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We are like any other observatory

* \We wish to infer the global properties of some objects (BHS)...
° .. by ObSer\/iﬂg Oﬂ|y some Of J[hem For a review: Vitale, DG+ 2020
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| Accurate inference relies on accurate *‘
| knowledge of the detector response {i
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from the LIGO Magazine

Not all BH binaries are created equal.
Some are easier to see:

| arge masses (but still on stellar scales)
_arge aligned spins (waveform Is longer)
Nclination: face on/off

Sreferred locations In the sky







Detection probability

I

!: The key guantity we want:  Pdet(8,&, 2)

Probability that LIGO/Virgo will observe a source

“
e @ Intrisic parameters (masses, spins, . .. '
e & Extrinsic parameters (sky location, inclination, . ..)
o 2 Redshift (or distance)

' e —— ——— — — — —_— = — P e — = - —_—— —_— —— ——_—— e —— = —_— — e

Two strategies:

e Software Inections (same procedure used for detection!)
e [Jsed to callorate a ranking statistics

ST > 8 (sihgle LIGO)
M) Detectable: P ,
S(f) p > 12 (UGO/NVirgo network]

LIGO/Virgo 2016, 2018, Chen+ 2017

SNR p2=4/



Many pdet’s

Thresholding the SNR Pdet(8,€, 2) = B[p(8,&, 2) — pinr]

VWe (usually at least) are not interested In the extrinsic parameters.

Pt (6, 2) = / P(E)paen (6, €, 2)de

And at the end of the day we Just want a population average
See Matt's talk in a bit!

)\ - Population (hyper) parameters
o(A) = /pp0p(9> z|A)Pdet (0, 2)

Key ingredients:

o Compute the SNR p(@, f, z)
o [df of the extrinsic parameters (usually easy: ISotropic) ]0(6= )
e Pdf of the intrinsic parameters (specific population model) Ppop (6, 2| A)



Semi-analytic pdet

Rewind from the 90s: Hinn Chemoll 1995, Chemol 1990

1.0 Still state-of-art for O1-0O2 LIGO analyses
‘ VK O3a/b used injections
0 8-_ I Stil used very much nonetheless!
N\ T
N ]
~ 0.6 ] ,
S | Singe detector |
g 04 - ® Dominant mode only |
Key results:
004 T, °® Umwersa’ cun/e
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Machlne-learnlng classmers

ncluding spin precession, three »;‘
detectors and higher-order | (0,&, 2
modes with machine leaming |

‘:'W —.ﬂ’l—m—\

Network architecture

—ully connected neural network (MIFL)
mplemented In lensor-low

One hidden layer with 32 neurons
Adam optimizer

Glorot initializer

[lanh activation function

== Non-spinning, quadrupole only, pg > 8
=== Precessing, higher harmonics, pg > 8
=== Precessing, higher harmonics, py > 12

0.988

0.986 -

0.984 1

Accuracy
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] DG+ 2020

===Training

——— Validation [

o 50 100
Training epoch

150



Lessons learned

Pdet

0.0 1
0.00

—eproduces the analytics
for the non-spinning
single-detector case

Analytic average
Validation, non-spinning,
quadrupole only, pg>8

DG+ 2020

0.25 050 0.75 1.00 1.25
W = ,Othr/pS,opt
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1 Validation, non-spinning, quadrupole only, pg > 8
1 Validation, precessing, higher harmonics, py > 12
1 “powerlaw”, precessing, higher harmonics, py >12
1 “log-uniform”, precessing, higher harmonics, py > 12
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Highly non-uniform selection bias

Validation, precessing, higher harmonics, py >12

[0 | Affects specific parts of the
' ' Darameter space more
_ orominently than others

0.8 ® | arge masses

e Small mass ratios
0.6' g
-y ot 5 _ ——
<

- Are current

0.4 -
- event rates
19 . ®

0.2 1 e { _ ]
[ Ve e 50d® - overestimated? |
0 200 I
DG+ 2020

Please explore! github.com/dgerosa/pdetclassifier



We’'re not the only ones

—esults from another group  Talbot, Thrane 2020
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® |)ata pre-process designed for the

GW problem
o i with Kermel density estimation +

(Gaussian mixtures

e Higher level fit the population-
average pdet directly
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Next

LGO/NIrgo injections are now public! Can we machine-learm them”?
Should we instead machine-leam the population average” see Matt's talk in a bit
Common approximations lead to an overestimate of the detection rate
Careful with selection biases In specific regions of the parameter space

arXiv:2007.06585 github.com/dgerosa/pdetclassifier
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How we put thlngs together

i — e e E——
(9 Slngle -event parameters: masses, spins, redshifts z

)\ Populatlon parameters Spectral iNndex of mass distribution, cutoffs

Inhomogeneous FPoisson proceSS' Loredo 2004, Mandel+ 2019,

Thrane, Talbot 2019, Vitale, DG+ 2022,

p(\|d) o<7T o N H/ppop AN L(d;|0) db

( Populahom prior [ Population mode\

Population posterior \ N events. .. Single-event likelihood

\
Selection effects: o(A) = / Ppop (0| A)Paet (0)dO

M Detection probability



Semi-analytic calculation

| Pesponse h(t) = Frhy(t) + Fxhy (1) |
\1 |
| Beam patterns F, = % (1 + cos 19) cOS 2¢ cos 21 — cos ¥ sin 2¢ sin 2
1 I

F. = 5 (1 + cos 19) cos 2¢ sin 29 + cos ¥ sin 2¢ cos 2¢ |
| |
" GW emission ho(t) = A(t) Lt ;OS " cos (1) hy(t) = A(t) cosesin @(t) |

S 1+ cos2.\” 5 1
1 Projection p(0,€,2) = wpept(0,2)  w= (FJr 5 ) + (Fx cose)” |
! I
| I
! i

\ —esult Pdet (9, Z) — / p(w)dw “
} pthr/popt |



