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Compact object LVK sources

The LVK measures frequencies between
~10-2000 Hz.

A characteristic GW frequency in terms of
density for very close objects is:

f, ~ (Gp)”

To reach 1KHz GW frequency, objects must
be near nuclear density.

When we measure compact objects, we also
learn physics of their progenitors.
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Main sequence 700,000 km

Neutron Star ~10 km

White Dwarf 7,000 km

Black Hole event
horizon ~3 km/M@
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And we can see compact mergers so very far! (and it's getting better)

SNR = 8 horizon distance vs. total mass
(IMRPhenomD, 10-1024 Hz, reference PSD)
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The steps of CBC discovery

Real time signal
processing @

searches to
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[ RAVEN: Temporal coincidence
with external trigger E298046
9d X-ray gives a coincident FAR

Gamma ray Optical X-ray = 1.9489803467e-16 Hz
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Radio

Abbott + 2019

16.4d Radio Abbott+ 2017 | e_Peﬂ_ﬂ_g-.
The goal is to complete the first three steps in seconds.
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Qutline

- Compact binary source models

- How we characterize data and noise

- Covering a compact binary parameter space

- Rejecting “glitches" (whoops noise is harder than we hoped.)

- Ranking candidates to be most signal like

- Estimating the false alarm rate of candidates

- Estimating the astrophysical probability of candidates

- Validating the pipeline and measuring selection effects
- Preparing data for the GW catalog

**Techniques will be based on the GstLAL / SGNL pipelines. Other searches such as PyCBC, MBTA, CWB, etc differ somewhat but share
many common elements. Learn about our analyses here: Marx et al. PRD 111, 042010 (2025) doi:10.1103/PhysRevD.111.042010;
Klimenko et al. PRD 93, 042004 (2016) doi:10.1103/PhysRevD.93.042004; T. Mishra et al. PRD 105, 083018 (2022)
doi:10.1103/PhysRevD.105.083018; Tsukada et al. PRD 108, 043004 {2023) doi:10.1103/PhysRevD.108.043004 and Ewing et al. PRD
109, 042008 (2024) doi:10.1103/PhysRevD.109.042008; Alléné et al. CQG 42, 105009 (2025) doi:10.1088/1361-6382/add234; Skliris et
al. PRD 110, 104034 (2024) doi:10.1103/PhysRevD.110.104034; Dal Canton et al. ApJ 923, 254 (2021) doi:10.3847/1538-4357/ac2f9a;
Chu et al. PRD 105, 024023 (2022) doi:10.1103/PhysRevD.105.024023

"‘o ,’ PennState
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Binary coalescence (from Patrick’s talk) Inspiral

In the quadrupole approximation?,

hy = 2{;{ (1 + cos® 1,) (eMf)*3 cos (B + ¥) (3.4a)
L
hy = 4% cosi (tMf)*? sin (® + ) (3.4b)
L
where
dr = (Luminosity distance to binary) , (3.5a)
cosi =ny-e, (3.5b)
Inclination angle of orbital
i = [ angular momentum to line of ; (3.5¢)
sight toward the interferometer.
M = (Chirp mass),
= (14 2) pd5 M5, (3.5d)
T 5/8
d=-2(—— :
( 5M ) ‘ (3.5¢)
109
f == %_tv
1[5 M %
M [256T — t] ’ (3:51)

Finn and Chernoff (1993) Abbott+ PRL 116, 061102 (20186)
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The phases of binary coalescence — Inspiral Merger Ringdown (IMR)

Inspiral Merger Ring-
down

¥ e sge

Generally the observed waveform will depend on other parameters e.g., individual component
masses and spin vectors

Abbott+ PRL 116, 061102 (2016)
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The phases of binary coalescence — spin aligned approximation

Inspiral Merger Ring-
down

lz

¢ 6@

Most searches make a further simplification and only model the spin components aligned with
the orbit for the production of key results from the LVK though plenty of work exists on
extending the parameter space further. It is an open question to scale it computationally and
improve sensitivity overall.

[a—

Abbott+ PRL 116, 061102 (2016)
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The phases of binary coalescence

IMR description required breakthroughs in
numerical relativity which brought several

advances in phenomenological waveforms e.g.,

h(f) = A(f) eV

|
Inspiral

A+ ,av)  ff<fi <
A(f) = Cf1'7’6{ wn fP A+ 35 g0 iffisf<fp ~F I
wy L(f, f2,0) if o < f<f,
3 7
W(f) = 2xfto + o + 128nu5(1+;uk"b")' (1)
V= (JTMf)I/S, functions of spin

and mass ratio.

