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What 1s machine learning?
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Question : how can one recognize hand written digits?
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o b7 & 4

Answer : Design your own rules?

» A series of aligned pixels = ‘1’
» A circle of pixels => ‘0’
> Etc.
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(Hugo Larochelle)
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Question : how can one recognize hand written digits?
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Answer : Destgn-yourownruales~Wrong
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» Bad generalization

*

(Hugo Larochelle)
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Question : how can one recognize hand written digits?

» Often difficult

(Hugo Larochelle)
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Question : how can one recognize hand written digits?
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Answer : Let the computer « learn » the rules

» Main goal of machine learning

(Hugo Larochelle)
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Three large families

Supervised
learning

Machine
Learning

Unsupervised

Learning
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Summer school

Supervised
learning

Machine
Learning

Unsupervised
Learning




e

Supervised learning

Provide the algorithm with annotated training data

Q00O | 0 \ |

CO? CO? CO? 613 609 619 619

...and the algorithm returns a function capable of generalizing

on new data

/AT 1 QQ
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Supervised learning

Provide the algorithm with annotated training data

Q00O | 0 \ |

609 CO) CO? 613 6 b 615 617

The training dataset

D= {(flstl)9(£29t2)"“’(£N’tN)}

where X, € RY is an input and ¢,is a target
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Goal of a supervised machine learning method

From a training dataset: D = {()?1 ya ), (552, l, ), ooy (?? Noly )}

the goal is to learn a function that may predict 7, given X,

yW(')_éi)_)ti

where JJ are the parameters of the model.
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» E.g. data clustering
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Unsupervised learning

When no target 1s explicitly provided

1008 0 00 ¢}
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Unsupervised learning

When no target 1s explicitly provided
» E.g. data clustering
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Unsupervised learning

No limit to dimensionality. Could be 3D, 4D,...100kD
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Unsupervised learning

Probability density function estimation

Example : find two groups of patients following a memory test

0.045 0.045 r r T T

0.040 | 0.040 | p(x, group,)
0.035} 0.035 | p(x, groupy)
0.030} 0.030
0.025 | 0.025 |
0.020} 0.020}
0.015} 0.015}
0.010} 0.010 |
0.005 | 0.005 |
0.000} — 0.000}
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Supervised vs non-supervised

Main topic of

Supervised learning : there is a targe the school

D = {(xlatl)>(£29t2)""’(£N’tN)}

Unsupervised learning : unknown target

D:{xl,xz,...,xN}
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Supervised vs non-supervised

. . . Logistic regression
Supervised learning : there is a tal] Pperceptron
Multilayer perceptron
. . y Convolutional neural networks

p— Semi-supervised learnin
D {(xl ? tl )’ (x2 ? tz 1 Graph l\ll)eural Nets °
Transformers
Etc.

Unsupervised learning : unknown target

D:{xl,xz,...,xN}
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Supervised vs non-supervised

Supervised learning : there 1s a target

D = {(xlatl)>(£29t2)""’(£N’tN)}

. . . Autoencoders
Unsupervised learning : unknown| vayiational autoencoders

GANs
Diffusion networks

D:{xl,xz,...,xN}




Supervised learning

Classification vs regression




(linear models)

Two main applications

Regression
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g Supervised learning

Classification (2 classes)
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g Supervised learning

(linear models)

Two main applications

Regression Classification (3 classes)
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4 Supervised learning

(non-linear models)

Two main applications

Regression Classification (2 classes)
Percent %
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charges

[ .et’s start with
linear models
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Deep neural nets

linear models

~




Linear models are to deep neural nets what
transistors are to modern processors

~
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[.inear models are still relevant

1,694 children surveyed in Tanzania.

weight

T T T T T
100 120 140 160 180

Nordin P, Poggensee G, Mtweve S, Krantz I. From a weighing scale to a pole: a comparison of two different dosage
K strategies in mass treatment of Schistosomiasis haematobium. Glob Health Action. 2014

~
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[.inear models are still relevant

Apparent Fiber Density
in the white matter
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[_inear models
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Simple example of binary classification

From Wikimedia Commons
k the free media repository




/

Patient 1
Patient 2

Patient 3

Patient N

D
( temp, freq) Diagnostic
(37.5,72) hearthy
(39.1, 103) sick
(38.3, 100) sick
(...)
(36.7, 88) hearthy
X {

Freq

Simple example of binary classification
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A new patient shows up at the hospital
How can we predict its state?

