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We develop an accurate simulation-based inference framework for high-mass (≳107M⊙) black-hole
binaries observable by LISA. The method is implemented within the DINGO gravitational-wave parameter-
estimation code, extending its application from ground-based detectors to the LISA band. We train a
normalizing-flow model using aligned-spin higher-mode waveform models and a low-frequency
approximation of the detector response at fixed reference time. After sampling, we importance sample
to the true posterior based on the underlying likelihood and prior. We validate performance on simulated
signals spanning the signal-to-noise regimes relevant for LISA observations and benchmark our new DINGO

implementation against standard methods. We report robust agreement in the inferred posterior
distributions up to signal-to-noise ratios of ∼500. At higher signal-to-noise ratios of ∼1000, we observe
a reduction in sampling efficiency, while still yielding unbiased and tightly localized posteriors that can be
used as a starting point for follow-up with traditional methods. The trained flow can generate 20 thousand
posterior samples in less than a minute, establishing DINGO as a promising neural inference framework for
rapid full-parameter estimation of massive black-hole binaries in the LISA band. The proposed approach
allows for straightforward generalizations, including a time-dependent detector response, nonstationary
noise artifacts such as gaps and glitches, and low-latency parameter estimations.

DOI: 10.1103/mmyl-wdgq

I. INTRODUCTION

The Laser Interferometer Space Antenna (LISA) will
soon probe the millihertz band of the gravitational-wave
(GW) spectrum. A rich variety of astrophysical sources is
expected to populate LISA’s sensitivity band, with massive

black-hole (BH) binaries being one of the mission’s
primary scientific targets [1].
The analysis of massive BH binary signals relies on

two complementary strategies: low-latency and global-fit
pipelines. Low-latency algorithms are designed to rapidly
identify and characterize GW signals, enabling early
alerts for electromagnetic observatories and supporting
coordinated multimessenger follow-up campaigns [2–4].
Significant effort has been devoted to the development of
such methods, employing both approximate and computa-
tionally efficient matched-filtering techniques [5–12] and
approaches based on machine learning [13–15]. On
the other hand, global-fit pipelines aim to perform a
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simultaneous inference of the tens of thousands of resolv-
able sources overlapping in the LISA data stream, jointly
with the instrumental and astrophysical noise [16].
Tackling this inherently high-dimensional inference prob-
lem is paramount for building accurate and reliable source
catalogs for astrophysical, cosmological, and fundamental-
physics analyses, as well as refining early warnings for
follow-up observations. Conventional Bayesian inference
techniques have been successfully applied to the analysis of
massive BH binary signals [17–27], including global-fit
approaches [28–31] tested on the “Sangria” LISA Data
Challenge [32]. To enable large-scale inference of multi-
source datasets, these approaches typically rely on wave-
form models that compromise physical content and
computational tractability.
Fast and accurate parameter estimation is therefore

crucial for maximizing the scientific return of LISA
observations of massive BH binaries. To address the
computational cost of Bayesian inference, a variety of
acceleration strategies have been developed, including
reduced-order and surrogate modeling methods [33–38],
heterodyned likelihoods [39–42], and adaptive sampling
techniques such as multibanding [43,44]. Recently, active-
learning approaches based on Gaussian processes have
been proposed to accelerate likelihood-based inference by
significantly reducing the number of costly likelihood
evaluations [45]. Irrespective of the speedup achievable
in classical methods, it is crucial to note that the simplifying
assumptions—i.e., Gaussianity and stationarity—at the
core of likelihood-based inference approaches are violated
in real GW data. Indeed, instrumental artifacts, including
glitches and data gaps, further complicate the likelihood
modeling, potentially introducing systematic biases if
neglected [21,25,46] or significantly increasing computa-
tional costs when explicitly accounted for [26,47].
In this broader context, simulation-based inference (SBI)

has emerged as a promising likelihood-free framework for
GW data analysis [48,49], also in the regime of space-based
detectors [50–54]. Specifically, recent studies have applied
SBI techniques to massive BH binaries, including neural
likelihood estimation [53] designed for inference on a
single observation, and neural posterior estimation [54],
which enables parameter estimation across different events.
While these works show encouraging results, their com-
parison with standard Bayesian techniques merits further
investigation and is discussed in Sec. III C.
Among SBI-based approaches, the DINGO software has

