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LIGO/Virgo data
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Which kind of astrophysical source?
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Which kind of noise?

Spectrogram of V1:spectro_LSC_DARM_300_100_0_0 : start=1189644747.000000 (Sun Sep 17 00:52:09 2017 UTC)
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Which kind of data analysis techniques?

Known transient Unknown transient
signals signals

w Modeled search w Un-modeled search:
w Matched filter w Exces®f energy detector

Known Continuous Unknown Stochastic
signals signals

w Modeled search w Un-modeled search

w Integrationmethod over w Correlationbetween
long period detectors
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CBC Gravitational Wave signals

An artist's impression of two stars orbiting each other and progressing (from left to right)
to merger with resulting gravitational waves. [Image: NASA/CXC/GSFC/T.Strohmayer]
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An example signal from an inspiral gravitational wave source. [Image: A. Stuver/LIGO]
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Modeled signals: Matched filter in action

Data \ v/- Template

r(t) = 4 X(fs)n(r:c)(f) et df =20 |
Noise power spectral density= -8 W
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Unmodeled signals

ASQrategy: look for excespower in single detector or
coherent/coincidentn networkdata

AExample cWEh(tps://gwburst.gitlab.id)

Coherent WaveBurst was used in the first direct detection of gravitational waves
(GW150914) by LIGO and is used in the ongoing analyses on LIGO and Virgo data.

Time-Frequency maps of GW150914: Livingston data (left), Hanford data (right)
First screenshot of GW150914 event

arxiv:1811.12907
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https://gwburst.gitlab.io/

The first GW catalog (O1/0O2 run)

GW170818-HLV

\ GWTEL: A GravitationalWave Transient
‘ | GW170608 Cataloopf Compact Binary Mergers Obsen
GWEe by LIGO and Virgo during the First and Se

N

\ — 6W170809 Observing Runarxiv.org/abs/1811.12907
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https://arxiv.org/abs/1811.12907

O3 event rate ~1/week

GraceDB — Gravitational Wave Candidate Event Database

[ HoME T SEARCH | LATEST | DOCUMENTATION | LOGIN

Latest — as of 8 July 2019 13:15:27 UTC

Test and MDC events and superevents are not included in the search results by default; see the query help for informatian on how to search for events and superevents in those categories.

Query: [
Search for
search
utc
uID Labels t_start o tend FAR (Hz) Created

5190707 ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1246527223.118398 1246527224.181226 1246527225.284180 5.265e-12 2019-07-07 09:33:44 UTC
5190706ai PE_READY ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1246487218.321541 1246487219.344727 1246487220.585938 1.901e-09  2019-07-06 22:26:57 UTC
5190701ah PE_READY ADVOK SKYMAP_READY EMERIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1246048403.576563 1246048404.577637 1246048405.814941 1.916e-08  2019-07-01 20:33:24 UTC
5190630ag PE_READY ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1245955942.175325 1245955943.179550 1245955944.183184 1.435¢-13 2019-06-30 18:52:28 UTC
5190602aq PE_READY ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1243533584.081266 1243533585.089355 1243533586.346191 1.901e-09  2019-06-02 17:59:51 UTC
5190524q ADVNO SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1242708743.678669 1242708744.678669 1242708746.133301 6.971e-09  2019-05-24 04:52:30 UTC
5190521r PE_READY ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1242459856.453418 1242459857.460739 1242459858.642090 3.168e-10  2019-05-21 07:44:22 UTC
5190521g PE_READY ADVOK SKYMAP_READY EMERIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1242442966.447266 1242442967.606934 1242442968.888184 3.801e-09  2019-05-21 03:02:49 UTC
5190519b, PE_READY ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1242315361.378873 1242315362.655762 1242315363.676270 5.702e-09  2019-05-19 15:36:04 UTC
5190518bb ADVNO SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1242242376.474609 1242242377.474609 1242242380.922655 1.004e-08  2019-05-18 19:19:39 UTC
5190517h PE_READY ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1242107478.819517 1242107479.994141 1242107480.994141 2.373e-09  2019-05-17 05:51:23 UTC
5190513bm ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1241816085.736106 1241816086.869141 1241816087.869141 3.734e-13 2019-05-13 20:54:48 UTC
5190512at PE_READY ADVOK SKYMAP_READY EMERIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1241719651.411441 1241719652.416286 1241719653.518066 1.901e-09  2019-05-12 18:07:42 UTC
5190510g ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1241492396.291636 1241492397.291636 1241492398.293185 8.834e-09  2019-05-10 03:00:03 UTC
5190503bf ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1240944861.288574 1240944862.412598 1240944863.422852 1.636e-09  2019-05-03 18:54:26 UTC
5190426¢ PE_READY ADVOK SKYMAP_READY EMERIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1240327332.321668 1240327333.348145 1240327334.353516 1.947e-08  2019-04-26 15:22:15 UTC
51904252 ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK 1240215502.011549 1240215503.011549 1240215504.018242 4.538e-13 2019-04-25 08:18:26 UTC
5190421ar PE_READY ADVOK SKYMAP_READY EMERIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1239917953.250977 1239917954.409180 1239917955.409180 1.489e-08  2019-04-21 21:39:16 UTC
5190412m PE_READY ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1239082261.146717 1239082262.222168 1239082263.229492 1.683e-27  2019-04-12 05:31:03 UTC
5190408an PE_READY ADVOK SKYMAP_READY EMBRIGHT_READY PASTRO_READY DQOK GCN_PRELIM_SENT 1238782699.268296 1238782700.287958 1238782701.359863 2.811e-18  2019-04-08 18:18:27 UTC
5190405ar ADVNO SKYMAP_READY EMERIGHT_READY PASTRO_READY DQOK 1238515307.863646 1238515308.863646 1238515309.863646 2.141e-04  2019-04-05 16:01:56 UTC
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HowMachine Learning
can help real time
analysis
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Low Latency data
analysis
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GW alert system