Fast closed form waveforms such as these
have enabled searches to capture the most
relevant (for detection) physics

Ajith+ (2011)
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Merger Ring-
down

Abbott+ PRL 116, 061102 (2016)
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Linear data model over time samples ~ Assume Gaussian stationary noise:
L= Sefm (ni) =0 (nin;) = (non;—i)

h, contains a scaled GW signal, s and noise, n Fourier Transform diagonalizes stationary

statistics — power spectrum

- _referenc_e ASD (anal_ytic)_
10-20 4 measured ASD of the synthetic data
- bank band 15-512 Hz
£ i
-5 10—21 -
c
L
2
£ 10722
o
a
LY
o
- -
= 10773 4
£
m
10—24 4

10 100 1000
frequency [Hz]

Pirsa: 26080008 Page 13/36



Whitened nOise %x10-19 the same second of data before whitening

A/
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“Whitening” the data by
the noise amplitude —05 -
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Whitened nOise %x10-19 the same second of data before whitening

, =

1.0~

0'5 _ | A
“Whitening” the data by 0.04

the noise amplitude —0.5 -
spectrum decorrelates

strain

and normalizes the noise: ~1.01
0.0 0.2 0.4 0.6 0.8 1.0
(ni) = 0; (nyn;) = 0y time [s]
p(n,,,) = 1l e—n§/2 . whitened, measured o = 1.025 | 10® amplitude Eli:f::i:;
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Whitened model CBC waveform

“Whitening” the data
also transforms the
signal present in the
data by the same
operation.

From here forward
you can basically
assume | am using
the “whitened” basis
for discussing data
and waveforms.

Pirsa: 26080008

strain

-0.5
—=1.0:+

whitened strain [o]

0.5 A1

0.0 -

le—21
5_

30430 Msun at 500 Mpc (IMRPhenomC): raw waveform

whitened: the detector's sensitive band reweights the signal toward the final cycles

-3.0

—2:5

-2.0

-1.5
time before merger [s]

-1.0 -0.5 0.0

Ajith+ PRL 106, 241101 (2011)
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Once we have models, matched filtering is a great way to discover signals L

Correlating the whitened data with a
whitened model “template” produces and
optimal filter to discover CBC under these
assumptions.

We don't know in advance what the
parameters of a merging binary will be so we
search over a plausible range of parameters
requiring millions of models s with matched
filtering. *

10
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Arb. Amplitude

P, =Sa*xh

10
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Choosing compact binary filters, S

Assume templates are normalized: S, - S, — 1 (dot product over large [O(M]] time sample vector)

Define the mismatch as: 1 — max [Sa * SB] = §2
bounding SNR loss as §°

It is possible to compute a metric that uses just coordinates: A= {mi,msg,...}

such that: 52 ~ AXTg()\)Aj\ 17

(inner product over small [O(1)] coordinate vector)
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Tutorial

Making a template bank

1 ~2M templates ]L
Goal: one template a1 ]ﬂllh
o : : 2 | -
inside a suitable sized — @ {1 10 : .‘l!!h
--*..-

“mismatch box”, V -
T . T T T 1 Bt —
-{:j::-:EE* ........:

. [/Idetg(X)av ; ey
NC()\) = VT = : -uoo-o

V_can be defined by a N-D E sosdps
hypercube with center & from 10t - ==
the corners | | M+.++H‘I .

\5\2 e

Vo = di¥ = /25N al

8% is often chosen to be 0.03
corresponding to a maximum
loss of 3% of SNR. 10°

dl

101 102

Owen 1995
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Compressing the matched filters with singular value decomposition G

Cannon+ 2010

Pirsa: 26080008 Page 20/36



Exploit the time-frequency evolution of the waveforms

Template 25

Template 26

256 Hz o000 512 Hz 2048 Hz

,"M = ”:""(\
Yot = —0.05

Template 175
Time Slice 10 9 8 7 6 5

21
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Good agreement

Signal consistency checks

— Neasured p(t)

e ﬂ -  Scpled Autocorrelation
We know how a matched filter _ 51
should respond to a real k.
signal. .

Calculating the residual

Squared Of the dlﬁerence 7(;_1]’4 7{II_HH —ll‘_(lll 7|Jl,l}2 H.:Ml H.(Iif IJ.:H H.:Hi (l,:lh'
between filter output and
expectation gives us a Not so good agreement

— MNeasured p( t)

statistical glitch rejection tool.

