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Introduction and Few Reminders

Artificial Intelligence Domains
Types of Learning
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Component Health

Motivation: Prognostics (1S013381-1,2004) : “the estimation of time to failure and risk for one or more existing
and future failure modes”.

Degraded but operable state
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RUL prediction Methods

/ Model-based prognostics
')\ > Kf (failure physics, virtual
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usage algorithms prognostics

(failure PDFs, few
sensors or model)
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Range of system applicability
Prognostic Approaches

(Vachtsevanos, Lewis et al. 2007, 1SO13381-1 2004, Liao 2005, Jardine et al. 2006, Lee et al. 2006)
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RUL Prediction Illustration
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RUL Prediction Illustration
Model Based Approach
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RUL Prediction lllustration
Model Based Approach
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RUL Prediction lllustration
Model Based Approach
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RUL Prediction Illustration
Model Based Approach
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RUL Prediction Illustration
Model Based Approach
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RUL Prediction Illustration
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RUL Prediction lllustration
Model Based Approach
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RUL Prediction Illustration

> Model Based Approach >
2 2 :
a 2 -
= =
= 3
©
-§ _§ /\
a &
Data
pP(RUL)
Failure Threshold
=
('U ‘/_/./
()] Pt
. -
o)
() /
]
©
H -
> * x\
* >k
kot >
k Time
* Measurements .
) Current Time, k
UNIVERSITE _ . . .
DE LORRAINE \’\ JHA Mayank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

~— ==



RUL Prediction Illustration

Model Based Approach
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RUL Prediction Illustration

Model Based Approach
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RUL Prediction Illustration

Model Based Approach
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RUL Prediction Illustration
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Motivation: Degradation Models (Roller Bearing )

Signal temporel roulement bon état 4 etat dégradée
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Motivation: Degradation Models (Roller Bearing )

fft bearing11
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Motivation: Degradation Models (Roller Bearing )

fft bearing11

| | Extraction des caractéristiques
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Motivation: Degradation Models (Roller Bearing )

Quelques résultats

Slgnal temporel roulement bon &tat & état dégradé
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Motivation for Predictive Maintenance: Engine RUL Prediction based on
Data
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Motivation for Predictive Maintenance: Battery SOH Prediction using Data
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Lithium Ion Battery RUL prediction
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Artificial Intelligence (Al) Domains
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Al

Artificial Intelligence (as of today): Detection and Exploitation of useful patterns and trends in data
—>Decisions

- Predictions

- Automated Actions

Major Domains C1: Computer vision & Self Driving Cars

‘person

P— P, —\-:L
helmet

motorcycle

" : Source : Nvidia, L. Fridman et al.
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Domains of Al
C2. Image processing: Shape & Object Detection

REPRESENTATION
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Frontalization
1501503

Face detection and Recognition.

DetEc}ior\rE Rec@ition “XYZ”

,DeepFace: Closing the Gap to Human-Level Performance in Face Verification
N RSk Taigman, Yang, Ranzato, & Wolf (Facebook, Tel Aviv), CVPR 2014
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Predictive Maintenance
Fault Detection (Roller Bearing)

Zhang et al.
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Domains of Al

C3. Filtering and Denoising : Auto encoders

~ -_‘.-.‘_"
. o
LY e
oIS
e o
P o (Y
. " T ¥
R
T »
- ™

Encoder Decoder
Link: Denoising autoencoder for Image classification

End to End learning: Fault detection and Prediction:
Unknown Model, Environment. (JHA et al. 2017)

Learning in Black Box

3 Black Box
. Feature extraction,
selection, ‘

Unsupervised

Decisions

Learning

POLYTECHS UNIVERSITE ( Tine 9
Q\g’)&ﬁ%@%oders: MATLAB c@ DELOBRAINE: &\ QAA Inputs
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https://hackernoon.com/a-deep-convolutional-denoising-autoencoder-for-image-classification-26c777d3b88e
https://fr.mathworks.com/matlabcentral/fileexchange/71115-denoising-autoencoders

Domains of Al
C3. Particle Physics, Intelligent control (adaptive) of systems, Robotics: Function Approximation

19.7 16" (8 TeV) + 5.1 1o (7 TeV)

ATLAS Preliminary
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*  Efficient approximation of unknown dynamics . Deep learning enabled function Approximation "
in LHC physics.
Sirunyan et al. 2019, Physical Review letters
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Domains of Al

R1: Time Series Forecasting, Trend Prediction, Event Prediction o it

0 20 40 60 80 100 120 140 160

Long terms traffic Speed prediction

Ma, Xiaolei, et al

Training:

Neural
Network

Network learns generic object tracking

POLYTECH’
NANCY

2013 2014 2015

Actual
®  Outof-Sample Forecast

Train Predict

2016

Test Predict

SRNN LSTM-3LR ERI Ground truth

Ours

Conditioning ground truth

Human Motion Prediction
Martinez et al., 2016

Financial market prediction (Dixon et al.)

Previous frame

Current frame

Network tracks novel objects

Test:

Neural &
Network

Frozen weights

(no finetuning)

racking and Prediction

Video Fram
UNIVERSITE
@ DE LORRAINE 'y '?A[\ Held et al.
)

Bearingl 3

Prediction

Failure time

Current frame ol -
tracking output ) !

4000 8000 12000

Current time :

16000

20000

24000

Component Failure Prediction (Yoo et al., 2018)



Domains of Al

R1: Predictive Maintenance : Bearing RUL Prediction.

Bearingl 3

Failure time:

[

Long terms traffic Speed prediction

Ma, Xiaolei, et al

2013 2014 2015 2016 2017

—— Actual Train Predict
®  Outof-Sampie Forecast

. ial k ction (Di 1
nancial market prediction ( Ixon\?;cdaec)fram racking and Prediction
s UNIVERSITE
s TERH @DELORRAINE \ '?A[\ Held et al.
»
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i e

Current time

5000 12000 16000

Component Failure Prediction (Yoo et al., 2018)

20000 24000
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Domains of Al

R2 : Recommendation Systems Google
' gy oo

« Candidate Profiling,
» Scoring , similarity measures,

* Prediction

» google Translate

* voice recognition

» text prediction

» voice to text and vice versa
» echo cancellation

amazons
~~—Tprime

s S Google home Mini
’ Suggesti n pour vor Alexa
1) G

Sequence prediction often involves forecasting the next
= V3 . value in a real valued sequence.

Livres
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Domains of Al
Reinforcement Learning: Towards human level :

control ((Finding the optimal way of doing a given task)
prediction

Adaptation (Robots That Can Adapt like Animals, Nature)

It might
wisozze — |oOK goofy

POLYTECH’
NANCY
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Types of Learning

POLYTECH’
NANCY
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O

Learning : Supervised vs Unsupervised

Machine Learning: Study of algorithms that improve their performance, for a given task, with more
experience.

Training data: {y,X}=(y,X)1, (y2X)27""° (yrx)N

Function space: F(x,w) F
and constraints on function
f(x, w*) C(w)

Teach a machine to learn the mapping y = f(x,w*)

Optimal parameters or “BEST “parameters

POLYTECH UNIVERSITE
A @ DE LORRAINE ( Q A[\
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Learning : Supervised

Activation function
Sigmoid

Training data: {y,X}=(y,X)1, (y’X)Z)'"-- (y’X)N

Function space: F(x,w)
and constraints on function

Teach a machine to learn the mapping y = f(x,w*)

Supervised learning:

* Training of intelligent agent under ‘supervision’.
* Model known, environment known.

* Data sources, labels known!

* An algorithm is employed to learn the mapping function from the input variable (x) to the output variable (y)
and optimal function parameters: thatis y=f (x, w*)

* Objective: Mapping function estimated accurately—> Agent Intelligent! WHY??

Trained
New Data (x) Model > Prediction data (y)

Q roryreen (@umm (AN

Intelligent
Agent




O

Learning : Unsupervised

Unsupervised learning = Available input data (X) and NO output .

« LEARNING DONE IN AUTONOMOUS WAY.

« The goal for unsupervised learning is to model the underlying structure or distribution in the data in
order to learn more about the data.

Example: K-mean clustering (using distance measures , similarity index, other ranking algos)

6 Cluster K-Means

There is no correct answer and there is no teacher.

Algorithms are left to their own to discover and present the interesting
structure in the data.

POLYTECH UNIVERSITE (
) @ DE LORRAINE  { Q A[\
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I weights / GeV

Lweights - Bkg

Remark: Most learning (in practice) : supervised.

-
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T weights / GeV

Lweights - Bkg

Remark: Most learning (in practice) : supervised. Remark: Most learning (in research) : Unsupervised, RL

6 Cluster K-Means
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Rearingl 3

Failure time:

i End to End Learning in Black Box
aa W Black Box

Current time Feature extraction,

. selection,
Unsupervised
Learning

4000 s000 12000 16000 20000 24000

Decisions

Time (s)
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Basic Processes: Classification and Regression

' % person

—

Not linearly separable

g o

t Linearly separable t
J
+
20 e«
Q05 : - *
e n‘i *.r
i
-
Xy

'POLYTECH
NANCY

@t (N

Classification : Prediction of Categorical variables (Labels)

Multi-class Classification

Inter class: Maximum separation |

Inter class: Minimal variance

------
””””

~, -’
N ——
-
—_———

“~ P
- ——

v
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Basic Processes: Regression

Regression: Prediction of numerical or continuous output variables

® Disease
W’V

Bearingl_3
Failure timeé
: RUL
Current time
L L L L H L Ll
4000 8000 12000 16000 20000 24000

O

POLYTECH’
NANCY

(L

UNIVERSITE
DE LORRAINE

Classification

Regression

= Mode|

o Healthy e e

Survived (years)

Ge|]1e 1

Source: Personal tutorials, also see: Park et al. 2015, Nature genomics

(RAN

IGene 1

Forecasting of object based upon the past dynamics (behavior), historical trends observe

Sequence to sequence Model = next sequence prediction, long time prediction.

Training: R=0.97897

< Data
— il

=T

a8

[ =

%)

Output ~=0.91*Target + 1.4
[=]

=

(= 5 3

I
=

Output ~=0.94*Target + 1.1

=
n

Validation: R=0.92226




Basic Processes: Regression
Regression: Prediction of numerical or continuous output variables

Classification Regression
= Model | = Model o L4
® Disease e Patients
Mwﬂ‘”m e Healthy o o
[ ] -
s o™ @
o @
i o i *e 2
¥ o
2013 2014 2 16 [ ] (]
® 2
e - o o 8 s
@
[ ] % o ®
Bearingl_3 e o
Failure timeé °
. T T T T T T T T
——— - Gene 1 Gene 1
< R Source: Personal tutorials, also see: Park et al. 2015, Nature genomics
i :
: RUL
Current time
40'&)0 B000 1 2[.)00 1 ()(.Nl() 20000 24(.)00

* Forecasting of object based upon the past dynamics (behavior), historical trends observe

* Sequence to sequence Model = next sequence prediction, long time prediction.

Training: R=0.97897

< Data
— il

=T

Test: R=0.90828

< Data

POLYTECH’
NANCY

Q @ Can

Y =WX +W,X, + W,X;......+D
m
=Zizlwixi +b

Validation: R=0.92226

= 2

Output ~=0.91*Target + 1.4
5]

1 20 30 40 50
Target

All: R=0.96404

2

Y
[=]

Output ~=0.94*Target + 1.1
= ES]

=
n




O

Ordinary Least Square (OLS) based regression

(xi;yi); i=123..n

* Error term =y, — (c + mx;)

» Objective : Minimize the sum of square of errors

€1 + €y + €3 ...en

e’ = z()’i — (c ‘Tn\’lxi))z
=1 =1
= _ Ziz1 %i
P Ll —o)x Y, —y) n
C = )_/ — mx )_/ — =1 i
n

POLYTECH’
NANCY

@ Can

JHA Mayank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

= eZ
y Vi
. Minimize: Z (] - ] )2
Least Squares Method =1

y-intercept

least-squares-regression_en_html
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Relation Al, ML and DL

Example:
Shallow

autoencoders

Representation learning

Machine learning

Source: Deep Learning Deep Learning

’ EAOI\‘CLYY TECH’ @ g'E“'I‘_’DEggHﬁE rl?A,\/ Introduction to Deep Learning
\“
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Deep learning

Machine Learning techniques for Al

Traditional CV & Deep Leaming

Naive Bayes,

Kernel Density Estimation
Rule Based,

Decision Trees,

Random Forests

Genetic Algorithms

Support vector machines (1990-2007): very promising, better
than NNs....till 1998.

Neural networks (NNs) (1960-1986, 1986-1998, 1998-2007)

Deep Neural Networks (1998,DNNs) : CNNs revolutionized NN based works,

Enter 2007,

* Availability of data & data acquisition methods,
e GPU based distributed calculations

* Huge community of developers

e Surgein DNN

O rorvreon (@ (AN .

Shallow




Learning Using Deep Neural networks : Supervised Learning

In this lecture, we look at Neural Networks and

Mechanism of Supervised type learning .

Input Features/ @

Features
Input data/ E g
Inputs re e
Activation function
Sigmoid
Targets /
Labels

* NN output may or may

not be equal to the target.

Why?

' EAON[I:_YY TECH’ @ gE"IYOEI{‘&TIEE (!QAA Introduction to Deep Learning
\’.

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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The Neuron
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The Neuron

* A neuron only fires if its input
signal exceeds a certain amount

(the threshold) in a short time period.

Input 1

Input 2

Input 3

Huang, Anping, et al. 2017.

O POLYTECH @ prrers CQA’\

Dendrites Action

Post-synaptic neuron Action
potential

Pre-synaptic neuron

Axon

Dendrites

Neuron

Synapses

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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The Neuron

POLYTECH® UNIVERSITE
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AN/

Introduction to Deep Learning
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The Neuron

Input Value 1 Q
1

Independent Variable

~

Input Value 2
Independent Variable 2

Input Value 3
Independent Variable 3

« Standardization of input data (Same Scale)
« Data preprocessing

Neuron

Output Value

Output Data :

Continuous Values
Discrete Values (Binary classes - Yes/No..)

Categorical Variables (very small, small, large,
very Large)

Introduction to Deep Learning

. UNIVERSITE
Q e PRk @ DE LORRAINE (Q A[\
\" JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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The Neuron

Input Value 1 Q
1

Independent Variable

Output Value 1

y Neuron Output Value 2

Input Value 2
Independent Variable 2

Input Value 3
Independent Variable 3

« Standardization of input data (Same Scale)
« Data preprocessing

Output Value 3

Same Observation
\ Single Observation l \ (Input data , Output Lablel \ Single Observation

' EA?\HI:_YY TECH’ @ gE"IYOEg&TIEE (!QAA Introduction to Deep Learning
\‘.

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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The Neuron: Basic Perceptron W

i Synaptic weight from unit m to unit i

,Ui Threshold for unit i

2

Threshold function Output Value

eEach neuron has weighted inputs from other neurons.

e The input signals form a weighted sum.

o|f the activation level exceeds the threshold, the
neuron “fires”.

e«Each neuron has a threshold value.

5ADN[I3_YY TECH @ EEIIYOEI{‘&]I-EE (QAA Introduction to Deep Learning
\"

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

53



O

Artificial Neural Networks (ANNS) y = WX + W, X, + WsX,

ZZLWiXi +b

Output Value

Each hidden or output neuron has weighted input connections from each of the units in the preceding layer.

The unit performs a weighted sum of its inputs, and subtracts its threshold value, to give its activation level

EA?\”I:_YY TECH’ @ BEIIYOEI{}?ATIEIE (QAA Introduction to Deep Learning
\“

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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Artificial Neural Networks (ANNS)

Output Value

* Activation level is passed through an activation function ¢(X) to determine output

EADN[I:_YY TECH @ EEIIYOE%?ATIEE (QAA Introduction to Deep Learning
\"

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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Artificial Neural Networks (ANNS)

; UNIVERSITE
EA?\I (|:_YY TECH @ DE LORRAINE CQA’\

Introduction to Deep Learning

Output Value
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The Artificial Neural Network (ANN)

—————————————

Activation function Output Value

Sigmoid

¢(Zimzlwixi +b)

' EA?\HI:_YY TECH’ @ gE"IYOEg&TIEE (!QAA Introduction to Deep Learning
\‘.
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Activation functions (discussed later)

1.0 1
0.8 1
0.6 -
0.4

0.2 1

0.0 1

sigmaid(x}

Threshold function (binary step function)

1.0 1

—
Fodi = o el
1 1 1 1

-
]
1

—8

6 -4 -2 o0 2
x

4

6

8

POLYTECH’
NANCY

6 -4 -2 0 2
X

Sigmoid function

4

@ Can

:

1

tanh(x)

-8 -6 -4 =2 0 2 A 6

RelLu (Rectified Linear Unit)

1.0 1

0.5 1

0.0 1

—0.5 +

_1.0 .

TanH / Hyperbolic Tangent

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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Multi Lavered (Deep) Feed Foreword Neural Networks
Hidden Layers

=+ 4 A HF

<<

+
L J
<
*
*
*
*
>
3
RS

u; = f(Wix+6;) ue=f(Wou; +0;) uz=f(Wsus+03) ug=f(Wauy+6y)

» These are fully connected layers, but need not be.

POLYTECH UNIVERSITE Introduction to Deed Learn
NANCY @DELURRAINE (QA«/ ntroduction to Deep Learning

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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Multi Layered (Deep) Feed Foreword Neural Networks
Hidden Layers

hidden layer

{rn = 15 neurons)

output layer

Inputs
2 Outputs

Input layver

{:r Hll neuron .'i.:l

« Outputs can be multiple (multiple targets). See softmax activation later.

; ’ POLYTECH’ @ UNNERSITE QAN Introduction to Deep Learning
\“

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr



Hidden Nodes
POLYTECH:® @ UNIVERSITE r Introduction to Deep Learning
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QA

Input Nodes

POLYTECH® UNIVERSITE
O NNNNN @ DE LORRAINE  { '2 A’\

A\

2|z

V40
‘V(
B :\'@

Hidden Nodes

Introduction to Deep Learning
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Basic functioning of NNs

JHA Mayank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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How do NNs work : Illustrative Example Apartment Price

Size (m?
Price

Distance from station

Y =W X +W,X, +W,X, +D

(Km)
Building age
(years)
POLYTEGCH @ UNIVERSITE ( Introduction to Deep Learnin
DE LORRAINE p g
ONSY \:‘QAA JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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How do NNs work : Illustrative Example Apartment Price

Size (m? Q
Distance from station Q
(Km)

Building age
(years)

O

O

’ 5A9\1(I3_YY TECH’ @ BE"IY&{‘&TIEE (QA’\ Introduction to Deep Learning
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How do NNs work :

Size (m?

Distance from station
(Km)

Building age
(years)

[llustrative Example Apartment Price

’ EADN[I:_YY TECH’ @ BEIEIOE%?ATIEE (!QAA Introduction to Deep Learning
\"

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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How do NNs work : lllustrative Example Apartment Price

/
/
1 2 - /,
Size (m \\ b LT AN
W’/
A S y
. . y 4 -
Distance from station Qf’\ \*/
~
S N
\ ~
Building age : v\ \
g ag N W\

(years) N

POLYTECH UNIVERSITE
O ik o @ DE LORRAINE ( Q A’\

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

y = ¢(Zim:1WiXi "'b)

Price

eEach neuron has weighted inputs from other neurons.
«The input signals form a weighted sum.

|f the activation level exceeds the threshold, the neuron
“fires”.

eEach neuron has a threshold value.

