots for both
methods revealed small biases in the declination and time
of coalescence at the geocenter parameters. Importantly,
though, these biases do not arise from changes related to
our method; our results are consistent with standard NS. We
attribute these biases to statistical variance within this
specific realization of 100 injections, as they were not
present in the separate realization used for calibration. Sky
location and time of coalescence at the geocenter have
known degeneracies [94], which may cause statistical
fluctuations in one parameter to manifest as apparent biases
in both. The P-P plots obtained from this set and the
calibration set are included in Appendix F for reference.
It should also be noted that summary statistics, such as the
P-P plot, have been previously shown to be subject to an
additional source of uncertainty that is not typically
quantified in P-P plot error bars [95], which could be
relevant to these apparent biases; we did not include this
source of uncertainty in our analysis, in line with standard
practice in the literature.
To more directly compare the population level agreement

between the methods, the differences between the two P-P
plots for some representative parameters are shown in
Fig. 4 (the remaining parameters are plotted in Fig. 19). The
2σ error bars estimated from the injections are also plotted,

TABLE I. Widening factors (w) applied to the standard
deviation of the normalizing flow’s base distribution for signals
with network SNR < 20 (SNR ≥ 20).

Parameter Widening factor (w)

Mass Ratio (q) 2.5
Chirp Mass (Mc) 2.0 (1.5)
Spin of lighter BH (χ1) 2.0 (1.5)
Spin of heavier BH (χ2) 1.0
Inclination angle (θJN) 2.5
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which demonstrate again that the two methods are con-
sistent with each other to within statistical fluctuations.

2. Event level agreement with standard nested sampling

For every injection, we also compute the individual one-
dimensional Jensen-Shannon divergence (JSD) between
each pair of posterior distributions (see Appendix D for

JSD methodology and full results, as well as [96]) [97]. For
the majority of injections, the posteriors from simple-
pe-PR are in good agreement with those from standard NS,
confirming the general robustness of the widening pro-
cedure. The JSD agreement also supports the hypothesis
that the biases observed in the P-P plot are due to a
statistical fluctuation in the properties of this specific set of
injections. Nevertheless, we observed two injections above
SNR 20 that exhibited significant differences in the
posterior estimates. In both cases, this was due to sim-
ple-pe identifying the opposite sky mode, resulting in an
offset inclination angle estimate. Our widening procedure is
not designed to account for such cases where the initial
estimate has significantly different support to the posterior.
This type of failure occurs more frequently at lower signal
strengths. Between SNR 10 and 20, six injections, repre-
senting 12.5% of signals in this range, show significant
posterior differences. Below SNR 10, this number increases
to 10 of the 12 injections, an expected result as our
widening factors were not calibrated for this regime.
Although the inclination angle failure mode can produce

biased posteriors in rare instances, we still include it in our
repartitioned prior to leverage the noticeable speedups it
provides for the majority of signals. Further improvements
to the simple-pe algorithm will alleviate this failure
mode, both ensuring more robust results and reducing the
need for our widening procedure. Moreover, the widening
procedure itself could be improved by varying the degree of
widening on the fly during the analysis, by sampling over
an additional widening factor parameter, similarly to [43].
This would permit larger widening factors to be incorpo-
rated for more challenging signals without sacrificing
performance on signals which require little to no widening.

3. Computational performance

We quantify the performance improvement, or speedup,
of our method as the ratio of a given metric (e.g., number of
likelihood evaluations) for a standard NS analysis to that of
our simple-pe-PR analysis. The total runtime of our
method is dominated by the nested sampling step. On
average, simple-pe took 5 CPU minutes, and training
both the original and widened normalizing flows together
took less than one CPU minute. By comparison, the nested
sampling step took on average 7 hours, parallelized over 38
CPU cores. Therefore, when comparing runtimes, we only
consider the respective nested sampling times of each
method. We could consider the speedup in terms of total
likelihood evaluations, but one characteristic of PR is that
the analysis typically spends a larger fraction of its runtime
sampling the high-likelihood region of the parameter space,
yielding a larger effective sample size than the equivalent
standard analysis (see Appendix E). Accordingly, our
method can be performed with fewer live points than a
standard NS analysis for the same final sample size. As
such, rather than the total speedup, the per-sample speedup

