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Abstract

Gravitational-wave data analysis relies on accurate and efficient methods to extract
physical information from noisy detector signals, yet the increasing rate and com-
plexity 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 as missing
detectors or frequency ranges. We introduce a flexible transformer-based archi-
tecture 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 analyze 48 gravitational-wave
events from the third LIGO-Virgo-KAGRA Observing Run under a wide range
of analysis configurations, and can enable systematic studies of how detector and
frequency configurations impact inferred posteriors.

1 Introduction

Gravitational waves (GWSs) are ripples of space-time produced by the powerful mergers of black holes
or neutron stars. These waves propagate across the Universe, and we detect them on Earth using the
LIGO-Virgo-KAGRA (LVK) network of observatories [ 1-3]. In an ideal world, each signal would
be observed by all detectors, and each detector would be functioning optimally. In reality, however,
data are commonly contaminated with non-Gaussian noise artifacts, and detectors are often not in
observing mode. Conventional likelihood-based parameter-estimation (PE) methods handle such
issues on a case-by-case basis—for example by imposing frequency cuts or excluding non-operating
detectors.

For GWs, the parameters # characterize the astrophysical source (the masses of the merging black
holes, their spins, and the space-time position and orientation of the binary) and the data d are

*Corresponding author: annalena.kofler@tuebingen.mpg.de

Machine Learning and the Physical Sciences Workshop, NeurIPS 2025.



i Learnable
Summary
Token

Multibanded
frequency index

— Strain (H)
- Multibanding

Strain

’ Multi-Head
Transformer Self-Attention

Encoder

1T
Token
mask

. S, .
Tokenizer " Normalizing

flow

0~ /(00,0 p@1d,S,)

Figure 1: Architecture overview of DINGO-T1 consisting of the tokenizer, the transformer encoder
and the normalizing flow.

frequency series measured in each detector. PE aims to estimate the Bayesian posterior p(8|d) to
obtain an estimate of the parameters given the observed data. Traditional approaches evaluate a
likelihood that assumes additive stationary Gaussian noise, coupled with a stochastic algorithm
such as nested sampling to draw posterior samples [4]. Although commonly used, this approach
becomes computationally expensive in the era of large event rates. Amortized simulation-based (SBI)
inference [5, 6] approaches such as DINGO [7] offer a promising solution to accelerate inference.
DINGO trains NNs ¢(0|d) with simulated GW data d ~ p(d|€) to estimate p(6|d). Once trained,
q(8]dobs) provides rapid inference results for observed GW data dop,s. This enables large-scale [8]
and real-time [9] analyses, addressing limitations of conventional inference.

However, while variations in detector noise can be handled by conditioning the network on the noise
curve Sy, i.e., ¢(8]d, Sy) [7, 10], standard neural architectures operate on a fixed input dimension,
requiring the data representation to be fixed prior to training. This restricts their applicability when
detectors are offline, when frequency ranges are restricted or when data gaps expected in future obser-
vatories have to be taken into account [11]. Consequently, a trained model is therefore tied to specific
detector combinations and data-conditioning settings—a major barrier to widespread adoption.

To overcome this limitation, we draw inspiration from recent work on SBI with missing data [12-15]
and adopt transformers [16] for GW inference. 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 [17-23], previous work has not leveraged their inherent flexibility in handling
variable-length or incomplete data.

Contributions. We here propose a neural architecture and training strategy that enable flexible
analysis of heterogeneous 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 [16]. We partition data sets into
sequences of short strain segments called tokens, and we randomly drop tokens during training to
mimic frequency cuts and missing detectors. 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 studies on simulated
signals and analyses of real data. In particular, we reanalyze 48 events from the LVK third observing
run (O3) [24-27], spanning 17 combinations of detectors and frequency ranges (Fig. 2a), all analyzed
with a single network. Compared to baseline neural posterior estimation (NPE) networks with ResNet
encoders, DINGO-T1 improves median importance sampling efficiency from 1.4% to 4.2%. Our
study thus represents a step towards generalized inference models in GW astronomy, enabling flexible
choice of detector and frequency settings without retraining.