been extensively validated in GWastronomy. Most notably,
Ref. [55] demonstrated fast and accurate parameter infer-
ence for compact binary signals observed by ground-based
detectors. Subsequent works have extended the framework
to neutron-star binaries [56], explored its performance for
third-generation detectors [57], and more recently gener-
alized it through transformer-based architectures [58]. In
this work, we adapt DINGO to perform neural posterior
estimation on quasicircular, nonprecessing massive BH

binaries observed by LISA. The signal model is based on
the IMRPhenomXHM waveform approximant [59], with the
detector response included within the low-frequency
approximation and evaluated at fixed reference time. A
conditional normalizing-flow architecture composed of
spline coupling layers [60] is trained to approximate the
target posterior distribution. The performance of the
method is assessed via importance sampling and bench-
marked against traditional stochastic samplers.
This paper is organized as follows. In Sec. II, we present

the LISA targeted sources, describe the adopted detector
response, and detail the neural posterior estimation meth-
odology used in this analysis. In Sec. III, we present and
discuss our results, and briefly compare them with previous
work. In Sec. IV, we examine the implications of our
findings and outline the main challenges and limitations of
the proposed approach.
The LISA version of the DINGO code is under active

development. Progress can be tracked at a dedicated fork of
the main DINGO repository [61].

II. METHODS

Our analysis targets the most massive BH binary
systems observable by LISA, with redshifted total masses
M ≳ 107M⊙ and signal-to-noise-ratios (SNRs) ranging
from ∼10 to ∼1000. Owing to the mission low-frequency
cutoff at flow ¼ 0.1 mHz [1], these binaries sweep
through the LISA band over relatively short timescales,
τ ∼Oðhours − daysÞ. As a consequence, LISA is expected
to observe only the late inspiral, merger, and ringdown,
spanning the final few to few tens of GW cycles,
NGW ∼ τflow. The resulting signals exhibit a morphology
similar to that of the transient events detected by the current
ground-based observatories LIGO and Virgo. As such, the
analysis of massive BH binaries observed by LISA can be
naturally framed within the existing DINGO framework. In
the following, we describe the LISA response model
implemented within DINGO (Sec. II A) and outline the
corresponding training setup (Sec. II B).

A. LISA response

The observables of space-based GW interferometers are
obtained through time-delay interferometry (TDI), which is
a postprocessing technique that reduce the overwhelming
laser frequency noise in the phase measurements [62].
In this work, we model the LISA response within the
low-frequency approximation [63], which provides a sim-
plified yet well-motivated description for the high-mass
binary signals produced by the sources considered here.
Accordingly, LISA is modeled as a rigid triangular con-
stellation with equal arm lengths, neglecting both the time
and frequency dependence of the response [64]. Under
these assumptions, the constellation is effectively treated as
fixed along its orbit and the TDI variables are approximated
by two noise orthogonal data channels (commonly denoted
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A and E), whose GW response is equivalent to that of two
colocated, motionless Michelson interferometers rotated
with respect to each other by an angle of π=4.
We assume the noise in the two channels to be identical,

stationary, and Gaussian, with statistical properties fully
described by a power spectral density (PSD) SnðfÞ. We
adopt a fixed PSD based on the SciRDv1 noise model [65]
simulated using LISATOOLS [66], while neglecting the
confusion noise arising from the superposition of unre-
solved Galactic binaries (see, e.g., Ref. [67] and references
therein). The inclusion of this additional noise component,
characterized by non-Gaussian and nonstationary features,
as well as a modeling of noise artifacts, is a natural
direction for future SBI studies. The instrument response
is implemented within the DINGO framework in close
correspondence with the formalism of Ref. [63].

