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Development of
low-latency GW search
pipeline etc..

My work at LAPP was mainly about data analysis (not Vibration Isolation System)



Introduction :
Laboratoire d’Annecy-le-vieux de Physique des Particules

Topic:

how newly constructed detectors
should enter the detection network?
. (in low-latency CBC search )
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Introduction :
Several detectors are needed for source localization ( detection network )

Noise curve plot
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The sensitivities of these detectors would be different from each other,
especially just after their construction.

(ex. in observation 2 (02), the higher sensitive 2 LIGOs, and the less sensitive Virgo)

» In the Virgo or KAGRA, GW signals can be buried into noise easier than in LIGOs! ¢



Introduction :

Especially, in the low-latency search for Compact Binary Coalescence (CB(C)

Calibrated detector output Template Noise Power Spectrum
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http://old.apctp.org/conferences/2011/NRG2011/NRGPDF/CBC DA Korean School 2011.pdf

According to
matched filtering,
time series of

/| Signal to Noise Ratio (SNR)

are generated.

The generated SNR

from less sensitive detectors
whould be smaller than

the SNR from high sensitive
detectors.

The detection threshold SNR of less sensitive detectors are wanted to be lowered..
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http://old.apctp.org/conferences/2011/NRG2011/NRGPDF/CBC_DA_Korean_School_2011.pdf

Introduction :

gé_ ................................................................................................................................ /Triggers ........
!-Ioweve L _ %_Threshold L
if the threshold SNR is purely lowered, SR 11 T[T 1 . 1
we have to handle tons of the triggers
'Timle

- Computational cost and time cost get large.. Not low-latency, anymore!

How about including the less sensitive detectors into the network,
1. with lower threshold SNR than that of higher sensitive detectors, but
2. only when we search triggers, generated from

higher sensitive detector’s coincidences.



Introduction : “hierarchical search”

Low sensitive

High sensitive |

Combining
3 (or more) detector information

This trigger should ED
the counterpart. |

(
This Template! ] j\.
During this date! -~ | Therecorded SNR,

SNEuEA arrival timing, phase,
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N / Even if the threshold is lowered, EM partners
no need to look for all the triggers = saving time 8
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GW-EM follow up pipe line for low-latency CBC search :

https://arxiv.org/pdf/1512.02864.pdf
- HT S )

- L1 | MBTA --I-[GraCEDb]-I-

GW data
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production candidate and event
GW events validation
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localisation

Sky EM follow up

observations

NS
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Multi-Band Template Analysis

Report results of

1. Matched filtering

2. Veto cut

3. Data quality check

4. ldentification of coincident triggers

N\

~

( BAYESi\an TriAngulation and Rapid localization

Plot “sky map” from R
MBTA output information -—, ™

~

(Detailed information is following in next page.)
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https://arxiv.org/pdf/1512.02864.pdf

Multi-Band Template Analysis ( MBTA )

-2 Split the matched filter across two (or more) frequency bands.

-=> Shorter templates in each frequency band |:> Computational cost reduction
-> Phase of the signal is tracked over fewer cycles.
-2 Smaller sampling rate for low frequency band |:> FFT cost reduction

1. ¥ cut

/ “2. MFO shape cut i

- (Matched Filter Output)

Clustering
and FAR
computation

Identify
. .
coincidences

A
- \ 1. Time coincidence test

2. Exact match coincidence test
~ ( masses, spin are same in all the detectors? )’

Upload event
to GraceDb

™~
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BAYESian TriAngulation and Rapid localization ( BAYESTAR )
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Purpose of this work : in the hierarchical search with HLV,
1. What is the optimal threshold for the V1?
2. How the localization gets improved at the threshold?

High sensitive Low sensitive
H1, L1 = 70 Mpc (*) V1 =20 Mpc (%)

To answer these questions,

1) Prepare injection set

2) Suppose inputting them

3) Investigate re-constructed
sky map

Measures of
localization performance:

» “Offset angle”,
. “Searched area”
(* at 1.4M - 1.4M, Binary Neutron Star ) 14




Definitions of the offset angle and the searched area :

1. Offset angle:
Angle between the sky localization of the injected signal, and the reconstructed max probability pixel.

2. Searched area :

The smallest area of the highest confidence region around the max probability pixel, to include the
sky location of the injected signal.

Searched area

Ex. If the injected position is at
a pixel of probability 0.7,

the searched area is all the sum
) of the pixels which larger

pixcel probability than 0.7.

