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Gravitational-wave data analysis relies on accurate and efficient methods to extract physical information
from noisy detector signals, yet the increasing rate and complexity of observations represent a growing
challenge. Deep learning provides a powerful alternative to traditional inference, but existing neural models
typically lack the flexibility to handle variations in data analysis settings. Such variations accommodate
imperfect observations or are required for specialized tests, and could include changes in detector
configurations, overall frequency ranges, or localized cuts. We introduce a flexible transformer-based
architecture paired with a training strategy that enables adaptation to diverse analysis settings at inference
time. Applied to parameter estimation, we demonstrate that a single flexible model—called DINGO-T1—can
(1) analyze 48 binary black holes from the third LIGO-Virgo-KAGRA Observing Run under a wide range of
analysis configurations, (ii) enable systematic studies of how detector and frequency configurations impact
inferred posteriors, and (iii) perform inspiral-merger-ringdown consistency tests probing general relativity.
DINGO-T1 also improves median sample efficiency on real events from a baseline of 1.4% to 4.2%. Our
approach thus demonstrates flexible and scalable inference with a principled framework for handling
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missing or incomplete data—key capabilities for current and next-generation observatories.
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Introduction—Gravitational waves (GWs) provide
unique access to the strong-field dynamics of compact
objects and have transformed our ability to probe astro-
physics, cosmology, and fundamental physics [1-8].
Drawing scientific conclusions from GW observations
requires accurate and efficient data analysis, yet conven-
tional Bayesian techniques [9,10] are computationally
expensive and difficult to scale to the growing volume
and complexity of data. Machine learning offers a prom-
ising solution by leveraging neural networks to process
strain data and predict physical quantities, and has seen
applications to detection [11-13], noise classification [14],
source localization [15,16], and parameter estimation (PE)
[17-27]. For PE, neural simulation-based inference (SBI,
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[28]) has reduced analysis times for compact binary
coalescences to the order of a few seconds—crucial for
handling increased event rates [29,30] and enabling rapid
multimessenger follow-up [1].

This speedup arises from front-loading computational
costs: once trained on millions of simulated datasets, neural
networks can analyze new observations at negligible
expense. However, conventional neural architectures oper-
ate on a fixed input dimension, requiring the data repre-
sentation to be fixed prior to training. A trained model is
therefore tied to specific detector combinations and data-
conditioning settings—a major barrier to widespread adop-
tion. Existing models cannot readily adapt to detectors
being offline, to restricted frequency bands used to mitigate
noise contamination, or to data gaps expected in LISA
observations [31].

In this Letter, we propose a neural architecture and
training strategy that enable flexible analysis of hetero-
geneous GW data. The key idea is to process strain data
using a transformer encoder and exploit its ability to handle
input sequences of arbitrary length [32]. We partition
datasets into sequences of short strain segments called

Published by the American Physical Society
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FIG. 1. Overview of DINGO-TI. After multibanding, data and detector PSD segments (d*), SSP) are mapped by a shared tokenizer into
tokens that also encode the frequency range (f¥), f*+1)) and detector identity I. The sequence of tokens is masked, augmented with a
learnable summary token, and processed by the transformer encoder. Through self-attention, the summary token aggregates information
from all unmasked segments. The final summary token is projected via a linear layer to a 128-dimensional feature vector, which
conditions a normalizing flow to model the posterior p(6|d, S,) over source parameters.

tokens, and randomly drop tokens during training to
mimic frequency cuts and missing detectors. Through the
self-attention mechanism, the model learns to identify
correlations between strain segments, capturing global
dependencies across detectors and frequencies, and to
marginalize over missing data. Although transformers have
been used for a range of GW tasks [33-39], previous work
has not leveraged their inherent flexibility in handling
variable-length or incomplete data. Our approach is inspired
by works on missing data in SBI [40—43].