67



How do NNs work : Illustrative Example Apartment Price

O

Size (m?2

Distance from station
(Km)

Building age Q Q

(years)

' 5A?\|CI:_YY TECH’ @ EE'IY%&TIEE (!QA’\ Introduction to Deep Learning
\‘.

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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How do NNs work : Illustrative Example Apartment Price

Size (m?

Distance from station
(Km)

/
Building age Q

(years)

’ EA?\”I:_YY TECH’ @ gE%EgI?ATIEE (?AA Introduction to Deep Learning
\“

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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How do NNs work : Illustrative Example Apartment Price

POLYTECH’
NANCY

@i Can
\N-P

y= ¢(Zim:1WiXi "'b)

Several training, leads to optimal sets of
weights, that determine the non-linear
relationship between inputs and targets.

How do weights adapt?
Or,
How do NNs learn?

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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Learning in NNs
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How do NNs learn?

O

POLYTECH’
NANCY

(L

UNIVERSITE
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» Consider one data input

(RN

»

} Y Y

».

Input 1

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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How do NNSs learn?

POLYTECH UNIVERSITE
A @ DE LORRAINE

(RN

Consider a data input
» Feed in the information (foreword propagation)

A

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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»
»

« Consider a data input

* Feed in the information (foreword propagation)

« Calculate the individual loss wrt actual value.

Note: Objective to minimise the cost function. Find optimal
weights.

(R

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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»
»

« Consider a data input

* Feed in the information (foreword propagation)

« Calculate the loss with respect to its actual value.

Note: Objective to minimise the cost function. Find optimal
weights.
* Information can be fed back, to adjust the weights.

(R

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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DE LORRAINE

« Consider a data input

* Feed in the information (foreword propagation)

« Calculate the loss with respect to its actual value.

Note: Objective to minimise the cost function. Find optimal
weights.
* Information can be fed back, to adjust the weights.
» Repeated with other data inputs.

(R

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

v

76



O

POLYTECH’
NANCY

(L

UNIVERSITE
DE LORRAINE

(R

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

v

77



O

POLYTECH’
NANCY

(L

UNIVERSITE
DE LORRAINE

(R

»
»

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

v

78



O

POLYTECH’
NANCY

(L

UNIVERSITE
DE LORRAINE

(R

»
»

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

v

79



O

POLYTECH’
NANCY

(L

UNIVERSITE
DE LORRAINE

(R

»
»

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

v

80



O

POLYTECH’
NANCY

(L

UNIVERSITE
DE LORRAINE

(R

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

v

81



O

POLYTECH’
NANCY

(L

UNIVERSITE
DE LORRAINE

(R

»
»

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

v

82



Batch update ( One iteration)

» Consider a data input

« Feed in the information (foreword propagation)

» Calculate the loss with respect to its actual value.

Note: Objective to minimise the cost function. Find optimal
weights.

* Information can be fed back, to adjust the weights.

* Repeated with other data inputs.

O EA?\]C%YY TECH' @ gy fl?A’\ Introduction to Deep Learning 93
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Batch update ( One iteration)

» Consider a data input

« Feed in the information (foreword propagation)

» Calculate the loss with respect to its actual value.

Note: Objective to minimise the cost function. Find optimal
weights.

* Information can be fed back, to adjust the weights.

Input 1 Input2 Input 3 Input 4 Input 5 Input 6
POLYTEGCH @ UNNERSITE Introduction to Deep Learning
O ONSY \:‘?A,\ JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr 84



Batch update ( One iteration)
» Consider a data input

* Feed in the information (foreword propagati
» Calculate the loss with respect to its actual
Note: Objective to minimise the cost function.
weights.

* Information can be fed back, to adjust the weights.

1
E = ZE()’ - 3’)2

y Yy

Update all the weights

y y

/o

y

y

y

v

Input 1 Input2 Input 3 Input 4 Input 5 Input 6
POLYTEGCH @ UNNERSITE ("~ Introduction to Deep Learning
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Batch update ( One iteration)

» Consider a data input

* Feed in the information (foreword propagation)

» Calculate the loss with respect to its actual value.

Note: Objective to minimise the cost function. Find optimal
weights.

* Information will be fed back, to adjust the weights.

» Repeated with other data inputs.

1
. S S
» Total loss > cost function Ee =2 > y-3)
« The weights adjusted ‘at the same time’ using total loss.

Update all the weights

/o

<>
<<

y

y y

Input 1 Input2 Input 3 Input 4 Input 5 Input 6

POLYTECH® UNIVERSITE ¢/~ Introduction to Deep Learnin
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Batch update ( One iteration)

» Consider a data input

* Feed in the information (foreword propagation)

» Calculate the loss with respect to its actual value.

Note: Objective to minimise the cost function. Find optimal
weights.

* Information will be fed back, to adjust the weights.

» Repeated with other data inputs.

1
— _ _ 2
Total loss = cost function Ee =2 > y-3)
« The weights adjusted ‘at the same time’ using total loss.

Update all the weights

/o

y y Yy

<>
<>
<<

One epoch = training done on entire data set once.

Input 1 Input2 Input 3 Input 4 Input 5 Input 6

POLYTECH® UNIVERSITE ¢/~ Introduction to Deep Learnin
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One epoch = training done on entire data set once.
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Objective : To minimize this loss,

1
E = Zz(y - 3’)2

Update all the weights

<>

y yy y Y

v

Input 1 Input2 Input 3 Input 4 Input 5 Input 6

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

88



One epoch = training done on entire data set once.
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(RN

Objective : To minimize this loss, find optimal sets of weights.

How to minimise the loss and update the weights??

1
E = Zz(y - 3’)2

Update all the weights

<>

y yy y Y

v

Input 1 Input2 Input 3 Input 4 Input 5 Input 6

Introduction to Deep Learning
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Gradient Descent
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O

Gradient Descent

» GD: iterative method of finding minimum of any given function. Why iterative method preferred? o Zl(y 5
tot — 2
* NNs involve non-linear functions, close solutions of min of loss functions not available.

* Objective: To minimize the loss function (cost function) or mean error between neural network output and actual values
(chosen by user, Example: mean square error) .

EADN[I:_YY TECH’ @ BEIEIOE%?ATIEE (!QAA Introduction to Deep Learning
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O

Gradient Descent

» GD: iterative method of finding minimum of any given function. Why iterative method preferred? o Zl(y 5
tot — 2
* NNs involve non-linear functions, close solutions of min of loss functions not available.

» Objective: To minimize the loss function or mean error between neural network output and actual values (chosen by user,
Example: mean square error) .

* Intuition behind GD: Climbing down the hill to find its bottom or minimum value given by best parameters.

!

Grstﬂ\

e

\\i\i\‘g’“

\

-1 T

EA?\HI:_YY TECH’ @ gE"IYOEg&TIEE (!QAA Introduction to Deep Learning
\‘.
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Gradient Descent

» GD: iterative method of finding minimum of any given function. Why iterative method preferred? o Zl(y 5
tot — 2

* NNs involve non-linear functions, close solutions of min of loss functions not available.

* Objective: To minimize the loss function or mean error between neural network output and actual values (chosen by user,
Example: mean square error) .

Intuition behind GD: Climbing down the hill to find its bottom or minimum value given by best parameters.

Basic steps: 1\
Given the loss function  J(w,b) OJSL dnihod W
« Compute the slope (gradient) that is the first-order
derivative of the function at the current point. 3%""”‘”‘“"""
* Move-in the opposite direction of the slope increase EP
from the current point by the computed amount.
s
Wew—aa(Ja(VV\\ll’b)) \
0 (J(w,b)) W) e)‘}‘S"‘}‘:
bb-a : wr )
ob ( FW‘“"“

’ EADN(I:_YY TECH’ @ BE“EIOEI{‘&TIEE (QAA Introduction to Deep Learning
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One epoch = training done on entire data set once.

O

Batch Gradient Descent
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Saw earlier: Weights were updated using total loss of a data batch =» Batch
GD.

1
E = Zz(y - )’)2

Update all the weights

/o

y y Yy

<>
<>
<<

v

Input 1 Input2 Input 3 Input 4 Input 5 Input 6

Introduction to Deep Learning
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(Gradient Descent

S

GD: iterative method of finding minimum of any given function. Why iterative method preferred?
NNs involve non-linear functions, close solutions of min of loss functions not available.

Objective: To minimize the loss function or mean error between neural network output and actual values (chosen by user,
Example: mean square error) .

* Intuition behind GD: Climbing down the hill to find its bottom or minimum value given by best parameters.

Basic steps:

Given the loss function

J(w,b)

0.25

1
Eie = ZE(J’ - }’)2

Compute the slope (gradient) that is the first-order

0.20

\
derivative of the function at the current point. '
Move-in the opposite direction of the slope increase

from the current point by the computed amount.

' 'i
B
w <—W—aa (J(w,b)) B
A
b b—g LI WD)

O.OOD 5
& learning rate.
ob

Average Cost
o
=
5]

=]
=
=
I

B 10 12 14
Epochs

What happens when learning rate is very low?
What happens when learning rate is very high?
rorvreon (T s
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Gradient Descent

When learning rate too low =» slow convergence.

When learning rate too high = minima will be overshot = slow or no convergence.

Learning rate is a Hyperparameter.

It must be fine tuned. Neither too high, nor too low. We see hyperparameter tuning later.

GD works well when the total loss function is a convex function.

(nt
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Gradient Descent

* When learning rate too low = slow convergence.
* When learning rate too high = minima will be overshot = slow or no convergence.

* Learning rate is a Hyperparameter.
It must be fine tuned. Neither too high, nor too low. We see hyperparameter tuning later.

» GD works well when the total loss function is a convex function.

« What happens when function is non-convex? /r

(nt
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Gradient Descent '

» GD works well when the total loss function is a convex function.

* What happens when function is non-convex?

Usually, the case, when millions of data are considered for training, (o rwm)
with millions of parameters (weights in many layers of NNs).

Source: Taig et al.
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Stochastic Gradient Descent

« GD : Consider a batch (set) of training data samples:

+ calculate loss

» update weights based on total loss.
« Curse of dimensionality: Need more data for training, updating for whole set > extremely slow updates.

» To avoid getting stuck in local minima, a certain “jittering” or noise /exploration is needed.
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Stochastic Gradient Descent

» Stochastic GD (SGD) : Updating weights after each training data sample.

« “Jittering” Provided by SGD : presence of diverse and many data inputs and
update done for each data inputs until convergence.

» Probability to get unstuck from local minima and converge towards global minima.

Update all the weights

One epoch = training done on entire data set once.

v

Input 1 Input2 Input 3 Input 4 Input 5 Input 6
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Stochastic Gradient Descent

» Stochastic GD (SGD) : Updating weights after each training data sample.

« “Jittering” Provided by SGD : presence of diverse and many data inputs and
update done for each data inputs until convergence.

» Probability to get unstuck from local minima and converge towards global minima.

Update all the weights

One epoch = training done on entire data set once.

v

Input 1 Input2 Input 3 Input 4 Input 5 Input 6
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Stochastic Gradient Descent

» Stochastic GD (SGD) : Updating weights after each training data sample.

« “Jittering” Provided by SGD : presence of diverse and many data inputs and
update done for each data inputs until convergence.

» Probability to get unstuck from local minima and converge towards global minima.

Update all the weights

One epoch = training done on entire data set once.

v

Input 1 Input2 Input 3 Input 4 Input 5 Input 6
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Stochastic Gradient Descent

» Stochastic GD (SGD) : Updating weights after each training data sample.

« “Jittering” Provided by SGD : presence of diverse and many data inputs and
update done for each data inputs until convergence.

» Probability to get unstuck from local minima and converge towards global minima.

Update all the weights

y yy
y

y

One epoch = training done on entire data set once.

v

Input 1 Input2 Input 3 Input 4 Input 5 Input 6
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Stochastic Gradient Descent

» Stochastic GD (SGD) : Updating weights after each training data sample.

« “Jittering” Provided by SGD : presence of diverse and many data inputs and
update done for each data inputs until convergence.

» Probability to get unstuck from local minima and converge towards global minima.

» |terate until convergence detected.

Update all the weights 2

y Yy y Y

<>
<<

One epoch = training done on entire data set once.

Input 1 Input2 Input 3 Input 4 Input 5 Input 6
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Stochastic GD (SGD) : Updating weights after each training data sample.

“Jittering” Provided by SGD : presence of diverse and many data inputs and
update done for each data inputs until convergence.

Probability to get unstuck from local minima and converge towards global minima.

Iterate until convergence detected.

Batch GD : stores all data loss, updates after all data loss taken into
account.
SGD : updates after each data sample.
* less time consuming
* NN updated after each data,
« memory not allocated to all data at once.

« but, cannot vectorize the computations. (as only one
data input treated once).

What happens when millions of data samples? but limited memory

resources?
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Mini batch GD

» Blends advantages of both GD and SGD.

« Mini-batches of fixed size are created.

In one epoch:

1. Pick a mini-batch

2. Feed it to Neural Network

3. Calculate the mean gradient of the mini-batch

4. Use the mean gradient we calculated in step 3 to update the
weights

5.
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Mini batch GD

» Blends advantages of both GD and SGD.

« Mini-batches of fixed size are created.

In one epoch:

1. Pick a mini-batch

2. Feed it to Neural Network

3. Calculate the mean gradient of the mini-batch

4. Use the mean gradient we calculated in step 3 to update the

weights
5. Repeat steps 1-4 for all the mini-batches
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Mini batch GD

» Blends advantages of both GD and SGD.

« Mini-batches of fixed size are created.

In one epoch:

1. Pick a mini-batch

2. Feed it to Neural Network

3. Calculate the mean gradient of the mini-batch

4. Use the mean gradient we calculated in step 3 to update the

weights
5. Repeat steps 1-4 for all the mini-batches.
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Mini batch GD

» Blends advantages of both GD and SGD.

« Mini-batches of fixed size are created.

In one epoch:

1. Pick a mini-batch

2. Feed it to Neural Network

3. Calculate the mean gradient of the mini-batch

4. Use the mean gradient we calculated in step 3 to update the

weights
5. Repeat steps 1-4 for the mini-batches we created.

d (J(w,b))
Great!! We now know how NNs update weights .....using: WeW-a oW
batch-GD, SGD or mini batch SGD....but... 8 (3(w,b))
b« b-«a 5 b’
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Mini batch GD

» Blends advantages of both GD and SGD.

« Mini-batches of fixed size are created.

In one epoch:

1. Pick a mini-batch

2. Feed it to Neural Network

3. Calculate the mean gradient of the mini-batch

4. Use the mean gradient we calculated in step 3 to update the

weights

5. Repeat steps 1-4 for the mini-batches we created.

d (J(w,b))
Great!! We now know how NNs update weights .....using: WeW-aT—
batch-GD, SGD or mini batch SGD....but... b b 0 (J(w,b))
e —
how to calculate the gradient of the cost function!! a ob
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Backpropagation (Backprop)
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Back propagation

» Intuition: the global error is backward propagated to network nodes, weights are modified proportional to their contribution

» Objective: Calculate rate of change of Error with respect to each weights, to correct the weights.

» Backpropagation rediscovered in 1986, efficient way of propagating backwards the error gradient and updating the weights.

but first, Forward Propagation : Illustration using 2 Hidden layer Deep NN.

L.oss
w @ W @h
h
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W (1)

ce)
z= Wz

X € lR"‘
LW e IR
2e R™
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W (1) W (2)

z= W% W= dce)

x%lR"‘
LW e IR
2e R™
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Foreword propagation

oSS

2(3:9)

1

Zz = Nt = 95(%) ‘ﬁ\ = l,\)twh L

xémﬁ
Ly e IR
2e R™
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Back propagation

» Calculate the gradient with respect to all parameters.

* Intermediate values and gradients are calculated.

* Reminder: Chain rule
Y= 00
Z = 3,(‘/) = 305‘(79

oz _ pZ Y
Tha, == prod (2557

Objective of Backprop:

0T oJ

— Y mmm——

DN IR

POLYTECH UNIVERSITE
) @ DE LORRAINE ( Q A[\
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Back propagation Q

» Calculate the gradient with respect to all parameters.

 Reminder: Chain rule

e
=
* Intermediate values and gradients are calculated. l
N
-

Y= 500

2 = 3,(‘/) = 305—(7<)
9T _ pZ Y
Thos, ~r pred (_a’\/’ % |
—x
v
Objective of Backprop: i > <
oJ D7
7 v
g V(=
9 NU) 9 T <>
S —
POLYTECH @ UNIVERSITE ( Introduction to Deep Learning 91 =1 a2 jz L‘ 'I
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Back propagation

» Calculate the gradient with respect to all parameters.

* Intermediate values and gradients are calculated.

* Reminder: Chain rule
Y= 500
Z = 3,(\/) = 305'(7()
Thew, 92 - r’w“f( bz | oY

3% oY Tox :-
v
Objective of Backprop: i >
0T 0T
o4 2
9 NQID 9 1'\)(2—) - .2: 0 ) lEC/J"llve_ v
pasdiat of 0je I _ped (33,300 Yo gt fe
thwm e oudpe 33 oL 33 ) 99 1
oyes vascolles v
Lo T J 5. =
T Tl
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Back propagation

S L.
» Calculate the gradient with respect to all parameters. G

* Intermediate values and gradients are calculated.

 Reminder: Chain rule

Y= 500

¢4—z<—){4—X

Z = ZC‘/) = 305‘(79
Y
‘n\ﬂ&/ %Z;C r”w“f(%z;/a—%—?'( v
-
A
ok vt 5T = aed [ 979 ~
Objective of Backprop: C]W — - ]D‘% ( ’;ﬂ _QI/ o) i >
) oW 9& EIN =
0T 0J
R g —
@) NN . el v
BI/\J o Clﬂgalqw,'t o‘}l 0L7ec/ ved oJ _ prod (_é_l , ?_l: ):iL é_)R‘lz >
JLch,Fxrorn wve ‘_’”/}{—— ‘aj\ 7) oL 33\ 93 1
Loyer vauabled Y
——Oj’/f - = —
; 9:]' 1 s JT L\ 'I
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Back propagation

» Calculate the gradient with respect to all parameters.

* Intermediate values and gradients are calculated.

