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We introduce accelerated sequential posterior inference via reuse (ASPIRE), a broadly applicable
framework that transforms existing posterior samples and Bayesian evidence estimates into unbiased
results under alternative models without rerunning the original analysis. ASPIRE combines normalizing
flows with a generalized sequential Monte Carlo (SMC) scheme, enabling efficient updates of existing
results and reducing total likelihood evaluations and wall times by factors of up to 5.8 and 5.5, respectively,
with larger gains per posterior sample. This addresses a growing problem in gravitational-wave astronomy,
where events must be repeatedly reanalyzed under different models or physical hypotheses. We show that
ASPIRE reproduces full Bayesian results when switching waveform models or adding physical effects
such as spin precession and orbital eccentricity. With this statistical robustness, ASPIRE turns repeated
reanalyses into fast, reliable updates—paving the way for systematic studies of waveform systematics,
scalable reanalyses across large event catalogs, and broadly applicable Bayesian reanalysis across other

scientific domains.
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Introduction—The LIGO-Virgo-KAGRA collaboration
[1-3] has detected more than 200 gravitational-wave
signals from compact binary mergers [4—8] and continues
to regularly detect such signals [9]. These detections have
shaped our understanding of the Universe on multiple
scales [10] and enabled tests of general relativity [11]. As
the catalog of events grows, a key challenge emerges:
events must be reanalyzed repeatedly under different
models or physical hypotheses. Understanding waveform
systematics [12,13], adding effects such as orbital eccen-
tricity [14,15], performing tests of general relativity [16], or
modeling gravitational lensing [17] all require new analy-
ses from scratch. This repeated reanalysis is rapidly
becoming a computational bottleneck, limiting our ability
to probe waveform systematics and to conduct compre-
hensive tests of fundamental physics.

Ideally, existing results would inform subsequent analy-
ses. Naively using a previous posterior as the prior for a
new analysis double counts data, which, if uncorrected,
breaks model comparison via Bayes factors or posterior
odds and leads to overly narrow posterior confidence
intervals. Therefore, we require an algorithm that can
incorporate existing samples while still producing unbiased
posterior and Bayesian evidence estimates. Current
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analyses typically use nested sampling [18,19], which
estimates both the posterior and evidence but can take
hours to days [20,21]. Many efforts have sought to directly
accelerate inference [22-27], but these methods do not
leverage existing results. The standard approach for reusing
posteriors within gravitational-wave inference is impor-
tance sampling [28]; however, this fails when the initial and
target distributions differ substantially. More sophisticated
methods include Rapid inference via Iterative FiTting
(RIFT) [29] and posterior repartitioning [30], which can
both be seeded from existing samples but require similar
support to the posterior or fail when the distributions are
disjoint [31]. Methods based on Markov chain Monte Carlo
(MCMC) [32] and parallel tempered Markov chain
Monte Carlo (PTMCMC) [33] have also been explored
[34-38]. While PTMCMC can provide evidence estimates,
gravitational-wave applications have not generally empha-
sized accurate evidence calculation, and robustness
depends sensitively on choices such as the temperature
ladder and mixing efficiency.

Here we present a novel framework: accelerated sequen-
tial posterior inference via reuse (ASPIRE). Instead of
discarding existing results and repeating full analyses,
posterior samples and the evidence estimate obtained under
one model are updated to unbiased posterior samples and
an evidence estimate under a new model. This approach
remains valid even when the two posteriors occupy differ-
ent regions of parameter space or when new parameters are
introduced, enabling extensions to additional physical
effects (e.g., orbital eccentricity [39]) and families of
modified-gravity hypotheses [16]. ASPIRE, thus, enables
repeated reanalyses via sequential reuse of existing results.
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FIG. 1. Comparison of traditional Bayesian inference (top),
which must perform full inference for a new model M, despite
existing posterior samples with M, with ASPIRE (bottom),
which reuses the existing posterior samples under model M, via
flow approximation and a sequential Monte Carlo update to
obtain unbiased results under a new model M,.