We integrate the transformer encoder into the DINGO
framework for GW PE, yielding a flexible model that we
call DINGO-T1 (DINGO Transformer, version 1; see Fig. 1).
We demonstrate its versatility and performance through
injection studies and analyses of real data. In particular,
with a single network, we reanalyze 48 out of 84 binary
black holes (BBHs) from the LIGO-Virgo-KAGRA
(LVK) [44-46] third observing run (O3) [29,30,47,48]
that are consistent with our prior (generic spins, compo-
nent masses mj,mg € [10,120]M, and luminosity dis-
tance d; €10.1,6] Gpc). Together, these events span 17
combinations of detectors and frequency ranges.
Compared to baseline neural posterior estimation (NPE)
networks with residual network encoders [22], DINGO-TI
improves median importance sampling efficiency from
1.4% to 4.2%. We further analyze all events using all
possible LIGO-Virgo detector combinations. Such studies
are extremely costly for standard methods, but can be used
to identify data systematics. As a final demonstration, we
use frequency cuts to perform inspiral-merger-ringdown
consistency tests on seven events where DINGO-T! yields
reliable posterior estimates. Previously, conducting all of
these experiments would have required training 94 differ-
ent models to handle the various detector combinations,
and frequency ranges for events as well as tests of general
relativity.

Our Letter thus represents a step towards generalized
inference models in GW astronomy, enabling flexible
choice of detector and frequency settings without retrain-
ing. This flexibility opens new prospects for analyzing
large catalogs [29,30], facilitating rapid assessments of
systematics and consistency across diverse data-analysis
settings [49,50], as well as more robust approaches to
missing data. In addition, our transformer model DINGO-T1
[51] serves as a powerful and general encoder for GW data
which could be fine-tuned on other tasks such as GW
detection, providing a foundation for efficient and scalable
GW science.

Architecture—For NPE [55-57], one trains a neural
network ¢(6|d) to estimate the Bayesian posterior p(6|d)
over parameters 6 given data d. In the context of GW single-
event inference, € denotes the source parameters, e.g., of a
black hole binary, and d denotes the strain data measured at
the detectors [58]. For DINGO, we also augment the strain
data with an estimate of the noise power spectral density
(PSD), which varies from event to event [22]. Data are
generally of high dimension (> 10*), so d is first mapped
by an embedding network f, to a lower-dimensional
representation. This compressed summary is then passed
to a density estimator ¢, to model the posterior,
q(0\d) = q,(0|f4(d)). The learnable parameters {¢,q}
are optimized jointly during training.

Our core architectural change is to replace the traditional
embedding network with a transformer encoder (Fig. 1),
which naturally handles sequences of variable length. We
divide the strain datasets into small segments, which a
tokenizer network maps to token embeddings (Fig. 1, left).
These embeddings form a sequence that the transformer
encoder processes. We now describe the tokenization
scheme, model architecture, and training strategy; full
technical details appear in Supplemental Material [59].
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We represent GW data d = {d;};_y v as frequency
series from the Hanford, Livingston, and Virgo (HLV)
detectors covering [20, 1810] Hz. We use a multibanded
(nonuniform) frequency grid, with coarser resolution at
higher frequencies, designed to capture the chirping mor-
phology of GW signals, and achieve an initial compression
of the data [26,60,61]. To tokenize, we partition the grid
into K equal-length segments with boundary nodes
(F0)K21 such that each interval (£, f<*1)) has a uni-
form frequency grid (Fig. 1, vertical gray hnes). The data d;
and PSD S, ; are processed identically for each detector,

yielding 3K segments (dﬁk), Sl(]k,)) each containing 16
frequency bins.

Each data segment is converted into a token embedding
t(dgk), Sr(lk; f®, f&+D 1) by a shared tokenizer network ¢
(see Fig. 1, bottom left). Transformer-based architectures
are invariant under token permutations, so conditioning
tokens on frequency range and detector identity is neces-
sary for interpreting each segment [62]. Finally, we append
one additional learnable summary token to the sequence so
that the model has a dedicated place to store relevant
information extracted across tokens [63,64].

The full token sequence is passed to a transformer
encoder [32,65,66], which extracts information relevant
for parameter estimation. After the final transformer layer,
we compress the summary token to a 128-dimensional
feature vector, which conditions a normalizing flow with a
rational-quadratic spline coupling transform [67], using the
same hyperparameters as in [23].

Training—We train the DINGO-T1 model—the tokenizer,
transformer encoder, and normalizing flow—end to end
using a negative log likelihood loss. To enable inference
under missing data, we mask tokens randomly during
training [68]. This has the effect of dropping segments
of data, so that the network learns to interpret inputs with
missing data. By applying a token mask m to (d, S,), our
loss takes the form

L =E,0)(5,)p(d0.5,) pm) 1= 10g q[0|m(d), m(S,)]}, (1)
where p(m) denotes the probability of sampling mask m.

