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Motivation
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KAGRA
(Goals

e Automate process of glitch identification
e machine learning algorithms

e O(10°9) of auxiliary channels

e Develop monitoring tools
e detector characterization
e feedback to instrumental scientists
e exploration of important channels in glitch identification
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Auxiliary Channel

Power line glitch (noise transient)
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® agdvanced LIGO ~10,000 aux channles
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Input Variables

DARM (GW ch.
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(a) cluster significance of loudest trigger within
+/-100ms, or significance of nearest trigger if none
exists (significance is related to the SNR)

Signa] (= ghtch) clean (b) dt between DARM trigger and AUX trigger in (a)
(¢) duration of AUX trigger in (a)

(d) frequency of AUX trigger in ()

(e) npts (cluster size) of AUX trigger in (a)

loud glitches | random time
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Input Variables
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LIGO $4 Auxiliary channel data e
input dimension : 810 (=162 ch.x 5 attr.) dyr _ |
Glitches : 16174 (a) cluster significance of loudest trigger within
Clean Samples : 98147 +/-100ms, or significance of nearest trigger if none
exists (significance is related to the SNR)
LIGO a week data of S6 (b) dt between DARM trigger and AUX trigger in (a)
(959131741~) (c) duration of AUX trigger in (a)
input dimension : 1250 d) f £ AUX tri .
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Glitches : 2826 (e) npts (cluster size) of AUX trigger in (a)
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Machine Learning Algorithms

® Algorithms that allow computers to evolve
behaviors based on empirical data, such
as from sensor data or database.

® Automatic learning to recognize complex
patterns and make intelligent decision
based on data

(from wikipedia)

Stanford online ML Class

classification
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Machine Learning Algorithms
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KAGRA
Artificial Neural Networks

é

NET = E?‘T'nwn

Ger—] > o] e

1

f(NET) = b

ake| USpPIY Ya-W
Jafe| andino

Monday, May 28,



KACRA

Preliminary

ROC Curves

ANN
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Preliminary

ROC Curves
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Important Channels

Significant Factor (SF)
¢ Indicate an quantitative importance of an input variable(x;)
to give an output(Y)
¢ In ANN, total summation of all connection weights(red
lines) connected to a given input variable(x;) is considered as
SF.

S() = S |(w(i, 1 )w(ly, Io)eeaw(lag—1, L )w(lar, 0)]

_ Ll LQ LM—l
EM — 211:1212:1 ..... ZZM_]_:l

& The larger SF indicates the stronger association with noise

artifacts in GW channel.
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Important Channels

& 19 of top 35 channels in ANN are matched
] with the result of HVeto.

Histogram of most significant channel parameters for SF AN
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Genetic Algorithm

® Optimization / Machine learning (loosely) based
on biological evolution; natural selection of

genes

Initialize the population

Reproduction

choose parents

choose operator and apply
to the parents

evaluate the children and
accumulate them into a
generation

v

Replace the worst
members with the children

Monday, May 28,
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Search global optimum

schematic design of GA_ANN combined pipeline -

® (GA’s incorporation with ANN

data
P“’-Paiatb" () Feature selection
idialiaagion (i) Topology selection
X (i) Weight selection
defining
Pa"ameier e (iv) To learn neural network learning
build initial algorlthm
population :
& ' :
» GA :
ANN Training operations E
v ' :
finding best ANN E
ROC curve Evaluation :
L 5
ANN :
Visualization | ComPIl;e ASF, :
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Summary

e Artificial Neural Networks (ANNs) has been applied to auxiliary channels to
identify noise artifacts in the GW channel.

e Handling 810 input variables per trigger, feeding into ANN’s input layer.
e Preliminary results show better performance than DQ category.

e Genetic algorithm can optimize ANN for choosing the initial guess of
connection weights, input features, and values of topological parameters.

e \Worth further investigation
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Genetic Algorithm

® Optimization / Machine learning (loosely) based

on biological evolution; natural selection of Crossover
gen eS A Crossing Over Points
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® Five components fme Text
() encoding solutions into chromosomes (string) mutation
(i) an evaluation function
b C M lubnby - ndl . LA
(ii) initialization of population of chromosomes Deletion
(iv) operators for reproduction: mutation and o s
crossover P .
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. . A F Inversion
(V) parameter settings for the algorithm, the
operators, i.e., N(population), N(generations), Wik ¢ V@b _, ROV
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Genetic Algorithm

® Operation of GA

Initialize the population

Reproduction

choose parents

choose operator and apply
to the parents

evaluate the children and
accumulate them into a
generation

v

Replace the worst
members with the children
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Machine Learning Algorithms in practice

e SVN

e ANN

e Hierarchical vetoes
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Artificial Neural Networks

at t epoch
for each connection

adapt
1
wg-+ ) = wg) + Awg) &
to minimize

P
1
Ewmse(w) = 7— D lly(a™; w)
n=1

desired output
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Artificial Neural Networks

4 D
IRPROP(lgel &Husken,2009)

implemented in FANN lib.
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Input Variables

KleineWelle Wavelet Transformation

Discrete Dyadic Wavelet transform to decompose the time
series into a logarithmically-spaced time-frequency plane

Frequency

scale
2O 0O ~N O bW N =
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Input Variables

(@) Significance of loudest trigger within +/- 100ms, or
significance of nearest trigger if none exists (sig is related
to the SNR)

signal

(b) At to triggers in (a) (=glitch) clean

(€) duration of trigger in (a) loud glitches|random time

(d) freq of AUX trigger in (a)

(e) npts in AUX trigger in (a)
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