FIG. 4. The solid lines show for each parameter the difference
between the two P-P plots obtained from simple-pe-PR and
standard NS, CDFPRðpÞ − CDFnormalðpÞ, as a function of the
credible interval, p. The ideal case for two methods which
perfectly agree is a horizontal line at zero, but statistical
uncertainties play a role. The dotted lines show the 2σ error
bars if the two CDFs were statistically independent. This is
shown for reference only, since in our case both methods run on
the same set of injections so their P-P curves are positively
correlated. The shaded bands therefore show the 2σ pointwise
uncertainties estimated from the standard deviation of the
differences. In particular, even the biased declination (bottom
panel) shows consistency between the two methods, confirming
that the biases are not due to changes related to simple-pe-PR.
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(the speedup factor normalized by the number of effective
posterior samples from each analysis, calculated as in [98])
is the more informative performance metric, as it compares
like-for-like inference products. Figure 5 shows this per-
sample speedup in terms of likelihood evaluations for each
injection, as a function of network SNR. As anticipated
from the expected performance of simple-pe [42] and
the SNR-dependence of the widening factors, there is a
clear positive trend in performance with SNR, albeit with
significant scatter. The maximum speedup observed is 2.1,
for an injection with SNR 158. The performance distribu-
tion reflects the characteristics of our injection set, which
was drawn from the prior distributions used in LVK
analyses. Although the prior on the luminosity distance
was narrowed to ensure that most signals have detectable
SNRs (Table III), the majority of signals still have network
SNRs below 20 (shaded region). The performance of our
method in this regime is expected to be modest, or in some
cases worse than standard NS. We find that 71% of
injections in our population show speedups greater than
1, and for signals with SNR > 10, this figure increases to
78%. The mean speedup for injections with SNR > 20
was 1.34.
As discussed in Sec. IVA, our chosen widening factors

are intentionally conservative for the majority of signals
above SNR 10; on the other hand, below SNR 10, the
applied widening factors are generally expected to be
insufficient. These results therefore highlight an important
distinction between the statistical robustness and the
computational efficiency of the method at different signal
strengths. For signals below SNR 10, the method is

unlikely to produce reliable results and we do not recom-
mend its use. For signals with SNR between 10 and 20, the
empirically calibrated widening factors are robust for most
cases, and the final inference will be statistically consistent
with the standard analysis, excepting certain failure modes.
However, as shown in Fig. 5, the performance in this
regime is unreliable, with some analyses resulting in a
slowdown. Therefore, for both statistical validity and
computational efficiency, we recommend the application
of our method for the time being to signals with a network
SNR > 20. While this represents a minority (≲10%) of
current detections in GWTC-4.0, these high-SNR events
are often the most information-rich signals and warrant
repeated analyses to study carefully [99–101]. As such,
they account for a disproportionate fraction of the total
computational budget for parameter estimation. For future
observing runs, and observatories like the Einstein
Telescope, signals with SNR > 20 are predicted to con-
stitute a larger fraction of the observed population; for
Einstein Telescope approximately 50% of all detections
will have SNR > 20 [102].
There is only one injection with SNR > 20 that resulted

in a marginal per-sample slowdown (5% slower than
standard NS); the final posterior distributions for this
analysis were in excellent agreement with the standard
NS analysis. The slowdown resulted from an over-broad
repartitioned prior compared to the highly constrained
target posterior, due to the conservative widening factors.
Consequently, the internal random walk of the nested
sampler frequently proposed points in regions of high
repartitioned prior probability but low likelihood. This
reduced the internal acceptance rate, thereby increasing
the number of likelihood evaluations required to find a
valid new live point at each nested sampling iteration. This
event illustrates a key trade-off of our current design. The
fixed widening procedure prioritizes statistically unbiased
inference, but is therefore occasionally too conservative,
leading to localized sampling inefficiencies. Automating
the widening procedure in future would lead to better
performance improvements.

4. Multimodality

A key advantage of simple-pe is that it is in general
more robust to multimodal posteriors, a common feature in
gravitational-wave analysis that presents a significant
challenge for other PR initialization methods. A low-
resolution NS run or a Fisher matrix approximation can
both fail to identify secondary posterior modes, particularly
when they are well separated from the primary mode. Such
a failure leads to biased inference, as the repartitioned prior
can inadvertently exclude regions of significant posterior
probability. Figure 6 provides a practical demonstration of
our method’s advantage over other PR initializations in this
regard. The posterior for this injection is bimodal in the
inclination angle, which the simple-pe analysis

FIG. 5. Per-sample likelihood evaluation speedup factor for
each of the 100 injections, as a function of network SNR. Each
point represents a single analysis. The lighter shaded region
(SNR < 20) highlights the regime where the speedup is unreli-
able. It also marks the boundary of the two sets of SNR-
dependent widening factors. The darker shaded region
(SNR < 10) indicates where the calibrated widening factors
may not be large enough to obtain unbiased results. The dashed
line at 1.0 indicates no change in performance relative to a
standard analysis.
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successfully captures. This information is then passed to
the repartitioned prior, which ensures the subsequent NS
analysis explores both modes and converges to the correct,
unbiased posterior distribution. This case highlights how
the physically motivated model of simple-pe can
provide a more reliable starting point for PR than a simple
stochastic search, preserving the statistical integrity of the
analysis for complex posterior geometries.
In summary, the injection study successfully validates

that our method produces statistically consistent posteriors
across the considered parameter range, and demonstrates
the potential performance improvements.