We employ a data-based approach to masking, i.e., we
choose p(m) to reflect realistic variations in data analysis
settings. This includes dropping all tokens corresponding
to certain detectors, removing tokens to update minimum
and maximum frequencies, and applying random cuts
within the frequency range. We also compare this approach
to a masking strategy where tokens are dropped uniformly
at random, but find that the data-based approach gives
better performance. (See Supplemental Material [59] for
complete details on masking.)

We train on simulated data consisting of waveforms
generated from the IMRPhenomXPHM model [69] with
additive stationary Gaussian noise. Our dataset includes
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FIG. 2. (a) Sample efficiency distribution of 1000 simulated

events per detector configuration for the DINGO-T1 model, shown
as violin plots. (b) Sample efficiency distribution of DINGO-T1 and
the DINGO baseline across 48 real GW events. Dots denote three-
detector events, while circles refer to two-detector events which
cannot be analyzed with the unflexible DINGO baseline. The
violin plots summarize the distributions, while the points for the
individual events make the limited sample size explicit. The
dashed line marks the median and the dotted lines the quartiles.
The efficiencies between simulated (a) and real data (b) are not
directly comparable since the parameters are drawn from different
distributions.

2.5 x 107 intrinsic waveforms, with extrinsic parameters
generated on the fly during training. Priors are the same as
[23], except for the luminosity distance, which we take as
uniform over the range [0.1, 6] Gpc; we infer all parameters
except for the phase, which is reconstructed in postpro-
cessing [22]. We generate noise during training based on a
collection of Welch PSDs estimated across O3 [22].
Models are trained on 8 NVIDIA-A100 GPUs using
distributed data parallelization [70,71] which takes approx-
imately 9.5 days (183 epochs) for DINGO-T1.

At inference time, we only include tokens corresponding
to available data that we wish to analyze, omitting those
associated with missing information (e.g., a nonobserving
detector or masked frequency ranges). To validate and
correct the resulting posterior, we apply importance sam-
pling (IS) [23], reweighting samples from ¢(6|d, S,,) to the
exact posterior defined by the ranges of the original uni-
form-frequency data. Because of variance in the distribution
of importance weights, the effective number of weighted
samples is smaller than the number of unweighted samples.
This ratio (the sample efficiency) serves as a performance
metric.

Results—We first evaluate DINGO-T1 on 1000 simulated
GW signals for each subset of the three detectors HLV, with
injections performed over the full frequency range. For
each injection, we generate 10° posterior samples and
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(a) Posterior distribution for GW190701_203306, showing DINGO-T1 analyses for three different detector configurations.

(b) Inspiral-merger-ringdown consistency tests for seven events where the signal was analyzed with the DINGO-T1 model on the inspiral
and postinspiral part of the signal. The main panel shows the 90% credible regions of the 2D posteriors on (AM /M, Ay /7 ) and the
side panels show the marginalized posteriors. The color corresponds to the median redshifted total mass obtained from posterior samples

of the full signal.

perform IS. Initial sampling takes under five seconds, with
phase reconstruction and IS requiring an additional five to
ten minutes on 64 CPU cores. Median efficiencies are
26.9%, 6.8%, and 3.3% for one-, two-, and three-detector
configurations, respectively [Fig. 2(a)]. Efficiencies
decrease as more detectors are included, consistent with
expectations: posteriors constrained by more detectors are
narrower and therefore more challenging to learn for
normalizing flows. To show that DINGO-T1 is well cali-
brated, we provide P-P plots for each detector configuration
and additional information in Supplemental Material [59].

Second, we evaluate DINGO-T1 on all BBHs from O3 that
fall within our prior, employing the specific data analysis
settings from the official catalogs [29,30]. For each event,
we obtain posterior samples as above and summarize
sample efficiencies in Fig. 2(b). Across the 48 events,
we find a median efficiency of 4.2%; two-detector events
perform slightly better at 4.5%, while three-detector events
reach 4.2%. This outperforms a baseline DINGO NPE model
trained for fixed data analysis settings, which obtains a
median efficiency of 1.4% across 30 HLV events evaluated
on the full frequency range. In general, sample efficiencies
of real data (in contrast to injections) can be negatively
impacted by misspecification of the signal and noise model.
Excluding such events increases the median sample effi-
ciency from 4.2% to 5.2% for all events (see Supplemental
Material [59]).