2 DINGO-Transformer

For NPE [6, 28, 29], one trains a neural network ¢(6|d) to estimate the Bayesian posterior p(6|d),
where d denotes the strain data measured at the detectors [30]. Data are generally of high dimen-
sion > 10%), so d is first mapped by an embedding network fe to a lower-dimensional represen-
tation [7]. This is then passed to a density estimator g, to model the posterior conditional on this
compressed summary, ¢(6|d) = ¢, (0| f4(d)). The learnable parameters {¢, ¢} are optimized jointly
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Figure 2: (a) The 48 GW events considered in this study are analyzed in 17 different data con-
figurations in LVK catalogs [24, 25] (see also Tab. 1). Each event is analyzed with data from a
subset of the three detectors HLV, and varying frequency ranges depending on data quality issues and
GW source properties. The DINGO-T1 model can analyze all of these events with their respective
data configurations with a single neural network. (b) Posterior distribution for GW190701_203306,
showing DINGO-T1 analyses for three different detector configurations.

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 lengths. We divide the
strain data sets 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 App. C.

Architecture. We represent GW data d = {d};=n L v as frequency series from the Hanford (H),
Livingston (L), and Virgo (V) detectors. We use a non-uniform frequency grid with coarser resolution
at higher frequencies, which captures domain knowledge about the morphology of GW signals to
achieve an initial compression of the data [9, 31, 32]. To tokenize, we partition the grid into K
equal-length segments with boundary nodes ( f (k))izgl, such that each interval ( f®f (’”1)) has a
uniform frequency grid (Fig. 1, vertical gray lines). The data d; and noise curve S, ; are processed

identically for each detector, yielding 3K segments (dgk), Sr(lkl)), each containing 16 frequency bins.

Each segment is then converted into a token embedding t(dgk), Sr(lkl), f®) D 1 ) by a shared
tokenizer network ¢ (see Fig. 1, bottom left).

Conditioning on frequency range and detector identity supplies the tokenizer with the necessary
context for interpreting each segment [33]. The resulting token sequence is passed to a transformer
encoder [16, 34, 35], which extracts information relevant for parameter estimation. We append to the
sequence one additional learnable summary token so that the model has a dedicated place to store
relevant information extracted across tokens [36, 37]. 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 [38], using the same hyperparameters as in [39].

Training. We train the DINGO-T1 model—the tokenizer, transformer encoder, and normalizing
flow—end-to-end with the negative log-likelihood loss,

L =Ep0)p(S,)p(dl6,5.)p(m) [—108 ¢ (0lm(d), m(Sn))] . (1)

Here, m denotes a token mask that we sample during training and apply to (d, S,). Tokens are
masked randomly during training, enabling the model to learn to perform inference under missing
information [40]. 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, dropping tokens to update minimum and maximum frequencies, and to apply random
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Figure 3: Sample efficiencies (1) for (a) 1000 simulated GW signals evaluated with different detector
configurations and (b) 48 real GW events. The dashed lines represents the median, the dotted lines
the quartiles. We compare the DINGO-T1 model trained with data-based masking with random token
masking. For the DINGO baseline in (b), we only include the 30 events for which data is available in
all three detectors. Details about the performance of individual events is provided in Tab. 4.

cuts within the frequency range. We also compare to a masking strategy where tokens are dropped
according to uniform draws in frequency (“random masking”). (See App. A for additional details.)

We generate 2.5 - 107 simulated IMRPhenomXPHM [41] waveforms with prior ranges following [39],
except for the luminosity distance, for which we adopt d;, € [0.1,6] Gpc. The waveforms are
whitened by a collection of noise curves from the third observing run which we also use to condition
our model on the noise level [7]. All models are trained on 8§ NVIDIA-A100 GPUs using distributed
data-parallel multi-GPU training which takes ~9.5 days for the DINGO-T1 model [42, 43].

Inference. At inference time, we only include the tokens corresponding to data we wish to
analyze, omitting those associated with missing information (e.g., a non-observing detector or
masked frequency ranges). To validate and correct the resulting posterior, we apply importance
sampling (IS) [39], reweighting samples from ¢(6|d, S,,) to the exact posterior defined on the original
uniform-frequency data with precise frequency ranges. The sample efficiency ¢, computed from the
importance weights, quantifies how many weighted posterior samples must be drawn to obtain a fixed
number of effectively independent (unweighted) samples. Details are provided in App. F.

3 Results

First, we evaluate DINGO-T1 on 1000 simulated GW signals for each subset of the three detectors
HLYV, taking into account the full frequency range. For each signal, we generate 10° posterior samples,
perform IS, and summarize the resulting sample efficiencies in Fig. 3a: While the model trained
with random masking achieves median efficiencies of 15.7% (1-detector), 4.9% (2-detector), and
3.4% (3-detector), the efficiencies of the model trained with data-based masking are 26.9%, 6.8%,
and 3.3% for one-, two-, and three-detector configurations, respectively. 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 the DINGO-T1
model is well calibrated, we provide PP plots for each detector configuration in Fig. 5 and App. H.