V. SNR SCALING STUDY

The efficiency of PR is determined by the quality of the
initial posterior approximation. Since both the precision of
simple-pe and the concentration of the true posterior are
expected to improve at higher SNR, we anticipate that the
computational speedup of the simple-pe-PR algorithm
will grow with signal strength. This was empirically
supported by the results in Sec. IV, but now we conduct
a targeted study to investigate the performance of our
method for signals with varying SNR.
We focus on a single fiducial binary black hole merger.

The parameters for this injection are listed in Table II, and
were chosen randomly from the prior specified in Table III.
We then generated a series of signals, each 8 seconds in
duration. For each signal, all source parameters were kept
constant except for the luminosity distance, which was

scaled to produce signals with target network SNRs of 10,
20, 30, 40, 50, 75, 100, and 150.
The injection and recovery of each signal followed the

procedure detailed in Sec. IV. We used the priors detailed in
Table III in Appendix A, but adopted a wider luminosity
distance prior, from 100 to 5000 Mpc, which was more
suitable for the low-SNR injections in this study.

A. Statistical agreement

The posterior distributions produced by simple-
pe-PR and standard NS showed excellent agreement for
the signals with SNR > 20 (Fig. 11). For the SNR 10
signal, our simple-pe-PR method produced a narrower
posterior on the mass ratio, q, than standard NS, due to
insufficient widening of the initial simple-pe distribu-
tion. For the SNR 20 signal, the standard NS analysis
revealed a very small secondary mode in the inclination
angle (containing 0.6% of the samples) that was absent
from our method’s result. This feature was not present in
the initial simple-pe estimate and was sufficiently

TABLE II. Fiducial detector frame parameters for the injection
used in the SNR scaling study. The luminosity distance is not
listed as it was varied to achieve the target SNRs.

Parameter Value

Chirp mass (Mc) 22.5M⊙
Mass ratio (q) 0.11
Right ascension (α) 1.11 rad
Declination (δ) 1.33 rad
Inclination angle (θJN) 2.59 rad
Polarization angle (ψ ) 1.01 rad
Phase at coalescence (ϕ) 3.82 rad
Spin of lighter BH (χ1) 0.28
Spin of heavier BH (χ2) 0.49
Time of coalescence (tc) 1367638517.66 s

TABLE III. Prior distributions for the 100 injections used in the
injection study. The choice of a source-frame uniform luminosity
distance prior and uniform component (comp) mass priors are
chosen to be consistent with standard LVK analyses.

Parameter Shape Range

Chirp mass (Mc) Uniform (comp) ½10; 25�M⊙
Mass ratio (q) Uniform (comp) [0.05, 1.0]
Luminosity distance (dL) Uniform (source) ½100; 1000� Mpc
Right ascension (α) Uniform ½0; 2π� rad
Declination (δ) Cosine ½−π=2; π=2� rad
Inclination angle (θJN) Sine ½0; π� rad
Polarization angle (ψ ) Uniform ½0; π� rad
Phase at coalescence (ϕ) Uniform ½0; 2π� rad
Spin of lighter BH (χ1) Uniform (aligned) ½−0.99; 0.99�
Spin of heavier BH (χ2) Uniform (aligned) ½−0.99; 0.99�
Time of coalescence (tc) Uniform trigger time +

[−0.1;þ0.1] s

FIG. 6. A representative injection from the study with a
bimodal marginal posterior for the inclination angle (θJN). The
simple-pe approximation (unwidened) correctly identifies
both modes of the posterior. This ensures the repartitioned prior
encompasses the full posterior structure, including the secondary
mode, leading to an unbiased final inference.
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distant from the primary mode that our widening procedure
did not fully encompass it (see Fig. 7). This exemplifies
another limitation of the method: although simple-pe
can handle multimodal posteriors, as demonstrated in
Sec. IV, nevertheless it can still miss secondary features,
particularly when their relative posterior mass is very small.
This risk is most pronounced at low SNRs where posteriors
can be complex, and is significantly mitigated for high SNR
signals. Moreover, simple-pe produces samples drawn
from a weighted distribution. The risk can be further
mitigated, therefore, even at lower SNRs by drawing more
samples to provide to the flow, which takes negligible
additional time. Alternatively, the flow could also be
trained directly on the weighted samples themselves.