Maximum probability

15
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Calculation setup : Main flow

3. Re-construct sky map

JH - I
— L1 | MBTA -:P{GraCEDb -I-{Bayestar ]-:-
SV 7 :
. |
GW da‘ta Ider?tlfy : GW database : E‘Tky |
production candidate | and event : localisation Localization
GW ts | o
events : validation i performance
: === -1
| |
| |
! -
1. Prepare injection set 2. Suppose inputting them
Existed 248 MBTA outputs, —————--— - Transform
obtained from HL = HLV triggers
HL double coincidences adding artificial
( generated from previous V1 information
software - injection test ) (SNR, timing, phase)

=)

How the localization
gets improved?
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Calculation setup : How to transform the triggers, HL 2 HL or HLV

Considered 3 patterns :

Case 1var.: HL—=> HLor HL + random V Suppose the V1 triggers from noises
[ If p>FAP, otherwise } # Worst case
Case2 : HL > HL, or HL + V based on injection Suppose the V1 triggers from signals
[ If V1 SNR < threshold, otherwis% =) Best case
Case 3 : HL 2 HL, or HL + random V, or HL + V based on injection

[ 1f p > FAP and V1 SNR < threshold, If p < FAP, If p > FAP and V1 SNR > threshold |

Suppose the V1 triggers from
both of noises and signals

=) More realistic case
( How to generate the FAP, random V, V based on injection, is following ) 18



Calculation setup : How to generate SNR, arrival timing, phase of the V1

1. “random V trigger : Vr"”

4 mj 5 — Fitted
g
1. SNR = Random above a threshold SNR, T 1o SNR:G
following measured O1 SNR distribution ; o
£
g 10°
¢ 101
; 107 : —
® 10 \oori. Harder to be.
g .\ generated |
o o I: 10-6100 I I 1I1 162
2. Timing =ty + At i SNR
to = ty1 if SNRy1 > SNRy,4, otherwise to=1tp0. \ ________________
At = random uniform number from -35 ms to 35 ms. : : :
i Obtained from
3. Phase = random uniform number from 0 rad to 2 m rad. | O1 measurement i
i (next page) |

19
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ing, phase of the V1
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How to generate SNR, arrival t

fitted SNR distribution
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Calculation setup
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Calculation setup : How to generate SNR, arrival timing, phase of the V1

1. “random V trigger : Vr"”

4 mj 5 — Fitted
g
1. SNR = Random above a threshold SNR, T 1o SNR:G
following measured O1 SNR distribution ; o
£
g 10°
¢ 101
; 107 : —
® 10 \oori. Harder to be.
g "~ generated
e e = 10-6100 | S 10
2. Timing =ty + At i SNR
to = ty1 if SNRy1 > SNRy,4, otherwise to=1tp0. \ ________________
At = random uniform number from -35 ms to 35 ms. | . :
 Obtained from
3. Phase = random uniform number from 0 rad to 2 m rad. | O1 measurement i
i (next page) |
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Calculation setup : False Alarm Probability ( FAP )

SNR distribution |:> Cumulative |:> False Alarm Probability
( per template ) SNR distribution ( per template )

( per template )

T False Alarm Probability per template
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, — Fitted 10° y y ;
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FAP=1 —exp(—R XT)

R = cumulative rate of background triggers per template,
above a given threshold, per template,

70 ms for V
T = analyzing time for the V1 ( less sensitive detector ) «+—
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Calculation setup : How to generate SNR, arrival timing, phase of the V1

2. “V based on injection :Vi”

—————————————-’ ________

SNRexpected = from jnjection metadata '\

ASNR = Gaussian(0, 1) These uncertainties are added

2. Timing = _t_e_x_p_‘ic_t_e_dl +i At E . to simulate more from realistic
sy ’ performance.
tPECET = injection meta data The typical values are used
At = Gaussian( 0,1ms) /

qbe"pe“e“ = injection meta data
A¢ = Gaussian( 0, 0.25 rad )

23
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Review r ~
calcc;latlon setup : Main flow 3. Re-construct sky map
+HT = : " How the localizati
— L1 | MBTA -F{GraCEDb -b-[Bayestar]-r- # °W. e localization
Lvi > : gets improved?
) 1 |
GV: data Id?gfy | GW database ! I ?ky. o
production candidate | and event | ocalisation Localization
GW events | L i
1 validation I performance
: [ . J
| bmmmmem -1
|
|
\/

1. Prepare injection set

Existed 248 MBTA triggers,

obtained from

HL double coincidences

( generated from previous
injection test )

2. Suppose inputting them

- Transform
HL = HLV triggers
adding artificial
V1 information
(SNR, timing, phase)

25




Injection position  Searched

Optimization of Virgo threshold :

Typical result : sky map Offset angle

Offset ( deg ) : Searched area ( deg**2)

Double coincidence 24.64 : 98.96 # Repeat 248 times, and
Triple coincidence 0.781 : 5.27 collect the statistics of

the offset angle and the searched area

26



Injection position  Searched
Optimization of Virgo threshold : e

Typical result : statistics Offset angle

For the “case 2” ( Best case ), when the V1 threshold SNR is set at 3.0.