ASPIRE combines normalizing flows with a generalized
sequential Monte Carlo (SMC) scheme. We show that
ASPIRE is robust and reproduces results that are sta-
tistically consistent with traditional analyses while reducing
sampling time by up to 5.5 times. We demonstrate efficient
updates between different waveform models and the
recovery of new parameters such as for modeling spin
precession [40] and orbital eccentricity [39], and we
highlight an application to real data. By enabling ana-
lyses to be updated rather than repeated, ASPIRE pro-
vides a broadly applicable tool for gravitational-wave
astronomy and other areas of physics where reanalyses
are common.

Method—Bayesian inference traditionally proceeds by
assuming a model M, that describes the data d and has
parameters 6. It then combines a prior p(6|M;) with a
likelihood p(d|@, M) to obtain a posterior distribution
p(0|M, d). Each time the model or data changes, the full
inference is typically repeated from scratch (Fig. 1, top),
which becomes costly as data volumes and model complex-
ities grow.

The ASPIRE framework introduces a new approach to
sequentially updating existing results and requires two
complementary steps. Instead of restarting from draws
from the prior, ASPIRE begins with posterior samples
obtained under an existing model M, (Fig. 1, bottom left).
We approximate these samples using a normalizing flow
[41], a flexible density estimator that maps a simple base
distribution ¢,(z) into an approximation of the posterior
q,4(0) through an invertible transformation f,(¢) described
by parameters ¢. Training the flow on the initial samples by
maximum likelihood [41] yields

af 4(0)
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This allows ASPIRE to start from an informed initial
distribution rather than the prior. When M, has addi-
tional parameters, we extend the samples with draws from
the prior and discard incompatible ones, ensuring that g,
spans the parameter space of M, (see Supplemental
Material [42]).

The second step (Fig. 1, bottom middle) is to evolve this
distribution to the target posterior and to estimate the
Bayesian evidence. We build on [60] and generalize
SMC for this purpose. SMC for Bayesian inference evolves
a set of samples through a sequence of intermediate
distributions that interpolate between the prior and pos-
terior via an inverse temperature S, that anneals the like-
lihood [61]. In ASPIRE, the sequence instead interpolates
between the flow-based approximation g, (6) and the true
posterior under the new model M,:

pi(0ld. My B,) o« q4(0)' P [p(d|0. M) p(O1ML)), (2)

where f, €0, 1] controls the progression. The algorithm
starts with samples from ¢, and then at each iteration i the
inverse temperature f; is increased using an adaptive
schedule. The samples are resampled according to
pl(9|d7 Mz, ﬁi)/pi—] (9|d, M2, ﬂi—l) and then diversified
using an MCMC step [62,63]. The algorithm terminates
when f, = 1, producing posterior samples and an evidence
estimate. This approach guarantees unbiased results, even
when the target and initial posteriors occupy different
regions of the parameter space, since the annealing sched-
ule ensures that successive intermediate distributions have
sufficient overlap and the resampling and mutation steps
allow particles to move between regions (see Fig. 4 of
Supplemental Material [42] and the surrounding text).

Together, these two components, flow-based posterior
approximation and generalized SMC evolution, define
ASPIRE. This enables efficient reuse of existing results
and allows analyses to be updated rather than repeated. The
implementation details are provided in Supplemental
Material [42], and we provide an open-source implemen-
tation in the Python package ASPIRE [64].

Results—We evaluate ASPIRE across simulated and real
data, testing its robustness to waveform choice, added
physical complexity, and detector calibration uncertainties.

We assess ASPIRE when changing the waveform model
used to describe the signal, a key test to evaluate systematic
uncertainties. We consider two waveform models that
include spin precession and higher-order multipoles:
IMRPhenomXPHM [65] and IMRPhenomXO4a [66], both
used in GWTC-4.0 [8] to understand waveform systemat-
ics. Figure 2 compares results for two simulated signals
analyzed with both waveforms, where ASPIRE updates
an initial IMRPhenomXPHM run to obtain results with
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FIG. 2. Posterior distributions for two simulated binary black
hole signals analyzed with different waveform models. Top:
GW150914-like system with comparable masses and low spins.
Bottom: highly spinning asymmetric system with m,/m, = 4.
Results are shown for IMRPhenomXPHM with Dynesty (black
dotted line), IMRPhenomXO4a using ASPIRE, initialized
from the IMRPhenomXPHM samples (orange dashed line), and
IMRPhenomX0O4a with Dynesty (blue solid line). Parameters
shown are the chirp mass, mass ratio, effective aligned spin y.g,
and effective precessing spin y,. The JSD in millibits (mbits)
between the two IMRPhenomXO4a posteriors is quoted above
each subplot.