B. Performance scaling with SNR

Figure 8 shows the speedup factors as a function of
optimal network SNR. Two metrics are considered when
quantifying the performance improvement: the number of
likelihood evaluations and the sampling time. Note that the
speedup difference between these two metrics at a given
SNR arises from the computational overhead of the repar-
titioned likelihood [Eq. (3)]. This calculation requires
evaluating not only the original likelihood, but also the

log-probabilities of both the normalizing flow and the
original prior. This additional cost would be mitigated if
a vectorized sampler were used, which could evaluate the
flow probabilities of multiple points at once, reducing the
average single particle evaluation time [22,58,103–106].
The top panel of Fig. 8 plots the overall speedup, while the
bottom panel shows the per-sample speedup.
In terms of overall speedup (top panel), our method is

slower than the standard approach at SNR 10 and 20. As the
SNR increases, however, the method’s performance
improves substantially. Above SNR 20, simple-pe-PR
becomes more efficient than standard NS and by SNR 150,
the number of likelihood evaluations and the total sampling
time are reduced by a factor of 1.7, corresponding to a 41%
reduction. While the overall trend shows a clear monotonic
increase in performance with SNR, minor deviations in the
sampling time are consistent with temporal variations in
CPU node performance on high performance computing
systems.
Considering instead the per-sample speedup (bottom

panel), the performance at low SNR is now more favorable;
only the SNR 20 analysis is marginally slower. At SNR
150, the number of likelihood evaluations and total

FIG. 7. For the SNR 20 signal, simple-pe did not produce
sufficient samples from the secondary mode of the true posterior
in order for the flow to learn this feature. The widened flow is able
to generate samples which lie in this secondary mode, but with
very low probability. Since the sampler recognizes that this region
of the parameter space has a high repartitioned likelihood, it
attempts to explore it, but inefficiently and unsuccessfully,
leading a marginally slower analysis than standard NS and a
slightly different final posterior. This issue can be mitigated by
drawing more initial samples from simple-pe to make sure the
secondary mode is sufficiently covered.

FIG. 8. Performance of the simple-pe-PR method relative to
a standard nested sampling analysis as a function of network
SNR. The speedup factor is the ratio of a metric for the standard
analysis to that of the PR analysis. Top: total speedup factors,
showing the ratio of total likelihood evaluations (blue) and total
sampling time (crimson). Bottom: speedup factors normalized by
the number of effective posterior samples. The dashed line at 1.0
indicates no change in performance. The shaded and nonshaded
regions separate the two different regimes used for the widening
factors.
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sampling time are now reduced by a factor of 2.1 (a 53%
reduction). Furthermore, the per-sample speedup at high
SNR shows no sign of saturating, suggesting that further
efficiency gains may be possible for even louder signals.
Although SNR 150 signals are unlikely to be routinely
observed until the advent of third-generation detectors or
LISA [107–111], our method still provides an improvement
on standard NS above SNR 20. We already observe
speedups of above 1.5 at SNR > 50, a regime where
signals are starting to be observed in O4 [33,34] and will
become more frequent in O5.
At SNR 10, the poor performance of our method can be

explained by the posterior distribution itself being broader
at low SNR. At SNR 20, the missed secondary mode in the
widened flow leads to sampling inefficiencies. The sampler
attempts to explore the part of the parameter space con-
taining the secondary mode, recognizing it as a region of
high likelihood for the repartitioned analysis [Eq. (3)], but
since this lies deep in the tails of the widened flow, the
analysis requires more likelihood evaluations (Fig. 7).
The origin of our method’s performance improvement

beyond SNR 20 is illustrated in Fig. 9. As expected, the
number of likelihood evaluations required by the standard
NS analysis grows with SNR. This is because the posterior
volume becomes increasingly small relative to the prior,
increasing the number of iterations of the algorithm required
for convergence. In contrast, the number of likelihood
evaluations for the PR analysis shows no strong scaling
with SNR for signals above SNR 20, remaining approx-
imately constant within the stochastic variations expected
from the normalizing flow training and the sampling
process. Our method effectively removes the expensive
initial “search phase” of the nested sampling algorithm
(see Fig. 10).
This efficiency gain has significant practical implica-

tions. As well as reducing runtimes by hours to days, this
reduction in cost lowers the barrier for performing analyses

with more physically complete but expensive waveform
models, such as those including orbital eccentricity
[112–115]. Although many of the signals in version 4.0
of the Gravitational-Wave Transient Catalog (GWTC-4.0)
have SNRs < 20, 6% have SNRs > 20 [116], and this
percentage is likely to increase as detector sensitivity
improves [13].
Overall, the performance of our method is primarily

