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Simulation-based inference provides a powerful framework for Bayesian inference when the likelihood
is analytically intractable or computationally prohibitive. By leveraging machine-learning techniques and
neural density estimators, it enables flexible likelihood or posterior modeling directly from simulations. We
introduce residual neural likelihood estimation (RNLE), a modification of neural likelihood estimation
(NLE) that learns the likelihood of non-Gaussian noise in gravitational-wave detector data. Exploiting the
additive structure of the signal and noise generation processes, RNLE directly models the noise
distribution, substantially reducing the number of simulations required for accurate parameter estimation
and improving robustness to realistic noise artifacts. The performance of RNLE is demonstrated using a toy
model, simulated gravitational-wave signals, and real detector noise from ground based interferometers. In
the presence of loud non-Gaussian transients, we find that RNLE can improve robustness of parameter
recovery when trained on appropriately constructed datasets. We further assess the stability of the method
by quantifying the variability introduced by retraining the conditional density estimator on statistically
identical datasets with different optimization seeds, referred to as training noise, and investigate evidence-
weighted combinations of independently trained RNLE realizations as a diagnostic of this variability. An
implementation of RNLE is publicly available in the SBILBY package, enabling its deployment within
gravitational-wave astronomy and a broad range of scientific applications requiring flexible, simulation-

based likelihood estimation.
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I. INTRODUCTION

The first direct detection of a gravitational wave (GW)
signal by the Laser Interferometer Gravitational-Wave
Observatory (LIGO) occurred on the September 14,
2015 [1]. Since then, the LIGO-Virgo-KAGRA (LVK)
Collaboration [2—4] has reported the observation of hun-
dreds of additional compact binary coalescence events [5].
The analysis of these GW signals has enabled unprec-
edented tests of Einstein’s theory of general relativity [6-9],
insights into the evolutionary history of the Universe
[10,11], and the nature of compact objects and matter at
extreme densities [12—15]. With the increasing number of
events, it will become possible to infer the properties of the
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cosmological population of black holes and the formation
pathways of compact binary systems with increasing
precision [16]. To robustly carry out these studies, it is
crucial to accurately infer the parameters of the GW
sources [17].

The first algorithms for parameter estimation were
developed in the late 1980s and employed maximum
likelihood estimation techniques [18]. With the application
of the Metropolis-Hastings algorithm [19,20] to the calcu-
lation of posterior probabilities and the increased perfor-
mance of hardware and computing power, in the mid 1990s
it became feasible to use Bayesian inference in the
multidimensional parameter space of GWs. The first to
apply Markov chain Monte Carlo (MCMC) to GWs from
compact binary mergers were Christensen and Meyer [21].
The strength of the Bayesian approach lies in its ability to
incorporate our theoretical knowledge of the GW wave-
form model to obtain both a point estimate and a credible
interval for each inferred parameter. MCMC algorithms
were further developed by the LVK collaboration, leading
to the LALInference adaptive MCMC routine [22]. This made
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it possible to estimate all 15 parameters describing the first
GW signal from a spinning binary black hole merger
[23,24]. Skilling’s work [25,26] independently introduced
nested sampling as a general Bayesian inference algorithm.
This method was adapted to gravitational-wave parameter
estimation [22], where posterior samples are obtained as a
byproduct of evidence evaluation. This method and further
refined MCMC techniques were merged into the Bilby
software [27,28]. This is now the main tool for the
production of parameter estimation results in the LVK
obesrving runs [4,29]. An alternative algorithm, RIFT
[30-32], uses Gaussian process interpolation with a highly
parallelizable grid-based parameter estimation approach
[33], and has also been successfully employed for param-
eter estimation in the third observing run (O3) [34,35].

While Bayesian parameter estimation algorithms have
been instrumental in extracting the physical properties of
the first hundreds of detected GWs events and continue to
be actively refined [36—40], their accuracy is limited by a
number of underlying assumptions. In frequency-domain
analyses, one such limitation arises from the use of the
Whittle likelihood [41-44], which approximates the exact
likelihood by assuming that the detector strain noise is
stationary and Gaussian. These assumptions are violated in
the presence of transient noise artifacts, commonly referred
to as glitches [45-47]. Due to their frequent occurrence and
potentially high signal-to-noise ratio (SNR), glitches have
been shown to contaminate nearly 20% of detected binary
black hole signals and essentially all binary neutron star
signals [48-51]. More broadly, glitches represent only one
manifestation of the nonstationary behavior of interfero-
metric gravitational-wave detectors, which also arises from
time-dependent variations in the noise spectrum and
environmental disturbances. Such nonstationarities intro-
duce correlations between Fourier components and tem-
poral variations in the noise power spectral density, leading
to biased posterior distributions, underestimated uncertain-
ties, and inconsistencies across data segments [52].

The most prominent signal affected by a glitch is
GW170817 [53], the first observed binary neutron star
(BNS) merger. The simultaneous detection of an electro-
magnetic counterpart made it stand out as the first, and to
date only, confirmed multimessenger event [54—56]. The
coincidence of GW170817 with an extremely loud glitch in
the Livingston detector [57] demonstrated the importance
of developing methods to perform accurate and fast
parameter estimation in the presence of transient noise
artifacts. Different techniques have been developed to
achieve this goal [48]. Some aim to subtract known and
modeled nontransient noise directly from the strain data
using knowledge provided by the interferometer’s auxiliary
channels, e.g., GWSUBTRACT [58-60]. Other algorithms
aim to model and subtract glitches from the data before
analyzing the signal with the Whittle likelihood [61,62] or
to model glitch and signal simultaneously [63—-65]. Among

these, the BayesWave algorithm is the primary method used
by LVK [66]. Bayeswave employs linear combinations of
wavelets to model non-Gaussianities and also allows for the
simultaneous modeling of glitches and signals [67—69]. It is
used by the LVK collaboration to model and subtract
glitches from data containing GW signals [70]. However,
Udall et al. [71] showed that the glitch subtraction process
is inherently limited, leaving behind residual glitch power
with an SNR of 3-7 as an unavoidable consequence.
They further demonstrated that this residual power is
enough to introduce biases in parameter estimation results.

Concurrently, different machine learning (ML) algo-
rithms [72] have also been developed for the classification
of nontransient noise [73-75], the deglitching of gravita-
tional wave data, and to distinguish between glitch and
signal power [76-78]. While these methods introduce
significant improvements with respect to the Whittle like-
lihood and have been successfully applied in the analysis of
gravitational wave events [51,79-81], none of them can yet
be reliably applied in every setting to fully unbias GW
parameter estimation results [82]. More recently, novel
approaches have been proposed to directly address this
limitation by reducing or bypassing assumptions about the
noise realization. For instance, Chatterjee and Jani [83]
introduce a framework that reconstructs the gravitational
wave signal independently of the underlying noise, while
Legin et al. [84] present a score-based diffusion model that
learns the non-Gaussian noise distribution directly from
detector data, enabling accurate parameter recovery even in
the presence of loud glitches. These developments re-
present important steps toward robust inference in glitch-
contaminated data.

simulation based inference (SBI) has established itself as
a powerful ML-based framework to tackle complex infer-
ence problems that are computationally difficult for tradi-
tional Bayesian methods or for which an analytical
expression of the likelihood function is unavailable [85—
88]. The central idea of SBI is to exploit a forward model
capable of generating synthetic data given some model
parameters. These simulations are then used to train a
conditional density estimator that approximates either the
likelihood, the posterior, or a related quantity, thereby
enabling efficient Bayesian inference without requiring an
explicit likelihood function. Modern SBI methods are
typically classified into three main categories, depending
on the quantity that is learned: neural likelihood estimation
(NLE) [89-92], neural posterior estimation (NPE) [93,94],
and neural ratio estimation (NRE) [95,96]. In NLE, a neural
network is trained to approximate the likelihood function,
and inference is performed via standard Bayesian tech-
niques using the learned likelihood. In contrast, NPE
directly models the posterior distribution, and so samples
can be directly drawn. Finally, NRE estimates the like-
lihood-to-evidence ratio, which can be used to construct the
posterior via importance weighting or rejection sampling.
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Each approach offers distinct advantages in terms of
training stability, computational efficiency, and flexibility,
and the choice between them depends on the structure of
the simulator and the inference task at hand. In the past
decade, SBI has found wider application in GW astronomy
and astrophysics [97-102]. It has been employed for the
rapid generation of sky maps for public alerts [103], and
algorithms have been developed for the current [104,105]
and next generation of GW detectors [106—108]. A specific
application of SBI to gravitational-wave parameter estima-
tion is the DINGO software package [109-111]. DINGO
employs real detector data with simulated gravitational-
wave signal injections to train a NPE model, yielding an
approximate posterior distribution. This approximation is
subsequently refined through rejection sampling [43,112],
and has been shown to reproduce the results obtained with
standard Bayesian inference pipelines such as Bilby [110].
However, because the rejection sampling step relies on a
Gaussian likelihood approximation, the resulting inference
inherits the associated assumptions of stationarity and
Gaussianity, and may therefore be biased in the presence
of non-Gaussian noise transients.

In this work, we employ a modification of NLE to
address the challenges posed by non-Gaussian noise in
gravitational-wave data analysis. We adopt NLE rather than
NPE for two key reasons. First, NLE has been shown to
exhibit higher simulation efficiency, enabling it to learn
more complex distributions with a fixed number of sim-
ulations [113]. Second, unlike NPE, NLE allows the
conditional density estimator to be trained solely on
detector noise while still yielding posterior distributions
for the signal parameters, a property that is essential for our
approach. We introduce residual neural likelihood estima-
tion (RNLE), which combines the NLE algorithm imple-
mented in the SBI package [89,114] with the additive
structure of gravitational-wave signal and noise, with the
goal of learning a likelihood for real detector data that
captures nonstationarities and transient non-Gaussianities.
The likelihood is obtained by training the conditional density
estimator exclusively on noise realizations. For each like-
lihood evaluation, a waveform approximant realization is
subtracted from the observed data, and the neural likelihood
is evaluated on the resulting residuals. This strategy is
conceptually related to the approach introduced in Legin
et al. [84], which also exploits the additivity of signal and
noise, and learns the noise distribution directly from detector
data to produce an unbiased estimate of the likelihood
function. In contrast to Legin et al. [84], which employ
score-based diffusion models and learns the score of the
noise distribution, our method uses neural likelihood esti-
mation within the SBI framework and learns the likelihood
directly from the noise distribution. We can therefore
integrate the learned likelihood into the Bilby framework,
and perform Bayesian parameter estimation using the nested
sampling implementation of DYNESTY [115].