Second, we evaluate DINGO-T1 on all observed GW events from O3 that fall within our prior,
employing the specific data analysis settings from the official catalogs [24, 25] (Fig. 2a). For each
event, we obtain posterior samples equivalently as above, summarize the obtained sample efficiencies
in Fig. 3b and provide a detailed event list in Tab. 4. Across the 48 events, we find a median efficiency
of 2.5% for the model trained with random masking and 4.2% for data-based masking. The baseline
DINGO NPE model obtains a median sample efficiency of 1.4% across 30 HLV events evaluated on
the full frequency range. Since the posterior distribution can change when the data is analyzed in
different detectors, we evaluate events on all possible detector configurations. While such studies
are computationally infeasible with standard samplers, inference times of < 10 min per event make



it a reasonable analysis with DINGO-T1. We illustrate the effect on the posterior distribution at an
example event in Fig. 2b.

Overall, we find that DINGO-T1 outperforms the baseline DINGO NPE model with best performance
using data-based masking. For real data it should be noted that low sample efficiencies can be due to
mismodeling of the signal or noise, resulting in out-of-distribution observations [39]. This does not
occur in the case of simulated data.

4 Conclusions

We introduced DINGO-T1, a transformer-based model that enables flexible and fast GW parameter
inference across varying data analysis settings, including detector configurations and frequency
ranges. We demonstrated a realistic analysis of 48 events (including 17 analysis configurations),
as well the capacity of DINGO-T1 to systematically study how detector configurations impact the
inferred posterior. Thanks to improved architecture and training, we achieve a boost in median sample
efficiency from 1.4% to 4.2% from an NPE baseline. While performance can be improved further by
leveraging knowledge of time-translation equivariances, we place more importance on introducing a
flexible model which also yields a general-purpose encoder directly enabling scaling, fine-tuning,
and simple adoption in other pipelines.

Looking ahead, the transformer architecture provides a natural foundation for further extensions:
(i) incorporating changes in frequency resolution across events (allowing for changes in signal
duration), (ii) adapting to time- or time—frequency—domain data (similar to a vision transformer [44]),
(iii) handling data gaps expected in space-based detectors such as LISA [11], or (iv) serving as a
general-purpose GW data-compression backbone for downstream tasks like signal detection.
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A Data variability in GW posterior estimation

Our proposed DINGO-T1 model provides a systematic framework for handling heterogeneous data
by explicitly removing masked data segments from the network input, which allows the model
to flexibly accommodate the diverse data analysis settings encountered in practice. The detector
configuration can change from event to event due to maintenance, instrumental issues, earthquakes,
or poor data quality [24, 25]. Similarly, the analysis frequency range may be adjusted: the minimum
frequency, typically fmin = 20 Hz, can be increased to exclude non-Gaussian noise artifacts that
cannot be subtracted from the data [24], as is the case for the three events highlighted in Tab. 1. The
maximum frequency of each event is determined by the sampling rate f, needed to fully resolve
the signal, with fi,.x o fs/2 [24, 25]. In addition to such global adjustments, narrow frequency
bands may also be excluded to correct for systematic calibration errors, a procedure known as “PSD
notching”. The idea is to set the noise curve—the power spectral density (PSD)—to an artificially
large value in standard samplers, effectively preventing these frequency ranges from influencing the
posterior [25]. For example, several O3b events involving the Virgo detector exhibited a narrow-band
calibration error between 46 Hz and 51 Hz due to a mis-specification in the calibration models.

In summary, DINGO-T1 amortizes over key data-analysis variations—noise levels, detector setups,
frequency ranges, and calibration errors—while full amortization over frequency resolution, priors,
and waveform models remains future work.

B Data settings

Prior. The prior ranges follow [39], except for the luminosity distance, for which we adopt d;, €
[0.1,6] Gpe. This choice reflects that we train a single DINGO-T1 model rather than three separate
models for different dj, ranges.

Frequency settings. The 48 events consistent with the chosen prior ranges were evaluated across
17 different data analysis settings, with the frequency ranges extracted from the GWTC-2.1 [26]
and GWTC-3 [27] data releases and the detector configurations obtained from the corresponding
catalogs [24, 25]. These configurations cover an overall frequency range of [20, 1792] Hz, and all
events are analyzed using a fixed signal duration of 7' = 8s, leaving amortization over different
frequency resolutions for future work. A complete summary of the event-specific settings is provided
in Tab. 1.