B. DINGO setup

We perform Bayesian neural posterior estimation in
the frequency domain between fmin ¼ 0.1 mHz and
fmax ¼ 4 mHz, with a resolution of Δf ¼ 10−5 Hz. As
shown in Ref. [17], the frequency dependence of the
response vanishes in the limit f ≪ fL ∼ 0.19 Hz, where
fL ¼ c=ð2πLÞ is the detector transfer frequency and L
the LISA arm length. Although departures from the low-
frequency approximation become noticeable around
2 mHz, most of the signal content for the systems
considered here lies at lower frequencies (f < 1 mHz),
so that the approximation is expected to remain accurate
over the frequency range analyzed. A detailed assessment
of potential systematic effects induced by the response
approximation is beyond the scope of this work and is left
to future analyses.
We perform inference over the full 11-dimensional

parameter space of quasicircular spin-aligned compact
binaries

θ ¼ fMc; q; χ1;2; dL; θJN; θS;ϕS;ψ ; tc;ϕcg;

where Mc is the redshifted chirp mass, q is the mass ratio,
χ1;2 are the dimensionless spin components aligned with
the orbital angular momentum, dL is the luminosity
distance, θJN is the inclination angle between the total
angular momentum and the line of sight, θS is the ecliptic
colatitude, ϕS is the ecliptic longitude, ψ is the polarization
angle, tc is the coalescence time, and ϕc is the coalescence
phase. All extrinsic parameters are defined in the frame of
the Solar System barycenter.
For density estimation, we employ a conditional normal-

izing flow based on a rational-quadratic spline coupling
transforms [60], adopting the same network architecture as
in Ref. [55]. In addition to the flow network, DINGO

incorporates an embedding network that compresses the
input strain data into a 128-dimensional feature vector

for each detector channel. Together, these two networks
comprise approximately 361 millions learnable parameters.
We train the neural network on simulated data generated

with the IMRPhenomXHM waveform approximant [59],
including all available emission modes and additive
stationary Gaussian noise realizations sampled from the
fixed PSD. The training dataset includes 107 waveforms
covering the intrinsic-parameter space, while the extrinsic
parameters are generated on the fly. Parameters θ are drawn
as follows: chirp mass Mc ∈ ½8 × 106; 2 × 107�M⊙ and
mass ratio q∈ ½0.2; 1� are derived from components
masses sampled uniformly in the range m1; m2 ∈ ½7 × 106;
3 × 107�M⊙, subject to the constraintm1 > m2. This choice
ensures that the signal remains within the validity range of
the low-frequency response model discussed above.
Following Ref. [49], we adopt a uniform prior in luminosity
distance, dL ∈ ½15; 50� Gpc, which improves training per-
formance, while ensuring coverage of the target SNR range
across the mass interval considered. Spin magnitudes are
taken to be uniformly distributed in [0, 0.99], while spin
orientations are assumed to be isotropic with the planar
components marginalized over. The resulting prior on the
aligned dimensionless spins χ1;2 ∈ ½−1; 1� peaks at zero, as
shown in Fig. 6. Standard uninformative priors are adopted
for all remaining angular parameters. All training signals
are evaluated at a fixed reference time tref ¼ 1 yr, so that
the neural network does not need to learn the modulation
induced by LISA’s heliocentric motion. As discussed in
Ref. [54], correcting for detector motion would be straight-
forward. Finally, we adopt a uniform prior on the coa-
lescence time tc within 30 minutes around the reference
time tref , implicitly assuming that a sufficiently accurate
trigger time is supplied by a preceding low-latency search
pipeline. The short runtime of our method (see Sec. III B

FIG. 1. Evolution of the training (green) and validation (teal)
losses as a function of epoch. The drops at epochs ∼160, 220,
255, 275, and 360 are due to learning rate reductions triggered by
the ReduceLROnPlateau scheduler [69].
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for details) allows continuous processing of consecutive
data segments as an alternative to a trigger-based approach,
provided the model remains uninformative in the absence
of a signal.
The network is trained for 400 epochs with a batch size

of 4096. We use the Adam optimizer [68] with an initial
learning rate of 2 × 10−4, which is reduced by a factor of
0.4 when the validation loss stagnates for 15 epochs. As
shown in Fig. 1, the training and validation losses closely
track each other throughout optimization, indicating stable
convergence and no evidence of overfitting. Training was
performed on a single 40 GB NVIDIA A100 GPU and
required approximately 10 days.

III. RESULTS

We validate our inference code both internally, using a
large number of injections drawn from the prior distribution
(Sec. III A), and externally, by comparison with a standard
stochastic sampler (Sec. III B) and previous works
(Sec. III C).

