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Introduction CNN detector Interpretation

Basics of neural networks, deep learning models

Developing CNIN detector

What does Interpretation stand for in DL/

Goal: to further understand how we can exploit the existing DL models for the
earthquake detection and whether we can find some other application.



Introduction CNN detector Interpretation
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Deep learning - Collection of neura

networks, biologically
that extract abstract
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BASIC UNIT - NEURON (NODE)
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During the training process of the neural
network we adjust the weights and biases.
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Introduction CNN detector Interpretation

The performance of the NN model
higshly depends on:

Datasets and labels!
Hyperparameters such as optimising algorithms, learning rates ...

M. Mousavi presentation

Classification vs regression

Hyperparameters such as nb. of neurons, nb. of layers. ..

Decision making process



MONIFAULTS

\,
Q“\

Introduction CNN detector Interpretation

Basics of neural networks, Developing CNN
deep learning models detector

Majstorovic et. al, 2021, |GR

Hidden Layers Output Layer
(number of grid points) (2 layers, (2 nodes)
8 nodes each)

Loss Function

= yilog@)
i

Sample label /

Predicted likelihood

) T
B i process
Il Moseling spproach
S NN archiecuure
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Positive class (earthquake)

Introduction CNN detector Interpretation

1l Trainingdata

Creating a database using one station approach. Classification task

14000 I I
6 Negative class (noise)
12000 14000
, 10000 12000
B Modelling approach o 10000
= = 8000 '
G NN architecture Convolutional neural network (CNN)
4000 4000
2000 2000
I B AR After a grid search analysis, the best combination
e . of the training hyperparameters are selected.
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Majstorovic et. al, 2021, |GR
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Introduction CNN detector Interpretation

5
2 .
Convolutional layers
g Modelling approach . Seven-|a)’el" CNN
Pooling layers 3x500
B

32x251
Fully-connected layers 32x126
32x63
32x32
| 32x16
Hidden Layers Output Layer 32x8
(number of grid points) (2 layers, (2 nodes) 32x4

8 nodes each)
X; Z
o

: ‘ : - e d bd Ed B o >
X3 - N _
S \ -s
‘ . Detector prediction:
L0SS FHRCHON one-unit vector

. —;}’1108(/)’)

Convolutional neural network (deep learning) - supervised training process

Legend
Sanmpia e Predicted likelihood 9

em» Convolutional layer
em» Fully connected layer
Input three- =)  Stride + Padding + Relu
component -»  Relu
waveforms = Sigmoid/Softmax

36k of trainable parameters

Majstorovic et. al., 2021, |GR !



: . , MONIFAULTS
Introduction CNN detector Interpretation 3
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Convolutional layer
Fully connected layer
Stride + Padding + RelLu

1l Trainingdata

Convolutional neural network (deep learning) - supervised training process

will

B Convolutional layers felu
gmoid/Softmax
B 3x500
32x251 32x251
B Epicentral distance: 7.79km, Magnitude: 2.1 32X|26
Z — 32 channels 32 channels
0.5 \
S —- Feature ma Feature ma
E-W ~0.5- H -’ P _’ _’ _> P
i ) (251 features) (126 features)
''''''''''' Input array Filter (kernel) size Filter (kernel) size
3 channels x 500 samples 3 x3x32 3 x 32 x 32

X Cin X Cout
Majstorovic et. al, 2021, |GR 8 f In ou
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Outline Introduction CNN detector Interpretation S
i
Basics of neural networks, Developing CNN What does interpretation
deep learning models detector stand for in DL?

Majstorovic et. al, 2021, |GR

Hidden Layers Output Layer Seven-layer CNN
(number of grid points) (2 layers, (2 nodes) 3x500
8 nodes each) 32251
32x126
X 32x63

Loss Function
-:E:yﬂogCE)

/]
Sample label

¥

-

-
—
_E

32x8 32x4
>0>0>01>
Detector prediction:
one-unit vector

e Convolutional layer
Predicted likelihood @  Fully connected layer
Input three- =  Stride + Padding + RelLu
component =»  Relu
waveforms = Sigmoid/Softmax

n Training data 8 1000
6000
g Training process

Noise

5000

, % 4000

a Modelling approach B
= 3000
B NN architecture Signal 2000
1000

Noise Signal
Predicted label



MONIFAULTS

\,
\\*"\

Introduction CNN detector Interpretation

ML (NN, DL) models are often criticised by end users as being a -eature visualisation
“black box” because of the perceived inability to understand how Backward optimisation

ML makes its prediction.