The paper is structured as follows. In Sec. II, we give a
summary of Bayesian parameter estimation and discuss the
theoretical validity of the RNLE approach. In Sec. Il A, we
explain the setup of the RNLE algorithm and the specifics
of the employed estimator. In Sec. III we compare results
obtained with NLE, RNLE, and the Whittle likelihood for a
simple toy model. In Secs. IV and V, we benchmark RNLE
against the Whittle likelihood using simulated detector
noise for the training and a signal from a binary black hole
(BBH) merger injected into simulated noise as an obser-
vation. After demonstrating the validity of our algorithm, in
Sec. VI, we analyze BBH merger signals injected in quasi-
Gaussian detector noise. In Sec. VII, we analyze BBH
injections in the proximity of very loud glitches to study the
capability of our algorithm to recover accurate posteriors
when the Whittle likelihood is biased. To follow up on this
analysis, in Sec. VIII we analyze BBH injections around a
specific glitch with RNLE likelihoods trained on varying
datasets, and in Sec. IX we assess the training noise by
retraining on the same dataset with a different machine
learning seed. We conclude in Sec. X, summarizing our
results and outlining future development and usage pos-
sibilities for the SBILBY software package [116].

II. METHODOLOGY

Given observation data d and a predictive model M with
associated parameters 6, Bayesian inference centers around
constructing a likelihood £(d|6, M) and prior z(6|M), then
seeking to estimate the posterior probability density

p(0]d, M) « L(d|0, M)z(0|M), (1)

and the normalizing evidence

2(M|d) = / (10, M)z(6]M)do. 2)

Calculation of the posterior and evidence can only be done
in closed form for a limited set of problems (typically, those
with so-called conjugate priors [117]). Therefore, computa-
tional Bayesian inference approaches have been developed1
enabling approximation with induced numerical error.
Computational approaches typically require an explicit
construction of the likelihood in closed form. This is
suitable for many astrophysical data analysis problems
where the likelihood takes a simple form following
standard probability distributions. Most often, this is the
Gaussian distribution thanks to the central limit theorem
[118]. However, in some instances, the likelihood is
intractable (i.e., difficult or impossible to write down in

'Grid-based approaches can be applied in low-dimensional
problems, but quickly become intractable for more than a few
dimensions, therefore stochastic sampling methods such as
MCMC and nested sampling are generally applied in higher-
dimensional problems.
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closed form) or computationally costly [17,119-121]. Over
the last few years, a new approach has been developed to
address such problems: SBI. While there are multiple
variants of SBI, in this work we consider NLE in which
a neural density estimator g4, with weights ¢, is trained to

approximate ﬁ(:ﬂ@) using training data consisting of N
pairs {6, 2,} To construct the training data, samples 6; are

drawn from a generating distribution (generally the prior).
The samples are then passed into the simulator s(6;) to

produce a realization of the ;li. Note that the simulator may,
in general, also depend on a set of latent variables z that are
randomly sampled during the simulation.

Let us now restrict ourselves to the set of cases where the
forward model described by the simulator consists of a
deterministic model m(9) and an additive noise process
n(1) where we have defined two subsets 9, the model
parameters and A, the parameters describing the noise
process with 8 = 9 U A. That is, we consider only models
where s; = m; +n; where m; = m(9) is deterministic
while n; = n(4) is a random sample drawn from a noise
distribution.

Standard NLE proceeds by taking as input the_full
simulator s(6) and proceeding to approximate E(d|9)
However, a wide variety of astrophysical problems are
well described by a deterministic model with additive
noise. Under this assumption, it is appropriate to instead

approximate the residual likelihood E(c_i — m(9)|2) which
is simpler due to the lower dimensionality.

To better understand the motivation let us consider cases
where the likelihood is known in closed form. For additive
white Gaussian noise with standard deviation o, for a single
observation d;, the log-likelihood is given by

m(9))

log £(d;|0) = -% ((‘I‘T - 10g(2m52)), (3)

and if the set of data d is independent and identically
distributed, then

log £ d|9 Zlogﬁ (d;]0). (4)

However, given that the data only enters the likelihood
through the residual r; = d; — m(8), we can introduce the
residual likelihood as

1 ((r)?

2\ ¢

which is identical to the standard likelihood function. For
standard applications of this likelihood, it would be odd to
differentiate between the two likelihoods, but if one were to
apply NLE, learning the residual likelihood is easier as the
density estimate that must be learned is only that of the

log L(r;|) =

- 1og(2ﬂ02)>, (5)

noise distribution and not the full joint distribution of the
data and 6.

More related to GW is the case of colored Gaussian
noise. For interferometric gravitational-wave data, in the
absence of a signal (which we refer to as M), the detector
data is well described by stationary coloured Gaussian
noise. Assuming we know a priori the power spectral

density (PSD) that describes the noise, if disa regular real-
valued time-series with a sampling frequency f, and
duration 7, then the likelihood is known and can be
approximated by the so-called Whittle likelihood,

log L(d|M,) & — (d.d). (6)
where d = f ft(;i)/ fs is the scaled complex-valued

Fourier-transformed data, the noise-weighted inner product
is defined as,

3R() o

and P; is the real-valued PSD. If a signal is present in the
data, then the generate model M| predicts an additive sum
of the signal and noise such that

logﬁ(jé),M

)= 2<d m(9) Zlog (2zP;)

(8)

Again, we can rewrite this as a residual likelihood

log L(F|M,) o<—— (7, 7)

Z log (27P;) 9)

In this instance, the noise has no parameters (i.e. 4 is the
empty set). However, one could also consider parameter-
izing the PSD P; — P;(A) in which case

log L(F|A. M) = == (7. 7), Zlog (2zP;(2)), (10)

where we add the subscript 4 to the noise-weighted inner
product to denote that these parameters are required by the
PSD. This can straightforwardly be generalized for a multi-
detector analysis. Since the detector noise is assumed to be
independent, the joint likelihood is obtained by combining
the individual detector likelihoods multiplicatively, which
corresponds to summing their logarithms. Thus, for detec-
tors d € {1, ..., D}, the total log-likelihood is

log L (F|A, M) Zlog LA (11)
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where L, (7|4, M) denotes the RNLE-learned likelihood for
detector d evaluated at parameters A.

For these cases, where the likelihood is known in closed
form, NLE is not required. However, our hypothesis is that
when the assumptions underlying the likelihood construc-
tion are no longer valid (e.g. the noise is non-Gaussian,
nonstationary, or contains transient noise artifacts), pro-
vided the noise and signal remain additive, the residual
likelihood is easier to approximate with NLE than the full
likelihood.

A. Simulation-based inference setup

We employ the SBI package’s implementation of NLE to
construct the RNLE algorithm, which we implement within
the newly developed SBILBY framework [116]. Following
the approach described in Sec. II, the package comprises
two main components for the simulation and analysis of
GW data.

The first component is specific to gravitational-wave
parameter estimation and provides functionality to simulate
Gaussian noise realizations from prescribed power spectral
densities, as well as to access real detector noise. In this
work, we always use pieces of data of 4 s, and the analysis
is performed in the time domain. The pieces of data are
whitened in the frequency domain and subsequently cut in
the time domain to obtain training data for the conditional
density estimators (see Sec. IV for the details). This training
data, consisting of pairs of noise parameters and data

{4, Zi,} is passed to the sBI package to train the conditional
density estimator through the second component of our
algorithm. This second component is independent of the
particular inference problem and can be employed in any
application for which separate generative models of the
noise and signal processes are implemented. If the residual
noise model is not explicitly parametrized, an uncondi-
tional density estimator would in principle be sufficient. In
this work, however, we employ a conditional estimator by
adopting the SBI implementation of NLE, thereby leverag-
ing its well-established framework for conditional density
estimation based on parameter-data pairs. This choice
enables a direct integration of RNLE within the existing
SBI and Bilby ecosystems, avoiding the need for a separate
custom implementation. While this introduces a modest
increase in computational cost, it provides a practical proof-
of-concept realization of RNLE within a standard inference
pipeline. At the same time, this formulation naturally
accommodates future extensions in which the noise model
is explicitly parametrized through additional hyperpara-
meters. Therefore, throughout this work, we employ the
masked autoregressive flow (MAF) as the conditional
density estimator [122].

A MAF models the joint probability density of the
parameters by decomposing it into a product of one-
dimensional conditional densities, each parametrized
by an autoregressive neural network (ARNN) [123,124].

The ARNNS provide a flexible and tractable parametriza-
tion of conditional probability distributions. In ARNNS, the

joint probability of a multivariate variable x = (x, ..., xp)
is factorized as
D
p(x) = Hp(xi|x1:i—1)v (12)

i=1

where each conditional distribution p(x;|x;.;_;) is repre-
sented by a neural network whose inputs depend only on
the preceding components x;.;_;. This autoregressive
structure enables the model to efficiently capture statistical
dependencies among parameters while maintaining exact
likelihood evaluation. In our framework, the ARNN
sequentially transforms samples from a base distribution

into complex likelihood surfaces [I(;i —m(9)|1, My). To
ensure reproducibility, we employ the default architecture
provided in sBI v0.22.0. In this configuration, the like-
lihood p(x|@) is modeled using a stack of five autore-
gressive flow transforms, each parametrized by a masked
autoencoder for distribution estimation network [125] with
two hidden layers of 50 units and rectified linear unit
activation functions [126].

The resulting conditional density estimator integrates
directly with the Bilby framework, as the NLE implementation
is designed to be fully compatible with Bilby’s inference
interface. For sampling, we employ DYNESTY. At each like-
lihood evaluation, we subtract a realization of the model
m(9), with 9 drawn from the prior, from the analyzed data,
and evaluate the likelihood on the resulting residuals
r(0) = d(0) —m(9). Although the likelihood directly
depends only on the residual parameters A, we obtain samples
for the model parameters as a natural byproduct of this
subtraction process. The modular design of our algorithm
allows the user to specify custom signal and noise generation
functions, ensuring its applicability to a broad class of
inference problems beyond gravitational-wave analyses.