Time since gravitational-wave signal

Set Preferred Event I
Automated Vetting |
Classification |

Rapid Sky Localization [

Preliminary
Alert Sent

Parameter Estimation | |

Initial Alert or

Human Vetting | Retraction Sent

Classification ﬂ

Parameter Estimation [N | ypdate

Classification I Alert Sent

10 sécond 1 milnute 1 hlour 1 ciay 1 week

https://femfollow.docs.ligo.org/userguide/index.html
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https://it.wikipedia.org/wiki/Digital_object_identifier
http://dx.doi.org/10.1103/PhysRevLett.119.161101

Numbers about Virgo data

Number of
glitches

w50MB/s w1-3PB wl/week wl/sec
wl/day? w0.1/sec?

Should be analysed in less than 1min
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How Machine
Learning can help

Data conditioning Signal
A Identify Non linear noise Detection/Classification/PE

coupling A A lot of fake signals due to noise W

A Use Deep Learningto A Fast alert system

ise imati
remove no A Manage parameter estimation

A Extract useful features to
clean data
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Example of Glitch signals

https://www.zooniverse.org/projects/zooniverse/gravity
SpPy
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Gravity SpyZevinet al (2017)




Why SignaClassificatio?

Alf we are able to classify the noise events, we can clean the data in’
fast and clear way

AWe can help commissioners
AWe can identify glitch families
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Artificial Intelligence workflow

PREDICTIONS
Machine Learning o
o)
T /|
VALIDATION !)
Select and prepare trainirg data BATA
A
hich data?
7 I 2 Trained algorithm
Prediction
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[ 4
I
¥ | | .
?> ok - & ‘ {
Select the algorithm . x
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Glitch classification strategy for GW detectors

Training Process

Machine Learning
Unsupervised Algorithm

Glitches detection
&
features extraction

N 3

L ‘;{=> Trained pipeline ——\ Predictions
N

New data
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Two different approaches

Almages ATime series

le-21 This should be the event

Frequency(Hz)

Tim,

sed deep learning for classification of noise transients in gravitational wave detectors,

Waveletbased Classification of Transient Signals for Gravitational Wave Detdgelems Cuoco
iano Razzan&lena CuoccClass.Quant.Gra5 (2018) no.9, 095016

Massimiliano Razzano and Andtiina, #1570436751 accepted reviewed paper at EUSIPC0O2018
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Glitches classifcation

AApplication on Simulated data

AApplication on Real Data

ATimeseries (Wavelet) based classification
Almage based classification with Deep Learning

ooooooooooooooooooooooooo

cuirpLike BREEN 0.00 000 000 000 001 001
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Test omsimulated data sets

To test the
pipeline, we Add 6 different
prepared ad classes of glitch
hoc simulations shapes

Simulate
colored noise
using public H1

sensitivity curve a2NB AY CAf Al

M2J) E G Osidis:



Data simulation

. Ad hoc simulations for tests (e.g. Powell+2015)
. Simulate colored noise using public sensitivity curve
. 6 classes of glitch shapes (+ NOISE one to check detection)

5g_0009 H1 ( Q=7.493 f0=384.212 h0=4.5e-20 hrss=1.9e-21 tau=0.004)
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Simulated signal families