Multibanded frequency domain. We employ multibanding [31, 32] to compress GW signals with-
out loss of information before passing them to the DINGO-T1 model. In this approach, neighboring
frequency bins are averaged when the signal is approximately constant, resulting in a non-uniform
frequency grid with coarser resolution at high frequencies. This results in a compression method
with negligible information loss. We adopt the compression scheme from [9] where the frequency
resolution is decreased by a factor of 2 from one to the next multibanded frequency band. We
adapt the procedure to correctly work with precessing waveforms like IMRPhenomXPHM [41] and
ensure that the node position in the multibanded frequency domain corresponds to multiples of the
transformer token size.

To validate the compression as loss-free, we compute the mismatch between 103 decimated waveforms
and their interpolated counterparts under extreme conditions (minimal chirp mass and maximal time-
shift). The maximal mismatch is 1.3 - 1073, comparable to the lower end of mismatches reported
between IMRPhenomXPHM and highly accurate numerical relativity simulations [41].

The resulting multibanded domain defined on the frequency range [20, 1810] Hz is used to gen-
erate a dataset of 2.5 - 107 waveforms for training the baseline and DINGO-T1 models. Since the
multibanding nodes are defined based on the size of the token segment, we can directly partition the
multibanded data into segments of fixed length that serve as tokenizer input. We adopt a token size of
16: smaller tokens (4 or 8) increase sequence length and training time without yielding noticeable
improvements in model performance. Larger token sizes would result in less fine-grained control
over frequency ranges at inference time. We now describe how the multibanded data segments are
processed by the tokenizer within the DINGO-T1 architecture.
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C Architecture details

Tokenizer The tokenizer maps each low-dimensional segment of 16 multibanded frequency bins to
a token embedding vector of length d,oqc1 = 1024, using fully connected layers together with a 512-
dimensional residual block. Conditional inputs—including the segment boundaries (f*), f(k+1))
and the detector identity I (encoded as a one-hot vector)—are injected within the residual block via
a gated linear unit [33]. This is illustrated in Fig. 1 on the left at the example of multibanded data
from the Hanford detector. We also experimented with an unconditional tokenizer together with
additive positional encodings as in standard language models [16]. However, such encodings are less
suitable for continuous, non-uniform quantities like multibanded frequency indices, and multiple
encodings would be needed to incorporate both ( f®f (k“)) and 7, resulting in a large number of
design choices. Over the full frequency range, we obtain 69 tokens per detector. Tokens from all
detectors are concatenated together with a learnable, randomly initialized summary token [36, 37],
yielding a total of n = 69 - 3 + 1 = 208 tokens, each of size diodel-

Transformer Encoder The resulting token embeddings, represented as X € R"*model_serve as
the input to the transformer encoder which captures complex correlations between the n tokens via
masked self-attention:

T

K
Attention(Q, K, V) = softmax (Q
vy,

where the mask is defined as M;; = 0 for allowed and M;; = —oo for disallowed positions [16, 40]
(see Fig. | on the right). The query, key, and value matrices are computed as

+M)V 2)

Q=X W K=Xx-WwK, v=x -wV 3)

with weights WX W WV € Rmoderxdk To capture multiple representation subspaces, attention
is extended to h heads, whose outputs are concatenated and combined with the input X via a residual
connection. Each token is passed through a feed-forward layer [16], with pre-layer normalization (LN)
applied before both the self-attention and feed-forward blocks [34, 35]. We adopt the pre-LN variant
instead of the original post-LN design [16] as it enables stable training without learning rate warm-up.
After N = 8 transformer layers with A = 16 attention heads and feed-forward hidden size 2048, the
summary token is extracted and projected to a 128-dimensional context vector using a linear layer.
We found that varying the context size between 56 and 256 dimensions does not significantly affect
the training loss, indicating that 128 values suffice for subsequent posterior estimation. Overall, the
encoder contains 6.8 - 107 learnable parameters.

Normalizing flow For density estimation, we employ a conditional normalizing flow based on
the rational-quadratic spline coupling transform [38], using the same architecture as in [39]. The
only difference is that we train a standard NPE network instead of a group-equivariant NPE (GNPE)
network [45]. The conditional normalizing flow has the same architecture for the DINGO baseline
and the DINGO-T1 model, resulting in 9.2 - 107 learnable parameters.

