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Introduction

From data... ... to science
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Strain (10~%%)

Frequency (Hz)

Introduction

Data & signal models

Our scope:
* |dealized detector: stationary Gaussian

Hanford, Washington (H1) Livingston, Louisiana (L1)

| I | [

i

Chmemonaneea hoise
e Simplified CBC signals
B B = Realistic data and signal:
O T e ) WWMMMMW‘MW  Data quality for real detectors
hll = e ., * Data cleaning
. :% * Glitch analysis and removal
128 .3  Full CBC signals, waveform modelling
- : 2 e Continuous waves analysis
0.30 0.35 0.40 0.45 0.30 0.35 0.40 0.45 =

* Unmodeled signals (bursts)
* Stochastic backgrounds

Time (s) GW 15094 | Time (s)



Introduction

Science products

Our scope:

* Simplified detection with matched
filtering

e Simplified parameter estimation

Full science products:

» Realistic detections, confidence and
classification

e Realistic parameter estimation

* Evidence computation and mode|
comparison

* Production of catalogs

 Cosmological analyses

* Population analyses

* Tests of GR analyses
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Introduction

Data = Response - Signal + Noise

Detector response GWV signal Noise

e deterministic instrument * deterministic signals, * stochastic process
transfer (exact) waveform models * need modelling

e calibration: stochastic * models approx. GR * idealized process vs
component e stochastic data artefacts !

background(s)



Outline

Part | Part Il

* Bayesian parameter estimation basics,

* GW signals: the basics likelihood

* Noise as a stochastic process * Parameter space and waveforms

* Introducing matched filtering * Fisher matrix approach

e Towards real CBC searches * Metropolis-Hastings MCMC, Parallel

tempering and example PE

* Other signals: continuous waves, stochastic
backgrounds * PE toolbox

* PE results from LVK

* Future detectors and their challenges



Outline

Part |

e GW signals: the basics
* Noise as a stochastic process
* Introducing matched filtering
* Towards real CBC searches

e Other signals: continuous waves,
stochastic backgrounds



GW Signals: polarizations and strain

GWV polarizations

AI—» 2 [arXiv:1607.04202]
Z

Response of an interferometer:
h — F| h | -+ F>< h><

F. «(0,9,v) pattern functions, depend
on sky and polarization
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GW Signals: Compact Binary Coalescences - Fact sheet

Inspiral: analytical

Merger/Ringdown: numerical * Dominant frequency: /= 2for
| . i
Sl * Chirp mass: M, =
5 (ml + m2)1/5
~1.0 0.8 0.6 N 0.4 0.2 0.0 N GM. —5/8 5 1 3/8
= J Worb (1) = c3 256 t. —t
- k * BBH scale invariance:
Ry mE y y mp 00 o t—t/M f— Mf
N G=c=1 h — rh/M
520 | eEndof inspiral:
< 100- J risco = 6M  fisco = 1/6%2 /(7 M)
1o T SO N 0 * Effect of cosmology:

M—(1+2)M 1/r—1/df



The Fourier domain

- ‘ SO —205 2500 A
FT:  F(f) = / dt e > (t) T -
\/10—21
S = 1500-
DFT: b = Atz G_QZWJk/NFj = 1072, — 1000 -
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* Fourier domain: natural frequency window, simplifies
the stationary noise covariance

’
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=
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0.30 0.35 0.40 0.45
* Inspiral: clear time-to-frequency correspondence, . ~ Time (s)

500
(Stationary Phase Approximation), merger not so

GW 170817
100

Frequency (Hz)

* Fourier domain not optimal for signal compression

N
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GW Signals: CBC parameter space

GW150914

LVT151012

GW151226

GW170104

GW170608

Gw170814 ——

N —
For CBC: |5+2+2 parameters 0.01 0.1 ] 0

time observable (seconds)
* intrinsic: 2 masses, 2*3 spin vectors
e distance: |
* time of coalescence: |
* direction to the observer: 2 angles
* sky position in observer’s frame: 2 angles
* polarization angle: | angle

* +eccentricity, periastron: 2
 +tidal deformabilities BNS: 2

[https://www.ligo.caltech.edu]

* BBH: massive, merger-ringdown
* BNS: inspiral dominated, tidal effects
* NSBH: high mass ratio, tidal effects ?