Simple example of binary classification

SICk From Wikimedia Commons
the free media repositor
* * ** p y
X, Tk Kk
*
* * X
*
(-
>
temp
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Solution

Divide the feature space in two regions : healthy and sick

Freq

From Wikimedia Commons
the free media repository




/Solution

Divide the feature space in two regions : healthy and sick

Freq

A |
Sick

Healthy

temp

From Wikimedia Commons

the free media repository




/More formally

. Healthy if x 1s 1n the blue region
Vw (x =

Sick otherwise

Freq A
t=Sick

t=Healthy

>
temp
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Definition ... a line!

bias
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Definition ... a line!

y=mx+b

Ay
=—x+b
YA

YAx = Ayx+ bAx
0=Apx —Axy+bAx
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Rename variables

0=Ayx—Axy+bAx
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Rename variables

O=wx+w,y+w,

I

0=wx, +w,x, +w,

>
X
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Implicit function
va()_é) = WX T WXy T W,

X, A

—

J’w(x)

0
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Implicit function

w, =1.0
w, =-2.0

J/rv(x) = WX, T WX, + W, w, = 4.0
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Classification function

va()_é) = WX T W, X, + W,
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Classification function

J/rv()_é) = WX T W, X, + W,

X
3% S

wx, +wyx, +w, ==7<0

wx, +wyx, +w, =0

@ (4D

wx, +w,x, +w, =6>0

X

w, =1.0
w, =-2.0
w, =4.0
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Implicit function

(=)
) Vo — AN A |

Vi (X)) = wy + wixg + wox,

— (WOJWLWZ) ) (1: xl'x2)
— / — /

V
%

DOT
product
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Implicit function

(=)
) Vo — AN A |

Vi (X) = wo + wixg + wyx,
— (WO'WIJWZ) ) (1: x11x2) product

—T -

=W X

N:(Wlawz)

DOT




Linear classifier = dot product

> (0 ifin front
< 0 otherwise

eeeeeeeeeeeeeee




charges

60000 -

40000 -

20000~

[_inear models

smoker
no

=== yes

20 30 40 50

https://rpubs.com/koki25ando/medicalcost
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Patient 1

Patient 2

Patient 3

Patient N

D smokers
(Body mass index) | Medical cost $

23 12,500
44 34,000
27 21,000

(...)
31 42,000

X t

Cost

Simple example of linear regression

D smokers

BMI
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Simple example of binary classification

A new patient shows up at the hospital
How can we predict his/her medical cost?

Dsmokers

Cost o

chatgpt.com
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Solution

Fit a line onto the data

Cost

D smokers

BMI

From Wikimedia Commons
the free media repository
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Solution

No need to keep the data once you have your regressor

20,000%

Cost

BMI

From Wikimedia Commons
the free media repository
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More formally

yu (X) = cost

BMI
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Rename, ¢ for target

t=W1x+WO




e

In our previous exemple

t = medical cost cost= wy;BMI + w,
x = BMI

cost

BMI
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Another example

Children
Weight Height

1,694 children surveyed in Tanzania. / \

weight

Vi (x;) = t;

100 120 140 160 180

Nordin P, Poggensee G, Mtweve S, Krantz I. From a weighing scale to a pole: a comparison of two different dosage
K strategies in mass treatment of Schistosomiasis haematobium. Glob Health Action. 2014

. Y (X) = wix + wy




Another example

Children
Weight Height

Vi (X)

60 -

Wo + Wi X o

(Wo, W1 ) . (1’ x) product
N S S
X

40

weight

~
" W

—

100
height

Nordin P, Poggensee G, Mtweve S, Krantz I. From a weighing scale to a pole: a comparison of two different dosage
strategies in mass treatment of Schistosomiasis haematobium. Glob Health Action. 2014

c




Another example

Children
Weight Height

/N

1,6¢
yw(X) = wy + wyx bOT
40 - — (WO’ W1 ) . (1’ x) product
5 —T >
* =W X
20_-:--

~

height

Nordin P, Poggensee G, Mtweve S, Krantz I. From a weighing scale to a pole: a comparison of two different dosage
strategies in mass treatment of Schistosomiasis haematobium. Glob Health Action. 2014