Unless otherwise stated, we use the default MAF
architecture and training settings provided by SBI
v0.22.0, including a training batch size of 50 and a
validation fraction of 0.1. The number of epochs is not
fixed in advance, and training is terminated automatically
by the package’s early-stopping criterion when the vali-
dation loss fails to improve for 20 epochs.

III. RESULTS: TOY MODEL

To test the validity of RNLE, we begin with the analysis
of a simple timeseries problem consisting of a sine-
Gaussian toy model following the equation,

F(t,a, f) = Aexp(=(t/a)?) x sin(2zft),  (13)

where ¢ is the time, and f, A, and « are free parameters that
we will refer to as frequency, amplitude, and standard
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deviation. We simulate observational data by adding white
Gaussian noise sampled from a normal Gaussian distribu-
tion with standard deviation ¢ to a realization of Eq. (13)
for specific values of the free parameters. The value of o is
drawn from a uniform prior /[0, 2]. We aim to analyze this
observation using likelihoods generated with both the
canonical NLE algorithm and our newly implemented
RNLE algorithm, and compare the results with those
obtained using the correct Gaussian likelihood, following
Egs. (3) and (4). We employ the DYNESTY nested sampling
package implemented in Bilby for the posterior sampling.
For the training of the NLE conditional density estimator,
we employ simulations of white Gaussian noise added to
simulations of the signal, employing the priors in Table Il in
the Appendix. To train RNLE, we employ simulations of
white Gaussian noise only, varying the ¢ parameter.

We perform benchmarking against the Gaussian like-
lihood first, using a restricted parameter space where f and
A are fixed, and then sampling in the full three-dimensional
signal space. To assess how well the conditional density
estimator recovers the true likelihood, we compute the
Jensen-Shannon (JS) divergence between the posterior
probability density functions obtained with the (R)NLE
and the Gaussian likelihood [127]. For each comparison,
we draw 3000 samples from both posteriors, fit a kernel
density estimator to each sample set, and evaluate the
corresponding probability densities. The JS divergence is
computed using the scipy implementation [128], which
returns the JS distance measured in bits, i.e., using a base-2
logarithm so that max(JS) = 1. For our analysis, we use the
corresponding JS divergence, obtained by squaring the
returned distance. This procedure is repeated one hundred
times, and the reported values are averages over these trials.
We consider two posteriors indistinguishable if their JS
divergence is smaller than 10/N, where N is the number of
samples used for the evaluation, e.g., with N = 3000 the
threshold is 0.003 [28].

s —e—NLE:a —e—RNLE: @

1 --@--NLE:g --#@--RNLE: 0
o
ﬂ L
= r
& ~lp
2 L

_3_ IIIIlIII lIIIIlIl Ll L 111l 1

103 104 10°
Number of simulations

FIG. 1.

The results of the benchmarking are shown in Fig. 1, for
two dimensions in the left panel and four dimensions in the
right panel. The plots show the variation of the JS
divergence value with the number of simulations used in
the training for NLE and RNLE against the Gaussian
likelihood in green and orange, respectively. From the
plots, we see that the JS values for the signal parameter
posteriors recovered with RNLE are systematically lower
than the NLE ones. The same is not true for the noise
parameter o, for which the values are consistent in the two
approaches. The better performance in the RNLE case is
related to the lower dimensionality of the training param-
eter space, one for RNLE and two (four in the right panel)
for NLE. We would expect the JS values for the NLE results
to eventually converge to the RNLE ones when further
increasing the number of simulations. Those results show
that RNLE is a viable method to produce posterior
probabilities and requires fewer simulations to achieve
the same accuracy as NLE. The results also confirm the
statistical equivalence of the posterior distributions
obtained with the Gaussian likelihood and the one obtained
with the RNLE likelihood.

In Fig. 2, we show the time required for a single
likelihood evaluation for the NLE, in green, and the
RNLE, in orange, trained likelihoods. Similarly to
Fig. 1, for the left panel we employed two free parameters,
and for the right panel we employed four. The likelihood
evaluation time is expected to be independent of the
number of simulations used to train the density estimator,
since the trained models have the same architecture. The
small differences visible in Fig. 2 are due to run-to-run
fluctuations and do not indicate a systematic dependence
on training-set size. We observe that the computational cost
of RNLE likelihood evaluations is comparable to that of
standard NLE. While RNLE involves an additional oper-
ation, namely the explicit subtraction of a signal realization
from the data prior to likelihood evaluation, this overhead

L —e NLE:a —e—RNLE: @
1 --@--NLE: g --#--RNLE: 0
r —A— NLE:A  —A— RNLE: A
[ ) NLES F oo % RNLE: f
o
ﬂ L
e
(_D L
_3 _I 1 IIIIIII 1 L IIIIIII 1 1 .IIII.IIf l
103 104 10°

Number of simulations

Logarithm of the Jensen Shannon divergence value for the posterior distributions obtained with the likelihoods trained with

NLE, in green, and RNLE, in orange. The squares stand for the noise related parameter o, the circles, triangles, and crosses for the
variance, frequency, and amplitude of the sine-Gaussian signal, respectively. The two-dimensional results are shown in the left panel,

while the right panel shows the four-dimensional results.
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FIG. 2. Likelihood evaluation time in milliseconds for NLE (green) and RNLE (orange) versus the number of simulations used in
training. We employ two free parameters in the left panel and four in the right panel. As expected for models with fixed architecture, the
likelihood evaluation time shows no systematic dependence on the number of training simulations; the small differences are consistent

with run-to-run fluctuations.

does not translate into a systematic increase in total runtime
for the toy model considered here, where the forward model
evaluation is computationally inexpensive. For gravita-
tional-wave analyses, however, the model evaluation,
i.e., the waveform generation, typically constitutes the
dominant contribution to the computational cost in standard
Bayesian sampling. In this context, RNLE retains the cost
of waveform evaluation and introduces an additional over-
head associated with the neural likelihood evaluation,
making it more expensive than regular sampling. In
contrast, once trained, NLE-based inference does not
require waveform evaluations during sampling and there-
fore can be substantially faster. In practice, for our toy-
model the overall computational performance depends on
several factors, including the hardware architecture, the
total number of likelihood evaluations performed by the
sampler, the effective sampling efficiency, and the average
evaluation time per likelihood call. When accounting
for these effects, we find that the total wall time of
RNLE-based analyses is broadly similar to that of NLE,
with run-to-run fluctuations that are comparable in magni-
tude for the two methods. As a result, the implementation
of RNLE does not incur a significant computational
penalty.

IV. CONFIGURING RNLE FOR EFFICIENT GW
ANALYSIS

To apply the RNLE algorithm to the analysis of real
gravitational wave events, we start by testing it on synthetic
data. We create an observation by combining coloured-
Gaussian noise, generated from a fixed PSD, and an
injected GW waveform produced with the IMRPhenomPv2
waveform approximant [129-132]. The injection values for
the signal parameters are listed in Table III. We simulate the
Gaussian noise to ensure that the assumptions for the
validity of the Whittle likelihood approximation are

satisfied, using the publicly available high-sensitivity
PSD curve presented in Abbott et al. [133] with a horizon
distance of 180 Mpc. To effectively compare the results
between our RNLE implementation and Bilby, we ensure
that we train the conditional density estimator on data
processed as done internally by the Bilby algorithm [134]. In
practice, this means that we ensure that our Gaussian noise
simulations are properly windowed. Different from a
standard Bilby analysis, we are operating in the time domain
and therefore need to whiten the data simulated in the
frequency domain too. We fix the sampling frequency of
the data to 4096 Hz. Since we are operating in the time
domain, the whitening procedure for each simulation
comprises three main steps [45]:

(1) A Fast-Fourier transform to obtain the frequency
domain representation, (f), of our time domain
data, h(t), after properly windowing it using a Tukey
window [135] given by Eq. (11) in Talbot et al.
[134]. For a data length of 4 s, we employ a roll-off
of 0.2 s and a tapering paramater value a = 0.1
following the Bilby default in version 2.6.0;

(2) Whitening the frequency domain signal, after band-
passing the data with a frequency mask f .,
between 20 and 2048 Hz, that selects only the
frequencies retained in the analysis,

_ W)
VP X E SN win? x4

h(f) . (14)

where d is the duration of the whitened data in
seconds, N is the number of data samples, the index
n runs over the elements of the window, and P is
the PSD.

(3) An inverse Fast-Fourier transform is used to recover
the whitened time domain signal,
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ho (1) = IFET(R(f)) X~ (15)

V meask’

where N, is the number of frequency bins. The

normalization factor (3~ finax)~"/? compensates for
the fact that the mask sets excluded frequencies to
zero, thereby ensuring that the overall amplitude of
the whitened time-domain signal remains properly
normalized.
The whitened time-domain strain 4,,(¢) is multiplied by an
auxiliary scale parameter o. This parameter is introduced
for implementation reasons as the NLE interface used in
this work requires each simulated dataset to be paired with
at least one latent parameter drawn from a prior, whereas
the noise-only simulations used to train RNLE do not
otherwise carry an explicit parameter label. In this sense, ¢
should be regarded as an auxiliary nuisance parameter
rather than as a physical parameter of the detector noise
model. We choose a broad prior ¢ ~ U[0,2] so that the
training procedure remains well posed while modifying the
noise realizations in a minimal way. Rescaling by o
preserves the morphology and relative structure of the
residual time series, including transient features, and there-
fore provides a simple conditioning variable that does not
alter the basic RNLE construction. The use of ¢ is thus a
pragmatic consequence of the present conditional-flow
implementation, not a conceptual requirement of residual
likelihood estimation itself. In future work, it would be
interesting to replace this auxiliary parameter either with an
unconditional density estimator or with physically moti-
vated noise hyperparameters. To mitigate numerical arti-
facts introduced by the whitening procedure at the edges of
the time series and to reduce data dimensionality, we

Observation
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truncate the data. As we have to accordingly crop the
observation when analyzing it with the RNLE likelihood,
we make sure that we are not cutting away any part of the
time series that includes the signal and contributes infor-
mation to the inference. In Fig. 3, we present a schematic
overview of the workflow used to obtain posterior distri-
butions with RNLE from a set of training data realizations
—either simulations or real detector data—and a given
observation. For validation purposes, the observation con-
sists of a simulated GW signal injected into colored
Gaussian noise, whereas in the following sections it
corresponds to a GW signal injected into real detector
noise. Both the training data and the observations are
preprocessed using an identical procedure. The training
data realizations are passed to the conditional density
estimator, with the settings described in Sec. I A, yielding
a likelihood model. For each evaluation of the RNLE
likelihood, the GW parameters are sampled from the priors
listed in Table IV, and a corresponding frequency-domain
waveform is generated using the same waveform model
employed for the observation generation. The waveform is
whitened and transformed into the time domain, and
subsequently subtracted from the whitened time-domain
observation. The resulting residual time series is then
passed to the likelihood for evaluation. This procedure is
repeated at each likelihood evaluation within the nested
sampling algorithm, which ultimately produces posterior
samples for the signal parameters and the noise residual
parameter o.

