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“light curve” = time series
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Many Open Questions

+ What happens to matter in strong gravity?

+ What 1s the shape of the accretion flow close to the black hole?
+ How are jets launched and accelerated?

+ What is the shape of the accretion disk?

» What precise processes give rise to the emission we see?



Cygnus X-1

Credit;: NASA/SRON/MPE
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Malzac (2008)
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Fourier Analysis tells us about variability

1 1
#(t) = N Zaj cos(w;t — ¢;) = N Z(A_,- cosw;t + Bjsinw;t).
J J

J/ useful normalization

periodogram:

\statistical distribution?



Fourier Analysis tells us about variability

1 1
#(t) = N Zaj cos(w;t — ¢;) = N Z(A_,- cosw;t + Bjsinw;t).
J J

assume many data points : W
~ Gaussian

Iajl2 = A’ + B? Xz with 2 degrees of freedom



Fourier Analysis tells us about variability

White noise light curve White Noise Periodogram
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Fourier Analysis tells us about variability

Periodic signal light curve Periodogram with Periodic Signal
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Fourier Analysis tells us about variability

Red noise light curve Red Noise Periodogram
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Fourier Analysis tells us about variability

QPO light curve QPO Periodogram
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What can we learn about the
geometry and physics of the system
from timing and spectral properties?
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Rieger (2019)
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hot plasma cold plasma



Quasi-Periodic Oscillations
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V404 Cygni

XRT Observation 00031403040 1 erpad/ GBM contemporaneous CTTE data
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Huppenkothen et al, 2017
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V404 Cygni

XRT Observation 00031403040 A1 erpad/ GBM contemporaneous CTTE data
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Stingray

The Next Generation
Spectral-Timing Software

« 3lead developers/maintainers (Huppenkothen, Bachetti, Stevens)
* ~10 contributors

e 5 completed Google Summer of Code Projects

« astropy-atfiliated project

e provides functionality for HENDRICS and DAVE

httpS:// sting ray.science Huppenkothen et al (2019)



Modelling Detector Effects 1n
. X-ray Telescopes
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Adapted from Chaplin et al (2012)
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observed light curve
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Problem 1: Searching for
periodic signals against a
constant background
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Dead Time

Huppenkothen & Bachetti (2018)
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Problem 2: Modelling
Stochastic Variability 1n
Periodograms




X-ray Sources Are Variable

Chandra Observation 17696
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Option 1: Average >40 periodograms together +
assume Gaussian statistics

single spectrum 100 averaged
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What 1f I can't add together
periodograms?




simulator

posterior

marginal

Approximate Bayesian Computation likelithood
Likelihood-Free Inference
Simulation-Based Inference



observational data prior distribution of @

Step 1: draw >
parameters from prior 2

o
Step 2: simulate data B s l l X i i 4
sets dy, -

-a-t-r-f(y,,m u,) (3) Do N simulations

Step 3: compare 5" 62 g3\ --.gN
simulated to observed
data simulation 1 simulation2  simulation 3 simulation N

Step 4: keep
parameters that

produce simulations ,
similar tothedata  @p(Y.Y(6")) <e [x] ] [x]

(5) Derive p(4Y) from the accepted, M simulations

Sadegh + Vrugt, 2014, see also: Brehmer et al (2018a, 2018b), Cranmer et al (2020)



Amortized likelihood
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Simulated Data
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ObsID 80401312002

“ GRS 1915+105

150

140

130

120

Count rate [counts/s]

110

100

90

2.6616 2.6617 2.6018 2.6619 2.6620 2.6621
Time [MET seconds] 1e8

3x102

2x10°7

Power [(rms/u)?/Hz]

104

101 10° 101 1072
Frequency [Hz]

Huppenkothen & Bachetti (submitted)



Posterior densities as a function of time
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Future Work

» Hierarchical (simulation-based) inference!

» Uneven sampling

+ A more comprehensive description of the raw (time, energy) data

+ Additional data dimensions (e.g. polarimetry)






Conclusions

 Accreting black holes produce complex X-ray emission that carry a
wealth of information about the physics of the system

+ Unravelling the physics of black holes requires understanding the subtle
relationships between temporal and spectral properties

+ Statistical challenges arise in uneven sampling, gaps and the response
of the detector to bright sources

» In the future, we need better statistical methods and software
Integration to tackle many of these challenges



Thank youl!