©




Example with 2 variables

Works with more than 1 variable

Vi (X) = wy + wixg + wyx,

gy

T L Ll Aol

AT LT AT A T AT LT AT AT Y A

K222 72777 7.7

a\no:)U\

%dit : sphweb.bumc.bu.edu/otlt/MPH-Modules/BS/R/R5_Correlation-Regression/R5_Correlation-Regression4.html

~

"
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Works with more than 1 variable

Example with 2 variables

'\14\f'\_/)\ —_— YA 1 yar Aar 1 yary Aar

Vis(X) = wo + wixg + wyx; .
— (WO'Wl’WZ) ' (1) xl'xZ) product

— e _/
V Y

—> —>

W X

\*J /@?\o\

58
Qedit : sphweb.bumc.bu.edu/otlt/MPH-Modules/BS/R/RS_Correlation-Regression/R5 _Correlation-Regression4.html /




4 I
Works with more than 1 variable

Example with 2 variables

'\14\f'\_/)\ —_— YA 1 yar Aar 1 yary Aar

>
yW(x) — Wy + W1X1 + Wa X DOT

o (WO' Wy, WZ) . (1’ X1, xz) product
—T >

=W X

\*J /@?\o\

59
Qedit : sphweb.bumc.bu.edu/otlt/MPH-Modules/BS/R/RS_Correlation-Regression/R5 _Correlation-Regression4.html /




—T >

y(X) =w'x =

S
Dot product

|

[Linear models

OO\

Regression
> (0 ifin front SN —T =
< 0 otherwise yW(x) =w'x=1t

l_Y_}
Dot product




Linear models
VS

deep learning
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At the heart of deep neural nets are... linear models




Perceptron
Logistic regression
Multi-layer perceptron
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Perceptron

Rosenblatt, Frank (1958), The Perceptron: A Probabilistic Model for Information Storage and Organization in
the Brain, Psychological Review, v65, No. 6, pp. 386—408

o

*




Yo (@) = W7 = {

S
Dot product

[Linear models

(neural networks)

Regression
> 0 ifin front —>(_>)__)T_>_t
< 0 otherwise Ywx) =W X =

l_Y_}
Dot product
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yw(X) =w'x =

S
Dot product

[Linear models

(neural networks)

|

> (0 ifin front
< 0 otherwise
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[inear classifier

(2D and 2 classes)

Vi (X) =wy + wx, + w,x,

4
/,,
s

(x)>0
Xy A o o ,//
° -
o ~
o 0‘0 ,,,,, *
o 7~ z* *
,,,,, * K Va(X)<0
R ¢
>
X

—»T—»
- W X
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So far...

1. Training dataset: D
2. Classification function (a line in 2D) : ¥(¥)=wx, +w,x, +w,
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How good 1s a classifier?




e

[.oss function
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Training

L(J/w()_é)aD) >>0

w = argming L(yi;(x), D)




So far...

1. Training dataset: D
2. Classification function (a line in 2D) : ¥(¥)=wx, +w,x, +w,
3. Loss function: L(y,(X),D)

<P

4. Training : find (w,, w,,w,) that minimizeL(y_ (%), D)
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Perceptron

(2D and 2 classes)

C
/,,
’

Vi (X) =wy + wx, + w,x,

—»T—»
- W X

- "




Perceptron

(2D and 2 classes)

Activation function

y_(¥)= Sign(vT/T)_é)

v




Perceptron

(2D and 2 classes) y.(x)>0

4
/,,
’

Neuron
Dot product + activation function

*(X')Isign(WTi)E{—l,+l} ,,,,,,, * I* * V() <C
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So far...

1. Training dataset: D
2. Classification function (a line in 2D) : ¥(¥)=wx, +w,x, +w,
3. Loss function: L(y,(X),D)




So far...

1. Training dataset: D
2. Classification function (a line in 2D) :
3. Loss function: L(y,(X),D)

<P

4. Training : find (w,,w,,w,) that minimize L(y,(¥),D)




e

[Linear classifiers have limits

~




ﬁon-linearly separable training data

120 ~
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*%e , @ o %00 3 ¢
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® e 00. @ -
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.
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Linear classifier = large error rate