A. Analysis of 1D GW signal

To validate the RNLE framework for gravitational-
wave parameter estimation, we first perform a simplified

_ L(r|0)m(0) 1;“\\
» p(O|r, M) = W’ "/
with v

r= hw(t) — Hw (Q't)

o8 10

1+ L(0)

' é@ !%\‘
G SRR
RETE e
Y XAY X
oaow-,o%\.o \

SBI Posterior distributions

Schematic overview of the workflow we employ to produce posterior distributions from a set of training data realizations and

an observation using RNLE. The preprocessing for the observations, top row, and the training data, bottom row, is the same. We input the
training data into the SBI conditional density estimator, which trains a likelihood. This is used in SBILBY with the DYNESTY sampler to
perform inference and obtain posterior distributions. At every evaluation of the likelihood, before passing the data to the RNLE
likelihood object we subtract a whitened GW signal realization from it.
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FIG. 4. Left: Comparison of the posterior distribution of the chirp mass M obtained using the RNLE likelihood trained using 3000
simulations of coloured-Gaussian noise, in orange, and the Whittle likelihood, in blue. The JS divergence value is reported in the title,
confirming the agreement between the two results. Right: Full posterior of the RNLE analysis. The histograms show the posterior
distributions for the noise scaling parameter ¢ and the chirp mass. The dash-dotted black line indicates the injected values.

one-dimensional analysis, focusing on a single signal
parameter. In this controlled setup, we test whether
RNLE can accurately recover posterior distributions con-
sistent with those obtained using the standard Whittle
likelihood. Restricting the analysis to the detector-frame
chirp mass allows us to systematically explore the algo-
rithm’s performance, identify optimal configuration set-
tings, and significantly reduce computational cost.

In the left panel of Fig. 4, we show the comparison
between the posterior distribution of the chirp mass [136]
obtained with RNLE and that obtained using the Whittle
likelihood under identical sampler settings, observation,
and priors. We perform a JS divergence test, following the
specifics outlined in Sec. III. The resulting value is below
the chosen threshold, confirming that the two posterior
distributions are statistically consistent.

In the right panel of Fig. 4, we show a corner plot for the
RNLE likelihood analysis. The posterior distributions for
the auxiliary scaling parameter ¢ and the chirp mass are
approximately uncorrelated. Here, 6 = 1 corresponds to
the nominal unrescaled residuals used in the data gener-
ation. Since o is an auxiliary parameter introduced in the
present conditional-density implementation, rather than a
physical parameter of the signal or detector model, small
offsets from o = 1 can reflect finite-training effects and
approximation error in the learned likelihood.

B. Dependence on training dataset size

To assess how the accuracy of the RNLE likelihood
depends on the size of the training dataset, we investigate
the convergence of the inferred posterior distributions as a
function of the number of training data realizations. In
particular, we quantify how the agreement between the
RNLE and Whittle likelihood results improves as addi-
tional training data are provided to the conditional density
estimator.

In Fig. 5, we show the JS divergence between the chirp
mass posterior distributions obtained with RNLE and with
the Whittle likelihood as a function of the number of
simulations used for training. The blue dotted line indicates
the JS divergence threshold corresponding to statistical
equivalence between the two distributions. The black
squares denote the training time required for the RNLE
likelihood as a function of the number of simulations. A
linear fit in log-log space is performed to illustrate the
scaling behavior, showing that the training time approaches
linear scaling for Ng,, > 10

The reported training times were obtained using eight
CPU cores with the settings described in Sec. Il A. From
these results, we observe that the JS divergence stabilizes
below the equivalence threshold once more than approx-
imately 2000 simulations are used for training, indicating
that the RNLE likelihood can reliably reproduce the
Whittle likelihood results beyond this point. At the same
time, the training time increases rapidly with the size of the
dataset, ranging from below one hour for ~2000 simu-
lations to several hours for 10° simulations. Based on this
trade-off between accuracy and computational cost, we
adopt 3000 simulations for all subsequent analyses involv-
ing a one-dimensional signal prior, unless stated otherwise.

C. Analysis of training noise

To investigate the stability of the conditional density
estimator and to quantify the training noise, i.e., the
uncertainty associated with the training process itself, we
perform an ensemble analysis in which multiple RNLE
likelihoods are trained independently. For each chosen
number of simulations, we construct three training datasets
by drawing independent realizations of coloured Gaussian
noise from the same PSD. Each dataset is used to retrain the
conditional density estimator with different optimization
seeds, allowing us to isolate variability arising from both
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In orange, the logarithm base ten of the JS divergence value for the chirp mass posteriors, computed between the Whittle and

RNLE results, against the number of simulations employed to train the conditional density estimator. The blue dotted line indicates the
JS divergence threshold signifying the statistical equivalence between the two distributions. The black squares show the RNLE
likelihood training time against the number of simulations. We use a logarithmic scale for the x axis and the right y axis. The error bars
are computed over five realizations of retraining and sampling. The green line is obtained using the optimal values from a linear fit in
log-log space for the training time versus the number of simulations.

the finite training set and the stochastic nature of the training
procedure. Since all training datasets are drawn from the
same underlying noise-generating process, we expect that, in
the limit of sufficiently large training sets, variations in the
specific realizations should not affect the learned likelihood
in a systematic way. Any residual variability can therefore be
attributed to the stochasticity of the training procedure itself.
In Fig. 6, we show violin plots comparing the posterior
distribution of the chirp mass obtained with the Whittle

likelihood to those obtained from the different realizations of
the RNLE likelihood, for increasing numbers of training
simulations. The red dotted line indicates the true chirp mass
value of the injected GW signal. Each set of violins
corresponds to three independently trained RNLE likeli-
hoods using the same number of simulations.

To quantify the spread among the ensemble members,
we compute the log-Bayes factor for each RNLE likelihood
with respect to the Whittle likelihood when analyzing the

30.4 —
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FIG. 6. Violin plot showing the posterior distributions for the chirp mass varying the number of simulations used to train the
conditional density estimator. For each violin, the left side in blue, shows the posterior obtained with the Whittle likelihood, while the
right side shows the RNLE posteriors obtained with different likelihoods trained on the same number of simulations. Each likelihood
realization is trained with a different optimization seed and a different, but statistically equivalent, set of simulations. The red dashed line
indicates the true value of the chirp mass for the injected signal. The orange dots represent the mean of the log-Bayes factor computed for
the different realizations of the RNLE likelihood against the number of simulations used in the training.
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In orange, the logarithm base ten of the JS divergence value for the chirp mass posteriors against the time included before the

merger, left panel, and after the merger, right panel. The blue dotted line indicates the JS divergence threshold signifying the statistical
equivalence between the two distributions. The black squares show the ratio between the time needed for a single likelihood evaluation
with RNLE and the Whittle likelihood. We use a logarithmic scale for the x axis.

same observation. The orange points in Fig. 6 show the
mean of the log-Bayes factors across the ensemble for each
training size. We observe that this quantity decreases as the
number of simulations increases and stabilizes for training
sets with more than approximately 2000 simulations. This
behavior suggests that the variability associated with train-
ing noise decreases as the size of the training dataset
increases, indicating a progressive stabilization of the
learned likelihood. This trend is consistent with the results
shown in Fig. 5, supporting the choice of O(10°) simu-
lations as a reasonable compromise between accuracy and
computational cost. A complementary discussion of train-
ing noise is presented in Sec. IX, where we also explore a
strategy to combine the posteriors obtained from different
likelihood realizations, weighting each posterior by its
associated Bayesian evidence.

D. Dependence on analysis window size

To quantify how the accuracy of the RNLE likelihood
depends on the size of the analyzed data segment, we study
the sensitivity of the recovered posterior distributions to
variations in the analysis window. In particular, we assess
how reducing the amount of data before or after the merger
affects the agreement between RNLE and the Whittle
likelihood, as measured by the JS divergence of the chirp
mass posteriors.

In Fig. 7, we show the JS divergence as a function of the
time interval retained before the merger (left panel) and
after the merger (right panel) for the RNLE analysis. In
each case, the complementary portion of the data segment
is held fixed: when varying the premerger duration, we
include a fixed 0.3 s of postmerger data, and conversely,
when varying the postmerger duration, we include 0.8 s of
premerger data. The benchmarking is performed against
Whittle likelihood results obtained using a four-second data
segment, corresponding to two seconds before and two
seconds after the merger. The dotted horizontal line
indicates the JS divergence threshold below which the

two posterior distributions are considered statistically
equivalent. The square markers denote the ratio between
the computational time required for a single likelihood
evaluation using RNLE and that required by the Whittle
likelihood. While the per-evaluation cost of the RNLE
likelihood is only moderately higher—by a factor of
~3-5—this does not fully capture the total computational
overhead of an end-to-end inference run. In practice,
RNLE-based analyses require a larger number of effective
likelihood evaluations, owing to the increased dimension-
ality of the parameter space resulting from the inclusion of
an additional noise parameter, which in turn impacts
sampling efficiency and convergence. When accounting
for both the per-evaluation cost and the total number of
likelihood calls performed by the sampler, we find that the
overall wall time of RNLE analyses is approximately an
order of magnitude larger than that of corresponding
Whittle-likelihood runs. We emphasize, however, that this
increased computational cost reflects the added flexibility
and robustness of the learned likelihood, rather than an
inherent inefficiency of the evaluation itself. From the left
panel of Fig. 7, we observe that truncating the data too close
to the merger removes essential signal information, pre-
venting recovery of posterior distributions consistent with
those obtained using the Whittle likelihood. In particular,
retaining at least 0.8 s of data prior to the merger is required
to recover statistically equivalent posteriors for this injec-
tion. This requirement depends on the signal parameters,
most notably the chirp mass, as the time spent by the GW
signal in the ground based interferometers’ detection band
scales as 7, — t(f) « M™/3, where t, denotes the coales-
cence time [137].