A. Model validation

Once trained, we employ the flow-based model for
posterior inference, enabling rapid sampling for data
consistent with the training priors and the assumed PSD
of the noise. Residual discrepancies in the learned posterior
approximation—arising from limited training or finite
network expressivity—are mitigated via importance sam-
pling (IS) [70] using the flow posterior as a proposal
distribution. We quantify the quality of the reweighted
samples through the sampling efficiency

ϵ ¼ ðPN
i wiÞ2

N
P

N
i w2

i
∈ ð0; 100�%; ð1Þ

which depends on the distribution of the importance
weights wi associated with the N samples θi drawn from
the flow. The importance weights are defined as

wi ¼
LðdjθiÞπðθiÞ

qðθiÞ
; ð2Þ

where LðdjθÞ denotes the likelihood of the data d, πðθÞ the
prior distribution, and qðθÞ the proposal distribution
defined by the flow. The corresponding effective sample
size is then given by Neff ¼ ϵ × N.
We assess the statistical calibration of the model using an

ensemble of 1000 simulated signals drawn from the prior
and injected into stationary Gaussian noise. The results are
summarized in the p–p plot shown in Fig. 2, which
illustrates the percentiles of the cumulative distribution
function (CDF) of the marginal posterior at which the
injected parameter values are recovered. For all parameters,
the percentile distributions are consistent with uniform

distributions, indicating well-calibrated results. This is
further supported by a Kolmogorov-Smirnov (KS) test,
which does not reject the null hypothesis of uniformity at
the 95% significance level and yields a combined p value
of 0.27 using Fisher’s method [71]. We note that this
calibration study requires a full parameter-estimation run
for each simulated signal; an equivalent analysis with
traditional likelihood-based inference pipelines would
therefore be computationally prohibitive. Furthermore,
across the analyzed events, we obtain a median sampling
efficiency of ϵ ∼ 22%, consistent with previous application
of DINGO-IS to LIGO-Virgo-KAGRA observations [70].

B. Benchmarking

We benchmark DINGO against posterior samples
obtained with the nested sampling algorithm [72] as
implemented in NESSAI [73]. To ensure a consistent
comparison, both methods employ the same waveform
model, prior distributions, analysis settings, and noise PSD
described in Sec. II. We consider three representative signal
injections spanning the targeted SNR range, corresponding
to low, moderate, and high SNRs of approximately 87, 500,
and 1000, respectively. The injected parameters are
reported in Table I. For each injection, we draw 2 × 104

samples from the flow posterior. Initial sampling requires
less than two seconds on a single 40 GB NVIDIA A100
GPU, while IS adds an additional ten to 15 seconds on

FIG. 2. Probability-probability (p–p) plot for 1000 simulated
injections obtained with DINGO-IS. Colored curves show results
for each of the 11 marginal distributions. The dashed line
indicates a uniform distribution, and grey shaded regions denote
the expected 1σ; 2σ; 3σ confidence intervals. KS test p values are
provided in the legend.
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20 CPU cores, resulting in a full-parameter inference time
well below one minute per event. By comparison, the
corresponding NESSAI runs were performed using 4000 live
points and without acceleration or optimization techniques.
The runtime ranged from roughly ten days for the low-SNR
case to about 40 days for the high-SNR scenario. These
values likely represent a pessimistic estimate, as GPU-
accelerated analyses combined with heterodyned likeli-
hood techniques (see, e.g., Ref. [6]) have been shown to
reduce the computational cost of stochastic sampling
methods to tens of minutes. Nevertheless, the inference
approach presented in this work remains significantly less
computationally demanding.
In Fig. 3, we show the posterior distributions for the low-

SNR injection, comparing samples obtained from the flow-
based DINGO output, after IS correction (DINGO-IS), and
from the reference NESSAI analysis. DINGO and NESSAI

posteriors are in very close agreement, with the corre-
sponding DINGO-IS results fully overlapping both. This
indicates that IS introduces only negligible corrections in
this regime, a conclusion further supported by the recov-
ered sample efficiency, ϵ ¼ 50%, which corresponds to an
effective sample size of Neff ¼ 104. Beyond the overall
agreement, DINGO successfully captures the nontrivial
structure of the posterior, including correlations between
luminosity distance dL, inclination θJN , and sky location
(θS;ϕS). In particular, the characteristic multimodal sky
structure induced by the low-frequency response of LISA
[17] is consistently recovered.
Figures 4 and 5 show the posterior distributions for the

moderate- and high-SNR sources, respectively. At moder-
ate SNR, the flow-based DINGO posteriors display
small but noticeable deviations from the NESSAI reference.
These residual discrepancies are effectively compensated
by IS, bringing the resulting DINGO-IS posteriors into close
agreement with NESSAI. In this case, we report a sample
efficiency of ϵ ¼ 12% and an effective sample size
of Neff ¼ 2.4 × 103.