7 .
0.20 FAR <10 " Hz 0.20 FAR <10 " Hz | Maximum
) ' 1 Triple + Doub\e Medlan—gz 34 - : ope
— Trlple+D0ubIe Median=12.83 ; :
[—J Double: Median=20.68 ] Double: I\:fleman 137.30 5 5 prObabllltV
= HL or HLV|
” 0.15 : v 0.5 b
o 2
g g
= £
< 0.10 % 0.10
© o
s 5
2 5
= 0.05 = 0.05
oo0b— It — 1 : 1 2 5 .
1071 10° 10! 102 103 107 10 10 10 ) 10 10
offset between injection location and mode of posterior (deg) searched area (degf )
Offset angle Searched area

|:> Seems to be improved. 27



- Number of injections

Optimization of Virgo threshold :

Typical result : Self-consistency test

For the “case 2”, V1 threshold SNR is set at 3.0.

cumulative fraction of injections

1.0

o
o0

o
o

o
IS

o
N

FAR gl(]_? Hz target 95%‘/

| : rlnnﬁr‘]Pan han
— 3 detector

— 2 detectqr

0

o
>

i i i
0.2 0.4 0.6 0.8 1.0
searched posterior probability

= Certain confidence area

-> Probability - Probability Plot :

90 % confidence area = 90% of injections should be included.

- Localization depends on :
1. arrival timing difference
2. phase difference

3. relative SNR.

- If the added uncertainties are properly,
the curve should along with the diagonal line.

In this HLV search (blue), the curve gets below the diagonal line a little bit.
- The added uncertainties are not crazy (though a little bit not realistic ).

2. Timing = texpected +AE
oo 28

At = Gaussian( 0,(1:__rﬁ:s:)) ----- > 1ms X etc. ?




Injection position

Optimization of Virgo threshold :

Typical result : statistics

Offset angle

For the “case 2” ( Best case ), V1 threshold SNR is set at 3.0.

-7
FAR <10 " Hz 0.2 . FAR <10 Il-Iz |
0.2 1 Triple + Doublle: Median=12.83 I ! ] Triple + DOUF)\Ei Median=92.34 . .
[—J Double: Median=20.68 5 ] Double: Medlan=13?.30 .
T ) A R o 0.15F
° _g
c ; c ]
w 0.10F L= - s 0.10
o !
: t | g
Re : 5 2
o s s o
E Q.05 e o341 S < 0.05}
' 5 0.00——= = R
0.00 ) ] . L %) - - 5 \
1071 10° 10! 102 103 10 10 10 10 ) 10
offset between injection location and mode of posterior (deg) searched area (degf )

Offset angle

Searched area

Searched

Maximum
probability

I:> Collect the median values, with changing V1 threshold SNR
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Worst

Optimization of Virgo threshold :

Best

I:> Collect the median values, with changing V1 threshold SNR.

(Case 1var. :HLor HLVr / Case 2 : HLor HLVi / Case3 : HL or HLVr or HLVi)
More realistic

Injection position

Offset angle

Searched

Median ratio

V1 Threshold SNR

Offset angle
I 1 1 1
i [ : : : :
LA e R o e e .
: ? : : i :
: ! : : : :
I | . . I .
1.2 P 1o P P P Pt 7
. | ® , . ,
! : |
| : '
b - - —— — _——_._—_— s~ - ¢ — e - = b - - — — - — — m—]
[ @ ?
0.8 ' -------- { S .
I A .| = R e .
7 0 IS SOOI FOO S S A .
. |® e case 1l var.
] et S
. |® e case?2
, . |® e case 3
00 | l |
6 8 10 12

Searched area
| I
1.4 Y ------------------------------------- .
T T T :
1.0} SRS S PSS N S5 SO
: °
o | e ®
[ IS S| TSP B S TR |
%aa e
5 f I :
@
B o T o .
T EE T T T s
e e case 1 var.
- T e o case?2 |
, e e case 3
OO | | |
6 8 10 12
V1 Threshold SNR
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Injection position  Searched

Optimization of Virgo threshold : Offset angle
I:> Collect the median values, with changing V1 threshold SNR.
(Case 1var. :HLor HWVr / Case 2 : HLor HLVi / Case3 : HL or HLVr or HLVi)

Worst Best More realistic
Offset angle Searched area
1 -------- i -------- Er ------------------ H—— S S : 1.4 --------- ------------------ ------------------- ------------------- ----------------- .
o / HLVr does not contrlbute
12k oo - to-lmprovement ------------------------ - 1.2 R o o e e -
10——————*——-:——--ﬁ'————-———————-i-------.------ 1.0 B L e S
' ® o E E ® :
2 I : @ : = 5 5 ® :
©0.8 ' T T R e T . 0B g g I ------------------------------------- i
, m " 1
© . . . o i |
B o
=06 Optimal threshold ------------------- . B ] e e ]
séems to be around 3.5~4,
T R e at't'hl's settlng """"""""""""""" - e T
i : : . |® e caselvar. i | E . |® e caselvar.
0.2} R — E ------------------- 5 ------------------- 0.2 e P Preeeeeeneee P a
i ' . |® ® case?2 : : 5 . |® ® case 2
Gettmg better and better | o case 3 : . |® o case3
i I I I 0.0 I | I
0.9 2 4 6 8 10 12 6 8 10 12
V1 Threshold SNR V1 Threshold SNR

# The optimal threshold SNR for V1 is at around 3.5 ~ 4.0. ( Threshold for H1, L1 =5.0) 31



Optimization of Virgo threshold :

Is the optimal threshold still valid for the noisy case?