driven by the Kullback-Leibler (KL) divergence between
the prior and the posterior, which can be thought of as the
“amount of compression” required for the sampler to
converge [38,43,68]. This depends most strongly on the
SNR of the signal and the initial prior volume. For example,
for a low-SNR signal this divergence is modest, and the
standard NS analysis already converges relatively quickly.
In this regime, applying a conservative widening factor to
the already broad simple-pe approximation can increase
the effective KL divergence, leading to a longer runtime
(see Appendix C for further discussion). Additional sam-
pling inefficiencies can be introduced if the widened flow
proposes samples outside the support of the original prior
(see Appendix B for further discussion). We do not expect
the speedups to vary significantly with the binary’s com-
ponent masses independently; any observed correlation
with mass is an indirect consequence of these two dominant
factors. This conclusion relies on the assumption that the
quality of the initial simple-pe approximation is rea-
sonably consistent across the parameter space. While a
detailed study of simple-pe’s performance is beyond the

FIG. 10. The prior, π, simple-pe distribution and widened
distribution used as the repartitioned prior, π0, are shown for the
SNR 40 injection. The repartitioned prior occupies a much
smaller volume than the original prior, reducing the number of
likelihood evaluations required for convergence. In all parameters
but the spin of the heavier BH (χ2), the repartitioned prior is much
more constrained than the original prior and effectively removes
the initial “search phase” of NS.

FIG. 9. Total number of likelihood evaluations as a function of
network SNR for a standard analysis (orange) and our simple-
pe-PR analysis (violet). The computational cost of the standard
analysis grows with SNR, while the cost of the PR analysis
remains approximately constant for SNR > 20.
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scope of this paper, our findings indicate that it is likely a
subdominant effect regardless. For the injections in this
section, the simple-pe approximation became more
accurate at higher SNRs, yet we achieved significant
speedup improvements beyond SNR 20 without changing
the multiplicative widening factors. This demonstrates that
the dominant driver of the acceleration is the overall
reduction in the prior-to-posterior volume, rather than
marginal improvements in the precision of the initial guess.

VI. CONCLUSIONS

The increasing detection rate and SNR of gravitational-
wave events from the global detector network are enabling
an era of high-precision science, but the computational cost
of the required parameter estimation presents a significant

challenge [11–13]. Standard nested sampling, while robust,
is computationally expensive, particularly for the loudest
signals. In this work, we have presented and validated a
method to accelerate this process by combining the rapid,
physically motivated constraints from simple-pe with
the nested sampling acceleration technique of posterior
repartitioning.
An injection study, performed on a population drawn

from standard analysis priors for 8 second signals, rigor-
ously validated the statistical integrity of our method. The
successful probability-probability test and the detailed
analysis of challenging cases confirm that our method
produces unbiased posteriors consistent with standard
techniques, correctly prioritizing statistical robustness over
speed when necessary.

FIG. 11. Validation of the simple-pe-PR method on the SNR 40 injection. The one- and two-dimensional marginal posterior
distributions from our method (violet) are plotted alongside those from a standard NS analysis (orange), showing excellent agreement.
The repartitioned prior, π0, used to accelerate the analysis is also shown for the five parameters to which it was applied (crimson).

PRATHABAN, HOY, and WILLIAMS PHYS. REV. D 114, 063034 (2026)

063034-12



We have established a clear relationship between SNR
and performance, showing that the computational speedup
increases with SNR. For a fiducial signal at an SNR of 150,
we achieve a per-sample speedup factor of approximately
2.1 in the number of likelihood evaluations. By compari-
son, a signal produced by the same parameters but a smaller
luminosity distance, with SNR 30, achieves a per-sample
speedup of 1.2, showing that the efficiency grows signifi-
cantly with signal strength. Furthermore, the per-sample
speedup does not show signs of saturating at SNR 150,
indicating that further gains are possible for yet louder
signals. This positions our method as a powerful algorithm
for next-generation signals from observatories like the
Einstein Telescope and LISA [107–111].
Beyond the numerical speedup, our method provides a

way to capitalize on the standard GW analysis workflow.
Low-latency analyses, like simple-pe, are essential for
rapid event alerts, but the valuable information they provide
about the likely region of parameter space is typically set
aside when the final, high-fidelity parameter estimation is
performed. This separation is necessary to preserve the
integrity of the Bayesian prior, which must not be informed
by the data being analyzed. Our method provides an
innovative strategy for this purpose. As a purely computa-
tional technique, it uses the low-latency result to focus the