;e . A, Gaussian
i SineGaussian
RingDown
=== Chirplike
r Scatteredlike
Whistlelike
"' NOISE (random)
To show the glitch
| time-series
B T T I L 5 % 5 her e W e donot
gps time -1196360689.580 [s.] gps time -1196360689.800 [s.]

noise contribution

Razzano M., Cuoco E. CQG-104381.R3
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Signal distribution

Simulated time series with 8kHz sampling rate

Glitches distributed with Poisson statistics
m=0.5 Hz

2000 glitches per each family

Glitch parameters are varied randomly to achieve
various shapes and Sigrgd-Noise ratio

EURCPFEAM
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Data preprocessing

AMany spectral features

—0O2 L1 sensitivity

—02 H1 sensitivity
—02 V1 sensitivity

10 10
Start=Aug 14 10:13:39 2017 duration=300 sec Freq (Hz)

EURCPFEAM
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ANon stationary and nonlinear
noise

Spectrogram of V1:spectro_LSC_PRCL_300_100_0_0 : start=1189731268.000000 (Mon Sep 18 00:54:10 2017 UTC)
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It can be useful for ofine
application

It can be implemented for
non stationary noise

EUROPEAM
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PSD [1/sqrt(Hz)]

Whitening in time domain

modeling

E. Cuoco

We need parametric

1st RTA workshef019, Institut Pascal



AR parametric modeling

An AutoRegressive process is governed by this relation

x[n] = — Zp: alk]x[n— k] + w(n],
k=1

and 1ts PSD for a process of order P is given by

o2

Par(f) =
AR(1) \1+Zleakexp(—527rkf)\2

Kay S 1988 Modern spectral estimation: Theory and Application Prentice Hall
Englewood Cliffs

LURCPEAM
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Advantages of AR modeling

AStable and causal filter: same so

B in]
U /
Ei‘\ -
P L x[n-1]
X[n] = kz_:l wix[n—k]. OBE
- /\; x[n-2]
e[n] = x[n] — X[n]
P -
Emin = Foc[0] = Y, Wiho[—K].
k=1 N x[n-p]
JpJ
Wi = —dk
Epin = O WienerHopfequations

M2J) EG Osiidine



PSD AR(P) Fit

Thermal+shot noise

le-16
h-simulated
- Burg fit P=512

le-20 E

= | y
I /\’“\q J ) AP el
Lo | | it s
L“""\"V""" it | R | N P M,-,IW
WAt W R
le-24

10 100 1000 10000
f(Hz)

cuoco et al. Class.Quant.Grav. 18 (2001) 1727-1752
and
Cuoco et al.Phys.Rev.D64:122002,2001
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Signals in whitened data

Not Whitened

suunt | B
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Wavelet based classification

ATime series

This should be the event
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Wavelet decomposition of time series

The wavelet transform replaces the Fourier transform sinusoidal
waves by a family generated by translations and dilations of a window
called awavelet.

M2J) EG Osiidine



Wavelet denoising

xi=hi+n =01 .. N-1

Wavelet transform

t = \/2log NG— Local noise

W(x)= W(h)+ W(n)
Threshold functiol

h=W Y T(Wx))

Dohone and Johnston proposed two different thresholding strategy: the
soft thresholding and the hard thresholding. Given a threshold t and w
the wavelet coefficient, the hard threshold for the signal is w if |w| > t,
and is 0 if |w| < t. The soft threshold for the signal is sign(w)(|w|— t)
if lw| > tandisQif jw| <t.

LURCPEAM
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Wavelet Detection filter asvent Trigger
Generator

ASelect highest values

_ 2
Es = \/ ; Wik.j ® Energy of the signal
J

AReconstruct a prot&NR

SNR = E 6 3 . Bfthe signal

EURCPFEAM
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Wavelet Detection Filter (WDF) workflow

)l W

+oo
dt.
r,=h;+mn;, i=0,1,.N—1, Wila,b) = {f, ¥, [ I ( ) ‘ !

dﬂ.n(ﬂ '*[f/+l.,'1(")
Aﬂ!\ _/]ﬂl'\.
] Vi

Whitening
Data in time
domain

g [l ”WNWWNM

Wavelet - Parameter
transform De-noising estimation

hi = WLt [W (x5)]).