SNR distribution

trigger rate [evt/hour/template]

=
o
o

Fitted (Noisy)
Fitted
SNR =3

T e
o o o
w o =~

=
o
i

=
o
L

____________________________________________________________________________________________________________
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i
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Q
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[
<
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<
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102

What is happen if
noisier SNR distribution, FAP
are used?

32



Calculation setup : How to transform the triggers, HL 2> HLV
Changed points :

Case 1var.: HL> HLor HL+ randomVv ( Worst case))
If p > otherwise

Case3  : HL- HL, or HL+ random V, or HL+ V based on injection ( More realistic case )
If p < If p > and V1 SNR < threshold , If p >and V1 SNR > threshold

—————————————————————————————————————————————————————————————————————————————————————————————————————————————————

following measured O1 SNR distribution et

1 :
]_0'd N N I fs B i e
| |

.’
i 1. SNR = Random above a threshold SNR, o —

e L L L L T T T T L L T T T T L T T LT T T d



Injection position  Searched

Optimization of Virgo threshold :

|:> If the background triggers are noisy, Offset angle
the localization can be worse. However,
the optimal threshold for V1 still works.

Offset angle Searched area

e e Py I Lar , , | 1 Narmal
[ Noisy | Naisy |
1o——————*——-,——-@———-—-0-—-?— —-—-—-—-—-%-—————1—————- 1.0 —-—--4:-—-—-—-—-9-—-5—————-—-af--—-———— e e
b T
E 0.8 ii ’ . E 0.8 I;I e .
= 0.6 g O - O ] e Sl T o -
] ESSSSSSR SO NUSITE SO B case 1 var. | oabo i case 1 var. |

e o e o
e o case 1l var. (noisy) e o case 1l var. (noisy)
: : : e e Case?2 e e cCase?
0.2 """""""""" """""""""" """"" ® o e e case3
| | | e @ e o

case 3 (noisy)

case 3

; case 3 (noisy) :
i I | i | I
6 8 10 12 0.0 6 8 10 12

V1 Threshold SNR V1 Threshold SNR

0.0
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Summary

Investigated sky localization performance in “hierarchical search” with 3 detectors HLV,
and look for the optimal threshold for V1

1. What is the optimal threshold for the V1?
—> Optimal threshold for V1 is around 3.5 ~ 4.

2. How the localization gets improved at the threshold?
- Offset angle, searched area are reduced to ~70 % at the threshold, according to the setup.

- even if the V1 is less sensitive than H1, L1, in the hierarchical search,
V1 improves the sky localize performance, comparing to the double detector search.

-=> The hierarchical search is useful to enter newly constructed detectors into the network.

... How about the “Hierarchical search” with 4 detectors HLVK ? 36



KAGRA related topic ( Just for introducing )

1) K1 Noise curve

2) K1 Horizon distance are same as V1.
H1, L1 =70 Mpc, V1, K1 = 20 Mpc.

3) V1, K1 thresholds are set as same.

1019 | Noise curve plot

— H1:psd2015
| | — L1:psd2015
PO — | — H1:psd2016
oy — L1 psd2016 |

; | — V1:psd2016

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

Searched area
e | 1
e | i LA, |
‘ ° . i : . HER i 5
& USSR O S B B S . R B : | |
g’® l]l ;,!,j ‘ o8 ;.'p ; 102 N N N e
3 3 | ] ’ ! 0 1 2 3 4
] e % . T S e N e T LT T 10 10 10 10 10
b : i Frequency [Hz]
0.4~ T S I R 0.4 :
(] 1 ; ; ; ; 1 | H :
; , ; ; i |e e caselvar. | e e caselvar.
0.2 T S S S i PP R e S S S PR H
i i |® e case3 | * e case3
L 1 L L L L 1 L L L n
09 2 6 10 12 005 2 6 8 10 12
V1 Threshold SNR V1 Threshold SNR

Look for the optimal threshold SNR for V1, K1, in this search.



KAGRA related topic : Setup

SNR distribution
( per template )

False Alarm Probability
( per template )

Trigger rate

SNR

Probability
5 8 5 8 5 8

=

o
un
[

False Alarm Probability per template

107 |

1

Threshold SNR 10

FAP=1 —exp(—R XT)

R = cumulative rate of background triggers per template,

above a given threshold, per template,

70 ms for V1

T = analyzing time for the V1 ( less sensitive detector ) «+— 30 ms for K1

( Parameters for V1, K1 are mostly same in each other. )

38



Calculation setup : How to transform the triggers, HL = HLV or HLK or HLVK

=) Transforming concept is same as the 3-detector search

2 Procedurs

™. PK1 random uniform number from 0 to 1.