It should be noted that our results are not directly
comparable to past work [23] by some of us, which

reported ~10% median efficiency on O3 events. That
study performed HL analyses only; when restricting to HL
detectors we find 11% median efficiency with DINGO-T1
(see Supplemental Material [59]). Reference [23] also
incorrectly accounted for the window factor in the like-
lihood, likely resulting in lower efficiencies [54]. More
importantly, Ref. [23] used group-equivariant NPE
(GNPE, [22,72]), an algorithm which simplifies data
representations by iteratively aligning merger times in
each detector. GNPE improves accuracy, but results in
substantially longer analysis times as it breaks access to
the probability density. DINGO-T1 is based on standard
NPE, making inference faster and simpler.
Applications—To explore the impact of detector con-
figuration on the posterior, we evaluate every event on all
possible combinations. While such studies are computa-
tionally infeasible with standard samplers, total inference
times of under ten minutes per event make it a reasonable
analysis with DINGO-T1. We illustrate the effect on the
posterior distribution for an example event in Fig. 3(a). (See
Supplemental Material [59] for detailed discussions.)
Finally, we utilize the flexibility of DINGO-T1 to perform
inspiral-merger-ringdown (IMR) consistency tests probing
general relativity [4,73,74]. For these tests, the posterior of
the final mass My and spin y; are independently estimated
for the inspiral (low) and postinspiral (high frequency) part
of the signal, separated by an event-specific cut-off fre-
quency f.,. We perform IMR consistency tests on seven
events from O3 where we obtain high enough efficiency to
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draw 5000 posterior samples—with all analyses carried out
using the same DINGO-T1 model. We display the fractional
deviations between the inspiral and postinspiral parameters
in Fig. 3(b) and find that our analyses show overall
consistency with general relativity.

Conclusions—We introduced DINGO-T1, a transformer-
based model that enables fast and flexible GW parameter
inference across varying data analysis settings, including
detector configurations and frequency ranges. We validated
DINGO-TI on an array of simulated and real datasets,
including a realistic catalog analysis involving 17 data
configurations. We argued that DINGO-T! can be used to
probe systematics, and demonstrated it can be applied for
IMR consistency tests. Thanks to improved architecture and
training, we obtain increased median sample efficiency
on O3 HLV events of 4.2%, compared to 1.4% for a
NPE baseline. As we do not leverage knowledge of
time-translation equivariances in DINGO-T1, the efficiencies
do not fully reach GNPE-level performance. However,
DINGO-T1 has greatly increased flexibility and maintains
access to the density, making it significantly more useful in
practice and enabling further scaling and fine-tuning
studies.

A natural next step would be to consider variations in
signal duration by conditioning tokens on frequency reso-
lution information; however, this would require substantial
modifications to the current training pipeline and is there-
fore left to future work. Another promising direction is to
explore alternative data representations such as time domain
or time-frequency domain [75] (employing vision trans-
formers [76]), where simpler signal morphology may lead to
improved training. In the context of LISA, our approach
offers a natural solution to the problem of expected data
gaps [31]. In general, the proposed transformer framework
and training strategy can be readily extended and adapted to
other tasks like signal detection and the DINGO-T! trans-
former encoder could serve as a general-purpose GW
compression backbone. By concentrating on adaptable
models that can be shared across tasks, computational effort
can thereby be invested where it most benefits scaling and
performance.

This Letter has made use of many open-source Python
packages, including Astropy [77], Bayeswave [78—80], Bilby
[9], Bilby_PIPE [81], CORNER [82], GLASFLOW [83], LALSuite
[84,85], LIGO.SKYMAP [86], Matplotlib [87], NFLOWS [88],
NumPy [89], PANDAS [90], PyCBC [91], PyTorch [92], SEABORN
[93], and WANDB [94]. For training, we employ the AdamW
[70] optimizer and automatic mixed precision [71]. The
accessible color schemes in our figures are based
on [95,96].
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