11
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Part |

* GW signals: the basics

e Noise as a stochastic process
* Introducing matched filtering

* Towards real CBC searches

e Other signals: continuous waves,
stochastic backgrounds

12



Noise

* How to understand noise as a stochastic process ?
* Ergodicity, stationarity, Gaussianity !

4- White noise

4 ) 0 2 1

Noise autocorrelation:
Red noise Blue noise

C(t,t") = (n(t)n(t')) | \
Stationary white noise: | —/
White noise
C(t,t") = const (¢t — t') |

Flat spectrum | T
13




Noise

| X107 LIGO Hanford/Livingstone data around GVV150914
| ”Mn\/\/\/\f\f” T h\/\
{1 b A pna A e
—0.5 | | I RE N
e ] 4 2 0 » 2 4
0.5W“W u v “ /\U u U “VU V I | W
o —4 2 0 n ) !
e How to model real noise ! Noise autocorrelation:
* Ergodicity, stationarity, Gaussianity ! C(t, ) = (n(t)n(t))

14



Noise PSD

Mean power of the noise:

1 T/2
P, = lim —/
T—)—I—OOT —T/2

dt n(t)?

15




Noise PSD

Mean power of the noise:

1 T/2
P, = lim —/
T—)—I—OOT —T/2

In the Fourier domain:

nr(t) = X[—1/2,7/2)7(t)

|
P, lim —/
T—+oo [ _

. 1 /
hm —
T'— 400 T

— OO

= [ arsun

dt n(t)?

16




Noise PSD

Mean power of the noise:

1 T)/2
P, = lim —/ dt n(t)
T—)—I—OOT —T/2

In the Fourier domain:

nr(t) = X[—1/2,7/2)7(t)

P~ lim - /+oodt (t)°
n_Ti)I—EooT T

— fim / af 7 ()P

T'— 400 T 60

= [ arsun

Noise Power Spectral Density (|-sided):

S.(f) = lim = |ar (/)2

T'— 400 T

17




Noise PSD

Mean power of the noise:

1 T)/2
P, = lim —/ dt n(t)
T—)—l—OOT —T/2

In the Fourier domain:

nr(t) = X[—1/2,7/2)7(t)
1

+00
P,= lim — .
T—1>I—EOO T/ at nT(t)

. 1 /
lim —
T'— 400 T

— OO

= [ arsun

Noise Power Spectral Density (|-sided):

S.(f) = lim = |ar (/)2

T'— 400 T

18

In the stationary case: () ~ %/dt
C(t,t') = (n(t)n(t))
C(t,t")=C0,t' —t)=C(t —1)

Noise PSD as the FT of the

autocorrelation:

1 . —2imfT
§Sn(f) —/dTC(T)e :



Noise PSD

Mean power of the noise:

1 T)/2
P, = lim —/ dt n(t)?
T—)—I—OOT —T/2

In the Fourier domain:

nr(t) = X[—1/2,7/2)7(t)
1

+00
P,= lim — :
T—1>I—{—1c>o T/ at nT(t)

. 1 /
lim —
T'—+00 T

— OO

= [ arsun

Noise Power Spectral Density (|-sided):

S.(f) = lim = |ar (/)2

T'— 400 T

19

In the stationary case: () ~ %/dt
C(t,t') = (n(t)n(t))
Ct,t")=C0,t —t)=C({t —1)

Noise PSD as the FT of the
autocorrelation:

1 . —2imfT
§Sn(f) —/dTC(T)e :

The two definitions correspond

, 1
C(1) = T1—1>I£oo L /dt ny(t)nr(t + 7)
1

[dresmrre) = tim i)