Case 1 : V1, K1 triggers are random

HL + ﬁ"'rr.:.l:\ulil.'prn } Krnmdarn

Cose 1 var : V1, K1 triggers are random 5 \\JQrst case

pvi = FAPB;; and piy < FAPyy
Pvi = FABy; and pyy < FAPK
pvi < FABy; and pyy = FAPy
pvi > FAPy1 and pet = FAPK

Case 2 : V1, K1 triggers are based on injection Pﬂrﬂmﬂ:> Best case

Thresholdyi and SNRg1 =
Thresholdyy and SNRgq =
Thresholdyy and SNRgq <
Thresholdyy and SNRjq <

SMRy1
SNRy-4
SNRy-q
SNRy-q

W II.I' .'-'.

!

by

HL + ﬁ"'rr.:.l:\ulil:nrl.'l

HL

HL

Thresholds
Thresholdg
Thresholdg
Thresholdgg

}
HL + 1"'rrﬂ.nlil.'nrl.'l
b

=

=

=

=

+ }{rnndnrn

k I"::rnrl.d.um
.y

}

HL 4 1'l'uu b E"hln.]

HL + b King
HL + Vigj 4
HL 4 |

Case 3 : V1, K1 triggers are either random or based on injection parameters

FAP(Threshold)

FAP = FAP(SNR) if SNR > Threshold, otherwize FAP

o 1 < FAPy1 and ps < FAPK

o oy = FAPyy and,
i = FAPFy1 and SNR gy = Thresholdg

o oy = FAPyy and SNRyq = Thresholdy; and
k1 = FAFy,

o oy = FAPyy and SNRyy = Thresholdy; and
i = FAPFyy and SNR gy = Thresholdg

# pv1 < FAPy1 and
il = FAFR1 and SNRg1 < Thresholds

# oy = FAPyy and SNRyy < Thresholdy; and
1 < FAFR,

® oy = FAPyy and SNRyy > Thresholdy; and
Mgy = FAFyy and SNR gy < Thresholdg

spyy = FAPy and SNRyy < Thresholdy; and
i = FAFyy and SNR gy = Thresholdg

# pvi = FAPy1 and SNRyy < Thresholdyi and
1 > FAPy1 and SNRE1 < Thresholdig

=

=

=

HL

HL

HL

HL

HL

HI.

HL

HL

HL

Vrandom
ﬁ"'rr.:.|:||i|.'nr|.'|
Vinj
Vinj

Vrandom

Vinj

Krandom
i
Krmlinm

Kinj

E"'.~r|:|:|1q:|-:h|:|1

Kinj

|::> More realistic case




Injection position  Searched

Optimization of V1, K1 threshold :

Now calculation of HLVK is ongoing..

(Uncertainties of the red points are to be investigated.)

Median ratio

Offset angle
1 | |
AT s s s ;
| I o . S o W '(;)'rSt """"" T ] 14_ """"
o | | | | |
. L ] | | p | . .
) S S —— SR - [ S— S— . ] S -
AR More realistic : ; :
10--—---*---:---’----'---—'-'—-'i'-—---i-----' L S B S
I : i :
I H ; ! o : | ° .
S SO S S S S SR ] © | i H :
0.8 ! oo | c 0 3‘...+o.... """"""""""""""""""""""""""""""""" .
: & ° = ® e ®
0.6} e e § P I SR R T R RO i
D@ & : 0.6 r o -
¢® % ° @
; ! : I
: L :
O AP T o . e S T e .
I i | . : : :
) ; : : e e caselvar H | : : :
o2k S R L e " ; | ; ; . |® ® caselvar.
' i I i ; . |e e case?2 0.2F-----mmemeev prommeeeneeeena Proennaneenns s R RRERRES =
: : : : : : e e case’
i ' : : . | ® @ case3 | e o case3
0.0 : : ) ; : : 0.0 i ! i i i .
0 2 hreshld SR 10 12 0 2 4 6 8 10 12
resho V1 Threshold SNR
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Injection position  Searched

Optimization of V1, K1 threshold : Offset angle

Now calculation of HLVK is ongoing..

Case2 = “Best” case Case3 = “More realistic” case
Offset angle in case 2 Offset angle in case 3
H | 1 H
' |
. | . . . . . . . . .
! e ! L
: | 5 5 ; 5 | : | i :
0.8 omseemeeees R A oS R o e . B N N S oo g o e .
: : * : : ; : ; : :
o : 9 KR ' :
I : I : : : : © e
= ' ® : ' :
] s S P o oo g k] R 1 - a
S : I L] : : : K
s ® 0 , , s
. | . ;
IR SO ® e peltie 2 I I 0 S S St SR S RPRPRE USSR i
0.4 T Locallzatlon
* !
. gets |mproved 5 5 5 5 5
] e e Lo e et S - : T pr A o P ]
: I ' : e o 3 detector search | : | ® e 3 detector search
: | . , e e 4 detector search : e o 4 detector search
H H H ] ] |
0-05 7 | J 6 8 10 12 ‘ 6 8 10 12
. Threshold SNR Threshold SNR
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Optimization of V1, K1 threshold : Searched area

Now calculation of HLVK is ongoing..

