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Global Fit via Blocked Sampling from N. Cornishys talk |

New Data

Nice, 2023

Transdimensional Markov Chain
Monte Carlo (RIMCMCQC)

Blocked Metropolis Hastings—
update each component of the
signal/noise model in circular
sweeps

Only pass residuals - decouples
the analysis types

Update the fit every ~week as
new data arrives




The global fit I o e
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gravitational wave signals
e |[Nspired by music source separation
e Based on SCNet architecture

e Frequency-domain network operating on
the Short-Time Fourier Transform

e Simplified Global Fit (for the moment)




sults with a * are tested on the non HQ version). “Extra” represents Tong et a I. é ﬁ N
the quantity of additional data used during training. BSRNN only | 2 02 4 _ e i) o
utilizes mixtures, while the others employ multi-track songs. ¢ Eq
Model Extra All drums bass other vocals [ AN SU layer
HT Demucs [7] No 7.52 794 848 572 17093
Hybrid Demucs [6] No 7.64 8.12 843 565 8.35 £ t—ﬁ

ResUNet* [25] No 673 6.62 6.04 529 898 |
_ .
BSRNN [8] No 824 901 722 670 10.01 _ SDblock | Fusion Layer m

SCNet No 9.00 1051 8.82 6.76 9.89 E,
SCNet-large No 9.69 1098 949 7.44 10.86

_—————————— | SD block ;____» Fusion Layer
Spleeter* [3] 2500 591 6.71 551 455 6.86 -

D3Net [26] 1500 6.68 736 620 537 7.80 Es %
Hybrid Demucs [6] 800 8.34 931 9.13 6.18 8.75
HT Demucs [7] 800 9.00 10.08 10.39 6.32 9.20 —’_—’

BSRNN [8] 1750 8.97 10.15 8.16 7.08 1047

SCNet 235 9.25 10.78 921 6.84 10.17
SCNet-large 235 992 1123 986 7.51 111

Encoder Separation Decoder

Fig. 1. The overall architecture of SCNet.

R https://arxiv.org/pdf/2401.13276
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e Transient signals (response varying both with time and frequency) G g s a2

H
EMRIs : complex waveforms with multiple harmonics AR BT L . e e
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Signal denoising

communications
physics

ARTICLE W) Check for updases

Space-based gravitational wave signal detection
and extraction with deep neural network

Tianyu Zhao @ 233 Ruoxi Lyu®®, He Wang® 557, Zhoujian Cao® ¥28% g Zhixiang Ren o 3®

Space-based gravitational wave (GVWW) detectors will be able to observe signals from sources
that are otherwise nearly impossible from current ground-based detection. Consequently, the
well established signal detection method, matched filtering, will require a complex template
bank, leading to a computational cost that is too expensive in practice. Here, we develop a
high-accuracy GW signal detection and extraction method for all space-based GW sources.
As a proof of concept, we show that a science-driven and uniform multi-stage self-attention-
based deep neural network can identify synthetic signals that are submerged in Gaussian
neise. Our methoed exhibits a detection rate exceeding 99% in identifying signals from various
sources, with the signal-to-noise ratio at 50, at a false alarm rate of 1%. while obtaining at
least @5% similarity compared with target signals. We further demoenstrate the interpret-
ability and streng generalization behavior for several extended scenarios.

| Department of Ast , Baijing Mormal University, 100875 Beijing, Chinz. ©Institute for Frantiers in Astranamy and Astraphysics, Beijing Maormal
University, 102206 r China. ¥ Peng Cheng Laboratory, 518055 5 Department of Statistics, University of Auckland, Awsckand 1142, New
Tealand. for Theoretical Physics Asia-Pac inese Acadermy of Sciences (UCAS), 100190 Beijing, China. ® Tajj
Laboratory for Gra i ave Liniverse, LICAS, 100049 Bajjing, China. ' CAS Key Laboratary of Thear: Physics, Institute of Theoretical Physics,
Chinese Academy of Sciences, 100190 Beijing, China. ¥ School of Fundamental Physics and Mathematical Sci s, Hangzhou Institute for Advanced Study,
UCAS, 310024 Hangzhou, China, "These authors contributed egually: Tianyy Zhae, Ruos Ly ®email Zicao@amtac.on; renzhxipel.ac.on

| C2023%6:212 | https/Adoi arg H0 1038,/ 542005 023013346 | wiww.nature.com/ commsphys

https://www.nature.com/articles/s42005-023-01334-6
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Fig. 4 The signal extraction examples and the overdapping (between the target and extracted signals) distributions for different GW sources. a and
b EMRL € and d MBHE. e and f BWD. The extracted signal is compared with whitened templates. Only the middle part of the BW D waveform is presanted
to show the details of the waveform. The overdap between extracted data and waveform temglates is shown on the top. The high values indicate the strong
performance of cwr method on signal extraction for different GW sources. Tests on different signal SMRs also show our models’ generalization ability.