Baseline We compare DINGO-T'1 to a standard DINGO NPE model, which uses a residual network
similar to [7] and employs layer norm instead of batch norm in the embedding network. The initial
layer is seeded with components of a singular value decomposition, as in the original design, but we
do not keep the initial embedding layer fixed [7] such that we can utilize the same optimizer and
scheduler as the DINGO-T1 models. A summary of the model sizes is shown in Tab. 2.

D Masking strategies during training

To ensure the model can flexibly handle different data-analysis settings at inference time, it must be
trained on data that reflect such variability. We therefore adopt a training strategy that mimics changing
analysis conditions by removing tokens during training. Specifically, we compare two masking
strategies: one uninformed by token relationships (random masking), and one that incorporates
data-based structure, such as jointly masking tokens from the same detector (data-based masking),
illustrated in Fig. 4.
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Random masking Data-based masking

Samples

Tokens Tokens

Figure 4: Comparison of (a) random and (b) data-based masking across 100 samples. Data-based
masking jointly removes tokens from the same detector, yielding structured patterns, while random
masking produces unstructured, scattered masks.

Random masking In the naive masking strategy, 40% of training samples are partially masked.
For each masked sample, we draw the number of tokens to remove as Nyasked ~ U[0, 181] where
the upper bound allows for single-detector scenarios with additional frequency masking. The token
mask m is created by randomly selecting nmasked tokens, without assuming any domain knowledge.
This strategy thus provides unstructured masks as visible in Fig. 4a, serving as a simple baseline for
testing the model’s robustness to missing information.

Data-based masking Informed by the structure of GW data, we design a second masking strategy
that explicitly captures realistic variations in detector configurations and frequency ranges. This
procedure accounts for (1) missing detectors, (2) changes in the analysis frequency range [ fimin, fmax)»
and (3) narrow-band frequency removal (“PSD notching™).

(1) To simulate missing detectors, we randomly decide whether to mask none (60%), one (30%), or
two (10%) detectors. Among the available detectors (H/L/V), the probabilities of masking are 30%,
30%, and 40%, respectively, reflecting Virgo’s larger downtime relative to the LIGO instruments.
(2) To model changing frequency ranges, we apply frequency updates to 25% of training samples. For
these, we mask the lower part (10%), upper part (70%), or both (20%) of the range, inspired by Fig. ??.
Since frequency updates often affect all detectors simultaneously, we apply the same mask across all
detectors in 70% of these cases. New cutoff frequencies are drawn from fuin new ~ ¢[20, 180] Hz
and fimaxnew ~ U[80, 1810] Hz to accommodate frequency updates required for inspiral-merger-
ringdown consistency tests. In cases of fiinnew > fmax,new, We randomly decide to either mask
the lower or upper range, depending on the probabilities given above. If a boundary falls within
a token, the entire token is masked, ensuring that all affected frequency regions are consistently
removed. (3) To emulate PSD notching, we mask a narrow frequency band in 10% of training samples,
where the lower bound is sampled uniformly across the frequency range and the width is drawn as
A fiask ~ U[0, 10] Hz. Overall, this data-based masking procedure closely reflects the detector and
frequency conditions encountered in real gravitational-wave analyses, resulting in clearly visible
boundaries between tokens from one detector in Fig. 4b. On average, 18.0% of tokens are masked
during training for random masking and 25.5% for data-based masking. We experimented with
masking percentages ranging from 15% to 30%, where low masking percentages resulted in lower
performance in two-detector events, while applying masks to many data samples during training can
lead to decreased performance in three-detector events.

E Training details

We train all models using distributed data-parallel multi-GPU training with automatic mixed preci-
sion [43] to reduce memory usage. Training is performed on 8 NVIDIA A100-SXM4-80GB GPUs
(CUDA 12.1) using the AdamW [42] optimizer (51 = 0.8, 2 = 0.99) with a learning rate of 0.001,
weight decay of 0.005, and a ReduceLROnPlateau scheduler that halves the learning rate when
the validation loss stagnates for 10 epochs. To ensure comparability, all models are trained with a
fixed batch size of 16,384. Due to memory constraints, the DINGO-T1 models require two gradient
accumulation steps per optimizer update, effectively doubling their training time. The total training
duration further depends on the scheduler convergence and early-stopping conditions; detailed timings
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and epoch counts are summarized in Tab. 3. Because of the long training times, we do not perform
extensive hyperparameter optimization beyond a small scan over the initial learning rate, as well as
(1 and 2 considering the first 50 epochs.