Case2 = “Best” case

Searched area

1 I I
, | i , ,
: I : : :
: I : : :
1.0 R S ' 5
E o [ ST T T ]
o | ¢
: I : ® ' :
i I 1 . E i
] ARSUSSRR SNN B SR N SR S |
o | I e
@ ot
|
o I T B -
E f ? e
= i :
:. |
04F------------ : ----------------------------------------------------------------------------------- —
: I
® I
: I
] e s R o R R -
; [ ; ; e e 3 detector search
. | . .
5 I , , e e 4 detector search
0.0 i | i i ] ]
0 2 4 6 8 10 12

V1 Threshold SNR

Case3 = “More realistic” case

Injection position

Searched

Median ratio

Searched area

| I
_______________T_____-_‘_______
° * i
. : .
"""" i..._
e e 3 detector search
| e o 4 detector search
| | |
5] 8 10 12

V1 Threshold SNR
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Next step ( ongoing )

1. To get more realistic results,
simulate the localization performances with changing the added timing uncertainties.

2. Continue the calculation about the hierarchical search with 4 detectors HLVK
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Tools which | learned : Vega

vega : plotting tool based on ROOT.

Mainly (in my case)
* Plot histograms, such as SNR distribution.

*

Fit

* Edit MBTA output files (.gwf), or Bayestar input files (.xml)

Errormes

TH1F *hSNR_H1
TH1F *hSNR_L1
TH1F *hSNR_V1
TH1F *hSNR_com

ll(snPLlj;
Fill(snrVl};
il1(snrCom);

nEvt++; }

I

e., 1.

“C” language

w0
e
c
Qo
>
(«}]
Y
o
|5
[F]
o]
£
=]
Z

tStart:GPS 1124126000 , duration: 150000 sec{41.67 h). num of events: 150061 evts, durationH10K: 25.28 hours, frigger rate: 5.83e+03 evthour

hSNR_H1_No_1
Entries 150061
E Mean 8.25
- RMS 0.3827

Istograms, etc.

102
SNR in H1
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Tools which | learned : Bayestar

Bayestar : mainly

bayestar localize coinc:
* Generate files to plot skymaps ( this process needs long time : ~ one night )

bayestar aggregate found injections :
* Generate files to plot offsets angles, searched area, 90 % confidence area,,,

bayestar plot_allsky :
» Generate skymaps

Bayestar has more functions.
what I’'m using is only these ones.

;Jr;ﬂ p | t_r |In~ur
tar _Prune_ ne | ghbo

:Jr:ﬂ _1rnr |- ru---i--l_r =d
o tme | thanl

* Except for them, I’'m using “ligolw”, some python codes etc.
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Definitions of the offset angle and the searched area :

1. Offset angle

2. Searched area

3. Certain confidence area
( ex. 90 % confidence area )

: How far the localization is
from the true injected position

) I:{) How spread or concentrated each probability is

Maximum probability
pixcel

~N
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Optimization of Virgo threshold :

SNR distribution

Is the optimal threshold still valid for the noisy case?

False Alarm Probability

trigger rate [evt/hour/template]

Fitted (Noisy) |
Fitted
SNR =3

Probability

10°

False Alarm Probability per template

— Fitted (Noisy)| ]|
—  Fitted
-- SNR =3

______________________________________________________________________________________________________________

Threshold SNR
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Update the sky localization performance in the case 3 :
Summary of sky localization performance

HLVr = HL + Vrandom
HLVi = HL + Vinjection

1.4

1.2

Median ratio
o
oo

o©
o

0.2

0.0

Offset angle

=
(=)

1 1 1 1 1
o
..........................
?
|
|
__________________________ (SN USSR WU S N

_________________________________________________ B
®
® [ ]
e o casel var.

""""""""""""""""""""""""""""""""""""""""""""""" e o case?2 )

. . |® e case3

| | |

6 8 10 12

V1 Threshold SNR

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Number of triggers in the case 1 var.

3 35 4 5.5

EWHL mHLVr

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0

X

Number of triggers in the case 2

2 3 3.5 4 5.5 7 8 10

EHL mHLVI
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Update the sky localization performance in the case 3 :

Summary of sky localization performance

HLVr = HL + Vrandom
HLVi = HL + Vinjection

Offset angle
1 1 1 1 1 1
; [ ; ; ; ;
LA S e A .
I f 5 f
H | H H H H
1.2 e P T Fromrmmeoeeoemoees et Pt T 1
. | ° . .
o s
| . .
LOp == b e g ]
9 : e
o I : ® :
S 0.8 P - S -
& ° ®
o
Q
B e .o . L _
0.4 -emmmmmmmmemebenn e -
g g g . |® ® caselvar.
0.2F o prrenenesdiseoees Prreeeneseeeeoeees R R REREEE .
! ! ! . |® ® case?2
® o case3
0.0 | | |
6 8 10 12
V1 Threshold SNR