 Reminder: Chain rule

= ZHx)
Z = (arc\/) = 30;}(79

¢4—z<—){4—X

T
T, D2 prod (55,55 o7 ;Poa(ig,éﬂ_“): W O
h AL &3
aodent rt 0J = paod ( 07 Cbél\
Objective of Backprop: NS )D N ¢2)
A D1 AL
oJ 27
w -EU') Fv
OW® (radiont of jeowf o7 o (ﬂ %):%@)R%
JLch,Fxorn M 9/7[—7—— 9 oL 33 93
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Back propagation

S L.
» Calculate the gradient with respect to all parameters. G

 Reminder: Chain rule

e

=

* Intermediate values and gradients are calculated. l
N

-

[

= $0O O pred (ﬂ%') Salor e

Z = 3,(\/):305(7() B% D2 élﬂ
T
Thaw, ’%ZX—: rwaf(%—z\-/,-%z 9]’ ’FMO\ ( 33 93) W _2{_ !
3 Sl 3\1 oh 2N -
; Lot 0 _ 9T o '
Objective of Backprop: C]W ———3———@) - )D‘%d ( - _QI, Lz)) i > <
NCL) oW J ol ~
oJ 27
w 55“') Hve ¥
oW (redioat of olye ou} ENj pred (2T, 3L ): AL ¢p% <
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»e
Back propagation

v
5T D2 \. oT 7|
» Calculate the gradient with respect to all parameters. _Q_l ol QD%“‘ ( —94%9 —B/w“) - %— L& = BeA
)
* Intermediate values and gradients are calculated. oW *

 Reminder: Chain rule

Y= $00 oJ - proc (@l,?ﬁ) agﬁf@?"@
Z = (arc\/) = 30;}(79 52

oh o2 d h
Than, 92 = prod (2,2 0T _ cved (&2, ?ﬁ)z W' 93
” o PRt T g
‘ t 0F - ( T Oy
Objective of Backprop: C]W o ——-3——— - )D‘%d Tﬁi . §
0T D ) W™ I N v
J

YNNI i

a oot o‘}l o Lyechve
Clj—uma}fom u‘\’j 9“,}5_} ) j\

Loyer vasdabled
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Deep NN Training Algorithm

On-Line algorithm:
1. Initialize weights
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Deep NN Training Algorithm

On-Line algorithm:
1. Initialize weights
2. Present the data input and targets for the deep NN

Forward propagation: Traverse the computational graph in the direction of dependencies and compute
all the variables on its path.
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Deep NN Training Algorithm

On-Line algorithm:
1. Initialize weights
2. Present the data input and targets for the deep NN

Forward propagation: Traverse the computational graph in the direction of dependencies and compute
all the variables on its path.

3. Compute Deep NN output

4. Back propagation of errors e 0T

5.Update all the weights using Gradient descent:
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Deep NN Training Algorithm

On-Line algorithm:
1. Initialize weights
2. Present the data input and targets for the deep NN

Fomard propagation: Traverse the compute graph in the direction of dependencies and compute all the variables on its
path.

3. Compute Deep NN output
4. Back propagation of errors
5. Update all the weights using Gradient descent: m/ AMEJ' = - 3T

[/QEJ‘ (£+1) = bObJ'Ct) + A(,oi('

oW
6. Repeat the steps from 2 , until acceptable error levels observed . J

Remarks:

« intermediate values must be stored until backpropagation

» backpropagation requires significantly more memory than plain inference.

» Gradients as tensors variables must be stored to invoke the chain rule.

* Minibatches = GD on several data inputs together = more intermediate activations need to be stored.
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Deep NN Training Algorithm

On-Line algorithm:
1. Initialize weights. How? what is the best way?
2. Present the data input and targets for the deep NN

Fomard propagation: Traverse the compute graph in the direction of dependencies and compute all the variables on its
path.

3. Compute Deep NN output

4. Back propagation of errors o (| (£+) = W f CE) -+ AIMJ'
5.Update all the weights using Gradient descent: ohere, Awij = - 0d
0 wth

6. Repeat the steps from 2 , until acceptable error levels observed.

How to access? What is the best model? When is training over?

Remarks:

« intermediate values must be stored until backpropagation

» backpropagation requires significantly more memory than plain inference.

» Gradients as tensors variables must be stored to invoke the chain rule.

* Minibatches = GD on several data inputs together = more intermediate activations need to be stored.
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Summary

Forward propagation sequentially calculates and stores intermediate variables within the compute
graph defined by the neural network. It proceeds from input to output layer.

Back propagation sequentially calculates and stores the gradients of intermediate variables and

parameters within the neural network in the reversed order.

When training deep learning models, forward propagation and back propagation are interdependent.

Training requires significantly more memory and storage.
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Training data, Test Data and Validation data

Rich and large data sets: Different data sets for training, parameter tuning and testing of the model.

When amount of data is large

Training Set ~ Validation Set
70% 15%

Available Example

N

\)

<

ﬂ)% Divide randomly \ 30%

Training
Set

POLYTECH’
NANCY

@i Cpn
\4‘

—=

Test Generalization error
Set = test error
Test error

Introduction to Deep Learning
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Generalization: Underfitting and Overfitting popt  Tusk isnt

4T | , ! >4 Ondt’.f{"'H""g
« Under fitting: model is unable to reduce training errors. s b ' ” p ¢
£

« Overfitting: model test error is significantly higher than

A\ 4

training error. X

A\4
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Generalization: Underfitting and Overfitting

« Under fitting: model is unable to reduce training errors.

« Overfitting: model test error is significantly higher than

training error.

How does it depend on Model complexity?
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Underfitting and Overfitting

« Under fitting: model is unable to reduce training errors.

« Overfitting: model test error is significantly higher than

training error.

How does it depend on Model complexity?

What is model complexity?

* number of hyper-parameters (tunable parameters)

* number of layers, hidden nodes in each layer

* number of weights, range of values taken by weights
* Minibatch size

POLYTECH’ UNIVERSITE Introduction to Deep Learnin
O e @ DE LORRAINE  { QA[\ uctl P 8 133

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr



Generalization : Preventing over-fitting (over-training)

Goal: To achieve good generalization accuracy on new examples/cases
How to ensure that a network has been well trained??

1. Rich and large data sets: Different data sets for training, parameter tuning and testing of the
model.

« Monitor error on the test set as network trains.
« Stop network training just prior to over-fit error occurring - early stopping or tuning

2. Number of effective weights is reduced : Number of weights and value range.
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Generalization : Preventing over-fitting (over-training)

Goal: To achieve good generalization accuracy on new examples/cases

How to ensure that a network has been well trained??

1. Rich and large data sets: Different data sets for training, parameter tuning and testing of the model.

Test Set

When amount of data is large

Training Set
70%

Available Example

| 4

S

<

Validation Set
15%

ﬂ)% Divide randomly \ 30%

Training
Set

; UNIVERSITE
Q EADN [|3_YY TECH @ DE LORRAINE CQAA

—=

Test
Set

Test error

Generalization error
= test error

Introduction to Deep Learning
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Generalization : Preventing over-fitting (over-training)

Goal: To achieve good generalization accuracy on new examples/cases
How to ensure that a network has been well trained??

1.Rich and large data sets: Different data sets for training, parameter tuning and testing of the
model.

When amount of data is small: Cross-Validation (K-fold)

« original training data set is split into K noncoincident sub-data sets

» use the K -1 sub-data set to train the model.
 validate the model using a sub-data set Available Exa'mples
- Repeat model training and validation — — 1division
process k times. / k-1 divisions
Tr’ainin Validation
g >
Set Set
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Generalization : Preventing over-fitting (over-training)

2. How to control number of effective weights?

« Manually or automatically select optimum number of hidden nodes and connections.
» Not scalable, often needs expert opinion.

* Regularization methods
» Adjust the bp error function to penalize the growth of unnecessary weights
» Keep the weight vector small magnitude =»add its value as a penalty to the problem of minimizing the loss.
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Generalization : Preventing over-fitting (over-training)

2. How to control number of effective weights?

« Manually or automatically select optimum number of hidden nodes and connections.
» Not scalable, often needs expert opinion.

« Regularization methods
» Adjust the bp error function to penalize the growth of unnecessary weights
» Keep the weight vector small magnitude =»add its value as a penalty to the problem of minimizing the loss.
* Weight vector becomes too large, = the learning algorithm prioritizes minimizing w over minimizing
the training error.

L) + X o]l
2
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Generalization : Preventing over-fitting (over-training)

2. How to control number of effective weights?

« Manually or automatically select optimum number of hidden nodes and connections.
» Not scalable, often needs expert opinion.

* Regularization methods
» Adjust the bp error function to penalize the growth of unnecessary weights
» Keep the weight vector small magnitude =»add its value as a penalty to the problem of minimizing the loss.
* Weight vector becomes too large, = the learning algorithm prioritizes minimizing w over minimizing
the training error.

L) + X o]l

2 Weights decay by an amount

= Zz proportional to its magnitude

* Squared Norm Regularization: 0 :

» Gradient Descent update becomes : =1
ﬂ, weight-cost parameter

D e— w(‘”od)w—pai{

another Hyperparameter

O 0w
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Training

1. Network Design (Architecture of NN networks.) #layers, #hidden nodes, activation functions,
model ..

2. Initialize model parameters.

3. Choose Loss function

4. Training and Backpropagation : Mini batch, batch, or stochastic GD.
5. Monitor the loss function and error .

When no overfitting observed (epochs of training)

Stop if the error fails to improve (has reached a minimum)
Stop if the rate of improvement drops below a certain level
Stop if the error reaches an acceptable level

Stop when a certain number of epochs have passed

When overfitting observed: fine tune the NN network
(initialize parameters, prune or regularize the weights, ...)
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Activation functions

1.0 1

0.8 1

0.6 -

0.4

0.2 1

0.0 1

-8 -6 -4 =2 0 2 4 6 8

Threshold function (binary step function)

1.0 1

sigmaid(x}
L] = o
B m

=
Pl
1

-
]
1

Sigmoid function

POLYTECH UNIVERSITE
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relu(x)
S

RelLu (Rectified Linear Unit)

1.0 1

0.5 1

0.0 1

tanh(x)

—0.5 +

_1.0 .

TanH / Hyperbolic Tangent

Introduction to Deep Learning
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Activation Functions

1.0 - _
0.8 - 11f x>0

0.6 - ¢(X):: 01f x<0
0.4 -

0.2 -

0.0 -

Threshold function (binary step function)

 If the input value is above or below a certain threshold,
the neuron is activated and sends the same signal to the next layer.
» Good for Binary outputs - 2 class classifications.

* Does NOT allow multi value outputs - does not support classification of input into multiple
categories.
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Activation Functions : Non-linear functions (why linear functions not preferred?

1.0 4 1
0.8 X) =

3 06 ¢() 1+e””
Eoa

MU.E'

0.0

8 -6 -4 -2 0 2 4 6 8
Sigmoid function
» Smooth gradient, preventing “jumps” in output values.
« Qutput values bound between 0 and 1, normalizing the output of each neuron.

 Clear predictions—For X above 2 or below -2, tends to bring the Y value (the prediction) to the edge of the
curve, very close to 1 or 0. This enables clear predictions.

» The Sigmoid function used for binary classification in logistic regression model.
» While creating artificial neurons sigmoid function used as the activation function.
Disadvantages

 Vanishing gradient—for very high or very low values of X, there is almost no change to the prediction, causing a
vanishing gradient problem.

» This can result in the network refusing to learn further, or being too slow to reach an accurate prediction.
« Computationally expensive

 Not Zero centered !!
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Activation Functions

1.0 ~2x
059 ¢(X): i-l—%
£ o0-

T os.
10X

TanH / Hyperbolic Tangent

Zero centred =»making it easier to model inputs that have strongly negative, neutral, and strongly
positive values.

All advantages of Sigmoid function preserved.

Computationally expensive.
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Activation Functions

¢ (x) = max(x,0)

ReLu (Rectified Linear Unit)

« Computationally efficient—allows the network to converge very quickly

* Non-linear—although it looks like a linear function, ReLU has a derivative function and allows for
backpropagation.

» Avoids vanishing or exploding gradient problems unless...
Disadvantages:

The Dying ReLU problem—when inputs approach zero, or negative,

the gradient of the function becomes zero, the network cannot perform backpropagation and cannot learn.
’ EAONé_YY TECH @ gElleloEggATlﬁE C?AA Introduction to Deep Learning
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Activation Functions

¢ (x) = max(x,0)

Leaky RelLu
« Computationally efficient—allows the network to converge very quickly (faster than Sigmoid/tanh)

 Does not Saturate/
 Does not “die”

[Mass et al., 2013] [He et al., 2015]
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probabilities

Activation function

exp(x.) :
P(X )= = | fori=123...k
) 210 &XP(X;)

» Calculates the probabilities distribution of the event over ‘n’ different events.

Softmax function

* In general, calculates the probabilities of each target class over all possible target classe

» Later the calculated probabilities will be helpful for determining the target class for the given inputs.
» The range will 0 to 1, and the sum of all the probabilities will be equal to one.

Remark: Useful for output neurons—typically Softmax is used only for the output layer,

for neural networks that need to classify inputs into multiple categories.

* Very often used for multi-class classification.
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Loss functions
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Common Loss functions

Regression

Mean Square Error (MSE) Loss: measured as the average of squared difference between predictions
and actual observations.

Also known as: L2 loss, Quadratic loss, MSE loss, ..

Remarks:
» Predicted values that are far from actual values are penalized heavily.
» Squaring : positivity, quadratic function—> nice properties helpful in finding gradients.
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Common Loss functions

Classification (recall: binary classification and multi class classification
Softmax function )

probabilities

« Often, for classification: outputs are probabilities of belonging to each class.
» Thus, loss must be calculated based on assessment of probabilities.
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Common Loss functions

Classification Loss (recall: binary classification and multi class classification

Softmax function ) . &
Cross Entropy Loss (log loss, logistic loss, logarithmic loss, negative log loss..) ) cs&fg%ﬁ".
.-&
(Binary Class , or 2 classes) %0 ‘?9:{5‘%‘3'9‘0‘. ®
e © “ ® £

Lee =—( ylog(p)+(1-y)log- p) ) T

Cross-entropy loss, or log loss, measures the performance of a classification model
whose output is a probability value between 0 and 1.

Cross-entropy loss increases as the predicted probability diverges from the actual
label.

Notice that when actual label is 1 (y = 1), second half of function disappears whereas
in case actual label is 0 (y = 0) first half is dropped off.

A perfect model would have a log loss of 0.
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Common Loss functions

Classification Loss (multi class classification, Softmax function)

Cross Entropy Loss

(Multi Class )
M : Number of classes

M
— Y. - true probability of belonging to that class
LCE o Z yi,C |Og( pi,C) p;.: predicted probability of belonging to that class.
c=1

Cross-entropy can be calculated for multiple-class classification.

The classes have been one hot encoded, meaning that there is a binary feature for each class value.

The predictions must have predicted probabilities for each of the classes (Example: Softmax).

The cross-entropy is then summed across each binary feature and averaged across
all examples in the dataset.

exp(x.) :
d(X )= 0 ' fori=123...k
) 2 0exp(x;)
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Suggestion: Read this thread of discussion on forum on using Cross entropy in practice.


https://datascience.stackexchange.com/questions/9302/the-cross-entropy-error-function-in-neural-networks

Loss functions: Best practices

Regression Problem

» A problem where you predict a real-value quantity.

« Output Layer Configuration: One node with a linear activation unit.

» Loss Function: Mean Squared Error (MSE).

Binary Classification Problem

« A problem where you classify an example as belonging to one of two classes.

« The problem is framed as predicting the likelihood of an example belonging to class one, e.g. the
class that you assign the integer value 1, whereas the other class is assigned the value 0.

« Output Layer Configuration: One node with a sigmoid activation unit.

» Loss Function: Cross-Entropy

Multi-Class Classification Problem

« A problem where you classify an example as belonging to one of more than two classes.

» The problem is framed as predicting the likelihood of an example belonging to each class.

» Output Layer Configuration: One node for each class using the softmax activation function.
* Loss Function: Cross-Entropy.
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Summary

« Simple NN functioning, analogy with linear regressions

Feed foreword Deep NN functioning

Weight updates through backprop and gradient descent (batch, mini batch and stochastic GD)

Generalization :Training /validation/test set

Generalization and Training issues: overfitting, underfitting, finding the right tradeoff.

Weights initializations: Exploding and Vanishing gradients, Xavier initilisations.

Note on Activation functions.
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Convolutional Neural Networks

hekhar.jha [at] univ-lorraine.fr



O

Images are just numbers for computer!

Source: OpenFrames

Images are matrix of numbers.

s

15

10

™

m

189

199

190 |

Gray Scale Images = One channel Grey Scale = 2D matrix of numbers (pixel values).

Each pixel =[0,255],

No of pixels proportional to image size - No of rows and columns.

rorvreer (@usm Coan
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https://openframeworks.cc/ofBook/chapters/image_processing_computer_vision.html

Color images

)

height

width

Source: Broher

channel

Source: Medium

Colored Images: 3 channels of colors: 3D array
RGB channels = 3D Arrays

Red: 2-D matrix

Green: 2-D matrix

Blue: 2-D matrix
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https://brohrer.github.io/convert_rgb_to_grayscale.html
https://towardsdatascience.com/understanding-images-with-skimage-python-b94d210afd23

Drawbacks
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Drawbacks
Explosion of training parameters

16 X 16 Image GreyScale
Colored Images: 3 channels of colors: 3D array

RGB channels =» 3D Arrays
Red: 2-D matrix

Green: 2-D matrix

Blue: 2-D matrix

Deep Hidden layers Multi class output
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Drawbacks
Explosion of training parameters

16 X 16 Image GreyScale
Colored Images: 3 channels of colors: 3D array

RGB channels = 3D Arrays Simple calculation for 1 layer, 100 hidden units:

. . 256 inputs > 256 weights
Red: 2-D matrix 100 hidden units > 256 x 100=25600 input weights

Multi class output

Deep Hidden layers

Green: 2-D matrix Bias = 100 bias

Blue: 2-D matrix 26 Outputs (A-Z)—> 26 X 100 output weights
Biases = 26
Total: 25600 + 100+ 2600 + 26 = 28326
That is just with one layer !!
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Drawbacks: Trainable parameter explosion

Most images - high resolution (1MB or more) - several thousands of pixels = several thousands
inputs.

Several hundreds of hidden layers with several hundreds of units.

Total parameters to train - Extremely large > Computation intractable !!

Strong regularization needed - difficult and little reproducibility.
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Drawbacks: Variance to distortions

The orientation / location of object within an image should have little influence over it getting
detected.

This is not true with previous NNs (MLPs, ANNs).

Variance to scaling, shifting and other distortions, influence of surroundings (global context).

The topology of the data is ignored.
Inherent distributions are not learnt well.

3

AN I~ I R S I

——
\"

A
\

>
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* Must avoid parameter explosion in face of large inputs.

« ldentification of object should be invariant to scaling, shifting and different orientation.

» The object should be identifiable in any location / orientation = placement of object in an image
should not influence the outcome, only local information about the object should be sufficient.
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Convolutional neural networks
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Motivation
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Convolutional layer: Motivation
Proposed by Yann LeCun and Yoshua Bengio in 1995.
« Convolutional Neural Networks are a special kind of multi-layer neural networks.

* Inspired by neuro-biology: brain’s mechanism of understanding different attributes of an object
» Attributes : shape, size, orientation and color.
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Convolutional layer: Motivation
Proposed by Yann LeCun and Yoshua Bengio in 1995.
» Convolutional Neural Networks are a special kind of multi-layer neural networks.

* Inspired by neuro-biology: brain’s mechanism of understanding different attributes of an object
» Attributes : shape, size, orientation and color.

They can be compressed | The Tail

to the same parameters. detector!

,-f"-- T,
_..f_..-
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Convolutional layer: Motivation
Proposed by Yann LeCun and Yoshua Bengio in 1995.
» Convolutional Neural Networks are a special kind of multi-layer neural networks.

* Inspired by neuro-biology: brain’s mechanism of understanding different attributes of an object
» Attributes : shape, size, orientation and color.

Intuition:
* Understanding the inherent data distribution.
» Using local information to extract topological properties from image.
» Implicitly extract relevant features.

Understanding the new data using learnt attributes.

[N
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Convolutional layer: Motivation
Proposed by Yann LeCun and Yoshua Bengio in 1995.
« Convolutional Neural Networks are a special kind of multi-layer neural networks.

* Inspired by neuro-biology: brain’s mechanism of understanding different attributes of an object

« Attributes : shape, size, orientation and color.
features

Intuition:
« Understanding the inherent data distribution.
« Using local information to extract topological properties from image.
» Implicitly extract relevant features.

