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Next-generation challenges

10"
4 l ' From a data-analysis perspective,
3 BBHs specific problems for ET include:
i BNSs '
NSBHs * long signals from the increase in

frequency bandwidth

% o—-——-e-h-—-«--dﬁ-ﬂ--t‘- '
* the presence of a very large number

10° of signals per year within the
sensitivity band

* Overlapping signals in the detector’s
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Time (s)

Credits: Mock Data Challenge 2



https://gitlab.et-gw.eu/osb/div10/mdc-generation

Parameter estimation
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Ref. Thrane et al. 2019, Christensen et al. 2022, Dupletsa et al. 2025 3



https://arxiv.org/abs/1809.02293
https://arxiv.org/abs/2204.04449
https://ui.adsabs.harvard.edu/abs/2025PhRvD.111b4036D/abstract

Likelihood-free inference

Sampling parameters 6 from the prior @ ~ 7(6) and generating data d = h(f) + n is fast

'

Z2(d|0)n(0)

0|d) =
p0|d) ()

'

Using (0, d) to construct with deep learning an estimator g,(0 | d) of p(€|d)

Refs. Lueckmann et al. 2017, Greenberg et al. 2019, Cranmer et al. 2020, Chua et al. 2020, Dax et al. 2023
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https://arxiv.org/pdf/1711.01861
https://arxiv.org/pdf/1905.07488
https://www.pnas.org/doi/full/10.1073/pnas.1912789117?doi=10.1073/pnas.1912789117&gad_source=1&gclid=Cj0KCQiAsOq6BhDuARIsAGQ4-zjrUgSJHkERVVJJWTlOnf04SZEaeAzfFtnqPOzqKDUxsPPpuKj9i9MaAvaHEALw_wcB
https://arxiv.org/abs/1909.05966
https://arxiv.org/abs/2305.17161
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Normalising flows

They represent a complicated distribution g using a series of change of variables f,: u — 0

g,

—_—

AP(0,1) q,01d) = /PO,1)(f7' ()| det J; |

Advantages:
rapidly evaluated and sampled from

Refs. Kobyzev et al. 2019, Durkan et al. 2019, Polanska et al. 2024 5



https://arxiv.org/abs/1908.09257
https://arxiv.org/abs/1906.04032
https://arxiv.org/abs/2410.21076
https://www.youtube.com/watch?v=s27I7b3-FMY

Dingo-1IS
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Refs. Green et al. 2020, Green et al. 2021, Dax et al. 2021, Dax et al. 2022, Wildberger et al. 2022, Dax et al. 2023, Dax et al. 2024
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https://arxiv.org/abs/2002.07656
https://iopscience.iop.org/article/10.1088/2632-2153/abfaed
https://arxiv.org/abs/2111.13139
https://arxiv.org/abs/2210.05686
https://arxiv.org/abs/2211.08801
https://arxiv.org/abs/2106.12594
https://arxiv.org/abs/2407.09602

10':
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BBHs

e Intermediate-mass BBHs

Refs. Santoliquido et al. 2023, Mestichelli et al. 2024,

 High-redshift BBHs
Pop. lll and Primordial

De Luca et al. 2020, Franciolini et al. 2022, Askar et al.

2023, Arca Sedda et al. 2023



https://ui.adsabs.harvard.edu/abs/2023MNRAS.524..307S/abstract
https://ui.adsabs.harvard.edu/abs/2024A&A...690A.106M/abstract
https://ui.adsabs.harvard.edu/abs/2020JCAP...06..044D/abstract
https://ui.adsabs.harvard.edu/abs/2022PhRvD.106l3526F/abstract
https://ui.adsabs.harvard.edu/abs/2023arXiv231112118A/abstract
https://ui.adsabs.harvard.edu/abs/2023arXiv231112118A/abstract
https://ui.adsabs.harvard.edu/abs/2023MNRAS.526..429A/abstract

Probability density

Multimodal Dy

Multimodalities in luminosity
distance for 2L MisA

Perfect agreement between
Dingo-1S and Bilby

10 min vs. 50 hours




Luminosity distance performance
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Dingo-BNS with Cosmic Explorer

Prior conditioning (Fig. 3)

3 w

(L

[Chirp massw

~ /—[Additional conditioning parametersJ
estimate M J

: Comprfssion DINGO network
(~ 100x) | ¥
GW data d)—-» Heterodyning _
[ e Multi- Frequency Fmbedding Normalizin Importance BNS parameters 6,
. > . »| networ > »| samplin — : ’ .
banding masking K flow ° pling £v1dence T = —45 min
(ResNet) (JAX) SNR — 89
Noise PSD / -
[ }‘ T Efficiency

