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Interpreting the Signal
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Modelling Binary Coalescences

Inspiral Merger Ringdown
post-Newtonian theory no analyt. model perturbation theory
effective one body Numerical Relativity

[FO, CQG 29 124002 (2012)]
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The Inverse Problem
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Likelihood & Posterior
Quantities d : data, h :GWmodel, θ : source parameters

Inner Product ⟨d,h⟩ = 4Re
∫ d̃(f )h̃∗(f )

Sn(f ) df

Likelihood Λ(d|h(θ)) ∼ exp(−∥d − h(θ)∥2/2)
Posterior p(θ|d) = Λ(d|θ)π(θ)

p(d)
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Stochastic sampling
▶ High-dimensional integrals are expensive to calculate with grid-basedmethods

▶ More appropriate: stochastic sampling of the parameters θ⃗ such that the density of theMarkov
ChainΘ = {θ⃗1, θ⃗2, . . . , θ⃗N} is proportional to the probability density p(θ⃗|s, I).

▶ Example of a classical algorithm: Metropolis-Hastings

1. Choose random initial point θ⃗1

2. Propose a new point θ⃗p from a randomwalk centred on the previous iteration θ⃗i

3. Calculate the posterior ratio α = p(θ⃗p)/p(θ⃗i)
4. If α ≥ 1, accept the new point, i.e., θ⃗i+1 = θ⃗p

5. For α < 1, draw uniform random number u ∈ [0, 1), and accept if u ≤ α, else reject: θ⃗i+1 = θ⃗i

▶ Integrals become simple operations on setΘ, e.g.,

E [θ1] =
∫

θ1 p(θ|s, I)dθ⃗ ≈ median(θ1 ∈ Θ)
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Gravitational-Wave Observations
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Observations
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Mass Posteriors
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Mass Posteriors
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Spins
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Binary Evolution
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Material to Download

https://s.gwdg.de/th635p
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Masses in the Stellar Graveyard
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Masses in the Stellar Graveyard
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Population Properties

[GWTC-4 pop 2508.18083]
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My Personal Highlights

GW150914 The first GW signal. Loud, but now considered typical.
GW170817 The first (and only) GW-multi-messenger event. Merger of two neutron stars.

Largest coordinated global observation campaign across the EM spectrum.
GW190412 Black holes of unequal masses. First higher harmonics.
GW190521 Black holes withmasses that shouldn’t have formed in a supernova. Where did

they come from?
GW190814 Very unequal masses. The less massive object is a . . . ?
GW200129 Precessing black holes and potentially a remnant with a kick.

GW200115_042309 A black holes swallowing (or disrupting) a neutron star.
GW25xxxx I cannot reveal the secret. Sorry!
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The Future



LISA
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LISA
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The Gravitational-Wave Spectrum
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Einstein Telescope
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Einstein Telescope
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Science Prospects
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Science Prospects
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Conclusions

▶ Gravitational-wave astronomy is reality
▶ The Universe is full of black holes with (surprisingly) diverse properties

→ diverse formation channels?
▶ More observations to come and needed to unravel big questions

(formation, environment, evolution, expansion, early Universe, . . . )
▶ So far, no signs of Einstein’s theory failing
▶ Continued work needed on possible systematics in themodels and

analyses
▶ Exciting future: LIGO Indida, LISA, Einstein Telescope
▶ Multimessenger astronomy will become the norm, not the exception
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