T—4o00 1’
1



Noise stationarity
A consequence of noise stationarity: C(¢,t') = (n(t)n(t))

C(t,t")=C(t—1t)

20



Noise stationarity
A consequence of noise stationarity: C(¢,t') = (n(t)n(t))

C(t,t")=C(t—1t)

@A) = [ de [t e ()

21



Noise stationarity
A consequence of noise stationarity: C(¢,t') = (n(t)n(t))

C(t,t")=C(t—1t)

dt/ 627§7Tft6—2i77f’t’ <n(t)n(t’)>

dt/d,]_62i7rft6—2i7rf'(t—|—7')<n(t)n(t_I_T)>

22



Noise stationarity

A consequence of noise stationarity: C(¢,t') = (n(t)n(t))

C(t,t")=C(t—1t)

=g
ﬂ
2
ﬂ
N—"
C.DI
N
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3
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N
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A
T
™
=
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Noise stationarity

A consequence of noise stationarity: C(¢,t') = (n(t)n(t))

C(t,t")=C(t—1t)

=g
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Noise stationarity
A consequence of noise stationarity: C(¢,t') = (n(t)n(t))

C(t,t")=C(t—1t)

|
\ "\
o9
ﬂ
9.
—
2
QN
s
>].
=
N\
\
=
N~
Q)
Y
N
T
s
=

Noise stationarity means
Sn(f) independence in Fourier domain !

In practice, stationarity is
always approximate...

25



Noise PSD

Aplus design curve - NSNS (1.4/1.4 M) 325 Mpc and BHBH (30/30 M) 2563 Mpc O2 : LIGO Hanford
S — : g . —— : —— — O3 : LIGO Hanford
| ==Quantum ;

O2 : LIGO Livingston O2 : Virgo
O3 : LIGO Livingston ‘ O3 : Virgo

|=——Seismic
==Newtonian :
—=3Suspension Thermal |.
== 0ating Brownian
Coating Thermo-optic|
Substrate Brownian |1
Excess Gas
== [ Otal noise

s

OI
N
\V)

Strain [1/7/HZz]
S
&

Strain [1/v/ Hz|

—

OI
)®)
~
|

AN

1 01 1 02 1 03 10—24 1
Frequency [Hz] [LIGO-T1800042-v4] 10

* Different processes dominate red/white/blue noise
* PSD from real LVK data: lines, drifts over time

* PSD estimation method: average over segments (VVelch)
20

L |
102

Frequency [Hz|

[arXiv:2101.11673]




Gaussian noise

x10718

1.0

05 v

Strain H1

For a Gaussian process:
1

v/ (2m)N det X )

In Fourier domain (DFT):

1
p(n) = exp

\/(27T)N det 3

Xp

p(n) =

27




Gaussian noise

Strain H1

—18
1.0 240

0.5+ A

0.01

05 v

Im
LU |
W N = O = N W
L

—-1.0

For a Gaussian process:

p(n)

1

v/ (2m)N det X

exp

In Fourier domain (DFT):

p(n)

1

\/(QW)N det 3

exp

28

| LIVKI relsicllualls :

[arXiv:1908.11170]

0.18 100 ¢
0.16 i
0.14 10-1 3
0.12 §
0.1 i
0102 E
0.08 & :
0.06 3
-3 |
0.04  107¢
0.02 f
0 104
-6

Deviation

For a stationary Gaussian process:
independence FD, diagonal covariance

(nkny) =

Reﬁk, Im”flk NN (O

From NxN to N !

