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The term machine learning
refers to the automated
detection of meaningful
patterns in data







When do we need Machine Learning?

*Tasks Performed by Humans: Learn from experience
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*Tasks beyond human capacities
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Data Mining
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Models
Sunny High Weak /
Sunny Hot High Strong No
Overcast Hot High Weak Yes
Rain Mild High Weak Yes
Rain Cool Normal Weak Yes
Rain Cool Normal Strong No
Overcast Cool Normal Strong  Yes
Sunny Mild High Weak No
Sunny Cool Normal Weak Yes
Rain Mild Normal Weak Yes
Sunny Mild Normal Strong  Yes
Overcast Mild High Strong  Yes
a Overcast Hot Normal Weak Yes

i

Rain Mild High Strong  No




Taxonomy

Learn a function mapping inputs to outputs using labeled training data (you get
instances/examples with both inputs and ground truth output)

Clasification

Supervised

Machine RegreSion
learning

Non

supervised D

Learn something about just data without any labels (harder!), for
example clustering instances that are “similar”



Inpu tdata
Input to the function(features/attributes of data)

Supervised
The function or model you choose

M L The optimization algorithm you use to explore space of
functions




Problem statement

Set of possible instances X

Set of possible labels Y
Unknown target function f: X — )
Set of function hypotheses H = {h | h: X — Y}

Input: Training examples of unknown target function f
n

{<wi7yi>}i:1 — {<w1?yl> ) <mna yn>}

Output: Hypothesis h € H that best approximates f




Which one is the
best solution?

* h* = argmaxg,em|[P(h|Data)]

* Select the simplest solution
(Ockham principle)
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Decision Trees

Mt Roin

Humidity

Outlook

Yes

Hiwrmal

No Yes

<
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Wind

Each internal node is a test on one
attribute
Each leaf node: Prediction

Stron% \\Neak

No

Yes




Do we play tennis ?

B The prediction is :
{Outlook:Sunny, Temperature: Hot, Humidity: High, Wind: Strong}

Outlook
Sunny. Overcast Rain
Humidity Yes Wind
High Normal Strong Weak

‘II' Yes No Yes

A




K-NN

B Maybe the simplest method
B instance based learning

Unknown record

-----

Require 3 inputs

1. Training set
2. Adistance
3.

k, the number of neighbors
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(a) 1-nearest neighbor
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(b) 2-nearest neighbor

(c) 3-nearest neighbor




Support Vector Machines

miglgllwllz, subjectto y;(wx; + b) = 1
w,
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Support Vector Machines
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Support Vector Machines

Accuracy: 75%
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Support Vector Machines

Original




Support Vector Machines

mln—IIWII2 + CXizq &
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Support Vector Machines

deh



Support Vector Machines

B Polynomial (degree d)
K(x,y) = (xy + 1)¢
B Radial (width o)
K(x,y) = e~ Ix-yII?/(20%
B Sigmoidal (parameters k and 0)
K(x,y) = tanh(kxy + 0)

deh



Polynomial kernel

ornwanawowo R RERRENEES

0123456 78 91011121314151617181920

degree 1
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0123456 78 91011121314151617181920

degree 6



Radial Kernel

ETUTRTIRPAppapppes -t =] b rrh 4 ot
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Radial g = 1e-5 Radial 0 = 0.1 Radial o0 =2

o low, linear SVM . ¢ high, overfitting



Neurons
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Artificial Neuron
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Neural
networks




Perceptron

e Linear treshold unit (LTU)

1|f2wx>0
o(x){

1 otherW|se



Perceptron

Learning
Rule

wW;=Ww,;+ AWi
Aw; =1 (t-0) X
n learning rate

e If the output is incorrect (t#0) the weights w,
are changed such that the output of the
perceptron for the new weights is closer to t.

e The algorithm converges to the correct
classification

e if the training data is linearly separable
e and n is sufficiently small

30



Decision Surface of a Perceptron

X2
A
+ -
i +
Linearly separable Non-Linearly separable

e Perceptron is able to represent some useful functions

e AND(x4,X,) choose weights wg=-1.5, wy=1, w,=1

e But functions that are not linearly separable (e.g. XOR)
are not representable



Multi layer netwoks

Output Values

Output Layer

Adjustable
Weights

Input Layer




NN for Machine Learning

1. Given training data:

{2137;, Y, 7];\;1

2. Choose:

— Decision function

Y = fe(a’/‘z)

