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Neural networks for

classification and regression
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Outline

= Hour 1
- Review, examples of ML in IGM

- Neural networks introduction

= Hour 2: Neural network training



=P~L Last week: k-NN In python

Note: the only difference between two exercises are the datasets

= Dataset: Biomechanic features of orthopaedic = Dataset: Pinguin body features and their

patients, and the type of injury specie type

= Goal: Classify the condition of patients based = Goal: Classify the specie of a new observed

on biomechanic features pInquin
species bill_length_mm bill_depth_mm flipper_length_mm body_mass_g
0 Chinstrap 49.0 19.5 210.0 3950.0
o . ) ; 1 Chinstrap 50.9 19.1 196.0 3550.0
pelvic_tilt degree_spondylolisthesis class *
2 Gentoo 42.7 13.7 208.0 3950.0
0 22.552586 -0.254400 Hernia
3 Chinstrap 43.5 18.1 202.0 3400.0
1 10.060991 4564259 Hernia
4 Chinstrap 49.8 17.3 198.0 3675.0
2 22.218482 -3.530317 Hernia
3 24.652878 11.211523 Hernia
4 9.652075 7.918501 Hernia
Adelie Gentoo Chinstrap
85 9.906072 20.315315 Spondylolisthesis *
86 17.879323 22.123869 Spondylolisthesis
87 10.218996 37.364540 Spondylolisthesis
88 16.800200 24.018575 Spondylolisthesis
89 23.896201 27.283985 Spondylolisthesis




=prL. Review problem

N = 200

C\OL‘TA 32+

= Dataset: Biomechanic features of 200 orthopaedic patients, and the type of injury

x\' € \Rz

)

+ Pelvic tilt (degree), Spondylolisthesis SP (degree), label: normal (1), Hernia (2), Spondylosithesis (3) disk ‘6 c{1,2r 3%

. . . . test *
= Goal: given a new patient measurement, classify thedisk , X c R

= Approach 1: k-NN \
After tuning the distance and k using cross-fold validation, you found 4-
NN with Manhattan distance to have an accuracy of 72% on your test set.
Write the pseudo-code to classify the disk condition of this new patient

—QCV \ = |/ R~ N

c\| . = c\\';\‘ ( X_Le&, ’.)L\) 2 l K‘|-. x_\-eﬁ\‘\—f
e ct
Lo, o
{3me| 4 S"\/\O\\\QS‘} Q\‘ o Li s N Uy, b racliceg
test C, (o o .

= Approach 2: Naive Bayes

Let’s first simplify the problem
= pelvic tilt: low/high, SP: low/high

Write the pseudo-code to classify the disk condition for a

patient who has low pelvic tilt and low SP
P ( - ‘ )(‘l‘e@l:[:\ |9uuh, \\|0w113 5 1S Pvc‘x;v"\or\c,\\ "B
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Example application of ML used in Génie mécanique

Prof. Josie Hughes: Computational robot design and fabrication lab
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Automated fabrication & optimization of paper planes

Nose Dive

Mid glide

Recovery
Glide

Predict the flight behaviour
of a paper plane (and its
variance) given the design
parameters

Optimally sample from the
design space to build up the
model to minimize physical
experimentation

Optimize the design of light
weight MAV robotic systems.
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Soft Tentacles

varying frequency varying length/material

* Predict the thrust generated by soft structures for different controllers and morphologies given a training data set
 (Can be used to optimize the design of soft swimming robots
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overlaid bubble raw image

area
identification

Robots ‘food scientists’
Optimizing coffee foam

Metric for coffee bubbles

best foam worst foam

detection

10.41% 18.46%

100+ coffees later...

Bubble Area (%)

Objective: minimize bubbles, maximize height

Random Human BO Tree Grid/BO
Optimzer Method



Introduction

Naive Bayes

A —%‘, 0= PN P

Convolutional neural
networks /

Clustering

cluster 1

Linear regression

Logistic regression

J

RN
)

Q

input layer
hidden layer 1 hidden layer 2

Dimensionality reductio
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Neural networks

= Why deep learning?
= Neural networks
- Architecture
- Activation functions
= [raining
« Back propogation
» Stochastic gradient descent
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\ R sen

feature vectors, independent variables ' e R

‘ . SN
Labels, dependent variables, target, outcome ua' { X Zg %.\,,‘
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=Pk Why deep learning?

Logistic regression review

Logistic regression for d-dimensional data:
o
Input; x € R B
\
Weights: w e R° ( — W x+baz

Bias: L & IR X,
1 %

~ N WTx+b-}—>
uy XN A
%
Xd

label % = W x+h SO

Activation

function Output

Input Weight

Logistic: 0(z) =

<>

| 7 o bel o other wise -



=Pl Why deep learning?

