Al-Driven Modeling and Inference in
Gravitational Wave Astronomy

Zhenwei Lyu (B¥#&fE), Dalian University of Technology




Table of Contents

(o1 Al for GW Astronomy: Overview
02 Waveform Modelling

/ 03 , Detection and Inference

Future Outlook




01

Al for GW Astronomy:
Overview




Introduction & Motivation

* GW astronomy is entering a data-rich era (LVK, CE, ET, LISA, Taili,
T1anQin)

* Challenges:
* Recognition: real-time detection (< 1s) for rapid EM follow-up observations
* Modeling: Noise suppression & waveform generation (mismatch < 0.1%)

* Inference: fast, reliable parameter estimation (10* core hrs currently)

* Traditional methods:
« computationally expensive (milions of events per yr in the future)

* difficulty locating global maximum (e.g., EMRISs)




Two promising techniques

* Physics-Informed Neural Networks (PINNSs) :

* Solve PDEs directly using neural networks
* Embed physical laws into loss function
 Black hole ringdown/QNMs

 TENG, BPINN, gradient-PINN,

e Simulation-Based Inference (SBI):
» Learn complex probability distributions
* Enable fast Bayesian inference
» Complementary strengths for inference

* EMRI searching, microlensing, low snr events, test gravity




02

Waveform Modelling:
guasi-normal modes (QNMs)




Waveform Modelling

Hanford, Washington (H1)

Strain (10~2%)

— Numerical relativity
Reconstructed (wavelet)
Reconstructed (template)

« Tekowsky Egn. QNM

» Einstein Egn. ?

Livingston, Louisiana (L1)

— Numerical relativity
Reconstructed (wavelet)
Reconstructed (template)

[LIGO & Virgo, 2016, PQE] .



Teukolsky Equation
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» Kerr BH perturbations — Teukolsky master
eqn. — coupled ODEs for radial & angular

parts
[Teukolsky, 1973, ApJ. Dorband-+, 2006, PRD’]\ 8 '

* Solve for eigenvalues (o, A)




Physics-Informed Neural Networks (PINNS)

PDE: L(u(x,t),0) = g

-

[Meng+ arXiv:1909.10148



PINN for QNM Extraction

Normalization Normalization

hard hard

* Coupled ODEs for radial & angular parts enforcement enforcement
* Goal: Learn eigenvalues (®, A) from physics loss

* Accuracy: <1% deviation from Leaver’s continued

fraction method

[Luna+, 2025, PRD]




PINN Architecture

Input: Radial (x) and angular (u) coords

Two sub-networks:
* NIf(x): radial function

Normalization Normalization
hard hard

C Ng(ll): angular funCtlon enforcement enforcement

Output: Real/Imag parts of wavefunctions

Loss = residuals of ODEs

Parameters @ and A are trainable

Hard-enforced normalization
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Results — QNM Accuracy
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PaddleScience: KAN-Based % error
Linear Layer with Fourier 0 0.74981 0.74734
Edoe Functi , 0.1 0.75137 0.75025
gc runctuons, capture 0.2 0.76151 0.75936
periodic and structured 0.3 0.77758 0.77611
ttern 0.4 0.80571 0.80384
patterns 0.45 0.82380 0.82401

0.49 0.83974
0.4999 0.84589

Collaborators: Hanlin Song, Haohao Gu, Bo Liang, Senseﬁ‘ 12 '

0.84451
0.85023

Pipeline for generating
multiple overtones




Results — QNM with B-PINN

Bayesian neural networks physics-informed neural networks
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[Yang+ arXiv:2003.0609



Results — QNM with B-PINN

Evolution of w _real and w_imag over HMC iterations
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400
fteration

Collaborators: Youyi Ni, Songyu Ren, Zhengqi Zhou, Zihao Wang




Results — QNM with B-PINN

Evolution of w_real and w_imag over HMC iterations

Distribution of Re(w) Distribution of Im(w)
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Detection and Inference
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Detection and Inference

* GW-YOLO: [Soni+ arXiv:2508.17399], detect events with realistic noise
* BNS: DeepHMC [Perret+ arXiv:2505.02589], Dingo [Dax+ 2025]
* Close encounters: [Santi+ arXiv:2404.12028]

* Zhoujian Cao’s group on waveform modeling, denoising and signal

recognition

* Microlensing [Su+ 2025]

EMRIs:
* non-spinning SMBH: [Strub+ arXiv:2505.17814; Cole+ arXiv:2505.16795]:

« Kerr EMRIs: FM-MCMC [Liang+ 2025]
\ 17 '




Simulation-based inference

Strain
/ (3, 2048)
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training Normalizing Flow ‘ -— u
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[Santi+ arXiv:2404. 1202?18u




Microlensed Gravitational Waves
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[Zhaoqi Su+ 2025]

Collaborators: Zhaoqi Su, Xikai Shan, Junyao Zhang, Yebin Liu, Shude Mao, Huan Yan
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Probability — probability plot

P-P Plot
(Fisher's combined p-value: 0.6417954937847812
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Detection of the microlensing signal
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EMRIs recognition and estimation

Proposal distribution provided
by Flow net

0 NP1(91|$)
ti=1

ODE Ordinary Differential Equation
Timespan ng = vt(0t|w)dt

Base distribution

Flow net inference

Collaborators: Bo Liang, Chang Liu, Hanlin Song, Tianyu Zhao,
Manjia Liang, Yuxiang Xu, Li-e Qiang, Minghui Du, Peng Xu,

Wei-Liang Qian, Ziren Luo

Conditional
probability path
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by Flow net

FM-MCMC inference

Liang+ 2025




Normalizing Flows for EMRIs

Legend Legend

log10 (M/Mo) = 6.0391%8:3052 —— FM-MCMC with board initialization log1o (M/Mg) = 6.026619-0529 —— FM-MCMC with board initialization
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Future Outlook
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Future Outlook

* PINNs and NFs are powerful for GW modeling and inference for next
generation detectors (ET, LISA, TaiJi, TianQIn)

* Can be integrated into real-time pipelines

* Al 1s shaping next-gen multi-messenger astrophysics
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