V1:LSC_DARM: Time frequency glitchgram
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Glitchgram

Time-Frequency distribution by SNR slice

V1:Hrec_hoft_16384Hz: Time frequency glitchgram

-
o
T A Y]

Frequency

' l 1 | I
1.22885B 1.228855B 1.22886B 1.228865B 1.228878B 1.228875B 1.22888B
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WDF waveform extraction

v Wavelet transform in the selected ‘ ‘
window size

v Retain only coefficients above a fixed
threshod (Donoho -Johnston denoise
method) '

L §F N § B B ® B B B ® B B ® B B °B B | n”ﬂ}}um I'L:HLP“}
AN

§ Create a metrics for the energy using i i A -1

I the selected coefficients and give

[ back_the trigger with all the wavelet I Gps dura’[ion’ Snrsnr@maxfreq_mean
corresponding wavelets coefficients.

v In the wavelet plane, select the
highest values to build the event

v Inverse wavelet transform

v Estimate mean and max frequency
and snr max of the cleaned event

LURKCYPLE AN
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mailto:freq@max

Waveformreconstruction

I I I 1 I 1 I 1 I
- A — Wwlutened data |
|'|- —- BsplineC309
le07H g, —

-1e-07

-2e-07 —

| L | L | L | L | L |
BOTR36397.20 BOTE36307.25 80783639730 BOTEI630733 BOTE3639740 BOTEIA3QT45
time (secs)
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Waveformreconstruction: example

Class GAUSS @ 1196360970.0621965 with SNR=25.61 Class CHIRPLIKE @ 1196360915.2343366 with SNR=35.46

Injected

- B
g ¥
z g
g :
g
g
H H
z £
£ .
2
100
10°
H
3 &
g 5
§ £
g 3
g g
H §
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Glitchclassification, past works

AUnsupervised on Simulated data:

A Classification methods for noise transients in advanced gravitativae¢ detectors
Jade Powell, Danielkifiro, Elena Cuocdk SiongHeng Marco Cavaglidlass.Quant.Grag2 (2015) no.21, 215012

AUnsupervised on Real data (ER7):

A Classification methods for noise transients in advanced gravitativaaé detectors Il: performance tests on Advanced LIGO
data, Jade Powell, Alejandro Torfeésrné Ryan Lynch, Dani€leifird, Elena CuocoMarco Cavaglidk SiongHeng José A.

Font,Class.Quant.Gra®4 (2017) no.3, 034002

Step 1: WDF
Whltenlng SNR >Threshold
Parameter
r Step 2: Machine Learning i

-I' Save Event and
] J Parameters at
L Peak

\'\
‘ Unsupewlsmned Feature Sﬁlectlon Wavelets
Classiﬂtatlon Coefficients
LURCPEAM
GRAVITATIONAL E. Cuoco 1st RTA workshe@019, Institut Pascal
OBSERVATORY
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Wavelet Detection Filter and XGBoost (WDFX

Step 1: WDF

Whitening in Wavelet _— SNR
(O oo

~
Whitening SNR >Threshold
Parameter

————— e A,

Step 2: Machine Learning

Supemnvised classification V
‘ R ] Save Event and
-

Parameters at
Peak

v
\/
'S - ~
E;:::I:‘IEZ Unsupervisioned Feature Selection |§® Wavelets
- Classification (PCA, ...) o Coefficients
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Supervised Classification:
eXtreme Gradient Boosting

https://github.com/dmlic/xgboost

Tiangi Chen and Carlos Guestrin.
XGBoost: A Scalable Tree Boosting
System. In 22nd SIGKDD

Conference on Knowledge Discovery ; | e _
and Data Mining, 2016 = i sommanani 53— W ramiy siopmiasii st

XGBoost originates from research

project at University of Washington, Tree Ensemble
see also the Project Page at UW.
dmic @ Q)

XGBoost

LURKCYPLE AN
CRAVITATIONAL E. Cuoco 1st RTA worksheR019, Institut Pascal
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https://github.com/dmlc/xgboost

Xg bOOSt .00 XGBoost Log Loss

—— Train
1.75; Test
1.50
1w 1.25

L=-% le((yz- log(pi) + (1 = i) (log(1 — pi)) + &

Train/validation/test set: 0.25/
70/15/15

0 1000 2000 3000 4000 5000 6000
Number of iteration

Classes Learningrate Max_depth estimators

EUROPLAN
CRAVITATIONAL E. Cuoco 1st RTA workshep019, Institut Pascal
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WDFX: Binary Classification Results

Ch | rp-l | ke S|g naIS Overall accuracy >98%
OR -

Noise

True label

Predicted label

EURCPFEAM
CREAVITATIONAL E. Cuoco
OBSERVATORY
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WDFX ResultMulti-Label Classification

Normalized confusion matrix

WHISTLELIKE 0.00 0.00 0.00 0.00 o0.00 ve

RD| 0.00 0.04

06

GAUSS | 0.00 0.00

True label

04

5G| 0.01 0.00

SCATTEREDLIKE | 0-01  0.00

0.2

NOISE | 0.06 0.05

CuocoMorawski Razzano in preparation

Predicted label

LURCPFEAM
CGRAVITATIONAL E. Cuoco 1st RTA workshe@019, Institut Pascal
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Imagebased classification