V. ANALYZING SIMULATED BBHS IN COLORED
GAUSSIAN NOISE

Having identified empirically well-performing settings
for the training of the conditional density estimator in the
one-dimensional case, we now extend our analysis to the
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full parameter space of gravitational-wave waveform injec-
tions. This step allows us to assess the performance and
robustness of the RNLE framework in realistic, high-
dimensional inference scenarios. We adopt the injection
parameters and prior distributions listed in Tables III and IV
throughout this section. For all RNLE analyses presented
here, we use a one-second data segment comprising 0.8 s
preceding the trigger time and 0.2 s following it, extracted
from the four-second stretch employed for whitening. To
improve the numerical stability of the learned likelihood in

FIG. 8.

these higher-dimensional settings, we increase the number
of training simulations to 3 x 10*. We emphasize that this
choice has not been systematically optimized: while a
smaller training set may be sufficient, we have not explored
the minimum number of simulations required to ensure
stable performance. Importantly, the training procedure
remains fully independent of the underlying signal param-
eters. Figure 8 summarizes the results of three benchmark
configurations with increasing complexity. These include:
(i) a 10D parameter space for a precessing binary black hole
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Comparison of violin plots for the 10-,11-, and 15-dimensional posterior distributions obtained with the RNLE and Whittle

likelihood, in orange and blue, respectively. These were obtained from a precessing BBH merger with a resticted sampling parameter
space, an aligned-spin BBH merger signal, and a precessing BBH signal sampling in the full parameter space, respectively. In all cases
the GW signal was injected into colored Gaussian noise. The injection values of the signal parameters can be found in Table III and are
overplotted as red dotted lines on the violins. JS divergence values for all the parameters are listed in the same table. We show the mean
and 90% credibility intervals as black lines for each violin half. For fixed parameters we plot the posterior as a Dirac delta on the true
value. The left panel shows the posteriors for the intrinsic parameters, while the right panel shows the extrinsic parameters.
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(BBH) signal with a subset of extrinsic parameters fixed;
(i1) an 11D aligned-spin BBH signal analyzed using data
from two detectors; and (iii) a 15D precessing BBH signal.
Each panel in Fig. 8 shows violin plots of the posterior
distributions for the sampled parameters. For each param-
eter, we compare the posterior obtained using the Whittle
likelihood, with the posterior obtained with RNLE. From
left to right, the violins represent the 10D, 11D, and 15D
analyses. The left panel of the figure displays the intrinsic
source parameters: the detector-frame chirp mass M, the
mass ratio ¢, the spin magnitudes a; and a,, the tilt angles
0; and 0, between each black hole’s spin and the orbital
angular momentum, the azimuthal angle between the spin
vectors ¢,, and the azimuthal angle between the total and
orbital angular momenta ¢ ;; [22,23]. The right panel shows
the extrinsic parameters: right ascension RA, declination
DEC, the viewing angle ,,, the luminosity distance D,
the geocenter time Zgeocen> the polarization angle v, and the
phase ¢. The JS divergence values for all the parameters
and analyses are reported in Table III in Appendix A. In the
10D analysis, the posterior distributions obtained with
RNLE are statistically identical from those obtained with
the Whittle likelihood across all parameters, as demon-
strated by the JS values. This strong agreement demon-
strates that, in moderately high-dimensional settings,
RNLE can accurately reproduce the results of traditional
likelihood-based inference. We additionally verified that
the auxiliary parameter ¢ does not show strong correlations
with the other sampled GW source parameters in the
higher-dimensional analyses (a corresponding plot is
included in the data release [138]). For the 15D precessing
BBH system, small discrepancies are visible in a subset of
parameters. These differences are consistent with stochastic
sampling variability and reflect the well-known degener-
acies and complex posterior structure characteristic of high-
dimensional precessing BBH parameter spaces [139,140],
rather than a systematic bias introduced by the RNLE
method. For comparison, in Fig. 18 we show the JS
divergence values between the two 15-dimensional analy-
ses shown in Fig. 8 and values obtained comparing Whittle
likelihood analyses employing the same data and settings
but different sampling seeds.

To further disentangle potential algorithmic effects from
model complexity, we repeat the analysis for an 11D
aligned-spin BBH system using simulated data from the
Hanford and Livingston detectors. In this configuration,
separate conditional density estimators are trained for each
detector using disjoint simulation sets, while identical
PSDs are employed to ensure consistency in the whitening
procedure. The total likelihood is constructed following
Eq. (11). This modular approach allows the RNLE frame-
work to scale naturally to larger detector configurations. As
shown by the 11D violins, the agreement between the
Whittle and RNLE likelihoods remains strong for the
intrinsic parameters. This further confirms that the

deviations observed in the 15D case are not indicative of
a deficiency in the RNLE framework. Some residual
differences persist in the extrinsic parameters, most notably
in right ascension, declination, and the viewing angle 8,
which exhibit multimodal posterior structures. These fea-
tures are consistent with the sampling variability in com-
plex, multimodal inference problems, and do not suggest a
systematic bias, as underlined by the results shown
in Fig. 18.

Overall, as is expected, these results validate the accu-
racy and reliability of the RNLE algorithm across a range of
signal dimensionalities and detector configurations.

VI. ANALYZING SIMULATED BBHS IN
QUASIGAUSSIAN OBSERVED DATA

Having verified that the RNLE algorithm can reproduce
the results obtained with the Whittle likelihood under the
assumptions of stationarity and Gaussianity, we next extend
the method to data observed by the GW detectors. In this
regime, however, agreement with the Whittle likelihood can
no longer be interpreted as a validation criterion, since the
Whittle likelihood is itself only an approximate model of the
noise. The goal of the analyses in this and the following
sections is therefore not to establish exact likelihood correct-
ness through comparison with the Whittle likelihood, but
rather to assess whether the RNLE-based inference pipeline
remains calibrated and robust when applied to observational
data. For clarity, experimental control, and to keep the
analyses computationally tractable, we restrict the observa-
tional-data studies presented below to a single varying
parameter. This allows us to isolate the impact of non-
Gaussian noise and training-dataset design without conflat-
ing these effects with the additional degeneracies and
sampling variability characteristic of high-dimensional
GW parameter estimation. This choice should therefore
be understood as a proof-of-principle simplification, rather
than as a limitation of the RNLE framework itself.

We construct a pipeline that downloads publicly avail-
able strain data from the GW detectors [141,142], whitens
it, and partitions it into one-second segments, following the
procedure described in Sec. V and shown in Fig. 3. For each
segment, whitening is performed with a PSD estimated
from the preceding 16 seconds of data using a Hann®
window and employing the median method with the
GWPY package [143]. These segments are used as input
data to train the conditional density estimator. When
evaluating the RNLE likelihood, at each sampling step,
the subtracted signal realization is whitened using the same
PSD used to whiten the observation.

“We acknowledge that, for consistency with the data’s whiten-
ing procedure, a Tukey window should be used. As this
inconsistency was found in an advanced stage of the analysis,
we tested that the effects on the results are negligible, see
Appendix C, without further modifications (Fig. 19).

124064-13



MATTIA EMMA and GREGORY ASHTON PHYS. REV. D 113, 124064 (2026)

Histogram of Whitened Data Segment

Whitened Data
= Standard Normal PDF

S

o
o
w
o

w
o
o
N
&

N
o
Normalized energy
o
o
o

Frequency [HZ]
o
G

Probability Density

A

S
e
a
)

o
=)
a

5.4 5.6 5.8 6.0 6.2 0 0.00 2 )

. 0

Time [S] +1.24498364 x 10° Amphtude
FIG. 9. Left: Time-frequency plot of 1 seconds of data from the Hanford detector around 2:00 a.m. UTC on 10 August 2019 used as
the analysis window for RNLE. The data was selected for its quasi-Gaussian noise properties. A red-dashed trace is overplotted to the
injected GW signal. The parameters of the injection are recorded in Table III. Right: Gaussianity test for the selected data. We compare

the amplitude of the whitened data segment without the signal to a standard normal distribution, red dashed line.

A. Identification of quasi-Gaussian data segment

As an initial test, we consider a segment of data for
which the noise is approximately Gaussian: the BNS range
[144,145] is stable, the Omicron trigger rate is low
[146,147], and no glitches with SNR > 5 are present.
We arbitrarily select a 20-second data segment centered
on the well-behaved data around 2:00 a.m. Universal
Coordinated Time (UTC) on 10 August 2019, which is
used to construct the observation and to estimate the PSD
for whitening. To generate the training data realizations, we
then use 30 minutes of detector data on either side of this
central segment, explicitly excluding the 20-second win-
dow used for the observation. The data is divided into
consecutive one-second segments, each paired with its
corresponding PSD. Segments are randomly sampled to
construct the training set, ensuring that each segment is
used only once.

For the test observation, we inject the same aligned-spin
BBH merger used in Sec. V into a segment excluded from
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the training set. The resulting time-frequency representa-
tion is shown in the left panel of Fig. 9, where the injected
signal track is overplotted as a red dotted line. The right
panel displays a Gaussianity check of the data segment
without the injection by comparing the histogram of
whitened amplitudes to a normal distribution.

B. Analysing a BBH injection into a quasi-Gaussian
data segment

After training the RNLE conditional density estimator on
3000 data segments, we compare the resulting likelihood
with the Whittle likelihood evaluated on the observation
shown in Fig. 9. The left panel of Fig. 10 presents the two
likelihoods as a function of the chirp mass, holding all other
parameters fixed. The RNLE likelihood is broadly con-
sistent with the Whittle likelihood, with minor differences
expected given the inherent non-Gaussian and non-sta-
tionary features of observational data. This behavior is
mirrored in the one-dimensional posteriors obtained using
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FIG. 10. Left: Comparison between the Whittle likelihood, in blue, and the learnt RNLE likelihood, in orange, for the selected data.
Right: Comparison of the posterior probability distributions obtained with DYNESTY using the Whittle likelihood, in blue, and the RNLE
likelihood, in orange. The black vertical line indicates the injection value, while the dotted vertical lines represent the 90% credible
intervals.
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DYNESTY within Bilby: the RNLE posterior is marginally
broader, and the Jensen-Shannon divergence remains above
the statistical-equivalence threshold, taking a value of 0.01.
Nonetheless, both methods recover comparable median
parameter values, demonstrating that the RNLE training
and evaluation pipeline can operate reliably on observa-
tional data.