For the high-SNR injection, the DINGO posteriors exhibit
broader support than the NESSAI reference, resulting in
limited overlap between the two distributions. In this case,
the learned proposal distribution assigns non-negligible
probability mass to regions of low true posterior density,
leading to highly variable importance weights [Eq. (2)] and
a sampling efficiency of ϵ ¼ 0.05%. The resulting posterior
estimate obtained with DINGO-IS remains dominated by
statistical fluctuations, as illustrated by the one- and two-
dimensional marginal distributions in Fig. 5, due to the
extremely small effective sample size (Neff ¼ 10 ≪ N).
Increasing the number of flow samples might improve the
stability and smoothness of the reweighted posterior.
Despite this, it is worth noting that the flow-based
DINGO posterior correctly localizes the source within a
restricted region of the parameter space, reducing the
original prior volume by approximately a factor of 1013

at the 90% credible level. The corresponding one- and two-
dimensional marginal distributions also provide good
coverage of the target distribution, offering a reliable
starting point for subsequent refinement with conventional
stochastic sampling methods. The sky location and polari-
zation parameters remain weakly constrained owing to
intrinsic degeneracies in the adopted LISA response. As in
the low- and moderate-SNR injections, the posteriors are
highly multimodal and extend over most of the prior range.
Nonetheless, the model captures the characteristic sky
pattern expected in the low-frequency regime.
To shed light on the origin of the low sampling efficiency

observed for the high-SNR injection, we investigate how it
varies across the source parameter space. This is illustrated
in Fig. 6, which shows the prior distribution used to
construct the training dataset, together with the injected
parameter values of the three representative BH binaries
described above. The visualization is restricted to param-
eters with nonuniform priors, since only these imprint a
nontrivial structure on the sampling density. We draw
2 × 104 sources from this prior and evaluate their posterior
distributions using our trained model. The resulting SNR
and sampling efficiency ϵ are reported in Fig. 6 as a
function of the source parameters. Crucially, we observe a
strong anticorrelation between SNR and sampling effi-
ciency. This behavior can be understood as a consequence
of the mass-covering property of the training objective used
in neural posterior estimation. Specifically, the loss penal-
izes the density estimator when it assigns insufficient
probability mass to regions supported by the true posterior,
thereby favoring approximations that cover its full support.
In the presence of residual modeling inaccuracies, this
property typically results in overly diffuse posterior dis-
tributions. While avoiding posterior undercoverage is
generally desirable in statistical inference, this tendency
becomes particularly problematic in the high-SNR regime,
where the true posterior is sharply concentrated. In this
situation, even a mild overestimation of the posterior
support causes a substantial fraction of samples to fall in

TABLE I. Injected parameter values for the three representative
sources at low, moderate, and high SNR used in this work.

Low SNR Moderate SNR High SNR

Parameter SNR ¼ 87 SNR ¼ 500 SNR ¼ 1000

Mc½107M⊙� 1.61 1.30 0.90
q 0.82 0.54 0.47
χ1 −0.47 −0.09 0.34
χ2 −0.11 0.66 0.28
dL [Gpc] 44.14 21.91 16.96
θJN [rad] 1.77 2.33 0.73
θS [rad] 0.14 1.62 2.94
ϕS [rad] 3.09 4.72 3.09
tc½s� 820.0 395.0 −568.0
ψ [rad] 1.13 0.98 2.51
ϕc [rad] 3.36 2.18 2.74
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low-likelihood regions, resulting in highly variable impor-
tance weights and a corresponding reduction in the effec-
tive sample size.
An additional factor contributing to the observed

reduction in sampling efficiency is the coverage of the

training prior. As illustrated in Fig. 6, the high-SNR
source lies in a sparsely represented region of this dis-
tribution, with the injected chirp mass Mc ¼ 9 × 106M⊙
falling below the 3.5th percentile. Consequently, low chirp-
mass systems are rarely encountered during training and