Almages

LURCPFEAM
f—- EAVITATIOMNAL E. Cuoco 1st RTA workshe@019, Institut Pasca
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Glitch & Citizen science: GravitySpy

Help scientists at LIGO search for
gravitational waves, the elusive

ripples of spacetime.

e i

Hanford - 02a Hanford - 02a VIRGO - O2a

2068 ——
1024
12 = 1person is talking about Gravity Spy right
7 now. N .
0 glitch
b4
- )‘g
2
w

Citizen scientists contribute to classify glitches

Frequency (Hz)
Frequency (Hz)
oy

Normalized energy

Www.gravityspy.org

More details in Zevin+17

EURCPFEAM
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http://Www.gravityspy.org/

Sample glitch gallery

Livingston

Blip glitches

Frequency (Hz)

>
=
o
c
w
o
@
N
©
£
£
o
=

0.125 0.0 0125 025 0.5 0.25 0.0 0.25 05 0 0.5 0.0 X 1.0 0.0 1.0
Time (s) Time (s) Time (s) Time (s)

(a)

Livingston

. Whistle glitches

Frequency (Hz)
Normalized energy

-0.125 0.0 0.125 g B 0.0 0.25 - -0.5 0.0 -1.0 0.0 10

Time (s) Time (s) Time (s) Time (s)

Examples of time-frequency glitch morphology (Zevin+17)
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Sample glitch gallery

Livingston

. | . .

Frequency (Hz)

-0.125 0.125 0.2 0. -0.25 0.0 0.25
Tlme (s) Time (s) Tme (s) Tlme (s)

Helix glitches

Koi fish glitches

Livingston

-0.125 0.125
Tlme (s) Tlme (s) Tme (s) Tlme (s)

25

Frequency (Hz)

EURCPFEAM
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Deep learning for Glitch Classification

A Many approaches to data: we choose image classification of time
frequency images

A The architecture is based on Convolutional deep Neural Networks
(CNNs).

A CNNs are more complex than simple NNs but are optimized to catch
features in images, so they are the best choice for image classification

Linear Object
Convolutions Pooling Convs Classifier Categories / Positions
»{ ‘ o} - yat (xi,y)

F4 maps Ml [ratxi)

Input data

S2 feature maps eIy “{ '.';’," [} at (xk,yx)
e R

C3 feature maps

LURKCYPLE AN
GEAVITATIONAL E. Cuoco 1st RTA workshe@019, Institut Pascal
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Pipeline structure

Input GW data

wlmage processing

wTime series whitening _
i i A Convolutional (depth=16) o
wlmage creation from time series (FFT spectrograms) Gomalutional (depaz) g
wlmage equalization & contrast enhancement MaxPooling (2x2) o
Dropout (0.25)
- Convolutional (depth=64)
wA probability for each class, take the max i
. . MaxPooling (2x2) @
wAdd a NOISE class to crosscheck glitch detection Convolutional (depth=64) g
MaxPooling (2x2) i
Dropout (0.25)
wTested various networks, including d&kck layers
Convolutional (depth=128)
P MaxPooling (2x2 o
Run on GPU Nvidia GeForce GTX 780 S g
Convolutional (depth=128) =
w
w2.8k cores, 3 Gb RAM) MaxPooling (2x2)
wDeveloped in Python + CUBAtimized libraries EvalL (e
Fully Connected (N=512) 8
Dropout (0.25) ?:_:‘
Fully Connected (N=N,,,_)) 2

LURCPFEAM
GEAVITATIONAL E. Cuoco 1st RTA worksheR019, Institut Pascal
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Building the images

Optional contrast stretch

Simulations now available
on FigShare

EURCPFEAM
CREAVITATIONAL
OBSERVATORY

0251_GAUSS

024056

0339 RO

frequency (2]

0343_SCATTEREDLIKE

o 025 o000 023
Time [5.] - 119636383 276

(e)

E. Cuoco

(b)

0619_CHIRPUKE

(d)

0451_WHISTLELIKE

1st RTA worksheR019, Institut Pascal



Training the CNN

Datasets of 14000 images
Training/validation/test Y 70/ 15/ 15
Image size 241px x 513px

Reduced the images by a factor 0.55 due to memory constraints

Use validation set to tune  hyperparameters

On our hardware, training time  ~8 hrs for ~100 epochs

When training is done, classification requires ~1 ms/image (on

our configuration)

