* 492 2 k5

DALIAN UNIVERSITY OF TECHNOLOGY

Neural Posterior Estimation for BBH Foreground Subtraction

in 3G SGWB Searches (a manuscript 1s in preparation)

Zhenwei Lyu®, Hanlin Song #

* Leicester International Institute, Dalian University of Technology

# Center for Gravitational Wave Experiment, National Microgravity Laboratory,
Institute of Mechanics, Chinese Academy of Sciences

July 06, 2026 - CosPA2026/ACGRG13 - University of Canterbury



The Gravitational Wave Spectrum

Quantum fluctuations in early universe

&
v

Binary Supermassive Black
Holes in galactic nuclei

wn < >
Q N . .
@) Compact Binaries in our
5 Galaxy & beyond
@) < P
(Vg Compact objects
captured by Rotating NS,
Supermassive Black Supernovae
Holes P b
wave period age of ) -
: universe years hours sec ms

log(frequency) -16 -14 -12 -10 -8 6 -4 -2 0 +2

—> —p <+ >4 >
Cosmic microwave Pulsar Timing Space Terrestrial
background Interferometers interferometers

polarization

Detectors




LIGO-Virgo-KAGRA Detections

Masses in the Stellar Graveyard
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390 detections uptill now
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* CBC foreground
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¢ Foreground subtraction 1, effectiveness of Fisher’s
method at SNR ~10 ?
. ML
Step 1: 5h(f) — h(f) —h (f) 2, real noise ?

Step2: SMH(f) = = 3 {|5h(f; @) — (5h(f; O"“(@)P)},
(18h(f; ©)) = ( h(f; ©) — h(f; ©|©) °)

Calculaed via Fisher matrix Pan & Yang (2024), PRD )
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* CBC foreground with ‘real data’

Fisher Flow
Qaw(f) = 3H2 i py (f) Qowat(F) = 3 H2 f3H(f) ,
_ 9 d; = h; + n; 5 o
H(f) =~ Z h(f)I} H(f) = 7 > ld();

* Foreground subtraction

Step 1 8h(f) = h(f) — R (f) 5d(f) = d(f) — BME(f)
Step 2:
FRH() = 7 S {I6h(F O - (WO @)Y}, ERH() = 3 3 {16d(/5©) - (6d(f; ©"(d)) ),
(I5h(f; ©)]%) = ( h(f; ©) — h(f;O>|©) °) |8d(f; ©)) = ( d(f;©) — h(f; ©>©) °)
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* Fisher is not sufficiently accurate, especially at low SNRs
(8—20) and in real noise.

* Bayesian methods are time-consuming for analyses with
more than O(10%) events, often requiring days of
inference even on a computing cluster.

* Neural Posterior Estimation (M. Dax, S. Green, et al. ),
with 5 seconds per inference.

* Poipulation model: GWTC-4.0 (arX1v:2508.18083),
GWTC-5.0 (arXiv:2605.27226)
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* Twenty million (10°) mock samples drawn from the LVK-constrained
population, assuming CE sensitivity;

* Aligned-spin IMRPhenomD (11D), Trained for 1 epoch in 1 hour,
with 5 seconds per inference on RTX 4090 24G.
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Noisy data: 10000 with 9849 detected, SNR_thr==8
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Noisy data: 10000 with 9950 detected, SNR_thr=5
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* Neural Posterior Estimation
vs. Fisher: more accurate at low SNRs (8—20)

vs. Bayesian: 1n real noise, for aligned-spin
IMRPhenomD (11D), training takes 1 hour for 1
epoch, with 5 seconds per inference.

* Science: GW foreground subtraction 1s sufficiently
clean for SGWB detection; the remaining challenge
may be resolving low-SNR candidates.
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P-P Plot SNR = 100
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