To further assess the robustness and calibration of our
implementation, we perform a probability-probability (PP)
test [28]. We carry out one hundred independent analyses in
which both the data segment used for the injection and the
injected chirp-mass value are varied, while keeping the
trained RNLE likelihood fixed. The chirp mass values are
drawn from a uniform prior 2/[26, 30], and each injection is
analyzed using the same inference settings. For this test, the
RNLE likelihood is first trained on 3000 noise realizations
drawn from data surrounding the segment used for the
observation analyzed in Fig. 4. Figure 11 shows the resulting
PP plot, where the x axis denotes the nominal credibility level
and the y axis indicates the fraction of events for which the
true parameter value lies within the corresponding posterior
credible interval. For a statistically well-calibrated inference
procedure, the PP curve is expected to follow the diagonal.

The PP plot obtained with 3000 training realizations
passes the calibration test, yielding a p value of
pm = 0.113. However, the curve exhibits a mild S-shaped
deviation from the diagonal, indicative of slightly under-
constrained posteriors, matching the visibly broader 90%
contours in the right panel of Fig. 10.

We view calibration studies of this kind as the most
relevant practical validation strategy, especially in regimes
where the data, the true likelihood is unknown. For a
deployable RNLE analysis in real detector noise, one
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FIG. 11. Probability—robability plot for BBH injections into
observational data over 100 realizations. We use one RNLE
likelihood model for all runs, drawing the chirp mass uniformly
from U[26, 30] for each injection and embedding each signal in a
different detector-data segment. The results shown in the left
panel are obtained with an RNLE likelihood trained on 3000 data
realizations.

would ideally perform a substantially larger injection
campaign using representative data from a given observing
run and assess calibration across a broad range of noise
realizations, including a statistically meaningful subset
containing strong transient artifacts.

VII. ANALYZING BBH INJECTIONS IN
EXTREMELY NON-GAUSSIAN DATA SEGMENTS

We have demonstrated that RNLE recovers results
consistent with the Whittle likelihood in all scenarios
where the assumptions of stationarity and Gaussianity
remain valid. We now turn to regimes in which the
Whittle likelihood is expected to be biased. In this setting,
comparison with the Whittle likelihood is no longer a
validation benchmark for correctness, but it remains a
useful baseline against which to assess the robustness of
RNLE-based inference. The analyses in the remainder of
this work should therefore be interpreted as proof-of-
principle tests of performance in strongly non-Gaussian
data, rather than as a complete validation of the learned
likelihood. To this end, we select two segments of detector
data containing loud glitches (SNR > 20), inject a gravi-
tational-wave signal on top of each glitch, and attempt to
recover the injected chirp mass using DYNESTY in combi-
nation with a likelihood obtained via RNLE, while keeping
all other analysis settings fixed. As in the previous sections,
we restrict the inference to a single varying parameter in
order to isolate the effect of non-Gaussian noise and clearly
demonstrate the viability of the RNLE approach. Although
we focus here on a one-dimensional parameter space for
clarity, the method is in principle applicable to higher-
dimensional analyses. This expectation is motivated by the
fact that the RNLE training procedure depends only on the
noise properties of the data and is independent of the signal
model, as discussed in the previous section. As a result,
extending the inference to additional signal parameters
would not require retraining the likelihood. Nevertheless,
demonstrating the practical performance and scalability of
the method in higher-dimensional signal parameter spaces
remains an important direction for future work.

A. Identification of a highly non-Gaussian data segment

To identify suitable periods of elevated glitch activity, we
analyze data from the LIGO Hanford observatory (LHO)
during the second half of the third observing run (O3b)
using a 24-hour sliding window, shifted forward by one
hour at each step. For each window, we quantify glitch
occurrence by extracting the number of entries recorded in
the GravitySpy database [148-150]. Figure 12 shows the
resulting glitch counts as a function of time across the O3b.

From this distribution, we investigate the properties of
time windows associated with elevated glitch rates. Our
goal is to analyze an extreme scenario in which the inferred
chirp mass is severely biased. For this reason, the time
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FIG. 12. Histogram of the number of 24-hour windows for each glitch count value in LHO during O3b. Glitch counts are computed
using a 24-hour sliding window with a one-hour step, based on the GravitySpy database. The horizontal axis shows the number of glitches
within a 24-hour window, while the vertical axis reports the number of windows exhibiting a given glitch count. The inset highlights the
windows with the highest glitch rates, from which the analysis window used in this work is selected.

window used in our study is selected based on both the
overall glitch rate and the tendency of individual glitches
within that period to bias the inference, ensuring that the
sample is representative of a strongly non-Gaussian noise
environment. We identify the period of November 9-12,
2019 as fitting our requirements. The characteristics of the
glitches identified by GravitySpy during this interval are
shown in the top panels of Fig. 13.

Within this window, we concentrate on two particularly
loud glitches occurring at GPS times 1257456281.4 and
1257541955.8, corresponding to 21:24:23 UTC on
November 10, 2019 and 21:12:17 UTC on November
11, 2019, respectively. For clarity, we refer to these as
Glitch A and Glitch B. Glitch A has an SNR of 39.94, a
duration of 2 s, and a central frequency of 360 Hz, while
Glitch B has an SNR of 44.37, a duration of 1.5 s, and a
central frequency of 448 Hz. Time—frequency representa-
tions of both glitches are shown in Fig. 14. Although
GravitySpy classifies both glitches as Koi fish, their morphol-
ogy is more complex than typical examples of this category.
As seen in the top panels of Fig. 13, these events also
correspond to unusually long durations compared to other
glitches in this period, and nearly 200 Koi fish glitches
occur within the selected time window.

B. Analyzing a BBH injection into
a highly non-Gaussian data segment

We extract 3600 s of strain data around each glitch and
process these segments following the procedure described
in Sec. VI. This yields one simulation per second of data,
providing a dataset from which we train an RNLE like-
lihood for each glitch independently. We then inject a GW
signal, using the same source parameters as in Sec. V, into
the data segment containing the glitch. The trigger time of
the injection is shown as a red dashed vertical line in the
lower panels of Fig. 14. Throughout this discussion, we

define the offset as the relative temporal separation between
the glitch and the injected GW signal. A positive offset
therefore, indicates that the glitch occurs before the signal,
whereas a negative offset means that it occurs after the
signal. We take the time of the glitch to be the event time
provided by GravitySpy. The simulated signal is always
placed at the trigger time, i.e., 0.8 seconds after the start
of the analyzed segment and 0.2 seconds before its end.

The posterior distributions shown in the bottom panels of
Fig. 14 correspond to the case of zero offset, in which the
signal and glitch are temporally coincident. We display the
chirp-mass posterior recovered with the Whittle likelihood
in blue and the posterior obtained using the RNLE like-
lihood in orange, for Glitch A, left panel, and Glitch B,
right panel. In this analysis, the chirp mass is the only free
parameter. For both glitches, the RNLE likelihood yields a
posterior distribution that more accurately reflects the
injected chirp mass compared to the Whittle likelihood.
For Glitch A, the injected value, vertical black line, lies
within the 90% credible interval, dotted lines. For Glitch B,
although the 90% interval does not fully contain the
injected value, the full posterior contains it, while the
Whittle posterior rails against the upper prior bound. These
results provide encouraging proof-of-principle evidence
that RNLE can improve the robustness of parameter
recovery in the presence of strongly non-Gaussian noise.
However, the performance depends on several factors,
including the chosen dataset, the relative timing between
the glitch and the signal, the signal-to-noise ratios of both,
and the number of simulations used during training.

VIII. ANALYZING BBH INJECTIONS AROUND A
BLIP GLITCH

We now investigate the performance of the RNLE
algorithm in the presence of glitches, focusing in
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time of the injection, corresponding to the coalescence of the BBH system and the moment when the (2,2) mode of the waveform attains

its maximum amplitude.
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particular on how the results depend on the construction
of the training dataset and on the relative timing between
the glitch and the signal. The goal of this section is to
study RNLE in a setup that is closely related to the

scenarios considered in recent deglitching analyses,
investigating how the performance of RNLE
depends on the construction of the training dataset in
this regime.
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We follow an approach similar to that of Ghonge et al.
[69], who injected gravitational-wave signals on and around
various types of glitches and performed parameter-estima-
tion analyses before and after deglitching the data using the
BayesWave algorithm, finding that parameter estimation
results are biased for injections within < 0.1 s of the glitch.
This provides a useful reference point for constructing
controlled injection studies in strongly non-Gaussian data.

Ghonge et al. [69] analyzed injections at offsets between
—0.075 and 0.075 s with a timestep of 0.025 s. We use the
same offsets for our injections. We analyze one of the blip
glitches from their study, for which Bayeswave was not
always able to unbias the posterior distributions. Blip
glitches are characterized by their short duration, approx-
imately 10 ms, and broad frequency bandwidth, around
100 Hz [151]. They are observed in both LIGO detectors,
with an average occurrence rate of about two per hour.
They are of particular interest because their morphology
closely resembles the gravitational-wave signal from high-
mass compact binary mergers, while their physical origin
remains largely unknown.

A. Identification of RNLE training datasets for the
analysis of a blip glitch

The analysis focuses on a blip glitch observed in the
LHO detector during the second observing run (O2)
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observing run at GPS time 1165578732.45, corresponding
to 11:51:55 UTC on December 12, 2016. The glitch
exhibits a signal-to-noise ratio of 15.34, a duration of
0.25 s, and a central frequency of 549 Hz. The top panels of
Fig. 15 show, respectively, the distributions of glitch
durations and glitch types obtained from GravitySpy within
a two-hour window centered on the selected event. The
duration of our chosen glitch is representative of the local
glitch population, and we note that only 14 blip glitches are
present in this interval. The bottom-left panel of Figure 15
displays the time-frequency representation of one second of
data surrounding the glitch. The bottom-right panel shows
the same data segment with an injected GW signal, high-
lighted by the overplotted red dotted trajectory. Ghonge
et al. [69] found that this blip glitch can substantially bias
parameter-estimation results and were unable to recover
unbiased posteriors for all the tested offsets after glitch
subtraction.