IMRPhenomXO4a. We quantify the similarity between
posterior distributions using the JSD (Djg) in millibits
(mbits), where larger values indicate greater differences,
D;g < 50 mbits denotes good agreement [4], and Dyg < 2.1
mbits indicates the distributions are statistically in-
distinguishable [21]. For both systems, the posteriors
obtained with ASPIRE are in close agreement with the
baseline, even for the asymmetric binary where the pos-
terior shifts substantially.

We now consider analyses that incorporate additional
physics, namely spin precession and orbital eccentricity.
Starting with spin precession, we use ASPIRE to update a
result obtained under the aligned spin assumption with
IMRPhenomD [67,68], replacing it with the precessing
model IMRPhenomPv2 [69,70]. This type of update is
relevant in low-latency analyses, where simplifying
assumptions are often made to reduce computational cost
[71]. Figure 3 (top) compares the posterior distributions
and finds that ASPIRE is consistent with a baseline analysis
with Djg < 1.5 mbits. This includes the precessing spin
parameter y,, which captures physical effects absent from
the initial aligned spin analysis.

Orbital eccentricity is astrophysically interesting because
it provides a clear signature of dynamical formation
channels [72], and several observed events show potential
evidence for it [73-76]. However, incorporating eccentric-
ity typically requires reanalyzing existing events, which can

FIG. 3. Posterior distributions when adding new physical
effects to an initial analysis. Top: spin-precessing analysis
of a GWI150914-like injection; results are shown for the
IMRPhenomD (aligned spins) baseline with Dynesty (black dotted
line), IMRPhenomPv2 (precessing spins) using ASPIRE ini-
tialized from the aligned spin samples (orange dashed line), and
an IMRPhenomPv2 with Dynesty (blue solid line). Bottom:
eccentric analysis of an aligned spin GW150914-like injection;
results are shown for the TaylorF2 baseline with Dynesty (black
dotted line), TaylorF2Ecc using ASPIRE initialized from the
TaylorF2 result (orange dashed line), and TaylorF2Ecc
with Dynesty (blue solid line). Parameters shown are the chirp
mass, mass ratio, effective aligned spin y.;, and effective
precessing spin y,, (top) or eccentricity at 20 Hz e, g, (bottom).
The JSD in millibits (mbits) between the posteriors with the same
waveform is quoted above each subplot.

be computationally expensive. To demonstrate robustness
when adding this physics, we consider a simulated signal
with e,y g, = 0.25 and use ASPIRE to update a quasicir-
cular aligned spin analysis with TaylorF2 [77] to the
eccentric model TaylorF2Ecc [78]. Figure 3 (bottom)
shows the posterior distributions, including the eccentricity
posterior, which agrees with the baseline analysis.

These examples illustrate that ASPIRE incorporates new
physical degrees of freedom without introducing bias, even
in cases where the added parameters are strongly correlated
with existing ones.

We apply ASPIRE to real data by reanalyzing
GW150914 [79] and GW200129_065458 from GWTC-3
[7], an event known to exhibit waveform systematics
[7,80-83]. We include calibration uncertainty [84] and
follow a typical catalog workflow [85]: first analyzing each
event with IMRPhenomXPHM, then IMRPhenomXO4a.
GW150914 lies in a region of parameter space where these
two waveform models are expected to agree broadly,
whereas for GW200129 several parameters are known to
be in tension between models. Figure 4 shows the posterior
distributions for the masses and spins of both events. For
GW150914, the posteriors differ only slightly between wave-
form models, consistent with previous reanalyses [86,87].
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FIG. 4. Posterior distributions for real gravitational-wave
events analyzed with ASPIRE. Top: the first detection,
GW150914. Bottom: an event with known waveform systemat-
ics, GW200129. Parameters shown are the chirp mass and mass
ratio and aligned spin y.; and effective precessing spin y,,.
Results are shown for an initial analysis with IMRPhenomXPHM
and Dynesty (black dotted line), an analysis with IMRPhenom-
XO4a and ASPIRE, updated from the initial analysis (orange
dashed line), and a baseline analysis with IMRPhenomX0O4a and
Dynesty (blue solid line). The JSD in millibits (mbits) between the
two IMRPhenomXO4a posteriors is quoted above each subplot.