sampler on the region of interest, while the repartitioning
factor [Eq. (3)] mathematically ensures that the final
posterior is identical to one produced from the original,
unaltered prior. The method thus gains the efficiency of an
informed analysis while rigorously preserving the statistical
purity of the final inference.
The repartitioning algorithm presented here is not

specific to simple-pe. It is possible to use our technique
with machine learning algorithms, which also rapidly
produce initial posterior estimates [27–32]. However, care
should be taken when using initialization methods which
are not robust to multimodal posteriors, such as a Fisher
matrix approximation, as these could cut off secondary
modes in the subsequent analysis and bias the inference.
Our method is also complementary to likelihood acceler-
ation techniques; simple-pe-PR reduces the number of
required likelihood evaluations, and thus can be combined
with optimized likelihoods that reduce the cost of each
individual evaluation for even further speedups [47–50].
simple-pe could also be used to seed alternative
sampling methods besides NS, such as sequential
Monte Carlo, to accelerate GW inference [72,117]. An
important future direction for this work is in automating the
widening procedure, in order to improve both the robust-
ness and the performance gains. Moreover, our method
could be extended to explore precessing systems.
In summary, we have developed a robust algorithm for

accelerating gravitational-wave parameter estimation in the
high-SNR regime. This method focuses on speeding up the
core nested sampling algorithm itself, meaning it can be
used in conjunction with other established acceleration
techniques for further gains. This work represents a
substantial step toward preparing for the data analysis
challenges of the next generation of gravitational-wave
observatories and will help to realize the full scientific
potential of future detections.
This work made use of NumPy [118], SciPy [83], SIMPLE-

PE [42], PESUMMARY [119], Bilby=2.3.0 [56,120], ANES-

THETIC [121] and MARGARINE [80,81]. Plots were prepared
with Matplotlib [122] and ANESTHETIC [121].
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of the standard nested sampling posterior for each of the 100
injections. The widening factor represents the multiplicative
value applied to the standard deviation of the normalizing flow’s
base distribution for a given parameter. These results were used to
calibrate the two sets of fixed, conservative factors used in this
work (dashed lines).
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APPENDIX A: PRIORS

The prior distributions used for the main nested sampling
analyses, detailed in Table III, are chosen to reflect the
common priors used by the LVK [116] and such that the
gravitational-wave signal fits within the specified 8s data
duration. This is commonly done in the literature (see e.g.
[124]). This includes priors that are uniform in the
component masses, though the sampler itself explores
the parameter space in terms of chirp mass and mass ratio.
In contrast, the simple-pe analysis that initializes our
method uses priors uniform in chirp mass and mass ratio
directly. Similarly, the sampling priors on the spins are
distributed uniformly over the sphere, whereas simple-
pe uses a uniform prior on the effective aligned spin of the
binary.
While this mismatch does not affect the statistical

validity of the final posterior, our investigations show that
it may have an impact on the computational efficiency of
the method. The initial posterior approximation from
simple-pe is conditioned on its own prior. Therefore,
when the final analysis uses a different prior, the simple-
pe guess can be more offset from the target posterior. This
may necessitate more significant widening of the reparti-
tioned prior and results in a larger effective KL divergence
for the sampler to traverse, reducing the overall speedup.
Improved performance could be achieved in future work

by using consistent priors throughout the method. This
could be accomplished by adapting simple-pe to use
component-mass priors or by implementing a prior
reweighting scheme for the initial samples before they
are used to train the normalizing flow.

APPENDIX B: EMPIRICAL CALIBRATION OF
THE WIDENING FACTORS

To ensure the repartitioned prior robustly encompasses
the true posterior, the initial distribution from simple-pe
must be widened. We detail here the empirical procedure
used to calibrate the widening factors applied throughout
this work.
The calibration was performed using the 100-injection

set described in Sec. IV. For each injection, we determined

the minimum widening required for the repartitioned prior
to be statistically consistent with the posterior from the
standard NS analysis. The procedure was as follows. First,
a normalizing flow was trained on the initial simple-pe
samples. Then, the standard deviation of each diagonal
element of the flow’s base covariance matrix was system-
atically increased. This process was repeated until the 1st
and 99th percentiles of the standard NS posterior were
contained within the 1st and 99th percentiles of the
distribution generated by the widened flow. This calibration
was performed independently for each repartitioned
parameter.
The minimum required widening factor for each param-

eter is shown as a function of network SNR in Fig. 12. The
results show a clear dependence on SNR for several
parameters, particularly the chirp mass and spins, with a
notable change in behavior around an SNR of 20. For many
signals, especially those above SNR 10, little to no
widening was required. Based on these results, we adopted
the two sets of fixed, conservative widening factors detailed
in Table I.
These widening factors were chosen to be robust against

the small, expected variations between the simple-pe
approximation and the true posterior. We note that these
factors are not tuned to accommodate rare outlier cases
where the initial guess is significantly offset (as in the
examples discussed in Sec. IV). A more advanced imple-
mentation could employ an automated widening procedure,
where the widening factors themselves are sampled during
the analysis. This would be robust to outliers, applying
large widening only when needed, while retaining higher
efficiency for typical cases where minimal widening is
sufficient. We leave the development of such a widening
procedure for future work.