~




ﬁon-linearly separable training data

Three classical solutions ¥

&

1. Acquire more observations
2. Use a non-linear classifier

3. Transform the data

~




ﬁon-linearly separable training data

Three classical solutions ¥

&

1. More observations
2. Use a non-linear classifier

3. Transform the data

~




e

Acquire more data

D D
( temp, freq) diagnostic ( temp, freq, headache) Diagnostic
Patient 1 (37.5,7 ealthy Patient 1 (37.5,72,2) healthy
Patient 2 (39.1, 1 sick Patient 2 (39.1, 103, 8) sick
Patient 3 (38.3, 100 sick Patient 3 (38.3, 100, 6) sick
(... (...)
Patient N (36.7, 88) healthy Patient N (36.7, 88, 0) healthy
X t X t
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Non-linearly separable training data

= [ 10
oo o e
P _% (] ° |
%‘ _. .b .. 8
¢ ®9 L
b K
[}
] ° .‘ 1 4
% ﬁ g se” 5
- I
® !
40 - 0
36 35 130

(%)= wix, + wox, + wyx; +w,

(plane)




4 D> \ D=0

e W .
Perceptron e, 0
(2D and 2 classes) " o *
o ©© 7
o Xx *x
,,,,, * K Ya(X)<0
,,,,, * K
g >
X

J/w(x)zwlxl W)X, W,

(line)
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Perceptron

(3D and 2 classes)

Example 3D \

Vi ()C) = W, X, + WHX, + Wi X5 + Wy

(plane)
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Perceptron

(K-D and 2 classes)

V- (X)= WX, + WoX, + Wiy + ..+ WX, + W,

(hyperplane)

- ©




Perceptron

(K-D and 2 classes)

—>yw(5é) = Sign(vT/T)_c') e {— 1,+1}

Dot product!!

(hyperplane)
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So far...

1. Training dataset: D
2. Linear classification function:
3. Loss function: L(yy(x),D)

4. Training : find w that minimizes L(y,(X), D)




How do we train
a Perceptron?




4 Remember the loss function? A




91




/Perceptron

Question: how to find the best solution? VL (y w(

—

X

0

).D)

Random initialization

[wl,w2]=np.random.randn (2)







/Gradient descent A

Question: how to find the best solution? VL (yw ()_é ), D) =0
ye Lany Lo nVL(yW ( ) D)

| > (Gradient of the loss function
Learning rate
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Optimization

\_if[kﬂ] _ \_i/[k] _77[/6]

VL
I—) Gradient of the loss function

> learning rate

Stochastic gradient descent (SGD)

Init W

k=0

DO k=k+1
FORn=1to N

w=w-n"VL(%,)

UNTIL every data is well classified or k== MAX ITER




/Perceptron Criterion (loss) h

Observation a

A wrongly classified sample is when

w'x >0and?, =-1

or

w'x <0Oand?, =+1.

Consequently — VVTSCH t 1s ALWAYS positive for wrongly classified samples

- *




/Perceptron ogradient descent

L(y, (%), D)=> -w'xt,

x,eV

VL(y;(¥).D)= > %,

x, eV

Stochastic gradient descent (SGD)

Init W
k=0
DO k=k+1
FORn=1to N
IF w'X ¢ <0 THEN /* wrongly classified */

W=+t X

UNTIL every data is well classified OR k=k MAX

NOTE : learning ratern :

* Too low => slow convergence

* Too large => might not converge (even diverge)
K « Can decrease at each iteration (e.g. 7" =cst/k)
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So far...

1. Training dataset: D
2. Linear classification function'
3. Loss function: L(y, (% Z WXL,




" Multiclass Perceptron

(2D and 3 classes)

argmax y,, (%)

_ o= _
J/w,o(yc) =Wy X =Wy o+ Wy 1 X T WX,

_ Tz
J/w,l(f) =W X =W, o T W X T W X,

_ o0l = _
J/w,z(yc) =W, X =W, + W, X| +W,,X,

100 /




" Multiclass Perceptron yia(3) i ma

(2D and 3 classes) \ o

O
o \© e} ®
Y 1 (%) is max /
- > . ® @
O Yw,2 (x) 1S max

/N

argmax y,, (%)

Vi (X) = Wio Wi W | X




" Multiclass Perceptron :

(2D and 3 classes) o

Example * (1.1, -2.0)

_2 _36 05 1 —69 Class 0
y,(X)=|—-4 24 41 [1.1]| =[-9.6| cusI
—6 4 —49 —2 82 Class 2

N =




" Multiclass Perceptron

Loss function

Sum over all wrongly
classified samples

J

Score of the wrong class

VL(y;(%).D)

I
2]
i

Score of the true class

103 /
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ulticlass Perceptron

Stochastic gradient descent (SGD)

init W
k=0, 1=0
DO k=k+1
FORn=1toN
j=argmaxW'X,
IF j#t, THEN /* wrongly classified sample */

W, =W, —1X,

UNTIL every data is well classified or k > K MAX.