Sn
~ 50%

[Time cutoffJ

T = —30 min
SNR = 255

Areas of improvement: from f,_.. = 5 Hz, neglecting
Earth rotation, signal up to 15 minutes before merger

T = —15 min

SNR = 664

Credits: Dax et al. 2024 10



https://arxiv.org/abs/2407.09602

Strain

Dingo with transformers

frequency index

- - O] Summary
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* Train Dingo directly with population priors

» Decrease f, .. = 2 Hz

min

 Expand the range of sources analysed

GW190701 203306

Credits: Kofler et al. 2025
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https://arxiv.org/pdf/2512.02968

asplre—adingo

Starting point: Posterior Samples (M1), New Model (M3)

Traditional inference

{ Prior (M2) [ Posterior (M2) }

Sampler E

[Likelihood (M2) [ Evidence (M2) }
ASPIRE
Faster
[ Prior (M) convergence Posterior (M2) J
Sequential Monte
Carlo
[Likelihood (M) A Evidence (M) }

Posterior
Samples (M

) }—)[Normalizing Flow]

12 Refs. Williams et al. 2025b



https://ui.adsabs.harvard.edu/abs/2025arXiv251104218W/abstract

asplre—adingo

Starting point: Posterior Samples (M1), New Model (M3)

Traditional inference

Lo

[ Prior (M2) [ Posterior (M2) }

leehhood (M2) [ Evidence (M2) }

We already have acces§ ’.co trained ' Xsi-ii{ﬁ; """"""""""""""""""""""""
normalising flows! [ | | oamer | }
_ _ Prior (Ma) convergence Posterior (Ma)
Natural extension to make aspire work Sequential Monte

Carlo

Wlth d ln g 0. [Likelihood (M3) | Evidence (M) }
THIS IS GAME CHANGER!

Especially because aspire-dingo (3 [ e J Normaliving Flow
allows PE of high-SNR events

13 Refs. Williams et al. 2025b



https://ui.adsabs.harvard.edu/abs/2025arXiv251104218W/abstract

Short course

“Foundations of gravitational-wave and multimessenger data analysis”
Filippo’s lectures: 13, 20, 22 May
Biswajit’s lectures: 11, 15, 16 June

This course provides a foundational introduction to gravitational wave data analysis, covering key
concepts and standard Bayesian inference techniques used to analyse data from the LIGO, Virgo, and KAGRA
detectors. We will also explore analysis methods recently developed for next-generation observatories
such as the Einstein Telescope, including Fisher-matrix approximations and accelerated yet accurate deep-
learning— based approaches. The course will also examine the multi-messenger opportunities for advancing
our understanding of GRB physics. We will discuss observational strategies with current and future facilities,
including the use of early-warning alerts. Particular emphasis will be placed on the largely unexplored high-
energy gamma-ray domain (GeV-TeV) and its role in constraining jet physics and radiation mechanisms within
the broader framework of multi-messenger astronomy. The course will be highly hands-on, with practical
sessions designed to teach the essential Python tools commonly used in the gravitational wave community.

14



Contributions

* The Einstein Telescope calls for a pragmatic shift in data analysis technique
* Addressing these challenges is essential and feasible

 We have the unique opportunity to develop new technologies

15



Backup slides




Solution: sequential Monte Carlo

1.00 |
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17 Refs. Williams et al. 2025a



https://ui.adsabs.harvard.edu/search/fq=%7B!type=aqp%20v=$fq_database%7D&fq_database=(database:astronomy%20OR%20database:physics)&q=%20%20first_author:%22williams,%20micheal%22%20year:(2025)&sort=date%20desc,%20bibcode%20desc&p_=0
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bilby

= aspire-dingo

dingo

dingo-

IS

Sample efficiency very low ~0.02%
With very high SNR ~ 650

Computing times:

- dingo:<1s

- aspire-dingo: 7 hours
- bilby: 12 hours

- dingo-1S: 20 hours
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Amplitude spectral densities
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Refs. ET Collaboration 2023, LIGO Collaboration 2020, Frequency [Hz]

S. Kandhasamy & S. Bose 2020, CE Collaboration 2022
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https://apps.et-gw.eu/tds/?r=18213
https://dcc.ligo.org/public/0180/T2200043/003/AplusDesign.txt
https://dcc.ligo.org/public/0167/T2000158/001/LIO_coordinateSystem.pdf
https://dcc.cosmicexplorer.org/CE-T2000017/public

Configurations

2L aligned 2L misaligned
NE.

