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Injected 150914 waveform, reconstructed with BayesWave

signal model

Time Domain Waveforms

Reconstructed signal model in H1 Reconstructed signal model in L1

Whitened strain
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Spectrogram reconstruction

Spectrogram of Data

Spectrogram of median data waveform in H1, Q=8 Spectrogram of median data waveformin L1, Q=8
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Bayes' Theorem

Likelihood Prior
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Evidence/marginal likelihood

Posterior
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Computing Bayes Factors Using Thermodynamic Integration
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Comparing Models using Bayes' Factors




Temperature/sampling
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Run Information:

Gaussian noise with injected 150914 waveform
Number of Chains - Number of temperatures at which samples are taken

Number of iterations - Number of moves in parameter space a sampling chain can
make

BayesLine on/off - BayesLine estimates PSD more accurately when turned on

Noise realization - Different seeds determine different realizations of random noise
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The stepping-stone sampling algorithm for calculating the evidence of gravitational
wave models
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Signal Evidences
(with BayesLine on)
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Tl vs SS (without BayesLine)

Signal Model: Glitch Model:
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Tl vs SS (with BayesLine)

Signal Model:
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Glitch Model:
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Conclusions

Stepping-Stone branch is running very well
When BayesLine is off, SS requires fewer chains than Tl

When BayesLine is on, SS and Tl produce very similar evidence estimates
Future goals/questions

Merge Stepping-Stone branch into main BayesWave
See how Tl and SS compare for more complex runs

Incorporate SS standard deviation
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