== Scaled Autocorrelation

This examples shows the
autocorrelation test:

5 fatdtlzgt — z(0)R; (¢)?
T [t 2R, (1)) | | | | | | —

—0.08 —0.06 —0.04 —0.02 .04 0.02 (.04 0.06 0.08
23

Messick+ 2017
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Finding and ranking candidates

1)

2)
3)

4)

5)

SNR peaks above a threshold (4) are identified for

15
each detector (H1, L1, V1, K1) for each template for /—10

each second.

Signal consistency tests are calculated for each
We correlate the triggers in each template to see if
they occur within the light travel time between
detectors which forms a coincident event

The likelihood ratio (LR) is then computed for each
coincident event

A histogram of likelihood ratios in noise is computed to
estimate the chance of getting a candidate with a
given LR in noise is.

Messick+ 2017
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Tutorsl

- Predicted p(t)

Measured p(t)
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The Likelihood Ratio (LR) — optimal separation of signal from noise ;

l

—

P (O, ﬁ, f2, L@, A | Hs) Actual factorization...

B CRTREHED

6 Observatories that found above threshold

Fz SNR in each observatory P(...|Hs) =P (0| Hs)

&2 Signal consistency test in each detector (described before) X P (tref, fret | 0, Hs)

t. Time observed in each detector X P( | tret, H )

5, Phase observed in each detector x P ( t,A¢ | O, tref,’Hs)
X Template parameters (same by definition for each detector) % P ( 3 | 5,6, Hs) ,

Hs Signal hypothesis

H, Noise hypothesis
25

Tsukada+ 2023

Pirsa: 26080008 Page 24/36



The Likelihood Ratio (LR) (SNR and &%)

signal hypothesis

noise hypothesis
InP(£2/SNRZ|SNR, signal) in L1
10°

InP(SNR, £2/SNR?|noise) in L1
10° Jm =

10-! 10-! A

10-2 3

E2/SNR2

10‘2 7 ™

£2/SNR?

1073 8

10-3

SNR

Tsukada+ 2023

26
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The Likelihood Ratio (LR) (time and phase between detectors)
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The time and phase measured by
different detectors is correlated for
signals and not for noise (uniform
distribution)
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Tsukada+ 2023
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The Likelihood Ratio (LR) (prior on detectable signals)

Intrinsically BNS are more
common than BBH...

102 4

m2

101 4

\

/ SNR—loo\

10"

T
10! 10*
ml

prior PDF

S p(N)dV o« my2BdV
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...but after accounting for template density variation and GW

detector selection effects, the right weights to apply favor BBH

SNR=10.0
0
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10
&
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=
=
20 2
1
z
2 10'
="
g
=30 o
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40
109 4
T T T
100 10! 10*
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eg. p — fVTQp(X)dv

107 4

\ SNR=10.0

1"3(3‘\__/

T
10t

ml

probability of

detection:

pdet(Aa) X PaD

—

3
H
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Estimating the false rate [—

By drawing LR samples from the noise hypothesis, histogramming and normalizing to the total
event rate over a run we can tell how often a candidate occurs in noise

15" Event Count vs.\ Ranking Statistic Threshold 106 Event Count vs.\ Inverse False-Alarm Rate Threshold
— Observed — Ohserved
105 J | | | --- Noise Model, (N} | === Expected, (N}
+/(N) +y'(M)
104 4 +2 \"E +24/(N)
103 +3V (N) +3y/(N)
1024
101 4
1094
10—1 .
102 + <o
]_0'_3 T T ]_0_3 T T T T \“h‘ T
20 25 30 102 104 106 108 1010
In £ Threshold Inverse False-Alarm Rate (s)

29
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Estimating the astrophysical probability (PAstro)

— paw-strd
=

The false alarm rate and likelihood ratios are all probabilistic statements about the data observed
under a given hypothesis. We want to know the probability that a category, C, is observed given
the data:

__ p(data|C)p(C)
p(C|data) = * p(data]; BBH_

C = {BNS, NSBH,BBH, Noise} Terrestrial | <1%

probabilities over C form complete probability space: NSBH | <1%
. _ 0

Y op(Cldata) =1; ) ~p(C) =1 BNS| <1%

We assume that events are drawn from independent Poisson processes with expected
counts over an observing process A_So we really just need to compute:

p(C|data) « Ac|p(datalC) |
ot T

A number we know pretty well now?: 1 BNS: 2 NSBH : 100 BBH Deceptively simple looking, but still under debate
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Estimating the astrophysical probability (PAstro)

Under some reasonable assumptions about
how a pipeline ranks candidates, this is how
it would look:

~1/month FAR
~50% PAstro O

Pirsa: 26080008
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probability

Estimating the astrophysical probability (PAstro)