F Inference

During inference, the model has to adapt to the data analysis settings of the event of interest. Since to-
kens are treated as indivisible elements, any token overlapping a masked range is completely removed,
which can lead to slightly larger effective exclusions than strictly necessary. Potential effects on g(6|d)
are mitigated by performing importance sampling [39] in the uniform frequency domain allowing us to
adjust to the precise frequency settings. In IS, importance weights w; = p(6;|d, S,)p(6:)/q(6:|d, S»)
are computed for each sample 0; ~ ¢(6;|d). For N weighted samples, the number of effective
samples from the posterior p(6|d) corresponds to Neg = (Zivzl wl)Q/(Zfil w?) and we employ
the sample efficiency ¢ = Neg /N as a performance metric. In practice, a specific number of effective
samples is required to obtain a reliable posterior estimate, with Neg = 5,000 defined by the LVK
collaboration. Efficiencies € > 1% therefore indicate that this requirement can be reached with
minimal computational cost during importance sampling; higher efficiencies (e.g., 2% vs. 15%) do
not substantially reduce runtime and are therefore less critical. For € < 1%, it is still possible to
obtain a sufficient number of effective samples, but at an increased computational cost during IS.

In principle, it is possible to further improve performance of DINGO-T1 by incorporating additional
knowledge about equivariances between data and parameters [45, 45]. However, exploiting these
equivariances has certain drawbacks: (i) Group-equivariant NPE (GNPE) [45] relies on an intricate
Gibbs sampling procedure at inference time to ensure that the two models jointly estimate the data
standardization and posterior distribution. (ii) GNPE only provides samples from the posterior
distribution, so the posterior density has to be recovered by training an unconditional normalizing
flow to facilitate IS. Both points result in a complicated inference procedure making GNPE models
less suitable as general purpose networks for scaling studies, fine-tuning explorations, and deployment
in other pipelines. Furthermore, large inference times of roughly 1h for 10 importance-sampled
posterior samples on one NVIDIA-A100 GPU and 64 CPUs [39] limit exploratory interaction when
changing data analysis settings. In contrast, inference times of the DINGO-T1 models are on the
order of 5 - 10 min for the same number posterior samples, with initial low-latency samples being
available within seconds. Inference times of DINGO-T1 are dominated by analytically reconstructing
the phase ¢, which suffers from an inefficient implementation for IMRPhenomXPHM [39].

G Related work

Missing data in simulation-based inference Missing and irregular data present a challenge for
machine learning [12] which has been addressed in the simulation-based inference community in
recent works: Wang et al. [13] explored how missing values can be substituted by zero or a mean
value during training. They find that imputing with a constant and providing a binary mask to the
network which encodes the presence or absence of values performs most robust [13]. However, it has
been shown that imputation and substituting with default values can lead to biased posterior estimates
for increasing percentage of missing values [15]. Instead, it has been proposed to jointly learn
an imputation and inference network employing neural processes to predict missing values before
performing posterior estimation. Simformer [14] combines a transformer encoder with a diffusion
model to sample arbitrary conditionals of the joint distribution over parameters and data. Missing or
unstructured inputs are handled via transformer attention masks—an approach conceptually similar
to the one adopted in this work. However, they do not explore problem-specific masking strategies
for training and apply their approach to lower-dimensional examples.

Combining transformers with density estimation In addition to the Simformer [14], other works
have combined flexible transformer encoder architectures with different density estimation techniques
like diffusion models [46, 47] or flow matching [48—51]. For example, such approaches have
been applied to particle cloud generation in high-energy physics [52, 53], to distributions of stellar
parameters in astrophysics [54], and to inverse problems in wireless simulation [55].
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Transformers in GW science Transformer encoders are been increasingly applied in GW science
across a range of machine learning tasks, including noise suppression and signal reconstruction [19],
signal detection [17, 18, 20], glitch classification [20], and regression of parameters [21]. More
recently, transformer encoders combined with normalizing flows were used for parameter estimation
of overlapping time-domain binary black hole signals in the Einstein Telescope context [23]. However,
none of these approaches leverage the transformer’s inherent flexibility to address the challenge of
missing or incomplete data.