1

I

Sn(fr)0ki

1

AN
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Outline

Part |

* GW signals: the basics

* Noise as a stochastic process

¢ Introducing matched filtering
* Towards real CBC searches

e Other signals: continuous waves,
stochastic backgrounds

29



Matched filter |

|dea: correlating template with data

incoherent

s(t) = h(t) + n(t) (n) =0
% / dt h(t)s(t) = % / dt h(t)® - ; / dt h(t)n(t)
coherent
~ const

~ 1/VT

30




Matched filter |

|dea: correlating template with data

s(t) = h(t) + n(t) (n)y =0
% / dt h(t)s(t) = % / dt h(t)? :1F / dt h(t)n(t)
coherent incoherent
~ const ~1/VT
In signal: In noise:
5 = / QW (H)s(t) = / dt W (£)n(t)
5= (5) N%=(n% (A) =0

Build filter W (t) to optimize S/N

31




Matched filter |

|dea: correlating template with data S = /dt W(t)h(t) + </ dt
s(t) = h(t) + n(t) (n) =0 ~ ~
= [ @ (D
% / dt h(t)s(t) = % / dt h(t)? - :1F / dt h(t)n(t)
coherent incoherent
~ const ~1/VT
In signal: In noise:
5 = / QW (H)s(t) = / dt W (£)n(t)
5= (5) N%=(n% (A) =0
Build filter W (t) to optimize S/N

32

n(t))



Matched filter |

|dea: correlating template with data
s(t) = h(t) + n(t) (n) =0

% / dt h(t)s(t) = % / dt h(t)? :1F / dt h(t)n(t)
coherent incoherent
~ const ~1/VT
In signal: In noise:
5 = / QW (H)s(t) = / dt W (£)n(t)
5= (5) N%=(n% (A) =0

Build filter W (t) to optimize S/N

33

S — / dt W (E)h(t) + / dt AETn(1))
. / A W (F)h(])

>

N? = </ dtdt’ W ()W (" )n(t)n(t"))



Matched filter |

|dea: correlating template with data
s(t) = h(t) + n(t) (n) =0

% / dt h(t)s(t) = % / dt h(t)? :1F / dt h(t)n(t)
coherent incoherent
~ const ~1/VT
In signal: In noise:
5 = / QW (H)s(t) = / dt W (£)n(t)
5= (5) N%=(n% (A) =0

Build filter W (t) to optimize S/N

34

S — / dt W (E)h(t) + / dt AETn(1))
. / A W (F)h(])

>

N? = </ dtdt’ W ()W (" )n(t)n(t"))

_ / df df' W*(£YW ()R (f)a* (')



Matched filter |

|dea: correlating template with data

s(t) = h(t) + n(t) (n) = 0

% / dt h(t)s(t) = % / dt h(t)? :1F / dt h(t)n(t)
coherent incoherent
~ const ~1/VT

In signal: In noise:

_ / QW (H)s(t) = / dt W (£)n(t)
5= (5) N%=(n% (A) =0

Build filter W (t) to optimize S/N

35

S:/dtW(t)h(t)+</dt

= [ @ (D

n(t))

N? = </ dtdt’ W ()W (" )n(t)n(t"))

(f)RCHR ()

/df df’
/df df’

W
W

(YW
(YW

(f')

1
2

_Sn(f)é(f o f/)



Matched filter |

|dea: correlating template with data

s(t) = h(t) + n(t) (n) = 0

% / dt h(t)s(t) = % / dt h(t)® - ; / dt h(t)n(t)

coherent incoherent
~ const ~ 1/\/T
In signal: In noise:

E/dtW(t)S(t) ﬁz/dtW(t)n(t)

5= (5) N%=(n% (A) =0

Build filter W (t) to optimize S/N

36

S — / dt W (E)h(t) + / dt AETn(1))
= [ (s

N? = </ dtdt’ W ()W (" )n(t)n(t"))

— [ arar (s
— [ arar (s
= [ @ 3SuIV (s

)W
)
W(f

V) )R ()
V(15 Su(FO( — f)
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Matched filter li

Introduce a noise-weighted inner product:

4 +00 N )
@b =aRe [ SEa(hh ()

C n(f) ,
Redefine:
i(f) = 5 Su (W ()

37



Matched filter li

Introduce a noise-weighted inner product:

4 + o0 df ) N )
alb) = 4Re a(f)b™(f
(@) =aRe [ Smanb ()

Redefine:
1 N
i(f) = 5 Su(HW(f)