Understanding the new data using learnt attributes.

Example:

A door is always rectangular in shape,

A ship has a characteristic shape,

a car of any brand shall have a typical shape....
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Intultion
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Intuition

\\
Intuition: T
. 1 :
Use an image kernel to extract r\eﬁ S fromFtIhe llmage.
ilter
Image kernel = image matrix. N
Learn an appropriate filter weigﬁts;\ ining (BP).
\\\
\\\ N iy
Shape 1/ feature 1 \\\ \\
N N &
N ' N
~| N
\\
N
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Intuition

™S
. ™~
Intuition:
™~
Use an image kernel to extract rels S fromFtIhe izmage.
ilter
Image kernel = image matrix. -
Learn an appropriate filter weights N ccessivﬁ:@n\ing (BP).
N \\
~ N
N N
R N
Shape 2 / feature 2 ™
~
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Intuition

Source :Blog AndrewSzot
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https://www.andrewszot.com/blog/machine_learning/deep_learning/convolutional_neural_networks/2_convolution_layers

Intuition

Input

Source :Blog AndrewSzot
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https://www.andrewszot.com/blog/machine_learning/deep_learning/convolutional_neural_networks/2_convolution_layers

Intuition

Source :Blog AndrewSzot

Intuition:
Edge Detection: image kernel for edge detection.
Multiple image kernels to extract different features.

Why not multiple kernels to extract set of features expected from object /
required for the objective.
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https://www.andrewszot.com/blog/machine_learning/deep_learning/convolutional_neural_networks/2_convolution_layers

Intuition

Source :Blog AndrewSzot

Intuition:

How to construct these filters? Edge detection is straight foreword. Not obvious in general.
Essence of CNN :

» learn the values (weights) of these filters (BP).

» stack multiple layers of feature detectors (kernels) on top of each other for abstracted levels of feature
detection.
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https://www.andrewszot.com/blog/machine_learning/deep_learning/convolutional_neural_networks/2_convolution_layers

Intuition

lnput

Source :Blog AndrewSzot

Intuition:
How to construct these filters? Edge detection is straight foreword. Not obvious in general.

Essence of CNN :

» learn the values (weights) of these filters (BP).

» stack multiple layers of feature detectors (kernels) on top of each other for abstracted levels of feature
detection.

» extract relevant features: Convolution operation . What and How?
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https://www.andrewszot.com/blog/machine_learning/deep_learning/convolutional_neural_networks/2_convolution_layers

Convolution Operator
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Convolution Operator

x(t) *y(t) = j x(T)y(t —1)dt = f y(©)x(t — 1)dt

Reminders:
 origins in Signal Processing.

» convolution of two signals produces a third signal
 |In signal processing, input signal convolution with impulse response of the system — output response
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Convolution Operator

Linear
s b X[n] —om System [ — s y[n]
x(t) *»y(t) = j x(D)y(t —1)dt = f y(@)x(t — 1)dT [n]

x[n] * h[n] = y[n]
s(t) «6(t — ty) = s(t —ty)

Source: DSP Guide book

A s(t)

Reminders: 0 »>
« origins in Signal Processing.
 convolution of two signals produces a third signal A tﬂ)
 input signal * impulse response of the system =» output response.

0

y

tD T

Convolution of a signal by Dirac impulse positioned at t, = signal shift to ¢,
s(t—to) =s(t)*At—to)

+ v

’EO T
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Convolution Operator

x(t) *y(t) = j x(T)y(t —1)dt = f y(©)x(t — 1)dt

s(t) «6(t — ty) = s(t —ty)

+ 00

s() % 6o (t) = z s(t — kTe)

k=—o0

Reminders:
 origins in Signal Processing.
» convolution of two signals produces a third signal

 input signal * impulse response of the system =» output response.

Convolution of a signal by Dirac train — periodic signal with period T,
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Linear

X[n] — 3w System |— y[n]

[n]

x[n] * h[n] = y[n]

Source: DSP Guide book

A s
>
0 t
6'1—&(0
>
T, 0 T, 2T,
As(D)*d.(1)
: >
T, 0 T. 2T, 1

Source: DSP Course by Prof. Garnier,
Polytech Nancy
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Convolution Operator

Linear
s b X[n] —om System [ — s y[n]
x(t) *»y(t) = j x(D)y(t —1)dt = f y(@)x(t — 1)dT [n]

X[n] * h[n] = y[n]
s(t) «6(t — ty) = s(t —ty)

Source: DSP Guide book

+00
s() % 6o (t) = z s(t — kTe)
k=—o0 A S{t)
Reminders:
« origins in Signal Processing. 0 {
 convolution of two signals produces a third signal 5.
 input signal * impulse response of the system =» output response. T | T T
>
Convolution of a signal by Dirac train — periodic signal with period T, -T. 0 T, 2T, ¢
« Convolution operation constructs a system response signal. As(t)*o., (0
« Convolution operation fundamental in assessing the similarity between two
signals. 1. >
-T, 0 T, 2T, ¢

Source: DSP Course by Prof. Garnier,

POLYTECH" UNIVERSITE ) )
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O

Convolution Operator

+oo oo X[n] —om{ System [— = y[n]

x(t) *»y(t) = j x(T)y(t —1)dt = J y(©)x(t — 1)dt

— 00 — 00

S(E) = (x * w) X (£) = z w(@)x(t — )

a=—oo

AT \P os—
3pesdeadeadindes e Fytast assteet et
L Y T g E=rfA
LNV K Repd T
Reminders: ARy ek eof t A
B I S e e B N Tl
Low pass filtering: " aple smba Samgle pmber

Input: three cycles of sine wave plus a slow increasing ramp.
Low pass filter impulse response ( or Convolution kernel / filter kernel)

Output = slow component ramp.

Convolution operation - extracts the weighted feature.

EADN[I:_YY TECH’ @ BEIEIIJEI{‘EATIEIE (QAA Introduction to Deep Learning
\" JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

Linear
[n]

x[n] * h[n] = y[n]

Source: DSP Guide book

o W@ 20 3 40 N & To

Sample number
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Convolution Operator

Linear
X[n] — 3w System |— y[n]

x(t) *»y(t) = j x(D)y(t —1)dt = J y(@)x(t — 1)dt [n]
o e x[n] *h[n] = y[n]

+ 00 (0]

Source: DSP Guide book

SO = (x*w) X () = z w(a)x(t — @)

N 1 123 ' ' 4 1 1 ' 1 1 1 1 ] 1 1
a=-co o A o
-E‘;‘:-...,',.;...:.,.!'!_.',.5',.-;.. Eau-..;..’,.. g:-....:. oo bodbod ool oedbod boa| lbod b
- SELEL LS Ok PR TR _* LS PRI — =A% SEEARR NS -
E[}- R - l.:....:...:...:.—. 3&15-..:...:... aﬂnq ; I. -.
Reminders: T ETETET" R S T ETEEEEXEEEY Y
. . . Sample number Sample anmbes Sample nomber
High pass filtering:
Input Signal Impulse Response Crutput Signal

Input: three cycles of sine wave plus a slow increasing ramp.
High pass filter impulse response ( or Convolution kernel / filter kernel)
Output = Fast component ramp.

Convolution operation - extracts the weighted feature.

POLYTECH' UNIVERSITE ( Introduction to Deep Learnin
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Convolution Operator

+ 00

co

x(t) *»y(t) = j x(T)y(t —1)dt = J y(©)x(t — 1)dt

— 00

— 00

(00]

s(t) =(x*w)x(t) = J w(a)x(t —a)da

— 00

S(H) = (x xw) X (£) = z w(a)x(t — a)

a=—0oo

Thus, convolution measures the overlap between

any two functions.

vvvvvvv

POLYTECH’
NANCY

Cuié
g ol TN
|k E‘mr-ﬁq
< omq'. 'Vt

Ol

Folee]

T 1
o 1 W I

Sample mumber

UNIVERSITE
DE LORRAINE

¢ 10 20 W 40 50 & T
Sample number

0 20 a0 100

(RN

£l
£

I

£l
£

Green curve is the value of the convolution f*g, theredis f, the
blue g and the shaded area is the product f(a)g(t—a) where tis

Source :Blog AndrewSzot

the x-axis.

Amplinde

___________
||||||
|||||||

lllllll
0 10 W 0 &£ 0 & T 0

Sample number

r

Tnput Signal

Introduction to Deep Learning
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vk

18—
[] i

o e R

LR RIE PR R
i

LT PR S

31115- O EEE T
o : IL

2%

LI
0 W 0 30

Sample number

Impulse Response

10 10 30 40 SO &0 TO S0 SO 100 1
Sample number

Output Signal
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Convolution
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Convolution: CNN context.

u

Convolve with

\

Conv/filter Kernel: Edge detection

Back to CNNs:

POLYTECH' UNIVERSITE ( Introduction to Deep Learnin
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Convolution Operator : CNN context.

~

Convolve with

Conv/filter Kernel: Edge detection

Back to CNNs:

Images can be represented as 2D array.

Consider (i,j) =2 any position in an image.

Consider Hidden layers as 2-D array ,

Then, dense layers - 4D tensors (Weights in a hidden layer X no of layers)

Weights matrices become weight tensors

h[i, ] = 2 W, j,ab) x(i+aj+b)

a,b

’ EADN(I:_YY TECH @ gg%EggAﬁE (!QAA Introduction to Deep Learning 189
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Convolution Operator : CNN context.

W

Convolve with

Conv/filter Kernel: Edge detection

For any location, (i,j), consider an activation value in
hidden layer hl[i,j]

h[i,j] is computed by summing over pixels in x and
centered around (i,j).

h[i, j] = z W, j,ab) x(i+aj+b)

a,b

POLYTECH® UNIVERSITE ¢/~ Introduction to Deep Learnin
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Convolution Operator : CNN context

W

Convolve with

Conv/filter Kernel: Edge detection

For any location, (i,j), consider an activation value in
hidden layer hl[i,j]

h[i,j] is computed by summing over pixels in x and
centered around (i,j).

Run the image kernel (filter kernel, convolution) over
entire a and b.

Animation Source: slides Abin - Roozgard
h[i, j] = z W, j,a,b) - x(i+aj+b)

a,b

POLYTECH UNIVERSITE ntroduction to Deeo Learni
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Convolution Operator .

Convolve with

Invoke Translation invariance:

Now, activation h should only change with shift in inputs x . < Conv/filter Kernel: Edge detection

Or, filter kernel (weights) should be same for all (i,j)(pixel positions)
= This means same feature is searched over whole image.

=>|n this way all neurons detect the same feature at different positions in the input image.
WIi,j,a,b]l = V]a,b]

hli, ] = z Via bl x[i + a,j + b]
a,b

’ EA?“I:_YY TECH @ lDJE"I‘.IOEI{‘f%IATIEE rQAA Introduction to Deep Learning Source :Blog AndrewSzot
\“
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Convolution Operator

Invoke Locality:
The feature should be recognized using local aspects, look in

proximity and not very far.

i.e. constrain the size of the kernel filter.

Animation Source: slides Abin - Roozgard

WIi,j,a,b] = V]a,b]

hli, j] = z Via bl x[i + a,j + b]
a,b

forlal,|b| > 4
put Vl]a,b] =0

A A
h[i, j] = Z Z Viab]-x[i +a,j + b]
a=—Ab=-A

’ POLYTECH’ @ EE%EQQHEE rQAA Introduction to Deep Learning Source :Blog AndrewSzot 193
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Example: ] .
, D0
50-¢

Conv/filter Kernel: Edge detection

Convolve with

1lo0lo0lo]o0]|1 RERE
0/1)/0]0]1]0 1]1]-1| Filter 1
olo|l1]/1l0]o0 NEE
11o0lo0lo|1]0
ol1/o0lo0|1]0 171 -1
olo|l1]l0|1]0 171 11 '|
1111 Filter 2
6 X 6 Image

Each filter detects a
o roLvrecH () s, CRAN small feature (3 x 3).



Example:

O

1101010 (0]|1
o|1|/0fo|1]0 N
ojlol1f1]o|o| [4[1l4
1{o|ofol1]0| [4]4]l1
0/1(0(0|1]0
0/0{1(0|1]0

6 x 6 image Filter 1

POLYTECH UNIVERSITE
) @ DE LORRAINE  { Q A[\

*$
D 0-¢

Convolve with

S —

convolve (slide) over all
spatial locations

Each filter detects a
small feature (3 x 3).

Conv/filter Kernel: Edge detection



Example:

O

stride=1

1 1

0 0 1]-1|-1
0 O |11
1 O} |1]1]1
0 0

0 0

6 x 6 image Filter 1

POLYTECH’
NANCY

@ Can
\4‘

*$
D 0-¢

Convolve with

S —

convolve (slide) over all
spatial locations

Each filter detects a
small feature (3 x 3).

Conv/filter Kernel: Edge detection



Example: : )-0-¢
, 5 0¢
50¢

Convolve with

stride=1
- Conv/filter Kernel: Edge detection

1000|011

o|1jo|o0|1}0 11111 3|-1(-3
Olot1111010 11114 —

1100101110 11111 convolve (slide) over all

spatial locations

O,1(0(0|1]O0

O,0(1]0]1]O0

6 x 6 Image Filter 1

Each filter detects a
Q porvreen @ (AN small feature (3 x 3).



Example: : )-0-¢
, 5 0¢
50¢

Convolve with

stride=1
- Conv/filter Kernel: Edge detection
1001001
o|1|/0jo|1]0 11111 3(-1(-3]-1
Olol11r121010 11114 —
1100101110 11111 convolve (slide) over all
spatial locations
O,1(0(0|1]O0
O,0(1]0]1]O0
6 x 6 Image Filter 1

Each filter detects a
Q porvreen @ (AN small feature (3 x 3).



Example:

O

stride=1

1/0]]0|]0|0 |1
oj{1]/0fo|1]0 11111
ojo|1]1]0]0| [41]71 1
1jolojol1|o| [44l1
0/,1/0]0|1]0
0,0(1]0]1]0

6 x 6 image Filter 1

POLYTECH UNIVERSITE
) @ DE LORRAINE  { Q A[\

*$
D 0-¢

Convolve with

3(-1/-3|-1
S — -3

convolve (slide) over all
spatial locations

Each filter detects a
small feature (3 x 3).

Conv/filter Kernel: Edge detection



Example: : )-0-¢
, 5 0¢
50¢

Convolve with

stride=1
- Conv/filter Kernel: Edge detection
110|0]0]0 |1
oj1|o0|of1]0 11111 3(-1(-3]-1
ortol111101]0O0 11114 S — 31110
1100101110 11111 convolve (slide) over all
spatial locations
0O(1/]0|0(1]|60
001|010
6 x 6 Image Filter 1

Each filter detects a
Q porvreen @ (AN small feature (3 x 3).



Example: : )-0-¢
, 5 0¢
50¢

Convolve with

stride=1
- Conv/filter Kernel: Edge detection
110|0]0]0 |1
oj1|o0|of1]0 11111 3(-1(-3]-1
ortol111101]0O0 11114 S — 31110
1100101110 11111 convolve (slide) over all
spatial locations
0O(1/]0|0(1]|60
001|010
6 x 6 Image Filter 1

Each filter detects a
Q porvreen @ (AN small feature (3 x 3).



Example: :

*$
D 0-¢

Convolve with

stride=1
- Conv/filter Kernel: Edge detection

110|0]0]0 |1

0o|1|/0|0|1]0 11111 3(-1(-3]-1
O/lO0l1111010 11114 S — -311101-3
11000101110 11111 convolve (slide) over all 3/-3101|1

spatial locations
O(1,030(1]|60 31-2|-2|1
O(0]130(1]|60
Feature Map

6 x 6 Image Filter 1

Each filter detects a
O porvreen @ (o0 small feature (3 x 3).



Example: : "
' D 0-¢
2 0¢

Convolve with

1 O O O O 1 F| |tel‘ 1 Conv/filter Kernel: Edge detection
1 -1]-1

0/|1(0|0|1]0 ST1 T

01041111010 11 -1 1 3(1-1|-3|-1

110/0/01119 31110 (-3

0O(1|0|0|1]0 R
171 -1

0]0]1]0]1]0 31-2|-2|1
171 -1

' -111 -1 Feature Map

6 X 6 Image

Filter 2

Each filter detects a
O porvreon (@mmie (0 small feature (3 x 3).



Example:

Tolololol1 Filter 1
11-1]|-1

0[1({0|0|1|0O R

0|0|1|1|0]0 R

1(0l0|l0]1]0 -11-1|-1]1

O(1/0(011]0 ] ; -1(-1(-21/(1

O(0(1(1011]0 ) ) -11-11-211
_ _ 110413

. 111 | -1

6 X 6 Image Feature Maps

Filter 2 -

Each filter detects a
O roLvrecH () s, (AN small feature (3 x 3).



Example: I L
: , 56¢
56-¢

Convolve with

1 O O O O 1 F| |tel‘ 1 Conv/filter Kernel: Edge detection
1|-1/-1

0O(1|0|0|1]0 ST7 T

o(o0|1|1]0]|0 e

1/0(0]|0]1]0 EIEE

o|1]/0|0]1]|0 T NIRRT

O,0(1]0]1]O0 T4 Tt 1151
: _ -1/0(4 |3

i 111 -1

0 x 6 Image Feature Maps

Filter 2

2 images of 4 x 4 matrix is
produced.
This procedure is repeated for

O ey, e @ seigmane (AN each filter



Example: Edge detection

1|1 1|1 0O|1/]0|0]|0]|-1

= |2 111 1 | -1 o|l1]o]olo]-1

ik 11 0O/1/0]0|0]|-1
1 11 111 —

Edge detector kernel 0/{1({0]0|0|-1

1 = |4 o/1]/olo]o]-1

1|1 1|1 0O|1/]0|0]|0]|-1

H x W image Feature Map

Detected:

Kernel: if
horizontally elements are same , output is O.
Else, non-zero.

1 for edge from white to black
-1 for edge from black to white

Difficult to handcraft such filters.
O B S @umvmsmé AN Thus, filter kernel weights must be learnt !!
DE LORRAINE
\\-ﬁ

NANCY



*$
D 0-¢

Conv/filter Kernel: Edge detection

Convolve with

Remarks:

Output shape determined by shape of input and convolutional kernel window.
Small convolution with filter kernels - “smaller” outputs (feature maps).

1/{0{0{0(|0|1
0(1(0(0|11/0

1 |-1]-1
mlolo[1]1]0]o0 [

k_ll_l—
1{0{0(0(1]0 h

1-1-11
0(1(0(0|11/0 ]
L [0]0]1]0]1]0 (y — Ky + 1) X (1, — by + 1)

— ny >
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Padding and Strides
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Padding

« Multiple layers of convolution may reduce the information available at boundary.
« Padding prevents this problem.

« Adding zeros around the edges such that multiple convolution operation does not lead to information
loss.

 Pixels added around edges.

» These pixels are zero in value. olololololololo
0/1{0{0|0|0|1|0
0/0{1{0|0|1|0|0
0(0|0}|1|1|0(0]|0 (n, —kp,+p,+1) %X, —ky,+p,+1)
0/1{0{0|0|1|0|0
0/0{1{0|0|1|0|0
0/0{0|1|0|1|0|0
p, 1010]0{0]0|0|0|0

=
S

POLYTECH’ UNIVERSITE Introduction to Deeb Learni
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Padding: In practice
* Phn=kp—1,
* pw=ky—1,
* Kernel dimensions : k,,, k;, are chosen odd numbers (Ex: 1,3,5,7..)