FIG. 3. Posterior distributions for our representative source with low SNR (∼87) obtained with different sampling methods. The lower
left triangle compares results from DINGO (dark-blue filled contours) and DINGO-IS (dashed black contours), while the upper right
triangle compares NESSAI (light-blue filled contours) and DINGO-IS. Contours indicate the 50% and 90% credible regions. The true
injected values are indicated by dotted lines.
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therefore contribute less to the optimization objective,
leading to a poorer approximation of the posterior and a
corresponding decrease in sampling efficiency. A similar
effect is observed for the primary spin. Although the
injected value, χ1 ¼ 0.34, lies well within the allowed

range, the peaked structure of its prior places it above the
85th percentile of the training prior.
To explore this dependence, we vary the chirp mass

and primary spin values while keeping all other para-
meters fixed to the reference values listed in Table I.

FIG. 4. Posterior distributions for our representative source with moderate SNR (∼500) obtained with different sampling methods. The
lower left triangle compares results from DINGO (dark-green filled contours) and DINGO-IS (dashed black contours), while the upper right
triangle compares NESSAI (light-green filled contours) and DINGO-IS. Contours indicate the 50% and 90% credible regions. The true
injected values are indicated by dotted lines.
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The luminosity distance dL and source inclination θJN are
adjusted to maintain a constant SNR. Increasing the chirp
mass to 1.3 × 107M⊙ shifts the system toward a more
densely sampled region of the training prior and raises the
sampling efficiency to 1.5%. A similar improvement is

obtained by setting the primary spin to χ1 ¼ 0, which
increases the efficiency to 0.5%. By contrast, varying the
sky colatitude θS has little effect on the sampling efficiency;
even when moved toward more densely sampled regions of
the training prior, the efficiency remains close to the

FIG. 5. Posterior distributions for our representative source with high SNR (∼1000) obtained with different sampling methods. The
lower left triangle compares results from DINGO (dark-orange filled contours) and DINGO-IS (dashed black contours), while the upper
right triangle compares NESSAI (light-orange filled contours) and DINGO-IS. Contours indicate the 50% and 90% credible regions. The
true injected values are indicated by solid dotted lines.
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reference value of ϵ ¼ 0.05%. These results indicate that
under-representation in the training prior does not affect
all parameters equally. Waveforms with low chirp masses
and high primary spins exhibit more oscillatory structure
and are therefore more difficult to model accurately,
making sparse training coverage in these regions particu-
larly detrimental to the performance of the density
estimator.

We emphasize that limitations in prior coverage are not
exclusive to high-SNR sources. Indeed, among the 1000
injections used to construct the p-p plot presented in
Sec. III A, we identify a small subset of sources (∼10)
with SNR∈ ½250; 500� and sample efficiency below 1%.
These systems typically have parameters located near the
boundaries of the training prior, most commonly featuring
either high primary spins above the 95th percentile or low

FIG. 6. Prior distributions used to construct the target training set. Injected values for the low- (blue), moderate- (green), and high-SNR
(orange) cases are shown as dotted lines, with colored stars marking their locations. Contours contain 50%, 90%, and 99% of the
estimated prior density. Of note, the bottom right section shows the joint and marginal distributions of the SNR and sample efficiency ϵ
across the ensemble of simulated injections.
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chirp masses below the 5th percentile. Two sources differ
from this pattern: one has a mass ratio above the 95th

percentile together with an antialigned primary spin below
the 5th percentile, while the other exhibits strongly anti-
aligned spins, with χ1 and χ2 below the 0.1th and 4th

percentiles, respectively.
Overall, our results show that sampling efficiency

systematically decreases at high SNR. Extending the
training does not significantly improve the sampling
efficiency, suggesting that insufficient optimization is
unlikely to be the primary source of the observed mismatch.
Further improvements may instead require increased model
capacity or more flexible conditional density parametriza-
tions. In addition, the sensitivity of the sampling efficiency
to peripheral regions of parameter space indicates that the
adopted training prior plays a non-negligible role. This
dependence could be mitigated by broadening the prior
support or by adopting a distribution that provides more
uniform coverage of the most informative parameters. A
systematic exploration of the full LISA mass spectrum and
its implications for prior coverage is left for future work.
Finally, as done in previous works [55,57,70], we use the