NG
40-km arms CE / k

Triangular ET

Not in scale

A 2L MisA + LHI
2L A 1L + CE
oL MisA 2L MisA + CE

A + CE

Refs. Branchesi et al. 2023, D. Reitze et al. 2019, Unnikrishnan 2013 20



https://arxiv.org/abs/2303.15923
https://ui.adsabs.harvard.edu/abs/2019BAAS...51g..35R/abstract
https://ui.adsabs.harvard.edu/abs/2013IJMPD..2241010U/abstract

High-redshift sources

‘chirp_mass’: UniformInComponentsChirpMass(minimum=40, maximum=1100)
‘luminosity _distance’: UniformSourceFrame(minimum=5_000.0, maximum=500_ 000.0)

waveform approximant = IMRPhenomXPHM

Ref. Pratten et al. 2021 21



https://ui.adsabs.harvard.edu/abs/2021PhRvD.103j4056P/abstract

Training

17 — A 1L + CE
— 2L A A + CE
— 2L MisA — 2L MisA + CE
2L MisA + LHI

Test = == Train -

0 100 200 300 400 500
Epoch

Injections

Randomly sample 1000 BBHs from the priors

Use the same injection parameters for all
configurations.

Obtain 10° posterior samples and
Importance weights for each injection.

22



P-P plots

A 2L A 2L MisA 2L MisA +LHI 1L+ CE A + CE 2L MisA + CE
Mgy 0.72 0.12 0.92 0.29 0.02 0.01 0.91
q 0.35 0.03 0.59 0.23 0.04 0.47 0.76
D, 0.08 0.12 0.42 0.03 0.04 0.84 0.47
ra 0.79 0.53 0.73 0.59 0.71 0.90 0.57
dec 0.80 0.71 0.76 0.03 0.19 0.47 0.34
Oin 0.92 0.96 0.09 0.37 0.34 0.72 0.98
() 0.79 0.72 0.92 0.23 0.25 0.43 0.35
tgeocent 0.08 0.30 0.12 0.27 0.37 0.29 0.08
X1 0.55 1.00 0.21 0.41 0.19 0.61 0.83
X2 0.21 0.28 0.47 0.06 0.42 0.15 0.43
b 0.89 0.07 0.50 0.33 0.50 0.44 0.04

Table 4. p-values (color-coded) for each GW parameter (rows) across different detector configurations (columns). See Figure 7

and Appendix C for details.

Refs. Santoliquido et al. 2025b
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https://arxiv.org/pdf/2512.20699

Higher sample efficiency
wrt Santoliquido et al. 2025a
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Sample efficiency
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https://ui.adsabs.harvard.edu/abs/2025arXiv250421087S/abstract

Probability density

— 1 Bilby
1.0 B2 A
2L MisA 30° »
05 - DinJ Ill"'l.L ?D 15° *}: E‘D 15
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Multimodal posteriors

2L MisA
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75° 750

750 (ra™, dec'™)

AV, =9 x 10° Mpc?

AQops, = 487 deg? }

120° 150°

90°

ra [deg]

Eight-fold sky degeneracy
extensively discussed in
Santoliquido et al. 2025a
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https://ui.adsabs.harvard.edu/abs/2025arXiv250421087S/abstract

Parameter estimation performance
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https://projecteuclid.org/journals/annals-of-mathematical-statistics/volume-22/issue-1/On-Information-and-Sufficiency/10.1214/aoms/1177729694.full
https://iopscience.iop.org/article/10.3847/2515-5172/ac6b40

Cumulative number of events

SKy localisation performance
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Improvement in sky localisation with

2L MisA configuration wrt to A due to
less sky modes

ligo-skymap (Singer et al. 2016a)



https://ui.adsabs.harvard.edu/abs/2016ApJ...829L..15S/abstract

Volume localisation performance
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https://ui.adsabs.harvard.edu/abs/1986Natur.323..310S/abstract
https://ui.adsabs.harvard.edu/abs/2012PhRvD..86d3011D/abstract
https://ui.adsabs.harvard.edu/abs/2021JCAP...02..035L/abstract
https://ui.adsabs.harvard.edu/abs/2023AJ....166...22G/abstract
https://ui.adsabs.harvard.edu/abs/2024ApJ...964..191B/abstract

A, > 80% of sources with
eight sky modes
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Sky modes
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Parameter
estimation performance
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