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» In recent years, analyzing gravitational waves using machine learning has received much attention.
However, machine learning typically requires large datasets, which is computationally expensive.

- In this study, we show that a four-detectors including KAGRA achieves higher accuracy than the
three-detectors (LIGO H1, LIGO L1, and Virgo), even with a small dataset.

- Furthermore, we demonstrate that we can maintain over 80% of the performance of the previous
study [S. Sasaoka et al., Phys. Rev. D 105, 103030 (2022)] using only one-tenth of the data, achieved
through data augmentation and TCN optimization.
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maintain over 80% performance.

1.00 1.0
0.95 - e HLVK 09{ e HLVK
0.90 - e HLV 084 ® HLV
0.857 0.7 -
Methodology Sos0r * 00
S 0751, 0 S 0.5-
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 We generate data using the open-source tool ggwd [T. o ] : ik
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Chatterjee et al., Phys. Rev. D 100, 103025 (2019)]. and V'rgC)) and four (LIGO H1, L1, Virgo, ana KAGRA)

. We génerate 20,000 samples for training, 4,000 for detectors. (b) The localization accuracy for 200 sectors vs SNR.
vglidation, and _4,000 for testing. This is one-tenth the . As shown in Fig. 2(a), accuracy improves as the number
size of the previous study [S. Sasaoka et al., Phys. Rev. D 105, of detectors increases. These results are similar to a
103030 (2022)]. previous studies [S. Sasaoka et al., Phys. Rev. D 105, 103030

Table |. Parameters used to simulate (2022)] and show that fourth detector is highly effective
Parameter Prior Range when the number of sectors is large.
Mass 1, Mass 2 [30M o, 80Mo ]  As shown in Fig. 2(b), this model is unable to maintain
Spin 1z, Spin 2z [0,0.998] : :
Right ascension [0, 211) accuracy with low SNR data. However, using a fourth
Declination [—n/2, /2] detector improved the accuracy.
Coalescence phase [0, 2m]
Inclination [0, m]
Polarizati 0,2 .
e e Conclusions
. Data augmentation « Even if only one-tenth of the training data compared to
. We apply random time shifts and noise injection to the orevious study [S. Sasaoka et al., Phys. Rev. D 105, 103030 (2022)],

we have demonstrated that our TCN model with data

generated training samples. This data augmentation _ rare DA
augmentation maintained over 80% classification

technique is inspired by previous study [Iwana and Uchida,
arXiv:2007.15951v4]. accuracy. | - _
. Random time shifts : We train the model to be * |n the future, we plan to continue optimizing the TCN to

invariant to temporal shifts by randomly altering the mprove robustngss and generalization perf_orrrarce.
peak positions of signals. « One future task is to compare the results with those

. Noise injection : We inject Gaussian noise with a obtained from ensemble learning approaches using

dynamic SNR. This suppresses overfitting and improves
generalization performance.

multiple TCNSs.
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