« Padding dimensions areeven. p =k -1,

« then, each side padded with p/2 zeros

* or, padding dimensions = (k-1)/2 ololololOlOlOI|O
0/1/{0{0{0[|0(1|0
0/0{1{0({0[1(0]|0

(np—kp+pp + 1D Xy, —ky, +py, +1) 0/0]0/1]1)0/0|0
0/1/{0{0({0[1(0]|0
0/0{1{0({0[1(0]|0
0/0{0{1({0[1(0]|0

pn, (0]/0]0/0|0[0|0|0

Pw
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Strides Stride=1

Input : 7x7 (spatially)
Filter kernel: 3X3
Stride=1

Output =5 x5

Number of rows and columns per slide — stride.
» Useful in reducing information (resolution) drastically.

OO O|RLRJO (O |F
OOk, | OO (L |O
PP O|OFr, OO
OO0 O0O|O0O|—r|O|O
Rl ||, O|FRLr|O
OO0 OO0 (O |+
OO0 OO0 |+
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Convolution : Strides

InputStridespatially)
Filter kernel: 3X3
Stride=1

Output =5 x5

OO0l O0O|O0 |0 |F
OO0 |0 |

POLYTECH @ BEIEIOE%?HEE QAA Introduction to Deep Learning 212
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Convolution : Strides

InputStridespitially)

Filter kernel: 3X3

Stride=1

Output =5 x5
110§J0]0(0111
0(14J0(0|230/0
O(0§J1(1|030/0
110/0{0(1]{0]0
0(1{0(0|2]0/0
0(0{1(0|12]0/0
0(0{1(0|12]0/0
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Convolution : Strides

InputStridespitially)

Filter kernel: 3X3

Stride=1

Output =5 x5
110(0J0(0]1})1
O(1{0§J0}|2]0]0
O(0{1§J1/0]0]0
110/0{0(1]0(0
0(1{0(0|2]0|0
0(0{1(0]1]0|0
0(0{1(0]1]0|0
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O e @ DE LORRAINE  { QA[\ P 8 214

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr



roryreen (@ (AN
)

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr



Convolution : Strides

InputStridespatially)
Filter kernel: 3X3
Stride=1

Output =5 x5

0

OO0, |O|O|F
O|l0oO|r OO |F

Rk, O|O|FL,|O|O
O|l0o|0|O0O|—r|O|0O
Rl RPJO |, |O
O|O0O| OO0 | O |+
O|O0O| OO0 | O |+
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Convolution : Strides

InputStridespatially)

Filter kernel: 3X3

Stride=1

Output =5 x5
1100|0011
0/1/0§J0|12]0/0
0O/0(1§J1|{0]0|0
110{0§J0[1/0|0 Feature Map
o[1]/0l0
0/0[(1(0|1]0/0
0/0{1(0|1]/0/0
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Convolution : Strides

InputStTidaespatially)
Filter kernel: 3X3
Stride=2

Output =3 x3
11010101011
0/1/{0§J0|12]/0|0
0O/0{1§J1|{0]0|0
1/0/0]0(1]|0]0
0/1/0(0|12]0|0
0/ 0{1{0|1{0]|O0
0/,0{(1(0|212]0/0
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Convolution : Strides

InputStTidaespatially)
Filter kernel: 3X3
Stride=2

Output =3 x3

OO O0O|Rr|O|O |k
OO, OO |, |O
Rk, OO, |O|O
OO0 0|0 |O |0
Rl RP|RPJO | L |O
OO0 0O OO |0 |k
OO0 0O OO |0 |k
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Convolution : Strides

InputStTidaespatially)
Filter kernel: 3X3
Stride=2

Output =3 x3

OO 0O, |O|O (K
oO|loO|Rr|O|O |, |O
RPIP, OO, |O)|O0O
OO0 0|0 |—r|O|O
R =_R (R [RLJO (L |[O
OO0 0O | OO |O |k
OO0 | OO |O |k
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O

Convolution : Strides

InputStridespatially)
Filter kernel: 3X3
Stride=2

Output =3 x3
1100|0011
0/1/0(0|12]0/0
O/0|{141/{0]0|0
10001100
0,100 2/0/0
0/ 0{1{0|1{0]|O0
0/,0{(1(0|212]0/0

POLYTECH’

NANCY

@ Can
\4‘

Introduction to Deep Learning
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Convolution : Strides

Input : 7x7 (spatially)
Filter kernel: 3X3

Stride=2
Output =3 x3
Stride=2

1({0{0/0(0]1(1
0{1/0(0(1]0]|0
O{0fj1(2(0})J0]0
1/01J0(0(130/0
0[{1§J0(0(1}]010
0/{0|1(0(1]0]|0
0/{0|1(0(1]0]|0
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Convolution : Strides

InputStridespatially)

WB 0] 1] 1
@LtathB)@ 1100
O|0|1{130/(0(O0
110/0(031/0/|0
0O[1{0|{0§1(0|O0
0/0|1{0|1|0|O0
0/0|1{0|1(0(O0

POLYTECH’
NANCY

@ Can
\4‘
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Convolution : Strides

InputStTidaespatially)

WB DIERE
@L taut C—)3 )@ Féatlp |Qa matrix
0O(0|1|1
1101010
0100
0/(0{1/0
0/0{1/0
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Convolution : Strides

InputStrideaspatially)
—Fitter kermet; 3X3
—gt-lrifg)ﬂ'ﬂo 0101111 np—Kp+p ny —ky +p

A . h — "h h w -~ w w
@L taut C—)3 Féatlp |Qa matrix output size: ( S ¥ 1> * ( S ¥ 1)
1

In general, with stride =s

RO |0
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Convolution : Strides

InputStrideaspatially)

cIICl. [DAD

ed)
rnel on 7X7 input - Does not fit.

%f@t

O
51—
D
ooooobgn—\

RlRr|Rr|R|O
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Convolution : Strides

InputStrideaspatially)

cIICl. [DAD

ed)
rnel on 7X7 input - Does not fit.

%f@t

O
51—
D
ooooobgn—\

RlRr|Rr|R|O
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Convolution : Strides . .
In general, with stride =s

InputStrideaspatially) | n — K + D <7’lw ket >
T 33 output size: ( + 1) X +1

11010160 1 % y y

Strlde = SUF1C a ed)

Q Jl Q R/ 3)13 f\cl)terQ( rnel on 7X7 input = Does not fit.

0(0111J1/0(0]|0

110/{0/0|12|0|0

0(1/0{0(1(0]|0

0(0;1{0]1(0]|0

0(0;1{0(1(0]|0
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Apply padding

In general, with stride =s

0(0|0j0|0|0|0|0]|0 )
0|1/ojo|o|o|1]|1]|0 OuEput size: (nh_Ksﬁph“)X(nW_ sw+pw“>
0/0/1)0/0/1]0]0]0 Apply Padding: 1 pixel border on each side ( p,=2 , p,=2)
0/0/0/1{1/0/0|0(0 Kernel =3X3, Stride =1,
0/(1/0{0(0|1{0|0]|0 output =7 X 7 !!
0(0/1/0(0{1{0|0]|0
ololol1lol1lololo In practice:

Stride =1,
0/0]0/110]1]0]0]0 kernel dim: F X F where F is an odd number (Ex: 1,3,5,7..)
0/0{0(0|0|0|0|0O|0O Padding on each side = (F-1)/2

O

Input : 7x7 (spatially)

Filter kernel: 3X3

Stride=3 ?? (stride increased)
Output=3 X 3
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Multi input and output channels

230



O

Multi input channels

so far, greyscale images—> One channel.
Most images are colorful - 3 channels RGB

yd
|

height

=>Input as multi-dimensional array : 3 X h Xw 3

=>»construct a convolution kernel with the same number of input channels as the input data (3 here)

alnlanlalalal
lalalalal sl
‘H1(0/0|0|0]1
‘Hol|1|/0[0|1]0
‘Holo|1]1]|0]0
‘H1l0]0]|0|1]0
‘Ho|1|/0(0|1]0
Yolol1]o]|1]0
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O

Multi input channels

so far, greyscale images—> One channel.
Most images are colorful - 3 channels RGB

yd
|/

=>Input as multi-dimensional array : 3 X h Xw 3

=>»construct a convolution kernel with the same number of input channels as the input data (3 here)

height

=>Assign a 2-D kernel to each channel - concatenation gives 3D conv kernel.

alnlanlalalal
lalalalal sl
‘H1(0/0|0|0]1
‘Hol|1|/0[0|1]0
‘Holo|1]1]|0]0
‘H1l0]0]|0|1]0
‘Ho|1|/0(0|1]0
Yolol1]o]|1]0

POLYTECH UNIVERSITE
) @ DE LORRAINE ( Q A[\

[ [ I
[ [ |
111 (-1]-1
11-1]1 (-1
Filter 1
11-1(-1]1
[ [ |
[ I
-1 1 -1
-1 1 -1
-1]1]-1

Introduction to Deep Learning
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Multi input channels

Convolution with 3 input channels:
« slide the 2D filter kernel on 2D input , for each channel.

110(0{0/|0 |1
ol1/0{0[1]0 11-1|-1 —
0[0[1]1]0]0]
1100010 -111 -1
0(1(0|0[1]0 11-111
0(0(1(0{110

Filter 1
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Multi input channels

Convolution with 3 input channels:
« slide the 2D filter kernel on 2D input , for each channel.

(alolololdl

< 1/0]0[0]0 1 [ [ |

o[ 1]ofo[1]o 1 11-11-1 m—)
—Holol1]1]lolo] ¥ |

1[0jojo]1]0 H-101 -1
_(010010 1-11-111
—10]0[1]0]1]0 FIITET I
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Multi input channels

Convolution with 3 input channels:
« slide the 2D filter kernel on 2D input , for each channel.

nlalnlg]

i Inlalnlalyl [T
¢41]0]0|0]0|1 L )
(G40 [1]0[0]1]0]% 111 (-1]-1
‘Hojo|1[1]0]0 L}
J1]0]0]01]0 H-1]1]-1

(_ | | -
_(010010 1-11-111
—o0joj1]o]1]0
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Multi input channels

Convolution with 3 input channels:
« slide the 2D filter kernel on 2D input , for each channel.
» add the three 2D feature maps to get the output=>» feature map ( a 2D array ). /

» generalizable to n input channels.

[alololnlal

T lnlnlaolnlal I

_(—(100001 L L L ) —
_(—(010010* 111 (-1]-1 ——
Holo|1[1]/0]0 || ==

_(—(100010 —-111 -1 |
(- ||

_(010010 1-11-111 1
—o0|o|1|/0|1]0
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Multi input channels: Summary

Convolution of image (3 channels)
with 3 channel filter = 1-D feature map.

32 X 32 x 3 Image

5 X 5 x 3 filter kernel
32

4

L

32

w/
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Multi input channels: Summary

Convolution of image (3 channels)
with 3 channel filter = 1-D feature map.

32 X 32 x 3 Image 28 X 28 X 1 feature map

5 X 5 x 3 filter kernel

32
28

——————————————>

A 4

L

4

32

3
; ’ POLYTECH' @ UNIVERSITE (QA’\ Introduction to Deep Learning -
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Multi input channels: Summary

Convolution of image (3 channels)
with 3 channel filter = 1-D feature map.

32 X 32 x 3 Image 28 X 28 X 1 feature map

5 X 5 x 3 filter kernel

32
28

——————————————>

A 4

L

4

32

3
; ’ POLYTECH' @ UNIVERSITE (QA’\ Introduction to Deep Learning 539
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Multi outputs

When more than one feature is to be extracted - multiple filters are used.
Output for each filter is desired. Output has multiple channels.
Convolution is performed with each filter kernel , for each output channel.
Output is concatenated along number of filter (output channel) dimension.

2 different filters =» convolution with each filter kernel and concatenated along output channel dimension.

28

N\

N

2

<
S

92}
=/

N ;
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Multi outputs

When more than one feature is to be extracted - multiple filters are used.
Output for each filter is desired. Output has multiple channels.

>

37 28

I Convolution with 4 filters

) 5 '
— '

/ Each filter (5 x 5 x 3) 28

%

// 5 1\/

\/3 ~ 1

14

N

3 Feature Maps: 28 x 28 x 4 : New image!
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Summary ~

Convolve with

* So far: Just Convolutions!

Conv/filter Kernel: Edge detection
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Summary ~

Convolve with

Conv/filter Kernel: Edge detection

« Apply Non-linearity (as seen earlier) : features pass thru activation functions - activation maps
(terminology is loose , feature maps/activation maps both are used often to mean the same)

« In practice: Relu is mostly preferred (fast convergence, no zero-gradient problem..

’ EADN(I:_YY TECH’ @ BE“EIOEI{‘&TIEE (QAA Introduction to Deep Learning
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Convolution Layers with Non linearity Activation

32 ,
~
/
| 28
I 5
Conv and
RelLU
Y
32 \<§// 5
\/3 ~ 1\/ 28
3 4 filters (5 x 5 x3) 1
1
Feature Maps / Activation maps
:28x 28 x4

Feature Maps: 28 x 28 x 4 : New image!
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Convolution
Layers

32

4 28
/) ” Conv and

/ RelLU

/ /
32 \(;// 5
J/ ~
3 28
3 4 filters (5 x 5 x3) N

4

Feature Maps / Activation maps
:28x28 x4
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Convolution Layers

32
ﬂl 28
/ﬂ 5 Conv and
Conv and RelLU
/ RelU | ——)
) i
/ ilters (5x5x4
32 V74 5 ( )
Q%% /
J/ ~
3 28
3 4 filters (5 x 5 x3) 4\

Feature Maps / Activation maps
:28x28 x4
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Convolution Layers

32
ﬂl 28
/ﬂ 5 Conv and 24
Conv and RelLU
/ RelU | ——)
————> fil
32 v ilters (5 x5 x4)
/A 24
W ~ N
3 28
3 4 filters (5 x 5 x3) 4\

Feature Maps / Activation maps
:28x28 x4
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Convolution Layers

32
ﬂl 28
/ﬂ 5 Conv and 24 Convand
Conv and RelU RelU 20
/ RelLU | — ————>
) i
/ ilters (5 x5 x4) :
32 ij 5 ” filters (5 x5 x 10) %0
~ /
V ~ N
3 28
3 4 filters (5 x 5 x3) N

4

Feature Maps / Activation maps
:28x28 x4
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Convolutional neural network
(CovNets) CNNs
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Convolution Layers

Remarks: Observe the reduction in size.

Each feature map = learns features in hierarchical sense. (High level, mid level , low level...)

Convolution Neural networks (why?) : the filter weights + bias (parameters) are learnt at each stage.

Each neuron in a hidden layer: take input (while sliding) - compute weighted sum-> apply bias—> apply non-linear activation
Repeat for each filter,

Repeat at each stage.
32

ﬁl 28
/,l 5 Conv and 24 Conv and
Conv and RelLU

eee——) RelLU 20
RelLU ' ——————>
39 // — filters (5 x 5 x 4)

/ /

filters (5 x5 x 10)

W/ s 24 20
V ~ N
3 28
3 4 filters (5 x 5 x3) 4\
> 5
Feature Maps / Activation maps

x4+ D

; Z joq LItEDI+G 12828 x4
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Low-Level| |Mid-Level| |High-Level Trainable
— — —
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Source: Dr. Fie Fie Li slides
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RELU RELU RELU RELU RELU RELU
CONV |CONV CONV | CONV CONV | CONV

, ekttt

|

3l
-.

b

® 0 0 U3 L3 % 10

B3

Source: Prof. Fie Fie Li slides
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CNNs for classification

]
1 ]
______ N S L D ul 1
1 | 1 1
| | |
I I = o
I I ]
| | —
I | .
Pooling Fully connected
(feature maps/activation maps) Layers
Filters

Input |mage I

Convolution

» We discussed convolution operation and feature maps.
* Pooling:
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Pooling

POLYTECH UNIVERSITE ( JHA Mayank, Email: mayank-shekhar.jha [at] univ-lorraine.fr
) @ DE LORRAINE  { QA[\ 54



Pooling: Motivations

Down sampling:
« We want to reduce the resolution of images.
» The output should not depend on the dimensionality of the original image.

Invariance to translation:
In reality, objects hardly ever occur exactly at the same place.
* Detection should be invariant to translation to some extent.

Example: For instance, image with sharp feature and shifted by one pixel - detection result should
not be vastly different from original image.

Pooling layers:
* reduce the sensitivity of Conv layer to location
» reduce the resolution through the processing pipeline.
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Pooling layer : Max pooling or Average Pooling

O0|3|1]|6

2111012 Max Pooling

-1(1(11 |1 Choose the maximum

1l0l-113 value in pooling window
3 6

211102 Average Pooling

111111 Choose the average

1l01-113 value in pooling window
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Pooling layer : Max pooling or Average Pooling

0|3|1|6
Max Pooling 3
2|11(0]2
-111 1 Choose the maximum
1l0l-113 value in pooling window
3 6
Average Pooling 1.5
2|11(0]2
111111 Choose the average
1l01-113 value in pooling window

POLYTECH® UNIVERSITE /7 ntroduction to Deeo Learn
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O

Pooling layer : Max pooling or Average Pooling

O|3|1]|6

2111012 Max Pooling

-1(1(11 |1 Choose the maximum

1l0l-113 value in pooling window
311|6

2111012 Average Pooling

111111 Choose the average

1l01-113 value in pooling window

POLYTECH’
NANCY

@ Can

1.5

2.25

Introduction to Deep Learning
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Pooling layer : Max pooling or Average Pooling

O|3]|1|6
Max Pooling 3 6
21102
1
111|111 Choose the maximum
value in pooling window
1(0|-1|3 bOOTNe
3 6
Average Pooling 1.5 2.25
211102
-0.25
-1/1 |11 Choose the average
value in pooling window
1/0(-1|3 bOoTne
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O

Pooling layer : Max pooling or Average Pooling

0O(3[1]|6
211,02
1111111
-1/0(-1|3

3 6
211102
-111 1
-1/01|-1|3

Max Pooling

Choose the maximum

value in pooling window

Average Pooling

Choose the average

3 6
1 3
1.5 2.25
-0.25 |1

value in pooling window

Strides and padding also available for pooling.

In practice, pooling window size: 2 x 2, stride = 2.

Note: Zero padding is NOT common for pooling layers.

POLYTECH’

NANCY

@ Can
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Pooling

Pooling layers / Subsampling pixels does not change the object.
Changes the resolution , fewer parameters to characterize the image.
The subsampling layers reduce the spatial resolution of each feature map

By reducing the spatial resolution of the feature map, a certain degree of shift and distortion
invariance is achieved.

Reduces the effect of noises and shift or distortion

I
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O

L

Conv and
RelLU
————>

filters kernels

Pooling: multi inputs

N

Pooling

———>

Feature Map

So far: Conv + Relu - Feature Map - Pooling (subsampling)

When, multiple filters used:

POLYTECH’
NANCY

(L

UNIVERSITE f
DE LORRAINE  { 'Q A[\
)
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Pooling: multi inputs / multiple feature maps

N
/
| %
i Poolin 1
Conv and g
ReLU ———>
y > | 1
/
v 4 filters kernels U //
N%q / W
N/ ~ \//
\/ \

4 Feature Map

So far: Conv + Relu > Feature Map - Pooling (subsampling)
When, multiple filters used: Pooling done on each input feature map.
New set of images but smaller images.
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So far: (feature maps/ poolin (feature maps/ .
Input Image activation maps) g activation maps) Pooling  Fully connected

Layers

00
= =
— ] — -
T || _— -
= = =1 | g { ?%7 —
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- I - I - S - e —

A new image

Flattening

A new image

_ (

POLYTECH® @ UNIVERSITE
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, @ new image (reduced resolution) is obtained, ready for convolution.

ed” e asi feature vector
- ———————>

This can repeat many times .'
Pooling leads to subsampling . |

Flattening
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Flattening

ication, expect the net outputs distribution of pr
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ceor=(tiee last lecture)> feed to Dense

te this information.

probabilities




Demo: training on CIFAR-10 dataset

https://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.htmlt
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https://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

AlexNet: obtained above par state of art results on ImageNet challenge,
learnt good low level features,
higher level features built upon these.