Limitations of logistic regression

o
...,

Issue: Logistic regression performs badly on non-
linearly separable data

Potential fix: Use feature engineering to make data
linearly separable, then use logistic regression

However:

= Features that linearly separate the data can be
hard to find manually, specially in high dimension




=Pk Why deep learning?

From logistic regression to neural networks

Neural networks have been successful in learning complex, non-linear functions

/ . o > s e by % s Pl ' W e ol T ‘.' % ; \
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! \ X | LA i D " S ' | b 4 / \ !

Input Layer € R® Output Layer € R?

Input Layer € R° Hidden Layer € R* Hidden Layer € R* Output Layer € R!



=Pk Why deep learning?

New way to approach ML

Before deep learning:

= e —

Hand-design the features

Deep learning:

- e

Deep neural networks derive
useful features from the data!
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Neural networks



=Pl Neural networks

Representation
weights weights
| |

3
Q7

/
L g

Vs

output layer

output layer

input layer input layer
hidden layer hidden layer 1 hidden layer 2
“2-layer Neural Net”, or “3-layer Neural Net”, or
“1-hidden-layer Neural Net” “2-hidden-layer Neural Net”

“Fully-connected” layers

Each neuron of a layer is connected
to all neurons of the following layer



EPFL

Neural networks
Inside a neuron

2 |

—>Y9

2 = Activation function



=FFL " Connections to biological nheurons

£L) Wy
*® synapse
. WoL

axon from a neuron

impulses carried
toward cell body

branches
dendritesw of axon
axon
nuc'eu \T“. =S axon & b

f (E w;T; 4 b)

output axon

activation
function

terminals

umpulses carried
away from cell body

cell body

A cartoon drawing of a biological neuron (left) and its mathematical model (right).

Source: towardsdatascience.com



=F7L Applications - nowadays everywhere!
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Neural networks
Representation




=Prl Neural networks

Representation
X1
a[l] > Layer Y — lle
[ < Node in layer
A3

Weight vector for first node of first layer:

1]

Wii

[1] 1]
Wil = | Wi,
1]

W13




=Prl Neural networks

Representation
z 5
a[ ] “ Layer x= |x
[ < Node in layer
X3
Weight vector for first node of first layer:
Wll]
W[ll] = [ wi3
1
Wl,]S

7l =wx 4+ b

2 =wlx + bl

9’ 2
[1] _ 11T [1]
=Wl x 4+ b3

[1] — 11T [1]
Z, =W, x+l94




=Pl Neural networks

Representation
X1
a[l] < Layer x= %
[ < Node in layer
A3

Weight vector for first node of first layer:

Wi 1]
|

<«—— Shape (3, 1)

[1] — _
Wil = | Wi,

7l =wx 4+ b

1] — wlllT 1]
3, =W, x+Db, N
pply activation
2t = willfoe 4 plt —_— a'l = gz}

[1] — 11T [1] [1] — ,[11¢-[1]
Z, =W, x+b4 a, ' =g (z4 )



=P*L " Neural networks

Representation
X1 3
a[l]< La.yer Y — lle e ‘R
[ < Node in layer
A3

Vector notation: we\cé\@f recler

Wil — [W[ll] will will ng]] bl —

\

Shape (3, 4)

7z = Wl 4 pli] Apply activation alll = g[l](z[l])
C1] 9 L) 3%
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Activation functions
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NN - Activation Function
Introduction

§ = oI(WIRIT I WIITy 4 pllly 4 pl2

Q: What happens if we remove the activations?
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NN - Activation Function
Introduction

§ = oI(WIRIT I WIITy 4 pllly 4 pl2

Q: What happens if we remove the activations?

W[2]T(W[1]Tx 4 b[l]) 4 b[Z]
W[Z]Tw[l]Tx n W[2]Tb[1] 4 b[2]

y
y

Define W/ = WI2ITWILT Define b’ = WL2Tpl 4 pl2]

y=W x+b

A: We end up with a linear classifier!
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NN - Activation functions
Introduction

To model a nonlinear problem:

= Pass the output of each neuron through a nonlinear function,
called activation function

= Connection to neuron firing in brain

Some well-known activation functions:
= Sigmoid

= [anh

= RelU



=P NN - Activation functions - x>0

| \ :
Overview oo 5 r 20
nrechalel
Sigmoid : f(x) =~ Tanh: f(x) =55

1.0 — . 1.0 -

=
O e
N :
0.5 - |
[
[
[
-1.0 :
| | I | |
4 —2 0) 2 4
Input
Sigmoid (0): Tanh:
= Squashes input in a [0, 1] range = Squashes inputin a[-1, 1] range
=« Approximately nullifies gradient (for “large” positive or = Like sigmoid, nullifies gradient (for “large” positive or
negative inputs) -> vanishing gradient problem negative inputs)
= rarely used except for final layer of binary classification = Zero-centered, preferable over sigmoid as an activation

network = Rarely used in practice (ReLLU is more popular)
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Overview
RelLU: f(x) =max(0, x)
-
4
= 3