104 /
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So far...

1. Training dataset: D
2. Linear classification function
3. Loss function: L(y, (% Z WXL,

4. Training : find w that minimizes L(y_(¥), D)

VL(y;(¥). D)=0




4 0
So far...

1. Training dataset: D
2. Linear classification function:

3. Loss function: 1(y, (3),D)= Z(“f?c,,, —iW'%,)

4. Training : find w that minimizes L(y_(x¥),D)

VL(y;(¥). D)=0




/Perceptron

Advantages:
* Very simple
* Does NOT assume the data follows a Gaussian distribution.
* [f data 1s linearly separable, convergence is guaranteed.

Limitations:
* Zero gradient for many solutions => several “perfect solutions”
* Data must be linearly separable

Many “optimal” Will never converge
solutions
A o ©
o o
o oK
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2. New network architecture

Two famous ways of improving the Perceptron

1. New activation function + new Loss

\-' Logistic regression

\\" Multilayer Perceptron / CNN

108 /




Logistic regression

109 /




4 Logistic regression h

(2D, 2 classes)

New activation function: sigmoid

W x— O —> y.(¥)e[0,]] -

Sigmoid activation function 6 -4 -2 o0 ) 4 6

N "




4 Logistic regression h

(2D, 2 classes)

New activation function: sigmoid

—T —1

w Xi\0O —> yw(-;é) < [Oal] 14

111 /




8 Logistic regression h
(2D, 2 classes)

New activation function: sigmoid

_(x)—>1
5O oK ®=05
X, 4 o © W\ .-
° >
. o © 7 *
: . o ®© “
{o—> 7, (¥) e[0,] o ;’«(’* *
‘ * I* s Vs(¥) =0
>
X

Neuron




8 Logistic regression h
(2D, 2 classes)

Example

X =(0.4,-1.0),w=[2.0,-3.6,0.5]

W% =2-3.6%0.4-0.5=-1.94

1

WE Tl ()=0(-194)=
' l+e

=0.125

194

Since 0.125 is lower than 0.5, x is behind the plane.

N i




8 Logistic regression

(K-D, 2 classes)

Like the Perceptron, the logistic regression accomodates for K-D vectors

H

=

=)

o — y_ (%)= oW X)

.




What 1s the loss function?




~

With a sigmoid, we can simulate a conditional probability
of ¢1 GIVEN X

116 /




~

With a sigmoid, we can simulate a conditional probability
of ¢1 GIVEN X

117 /




4 N

Cost function 1s —In of the prediction

N

L(YVT/O_C)): D) — Z th ln(yv?(fn)) T (1 - tn) ln(l — yW(fn))

n=1
\> 2 Class Cross entropy

We can also show that

N
Vol 0D, D) = ) (i) = ta) T
n=1

\} As opposed to the Perceptron
the gradient does not depend

on the wrongly classified samples

\_ /




/Optimization of a logistic network h

Stochastic gradient descent

Init

k=0, 1=0

DO k=k+1
FORn=1to N

N

VL = Z(yfv(‘;én)_tn )i;n
n=l

w=w—-nVL

UNTIL K==K MAX.

N "




/Logistic Network A

Advantages:

* More stable than the Perceptron
* More effective when the data is non separable

Perceptron

Logistic net




/And for K>2 classes?

New activation function : Softmax

N "




/And for K>2 classes?

New activation function : Softmax

>V, (%) :>P(Co |Wa)_é)

— V5 (X) = P(Cl |W>;C)

— V;, (X) = P(c, |W,X)

Softmax Vi (¥) =




e

.