Simpler expressions:
S = (u|h) N? = (u]u)
S (ulh)

N y(ufu)

Optimization, Wiener filter:

u X h

~

W(f) =2h(f)/Sn(f)

38



Matched filter li

Introduce a noise-weighted inner product:

4 + o0 df ) N )
alb) = 4Re a(f)b™(f
(@) =aRe [ Smanb ()

Redefine:
1 N
i(f) = 5 Su(HW(f)

Simpler expressions:
S = (u|h) N? = (u]u)
S (ulh)

N y(ufu)

Optimization, Wiener filter:

u X h

~

W(f) =2h(f)/Sn(f)

39

Using the Wiener filter on data:
N* = (h|h)
s = (hls)

Matched filter SNR:
S (hls)

N /(h]h)

10:



Matched filter li

Introduce a noise-weighted inner product:

4 + o0 df ) N )
alb) = 4Re a(f)b™(f
(@) =aRe [ Smanb ()

Redefine:
1 N
i(f) = 5 Su(HW(f)

Simpler expressions:

S = (u|h) N? = (u]u)
S (u|h)

N y(ufu)

Optimization, Wiener filter:

u X h

~

W(f) =2h(f)/Sn(f)

40

Using the Wiener filter on data:

N* = (h|h)
§ = (h|s)

Matched filter SNR:
S (hls)

N /(h]h)

10:

In noise:  p=n/N ~N(0,1)

For signal: p ~ N (p,1)

p=+/(h|h)

(perfect template)
optimal SNR



Matched filter li

Introduce a noise-weighted inner product:

4 +00 df - )
alb) = 4Re a(f)b™(f
(@) =ame [ Sa(nb ()

Redefine:
1 N
i(f) = 5 Su(HW(f)

Simpler expressions:

S = (u|h) N? = (u]u)
s (ulh
N V(ulu)

Optimization, Wiener filter:

u X h

~

W(f) =2h(f)/Sn(f)

41

Using the Wiener filter on data:
N* = (h|h)
s = (hls)
Matched filter SNR:
s (hls)

N /(hh)
p=n/N ~N(0,1)
For signal: p ~ N (p,1)

p=+/(h|h)

In practice, multiple templates and
optimize over time and phase

hatas(f) = e >3 h(f)

10:

In noise:

(perfect template)
optimal SNR




Matched filtering SNR

Optimization over phase, 2 d.of.:

p° = e + Py

Distribution (chi2, noncentered):

R = p?

p(R|R) = %6—(R+§)/210 (\/ﬁ)

1
p(R|0) = e 2

Rough estimates:

e templates in bank: ~ 1
* values of time / yr: ~ 1

D5

DlO

e fora FAR ~ l/yr: p; ~ 8
oy ~ 5.5 two det.

single det.

42

0.5- S -

0.4 - P =
0.3
=2
=0.2

0.1

0.0 e

0 5 10 15 20 25 30
102

Thresholding: tradeoff between
false alarms and false dismissals



Whitening, band-passing

x10~ 19

| _m(:;\]\/l _____ ()E?l _____________________ é _____________________ T é ______________________ ém

o0t 12 18 -5 —10 -5 0 5 0 15



Whitening, band-passing

I —1.51

><l10_19

"NKEVfoJ(T915‘ ________________ é _____________________ T é ______________________ ém

................................................................................................................................................

15  —10 -5 0 5 10 15

0.1 0.2 0.3 0.4 0.5

* w.b.p data: close to white noise
e GW150914 is visible in w.b.p

data ! (only loud massive systems)



Matched filtering example

Try a fixed template

Optimize over phase:
Optimize over time:/df e*' ™ 25" /S, = IFFT(hs*/Sy,)

max Re (e'*h|s) = |(h]s)]
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45 See also GWOSC tutorials [https://gwosc.org]
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* GW signals: the basics