Introduction to Deep Learning
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LeNet-5 (LeCun et al. 1998)

» state-of-the-art performance on hand digit recognition tasks.

convolution canvoltion poaling -
pocling full
(3auUss
|
=
g 3| B
I-I- m 0
| 1 =
8|3
E14x14
= 52 feature map 1EE5xS
X
32x32 image BEZEx2E 16@10<10 54 feature map
C1 feature map 3 featura map
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LeNet-5 (LeCun et al. 1998)

Advantages :

convolution with learnable parameters (sharable parameters) = effective way to extract similar features at multiple locations with few parameters .

+ correlation with neighboring pixels (data) considered.

+ optical character, fingerprint recognition...

Limitations:

* High computational burden: each pixel as separate input .

» Traditional activations functions: slow learning.

convolution convolution pooling full
pacling full
Y - Gauss
SERE
L i :
- in ol & 2
o — g |2
e
| gt II
L BE14x14
2 52 feature map —
. 1685x5
32x32 image BEZExZE 16@10x10
C1 featurs map C3 featurs map 54 feature map

POLYTECH’ @ UNNERSITE AN Introduction to Deep Learning
\“

271
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr



Stagnation of CNN : Early 2000

ML paradigm in 1990-1998:

» Typically such datasets were hand generated using very expensive sensors.

» Lacked richness, diversity =» insignificant improvement of performance (lack of complex training data, representations etc.
+ Till 2012, feature representation had to be thought, or based on intuition.

CNNs:

« Backpropagation - not effective to reach global minima.

» Activation functions: Sigmoid function (variants)
* vanishing gradient problem (exponential decay )
» exploding gradient problem.

10 1 — sigmoid
gradient
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Stagnation of CNN : Early 2000

ML paradigm in 1990-1998: od [ 03,82 o o7 Lr,ﬁ_.
F e ou e nd

dT
» Typically such datasets were hand generated using very expensive sensors. dw

>
» Lacked richness, diversity = insignificant improvement of performance (lack of complex training data, representations etc.
A=Y

» Till 2012, feature representation had to be thought, or based on intuition. F“JO‘ ( 5T % ) @ ?ﬂffé)
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Revival of CNNs: 2006-2011

» Efficient initialization techniques:
» greedy layer-wise pre-training (Hinton et al. 2006)
unsupervised/supervised training-based pre-training
Xavier initialization (Glorot and Bengio, 2010)

» Use of Non-saturating Activation Functions : ReLu (Glorot and Bengio, 2010)

* Max-pooling > Sub-sampling (Ranzato et al, 2007) - learnt better invariant features.

« Late 2006: GPUs for training CNNs.
« 2007: NVIDIA > CUDA programming > harness parallel processing power of GPUs
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Revival of CNNs: 2006-2011

Efficient initialization techniques:
» greedy layer-wise pre-training (Hinton et al. 2006)
» unsupervised/supervised training-based pre-training
» Xavier initialization (Glorot and Bengio, 2010)

» Use of Non-saturating Activation Functions : ReLu (Glorot and Bengio, 2010)

* Max-pooling > Sub-sampling (Ranzato et al, 2007) - learnt better invariant features.

« Late 2006: GPUs for training CNNs.
« 2007: NVIDIA > CUDA programming > harness parallel processing power of GPUs

* 2010: Dr. Fei-Fei Li group (Stanford) - ImageNet platform

today ImageNet - 15 millions, large humber categories and classes (target labels).

WY
W
=t rim

mammal —= placental —= carnivore — canine —— dog —=working dog— husky

+ ImageNet Large Scale Visual Recognition Challenge (ILSVRC) (2010-2017) >

— watercraft — sailingvessel —=  sailboat trimaran
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AlexNet (Krizhevsky et al. 2012) Densetuoom

« Considered first “modern deep architecture” Dense (4096)

t

Dense (4096)

» Deeper than LeNet-5: from 5 to 8 layers
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o5 3} o 1000 5x5 Conv (16) 5x5 Conv (256)
N 192 128 Max [
Strid Max 178 Max pooling 0% 2048
of 4 pooling pooling
3 8
5x5 Conv (6) 11x11 Conv (96), stride 4
image (28x28) image (224x224)

LeNet AlexNet
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AlexNet (Krizhevsky et al. 2012)

» Considered first “modern deep architecture”, deeper than LeNet-5: from 5 to 8 layers,
* 60 Million parameters

» Depth increases overfitting: learning algo: skips some transformational units.

* RelLU : improve convergence = reduce vanishing gradient problem.

» Heavy data augmentation for training: flipping, clipping, color change etc.

» Use of multiple GPUs for training : trained in parallel on two NVIDIA GTX 580

» Use of large filter (11X11, 5X5) as initial layers

* Overlapping pooling layers: (0.5% reduction in overfitting).

» Other adjustments:

» Dropout for regularization
* SGD Momentum

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

POLYTECH UNIVERSITE
O ) @ DE LORRAINE ( Q A’\

Dense (1000)
f
Dense (4096)
!
Dense (4096)
Max Pooling
!
Gauss (10) 3x3 Conv (384)
! !
Dense (84) 3x3 Conv (384)
! f
Dense (120) 3x3 Conv (384)
! f
Average Pooling Max Pooling
! f
5x5 Conv (16) 5x5 Conv (256)
! !
Average Pooling Max Pooling
! !
5x5 Conv (6) 11x11 Conv (96), stride 4
! f
image (28x28) image (224x224)
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AlexNet (Krizhevsky et al. 2012)

» Considered first “modern deep architecture”, deeper than LeNet: from 5 to 8 layers,
* 60 Million parameters

» Depth increases overfitting: learning algo: skips some transformational units.

* RelLU : improve convergence = reduce vanishing gradient problem.

» Heavy data augmentation for training: flipping, clipping, color change etc.

» Use of multiple GPUs for training : trained in parallel on two NVIDIA GTX 580

» Use of large filter (11X11, 5X5) as initial layers

* Overlapping pooling layers: (0.5% reduction in overfitting).

» Other adjustments:
» Dropout for regularization: 0.5
* SGD Momentum

» Winner of ImageNet Large-Scale Visual Recognition Challenge (ILSVRC) 2012
* Recognize off-center objects.

» Beginning of Modern era of Deep learning: SOTA
» Deep Learning to new fields: medical imaging, data extraction, end to end learning...

» Missing =» A template for Deep NN design.

Introduction to Deep Learning
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Visual Geometry Group or VGG (Simonyan and Zisserman 2015)

19 layers deeper compared to AlexNet

Addition:

» Studied the relation of depth with the representational capacity of the network.
» Replaced: large kernel-sized with small receptive field (multiple 3x3 kernels).

» All hidden layers: RelLu activation.

» Suggested that small size filters can improve the performance of the CNNs

224 x 224 x 3 224 x 224 x 64

112 x 112 x 128

%556x256 7 x 7 x 512
u - 28 x 28 x 512

XA aSle 1% 1x%4096/1%1 %1000

| 1

AN —17 convolution+RelU
“—{) max pooling
fully nected +RelU
softmax
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Visual Geometry Group or VGG (Simonyan and Zisserman 2015)

Dataset:

» ImageNet , inputs down-sampled > 256x256

Architecture:

* Image passed through a stack of convolutional (conv.) layers, with filters - with a very small receptive field: 3x3

The convolution stride is fixed to 1 pixel

the spatial padding of conv. layer input is such that the spatial resolution is preserved after convolution, i.e. the padding is
1-pixel for 3x3 conv. layers.

Spatial pooling is carried out by five max-pooling layers, which follow some of the conv. layers (not all the conv. layers are
followed by max-pooling).

Max-pooling is performed over a 2x2 pixel window, with stride 2.

Complexity regulation: 1X1 convolutions between conv layers (learn linear combination of resultant feature maps)
Followed by: Three Fully-Connected (FC) layers : 4096, 4096,1000 (for ILSVRC classification)

The final layer is the soft-max layer.
The configuration of the fully connected layers is the same in all networks.

224 x 224 x3 224 x224 x64

POLYTECH’ @

NANCY

UNIVERSITE
DE LORRAINE

(RN

112 x 112 x 128

56|x 56 x 256
28 x 28 x 512

7x7x512
14 x 14 x 512 1x1x 4096 1 x 1 x 1000

= convolution+RelLU
max pooling
fully nected +RelLU
softmax

image credits (with permission): https://neurohive.io/
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Visual Geometry Group or VGG (Simonyan and Zisserman 2015)

19 layers deeper compared to AlexNet
Addition:

» Studied the relation of depth with the representational capacity of the network.

* Replaced: large kernel-sized with small receptive field (multiple 3x3 kernels).

* All hidden layers: ReLu activation.

Advantages:

« Significantly outperformed previous generation models with respect to classification accuracy.
» Representation depth is beneficial for the classification accuracy.

» Suggested that small size filters can improve the performance of the CNNs.

» Several layers of deep and narrow convolutions (i.e., 3x3) were more effective than fewer layers of wider convolutions.

« 2nd Place 2014-ILSVRC

Set the trend: smaller sized filters.

Limitations:

* Very slow to train (For example: VGG16 was trained for weeks , NVIDIA Titan Black GPU’s )

» Large no pf parameters 138 million parameters

* Heavy architecture - 533MB
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Network in Network (NiN) (Lin et al., 2013)

 Intuition:
» to use an MLP on the channels for each pixel separately.
» Apply a fully-connected layer at each pixel location (for each height and width).

H=~000

—

% MLPconv1 MLPconv2 , MLPconv3 . AVG pool |, Softmax ,
1 -

U
2 UNIVERSITE
O EA?\I é.YY TECH m DE LORRAINE ( QAA/ Source: Alaeddine, H., Jihene, M. Deep network in network. Neural Comput & Applic (2020). 282
\ A

e
o=y



Network in Network (NiN) (Lin et al., 2013)

* Intuition:
» to use an MLP on the channels for each pixel separately.
» Apply a fully-connected layer at each pixel location (for each height and width).
» If we tie the weights across each spatial location becomes = 1X1 convolution layer.
or

fully-connected layer acting independently on each pixel location JUL ornel Output
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Network in Network (NiN) (Lin et al. 2013)

* Architecture:

» inspired from AlexNet.
» Convolutional layers: 11x11, 5x5, and 3x3

+ followed by two 1x1 convolutional layers that act as per-pixel fully-connected layers with ReLU
activations

» Each NiN block is followed by a maximum pooling layer (stride 2, window shape of 3x3).
+ The convolution window shape of the first layer is typically set by the user.

* Output: number of output channels equal to the number of label classes, followed by a global average pooling
layer.

» Avoids fully-connected layers totally (against AlexNet, LeNet...)

» Advantages:

» 1X1 convolutions = allow for more per-pixel nonlinearity within convolutional stack.

* NiN removes the fully-connected layers and replaces them with global average pooling.
» Removing fully-connected layers reduces overfitting.

* NiN has dramatically less parameters.

; UNIVERSITE
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Network in Network (NiN) (Lin et al. 2013)

* Architecture:

» inspired from AlexNet.
» Convolutional layers: 11x11, 5x5, and 3x3

+ followed by two 1x1 convolutional layers that act as per-pixel fully-connected layers with ReLU
activations

» Each NiN block is followed by a maximum pooling layer (stride 2, window shape of 3x3).
+ The convolution window shape of the first layer is typically set by the user.

* Output: number of output channels equal to the number of label classes, followed by a global average pooling
layer.

» Avoids fully-connected layers totally (against AlexNet, LeNet...)

» Advantages:

» 1X1 convolutions = allow for more per-pixel nonlinearity within convolutional stack.

* NiN removes the fully-connected layers and replaces them with global average pooling.
» Removing fully-connected layers reduces overfitting.

* NiN has dramatically less parameters.
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3= 3 Conv (10}, pad 1
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3w 3 MaxPool, stride 2
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3« 3 MaxPool, stride 2
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]

&« 5 Conv (256), pad 1

11 = 11 Conv (96), stride 4

Source: Dive into Deep learning book
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GoogleNet (Szegedy et al., 2015)

*  Winner of 2014 ILSVRC
* One focus: Which sized convolution kernels are best (1X1, 3X3, 11X11 ...) ?

* Introduced Inception block:
» incorporates multi-scale convolutional transformations using split, transform and merge idea.
» encapsulates filters of different sizes (1x1, 3x3, and 5x5)
» captures spatial information at different scales: fine and coarse grain level.

- |I Concatenation ]
| 3x3convpadt | | 5x5convpag2 | |  1x1cow |
1% 1 Conv | 1
| 1x 1 Conv | l 1x 1 Conv | |3x3MaxPoul,pad1|
- I Input
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GoogleNet (Szegedy et al., 2015)

*  Winner of 2014 ILSVRC
* One focus: Which sized convolution kernels are best (1X1, 3X3, 11X11 ...) ?

* Introduced Inception block:
» incorporates multi-scale convolutional transformations using split, transform and merge idea.
» encapsulates filters of different sizes (1x1, 3x3, and 5x5)
» captures spatial information at different scales: fine and coarse grain level.
« computation regularization = adding a bottleneck layer of 1x1 convolutional filter, before employing large size kernels.

- |I Concatenation ]
| 3x3convpadt | | 5x5convpag2 | |  1x1cow |
1% 1 Conv | 1
| 1x 1 Conv | l 1x 1 Conv | |3x3MaxPoul,pad1|
- I Input
L - |
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GoogleNet (Szegedy et al., 2015) or Inception V1

*  Winner of 2014 ILSVRC
* One of the focus: Which sized convolution kernels are best (1X1, 3X3, 11X11 ...) ?

* Introduced Inception block:
» Incorporates multi-scale convolutional transformations using split, transform and merge idea.
« Encapsulates filters of different sizes (1x1, 3x3, and 5x5)
» Captures spatial information at different scales: fine and coarse grain level.
» Computation regularization = adding a bottleneck layer of 1x1 convolutional filter, before employing large size kernels.

» Advantages:
» Density reduced - use of global average pooling at the last layer and NOT instead of using a fully connected layer
» Significant decrease in parameters: from 138 Million to 4 Million parameters.
* Other novelties:
» Batch Normalization
* RmsProp as optimizer,...
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GoogleNet (Szegedy et al., 2015) or Inception V1

*  Winner of 2014 ILSVRC
* One of the focus: Which sized convolution kernels are best (1X1, 3X3, 11X11 ...) ?

* Introduced Inception block:
» Incorporates multi-scale convolutional transformations using split, transform and merge idea.
« Encapsulates filters of different sizes (1x1, 3x3, and 5x5)
» Captures spatial information at different scales: fine and coarse grain level.
» Computation regularization = adding a bottleneck layer of 1x1 convolutional filter, before employing large size kernels.

» Advantages:
» Density reduced - use of global average pooling at the last layer and NOT instead of using a fully connected layer
» Significant decrease in parameters: from 138 Million to 4 Million parameters.
* Other novelties:
» Batch Normalization
* RmsProp as optimizer,...

« Limitations:
» heterogeneous topology that needs to be customized from module to module
* representation bottleneck that drastically reduces the feature space
« in the next layer and thus sometimes may lead to loss of useful information.

« Variants: Inception V2, Inception V3
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ResNet (He et al., 2015)

Problem: Deeper networks do not necessarily lead to
better accuracy.
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ResNet (He et al. 2015)

Problem: Deeper networks do not necessarily lead to
better accuracy. WHY?

Vanishing gradients? (infinitesimally small gradients? )
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ResNet (He et al. 2015) “' 1M ™M e
' | 56-layer

Observation: Training accuracy dropped when the count of 20-layer

layers was increased. 56-layer

training error (%)
test error (%)
L=

20-layer

0 l : ) 4 ; 6 do 1 3 :l 4
iter. (le4) iter. (1e4)
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ResNet (He et al. 2015) ” | g
| 56-layer

Observation: Training accuracy dropped when the count of 20-layer
layers was increased. 56-layer

Overfitting ?

training error (%)
test error (%)
L=

20-layer

" . \
0 | 2 b 6 0 1

) 4 2 ) 4
iter. (1e4) iter. (1e4)
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ResNet (He et al. 2015)

Observation: Training accuracy dropped when the count of
layers was increased.

Degradation Problem:

With the network depth increasing, the accuracy saturates

and then begins to degrade rapidly if more layers are introduced.
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ResNet (He et al. 2015)

Observation: Training accuracy dropped when the count of
layers was increased.

Degradation Problem:

With the network depth increasing, the accuracy saturates

and then begins to degrade rapidly if more layers are introduced.

POLYTECH @ UNIVERSITE f
NANCY OF LORRAINE \ RAA Image Credits: (He et al. 2015)
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ResNet (He et al. 2015)

Observation: Training accuracy dropped when the count of

layers was increased.

Degradation Problem:

With the network depth increasing, the accuracy saturates

and then begins to degrade rapidly if more layers are introduced.
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Image

ResNet (He et al. 2015)

Observation: Training accuracy dropped when the count of [ :l}“” B
layers was increased. AEL
Degradation Problem: #

With the network depth increasing, the accuracy saturates ”::

and then begins to degrade rapidly if more layers are introduced. _ ;:‘: .
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ResNet (He et al. 2015)

Observation: Training accuracy dropped when the count of [ :l}“” B
layers was increased. AEL
Degradation Problem: #

With the network depth increasing, the accuracy saturates ”::
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Image

ResNet (He et al. 2015)
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3ud conw, S12 /T
33 conw, 317
33 enaw, 512

353 conw, 512

POLYTECH @ UNIVERSITE ( T
O NANCY DE LORRAINE \ ,?AA Image Credits: (He et al. 2015) *-- 299

it



Image

ResNet (He et al. 2015)

. W ez ] )
Observation: Training accuracy dropped when the count of o —
: [ Jll:jﬂ 4
layers was increased. ——
Degradation Problem: ]
With the network depth increasing, the accuracy saturates ”::
and then begins to degrade rapidly if more layers are introduced. — —
Intuition : X Y
« Learn Residual mapping Y | j::m :": . -
weight layer —
* Use skip connections - X E:I ..
‘F(x) relu »d o, 128 | Learn]ng is done
* If any layer hurts performance =» skip it! L 4 X i o, T T2
+ Easiertolearn F(X)=0 weight layer i i e —
(x) identity S
so that it behaves as identity function. —
‘F(x) + x 3a3 cone, 256
=TT T

[wmam | But, more
a3 conw, 356 layers present

[Taawmme |
3ad conw, L2 (1
3N conw, 307

And eonw, 512

[ 3u3conw, 512 |
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3d-dayer residual

mage

ResNet (He et al. 2015)

Architecture:

Ta¥ com, B4 12
» |dentity Block: skip connections e, 2

J3 oo, G2
» Conv block: restructure incoming data T

* 153 layers Deep

* Less computational complexity (but deeper : 20 X AlexNet, 8 X VGG)

1
1
]
1
1
1
1
1
1
ReLU |:| 1x1Cov |
1
1
1
1
1
1
1
]

[ mdeom,imgz | e

y

U [ P ——

| %l cone, 128

Advantage: x x [mwin

3=l o, 11

» Residual mapping can learn the identity function more easily Image Credits: Dive into Deep learning

[ o 18

« Stacking more layers = equivalent to stacking identity mappings ——

3a3 coew, 118

3u3 coew), 128

» Inputs can forward propagate faster through the residual connections across layers.