1.00 Ti g History - Accurac y Training History - L
§ — e
v 0.10
0.95 0.08
08 0.06
0.90
0.04
1.00 . = )
0.85 e \ >~ 06 0.02
0.99 \r__/\\-—-—\
w
g 0.98 E @6 82 84 86 88 90 82 94
5 0.80 g
g 0.97 \
¥ B 04 !
0.96 -
0.75 \
0.95 )
0 5 10 15 20 2%
0.7 02
0.65
e I A A
> a
0.60 0 20 40 ] a0 100
0 0 60 80 Epoch
Epoch
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Classification Results

We compared classification performances with simpler

architectures
Metric Accuracy Precision Recall F1 score Log loss
Linear Support Vector Machine gy, 0.971 0972 0971  0.971 0.08
CNN with 1 hidden |ayer Shallow CNN 0.9586 098 0986  0.956 0.04
1 CNN block 0.991 0.991 0991  0.991 0.02
CNN with one block 3 CNN blocks  0.998 0.998 0.998  0.998 0.008

(2 CNNs+Pooling&Dropout)

Deep 4-blocks CNNs

LURCPEAM
CREAVITATIONAL
QOBSERVATORY



Classification accuracy

Normalized Confusion Matrix

CHIRPLIKE 0.000 0.000 SV M
m Deep CNN
NOISE 0,000 0.000
CHIRPLIKE 0.000 0.000
"
9
2
] RD 0.048 0.003
2 0.997 0.000 0.000
2
scaTTEREDLKE | 0000 0.000 0.000 1.000
0.000 0.000
] 0000 0.006 0.000 0.089 4
v 0.003 0.000
v
e
g
WHISTLELIKE { @000 0.000 0.000 0.000 1.000
SCATTEREDLIKE{ 0000 0.000 0.000 0.000
AE N NSE 0 VE 56 L eLIKE
CAIRF G wO! o AreRED " HISTLE
Predicted class G 0.000 0.000 0.000 0.003
WHISTLELIKE | 0.000 0.000 0000 0.000 0.000 0.000
Deep CNN better at distinguishin E o o & o —
p g g oaret Lo e e s

similar morphologies

LURCPFEAM
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Example of classification results

Some cases of more glitches in the time window, always

identify the right class

7371_GAUSS_spec_proc (True: GAUSS, Predicted: GAUSS)

0Sour’ce Image (GAUSS) Prediction: GAUSS at 100.00%

0.8 q

Probability
o
E)

o
S

0.2 q

Frequency [Hz]

0.0

100% Sine-Gaussian

EURCPFEAM
CREAVITATIONAL
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-0.25 0.00 0.25
Time [s.] - 1196387376.464

-1.00 0.50 0.75

-0.75

-0.50 1.00

More details in
Razzano & Cuoco 2018, CQG,35,9

E. Cuoco 1st RTA worksheR019, Institut Pascal



Real data: O1 run

Dataset from GravitySpy images

Paired doves 27 -
Air compressor

Power_line 274 179
Blip 1495 374

Repeating blips 249 36
Chirp 34 32 _

Scattered_light 393 66
Extremely Loud 266 188

Scratchy 95 259
Heli 27

el 3 6 Tomte 70 46

Koi fish >80 250 Violin_mode 179 -
Light Modulation 568 5 Wandering_line 44 )
Low_frequency_burst 184 473 Whistle 2 303
Low_frequency_lines 82 371
No_Glitch 117 64
None of the above 57 31

EURCPFEAM
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xamples of classification

Source Image (blip)

Source Image (scattered_light)

img_00141(Y)
Prediction: blip

0.8 4

o
o
L

Probability

o
kS
L

0.2 4

0.0 -

012345678 910111213141516
Class

img_01834(Y)
Prediction: scattered_light

0.8 4

o
o
L

Probability

o
kS
L

0.2 4

0.0

012345678 910111213141516
Class

EURCPFEAM
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Source Image (helix)

Source Image (whistle)

img_00565( Y)
Prediction: helix

0.8

o
@

Probability

o
s

0.2 4

0.0 — T T T T T T T T
012345678 910111213141516
Class

img_02258( Y)
Prediction: whistle

0.8 q

Probability
o
S

e
S

0.2 4

0.0

012345678 910111213141516
Class




esults

1080lines
1400ripples
air_compressor

blip q

chirp -
extremely_loud -
helix -

koi_fish
light_modulation
low_frequency_burst 4

low_frequency_lines

True class

no_glitch -
none_of_the_above
paired_doves 4
power_line 4
repeating_blips
scattered_light
scratchy

tomte 4

violin_mode -

wandering_line

Confusion Matrix (Normalized)
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Full CNN stack

Consistent with
Zevin+2017
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WaveFier 1 |
A prototype for real time

Grawtatlonal Wave transient signal

classifier )\ .