A

nd for K>2 classes?

airplane

automobile

bird

cat

deer ‘; * S T K

dog lm.&ﬂﬂﬂa‘l

rog IIIIIDII

orse il N N I Y [ B S S T

ship Egﬁ‘ﬁgl.ﬂ

wek o R e 10 S o 1 R
Cifarl0

'airplane’

'horse'

'truck’

= t =[1000000000]
‘automobile' = t =[0100000000]
0010000000]
0001000000]
0000100000]
0000010000
0000001000]
0000000100]

=>t=
=>t=
=>t=
=>t=
=>t=
=>t=

=>t=

= t =[0000000001]

Class labels : one-hot vectors

~

OOOOOOOOIO_

/




/K>2 classes

Cross entropy Loss

L0y, (3).D)=->" 1, Iny, (5,)

n=l k=1




e
22
—44
| 56 |

=
I

o~
I

w

Score Cross entropy

(0.0 001 =005 01005 —15|| rees1| 006l oo
02 07 02 005 0.16] 22 086 1236 1™ 0eall
103 00 045 02 003 44| 028 |132] [035]| 0452

—ln(0.35)

W |56 (Softmax)

=
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.

Intuition behind the cross-entropy

~

Softmax output Groundtruth
(one-hot)

We can prove that the CrossEntropy 1s a measure of distance between these 2 distributions

/




4 N

Intuition behind the cross-entropy

Softmax output Groundtruth
(one-hot)
1 1 -
Ve, (%)
0.55 I
o C1 Cy C3 Cy o C1 Cy C3 Cy
CE = —1In(y,, ) (%)

= —In(0.55)
= 0.6




4 N

Intuition behind the cross-entropy

Softmax output Groundtruth
(one-hot)
1 Ve, (X) 1
0.93 I
o C1 Cy C3 Cy o C1 Cy C3 Cy

CE = —1In(y,, ) (%)
— —1n(0.94)
= 0.07




4 N

Intuition behind the cross-entropy

Softmax output Groundtruth
(one-hot)
1 1 -
Ve, (%)
0.05
o C1 Cy C3 Cy o C1 Cy C3 Cy
CE = —ln(yCZ) (xX)

= —In(0.05)
= 3.1




Wow! Loooots of information!

Lets recap...

130 /




N

eural networks

2 classes

Perceptron

Logistic regression

131 /




-

K

-Class Neural networks

argmax y, (Tc)

> 5, (Y) = ¢, | %)

norm

> 75 () = Plq | %)

- V5, (X) = Pc, | %)

Softmax activation

Perceptron

Logistic regression

/




4 N

Optimization

Stochastic gradient descent

Init
k=0, 1=0
DO k=k+1
FORn=1toN
w=w—nVL

UNTIL K==K MAX.

N >




/Cross entropy vs Hinge loss h

Different loss = different network output

* Perceptron loss : output = vector

* Cross entropy: output = softmax

norm
=
X
—~~
=
~




[Linear models

(neural networks)

Regression

yw) =wix =t

S
Dot product

135 /




e

Problem to solve

Real data are noisy

Here the goal i1s to make small mistakes.




Problem to solve

N
W = arg mwin Z (Vi (xn) — t5)?
n=1




e

\
Solution, same as for classification
| J’ﬁ-o(x)
>‘VT/T5€—> L=zl\_l:(yw(xn)—tn)2
x Yy "
138 /




Example with 2 variables

Works with more than 1 variable

Vi (X) = wy + wixg + wyx,

e T T L gy

Ll lrgmgtomgoms

%
s A A

] """"'.’.'

-
Fl L T T A M L T L T T T T

///// ool 7 72 7 7 7Y 7

//////

aLUo{)U\

139
%dit : sphweb.bumc.bu.edu/otlt/MPH-Modules/BS/R/R5_Correlation-Regression/R5_Correlation-Regression4.html /
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~

Works with more than 1 variable

Example with 2 variables

140 /




e

Same optimization algorithm than for classification

~

Stochastic gradient descent

Init
k=0, i=0
DO k=k+1
FORn=1toN
VL = 2(yw(xn) — tn)w
w=w—nVL

UNTIL K==K MAX.