To study this behavior with the RNLE likelihood, we
analyze injections around the blip glitch at the same set of
temporal offsets, with the goal of recovering accurate
posterior distributions in all cases. For this purpose, we
construct several datasets to train the conditional density
estimator. These datasets, summarized in Table I, differ in
the number of simulations and in their defining character-
istics. In contrast to previous analyses—where we restricted
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FIG. 15. Top panels: Histograms of the glitch duration, left, and glitch type, right, for all glitches identified by GravitySpy in a 2-hour
window centered on the selected blip glitch. Bottom panels: Time-frequency plots of the selected blip glitch, left, and the glitch and an
injected GW signal, right. In the latter, the red dotted line indicates the evolution of the signal. The offset for the glitch is 0.05 seconds
and we double the signal’s SNR with respect to the analysis so that it is clearly visible.
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TABLE I. Characteristics of the different datasets employed to
train the conditional density estimator for RNLE. Selected blip
glitches satisfy the criteria: duration > 0.2 s, SNR > 10, and
Speak > 60 Hz. Unless otherwise specified, glitches are taken
from O2.

Dataset Number of

label  simulations Characteristics
GD1.0 9240  Selected blip glitches with offset 0.0 s
GD1.1 9240  Selected blip glitches with offset —0.025 s
GD1.2 9240  Selected blip glitches with offset —0.05 s
GD1.3 9240  Selected blip glitches with offset —0.075 s
GD1.4 9240  Selected blip glitches with offset 0.025 s
GDI1.5 9240  Selected blip glitches with offset 0.05 s
GD1.6 9240  Selected blip glitches with offset 0.075 s
GD2.0 184000 Selected blip glitches with offset 2/[—0.1,0.1],
each taken 100 times
GD2.1 394990 Selected blip glitches from O2 and first half
of the third observing run (O3a) with
offset U[—0.1,0.1], each taken 100 times
GD3.0 36751 Selected blip glitches with discrete offsets at
[-0.075, —0.05, —0.025, 0.025, 0.05, 0.075]
T1 14300 Seconds of data around the trigger time

ourselves to simulations based solely on data adjacent to
the analyzed segment—here we develop two classes of
training sets: (i) datasets containing data drawn from the
vicinity of the observed glitch time, and (ii) datasets in
which each simulated example includes a blip glitch taken
from the full GravitySpy repository for LHO during O2. This
strategy is motivated by the fact that the small number of
local blip glitches might be insufficient for the network to
learn their variability, whereas O2 contains thousands of
labeled blip glitches that can be leveraged to provide a more
robust and representative training distribution. To construct
the glitch datasets we selected glitches with SNR > 10,
JSpeak > 60, and duration > 0.2 s to maximize the similarity
to the analyzed glitch.

B. Analyzing a BBH injection around a blip glitch

Following the approach of Ghonge et al. [69], we
conduct a standard set of seven analyses, varying the offset
between the glitch and the injection. The SNR of the
injected BBH signal is fixed at 12.88. Parameter estimation
is carried out using both the Whittle likelihood and RNLE
trained with different datasets. We show the results using
violin plots in Fig. 16. For each violin, the left side shows
posterior distributions obtained with the Whittle likelihood,
and the right side shows RNLE posteriors. The black
dashed lines inside the violins represent the mean and 1-¢
credibility intervals for each posterior. The red dashed
horizontal line represents the injection value. We again fix
all parameters apart from the chirp mass.

For panel 16A in the top left, we use dataset Tl1,
composed of 14300 s around the glitch, to train the

conditional density estimator. We note that the most bias
for the Whittle likelihood results is recovered for an offset
of 0.0 and 0.05 s. Unfortunately, the RNLE likelihood is
similarly biased for those offset values, while accurate
results are recovered for every other offset. This is not
unexpected, as the data around the blip glitch contains only
a few other blip glitches, and we would not expect the
estimator to capture their properties. For panel 16B in the
top right, we use dataset GD2.0 to train the conditional
density estimator. This is composed of blip glitches, each
taken 100 times and placed at a randomly sampled offset
from the uniform distribution ¢/[—0.1,0.1]. While in this
case the RNLE likelihood recovers accurate results for the
0.05 s offset, i.e., the posterior distribution includes the true
value, it recovers biased results for offsets for which the
Whittle likelihood does not display any bias. For panel 16C
in the bottom left, we use dataset GD3.0, composed of blip
glitches each taken 20 times and placed at discrete offsets
coinciding with the offsets used for the observed data, to
train the conditional density estimator. The resulting RNLE
likelihood recovers accurate posteriors for both the offsets
0.0 and 0.05 s. However, also in this case it recovers biased
results for offset values for which the Whittle likelihood is
not biased. We attribute the oscillating behavior of these
RNLE likelihoods to the limited amount of training data
and the nonconvergence of the conditional density estima-
tor. To test this hypothesis, we create a new set of datasets,
labeled as GD1 in Table I. We create one dataset for each of
the offset values used in our analysis. Each of them is
composed of the same set of glitches from LHO during O2
placed at the same offset, i.e., for GD1.0 all glitches are
placed at a null offset. Using those datasets, we train seven
different RNLE likelihoods and use them to analyze the
corresponding observed data realization, i.e., we use the
likelihood obtained from GD1.0 to analyze the data with
null offset. Panel 16D shows the results obtained when each
RNLE likelihood trained on a given GD1 dataset is applied
to the observed data realization with the matching offset.
We recover accurate posteriors for all values of the offset,
demonstrating that the approach is capable of learning an
accurate likelihood even in the presence of non-Gaussian
noise transients when the training and analysis conditions
are closely matched. While these results validate the
feasibility of the method, they do not yet provide a practical
strategy for realistic analyses. Training a separate like-
lihood for each specific glitch position would implicitly
assume prior knowledge of the transient location, require a
large number of independent trainings, and reduce the
comparability and robustness of the inferred posteriors.
More broadly, these results show that the construction of
the training dataset is a central ingredient of RNLE in the
strongly non-Gaussian regime. Event-specific or offset-
specific datasets are useful for controlled proof-of-principle
studies, but a deployable implementation would require a
broader detector- and epoch-specific training distribution,
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FIG. 16. Violin plots comparing Whittle (blue) and RNLE (orange) results for various offsets between a blip glitch observed on
December 12, 2016 and an injected GW signal. Panels A-D correspond to the descriptions in the subcaptions. (a) Results obtained using
an RNLE likelihood trained on the T1 dataset containing 14 300 seconds of data around the blip glitch. (b) Results obtained with an
RNLE likelihood trained on the GD2.0 dataset containing all LHO glitches from O2, each taken one hundred times and repositioned
using offsets sampled from &/[—0.1, 0.1]. (c) Results obtained with an RNLE likelihood trained on the GD3.0 dataset containing all LHO
glitches from O2, each taken ten times and positioned at discrete offsets. (d) Results obtained with RNLE likelihoods trained on the GD1
datasets (Table I), which include all LHO blip glitches from O2 always positioned at the offset time.

including a representative population of transient artifacts
with random relative timing. Future work should therefore
focus on optimizing the balance between local background
information and broad glitch coverage in order to construct
a single likelihood that can be applied consistently across
different offsets and data realizations. In this context,
adaptive strategies for constructing or refining the training
dataset, for example by combining information from data
surrounding the event with a broader library of glitch
realizations, may provide a useful route toward a deploy-
able RNLE analysis pipeline [152]. As a robustness test for
such a study, we suggest the use of calibration plots similar
to the one shown in Fig. 11.

IX. INVESTIGATING TRAINING NOISE

As an initial step toward understanding how different
sources of variability affect the performance of the RNLE
likelihood, we investigate the impact of training noise in the
presence of blip glitches. Building on the approach

described in Sec. IV C, where the stability of the condi-
tional density estimator was assessed using ensembles of
independently trained likelihoods, we observed that con-
vergence of the learned likelihood corresponds to stabili-
zation of the Bayesian evidence values across realizations
(cf. Fig. 6). Motivated by this insight, we now examine how
variability in the RNLE posteriors and evidence manifests
when analyzing the blip glitch contaminated data. To this
end, we retrain the RNLE conditional density estimator
multiple times on an identical dataset, while changing the
optimization seed of the conditional density estimator and
the order of the training data realizations. After performing
stochastic sampling, we quantify the variability among the
resulting posterior distributions. This procedure isolates the
intrinsic stochasticity introduced by the training process
itself, analogous to the Gaussian-noise case discussed in
Sec. IV C. The left panels of Fig. 17 show violin plots
analogous to those in Fig. 16, but now including three
independent realizations of the RNLE posteriors produced
by retraining the likelihood. For this study, the GDI
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FIG. 17. Comparison of posterior distributions obtained with the Whittle likelihood and multiple RNLE realizations across four
different training datasets. Each row corresponds to a dataset: (a) T1, (b) GD2.0, (c) GD3.0, (d) GD2.1. The left columns show three
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datasets are excluded as we want to focus on obtaining a
single likelihood to analyze all offset realizations. From top
to bottom, the panels correspond to likelihoods trained with
the T1, GD3.0, GD2.0, and GD2.1 datasets. The GD2.1
dataset extends GD2.0 by additionally incorporating blip
glitches from Hanford during O3a, selected using the same
criteria as GD2.0, with each glitch used 100 times and
offsets drawn from U[—0.1,0.1]. Across all datasets, the
posteriors obtained from the different RNLE realizations
exhibit substantial variability. In particular, for GD3.0 and
GD2.1, at every offset value, there exists at least one
realization whose posterior samples include the injected
parameter value at the 98% credibility level, even for
offsets where the Whittle likelihood yields biased esti-
mates. This behavior is different from the results presented
in Fig. 6 for the simulated colored Gaussian noise case,
where independently trained likelihoods yielded consistent
evidences and highly similar posterior distributions, exhib-
iting both accuracy and small uncertainties. The high-
variability seen in the non-Gaussian scenario indicates that
an ensemble of independently trained realizations enables a
more reliable assessment of the variability induced by the
training procedure itself, and that the mean log-Bayes can
be an indicator of the robustness of the trained likelihood.
Taken together, these findings suggest that the increased
inter-realization variability observed here is driven by the
complexity of the non-Gaussian noise features present in
real data. The long-term objective is that increasing the
amount of training data and improving model capacity will
reduce this variability, approaching the level of stability
observed in the Gaussian-noise case and yielding both
more precise and more accurate parameter estimates. To
combine the different RNLE realizations into a single
posterior distribution, each posterior is weighted by its
corresponding Bayesian evidence, using