03 com, 236, /2 -

3l v, 256

3l corw, 156
Y oona, 1%
33 coiv, 156
33 corw, 156
3o 256 |

[(momsinre | =
; ¥ ¥

3 cony, 514 ] o

3 corw, 5137

3ad oo, 512
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Context: Predictive Maintenance
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Degradation Models and RNNs

Degradation Models : Sensor signals = time series data =» Hidden pattern: = Cyclic

=
S
T

3,38 = Trend
) " "Nacen x| > Seasonal
B PI’."‘\ 1 TN R, NO.37 | |
L3 ” M g ~— NO.38 .
| ! "m"m; ool = Trend + Cyclic+seasonal
2
ST W‘W g oek
3.26 =
324 wm % i |
MW aw w4 s e 70 80 2 o8 :
Tieme (Hour) o "
w™ 0.5 v
PEM Fuell Cells \‘

e
s

=
o
T

e

L L L L L L L L L L
100 200 300 400 500 &DO FOO  BOO 90D 1000 1100
Cycle Number

=]

Lithium-ion battery degradation,

Center for Advanced Life Cycle Engineering (CALCE)

in University of Maryland (He W., Williard N., Osterman
M., & Pecht M., 2011)
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Degradation Models and RNNSs "
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(@) Tme-fequency domain——57 () Fraquency demain——Spectrum mean  (C) Time-Freguency domain——53 {d) Time domain——Rms
s o D 1 1
Wl LLE I 1 | g B 4
= ] "
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Bearing Degradation Dataset

' UNIVERSITE
ey TERD @ DE LORRAINE ('?A[\ 305
\;‘ JHA Mavank , Email

: mayank-shekhar.jha [at] univ-lorraine.fr



Bearing1-1

Degradation Data i
_— ol

« Degradation: g

* unknown, non-linear varying dynamics i

* sensor data: non-stationary process - trend, seasonality, cyclic etc. — il WM.

* depends on qualitative+ quantitative factors. 15% L MWM

.

» Raw degradation data - Hidden features / representation: —_

+ Spatially varying 2000.

*  Temporally varying e

*  Multimodal characteristics — CNNs %mm

— 15000

10000
e 5000
0 o Frequency (Hz)
Time (every 100 campaign)
L1
g 8 «10* Bearing1-1 low frequency
‘m
>
5 5
=
m
’.n— 4
> .
85
&
2
-5 1 1 1 1 1 1 1 1 1 1 1
0 100 200 300 400 50 &0 700 00 800 1000 M
Time 0 ‘ ‘ R ‘
0 500 1000 1500 2000 2500 3000

Time(s)

Roller bearing degradation (PRONOSTIA platform)
Photo: Report of Jha
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CNNs for Prognostics

CNN for multi-variate time series signals:

* Sliding windows approach

* Segments of time series multi variate signal
(short pieces of signal)

* Highlight: Joint feature learning on each segmented signal

* concatenate MLP at end, for RUL target.

Automatic feature extraction
and failure prognostics:
C-MAPSS data set [106]
Automatic feature extraction
and fault diagnostics:
Electric machine fault

simulator )
Automatic feature extraction

and fault diagnostics:

Li et al. 2018

Liu et al. 2017

Jing et al. 2017

Gearbox )
Automatic feature extraction

and failure prognostics:
PHMOS data set [101]
C-MAPSS data set [106]

Babu et al. 2016

POLYTECH’
NANCY

@ Can

14 features 14 features
maps maps
. . 1x4 1x2
8 features 8 features — e
maps maps Sl "
Ix12 1x6 — —
o e (= = 2
3 — 1x2 — — 1x2 = connectlonT
2 : A A aroet
ooling == Pooling = RUL
C— l‘a_\'er — == Laver =
—_ — [ —— ] v =]
| [ =)
[——1] —

7

1 Time cycles 1 &

Input 27x15

Babu et al.2016

Hybrid Prognostics and Deep Learning (Presentation at KIST),

Email: mayvank-shekhar.jha [at] univ-lorraine.fr
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Deep LSTMs for RUL prediction

» Degradation data=>» Time Series sequence = segmented into sliding windows.

« Each sliding window is assigned a target RUL value [Zeng et al, 2017]

X =[X1, XZ,..., Xt,...XT_l] to estimate RULT_1
X =X, Xy, Xy X; ] toestimate  RUL.

POLYTECH UNIVERSITE
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Deep LSTMs for RUL prediction

» Degradation data=>» Time Series sequence = segmented into sliding windows.

« Each sliding window is assigned a target RUL value [Zeng et al, 2017]
X = [Xl, XZ,..., Xt,...XT_l] to estimate RULT_1
X =[X}, Xy, X, X; ] toestimate - RUL,

[Xls Xl‘—la o sXI—d+1]a ERd
[RUL, (. RUL41. ....RUL,]

Training tuples:

([XI,X[—la --~,Xt—a' 1]3RULI )
Loss Calculation : Error based cost function $ ! "

Many variants exist!

RULr 2 = ¢Xp, Xi—1s -+, Xr—d 1)
J = Z ”(RULzst - }?[Jl’léalcn2
t

Some issues:
* Independent Windows - to assure assumption of i.i.d

« Dependent windows - claim more realistic.

POLYTECH UNIVERSITE
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Convolution Layers

CNNs for Prognostics

 Traditionally, 2D-3D structured data for face/object recognitic 2
28
i l Conv and
) > Eglrjsand RelLU 2 Ezrsand 20
» Application to PHM: 1D grid structured topology of sequential 2 s T fiters 5x5x4) || 7" s fikers (sx5x10) | /5,
data. \3 4fi|terse(;5x5x3) a 2

Feature Maps / Activation maps
:28x28x4

Jha, course on Deep learning 2020, Polytech Nancy

L. Jing, M. Zhao, P. Li, and X. Xu, “A convolutional neural network
based feature learning and fault diagnosis method for the condition
monitoring of gearbox,” Measurement, vol. 111, no. Supplement C,
pp. 1 — 10, 2017.

Diagnostics:

* Input: 1D segments of vibration data

* Highlight: Automatic extraction of features

* Train: several layers CNN + Softmax classification

' EADN[I:_YY TECH’ @ EE%}{Q&EE (QA’\ Hybrid Prognostics and Deep Learning (Presentation at KIST), 310
\" Email: mayvank-shekhar.jha [at] univ-lorraine.fr



CNNs for Prognostics

+ Automatically learn feature representation, hidden multimodal distributions

[Liu et al., 2017] [Jing et al., 2017] [Li et al., 2018]

&

» Efficient learning with multi-variate sequential (time series) data.

[Babu et al., 2016]
* Hybrid structure

Deep CNN + Fully-Connected Layer for Regression

Original
Bignal — o — T
T4
|: | ! 1'._ |#
TIHTE
THTH
T 1M1
TH p
Time .I.- 1T L
Boquance | '.-'I*-’_
T T
1T LT 1.
1 ;.I-"‘I:]
LHTH
HiH -
T - T ~ -~
15 |- L - = -
a1 10 10 10 10
Feaiure
Drimven i
Com Comv Comv Coonnw
10x1 10%4 0¥ 1ox1
(tanhy (tanh) (tanh) (tanh)

[Liu et al., 2017]

POLYTECH’
NANCY

@t (N

:

i ’
[j E Ell|nlll‘l':1§ﬂ
i f

Flatten  Fully-Connected
[Dropout) Layer
{tanh)

[Babu et al., 2016]

14 features

14 features

maps maps
4 1x2
R features 8§ features 1;. ;
maps maps - =_
1x12 Ix6 — -
= = - Full
[————— 1 = = = M
— 1x2 =5 — 11 = mnnemnnl
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Input 27x15
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Turbo jet Fan Engine NASA



O

NASA/TM—2007-215026

L.5. ARMY

1

Combustor NI LPT

RESEARCH LABORATORY

User’s Guide for the Commercial Modular
Aero-Propulsion System Simulation (C-MAPSS)

Dean K. Frederick Nzl
Saratoga Control Systems, Inc., Saratoga Springs, New York 2

Jonathan A. DeCastro LPC HPC N2

ASRC Aerospace Corporation, Cleveland, Ohio
Figure 1.1.—Simplified diagram of the 90K engine.

Jonathan 8. Liti
US. Army Research Laboratory, Glenn Research Center, Cleveland, Ohio

Bypass Fuel In
Nozzle 1
Inlet with
Nm" —» Ram ~» Fan .
P Recovery

—» LPC —# HPC —#Combustor—» HPT —» LPT —ofoz'zfe

Figure 1.2 —Subroutines of the 80K engine simulation with ducts and bleed omitted.
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Sequence Modelling
Recurrent Neural Networks

Long Short Term Memory
(LSTMs)

Application: Prognostics and Deep Learning

’ EAOI\“I:_YY TECH’ @ EE"&JEI?&TIEIE IQA’\ Introduction to Deep Learning
\“

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr



Sequence Modelling

Motivations
Challenges

Some ideas
Design

POLYTECH: @ UNIVERSITE ( JHA Mayank, Email: mayank-shekhar.jha [at] univ-lorraine.fr
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Sequence modelling : Motivations

* Sequential data:
» time series forecasting,
* motion prediction (human, self driving cars)
» sensor data: machine health monitoring/prediction
» text processing/prediction
* machine translation

2013 2014 2015 2016 2017

Actual
®  Out-of-Sample Forecast

- Train Predict

Test Predict

Financial market prediction (Dixon et al.)

= - 4 A\ !
2 V)Y L)) L))
g v\—‘\ M Yt
3 | \ |\
2 |\ |\
g \ 9 () \
AN\ NANAE
& \\ \
i | \ \ \
w | |
L) (IS 1|
AN AN AN
o AR N JLXLA
= \ ’ \
fe= 1 \ \ |
L () { M
4 )
{ _L“\l m AF), )2
o h AV
= |\ 'a \|
“ L) RIRYR'
A\ nr’h VA
v W& SARRARR
= | 1\ 1\ \
o [ \ \
L) \ X Ll
Conditioning ground truth Prediction

Human Motion Prediction

Martinez et al., 2016

Bearing1 3
English. Failure timeé
H T ;.’ '
English — detected - Pl French « RUL i
Current time
| am doing well. X je me débrouille bien. 4000 000 12000 16000 20000 24000

POLYTECH’

Introduction to Deep Learning
NANCY

@t (AN

Component Failure Prediction
(Yoo et al., 2018)
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Sequence modelling : Motivations > Challenges

* Inputs data
» Variable lengths
» spatially + temporally dependent
« ordered
« output data different length than input (machine translation)

POLYTECH® UNIVERSITE /7 ntroduction to Deeo Learn
O NANCY @DELORRAINE \ QA[\ ntroduction to Deep Learning .
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Sequence modelling : Motivations >Challenges > Some ideas

« cannot model long term dependencies

2. Use whole sequence as counts (I occurs 3 times)

, One hot coding
* no learning of order (what followed by what?)

[00100101000101011000011....] =272

3. Large window length input
» each has separate parameter
» learning will not transfer at other places
in the sequence.

| live in Paris so | speak fluent

POLYTECH UNIVERSITE ntroduction to Deeo Learni
O NANCY @DELORRMNE ('QA’\/ ntroduction to Deep Learning 218
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Sequence modelling : Motivations >Challenges > Some ideas

« cannot model long term dependencies

2. Use whole sequence as counts (/ occurs 3 times)

, One hot coding
* no learning of order (what followed by what?)

[00100101000101011000011....] =272

3. Large window length input
» each has separate parameter
» learning will not transfer at other places
in the sequence.

| live in Paris so | speak fluent

» Feed forward NN, not designed to:
* handle variable data lengths
« parameter sharing (correlation, temporal dependency...)
» track long term dependency + order

* CovNets:
« can share parameters across time but remain shallow.

POLYTECH® UNIVERSITE ¢/~ Introduction to Deep Learnin
O e @ DE LORRAINE  { "QA[\ p g 319

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr



Sequence modelling : Motivations
SEfgtrerrges > Some ideas > Design

Learn long term dependencies

Learn the order in data

Share parameters across sequence

Make predictions (long term) efficiently.

POLYTECH® UNIVERSITE
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Recurrent Neural Networks
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RNNSs: Structure

» Recurrence of states. Ex. a dynamical system

» Recursive computation = Computational graph

POLYTECH’
NANCY

@t Cpn

- e

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

St = f(St_l,W)
2 O7OEFS

S, = f(s,,w)
= f(f(s,w),w)
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RNNs: Structure S, = f (St_l, W)
» Recurrence of states. Ex. a dynamical system

» Recursive computation = Computational graph

*  When system driven by external input,

POLYTECH' UNIVERSITE ( Introduction to Deep Learnin
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RNNSs: Structure

» Recurrence of states. Ex. a dynamical system

S, = T (5.4, W)
» Recursive computation = Computational graph

*  When system driven by external input, _
Rewritten

New state contains information about history.

ht = f (ht—l’ Xt—l’W)

RNNs : Output of node fed back into the hidden nodes (recurrent, cyclic structure)

Unrolling > @—?%@?%‘Q;.
D ® & n

» Captures dependency in input data.

F(h_ %)
=o(W hht—l +W XXt—l)

* Same weights at each time step : some weight sharing.

’ POLYTECH @ EE%EQSHEIE (?AA Introduction to Deep Learning 304
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RNNs: Structure
 Recurrence of states. Ex. a dynamical system S’[ — f (St_11 W)

» Recursive computation = Computational graph

*  When system driven by external input, ,
Rewritten

New state contains information about history.

RNNs : Output of node fed back into the hidden nodes (recurrent, cyclic structure) h[ — f (h[_]_’ Xt ) W)

Unrolling > @—T/@?@?W—\: SR

» Captures dependency in input data. @ @ @

« Same weights at each time step : some welght sharing. — f (ht—l’ Xt)

« Outputs from RNN: = U(VV hht_l +W th—l)

T g (ht ) Xt)
h
= =o(W"h)
’ EAOI\”I:_YY TECH @ gE"l\_IOEg&TIﬁE rlQAA lntroduction to Deep Learning 325
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RNNs: Structure f
 Recurrence of states. Ex. a dynamical system S’[ — (St_11 W)

» Recursive computation = Computational graph

*  When system driven by external input, ,
Rewritten

New state contains information about history.

RNNs : Output of node fed back into the hidden nodes (recurrent, cyclic structure) h[ — f (h[_]_’ X,[ ) W)

"TT N

e

Unrolling > @-'@"@’” .

I AEaD T

& & @)

» Captures dependency in input data.

* Same weights at each time step : some weight sharing.

— f(ht—l’ Xt)
=o(W"h, +Wx, )
Y, = g(h, %)
=o(W"h)
, y
O POLYTECH’ @gw&mﬁ C .2 AA Introduction to Deep Learning -

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

* Outputs from RNN:




RNNs: Structure f
 Recurrence of states. Ex. a dynamical system S’[ — (St_11 W)

» Recursive computation = Computational graph

*  When system driven by external input, _
Rewritten

New state contains information about history.

RNNs : Output of node fed back into the hidden nodes (recurrent, cyclic structure) h[ — f (h[_]_’ X,[ ) W)

"TT N

e

Unrolling > @-'@"@’” .

I AEaD T

& & @)

» Captures dependency in input data.

* Same weights at each time step : some weight sharing.

= T (h X y)

=o(W"h_, +W"x )

Y, = 9(h, %)
=o(W"h)

O roryreen (@umm (N introduction to Deep Learning .

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

* Outputs from RNN:




RNNSs: Structure

» Depending upon application:
* h needs to be rich,
» capture all historical trends {cyclicity, seasonality, trend, fluctuations, global/local}

» Advantage:
» learnt model has same size (regardless of input size)
» possible to use same transition function f

POLYTECH' UNIVERSITE ( Introduction to Deep Learnin
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RNNSs: Structure

» Depending upon application:
* h needs to be rich,
» capture all historical trends {cyclicity, seasonality, trend, fluctuations, global/local}

» Advantage:
» learnt model has same size (regardless of input size)
» possible to use same transition function f

» Learning - Back-propagation through time (BPTT)
» errors calculated/back-propagated over time = BP over unrolled network
« gradients calculated in time.
» Training slower than MLP:
» repeated multiplication of weights in sequence length
» repeated product of derivative of activation function.

; > POLYTECH® UNIVERSITE Introduction to Deeb L -
NANEY @DELURRMNE (QAA ntroauction to Deep Learning 329
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Challenges:

Vanishing gradients: Many values <<1
activation gradient products
small weights

negligible gradient =» negligible learning.
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Challenges:

Vanishing gradient problem: Many values <<1
» activation gradient products
« small weights

* negligible gradient =» negligible learning.

Long range Learning:
* hidden units modify with new information

» vanishing gradient problem =» new information not preserved over long ranges.
+ time series forecasting: seasonality etc.

POLYTECH' UNIVERSITE ( Introduction to Deep Learnin
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O

Challenges:

Vanishing gradient problem: Many values <<1
» activation gradient products
* small weights

* negligible gradient =» negligible learning.

Long range Learning:

* hidden units modify with new information

» vanishing gradient problem =» new information not preserved over long ranges.

* time series forecasting: seasonality etc.

* machine translation: relation of first word to context
« prognostics: prediction of state of health at long time range

Prediction Drift:

* next step prediction =» recurrence of h learnt

» long range prediction - recurrence of h over multiple steps

» error cumulation over multiple time steps

roryreen (@umme (AN

Introduction to Deep Learning
JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr
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RelU

Solution: o[ e 7
» Efficient parameter initialization s //
» Non-saturating activation functions: ReLU, Leaky Relu... /
» Gradient clipping /
P //
/ ’
* Gated Cells: rg
« “control” the information flow 0 i

» allow more useful information, forget non-useful information...
» track information through many time steps to filter out the useless ones.

POLYTECH' UNIVERSITE ( Introduction to Deep Learnin
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Long Short Term Memory
(LSTMSs)
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LSTMSs ( Hochreiter & Schmidhuber 1997)

ht = f (ht—l’ Xt)
=o(W hht—l +W th—l)

Gated RNNs: let selective information through

cleverly designed

POLYTECH® UNIVERSITE /7 ntroduction to Deeo Learn
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LSTMSs ( Hochreiter & Schmidhuber 1997)

ht = f (ht—l’ Xt)
= O'(\Nhht—l +Wxxt—1)

Gated RNNs: let selective information through

cleverly designed

4 N [“\ 4 N
— ( > —»
RNNS:
A | 5 A
\. VAN VRN J
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LSTMSs ( Hochreiter & Schmidhuber 1997)

ht = f (ht—l’ Xt)
= O'(\Nhht—l +Wxxt—1)

Gated RNNs: let selective information through

cleverly designed

7Y
~ T*\ s N T‘\
LSTMs: > Y I —>
A leiellll A
REZIESHEIR .
! _/ _/ L /

I
&) *) &)
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LSTMSs ( Hochreiter & Schmidhuber 1997)

Gated RNNs: let selective information through

Gates: —@—
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LSTMSs ( Hochreiter & Schmidhuber 1997)

Cell state: let selective information through

Gates: —@—

Cell state : Information highway. Chioq C'y
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LSTMSs ( Hochreiter & Schmidhuber 1997)

Cell state: let selective information through

Gates: —@—

f=oW [h_,x]+by)

Cell state : Information highway.

