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I Introduction

 The experiments generate huge quantities of data. It Is
estimated that only 10% of this data Is analyzed.

A shot of few seconds can
=4 generate huge quantity of data:

« TJ-II device has +1000
channels of measurements.

 Ashotin JET can take around
10 seconds (10 GB/shot.
around 100 TB/year).

, * |ITER could generate 1
ol TB/shot. around 1 PB/year.
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O The idea is to use Artificial Intelligence to deal with fusion data.

[ Create systems that allow specialists to analyze and interpret
data more quickly and efficiently than manually.

DataTrain --- Signal:ACTON275
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IBackground Anomalles

O Anomaly: Something that deviates from what Is standard,
normal, or expected.

1 One type of anomaly is known as ‘outlier’, which is a value
located outside of the normal class.

O Other type of anomaly is an anomalous behavior, which is a
periodic collapsing phenomenon in time series.
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Clustering Pattern recognition
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| Proposed Solution ~ LSTM =

1 Recurrent Neural Network — Long Short Term Memory (LSTM)

forget input output Forget gate layer
gate gate gate
: : : ft —0 (Wf [ht-l' Xt] + bf)

Input gate layer
=0 (W;[hey, ] + by)
C,= tanh (W, [he.q, XJ + by)
C,=f*Cpy +iy* C,

Output gate layer
0, = 0 (W, [N, X + by)
h, = o tanh (C,)

*They have memory

* https://colah.qgithub.io/posts/2015-08-Understanding-LSTMs/
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I LSTM — Forecastlng (training stage)

Xt+1 Xt42 Xi43
@ ® )
L | L ‘ t Forget gate layer
G = +
{ A mﬂ ® { A J: fi = o (We[heg, X + by)
| ’ g
&) ® & Input gate layer
X X X + - —
t trl tre Il = o (W [hy, x] + by)
T P (07-May-2019 11:57:40) Resuits ~
R fifl Validation RMSE: MNIA (E tanh (WC [ht—]_l Xt] + bC)
Training finished: Reached final iteration —
1 Training Time Ct — ft* Ct-l + It * Ct
Start time: 07-May-2018 11:57:40
o5l Elapsed time: 6 sec
oL 10 20 30 40 5070 Ira?n?ng{smomhad) Output gate | ayer
Iteratlon ¢
1F = = =@ - = \alidation —
. 0i=o0 (Wo [ht-l’ Xt] + bo)
e = o~ tanh (C)
0 sl LB LIPH PO I VELE L - - -@ - - Validation

*It adjusts the bias and Weights to learn the shape of the waveform 9
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J LSTM for forecasting (trained newtork) — Observed
A — Predicted

Vv == Anomaly

il — _— = == == =
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1 General Goal

O Anomaly detection using Recurrent Neural Network (LSTM - Long
Short Term Memory).

4 Specific Goal

1 The LSTM Neural Network learns the waveform to detect anomalies
through forecasting.
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* https://colah.qgithub.io/posts/2015-08-Understanding-LSTMs/ 11
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d How the Anomaly is detected?

L We fix a threshold proportional to the Standard Deviation of the Error.
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Anomaly Detection — Simultaneous (t=165)
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I Anomaly Detection — Algorithm

Set parameters
(th, An,, 4t, An )

V

For each signal (i) predict t+1

<

. >
Trained LSTM X, = Predict (X;)

\

Calculate difference between
Predicted and Observed
Diffy, = X - X

{

Anomalies Detection

1 if IDiffyl > th —>
0

— z outlier;, = An, P — ]
vi Qutlier;, =

| yes

Anomaly Detected

t no

Z Z outliery, = AN ;,

k=t+1-At Vi

yesl

> ) i
Time instant t
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 Simultaneous Anomalies Detection in a Shot (1)
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The wider is the band the less anomalies are detected

—

()]

%— An, 1 2 3 4 5 6 7 8

S 1 190 109 67 40 21 11 8 6  lsimuianeous
g % 2 96 34 8 3 2 0 0 0 signals¥or k=2 at
> - 3 49 11 4 0 0 0 0 0 given time (t)
o3 4 212 ® o 0 O 0O O O

s 5 4 0 0 0 0 0 0 o

ES 6 1 0 O 0 O o0 0 ©

v £ 7 0 O O 0O 0O 0 o0 o©

e 5 8 0 O 0 OoO 0 o0 O0 o

23 9 0 O O 0 0 0 0 o

*100 shots randomly selected
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d Simultaneous Anomalies Detection in Time Windows (At=5)

The wider is the band the less anomalies are detected

—
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52 An,, 1 2 3 4 5 6 7 8

S 2 1 266 204 153 110 62 33 30 25 .
-g g 2 212 98 50 3 21 5 3 0 a_nomlanfesr Ln—i
$s 3 146 54 25 3 2 0 0 @ Sonasori
g0 4 92 3 8 0 0 0 0 O

E § 5 64 5 0 0 0 0 0 0

o 5 6 3 3 0 0 0 0 0 0

g 3 7 15 0 0O O O 0 0 ©
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*100 shots randomly selected
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I Summary

JLSTM networks can learn the shape of a waveform
(one model for signal).

JLSTM networks can be used for anomaly detection In
signals.

dThe specialists have to define the parameters to
distinguish the noise from the real anomalies.

1t I1s possible to design supervised systems that allow
the detection of previous detected/studied anomalies.

diIn the paper ID. 484 you can find other anomaly
detection methods.
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