_L
[I\)
o
N
N

Input
Rectified Linear Unit (ReLU):

= Easily computed, simple gradient
= Greatly accelerates convergence of gradient descent

= Saturates in only one direction, suffers less from
vanishing gradient problem

= commonly used in practice

NN - Activation functions

Leaky ReLU(a=0.1): f(x) =max(0.1x, x)

[
|
—4 —2 0 2 4
Input

Leaky ReLU:

= Attempts to fix “dying ReLU” problem by having a
small negative slope for x < 0.

= Leaky RelLU and other RelLU variants (ELU,
SELU, GELU, Swish, etc...) are sometimes used
over ReLU
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NN - Activation functions

Derivatives
Sigmoid: Rectified Linear Unit (RelLU):
1 x ifx>0
O\X) = Rel — —
(x) [+ o eLU(x) {() £ x <0 max(0, x)
% 56) = o)1 — () d L ifx>0
—o(x) = o(x)(1 — o(x _
dx ax e = {O if x <0
Tanh: - | |
DX _ Note: Derivative of ReLU is undefined for
tanh(x) = x = 0. By convention, it is set to 0.
et +e*

d 2
— tanh(x) = 1 — tanh“(x)
dx
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Training neural nets



=Pl Determining the neural network predictor

Training WP 2

1) Choose the neural network architecture >< %
) S
— Aum ber 6Q | o “82-" C h = ) & O

N >
— ‘l—zﬂx 6E ac\f\valrm RJY\CL'CA XBP_’O 9 -‘
— f\umbal o‘R nodes /n eech \0‘32” T 50 \ :
3@ @

'Lj [:fz’] 5

2) Choose a loss function N Ot Sone ‘T/ ey
3 o ( = ( A \32 T lag, 2
Y o\ Y - _
e_%' N = U \(—S
C(OKQTI/LKCC(M . CroOs - ar\L\/CQG \O(‘Q ':3 P\"QC\(C\"\‘:I\ \:)CDU}QC\
on NN

3) Minimize the loss

. a ( §N | xwm/ \Dm; | >

le x 1
) = RSN
mE / [3 le = 1, , 7 \'\J_E'\CV'Q T IS -l—l\e Y\U‘V\Ee/ Ci— )MZ—Q"Q :



=Prl Neural networks

Training

Forward pass of 2 layer NN (for a single example):
711 = WLy 4 pll]

alll — g[l](z[l])

7121 = W21 glll 4 pl2]

§ = al?l — g[Z](Z[Z])

§ = g[Z](W[Z]Tg[l](W[l]Tx 4 b[ll) 4 b[Z])

cle(ﬂ-t\ 2 ne buov lc ...

59(/( C S€e L\ow ILG

O ——

|

?&V\CV&DWZO\ =, <\c?"+\
r\e}'wov(&




=Prl Neural networks

Training

Forward pass of 2 layer NN (for a single sample):
§ = g[2](w[2]Tg[1](W[1]Tx 4 b[ll) i b[Z])

To train, we need a loss function: L(y, y)

Using that loss function, we want to update

W[l], b[l], W[2], b[2]

using gradient descent.
A X2

| 3R Co
VJTB c Hz\ \A) W G‘Wi
C2%)

Y et A R




=Pl | oss function
. N

Regression {(Y\: B)% \ , “6? e (IR

—
—
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CPFL
Gradient descent 1. A /|

oL OL
oWl gbli]
=> Gradient of loss with respect
to weights and biases of each layer

Need to compute:

Once gradients are computed,

update weights with:
wll -—wll — 4 oL (W, b,)
" t+1° Tt F OWILi] Ut
bld -— pld — 4 L (W, b,)
0 41 - My tab[l] Mt

where a; is the learning rate



=Pl Neural networks

Forward / Backward pass

Forward pass: Compute the output of a neural network for a given input
Backward pass: Compute derivatives of the network parameters given the output

During training, you need both the forward pass and the backward pass.

During prediction (inference), you only need the forward pass.

Inference: the process of using a trained machine learning model for prediction
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Computing gradients
Back propagation

d
e x €1 . % E\R

"6 ) = \3(‘3”1/ ( Recall LLW,\)}

ERLEE )
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Computing gradients
Back propagationa

EQCUQ

A '\ 4 [P
0N O » Cy = ) 2 2
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