APPENDIX C: KL DIVERGENCES
AND PR SPEEDUPS

The performance scaling of our method, presented in
Sec. V, can be understood better through considering the
Kullback-Leibler (KL) divergence. In the context of nested
sampling, the KL divergence between the sampling prior
and the posterior, DKLðPjjπÞ, quantifies the information
gain, or the “amount of compression,” required for the
sampler to converge from the prior to the posterior
[38,43,68]. A larger KL divergence generally corresponds
to a longer and more computationally expensive nested
sampling run. By design, our method aims to reduce this
divergence by replacing the broad original prior with a
more compact repartitioned prior that is already a closer
approximation of the posterior.
Figure 13 plots the change in the KL divergence between

our method and the standard NS analysis for the SNR
scaling study. The results provide further insight into the
observed performance. At SNR 10, the substantial widen-
ing applied to the already broad simple-pe guess results
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in a repartitioned prior that is a poorer representation of the
posterior than the original prior. This causes the KL
divergence to increase, leading to the performance reduc-
tion reported in Sec. V. For SNR ≥ 20, our method

successfully reduces the KL divergence. However, at
SNR 20 specifically, this gain is offset by the sampling
inefficiency introduced by the missed secondary posterior
mode, which explains the slight performance reduction in
this case. For SNR ≥ 30, the performance gains are driven
directly by the reduction in KL divergence. The growing
difference in KL divergence between our method and the
standard analysis as SNR increases is the underlying reason
for the trend of increasing speedups.

APPENDIX D: JENSEN-SHANNON
DIVERGENCES

To quantitatively assess the statistical consistency
between the posteriors from standard NS and our sim-
ple-pe-PR method, we compute the Jensen-Shannon
divergence (JSD) for the one-dimensional marginal distri-
butions. The JSD is a measure of the distance between two
probability distributions, taking values between 0 and ln 2
(1) nats (bits); 0 represents exactly identical distributions
and a larger JSD indicates greater disagreement.
To estimate the mean and uncertainty of the JSD for each

comparison, we generate 100 posterior realizations per

FIG. 13. The change in the KL divergence between the
sampling prior and posterior for our method relative to the
standard NS analysis. A negative value indicates a reduction in
the KL divergence for our method and an expected speedup.
The plot shows that the method increases the required ‘com-
pression’ at SNR 10 but successfully reduces it for all higher
SNRs, providing an explanation for the performance trend
observed in Sec. V.

TABLE IV. Jensen-Shannon divergences for marginal posterior distributions between standard NS and our method, from the SNR
scaling study. The quoted values are in units of 1 × 10−3 nats. 100 different realizations of 5000 posterior samples were generated for
each analysis by resampling the nested sampling weights and performing rejecting sampling again. The mean and 1σ quantiles are
shown, where for injections above SNR 10 the JSD values are within the threshold of 0.05 bits, or 35 millinats [126]. There are
significant disagreements for the SNR 10 signal for the mass ratio parameter, but we do not recommend the application of our method in
this SNR regime.
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analysis. This is achieved by resampling the nested
sampling weights associated with the full set of dead
points, using the functionality in ANESTHETIC [121].
From each set of newly weighted points, a final realization
of 5000 posterior samples is produced via rejection
sampling. The JSD is then calculated between kernel
density estimates of these marginal distributions, con-
structed using PESUMMARY [125]. JSD values below
0.05 bits, or 35 millinats, indicate that the distributions
are statistically consistent [126].
The JSD values for the SNR scaling study are presented

in Table IV. For all signals with SNR > 10, the JSDs are
below this threshold, confirming excellent agreement
between the methods. As expected from the discussion
in Sec. V, the SNR 10 signal exhibits a JSD value above the

threshold, for the mass ratio parameter, providing a
quantitative measure of the observed disagreement.
The JSD values for the full injection study are presented

in Fig. 14. The results show a clear trend with SNR and
provide quantitative support for the conclusions drawn in
the main text. Below SNR 10, several injections exhibit
JSDs above the 35 millinat threshold for consistency. This
is expected, as our empirical widening factors were not
calibrated for this low-SNR regime and can be insufficient
to fully encompass the true posterior. In the 10 ≤ SNR <
20 regime, the agreement improves significantly, though a
few analyses still produce posteriors that are statistically
distinguishable from the standard result. For signals with
SNR > 20, only two injections fail the JSD test. These
correspond to the specific outlier cases identified in
Section IV, where a significant offset in the initial sim-
ple-pe guess was not fully corrected by the widening
procedure. An automated widening scheme would likely