-y Elena CuocoHGQ Scientificy upgrwspr /
H2020ASTERICS prOJect/ i EmanueIMarzml JFilip Morawsk| e
brings together for the first

time scientists and
communities from astronomy, Muscella Trust-IT)
astrophysiés, particle

astrophysics & big data.

http://www.asterics2020.eu

Alessandro PetrocelllAIessandro Staniscia, Silvana

H2020Astronomy ESFRI and
Research Infrastructure Cluster
(Grant Agreement number:
653477).
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Trust-IT Services Wave

g Communicating ICT to markets

cLAPP @
Why Wavefier

Alt would be extremely useful to have ammline pipeline for automatic
identification and classification of transient signals for Gravitational
Wave detectors and their direct database inclusion

AWe wanted to setup a protype for a framework where inserting ML
pipeline, using new technologies, platform indipendent

AWe want to have a system platform indipendektade test on cloud
system

LURCPEAM
CRAMITATIOMNAL
QOBSERVATORY
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Trust-IT Services Wave

g Communicating ICT to markets

cLAPP @

.........

Wavefier: Kebjectives

Setup a prototype for a real time pipeline for the detection of transient

signals and their automatic classification
Best practice for software management

Test different software architecture solutions to prototype a scalable

pipeline for big data analysis in GW context.
Interoperability and access to data and services
ICT services supporting research infrastructures
Use of data in network infrastructures and services
Big data and Machine Learning

Test on cluster

4 4L

EURCPFEAM
CRAMITATIOMNAL
QOBSERVATORY
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Trust-IT Services Wave 2|

e[|
3 Communicating ICT to markets

Barad tirrar Barriael digrul

cLAPP @

What already exist§ttps://wdf.virgo-gw.eu))

WDF Dashboard

X Full Report

Class 0 @ 1228973725.00 SNR=910.00 SNRMax=4.01
Freq=77.43 FreqMax=101.33

¥ Parameters and Statistics

Class 1 @ 1228973727.25 SNR=45.19 SNRMax=2.02
Freq=39.52 FregMax=28.00

z

8 L ? Power Spectral density and
g whitened PSD

¥ Time-Frequency distribution by = =

SNR slice = S

= >

g g

£ £

» scatte g ]

o o

o o

'y 'y

2 Unsupervised GMM Classification

¥ Labels in spectral embedding
projections after PCA transform

A

010 -0.05 000 005 010 010 -0.05 000 005 010
T-SNE manilold projection on — e Time(secs) Time(secs)
? T-SNE projection
Class 2 @ 1228973721.00 SNR=10.67 SNRMax=3.20 Class 3 @ 1228971530.76 SNR=104.81 SNRMax=13.81
Freq=235.42 FreqMax=550.67 18-20 Freq=535.59 FreqMax=1055.33 1e-19

¥ Wavescan for classes at maximum
SNR event

100

Frequency(Hz)
Frequency(Hz)
-
5

-010 -00s 000 005 010 -010 -00s 000 005 010
Time(secs) Time(secs)
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»

Trust-IT Services Wave

g Communicating ICT to markets

cLAPP @

MachinelLearning pipelines

AWe worked on an easy solution: using fieatures extracted by WDF
pipeline such ameta parametergfreq, SNR, duration) and wavelet
coefficients or reconstructed waveforms

AWe developed Machine Learning pipeline based on two different
algorithms realizing two types of data analysis:

A Classification
A Clusterization

Both algorithms were trained on artificial data, reach in various glitches
and GW signals.

A Trained the moment, the system is deployed.

A The initial architectures have been chosen after several tests as the
one reaching the highest performance.

A However the implementation allows for further development via
modification of configuration files.

LURCPEAM
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g’-l- Trust-IT Services Wave

Communicating ICT to markets N

cLAPP @

Machine Learning classification

Classifications realized through
1 Dimensional Convolutional Neural NetworKiN(N1d

As an input data, the algorithm use=constructed waveforms
generated by WDF.

The output is one of 7 labels:

- 6 types of glitches 5 o 5
- D2 aAdyrt o6az OFfftSR aOKANLI O

M2J) EG Osiidine
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Communicating ICT to markets

cLAPP @

Machine Learning clusterization

Clusterization is realized througtutoencodersbased on Artificial
Neural Networks.

- The algorithm processes the reconstructed waveforms
generated by WDF trying to find their hidden (latent)
representation.