Under some reasonable assumptions about
how a pipeline ranks candidates, this is how

it would look:

template 7084360 (m1=1.41, m2=1.41), rho_hat(FAR) = 7.6..10.9, chi=0.037

FAR (yr1)
10-2 101 10-2 101! 100 104
1.0 ' : : ' P
//
/
0.8 4 /
0.6 4 = Pans ~1/m0nth FAR
— PnsBeH
— Poan ~50% PAstro
044 =7 Proise
/
0.2 IJ
Vi
#
0-0 T T T I-——— 1 T T T
10-5 10712 107" 101 10~  10-® 1077  10°  10°  10-
FAR (Hz)
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m; (Me)

m; (M)

p_astro per template at FAR=3.2e-08 Hz (1.01/yr, rho hat=9.02), chi=0.037

Pens PNSBEH
1.0
107 ; | -
] ] T
] =
23¢==zsas
AR o
aiRases 0.8
Py
10' 5 5 i
] i
b |
0.6
109 7 t
pBBH pnoz’se
102 E
10! 3
. . i
100 _:, y

my (Mg)

my (Mg)
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Tutorial

Estimating pipeline sensitivity and selection effects

We “inject” simulated GW signals into strain and run the full search pipelines over them to figure
out which signals are recoverable

x10-21

2.0

ia . ﬁ‘ ‘h ‘A m

“I7 vry'yvfyvvwf”ﬂv

—1.01

Strain

-1.51

-2.0 . - _ '
29.4 29.6 29.8 30.0 30.2
Time (s)
32
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Estimating pipeline sensitivity and selection effects

102

[—
>
—t

| | !IIHII

missed, Dec. SNR < 8.0

SNR of second most sensitive detector
[a—
=

0=
= e missed, Dec. SNR > 8.0
N e found
l l [ l l l
1.2625 1.2630 1.2635 1.2640 1.2645 1.2650 1.2655
time (sec) %107

Ewing+ 2023
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Estimating pipeline sensitivity and selection effects

10—~
= =
m:>u _
injections recovered 'Y 1
S &) .
; - BNS
_ 471'?“5 Nfound(r) Cg) 10_2 =
V(r)T = 3 [Neowal (1) T 2 2 -® NSBH
e X _ BBH
total injected % n
g & O—
= - e s @ --——-- @
L R ’II]IIII | |HIIIII | |IIIII[I | |IIIIIII
10— il 10— 10"
F AR threshold
Ewing+ 2023 Details on how this is done correctly will be in Aditya'’s tutorial on Friday
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Although initial estimates of everything you have seen are available within seconds of a wave
arriving at Earth, significant additional work updates results taking into account new information
gathered throughout an observing period. The result is a candidate list with FAR of ~2/day

uiD Labels Group Pipeline Search Event Time Instruments FAR Submitted: Submitted By:
2026-07-14
2.308e- tlalcbe_offl
G642866 EMBRIGHT_READY CBC gstlal AllSky  1437678771.021056 H1,L1V1 o € 205855 f:b:tc B
uTC
T tlalcbe_offli
; e - Stialicoc_ortiine
G642517 EMBRIGHT_READY CBC gstlal AllSky  1422200109.427754 H1L1 o 20:53:57 fobot -
uTC
Y i =
SEFMAFRERS 2.300e- 2026:05-05 gstlalcbe_offline
G636086 EMBRIGHT_READY CBC gstlal AllSky  1422468009.879053 H1.L1V1 - 23:36:38 o
PASTRO_READY uTC
2906e- 0L 0714 tlalcbc_offli
. = I
G642790 EMBRIGHT_READY CBC gstlal Allsky  1440223908.929284 HL.L1 o € 205753 rgosb;': R
uTC
2026-07-14
2.295e- tlalche_offl
G642824 EMBRIGHT_READY CBC gstlal AllsSky  1424490623.675664 H1.L1V1 o € 20:58:20 f:b:tc RN
uTC
SKYMAP_READY ) ygse. 20260505 .
G636034 EMBRIGHT_READY CBC gstlal Allsky  1438272359.532391 H1,L1V1 o € 233558 fsb:'tc SRS
(0]
PASTRO_READY uTC
2026-07-14
2.280e- gstlalcbc_offline
G642695 EMBRIGHT_READY CBC gstlal AllSky  1437328252.935717 HLL1V1 = 20:56:32 Wi 35
uTC
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...and a set of recovered software injections to measure selection effects

Recovered injections per bin

40000

30000
20000
10000 II I II
|I||| 1
0 100 200 300 . 400 500

Total detector-frame mass My + M, [My]

o
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