_ 2
>i2;

where Z; is the evidence associated with the ith posterior,
and the sum runs over all posteriors being combined.
Because all analyses employ identical priors, this procedure
is equivalent to model averaging with Bayesian odds, as
discussed by Thrane and Talbot [43]. Naively, one might
hope that this approach will favor the most accurate
posterior at each offset. However, the right panels of
Fig. 17 show the evidence-weighted posteriors correspond-
ing to the left panels. Interestingly, for each offset, the
combined posterior is almost entirely dominated by a single
realization, with little to no mixing of posteriors. Moreover,
the selected realization is not always the most accurate: in
rows C and D, clearly biased posteriors receive the highest
weight. This behavior, while seemingly counterintuitive, is
consistent with the understanding from Sec. IV C that
evidence integrates the likelihood over the full parameter

(16)

w;

space and does not depend solely on the local posterior for
a specific data realization. Consequently, a realization
yielding an accurate posterior at a particular offset may
not correspond to a higher evidence value. The black dots
in the right-hand panels further illustrate this behavior,
representing the mean log-Bayes factor computed across
the three posterior realizations at each offset. These results
differ markedly from those shown in Fig. 6 for the
analogous study using simulated colored Gaussian noise.
In that case, the mean evidence was observed to approach
zero as the number of simulations increased, indicating that
effective mixing would occur if the weighting scheme
introduced in this section was applied. By contrast, in
Fig. 17 the mean evidence remains consistently large,
exceeding 40 across all offsets. Such values correspond
to substantial variability among the inferred posterior
distributions. Overall, the pronounced variance in the
evidence estimates across all datasets suggests that the
number of simulations employed is insufficient to ensure
full convergence of the conditional density estimator. A
systematic investigation of convergence properties and
alternative training strategies is therefore deferred to future
work. In this context, the ensemble weighting approach
based on the evidence, introduced here, provides a prom-
ising diagnostic tool to assess convergence and to mitigate
the stochasticity inherent in the training procedure of the
conditional density estimator.

X. CONCLUSION

We have presented the development and application of a
novel SBI algorithm for gravitational-wave parameter
estimation based on a modified neural likelihood estimation
scheme, termed RNLE. The method exploits both the SBI
implementation of NLE and the additive structure of
gravitational-wave signals and detector noise to directly
learn the likelihood of the noise contribution. A key feature
of RNLE is that the conditional density estimator can be
trained exclusively on background noise, without requiring
gravitational-wave signal injections. This substantially
reduces the dimensionality of the parameter space explored
during training and enables the modeling of non-Gaussian
likelihoods associated with glitch-contaminated data. The
RNLE algorithm is implemented within the Bilby frame-
work, allowing seamless integration with standard stochas-
tic samplers.

The performance of the algorithm was validated through a
sequence of controlled studies using a sine-Gaussian toy
model, simulated gravitational-wave detector noise, and real
interferometer data. These investigations included injection
campaigns benchmarking RNLE against the Whittle like-
lihood, with a systematic exploration of its dependence on
the analyzed data duration and on the size and composition
of the training dataset. Under approximately Gaussian noise
conditions, RNLE accurately learns the likelihood function
and recovers posterior distributions consistent with those
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obtained using the Whittle likelihood. When applied to real
detector data, this agreement persists whenever the assump-
tions underlying the Whittle likelihood are satisfied.
Crucially, in the presence of loud non-Gaussian noise
transients, RNLE outperforms the Whittle likelihood, recov-
ering posterior distributions consistent with the injected true
values, while the Whittle likelihood leads to biased poste-
riors that do not include the true parameters. Analyses of
loud glitches from the O3b run, and a blip glitch from O2
demonstrate that glitch morphology, duration, and temporal
overlap with the gravitational-wave signal play a critical role
in determining likelihood accuracy. These results provide
clear practical guidance: parameter estimation in the pres-
ence of glitches benefits from training datasets that closely
resemble the data being analyzed, i.e., same GravitySpy glitch
class, same frequency range, and similar relative timing
between the signal and noise transients.

Beyond accuracy, we investigated sources of variability
intrinsic to the RNLE likelihood estimation procedure. By
retraining the conditional density estimator multiple times
on identical datasets, we quantified the stochastic variabil-
ity induced by training noise. We observed substantial
variability among posterior realizations in the presence of
non-Gaussian noise. In contrast, for Gaussian noise,
increasing the number of simulations led to consistent
likelihood estimates across retraining runs. We propose an
evidence-weighting scheme to combine multiple realiza-
tions into a single posterior; however, the Bayesian
evidence was found to often strongly favor a single
realization, sometimes even a biased one, reflecting its
sensitivity to global likelihood structure rather than local
accuracy near the true parameters. Comparing multiple
likelihood realizations estimated from the same dataset
provides a diagnostic for assessing the reliability of the
RNLE results. In the Gaussian noise case, the evidence of
the RNLE realizations converged when increasing the size
of the training dataset. Convergence was not observed in
the non-Gaussian noise analysis, hinting at an insufficient
training dataset size to capture the relevant non-Gaussian
features of the noise. This behavior underscores the
importance of careful training dataset construction and
highlights the need for stability-aware inference strategies
when deploying neural likelihood estimators.

Overall, RNLE provides a promising pathway toward
more robust gravitational-wave parameter estimation in the
presence of non-Gaussian noise transients, emphasizing
likelihood-level modeling rather than post hoc glitch
mitigation. The present results demonstrate proof-of-prin-
ciple performance in real detector noise, while also show-
ing that reliability in the strongly non-Gaussian regime
depends sensitively on training-dataset construction and
likelihood stability. Key next steps are large-scale calibra-
tion studies based on injections into representative detector
noise, together with the development of training strategies
that remain effective across realistic distributions of non-

Gaussian data realizations. At the same time, the presented
analyses do not allow for a deployment-ready prescription
for real-event inference in non-Gaussian data. A practical
implementation will likely require carefully designed and
possibly adaptive training datasets that combine informa-
tion from data surrounding the event with a broader
distribution of glitch realizations. This need for a calibrated
and broadly applicable treatment of non-Gaussian noise is
further motivated by recent work showing that glitch
subtraction approaches generally leave residuals that can
bias inference, suggesting that joint modeling of the signal
and noise contributions offers a more robust route to
inference [71]. In this context, RNLE offers a flexible
framework for incorporating complex noise behavior
directly into the inference process.

Future efforts will focus on systematic studies of train-
ing-dataset design, likelihood stability, and computational
performance [152,153], with the goal of more fully
characterizing the applicability and limitations of RNLE
across a broad range of gravitational-wave analyses. Future
work should also investigate the convergence of the
estimated likelihood more systematically, with the aim
of reducing retraining variability and establishing practical
recommendations for the training settings required to
obtain stable results.
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TABLE II. Priors on the parameters of the sine-Gaussian toy model.

Parameter a f A o

Prior U[1,3] uf1,3] U9, 11] u[0,2]

TABLE III.  Parameter values for simulated gravitational wave signals corresponding to precessing and aligned-spins BBH mergers.
Values are given for the chirp mass (M), mass ratio (q), luminosity distance (D, ), dimensionless spins (a; and a,), tilt angles (6, and 6,),
phase angles (¢, and ¢ ;), geocentric time (tgeqcen)> angular parameter (0;,), polarization angle (), and overall phase (¢). These values
serve as the ground truth for the simulated signals. Right to each parameter value we report the JS divergence value between the posterior
distribution obtained with the Whittle and RNLE likelihood.

Parameter 10D precessing BBH JS values 15D precessing BBH JS values 11D aligned-spin BBH JS values

M 28 0.002 28 0.008 28 0.005
q 0.82 0.003 0.82 0.010 0.94 0.001
D, 1400 0.001 1400 0.003 1400 0.002
X 0.1 0.008
12 0.1 0.006
a 0.32 0.001 0.32 0.024 e e
a, 0.44 0.001 0.44 0.027 e

0, 0.5 0.001 0.5 0.004 0.0

0, 1.0 0.001 1.0 0.025 0.0

b1z 0.0 oy 1.7 0.002 0.0

b 0.0 e 0.3 0.001 0.0 e
DEC -1.21 cee 0.7219 0.007 0.7219 0.060
RA 1.375 . 1.375 0.012 0.1904 0.040
tacocent 1126259642.0 0.002 1126259642.0 0.001 1126259642.0 0.010
0, 0.4 0.001 0.4 0.008 0.4 0.060
W 2.66 0.001 2.66 0.003 2.66 0.001
¢ 1.3 0.001 1.3 0.002 1.3 0.001
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TABLE IV. Prior distributions employed in the parameter estimation of simulated gravitational wave signals
arising from precessing and spin-aligned BBH mergers. The symbol 2/ denotes a uniform prior, and A” represents a
power law prior within the specified ranges. The table details the priors for chirp mass (M), mass ratio (q),
dimensionless spins (y; and y»), tilt angles (6; and ), declination (DEC), luminosity distance (D, ), right ascension
(RA), the geocentric time, and various angle parameters.

Parameter Precessing BBH Aligned-spin BBH
M U 24, 32] U 24, 32]

q U [0.125, 1] U 10.125, 1]
X1 U 10, 0.99]

Ve e U [0, 0.99]

2 U [0, 0.99]

a, U 10, 0.99]

0, Sin

0, Sin

12 U 10,2x]

i U [0,2x]

D, 2% [100,10000] 2% [100,10000]
DEC Cos Cos

RA U 10,2x] U 10,2r]
tgeocent u [ttrigger - 0-17 tm'gger + 01] u [tt_rigger - 017 ttrigger + 01]
0; Sin Sin

7 U [0, x] U [0, x]

¢ U 10,2x] U 10,2r]

APPENDIX B: SAMPLING SEED POSTERIOR VARIABILITY
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FIG. 18. Comparison of the JS divergence values for all parameters between an RNLE run and Whittle likelihood run, in orange, and
between Whittle likelihood runs using different sampling seeds for the full 15-dimensional runs.
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APPENDIX C: PSD WINDOWING COMPARISON
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FIG. 19. Comparison of a PSD computed using the same data and method, using a Hann window, in blue, and a Tukey window, in

orange.
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