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Why?
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from R. Buscicchio's talk, Toulouse, 10/2024

LISA will detect many overlapping GW
signals from different type of source

Classical Bayesian inference methods
are computationally expensive

Explore deep learning for efficient
source separation and sampling

Motivation



Challenges in LISA

Complex noise structures (+glitches and gaps)

Large number of overlapping sources

High dimensionality of the model

Presence of correlated parameters

GBs : narrow band signals in the frequency domain

BHBs: transient signals (response varying both with time and freq)

EMRIs: complex long-lasting signals with low SNR and timescales of several years

https://arxiv.org/pdf/2402.07571
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GW separation / denoising

https://arxiv.org/pdf/2503.10398
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Houba



4

Bayesian Deep Learning
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Bayesian Deep Learning



What?



GWINESS project started in January 2025

Blind source separation of overlapping GWs

Inspired by music/speech separation

SCNet deep learning architecture for music
source separation in Time-Freq Domain

DDRM diffusion-based reconstruction model
that denoises/samples data (e.g., images)

SepReformer transformer-based model
designed for multi-speaker separation
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With MBHBWith MBHB



8

Without MBHBWithout MBHB Without MBHBWithout MBHB



How?
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1. Large class-level separation 

https://arxiv.org/pdf/2401.13276

LISA TDI     →    SCNet Coarse Separation    →     Source Type Channels
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LISA TDI     →    SCNet Coarse Separation    →     Source Type Channels

↓

              DDRM Denoising / Sampling

↓

 Clean Mixture Samples

DDRM Denoising / Sampling

(per type, e.g., GBs within small frequency windows)

https://arxiv.org/pdf/2105.14951

2. Probabilistic refinement
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↓

              DDRM Denoising / Sampling

↓

 Clean Mixture Samples

↓

        SepReformer (same-type separation)

↓

 Clean Waveform Samples {source₁, ... , sourceₙ}

LISA TDI     →    SCNet Coarse Separation    →     Source Type Channels

DDRM Denoising / Sampling

SepReformer Fine Separation

3. Overlapping sources unmixing
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https://arxiv.org/pdf/2412.18259

3. Overlapping sources unmixing
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When?



Integration to L2D roadmap
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Future directions

While the benefits are clear, there are also many challenges to consider:
working on a proof of concept
!!! looking for collaboration !!!
quality assurance / acceptable AI

The GWINESS approach requires further investigation:
dataset generation during training (many overlapping sources)
hyperparameter tuning
test with parameter estimation

Data quality and computational resources impact its effectiveness:
implement fast waveform generator for L2A / L2D (CU-WAV?)
develop training dataset pipeline for L2A / L2D (CU-SIM?)
need a GPU-based cluster suited for large model training (SysTeam?)
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MeLisa Project
A Machine Learning toolkit for LISA 
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Thanks!

Do you have any questions?



With MBHBWith MBHB



Without MBHBWithout MBHB



Signal denoising

https://www.nature.com/articles/s42005-023-01334-6



Signal denoising & separation

https://arxiv.org/pdf/2503.10398

Houba



Zhao et al.

https://www.nature.com/articles/s42005-023-01334-6https://arxiv.org/pdf/2412.18259

Zhao et al.

Signal denoising & separation



https://arxiv.org/pdf/2503.10398

Signal denoising & separation

when glitches overlap with
the MBHB merger phase



https://arxiv.org/pdf/2503.10398

Signal denoising & separation

when glitches occur during
the MBHB ringdown