Jensen-Shannon (JS) divergence [74] to quantitatively com-
pare themarginal posterior distributions obtainedwithDINGO

and NESSAI across 100 independent injections for each
representative source considered in this study. As discussed
above, posterior recovery in the high-SNR case already
shows qualitative differences, and we therefore leave a
quantitative assessment of this regime to future work. The
injections are generated using the same noise realization
for each representative source, thereby isolating sampling
errors. The JS divergence ranges from 0 bit to 1 bit, cor-
responding to identical and maximally distinct distributions,
respectively. Across all parameters, we find median diver-
gencies of DL

JS ∈ ½6.3 × 10−4; 2 × 10−2� for the low-SNR
injections andDM

JS ∈ ½1.2 × 10−4; 0.1� for the moderate-SNR
case. Applying IS to the DINGO posteriors leads to a
systematic reduction of the divergence in both regimes,
yieldingDL

JS∈ ½1.9× 10−4;1× 10−2� andDM
JS ∈ ½1.7 × 10−4;

7.3 × 10−4�, respectively. For a reference scale, let us
consider the JS divergence between two univariate
Gaussian distributions withmean μ1;2 and standard deviation
σ1;2. The largest median divergence observed in our analysis
(DM

JS ¼ 0.1, corresponding to the phase parameter of the
moderate-SNR source) is comparable either to a mean offset
of jμ1 − μ2j ≃ 0.8σ for a case where σ ¼ σ1 ¼ σ2, or to a
standard-deviation ratio σ1=σ2 ≃ 1.75 for a case with
μ1 ¼ μ2. For the low-SNR case, the largest median diver-
gence (DM

JS ¼ 2 × 10−2) is obtained for the luminosity
distance parameter. When mapped onto the Gaussian refer-
ence, this corresponds either to a mean offset of jμ1 − μ2j ≃
0.3σ for equal variances, or to a standard-deviation ratio
σ1=σ2 ≃ 1.3 for equalmeans. After IS, a substantial improve-
ment is observed, particularly in the moderate-SNR
case, where the largest median JS divergence corresponds

to jμ1 − μ2j ≃ 0.06σ and σ1=σ2 ≃ 1.04. Simultaneous
differences in mean and variances smaller than the values
provided yield smaller JS divergences.

C. Comparison with previous work

Previous works have applied SBI techniques to the
analysis of massive BH binaries. Although these studies
primarily focused on lower-mass systems than those
considered here, in the following we present a qualitative
comparison of the underlying methodological approaches.
In contrast to the present work, Ref. [53] adopts a neural

likelihood estimation strategy, training neural networks to
construct a surrogate of the likelihood function. This
method achieves a substantial reduction in the number
of waveform evaluations relative to traditional stochastic
samplers, while yielding posterior distributions that are
qualitatively consistent with standard likelihood-based
results. However, a comprehensive quantitative validation
against established methods is still lacking, preventing a
robust assessment of its overall performance. Inference also
relies on a dedicated training process for each individual
source, with reported computational costs of the order of
days, thereby limiting the applicability of this method to
time-critical analyses.
By comparison, Ref. [54] adopts a neural posterior-

estimation framework more closely aligned with the
approach presented in this work, based on continuous
normalizing flows [75] trained using the flow matching
algorithm [76]. The inferred posterior distributions show
qualitative agreement with those obtained using nested
sampling; however, systematic deviations persist across
multiple parameters, indicating that further methodological
refinement may be required to achieve inference accuracy
comparable to that achieved in this work. In particular,
model performance is evaluated under different noise
settings: Galactic foreground noise is included in the test
set but not during training, while the nested-sampling
analysis explicitly accounts for it. Consequently, the two
approaches are not assessed under matched conditions, and
direct comparisons should be treated with caution. From a
computational perspective, their network features approx-
imately 200 million learnable parameters and trains in
about two days, whereas the discrete normalizing-flow
model considered here has roughly 361 million parameters
and requires approximately 10 days of training. However,
per-event inference typically requires several minutes to
generate ∼1.4 × 104 posterior samples, compared to a few
seconds in this work.