— Loss function

f(@’ yz) < R

3. Define goal:
N
0 :argmgn;f(fe(%)ayi)
4. Train

0t = 0 _ 1. Ve(fo(xs), y,)



Multi layer networks

* Transforms neuron’s input into output.
* Features of activation functions:
e A squashing effect is required

* Prevents accelerating growth of activation levels through

the network.
e Simple and easy to calculate

-1

(a) Step function (b) Sign function

{c) Sigmoid function




Multi layer networks

The hard-limiting threshold function

— Corresponds to the biological paradigm
e either fires or not

Sigmoid functions ('S'-shaped curves) 1

—— () = T

— The hyperbolic tangent (symmetrical)

— The logistic function

Backpropagation

- Can theoretically perform “any” input-output mapping;
- Can learn to solve linearly inseparable problems.

Gradient descent

35



Backpropagation Algorithm

* Initialize each w; to some small random value

* Until the termination condition is met, Do
* For each training example <(xy,...x,),y> Do

* Input the instance (x;,...,x,) to the network and compute the network outputs o,
* For each output unit k

* 0,=0i(1-0y)(t,-0y)
For each hidden unit h
* 8y=0p(1-0,) 2 Wh i Ok

For each network weight w; Do
* w;=w;+Aw;; where

AW, =1 0; X ;



Neural Network Architectures

Even for a basic Neural Network, there are many design decisions to make:

1.

2.
3.
4

# of hidden layers (depth) .

# of units per hidden layer (width) g(x) = l—o—x
Type of activation function (nonlinearity)
How to update the weight

g(x) =x

g(x) = { 1ifwx>0
E(w) = %z Z(ykd — ¥'ka)? —1 otherwise
d k



Gradient descent
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Which surfaces can we learn?

Structure

Types of
Decision Regions

Exclusive-OR Classes with | Most General
Problem Meshed regions|Region Shapes

Single-Layer

AN

Half Plane
Bounded By

Hyperplane

Two-Layer

Convex Open

C{ Or
é@ Closed Regions
Three-Layer Arbitrary
(Complexity
Limited by No.

of Nodes)
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Expressive Capabilities of ANN

* With one hidden layer, it is possible to represent any
boolean function or any continuous function

* With two hidden layers, it is possible to represent non
continuous functions

* More complex problems... Deep learning

FEATURES + — 2 HIDDEN LAYERS OUTPUT

Which properties Test loss 0.527
(C want to Training loss 0.521
feed in? P A= il —







Overfitting!!!

* With sufficient nodes can classify any ‘
training set exactly O

* May have poor generalisation ability. ‘




Evaluation

* How do the models generalize??




Training/test

Single Dataset

1 data split

Tipically 80% for training. 20%
for testing

OK if we have enough dat

Otherwise, be careful with bias



Bootstrap

C000®
®0®0OOO

Ensemble classifier

Qriginal Data

Bootstrapping

Aggregating

Bagging



Cross
validation
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Meta

\/a“dation * What to do if h functions require any
parameter?

» We test several parameters and select the
best

* How?




Evaluation

Binary problem Multicategory problem
Predicted Class Predicted Class
A B A B C
1O | 8 1O %| %8
s % o e 2| 8O % ) ) T T
B — —
< %% O couracy TP + TN + FP + FN
P . ./ - P - TP
recision = P = TP & FP o
Cobertura = Recall =R = ——
Prediction TP+ FN
CP CN _Z*P*R_ 2*xTP

P+R 2+«TP+FP+FN

Cp | TP: True | FN: False
positive negative

Cy | FP: False | TN: True
positive negative

ynil




100%

True 80%
Positive
Rate 60%
Evaluation (sensitivity)

40%

20%

0% t t i } i
0% 20% 40% 60% 80% 100%

False Positive Rate (1 - specificity)







Automatic
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Example of Object Detection With Faster R-CNN on the MS COCO Dataset



lmage reconstruction



Style

transfer




Medical Diagnosis

* Treatment recomendation
* Recognition of cancerous cells

* |dentification of features
related to a disease
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