141 /




Now, lets go
DEEPER




ﬁon-linearly separable training data

Classification (2 classes)

v non-linear
4 O
o oo
Og O Oopg P _ o
O DD DDDD
Og O
I:II:I DDD
o O -
Opn Oo g
OO O
O 0 ':'Eld:llg':'
DDDDEI OYng
O
BEEg g
= X

Linear classifier = large error rate

\_

~

http://www.statistics4u.com/fundstat_eng/cc classif calib.html



ﬁon-linear training data

Percent %

110%
;}_a ] = - .,Vﬁ(xi) % ri
=
ai 100%
o=
S
Q
o
S 80%
S i
&
>
= 60%
D
Ly
&
0 40%

) Training data
20% « Test data
0 50 100 150 200 250 300 350
Day

Linear regression = large error

\_ "




ﬁon-linearly separable training data

Three classical solutions ¥

&

1. Acquire more data
2. Use a non-linear classifier

3. Transform the data

~




ﬁon-linearly separable training data

Three classical solutions ¥

&

1. Acquire more data
2. Use a non-linear classifier

3. Transform the data

~




[Linear models

(neural networks)

(@) =Wz = > 0 ifin front
Yw < 0 otherwise

S
Dot product

N "




e

2D, 2Classes, Linear logistic regression

Input layer Output layer
(3 “neurons™) (1 neuron with sigmoid)

N °




Let’s add 3 neurons

T
k First layer
Input layer

(3 neurons)
(3 “neurons™)




Q
2
=y
=
il
m
=

Q
2
=)
N
Rl
m
=

(T __1_\

3
ol W, W, W, l|X||leR




NOTE: The output of the first layer is a vector of 3 real values

o (W)




/2-D, 2-Class, 1 hidden layer h

If we want a 2-class Classification via a logistic regression (a cross entropy loss)
we must add an output neuron.

= v—‘}[l]TO_(W[O])?)E o—> yW ()_é) — G(_'[l]TG(W[O]X:))E R

Output layer
(1 neuron)

Input layer hidden layer
w « neurons ») (3 neurons) /




/Z—D, 2-Class, 1 hidden layer




/2-D, 2-Class, 1 hidden layer

Input Hidden  Output
layer layer layer

W

1 W[O] —[1]
O
% > 3y (7)= ol ol z)
X, o

1
bias neuron.

This network contains a total of 13 parameters

3x3 1x4

\ J \ J
/ |

Input layer Hidden layer
K Hidden layer Output layer




)

\_

-D, 2-Class,

1 hidden layer

Input Hidden  Output

layer layer layer
O

: o

DRI 1, (5)= ol ol
O

q

Increasing the number of neurons = increasing the capacity of the model

This network has 5x3+1x6=21 parameters

)

155 /
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/

No hidden neuron

Nb neurons VS Capacity

12 hidden neurons

Linear classification
Underfitting
(low capacity)

Non linear classification
Good result
(good capacity)

60 hidden neurons

Non linear classification

Over fitting
(too large capacity)

wttp ://cs.stanford.edu/people/karpathy/convnetjs/demo/classify2d.html

/
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\_

kD, 2Classes, 1 hidden layer

Input Hidden  Output
layer layer layer

‘—> Vi (55) = G(VT/[”TG(W[O]

Increasing the dimensionality of the data = more weights

This network has 5x(k+1)+1x6 parameters

—_

X

)

158 /




QD, 2Classes, 2 hidden layers

Input Hidden  Hidden  Output W [0] = R Sxk+1
layer Layer1 Layer2  layer

W[l] c R3><6

Wl e R
Xy
Xy
() )= ol o (o))
X1

Adding a hidden layer = Adding a matrix multiplication

K This network has 5x(k+1)+6x3 + 1x4 parameters 159 /




/kD, 2 Classes, 4 hidden layer network h

Input Hidden Hidden Hidden Hidden Output L0l o o<k
layer Layer1 Layer2 Layer3 Layer4  layer

il o R3¥6
il o p¥
Wil e RT3

w e R®

K This network has 5x(k+1)+6x3 + 4x4+7x5+1x8 parameters 16V /




/kD, 2 Classes, 4 hidden layer network h

Input Hidden Hidden Hidden Hidden Output W[O] c R
layer Layer1 Layer2 Layer3 Layer4  layer

il o R3¥6
il o p¥
Wil e RT3

w e R®

K NOTE : More hidden layers = deeper network = more capacity. /




Multilayer Perceptron

X, O
X O O
X3 O o)
E o
(o2 (o2
Xk
, O O
! 1
1
AN
\\(./ N\ ~ ~
; /(%) Yy (%)
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Example

Input data Output of the last layer Output of the network

. /




e

:<
Q Q9 Q9 Q9

Example ) 1

Vi (X)

S
:

,'” o
0.50 B = o
L A .
- ‘ - .%l 3
N

L [ ] e & o
000 W, > & *
8 ° > o
-0.25 -
e o
L

-0.50
“ ®
10 05 00 05 10 15 20

Input data Output of the last layer Qutput of the network

A classification neural network is a linear classifier with a bunch
of neurons that act as a basis function.