* Noise as a stochastic process

* Introducing matched filtering

e Towards real CBC searches

e Other signals: continuous waves,
stochastic backgrounds

46



Template banks

Match with nearest template: 10°
helh
Imax
L 10°
* Effectualness criterion: match ~
> 0.97 =,
* Methods to build a template
bank: geometric (metric
based on match), stochastic,
hybrid 10°

e Trade-off between effectualness
(template bank size) and FAR

* Simplified physics (no precession

added grid of templates

added with higher convergence

x1,2| < 0.05
X1.2| < 0.999
x1] < 0.999, |x2| < 0.05

O1-stellar mass search

O1-Intermediate mass search

o . B °
° - .
: s
© °

AR A A j
6808 Fooqp o0 S 0900008 a0000080000850080
REARSA I RN & o o

$5 5,0 8e celtaNTeRT eg 5o
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M; (Mg)

[arXiv:1812.05121]

Templates are more orthogonal at
low masses, with many wave cycles



Real data: calibration

l AL | | |
4 S Sensing g :
: | err :
I ¢ » (C : > 0 : »|1/(C(model) '
I
xT(PC) | : ! i
N\ . | : |
N Digital | | e w | a
| Filter ! | |
AL,  ot/” . ' | :
free Actuation | | |
!  Cetrl | - !
: ¢ A 4—%4 | > O—I—>| A(mo el) :
I I
N - :
: ALy ! ! |

[arXiv:1708.03023]

_____________________ 3

Realtime interferometer control

Calibration pipeline

e Calibration: the output strain is the
results of a complex control loop

5 10 20

i

100

200

500 1000 2000 5000

Median

99%

BN 05 2N 63%
| |

— |
_105 10 20

50

—
100

200

500 1000 2000 5000

Frequency [Hz] [arXiv:1708.03023]

e Calibration is in part stochastic:
amplitude and phase splines, with value at
nodes randomly distributed in envelope
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Real data and artefacts: glitches, non-stationarity

B LIGO Hanford = LIGO Livingston B Virgo
7 f

150 -~ B

2 mmnm Dyt
% 100 - o . casbinlieg N wmh B
- PN
; 50 ST T CATeY '“:,” "'"'F"! ,.w.‘.-%ﬁ_
A 1 ' !!!I! ¢ ~ | *PSD can show non-stationarity
0 | | | 7 A | “' T | "l | I
0 10 20 30 130 140 150 160 170 on short time scales
Weeks since O2 start [arXiv:2101.11673] 1040 =
(041 64s intervals 1165067724 ——
* Detectors evolve over time, 1042 [ 1165067788 ——
: N 1165067852
varying dUty cycle - 10 = \ 1165067916
z 10ME 1165067980
* Long-term variations of sensitivity o0t =
10746 —
10747 =
1048 | | | |

32 64 128 256 512
49 f (Hz) [arXiv:1908.11170]



Real data and artefacts: glitches, non-stationarity

Frequency [Hz]

1000

Extremely loud

100

10
—0.5 —-0.2 0.0 0.2 0.5 —-0.5 —-0.2 0.0 0.2 0.5
1000
100
10

—2.0 —1.0 0.0 1.0 20 —-20 —-1.0 0.0 1.0 2.0
Time [seconds] [arXiv:2101.11673]

25

- 20

—
ot

—
-

Normalized energy

Frequency (Hz)

Strain (x10 )

* Glitches: strong non-stationary, non-Gaussian events

* SNR alone would be dominated by glitches

* Need more robust significance metric

50

Time (seconds)

6
O
o
2
2.
4 g
(av]
e
O
N
*
@)
Z.
0
— 1%
6 " Strain data B
Bl Glitch model | =
h ' B E
(av]
=
o
_ | B
Hi =
64— - 05

-1.25

-1 -0.75 -0.5 -0.25 0

Time (seconds) [arXiv:|1710.05832]