100%

90%

80

X

70

X

60

X

50

X

40

X

30

X

20

X

10

0

X

X

Number of triggers in the case 3

31 32 33 34 35 36 37 38 39 4

B HL WMHLVr mHLVi
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Start to generate skymaps with 4 detectors ( one-template search )

Offset angle
T T T T T
; [ ; ’ E ;
1.4¢ SRR LR 3 .
[ ;
Il @ :
|
1.2¢ - .
| |
| s
| .
10— —— = e e e e g — ]
—I[ i ® t
] [ : ;
E 0.8 L h_ (R d_ .
c : ' ® e ® i
L : ' e 5
I S N 5
e | ° ! |
; I E
s | ! | :
¢ | i . |e e case1var.
0.2f s
; I ; i |® ® case 2
. | . .
: | : : . |® ® case3
0.0 1 | 1 | | ]
0 2 4 6 8 10
V1 Threshold SNR

12

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Number of triggers in the casel var.

3 3.5 4 5.5

sk =Hwe mHe = LV rKr

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0

X

Number of triggers in the case 2

3 3.5 4 5.5 7 8 10

EHL mHLVIi mHLKi ®HLViKi
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Start to generate skymaps with 4 detectors ( one-template search )

Offset angle
1 I I
; | ;
TAf o e S T SRR TR s
|
|
| @
12 ro e s
[ :
o
10_______I.___:-___.:____.._______.I______..______—
| i
2 | 3
e e . |
c 0.8 | L] :
.© | !
@ ¢ B 0
= 0.6t .:0" ------------------------------------------------------------------------- .
e ®e o |
: |
0.4 [ -wseameeaess e e T R S -
g | | | :
® : g g e e caselvar.
e I o o o e o case? |
. | . .
; ! ; ; e e case3
0.0 | | l l l
0 2 4 6 10 12
Threshold SNR

Number of triggers in the case 3

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

23 25 28 31 33 35 38 39
W HL ®mHLVrKr ®HLVr HLKr ®WHLVIKi ®HLVIi mHLKi mHLVrKi = HLViKr

Trigger population seems to be strange...

Vr = Vrandom
Vi = Vinjection
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* Start to generate skymaps with 4 detector

-27.240 msec, LV Max: 26.411 msec, LY Min: -26.343 msec

Time_HW

250
0.000€204
D.01572

" 0«3

40

Timing HY

Time_LV

250

o.oooe1es
0.0153

10

Timing LV

.30...
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= 35 msec

= 30 msec

A THK

35 msec

A TLV

= 40 msec

ATk

70 msec

T =

80 msec

T =

(T is Time window for searching K1 trigger)
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HL = HL or HLV or HLK or HLVK

1.1 Genetaing random tpiggers : Viandom. Krandom

SNR = Raodom above a threshold SNR. following measured 1 SNR distribution.

Time = 7 + At
oty =ty if SNRyg1 = SNRL1. otherwise g = 11
o At = random uniform number:

from —35 ms to 35 ms, for V1.

from ms to ms, for K1.

Phase = random uniform mumber from 0 rad to 27 rad.

Effective distance Dog = 2.26 x detection range x 8 / SNR

1.2 Generating triggers based on injection parameters : Vi, Kig;

SNR = SNR™P=ted L ASNR

o SNREP=ted _ 9 96 » detection range ¥ 8 [ Deg

o ASNR = random Gaussian(0, 1).

o D.g = injection meta data

o detection range for V1 = 54 Mpc % 20 Mpe / 70 Mpc
o detection range for K1 = 54 Mpe x 20 Mpe / 70 Mpe

Time = ¢expected L A¢
o texpected — jnieetion meta data
o At = random Gaussian(0,1 ms).

Phase = ¢y + Ag
o ¢p = du1 — .ﬁ{trf_[x\];““d if SNRy; > SNRL1. otherwise ¢g = ér1 — .ﬁq.trﬁ?““d._ for V1
o gy = by — AdTE™* if SNRyy; > SNRy,y, otherwise ¢y = op; — AdTE™" for K1
D1, DL ? injectim;dmeta.data | y
. t . t t . t
ﬂ@iﬁ]ﬁece &mﬁpec ‘ ﬂu expecte 1& ex pec
o A¢ = random Gaussian(0, 0.25 rad).

Note that the Gaussian(u, o) corresponds to this function:

Gaussian(p, g) = _1 exp (—M)

Pl 202

i DL are generated from injection metadata.