The ASPIRE results are consistent with a baseline analysis,
as supported by the JSD. For GW200129, as expected, we
observe substantial waveform-driven differences. None-
theless, ASPIRE remains consistent with the baseline
analysis, though with more stringent settings (Supple-
mental Material [42]) and smaller -efficiency gains
(Table I). Overall, these results demonstrate that ASPIRE
remains effective on real data provided the initial analysis is
sufficiently informative.

To further demonstrate that ASPIRE produces sta-
tistically unbiased posterior distributions, we perform a
probability-probability (P-P) test with 100 simulated binary
black hole signals with spin precession and higher-order

TABLE L.
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FIG. 5. Probability-probability (P-P) plot for 100 simulated

binary black hole signals analyzed with ASPIRE. Signals were
generated with IMRPhenomXPHM in a three-detector network
and analyzed using Bilby with Dynesty. Initial samples were drawn
from the prior to initialize ASPIRE. Shaded regions indicate 1-,
2-, and 3-6 confidence intervals. The combined p value of 0.574
demonstrates that the posteriors are statistically unbiased.

multipoles. We analyze these signals with ASPIRE and use
initial samples from the prior. This produces the P-P plot
shown in Fig. 5 with a combined p value of 0.574,
confirming that the inferred posteriors are unbiased.

In addition to recovering unbiased posterior distribu-
tions, ASPIRE yields consistent evidence estimates. Table I
presents the inferred log evidences for analyses using
ASPIRE and Dynesty with the same waveform. The log-
evidence differences between ASPIRE and Dynesty are
within the estimated uncertainties, except for the asym-
metric injection and GW200129, where they differ slightly.
This agreement confirms that ASPIRE produces results
consistent with baseline analyses and preserves statistical
validity for Bayesian model comparison.

Table I presents the number of likelihood evaluations,
wall times, and posterior sample counts for the analyses.
For ASPIRE, we separately report the cost of the initial
SMC evolution and the total cost including final posterior

Estimated log evidences (base e), likelihood evaluations, wall time, and number of posterior samples for analyses using

ASPIRE and Dynesty. For ASPIRE, we separately report the initial SMC evolution cost and the total cost including posterior resampling.

Log evidence

Likelihood

evaluations [10°] Wall time [h] Samples

Analysis Dynesty ASPIRE Dynesty ~ ASPIRE  Dynesty ~ ASPIRE  Dynesty ASPIRE
Changing waveform (GW150914-like) —57893.23 £0.16 —57893.36 +£0.06 32.4 3.03/8.03 14.62 1.53/4.01 5810 10,000
Changing waveform (g = 4)" —54802.73 £0.21 —54803.15+0.07 49.6 25.6/40.6 15.68 10.29/16.02 6511 20,000
Adding spin precession —57893.12+0.15 —-57893.11£0.06 7.15 0431/1.23 1.16 0.11/0.30 4737 10,000
Adding orbital eccentricity —1928.154+0.16 —1928.26+0.06 27.1 4.55/755 0.66 0.19/0.30 4240 10,000
GW150914 —12767.84 +£0.16 —12768.08 £0.07 322 4.54/9.54 11.59 1.05/2.09 5627 10,000
GW200129* —19556.51 £0.19 —19556.70 £0.03 53.6 37.7/52.7 19.45 11.24/13.93 7288 20,000

*Analyses marked use more stringent settings (see Supplemental Material [42]).
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resampling. The initial SMC stage governs the adaptation
of the existing posterior to the target distribution, while
additional posterior samples can be generated at low cost
(see Supplemental Material [42]). Across the scenarios
considered here, ASPIRE reduces the cost of posterior
adaptation by factors of up to 16.6 in likelihood evaluations
and 11.1 in wall time. Including final posterior resampling,
the total cost is reduced by up to 5.8 (12.3 per posterior
sample), with corresponding wall time reductions of up to
5.5 (9.8 per posterior sample). More challenging updates,
such as the asymmetric injection and GW200129, require
more conservative settings and, therefore, yield smaller
gains.