Real data: data quality, data cleaning

ASD [strain Hz /2]

arXiv:1808.03619

: 15 S 1024
- 2500 Auxiliary Channel Data %0 51
=23 0 | = _
>, 2000 10 z #
g 5 & 128
Q X =
g. 1500 . g o
O = 32
= 5
1000 ~ 16
0 8
—04 —-0.2 0.0 0.2 0.4 —04 —-0.2 0.0 0.2 0.4 -8 0 4 -2T_ [0 OI]2 4 6 8
Time [seconds] [arXiv:2101.11673] . | i
0 5 10 15 20 25
. . . 113 : Normalized tile ener
e Data quality: exploit auxiliary channels, issue vetoes ”
1024
Original H1 data _ o1
10720 M (Cleaned H1 data T 0
g 128
] > 64
10—21_; L%)
] 16
] 8 6 4 2 0 2 4 6 8
10-23 _ Time [seconds]
10 - 100 10° 0 5 10 15 20 25
[arX|vI80905348] Frequency [HA] Normalized tile energy
, o * Glitch gating or removal
* Data cleaning (removal of noise lines)
(BayesVVave)
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Signal consistency and ranking statistic

> . . .
PyCBC 0 T |
Penalization of large residuals: B I T I
computed on n freq. bands, X“with v = 2n — 2 d.o.f. =J] S
S | e A
S W 1O P e

N

[arXiv:602.03839] (8)  [arXiv:1808.03619]

> 102

GstLAL 0

False alarm rate (yr—1)

Consistency between time series and D T

autocorrelation of template o PRI

e |dea: use a ranking statistic for all foreground/
background events

* Tradeoff between false alarm and false dismissals " Pt | <

e Can use different ranking statistics ! o R |

52 101 102 101 102



Significance of coincident triggers: time slides

Q Background (noise) Binary coalescence search
. 20 30 4-10 >5.10
0 Foreground (Slgnal) 5 20 30 405.10 >5.10
10% mmm Search Result ]
1015 — Search Background
. 100;_ I — Background excluding GW150914 -
c 10-11
oA T
: . v 1072} 3
Signal-signal S o3 -LL. GW150914 °
. | | ]
8 10—4:_ LL"L
:E; 1051 -I:q:hﬂ_u_..—.u.r—l-. n n
Z [
1076} Wl W hr j“r L
10_7; ! . ‘
Noise-noise 10-8L ' ' ‘m ‘ 1 L‘

s 10 12 14 16 18 20 22 24
Detection statistic Oc [arXiv:1602.03837]

* Generate large background of coincidences
by sliding time series
* False Alarm Rate: with and without signal

Signal-noise
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Inverse False Alarm Rate (IFAR)

103 -
. . . '\  acwTc.1 @ 0 - Expected Background
* Rank all triggers with ranking — Foreoround
statistic of choice +  GW Events
< 30
102—_ < 20
* From rank of trigger False Alarm | <lo

Rate (over time of extended data)

e Cumulative distribution of IFAR:
N=T/IFAR

Cumulative Number

—
-
[EY

P

e Consistency, does not say how
sensitive the search is 109

1

0% 1072 107t 100 1ot 102 108 10t
[nverse False Alarm Rate (y) [arXiv:1811.12907]
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Sensitivity and p_astro

* [njection campaigns
(simulated signals) to
estimate sensitivity

J

[\
S
1

—_
)
1

Ot
1

PyCBC-broad

PyCBC-BBH

Secondary mass moy [Mg

N =(VT)R
f \

expected count ,
astrophysical rate

—_
ot
1

sensitive volume

1.5 5 10 20 35
Primary mass my [Mg)]

10~ 102 107! T T
Sensitive hypervolume (VT) [Gpc? yr] [arXiv:2111.03606]

* Probability of astrophysical origin: p_astro

p_astro likelihood for counts A1, Ao counts for fg, bg
foreground \ 00 / N\
Py(x]X) = J p(Ag, Aq | X) b dNod A
foreground + background / ) Aob(x)+ Ay f(x) .
+ marginalisation g yd [arXiv:1302.5341]

X, T ranking stat. event, f(x),b(z) ranking stat. distrib, [arXiv:1903.06881]
data fe and bg
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Unmodeled search for bursts

