Al/ML for GW Data Analysis

Stephen Green
University of Nottingham

The Future of Gravitational-Wave Astronomy — ICTS

l" University of 30 October 2025 UK Research
| Nottlngham & and Innovation

UK | CHINA = MALAYSIA

Future Leaders Fellowships

1



Outline

* |ntroduction to simulation-based inference
* Potential applications (solution to many problems of Teja)
 Example applications so far

e Conclusions



Challenges of likelihood-based inference

Expensive and imperfect

* Bayesian parameter estimation requires

sampling the posterior: Based on evaluating the
/’ likelihood, which can be
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Simulation-based inference

Core idea

Replace likelihood evaluation with simulation:
Generate synthetic data d ~ p(d | 0).

Use these simulations to train neural
networks to infer parameters:

Data simulator

| earn the posterior
P ’ Neural network
v

4,01d) = p(6d)

Train
(No need to know the likelihood explicitly —
works even when p(d | 0) intractable.) Ll¢] :=

q4(0 | d)

"p(e,d)[— log Q¢(‘9 | d)]




Simulation-based inference

Neural posterior estimation with flexible density estimators

* For SBI, it is common to use a normalizing flow. Represents a complex distribution g using an
invertible mapping fj - 1+ ¢ from a simpler distribution:

N g,01d) = #O.DP(f;'©)) |det ;!

. fcg,b parametrized using neural networks

* Alternatives (more powerful): diffusion models, flow matching
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LI MCMC

LVK BBHs

GW150914
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e Train on ~10’ simulations for ~ 1
week.

e |nference in seconds to minutes.

 Model can also handle varying PSDs,
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The Future of Gravitational-Wave Astronomy
Opportunities with SBI

 Speed: Handle huge event rates; real-time * Flexibility:
alerts; many analyses 1o~
Time or =
LB l B time-frequency "
| RECRE: 0 domain gy
Gaps in data

10"l """ _l = v Al v v v ~ v v 0 _l .
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Marginalize nuisance signals (Enrico’s talk)
e Noise: Treat non-Gaussian artifacts and non-

stationarities Multi-band or multi-messenger inference

g Condition on external data




Example applications



N. Gupte+ (PRD 2025)

Eccentric binary inference

Fast inference enables more analyses

* Eccentricity analyses with SEOBNRvV4EHM are generally very expensive:
 Nested sampling, ~2 weeks on 320 cores
* Dingo, ~1 hour each including importance sampling

* Analyzed 57 events from GWTC-3 and obtained evidence for eccentricity in three.
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M. Dax, SRG+ (Nature, 2025)

Binary neutron stars

Fast multi-messenger alerts

» Train prior-conditioned networks ¢,(¢ | d, MC ), where the data d are simplified using

hirp
heterodyning (with respect to M ;).

 Simplified data representation enables effective training.
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M. Dax, SRG+ (Nature, 2025)

Binary neutron stars

Pre-merger inference
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Leyde, SRG+ (to appear)

Population inference

Neural hierarchical posteriors b . SBI

PP plots for populations Conventional
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Conclusions

Simulation-based inference enables fast, accurate, and flexible inference

 Prospects include
e Extensions to future detectors (time-frequency analyses, multiple events, huge event rates)
e Realistic noise (hon-stationary noise, non-Gaussian artifacts, gaps in data)
* Population inference
 Key challenges
 Amount of training data needed
 How to deal with systematics

« Scalabllity of training and network reusability across applications

Thank you!
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