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Manual binning Choosing the right binning is difficult
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Manual binning Choosing the right shift is difficult
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Pipeline requirements FOBs over multiple timescales
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Pipeline requirements Crosstalk effect
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Pipeline structure
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Data quality cut Excess variance
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Bayesian Blocks Statistical point of view Scargle+2013
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Bayesian Blocks Statistical point of view
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Bayesian Blocks Statistical point of view

Scargle+2013
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Bayesian Blocks Statistical point of view

Scargle+2013
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Bayesian Blocks Statistical point of view
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Bayesian Blocks Statistical point of view Scargle+2013
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Bayesian Blocks Statistical point of view Scargle+2013
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Bayesian Blocks Statistical point of view
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Bayesian Blocks Statistical point of view Scargle+2013
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Bayesian Blocks Statistical point of view Scargle+2013
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Bayesian Blocks Statistical point of view
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Bayesian Blocks Statistical point of view Scargle+2013
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Bayesian Blocks Statistical point of view Scargle+2013
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Bayesian Blocks Interpretive point of view Scargle+2013
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Bayesian Blocks Interpretive point of view Scargle+2013
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Bayesian Blocks Quadratic scaling of time Scargle+2013
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Linearized Bayesian Blocks

Search restricted to partitions with block lengths below 5 seconds
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Poisson+CT-likelihood Bayesian Blocks

Repeated search within a 1 s—radius around each
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Poisson+CT-likelihood Bayesian Blocks
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Poisson+CT-likelihood Bayesian Blocks

Repeated search within a 1 s—radius around each

candidate FOB, with ad hoc likelihood and prior

Bayesian Blocks  Statistical point of view Scargle+2013

P(Model | Data) e« P(Data | Model) x P(Model)

Posterior Likelihood Prior

P(Npiocks) = Poy Noeee (ncp_prior = -In(Y))

i 1 Data
—— Bayesian Blocks

100 150
Time [ms]



https://iopscience.iop.org/article/10.1088/0004-637X/764/2/167

Poisson+CT-likelihood Bayesian Blocks

Repeated search within a 1 s—radius around each

candidate FOB, with ad hoc likelihood and prior

Bayesian Blocks  Statistical point of view Scargle+2013

P(Model | Data) e« P(Data | Model) x P(Model)

Posterior Likelihood Prior

P(Npiocks) = Poy Noeee (ncp_prior = -In(Y))

501 i 1 Data
3 —— Bayesian Blocks
401 | |
)

Calibrated with

% B W W dark observations

Time [ms]



https://iopscience.iop.org/article/10.1088/0004-637X/764/2/167

Poisson+CT-likelihood Bayesian Blocks
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Poisson+CT-likelihood Bayesian Blocks
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Crosstalk, or, befter yet, correlated noise
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Crosstalk, or, befter yet, correlated noise
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Crosstalk, or, befter yet, correlated noise
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Crosstalk, or, befter yet, correlated noise
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Crosstalk, or, befter yet, correlated noise
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Crosstalk, or, befter yet, correlated noise
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Poisson+CT-likelihood Bayesian Blocks
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Crosstalk, or, befter yet, correlated noise
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