2 Procedure

1. Pic1 = random uniform number from 0 to 1.

Case 1 : V1, K1 triggers are random

HL + 1I|III-ra|.|:\||:'h:vnr|:| + Krn:ndorn

Case 1 var : V1, K1 triggers are random

pvi1 < FAFRy and pgy < FAFK
pvi = FAFRy and pgy < FAF
pvi1 < FAFRy and pgy = FAF
i > FAPy and pr1 > FAFk1

Case 2 : V1, K1 triggers are

-
= HL +
-
-

HL +

SNRw1 = Thresholdyy and SNHg1 = Thresholdi
SMRy 1 < Thresholdyy and SNRjy > Thresholdgy
SMNRy-1 = Thresholdyy and SNRjy < Thresholdgy
SMNRy1 < Thresholdyy and SNRjy < Thresholdgy

based on injection parameters

4l

HL + 1I"'I-ra|.|:\||:'ll:vnr|:| + Krnndorn

+ K:I'n.n.d.ﬂm

HL + 1I"'I-ra|.|:\||:'ll:vnr|:| +

+

HL + Viaj + Kingj
+ Kigj
HL + 1""-i:|1j +

HL +

HL +

+

Case 3 : V1, K1 triggers are either random or based on injection parameters
FAFP = FAP{SNR) if SNR > Threshold, otherwise FAP = FAP(Threshold)

e vy < FAPy
* oy < FAPy
1 = FAFg
* oy = FAPy
1 < FAFg,
* oy = FAPy
1 = FAFg
w1 < FAPy
il > FAPK
. Ry o FAF'.,.'i
1 < FAP
.y > Fﬂpvi
i1 > FAPy

and pr1 < FAPrq

and,

and SNRpy = Thresholdg,
and SMNRyy = Thresholdyy and

and SMNRyy = Thresholdyy and
and SNRpy = Thresholdg,
and

and SNRg1 < Thresholdig
and SNRyy < Thresholdyy and

and SNRyy > Thresholdyy and
and SNRpy < Thresholdg,

apyy = FAPy and SNRyy < Thresholdyy and

T Fﬂpxi
sy > FAPn
il > FAPK

and SNRpy = Thresholdg,
and SMNREwyi < Thresholdyy and
and SNREg1 < Thresholdg:

=

HL + Vimndom 4+ Krandom

HL

HL

HL

HL

HL

HL

HL

HL

1I|III-ra|.|:\||:'h:vnr|:|
Vinj
vi:nj

Vrandom

+ Kinj

+ Krnndorn

+ Kigj

+ Krn:ndom

+ Kirj

(2

(3]
(4]
[3)
(6]

(7
(&)
()
(10

(11}
(12)
(13)
(14)
(15)
(1)
(17)

(18)
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* Start to generate skymaps with 4 detector (V1, K1 threshold = 3.5)

HL + Vrandom
HL + Vrandom + Krandom

HL + Vinj
HL + Vinj + Kinj
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* Investigate the SNR distribution at low SNR distribution

SNR distribution

107 |- -Extrapolated curve | —
) | | :

Regionl

Regionl low th
Region2

Region2 short [}

Region3
Region 3 short
SNR =3

SNR =6
measured
fitted

cumulative trigger rate [evt/hour/template]
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At low SNR, if collecting time gets shorter,

-

=

:g

10

=
TTLTT

Certain collecting time length

According to this, collecting time effect contributes to
SNR distribution at low SNR.

Sometimes FAP has pseudo saturation before getting to 1. )

1) the saturation gets better, and 2) curves get close to red line( extrapolated one )

At High SNR, there are mostly no differences = distributions don’t depend on how to analyze, and templates.
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* Investigate relation between the P-P plot and timing fluctuation

Gaussian tipe = 1 ms ( Const. )

->

6
= Time or Time X —

target B5%

FAR <10 ' Hz
[ [

1.0 T I confidence I‘.iar-.?
a=0ms
og=0.5ms 5
o=0.5ms*6/SNR| |
0.8 o=1.0ms
£ — 5 =1.0 ms * 6/SNR
G o =0 ms, 0 rad
E 0.6 DUUblE .
o ' :
5
g v
o &
o X
.E D,4— ----/—--;;é\-"‘:--._j;_:__.,-_._x
g VLl ;/f f/” : :
£ o7 /,ﬁ?'-;;x If o gets smaller,
o e
o /=l curve gets closer to
| r diagonal line.’
Yo/ but still under the
Dlzlagonal Ilpe.
D'B.D 0.2 0.4 0.6 0.8 1.0

searched posterior probability

nl < i target 95%
1.0 I F;"!.R_l[} HIZ I copfidence tfﬂrl ¥
If ogets smaller, I
. the results gets more / — ,r’
o pESSImIStIC . ) ,cff’f /
c :
ke // g
- i ;s
8 9 consnstent 4
= 0.6k .) 2/ ,,/ _
= 0.
c . 77 /_f
IE : y i /J;/'
il | |
-E 0.4 o=0ms
[1¥]
E o= 0.5ms
3 = 0.5 ms * 6/SNR
0.2k = 1.0 ms | |
= 1.0 ms * 6/SNR
= 0 ms, 0 rad
; ; — Double
1 1 I I
0-8 0 0.2 0.4 0.6 0.8 1.0

searched posterior probability

Case 3 ( HL, HLVr, or HLVi)

Case 2 ( HL, or HLVi)

* ( Arriving time ) = ( meta data ) + ( Gaussian )

We cannot judge
if the statistics is
optimistic

or pessimistic,
from this P-P p§].