H Validating DINGO-T1

To ensure that the DINGO-T1 model trained with data-based masking is well calibrated, we provide
P-P plots for each detector configuration. In a P-P plot, the percentile rank of the true value within
its posterior marginal is computed, and the cumulative distribution function (CDF) of these ranks
is visualized for each parameter. A well-calibrated model yields uniformly distributed percentiles,
producing a diagonal CDF. Based on the posterior samples obtained for 1,000 injections, we construct
separate P—P plots per detector configuration and include them in Fig. 5. We also report the distribution
of p-values from Kolmogorov—Smirnov tests to quantify deviations from uniformity and highlight the
parameters where p < 0.05, indicating deviations larger than expected under the uniform assumption.
Overall, the DINGO-T1 models demonstrate good calibration across all detector configurations on
simulated data.
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Figure 5: P-P plot for 1000 injections evaluated with different detector configurations for the
DINGO-T1 model trained with data-based masking. The parameters where the Kolmogorov-
Smirnov (KS) test falls below a = 0.05 are included explicitly for each detector configuration
and the overall distribution of KS-based p-values is shown in a histogram. We show the 3o confi-
dence intervals as a gray shaded band.
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Table 1: Detector and frequency configurations for 48 events. Events with changes to f;, are
highlighted in bold. Furthermore, we highlight events where different glitch mitigation techniques
were applied to a specific detector: * glitch subtraction, 1 update of fi,i,, © BayesWave deglitching,
and I linear subtraction.

Event Detectors émmL[HZ\], frﬁ?}’i[gz] fii]])[PII\IZ (])td}:i SI/;] Catalog

GW190408_181802 HLV 20 20 20 896 - - GWTC-2.1
GW190413_052954 HLV 20 20 20 896 - - GWTC-2.1
GW190413_134308*™  HLV 20 35 20 448 - - GWTC-2.1
GW190421_213856 HL 20 20 - 448 - - GWTC-2.1
GW190426_190642 HLV 20 20 20 448 - - GWTC-2.1
GW190503_185404*L HLV 20 20 20 896 - - GWTC-2.1
GW190513_205428* HLV 20 20 20 896 - - GWTC-2.1
GW190514_065416* 1" HL 20 50 - 448 - - GWTC-2.1
GW190517_055101 HLV 20 20 20 896 - - GWTC-2.1
GW190519_153544 HLV 20 20 20 448 - - GWTC-2.1
GW190521_074359 HL 20 20 - 224 - - GWTC-2.1
GW190527_092055 HL 20 20 - 896 - - GWTC-2.1
GW190602_175927 HLV 20 20 20 448 - - GWTC-2.1
GW190620_030421 LV - 20 20 448 - - GWTC-2.1
GW190630_185205 LV - 20 20 896 - - GWTC-2.1
GW190701_203306*" HLV 20 20 20 448 - - GWTC-2.1
GW190706_222641 HLV 20 20 20 896 - - GWTC-2.1
GW190719_215514 HL 20 20 - 896 - - GWTC-2.1
GW190727_060333'L HLV 20 50 20 896 - - GWTC-2.1
GW190731_140936 HL 20 20 - 896 - - GWTC-2.1
GW190803_022701 HLV 20 20 20 896 - - GWTC-2.1
GW190828_063405 HLV 20 20 20 896 - - GWTC-2.1
GW190910_112807 LV - 20 20 448 - - GWTC-2.1
GW190915_235702 HLV 20 20 20 896 - - GWTC-2.1
GW190916_200658 HLV 20 20 20 896 - - GWTC-2.1
GW190925_232845 HV 20 - 20 1792 - - GWTC-2.1
GW190926_050336 HLV 20 20 20 896 - - GWTC-2.1
GW190929_012149 HLV 20 20 20 896 - - GWTC-2.1
GW191109_010717°HE HL 20 20 - 448 - - GWTC-3
GW191127_050227°H HLV 20 20 20 896 46 51 GWTC-3
GW191204_110529 HL 20 20 - 896 - - GWTC-3
GW191215_223052 HLV 20 20 20 896 46 51 GWTC-3
GW191222_033537 HL 20 20 - 448 - - GWTC-3
GW191230_180458 HLV 20 20 20 896 46 51 GWTC-3
GW200112_155838 LV - 20 20 896 46 51 GWTC-3
GW200128_022011 HL 20 20 - 448 - - GWTC-3
GW200129_065458+" HLV 20 20 20 896 46 51 GWTC-3
GW200208_130117 HLV 20 20 20 448 46 51 GWTC-3
GW200208_222617 HLV 20 20 20 1792 46 51 GWTC-3
GW200209_085452 HLV 20 20 20 896 46 51 GWTC-3
GW200216_220804 HLV 20 20 20 896 46 51 GWTC-3
GW200219_094415 HLV 20 20 20 896 46 51 GWTC-3
GW200220_061928 HLV 20 20 20 224 46 51 GWTC-3
GW200220_124850 HL 20 20 - 896 - - GWTC-3
GW200224_222234 HLV 20 20 20 448 46 51 GWTC-3
GW200302_015811 HV 20 - 20 896 46 51 GWTC-3
GW200306_093714 HL 20 20 - 896 - - GWTC-3
GW200311_115853 HLV 20 20 20 896 46 51 GWTC-3
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Table 2: Model sizes of the compared architectures.