512 E
T 756 53 : :
> 6 £ * Looking for generic
O © .
g 120 43 transients
N .
o 64 2 G e Crucial for SN,
L
32 o w0 5 robustness of CBC
Time (s) Time (s) [arXiv:1602.03837]
* Time-frequency domain: wavelets (cVVB, BayesVVave) L L e N
* Exploit direction-dependent detector response: signal R 20 30NN o > 4.60
f mEm Search Result (C3)
reCOnStrUCthn 10;‘!% ;‘ zearcﬂ iacklgtr:)g;dég)?»)
TR SR : o 10% " Search Background (C2+C3)| &
e Background estimation challenging, introduce chirp £, ‘i‘@ cearch Background (C2+C3 T
2 10-21 1
morphology, vetoes 2 13 wy S
. - 8104 R
Detection statistic: E 105! L
10—62 FI L M
2F, E. coherent signal power 107} HH
Ne = : : 07— 12 12 16 18 207’532
(1 + En / EC) E. residual noise power Detection statistic nc [arXiv:1602.03837]
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Overview of search pipelines

a GstLAL
a MBTA
0 PyCBC

a SPIIR .
Run online (low-latency)

a2 cWB Generic search

Dedicated searches

Run offline

Online analysis: Offline analysis:

* minimize latency

57

e run on ~lweek chunks
* limited data quality/calibration e final data quality/calibration
information information

* send alerts based on FAR * use p_astro > 0.5 for catalogs

Outside groups:

e PyCBC
* Princeton



CBC detections
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* Noise as a stochastic process
* Introducing matched filtering
* Towards real CBC searches

e Other signals: continuous
waves, stochastic backgrounds
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Continuous waves

Target: rotation of asymmetric neutron Long-lived quasi-monochromatic signals:
star (pulsar) modulated response
L, Fye = Fi(t), F (1)
7(t) - it
T(t):t I ()C I AE@—AS@
99.9945 S

N 99.9944 ~
) s oo o Do
S Time / days
[arXiv:1602.03837] § 100.005 -
ﬁj 100.000 -
% 99.995 ~
. = A ' '
* Targeted/directed search: known pulsars, : 1\Time3days / "
galactic center 5 10002- 7
* All-sky coherent search untractable ! S 100.00- /
* Semi-coherent searches required 99.98 - :

—1600 (I) 1OIOO
60 Time / days [arXiv:2305.07106]



Continuous waves
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Stochastic backgrounds

Superposition of signal(s) from all directions: Energy density spectrum of GW background:

d
h(t,x) = Z /df/danA(f, n)ey(n)e 2imft—nx/c) Qaw (f) = / Z?W

Pc
A=+,X

* Main target: CBC background
* Backgrounds of cosmological origin

* |sotropic, Stationary
* Gaussian ? ‘Pop-corn’ ?

10_7 - : 1 5X 10_22 | | | |
{ ——- NSBH Upper Limit ~ CBC background ~ CBC background j - |—BNS|
| = s A IR -
8' I BBH | 3 3 :
1078 e s | | ]
0.5 . I :
= 1 L _a====== ~ W 3 3 :
= ,—":——— = 0 P . 3 I '
éD 10—9_: ......................... c : l'-_‘ | 3 3 :
05 B —:
10 N . ;
10 1 o M | -

10° 10 107 1% 2000 4000 6000 8000 10000
f (Hz) [arXiv:2101.12130] Time (S)  [arXiv:1710.05837]
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Stochastic backgrounds

Cross-Correlation between detectors: Variance;:
i 2 Re[35(£)5s(f)] 2oy L Pif) ()
D = T (%) BN AL

Overlap reduction function: y(f)
at high frequency, signals become
incoherent between detectors

0.4

0.2

] —=- Upper Limit with NSBH == Design A+

— 10° 107 10°
_1 S i SRR f(HZ) [arXiv:2101.12130]

f (Hz) [arXiv: 608.06889] 63
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