FIG. 15. Comparison of the posterior weight distribution of the
dead points for a standard NS analysis (orange) and our
simple-pe-PR method (violet). The x-axis represents the
nested sampling iteration, and the y-axis is the posterior weight.
The top panel shows a typical case where the PR analysis enters
the high-likelihood region (where weights become non-negli-
gible) earlier but the phase of significant weight extends over
slightly more iterations, resulting in a larger effective sample size.
The bottom panel shows a more extreme case where the
compression through the posterior is much slower for the PR
analysis, leading to a substantially larger effective sample size at
the cost of a longer runtime. Both cases demonstrate that a direct
comparison of runtimes at a fixed number of live points is
misleading, and the per-sample speedup is a more informative
metric.

FIG. 14. The Jensen-Shannon divergence (JSD) between the
one-dimensional marginal posteriors from our method and the
standard NS analysis for each of the 100 injections. Each point
represents the JSD for a single parameter and for a single event.
The horizontal dashed line at 35 millinats represents the threshold
for statistical consistency [126]. The plot shows a clear trend of
improved agreement at higher SNR.
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resolve these remaining discrepancies. These results pro-
vide quantitative evidence for our recommendation to apply
the method to signals with SNR > 20, the regime where it
is both computationally efficient and statistically robust.

APPENDIX E: EFFECTIVE SAMPLE SIZE

The effective sample size from a nested sampling analysis
can be obtained using the set of nested sampling weights,wi,
for each dead point, i. This can be calculated as [98]

neff ¼
ðPiwiÞ2P

iw
2
i

: ðE1Þ

Posterior repartitioned NS typically spends a longer time
exploring the bulk of the posterior than standard NS for a
given number of live points (see Fig. 15). This can be
explained by PR having a greater density of points in this
region, due to the smaller effective prior volume. Thus, the
rate of prior volume compression occurs more slowly in
this region, generating a larger number of dead points with

non-negligible weights, and therefore resulting in a larger
effective sample size. As a result, our method should be
performed with fewer live points than a standard NS
analysis in order to obtain a given final sample size.

APPENDIX F: P-P PLOTS

The P-P plots obtained from standard NS and simple-
pe-PR on both the injection study set and the calibration set
used to determine the necessary widening factors are
included here for reference (Figs. 16–18). We note that
in the case of the calibration set, neither P-P plot shows the
same biases in declination and time of coalescence at the
geocentre as seen for the injection set. This supports our
hypothesis that the biases seen for the injection set can be
attributed to statistical fluctuations in drawing the injec-
tions. In both cases, the P-P plot from our method is
consistent with the P-P plot from standard NS, indicating
agreement between the two methods. Finally, the difference
plots for the remaining parameters not shown in the main
text are also included here (Fig. 19).

FIG. 16. Probability-probability (P-P) plot for the 100 injections in our validation study, analyzed using both standard NS and
simple-pe-PR. Each colored line represents the cumulative distribution function (CDF) of the posterior quantiles of the true injected
values for a specific parameter. The diagonal dashed line represents a perfect uniform distribution, while the shaded gray regions indicate
the 1σ, 2σ and 3σ confidence intervals. The p-values from a Kolmogorov-Smirnov test for each parameter are shown in the legend. We
observe biases in the declination and time of coalescence at the geocentre for both methods, which we attribute to statistical fluctuations
in drawing our injections, since this bias was not observed in the calibration set. Importantly, our algorithm produces percentiles
consistent with those from standard NS, demonstrating agreement between the two methods on a population level.
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FIG. 17. P-P plot obtained from the standard nested sampling
analyses performed on our calibration set from Section IVA
using the Dynesty sampler.

FIG. 18. P-P plot obtained from the simple-pe-PR analyses
performed on our calibration set from Section IVA using the
Dynesty sampler, modified to implement PR.
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FIG. 19. The differences between the P-P plots obtained from simple-pe-PR and normal NS are shown for the remaining
parameters (solid). Perfect agreement corresponds to a horizontal line at zero, but there is statistical uncertainty; within the error bars
(shaded), both methods agree at the population level, including the time of coalescence at the geocentre parameter, which exhibited
small biases in the P-P plots from both methods.
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