IV. OUTLOOK

The successful demonstration of DINGO as an accurate and
efficient framework for full parameter estimation of massive
BH binary signals enables a broad range of applications for
LISA data analysis. Among these, low-latency pipelines are
particularly compelling, as they are crucial for enabling
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coordinated observations of the diverse electromagnetic
signatures expected to accompany massive BH binaries
[77–80]. The sky-localization uncertainties anticipated for
LISA observations of such sources are expected to encom-
pass numerous potential host galaxies, posing a significant
challenge for unambiguous host identification [81]. Rapid
inference of additional source properties—most notably the
mass and luminosity distance—is therefore essential to
provide independent constraints on the host environment
and to efficiently reduce the potential host-galaxy candidates.
In this context, developing a DINGO network trained on
premerger signals (see Ref. [56] for an application to binary
neutron-star systems) and integrating it within low-latency
search pipelines would be a promising step toward forward
toward LISA parameter estimation in realistic early-warning
scenarios.
Beyond low-latency applications, the fast inference

capabilities of DINGO can be leveraged within the LISA
global fit to substantially reduce the computational cost
associated with massive BH binary analyses. More spe-
cifically, this can be achieved by integrating the proposed
SBI approach within a blocked Gibbs framework [82–84].
In this hybrid scheme, DINGO could generate samples for
individual sources at each global-fit iteration, either replac-
ing Markov Chain Monte Carlo sampling [85] when the
learned posterior approximation is sufficiently accurate, or
acting as a proposal distribution to accelerate convergence
otherwise. This will facilitate the adoption of more accurate
waveform models, whose computational expense would
otherwise be prohibitive for fully stochastic inference
frameworks. Extending this approach to self-consistent
global-fit implementations would require relaxing the
fixed-PSD assumption adopted in this work and training
the network on a representative ensemble of instrumental
noise and Galactic foreground realizations, thereby
accounting for event-to-event variations in the noise model.
In the signal-dominated regime expected for LISA, the
noise PSD cannot be estimated independently of the GW
signals and must instead be inferred as part of the global fit.
In this context the PSD estimated at a previous stage of the
analysis could be used to condition DINGO at inference
time, ensuring consistency between the source parameter
estimation and the evolving noise model.
A further challenge common to both low-latency and

global-fit pipelines is the presence of nonstationary features
in the data, such as glitches and data gaps. In global-fit
analyses, glitches are either incorporated directly into the
data model and inferred jointly with the astrophysical
signals [21,25,86], or mitigated by effectively treating
them as data gaps through direct masking [24]. In parallel,
machine-learning–based approaches have been developed
for the rapid identification and mitigation of noise tran-
sients in low-latency settings [46]. However, these methods
are not designed to deliver full end-to-end parameter
estimation. Data gaps have also been addressed through

a variety of techniques, including apodization [18], inpaint-
ing [87], data augmentation [47,88], and nondiagonal
likelihood formulations [26]. These approaches often
come at the cost of additional noise-model approximations,
potential biases introduced by gap-filling procedures, or
significant computational overhead.More recently, Ref. [89]
proposed an efficientwavelet-domain augmentation scheme;
however, its applicability relies on the assumption of locally
stationary noise.
Finally, future work will explore the performance of

DINGO on precessing and potentially eccentric signals, as
well as its extension to lower-mass systems emitting
GW signals that typically last weeks to months. In this
regime, the breakdown of the low-frequency approximation
requires the full time- and frequency-dependent LISA
response. These effects substantially increase the effective
input dimensionality and the computational cost of training,
motivating the investigation of data compression tech-
niques, such as multibanding [56], alongside the develop-
ment of more flexible model architectures.
Taken together, these considerations highlight the need for

fast, preliminary source-characterization methods that
remain effective in the presence of realistic, time-varying
noise and physics-rich waveformmodels. SBI is the obvious
answer here, as noise artifacts can be included in the training
data without the need to specify a likelihood function (note,
however, that IS–used both in this paper and in previous
DINGO work–does require evaluating the likelihood). In this
context, Ref. [90] has demonstrated that SBI provides a
flexible and efficient framework capable of handling data
gaps. This capability is particularly promising for time-
critical analyses and may also facilitate the initialization of
global-fit pipelines by improving convergence and robust-
ness in complex noise environments. The recent transformer-
based extension of DINGO [58], designed to accommodate
variations in data-analysis settings, represents a natural next
step that builds on the approach presented in thiswork toward
addressing key challenges for LISA, such as data gaps and
source overlap (see also Ref. [91–93]).
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