- The output is a set of parameters describing each
signal in latent space (which might help in
unsupervised classification).

M2J) EG Osiidine



Architecture overview
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3 Communicating ICT to markets

Barad tirrar Barriael digrul

cLAPP @

Offline data- Architecture

$—> EARARA
Data topic

Dashboard

|
: —_— |
| Importer | J
" File ,[ ]|
| system |
| |
| o= |
| Data supplier |
| |
|

Trigger topic
\ gg p y [

am
ML Analysis
—
Preprocessing . . .
Whitening
Trigger csv Trigger
l Importer Importer Reports
Consumer

h ..
WDF ~

c: h 3
% wavefier_common
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trarnal

Offline data- Architecture

) T

—>CACAAa

Data topic

J

L Trigger topic ) ] A

ML Analysis

-
-
-

|
I
|
: File {
i
|
|

o .

Data supplier

|

|

sV Trigger |
Reports |
Consumer |
)

WDF “

wavefier_common
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Offline data- Architecture

Dashboard

Processing data

AIMMM — a
Trigger topic ) I ry
ML Analysis
I

Preprocessing
Whitening

Trigger csv Trigger
l Importer Importer Reports
Consumer

[N ..

WDF N

| Y
HBEII b wavefier_common
EUROPEAN
CGRAVITATIONAL E. Cuoco 1st RTA worksheR019, Institut Pascal
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trarnal

Offline data- Architecture —

> —

—> A

Data topic

J

FEMH) @

Trigger topic

= = Reporting management

Preprocessing
Whitening

| Trigger csv Trigger
| Importer Importer Reports |
| Consumer |

WDF "
Eﬂm wavefier_common
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Barad tirrar Barriael digrul

cLAPP @

Offline data- Architecture

Dashboard
—CABAEA A
Data topic m Grchnd

J §€ kafka

L Trigger topic y I inﬂU)‘w

amy
ML Analysis
{ , TensorFlow
Preprocessing
Sroosass 8 8 8
Trigger csv Trigger
i Importer Importer Reports

Consumer

~ ..
WDF

[

h
rEIEi'.I wavefier_common
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Apache Kafka
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cLAPP @

Apache Kafka® is a distributed streaming platform.
What exactly does that mean?

Kafka is generally used for two broad class:

A streaming platform has three key capabillities: of applications:
Publish and subscribe to streams of records, Building reatime streaming data
- pipelines that reliably get data
similarto a message queue Building reatime streaming
Store streams of records in a fatttierant durable way. applications that transform or react to

the streams of data
Process streams of records as they occur.

More info on:
producer producer -I‘ producer n
. \L/ https://kafka.apache.org
kafka
cluster

consumer -" consumer -” consumer —”
T T T
L L
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Grafana

EURCPFEAM
CREAVITATIONAL
QOBSERVATORY



»

Trust-IT Services Wave

g Communicating ICT to markets

cLAPP @

Why grafana

Useful buildin features
2 Authentication, Organization and user settings

Mixed Datasource, Mix different data sources in the same graph
2 Grafana supports dozens of databases, natively. Mix them together in the
same Dashboard.

Native Notification and Alerting
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InfluxDB
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Why InfluxDB?

Specific for time series database (TSDB)
2 Allis designed as time series

Friendly because InfluxDB have a-8k@_query language for
Interacting with it

Grafana has Native support for InfluxDB
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Docker

» Docker is an open platform for developers and
sysadmins to build, ship, and run distributed

applications.

» Dockentake the concept of container and build an
ecosystem around it that would simplify its use
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Key benefits of Docker Containers

Hardware independent —— moving everywhere

Speed

* No OS to boot =
applications

Portability

« Less
dependencies

Efficiency

* Less OS
overhead
online in seconds

between process
layers = ability to
move between
infrastructure

* Improved VM
density
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Kubernetes
(K8s)

was a project spun out of Google as a open source-gertcontainer scheduler,
designed as a loosely coupled collection of components centered around
deploying, maintaining, and scaling applications.
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Barad tirrar Barriael digrul

Architecture overview

A Kubernetsabstractsaway the underlying hardware of the nodes gmdvides a uniform
interface for applicatiors to be both deployed and consume the shared pool of resources

A Masters are responsible at a minimum for running the API Server, scheduler, and cluster
controller. They commonly also manage storing cluster state, gbvadider specific
components and other cluster essential services.

ANodeY ! NB (KS Wg2NJSNBRQ 2F | YdzoSNYySisSa Otftd
the node itself, and are tasked with executing workloads as designated by the master.

Worker
Kl
K8s Cluster Worker
Services e
(master)
Worker
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WaveFier running on Kubernetes
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