Number of parameters

Method Embedding Normalizing
Total
network flow
DINGO Baseline 22 Mio. 92 Mio. 114 Mio.
DINGO-T1 68 Mio. 92 Mio. 160 Mio.

Table 3: Training times determined by early stopping.

Method Epochs  Training time
DINGO Baseline 273 3d 1h
DINGO-T1 Data-based 183 9d %h
DINGO-T1 Random 219 11d17h

Table 4: Sample efficiencies for 48 events evaluated with 17 different frequency and detector settings
for DINGO-T1. The standard DINGO network trained for HLV is evaluated on the full frequency
range. Furthermore, we highlight events where different glitch mitigation techniques were applied
to a specific detector: * glitch subtraction, { update of f,;,, © BayesWave deglitching, and I linear
subtraction.

DINGO DINGO-T1 DINGO DINGO-T1
Event Det.

Event Det- Baseline  Random Data-based Baseline  Random Data-based

GW190408_181802 HLV  0.63 % 0.73 % 8.07 % GW200209_085452 HLV 139% 397% 2.52 %
GW190413_052954 HLV 538 % 9.33 % 11.77 % GW200216_220804 HLV 531% 4.67% 22 %

GW190413_134308*TL HLV  1.19 % 52 % 4.52 % GW200219_094415 HLV 409% 3.11% 512 %
GW190426_190642 HLV 097 % 0.39 % 0.79 % GW200220_061928 HLV 0.62 % 1.81 % 10.17 %
GW190503_185404*  HLV = 0.18 % 0.5 % 1.57 % GW200224_222234 HLV  023% 2.67% 5.49 %

GW190513_205428*  HLV = 0.2 % 1.54 % 0.16 % GW200311_115853 HLV 183%  6.59 % 9.2 %

GW190517_055101 HLV = 0.06 % 1.61 % 217 % GW190421_213856 HL - 9.33 % 17.8 %
GW190519_153544 HLV 187 % 1.93 % 4.26 % GW190514_065416* T HL - 6.83 % 15.22 %
GW190602_175927 HLV 1033% 13.13% 13.09 % GW190521_074359 HL - 0.17 % 1.28 %
GW190701_203306*" HLV  2.17 % 2.81 % 14.83 % GW190527_092055 HL - 72 % 9.04 %
GW190706_222641 HLV  35% 2.35 % 2.49 % GW190719_215514 HL - 6.26 % 14.56 %
GW190727_060333"Y HLV 077 % 1.41 % 0.84 % GW190731_140936 HL - 2671 %  18.22 %
GW190803_022701 HLV 1155% 16.86% 1639 % GW191109_010717°HY  HL - 0.19 % 1.52 %
GW190828_063405 HLV 092 % 4.27 % 3.99 % GW191204_110529 HL - 0.11 % 0.07 %
GW190915_235702 HLV 342 % 5.29 % 8.23 % GW191222_033537 HL - 1603%  15.61 %
GW190916_200658 HLV  11.0 % 1937% 19.41 % GW200128_022011 HL - 4.49 % 8.28 %
GW190926_050336 HLV 123 % 3.52 % 1.63 % GW200220_124850 HL - 3.83 % 12.94 %
GW190929_012149 HLV  1.64 % 1.16 % 3.04 % GW200306_093714 HL - 0.57 % 0.09 %
GW191127_050227°"  HLV | 0.16 % 0.4 % 0.28 % GW190925_232845 HV - 0.06 % 0.86 %
GW191215_223052 HLV | 0.07 % 0.2 % 4.05 % GW200302_015811 HV - 0.5 % 1.4 %

GW191230_180458 HLV  55% 9.83 % 14.61 % GW190620_030421 LV - 0.63 % 0.81 %
GW200129_065458%%  HLV | 0.05 % 0.01 % 0.29 % GW190630_185205 LV - 0.61 % 1.15 %
GW200208_130117 HLV 146 % 2.12 % 11.58 % GW190910_112807 LV - 0.73 % 322 %
GW200208_222617 HLV 249 % 2.71 % 2.86 % GW200112_155838 LV - 1.67 % 5.79 %
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