Signal denoising

Input signal Encoder

1x16 Conv.

mm

Hingas
Chunking | EAE N chunks

I
F
chunk size C

WIONJIBAET
LLLION?PPY
ULION®PPY

Zhao et al.
2023

LIONJI8AET]
ULON?PPY
UONZPPY

Extracted signal
length T

Overlap Add

Decoder Classifier

Predicted probability
Linear

Fig. 1 The overall architecture of our Transformer based deep neural network. Beginning with a convolutional network-based encoder, data is
transformed and feed into the Transformer-based extraction network. This network composed of several Short-Term Transformer Blocks (STTB) and Long-
Term Transformer Blocks (LTTB), excels in capturing both local and global dependencies within the GW data, aimed at extracting GW signals. The final
stage is a multi-layer perception-based classifier, responsible for the signal detection and provide a predicted probability.

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

Table 1 Summary of parameter setups in EMRI signal

simulation.

Parameter

Lower bound
105M,,

Upper bound
107Mg

0.99

0.5

Table 2 Summary of parameter setups in MBHB signal

simulation.

Parameter

Lower bound
1[)"5’!‘\«‘1,5J

0.01

—0.99
—0.99

Upper bound

108M,,
1
0.99

Table 3 Summary of parameter setups in BWD signal

simulation.

Parameter
Range-1
Range-2

f
[0.1, 4lmHz
[4,15ImHz

f
[ —3x10"1, 6 x1016]Hz2
[ —3x1071°, 4 x 10~ 14]Hz2




Signal denoising & separation -

MBHB decoder
Emeue = Dueue(Z; 0oy pup)

Reconstruction

Extracted MBHB signal
(TDI space)

Noisy LISA data z(t)
(TDI space)

Feature extraction

Shared encoder
z = E(z;0k)

Feature compression

Bottleneck
zZ=g(z05)

Latent representation

Glitch decoder
Zgtiteh = Detiven(2;0D,,.0,)

Reconstruction

Extracted glitch signal
(TDI space)

GB decoder
ZaB,i = Das(Z;0p.5)
(multi-channel output)

Reconstruction

Extracted GB signals
(TDI space)

FIG. 2: Deep source separation framework for LISA data, where a shared encoder compresses the TDI input, and
decoders reconstruct MBHBs, GBs and glitches. Since the input data denotes a TDI channel, the separated and
decoded output signals are represented in the TDI space, as well.

https://arxiv.org/pdf/2503.10398
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Exclude EMRI waveforms

Very simple neural network model|
Time-domain analysis (2h signal)
TDI data as input

Multi-channel output for GBs

Latent space representation
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FIG. 7: Comparison of injected waveforms and model predictions for a low-amplitude MBHB merger buried in sta-
tionary noise. In panel (a), the deep source separation framework successfully detects and reconstructs the MBHB
signal. However, in (b), where the signal amplitude is further diminished, the model fails. In such cases, further in-
vestigation is needed to determine whether the issue lies in the shared encoder or the MBHB decoder head.

© MBHB
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t-SNE dimension 2 (-)
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o
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FIG. 4: t-SNE projection of bottleneck-encoded fea-
tures derived from the normalized time series data in
Fig. 3, illustrating clustering of merging MBHBs, GBs,
and glitches. Note that separating sources within an
abstract feature space beyond traditional temporal and
spectral domains denotes a reorientation of methodol-
ogy in LISA data analysis.

https://arxiv.org/pdf/2503.10398
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when glitches overlap with
the MBHB merger phase
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Neural source separation: inference vs. injection

With MBHB
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Neural source separation: inference vs. injection

With MBHB
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Neural source separation: inference vs. injection

Without MBHB
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Conclusion

The GWINESS approach requires further investigation:
e hyperparameter tuning
e parameter estimation with variational autoencoder
e many overlapping sources

WORK IN PROGRESS

Data quality, algorithm selection, and computational resources can aH
Impact its effectiveness. '

While the benefits are clear, there are also many challenges tqédr}'si_de'r.,' - ol



Thanks!

Do you have any questions?