1. Forget:
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LSTMSs ( Hochreiter & Schmidhuber 1997)

Cell state: let selective information through

Gates: —@—

Cell state : Information highway. it — G(VV ! [ht_11 Xt] + bi )
1. What to Forget: g C
2. what to Store: i ‘ C:t = tanh(\N [ht—l’ Xt] + bC)

b1

POLYTECH:® UNIVERSITE f Introduction to Deep Learnin
Q e @ DE LORRAINE  { QA[\ p 8 341

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr




LSTMSs ( Hochreiter & Schmidhuber 1997)

Cell state: let selective information through

Gates: —@—

Cell state : Information highway. o,

1. What to Forget: ' )

O,
2. what to Store: fT p
{ (¥} ,
3. Update old cell state: I f—-t:

C,=foC_+i0oC,
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LSTMSs ( Hochreiter & Schmidhuber 1997)

Cell state: let selective information through

Gates: —@—

Cell state : Information highway.
1. What to Forget:

2. What to Store:

3. Update old cell state:

0 =coW°h_;,x]+b,)
h, =0, ©tanh(C,)

4. Generate output:
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LSTMSs ( Hochreiter & Schmidhuber 1997)

Gated RNNs: let selective information through

Backpropagation: Uninterrupted gradient flow
Learning:

Faster than RNNs,

Long range dependency conserved..

A
LSTMs: —>—® @ > —> f.=cW [C._,h_,,x]+b,)
D t t-11 g f
A L!JL{;G:% o7 7 A i,=ocW'[C_.,h ., x]+b)
+q _,a_'\_ J+ 0,=c(W’[C,,,h 4, x]+b,)

| | |
&) ® ©
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LSTM Variants:

» Peephole connections
» Gated Recurrent Units (GRUs) (Cho et al. 2014)

* etc.

Deep (Stacked) LSTMs (Fernandez, Graves, & Schmidhuber,2007):

(L+1)-threcurrent laver

L-th recurrent laver

h L=l

(L-1)-th recurrent layver @
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LSTM Variants:

» Peephole connections
» Gated Recurrent Units (GRUs) (Cho et al. 2014)

* etc.

Deep (Stacked )LSTMs (Fernandez, Graves, & Schmidhuber,2007):

(L+1)-threcurrent laver

L-th recurrent layer

(L-1)-th recurrent layer @I

Image credits: Fernandez, Graves, & Schmidhuber,2007
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Deep LSTMSs

» Advantages over RNNs:
» Learn long term dependencies easily.
» Avoid vanishing gradient problem through easy information flow.

» Replaced RNNs for Identification of Non-linear systems (dynamical systems).
» Benchmarking performance LSTM > RNN > MLP > CNN (different datasets/ factors)
(A Richard et al. 2019)

POLYTECH:® UNIVERSITE f Introduction to Deep Learnin
Q e @ DE LORRAINE  { QA[\ p 8 347

JHA Mavank , Email: mayank-shekhar.jha [at] univ-lorraine.fr



Application:
Prognostics and Deep Learning
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System degradation

* Machines (dynamical systems) degrade with:
+ time
» operational load cycles
» operational conditions etc.

Failure Threshaold

Fault value/state of Health

=
>

Time ()
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Fault value/state of Health

Prognostics

* Prognostics:

» Estimate (state of health) - identification of degradation model.

Failure Threshold

P

POLYTECH’
NANCY

(L

to

UNIVERSITE
DE LORRAINE

te

(RN

L

Time (t)
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Prognostics

* Prognostics:
» Estimate (state of health) - identification of degradation model.
» Prediction of future health + Remaining Useful Life (RUL)

Failure Threshold

Fault value/state of Health

P

v ‘ Time (t)
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Prognostics

* Prognostics:
» Estimate (state of health) - identification of degradation model.
» Prediction of future health + Remaining Useful Life (RUL)

Failure Threshold

Fault value/state of Health

'I'|mer(t)
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O

Prognostics

* Prognostics:

« Estimate (state of health) = identification of degradation model.

» Prediction of future health + Remaining Useful Life (RUL)

Probability discribucion for Eol

Failure Threshold

=

Time'(t)

to EoL

roryreen (@umm (AN

JHA Mayank , Email: mayank-shekhar.jha [at] univ-lorraine.fr

353



Prognostics

* Prognostics:
« Estimate (state of health) = identification of degradation model.
* Prediction of future health + Remaining Useful Life (RUL)
» Evaluate: Decision “when failure occurs ???” “what maintenance strategy”

Pro-active | I
Probability discrinution for EoL Maintenance I Predictive Maintenance | Reactive Maintenance
A \ P-F Curve I & < !
- 5
. 5'9 é@ o 2@ .
D PO o4 !
. . A o Py .
Failure Threshold ~ S & j’? & & |
C & F & & .
o o @ o I
= Lubrication . Detection of Functional Failure
'E Excellence 1 I " (F-Functional Failure)
8 Alignment, | i /
» Balance... : Machine /
g - Learning
1 . e
g : + 1 Condition g‘ 0§
. A
S . Al | databased ¥ o
S I _ 8’?
» : = | based L
o 1 EarlyAlerts . Alerts e
& . - | o ¢
i (predictive) [ (predictive) T e
. I o
] . | 3
t ' g : : :
0 EoL ) ! Catastrophic Failure
Time (t) P Time—> F

POLYTECH UNIVERSITE
NANCY @ DE LORRAINE (?A’\ JHA Mayank , Email: mayank-shekhar.jha [at] univ-lorraine.fr 354



Degradation Data

» Degradation:
* unknown, non-linear varying dynamics
* sensor data: non-stationary process - trend, seasonality, cyclic etc.
* depends on qualitative+ quantitative factors.

POLYTECH UNIVERSITE
O NANCY @ DE LORRAINE (?A’\ JHA Mayank , Email: mayank-shekhar.jha [at] univ-lorraine.fr 355



iaep

= 136
Degradation Data a_ﬂmm
n].ﬂ F |I1I‘
. EE 33t b

+ Degradation: Tl M_J‘

« unknown, non-linear varying dynamics 136 g

» sensor data: non-stationary - trend, seasonality, cyclic etc. 3.4 “\\J‘“‘“"W

+ depends on qualitative+ quantitative factors. M a1 a0 0 w0 J00 300

Time (Hour)
PEM Fuel Cell degradation (Jha et al. 2016)
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Degradation Data

» Degradation:

* unknown, non-linear varying dynamics
* sensor data: non-stationary -> trend, seasonality, cyclic etc.
* depends on qualitative+ quantitative factors.

POLYTECH’
NANCY

Vibration value/g

Battery Capacity (Ah)

EAH
336

134 %ﬁ{‘\ﬁﬂ

Pl
ot Mah
g

3o

W

1

Upe (V)

] 100 200 300 400 S0 i L &00

Teme (Hour}

PEM Fuel Cell degradation (Jha et al. 2016)

T T

o1 —e— NO.35| _
k. —o— NO.36
1 NO.37
NO.38
os}
08 8
o7}
06 8
05 .

0.4

0.3

0.2F % B
!'-\

o1 100 200 300 400 500 GO0 FOO 8OO 90D 1000 1100
Cycle Number
Lithium-ion battery degradation,
Center for Advanced Life Cycle Engineering (CALCE)
in University of Maryland (He W., Williard N., Osterman

5o 100 200 300 400 500 600 700 800 900 1000 M., & Pecht M., 2011)
Time
Roller bearing degradation (PRONOSTIA platform)
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Bearing1-1

Degradation Data i

» Degradation: g
* unknown, non-linear varying dynamics i
* sensor data: non-stationary process - trend, seasonality, cyclic etc. il M
* depends on qualitative+ quantitative factors. 15% WMMW

. I I I I
0 500 1000 1500 2000 2500 3000
Time(s)

» Raw degradation data - Hidden features / representation:
* Spatially varying
*  Temporally varying

2000 -,

1500

itude (g)

1000

¢ Multimodal characteristics E

Ampl
o
2
8

0 ~
3000
— 15000

10000
e 5000
0 o Frequency (Hz)
Time (every 100 campaign)
L1
g 8 «10* Bearing1-1 low frequency
‘m
>
5 5
=
m
’.n— 4
> .
85
&
2
-5 1 1 1 1 1 1 1 1 1 1 1
0 100 200 300 400 50 &0 700 00 800 1000 M
Time 0 ‘ ‘ R ‘
0 500 1000 1500 2000 2500 3000

Time(s)

Roller bearing degradation (PRONOSTIA platform)
Photo: Report of Jha
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Bearing1-1

Degradation Data i
_ ol

« Degradation: g

* unknown, non-linear varying dynamics i

« sensor data: non-stationary process - trend, seasonality, cyclic etc. = Deep LSTMs | M.

* depends on qualitative+ quantitative factors. 15% WMMW

S g e s

» Raw degradation data - Hidden features / representation: —_ |

+ Spatially varying 2000.

*  Temporally varying e

*  Multimodal characteristics — CNNs % 1o

Ampl

500

0 ~
3000

— 15000

10000
e 5000
0 o Frequency (Hz)

Time (every 100 campaign)

«10* Bearing1-1 low frequency

Vibration value/g

-5 1 1 1 1 1 1 1 1 1 | 1
0 100 200 300 400 500 G0 700 00 900 1000 M
Time 0 .

0 500 1000 1500 2000 2500 3000
Time(s)

Roller bearing degradation (PRONOSTIA platform)
Photo: Report of Jha
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Deep LSTMs for Prognostics

Basic Architecture

N\
>,
&
\\?&
>
\Q/
&
RS
a
()
A
()
E
|_
Samples
3D- Input

360
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Deep LSTMs for RUL prediction

Basic Architecture

Y\
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I_
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17T
+i2 ¢ {+H]
J [+7

-7
T+
1+1

Image credits: Fernandez, Graves, & Schmidhuber,2007

Samples Deep LSTM
3D- Input + dropout schemes
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Deep LSTMs for RUL prediction

Basic Architecture: LSTMs: Temporal features + FNNs: Map features in RULs
N\
N _
/ |
&
N
&
&
© RUL,
g
3
E
= |
Image credits: Fernandez, Graves, & Schmidhuber,2007 o
Deep LSTM
Samples
3D- Input + dropout schemes Fully connected Layer Target Vector

NANCY

POLYTECH UNIVERSITE
@ DE LORRAINE (?A’\ JHA Mayank , Email: mayank-shekhar.jha [at] univ-lorraine.fr 362



Deep LSTMs for RUL prediction

» Degradation data=>» Time Series sequence = segmented into sliding windows.

« Each sliding window is assigned a target RUL value [Zeng et al, 2017]

X =[X1, XZ,..., Xt,...XT_l] to estimate RULT_1
X =X, Xy, Xy X; ] toestimate  RUL.
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Deep LSTMs for RUL prediction

» Degradation data=>» Time Series sequence = segmented into sliding windows.

« Each sliding window is assigned a target RUL value [Zeng et al, 2017]
X = [Xl, XZ,..., Xt,...XT_l] to estimate RULT_1
X =[X}, Xy, X, X; ] toestimate - RUL,

[Xls Xl‘—la o sXI—d+1]a ERd
[RUL, (. RUL41. ....RUL,]

Training tuples:

([XI,X[—la --~,Xt—a' 1]3RULI )
Loss Calculation : Error based cost function $ ! "

Many variants exist!

RULr 2 = ¢Xp, Xi—1s -+, Xr—d 1)
J = Z ”(RULzst - }?[Jl’léalcn2
t

Some issues:
* Independent Windows - to assure assumption of i.i.d

« Dependent windows - claim more realistic.
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LSTM training

 Inputs : Sensor data at time t
» Qutput: RUL at time t

I+l

Input

Multi-layer LSTM "

Multi-layer NN ="

Output cee

RULF! RUL!
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RUL prediction training How??

InEut la!ar I

3D Tensor
W W
’,’,’,’;"'»/@9
@ riri1ri1is
[= 1N (N T I A | @
o T T
E (O T @I
E ' I O I 1
T T T T T
= I |//
Mo. of samples

POLYTECH’ @
NANCY

Hidden layer

2nd Hidden layer

LSTM layer
15t unit 2nd unit nth unit
autput output output 4

Dropout layer

&>

Lhi’? -- > |h_b | nput

n2 h|dden units

Dropout & Dropoul D

t

| 1st Hidden layer |

LSTM layer
1st unit 2nd unit nth unit
output, output output

Dropout layer

i3>

L&j > B e

ni hldden units

A c
,.r‘ ¢ ‘H‘"‘u Qutput

Dropout A  Dropout D

s (AN

JHA Mavank , Email:
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RUL prediction Example: C-MAPSS dataset (NASA)

140 T T 144 T T T T 144 - : - 140
5 120 - é 120 g 120 é 120
ﬁ 1060 % 10 g 100 | % 100
= B0} = B0f 5 3
i § i i
= B0} = B = &} =
£ g g g &
E 40 g 40 : E 40 & .
g = Predicted RUL g — Predicted RUL 5 —  Predicted RLL LA | Predicted RUL
& M -~ Ppiece-wise RUL 2 P -- piece-wise RUL g Pl -- piece-wise RUL o - - Piece-wise RUL
1 1 [ 1 1 1 1 1 1
"o 50 100 150 " m w @ & w0 20 10 %o 50 100 150 200 250 - 50 10 150 M0 250
Time Cycle Time Cycle Time Cycle Tirme Cycle
(a) FDDO1 example (b) FDOO2 example ic) FDOO3 example id) FDOO4 example
RUL estimation at each time stamp using Deep LSTM (use sequence X = [x!,....x'. ... x7 '] to estimate RUL at

time T — 1, with the true RUL as RUL + 1; use sequence X = [x',....x", ....x" 7] to estimate RUL at time 7" — 2, with the
true RUL as RUL + 2, etc..)

MAPSS stands for ‘Commercial Modular Aero-Propulsion
System Simulation' and it is a tool for the simulation of realistic
large commercial turbofan engine data.

The fault was injected at a given time in one of the flights and
persists throughout the remaining flights, effectively increasing
the age of the engine.
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Some applications:

L8TM 12A 30°C
36 T T T

T T T
? H = & =Experimental data
'l| H Trained predict data 120!
B5.5 ooy 9 o = Tested predict data |-
. P Y %ﬂ s Lower limit in [27]
Yad | = = =Upper limit in [27] |
S |t ¢ LS 100
@ 4 \"‘3 “'av i 2
£ LA |
S ] Y ? Q;la‘» L & o B0}
Z (4 33 sFWE =
S345r
5 B0
o
34 + a0
Training phase Prediction phase
15 , ; k ; . ‘ : : 20
0 50 100 150 200 250 300 350 400
Fuel cell operation time (h) 0
LSTM 30A 35°C
! T L) T T T
32F H i | = % - Experimental data
\3 Iy ¢ : Trained predict data
d v ¢ : Tested predict data
. 3155 % .,"ﬁl% |,% ’3?“'\‘( Am!? ¥ 2| e Lowver limit in [27] b
= e fb 19 ﬁ§ PR &g 1 Pl =Upper limit in [27]
o 3} g b o . 1
s : i B
g BOLG b e e e -
3 : I .
295+ : H : : [
29 L E Training phase Prediétion phasé
1 1 1 i . 1 1 1
Q 50 100 150 200 250 300 350 400

Fuel cell operation time (h}

PEM Fuel Cell degradation

Engine prognostics (NASA) : CMAPSS

‘Commercial Modular Aero-Propulsion System Simulation’
[Zhang et al, 2017]

* unknown non-linear dynamics,

* non-stationary (multi modal degradation,

» multiple modes of degradation)
'a
AN
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] [Gugulothu et al 2017]

RUL
110 1.0 A —— real_data
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Lithium-ion battery RUL prediction charge/discharge cycles
(He W., Williard N., OstermanM., & Pecht M., 2011)
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Bearing1-1

CNNs for Prognostics :

* LSTMs: good sequence learning g
but good input sequence needs to be provided!! | M
. . i
» Feature extraction needs domain knowledge. a M»W
-h_ﬁ% “““““ WW
» Labelled data > difficult ! ) T m we  we o me om0 w
— CNNs

* CNNs - Hidden features / representation of sequence:
+ Spatially varying
* Temporally varying

1500

itude (g)

1000
> 2

Ampl
o
2
8

¢ Multimodal characteristics
3003 S
— " 15000

5 T T T T T T T T T

0 o Frequency (Hz)

Time (every 100 campaign)

The degenerate point |
a2 . -

«10* Bearing1-1 low frequency

Vibration value/g
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Time 0 .
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Time(s)

Roller bearing degradation (PRONOSTIA platform)
Photo: Report of Jha
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Time Steps

Samples

3D-

O

CNNs for Prognostics

* CNNs - Traditionally, 2D-3D structured data for face/object recognition

» Prognostics - 3D structured topology for sequence data

Conv and
RelLU
/ ——)

4 filters kernels

AN

y4
yAN

Input

rotvreen (@ Can,

~/

Pooling = i ¥
—) I l:ﬁ L-ﬁ e~

/
: 1 /
W 4 Feature Map
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CNNs for Prognostics s

maps maps
8 features 8 features IL‘ I;E
. . . . .. . maps maps e =_
+ Automatically learn feature representation, hidden multimodal distributions o It 1x6 - -
. . . f A - — T R o "= connection
[Liu et al., 2017] [Jing et al., 2017] [Li et al., 2018] y = == o = e o e
[r— {01} Il'l!,. _— —_— i = JL
& o ; === Layer — =£:|::f
» Efficient learning with multi-variate sequential (time series) data. o
[Babu et al., 2016] 1 |n“|;:;mz‘ms”
* Hybrid structure [Babu et al., 2016]
Deep CNN + Fully-Connected Layer for Regression
Senmsor
meuslur;emenf e e R AR A 1 8 A8 e A A 2142 £ 4 2 e R R R8s e e e Original [j g
Hats Full comnget Signal ) = P )
neural network '|:] ,,-/"'? ._F;f-’ (_‘:-’"/ if::/"/ ‘ .-f J'I:
Chn LS I B 50050 \
................................................ : :: :11:. [ qu .E '
: sl st d gt s
hit) (i1 1 : it L . s It
: ?‘-(f ’?-mli RUL vime | [11]] P T ’ 1 q‘ !
o I:’ I::’ A A : _._‘_ A — Sequence | ':,: M 1 t [] D ; E-tll'r:r-d
@ : I!S‘T]\-] B lgS"lII\-l > . E’ [ EfP r :; it [j
I. |‘ T "}_'_ I_} X — : h—‘bI']-- — hit! Ii [ ::::.T?"J / // /’ / Tt !\‘.‘ il ’
i J' tk”\bﬁ “r }'rl I I gf.'nnmluliun Faaling Eéxlt] 61&“} '._.-’( 1_o,rf : .“:l ;i .': "
T '_'_'1 o | r d""'ﬂ,._'"' © layer Laver : e J
1T """@"r-f;,. come . o come o ratien Py Commacted
| | | (I Hybrid neural networks ELES 10%1 10%1 101 RS [Dropout) Layer
T Ta—— T SRS S tanhj (tamh) (tankh) (tanh) (tanh} (tamk}
Health mdlwim
[Liu et al., 2017]
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