\_ /




\\"”f A K-Class neural network
‘\ has K output neurons.

|
y '
; \

k




/kD, 4 Classes, 4 hidden layer network

Input Hidden Hidden Hidden Hidden Output W[O] c R
layer Layer1 Layer2 Layer3 Layer4  layer

il o R3¥6
il o p¥
Wil e RT3
w4 o pixd




/kD, 4 Classes, 4 hidden layer network h

Input Hidden Hidden Hidden Hidden Output
layer Layer1 Layer2 Layer3 Layer4  layer

Perceptron
loss

=

)

yWﬁ(
yWJ(x)
YWQ(X)

yWﬁ(x)




/kD, 4 Classes, 4 hidden layer network

Input Hidden Hidden Hidden Hidden Output
layer Layer1 Layer2 Layer3 Layer4  layer

Cross
entropy

—>Vwo (x)
>V (55)

—>yW,2(5é)

>V 3 (3—5)

Softmax

\_ vy (%)= softmax(W[“]J(W%(Wma(W“]a(W[O]x)))))/




Also works with regression!!

169 /




e

\erce : stats.stackexchange.com/questions/305619/artificial-neural-networks-equivalent-to-linear-regression-with-polynomial-featu

MSE = 4.08e-01(+/- 4.25e-01)

e Mo d el
- True function
e Samples

MSE = 4.32e-02(+/- 7.08e-02)

Vi (X) = wy +wx

w— Model
e True function
e Samples

Multilayer perceptron

170
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Over- and under-fitting




(

‘“\v

»7

Increase the number

of neurons
Increase the

capacity of the network

Increase the number l

of layers

\_ /

image by www.slon.pics - Freepik.com




/2)
DANGER

Increasing the capacity of the network
can lead to over-fitting




4 Overfitting Underfitting
(Classification) Classification

Training accuracy = 99.6%

Training accuracy =52.2%

\ Testing accuracy = 78% Testing accuracy = 51.2%




Could be better... Wonderful !!!

Training accuracy =82% Training accuracy =97.8%

Testing accuracy = 80% Testing accuracy = 96.2%




Regression

Polynom degree : 1
nb target = 19
nb moving =1

14

Under fitting

30 40 50 60 70 80

Polynom degree : 10
nb target = 19
nb moving = 1

6

44

5]

0l—r
20

14 4

12 4

10 1

g |

6

a4

5

01—
20

Polynom degree : 2
nb target = 19
nb moving = 1

Best fit

Polynom degree : 4
nb target = 19
nb moving = 1

14 14

12 124

10 s

8 8

6 64

4 44

7 5]

01— : : : : : ; 0L : : ; ; ; :

20 0 40 50 60 70 80 20 30 40 50 60 70 80
Polynom degree : 15 Polynom degree : 20
nb targ_et =19 nb target = 19
nb moving = 1 nb moving = 1

14 14 1
12 174
10 i

84 ad

6 .

44 44

2 -

01—r : ; ; ‘ ‘ : : : ;

20 30 40 50 60 40 50 60 70 80

176
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Overfitting

7

177 /




The more data, the better a high capacity model generalizes

10 data




e

~

How do we prevent our model from under- and overfitting?

179 /




4 N

Regularization

Parameter values 1y for different d without regularization

d=0 d=1 d=3 d=9
w, | 0.9 082 03I 0.35
w, 127 7.99 232.37
w, -25.43 -5321.83
ws 1737  48568.31
w, -231639.30
we 640042.26
we -1061800.52
w, 1042400.18
Wy -557682.99
W, 125201.43

N »




hyperparameter

/

argmin = L(y_(¥),D) + ZR(W)

/4

Loss function /

Regularization

R(W) = [[W]ly or [[W]l

181 /




4 N

Strong regularization= less capacity

1 1 0—0 ﬂ =1
O, %
t t /
o/
fe) o] ©
Of 0 MR e §
\.I\ //{
\ ° ¢
\\Q //“(,
1l il -

N =




In short we have seen

Supervised vs unsupervised learning
« Regression vs Classification

 Tinear vs non-linear models

* Perceptron, MLP

* Loss function and gradient descent.

e Over vs Underfitting

e (Cross-validation)

« (Metrics)

183 /