Layer-wise relevance method

4 )
Create White-Box/

Interpretable Models
(Intrinsic)

(" , )
Eocal: Explain a Single Explain Black-Box/

Prediction /\ Complex Models

(Post - Hoc)
Purposes of /

lnterpretabllity
[Local vs Global
Global: Explain the Enhance Fairness of a
overall model Model
Test Sensitivity of
Predictions
Tabular
4 . )
Model Specific: Can be
(Data Types s > applied to a single model

Model Specific or group of models
Vs . J
Model Agnostic
- Model Agnostic: Can be
applied to any model

Linardatos, 2020, Entropy
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3x500
32x251

32x126

Input three-
component
waveforms

Feature visualisation

Backward optimisation

Layer-wise relevance method

Seven-layer CNN

The weights and biases that define the

32x32 kernels (the filters) and that are being

Detector prediction:
one-unit vector

32x63
100
32x16 50 . . e
328 o, , adjusted In the training process are now
frozen to Investigate how those impact the
input data.
>Hl->M->E->E>0>0>0>B>0 > U

Legend The training of the DL model Is a stochastic
em» Convolutional layer : o .
e Eullyconneetadiszer process - repeating the training process with
1 SRtrIi-de + Padding + ReLu the same dataset and the same
eLu : : :
< Sigmoid/Softmax hyperparamters yields different welights and
biases.

11
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Feature visualisation

Introduction CNN detector Interpretation

EP 5.29, MAG 0.82

o1 o 0.25]
>
50 0 0.00 Layer-wise relevance method
£ —0.25;
-1 | ‘Samples ~ Samples

Sampleé

Seven-layer CNN
3x500

32x251
32x126
32x63
32x32
" e 32x4

= E2d B2 B2 B2 B2 Ed B
Detector prediction:
one-unit vector

Convolutional layer

D

em» Fully connected layer
Input three- =  Stride + Padding + Relu
component =»  Relu
waveforms = Sigmoid/Softmax

Kernel visualisation

Feature map visualisation

12
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Feature visualisation .

— N
Backward optimisation

Introduction CNN detector Interpretation
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Backward optimisation

Introduction CNN detector Interpretation
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Introduction CNN detector Interpretation
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Feature visualisation

Introduction CNN detector Interpretation

y _ EP 5.29, MAG 0.82 Backward optimisation
S 0.25
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Feature visualisation

Introduction CNN detector Interpretation

Backward optimisation

Layer-wise relevance method

|.We freeze weights and

| biases of hidden layers. |
The loss function

fLoss (network output, desired output)

4 3.We calculate fLoss by

:  setting desired output to

Backward propagation

I vlvlv‘vlvlv‘v‘ >

Forward propagation

¢ Tfor investigating the
: earthquake optimal input
U ' or 0 for the noise one.

2.We either use

a) zero,

b) random,

c) real input

and forward propagate
it to the output layer.

4. The value fross is
backpropagated to
update the input.

5.The forward and
backward iterations
are continued until
floss converges.

17
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Feature visualisation

Outline Introduction CNN detector Interpretation
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Feature visualisation

Introduction CNN detector Interpretation

Backward optimisation

Layer-wise relevance method

2.We input real |.We freeze weights and The propagation rule LRP-3
earthquake sample. | biases of hidden layers. | i r 7\
Rll,z+]1 = <(1 +'B)ZT - 'BZ__) R,
J J
3. USing the frozen Weight The backward propagation with the propagation rule '
| =

and biases we obtain the
network output by the

forward propagation. i

4.We calculate the -

relevance R from the > Bl Bl - Bl - Bl - Bl - Bl W > Bl .}U

previous layer using the B=0 - we propagate only
relevance propagation rule positive relevance
called the LRP-[3. B=1 - we propagate only

negative relevance

5.We propagate the
relevance from the hidden

layers up to the input layer.

The forward propagation only once

19
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Introduction CNN detector Interpretation

Basics of neural networks, Developing CNN What does interpretation
deep learning models detector stand for in DL?
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Introduction CNN detector Interpretation

Basics of neural networks, Developing CNN What does interpretation
deep learning models detector stand for in DL?
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Thank you for your attention!
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