Discussion and outlook—ASPIRE establishes a novel
approach for Bayesian inference in gravitational-wave
astronomy. Rather than discarding results and restarting
analyses from the prior, posterior results can be trans-
formed into unbiased results under new models, including
new posterior samples and an evidence estimate, that are
consistent with traditional analyses. By demonstrating that
sequential inference via reuse of existing results is both
practical and statistically robust, ASPIRE provides a new
tool for systematic exploration of waveform systematics
and physical hypotheses.

Our studies highlight the immediate utility of this
approach. ASPIRE reproduces full Bayesian results across
waveform approximants, recovers additional physical
effects such as spin precession and orbital eccentricity,
and passes stringent statistical validation tests. In all cases,
the method yields posteriors and evidence estimates con-
sistent with baseline inferences while reducing the com-
putational cost of repeated reanalyses, with reductions in
total likelihood evaluations and wall times of up to 5.8
and 5.5, respectively. When normalized by the number of
posterior samples produced, the efficiency gains are even
larger. These gains transform tasks that were previously
prohibitive, such as repeated waveform comparisons or
large-scale catalog updates, into routine analyses. In doing
so, ASPIRE maximizes the scientific return from the
rapidly growing catalog of gravitational-wave detections
[8]. However, the efficiency of ASPIRE depends on the
similarity between the initial and target posteriors. As this
discrepancy increases, more SMC steps are required,
reducing the computational advantage; in practice, known
differences can often be mitigated by augmenting the initial
samples with prior draws (Supplemental Material [42]).
Predicting performance a priori remains an open problem.

Several approaches have been proposed to accelerate or
reuse existing inference results, including importance sam-
pling [28], nested-sampling initialization strategies [30,31],
and tempered MCMC methods [33,35-38,88,89]. Among
these, PTMCMC is the most directly comparable to
ASPIRE. By evolving chains across a temperature ladder,
PTMCMC can explore multimodal structure and access
regions not present in an initialization; however, its

performance depends sensitively on temperature ladder
design and mixing. In contrast, ASPIRE automatically
constructs a sequence of intermediate distributions between
a learned approximation and the target posterior, enabling
targeted updates of existing results. From the comparisons
in Supplemental Material [42], ASPIRE provides more
efficient inference and more stable evidence estimates in
the scenarios considered, while exhibiting limitations
associated with its reliance on the support of the initial
distribution. These approaches, therefore, target different
inference regimes.

Looking forward, the framework offers clear paths for
further improvement. Future improvements, including gra-
dient-based proposals [90] and particle recycling [91,92],
could further accelerate ASPIRE. Since SMC is naturally
parallelizable, the framework is well suited to GPU and
low-latency applications. Furthermore, alternative schemes
for tempering and sequential updates could be explored
[89,93,94]. These developments position ASPIRE to ben-
efit directly from advances in both algorithms and comput-
ing hardware.

Beyond methodological advances, ASPIRE has a wide
range of potential applications. In gravitational-wave astro-
nomy, it can support systematic waveform model compar-
isons, large-scale tests of general relativity, rapid reanalyses
of candidate events, and efficient updates of entire catalogs
as models improve. It could be used to refine approxi-
mate posterior estimates from low-latency approaches
[26,27,95]. Early warning and low-latency pipelines
[71,96] could incorporate ASPIRE to refine source char-
acterization in real time. The framework also extends
naturally to other fields where competing models abound,
such as reinterpreting particle physics measurements under
alternative theoretical models [97] or reanalyzing cosmo-
logical data when performing Bayesian model comparison
[98,99]. By enabling fast and unbiased reanalyses, ASPIRE
opens the way to scalable and systematic Bayesian infer-
ence across diverse scientific domains.

The ASPIRE [64], ASPIRE-BILBY [100], and ASPIRE-GW
[101] software packages are available via pyp1 [102-104]
and the source code at [105-107]. This work used the
following software packages: ARRAY-API-COMPAT [108],
Bilby [109,110], BILBY_pipe [21], CORNER [111], Dynesty
[112], GWFLOW [113], LALSuite [114,115], Matplotlib [116],
MINIPCN [117], NumPy [118], PESummary [119], PTEMCEE
[88,120], pyTorch [121], scipy [122,123], SEABORN [124],
and zUko [125].
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