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1he structure

1. Review: Gravitational Waves







Einstein’'s Universe




Einstein’'s Universe
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Matter tells space-time how to curve

Curvature

John Archibald Wheeler
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Small disturbance to this “tfabric’

 \When space-time Is disturbed, those “disturbances” must go somewhere
* Gravitational Waves: Propagating, oscillating gravitational fields

Sourced by: Acceleration of objects in binary system

(https://www.black-holes.org/)




The effect on particles

In General Relativity
Two polarisations

Fundamental to GW detection



How small 1s small”

Separation : requency : Mass Distance \ LIGO archives

Strain ~ 1042 : : .
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| aser Interferometer Gravitational-
Wave Observatory (LIGO

These detectors are the most sensitive instruments on earth

LIGO Livingston
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A new era in Observational
Astronomy
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Masses in the Stellar Graveyard
LIGO-Virgo-KAGRA Black Holes LIGO-Virgo-KAGRA Neutron Stars EM Black Holes EM Neutron Stars




The Laser Interferometer Space
Antennae (LISA)

LISA: More sensitive to heavier systems


http://gwplotter.com/

Example sources for LISA

(Credit: Lorenzo Speri & Nils Fischer)

Extreme mass-ratio Massive black hole

Galactic binaries | —
Inspirals inaries

All these sources emit gravitational waves in mHz band!
Prime targets for LISA!
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Vlotivation: Bayes

Extreme mass-ratio inspiral

—— Noise
EMRI signal
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Parameters”
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Extreme mass-ratio inspiral
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Time [days]

le—19 Massive black hole binary

—— MBH signal
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Bayes [heorem

. p(d|0) : Likelihood

o p(0) : Prior distribution (0 | d) X p(d | 0)]?(0)

+ p(®d) : Posterior distributior




1 he data stream




Noise

« Assume n(t) is stochastic, Gaussian with finite mean and
variance that do not depend on time.

* Further assume that covariance only depends on the lag.

Stationary noise [llustration: Glitches in data lllustration: Gaps in data

Noise Strain
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The likelihood

Data stream d(t) = h (t;0) + n(t), with n(t) ~ N(0,%2,)

ood: log Z(d|0)




The joy of the frequency domain

Frequency
Domain




Signals from a different perspective

Plot of sinusoid - time domain Plot of sinusoid - frequency domain
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Likelihood time/frequency

ormalin

Time domain Frequency domain

Stationary noise < Dense 2, Stationary noise < Diagonal 2.

| d(f) — h,,(f0)]
S, (f)

log Z(d|0)  d(t) —h, (;0)'Z-'d() —h (1,0) | | logZ(d]|0) x -2
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Sampling from the posterior

_Initialise parameter values @Y

Forr = 1. . N

~ Draw new point ¢ ~ g(¢p |01

p(¢ ‘ d) —— True value
0 2500 5000 7500 10000 12500 15000 17500 20000

Vi . :

p(0—1|d)

. Compute @ = min (1

Metropolis Algorithm

1. Accept ¢ with probability a. Set ¢p = o'

2. Reject ¢ otherwise. Set @1 = 6"

. Increment 1 by one and return to step 3.
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Instructive Example

Comparison between the PSD and signal

h,(t;0) = acos[2xt(f + f1)], here @ = {a, f, f} M i
5

//\4— “Power" of signal
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Data: d(t) = h,(t;0) + n(?), noise gaussian + stationary
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L) Z Rl y
Sn(fl) ~4 10-3 10-2

Frequency [HZ]

Likelihood: log #(d|6)  — 2 Z

Uniform priors on parameters

SNR* = 4J dl
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Time [hours]
https://github.com/OllieBurke/Tutorials.git

Matching waveforms

True waveform
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—— Accepted points

—— True value
—— Accepted points

—— True value
—— Accepted points

— True value

Trace plots
3000
lteration
lteration
lteration

FInding the

Goal: Identify parameters @ that best match the waveform




Parameter Estimation

o |dentified “best” location in parameter space
» Now sample @ ~ p(@|d) and explore posterior!

. Make statements on @ given observed data d

—2.03el Trace plots
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Reality Strikes

e Unknown noise

iIhood surface

kel

dal |

IMO

e Mult

 Expensive and imperfect wavetorm models




kellhood surface
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Samplers must be able to tackle

the issue of multimodality!
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Multimodal likelihood surtface
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Imperfect Wavetorms

e \Waveforms are approximate

e \Waveform errors < biases (Barack,2015)

* Requirement:

post-Newtonian &
post-Minkowskian methods

e Accuracy

e Speed

Perturbation theory,
self-force

 Cover all parameter space

Mass ratio —»




Multiple Wavetorms

* Unlike ground-based detectors, LISA will be dominated by signals

 Must account for all resolvable signals in data

Time domain Frequency domain Time/Frequency domain
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https://lisa-ldc.lal.in2p3.fr

Understanding noise

Nolise model <= Probabilistic Models

LIGO - glitch LISA pathfinder - glitch LISA - gaps and glitch
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o)

LIGO-Livingston raw data
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Combination — The global fit

* Global fit: Simultaneous characterisation of all resolvable signals and

noise

Extremely difficult

L
2

3. \Verification Galactic Binaries

4. Nojee lncidimonial & eagnllisian

(Cornish, Littenberg 2023)



.. and the rest”

* Need to include EMRIs in search
and characterisation pipelines.

- BRUTAL task. We can’t even find one!

- Event rates: Anywhere between 1 and 10,000...

* Need to include non-stationary .
features Of nOiS@. Credit: Lorenzo Speri ?

- Gaps/glitches and other demons could change entire search strategies

 Completely unavoidable and yet unsolved.

 Multi-band detections? Stellar origin sweeping through LISA & LIGO band”? Horrendous.
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XY

ollie.burke@|2it.in2p3.1r
(Credit: Nils Fischer) 37 https://github.com/OllieBurke/Tutorials.git
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Signal-to-noise Ratio

Data stream: d(t) = h(t;0) + n(r)

aaaaaaaaaa

Question: How bright is A,(t; @) compared to
background noise n(r)

L (hy | d) l (hy | 1) ]
Define statistic: p; = =\l 1
v (| By v (| By
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