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Supervised vs. Unsupervised Learning

Supervised learning (classification)

Supervision: The training data (observations, measurements, etc.)
are accompanied by labels indicating the class of the observations

New data is classified based on the training set
Unsupervised learning (clustering)
The class labels of training data is unknown

Given a set of measurements, observations, etc. with the aim of
establishing the existence of classes or clusters in the data



Classification and Prediction

What is classification? What is regression?

Issues regarding classification and
prediction

Classification by decision tree induction



Classification vs. Prediction

Classification:
predicts categorical class labels

classifies data (constructs a model) based on the training set and the
values (class labels) in a classifying attribute and uses it in classifying
new data

Regression:

models continuous-valued functions, i.e., predicts unknown or missing
values

Typical Applications

= credit approval

= target marketing

= medical diagnosis

= treatment effectiveness analysis



Why Classification? A motivating

application

Credit approval

A bank wants to classify its customers based on whether they are
expected to pay back their approved loans
The history of past customers is used to train the classifier

The classifier provides rules, which identify potentially reliable future
customers

Classification rule:
If age = "31...40" and income = high then credit_rating = excellent
Future customers

Paul: age =35, income = high = excellent credit rating
John: age = 20, income = medium = fair credit rating



Classification—A Two-Step Process

Model construction: describing a set of predetermined classes
Each tuple/sample is assumed to belong to a predefined class, as determined
by the class label attribute
The set of tuples used for model construction: training set

The model is represented as classification rules, decision trees, or
mathematical formulae

Model usage: for classifying future or unknown objects
Estimate accuracy of the model

The known label of test samples is compared with the classified result
from the model

Accuracy rate is the percentage of test set samples that are correctly
classified by the model

Test set is independent of training set, otherwise over-fitting will occur



Classification Process (1):

/\/\

Training
Data

Classification
Algorithms

: |
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]

Classifier
(Model)

/N

NAME | RANK YEARS|TENURED
Mike |Assistant Prof 3 no
Mary |Assistant Prof I yes
Bill Professor 2 yes
Jim Associate Prof I yes
Dave |Assistant Prof 6 no
Anne |Associate Prof 3 no

IF rank = ‘professor’
OR years > 6
THEN tenured ="yes’

8




Classification Process (2): Use

the Model in Prediction

Accuracy=? >

>

Testing
Data

o

~_

Classifier

N

/\_/\

NAME |RANK YEARS TENURED
Tom |Assistant Prof

Mellisa |[Associate Prof 7 no
George|Professor ) yes
Joseph |Assistant Prof 4 yes

=

(Jeff, Professor, 4)

Tenured? l



Classification by Decision Tree

Decision tree
A flow-chart-like tree structure
Internal node denotes a test on an attribute
Branch represents an outcome of the test

Leaf nodes represent class labels or class distribution
Decision tree generation consists of two phases

Tree construction

At start, all the training examples are at the root

Partition examples recursively based on selected attributes
Tree pruning

Identify and remove branches that reflect noise or outliers
Use of decision tree: Classifying an unknown sample

Test the attribute values of the sample against the decision tree
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Training Dataset

age | income |student| credit_rating | buys_computer
<=30 |high no |fair no
<=30 |high no |excellent no
31...40 |high no |fair yes
>40 medium no |fair yes
>40 low yes |fair yes
>40 low yes |excellent no
31...40 |low yes |excellent yes
<=30 |medium no |fair no
<=30 |low yes |fair yes
>40 medium | yes |fair yes
<=30 |medium | yes |excellent yes
31...40 |medium no |excellent yes
31...40 |high yes |fair yes
>40 medium no |excellent no
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Output: A Decision Tree for “buys computer™

age?
<=30 30..40 >40
/ AN
student? yes credit rating?
RN /N
no yes excellent fair

no yes no yes
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Linear Regression

Gradient Descent

Linear regression
technique

Basic but
powerful machine
learning
algorithm

Fitting a straight

line throughaset x — model |
of points

Y Actual Qutput

]
Y Predicted Output

https://towardsdatascience.com/understanding-the-mathematics-behind-
gradient-descent-ddesdcgbeobe
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Error /| Cost Function

Cost Function/Loss Error = Y'(Predicted) - Y(Actual)

Function evaluates the

performance of Machine IL 1
Learning Algorithm. I fll

Loss function computes - » e

the error for a single o} l

training example :

Cost function is the
average of the loss

N

functions for all the B 1 ; )

training examples Cost = EZ[F —Y)
i=1




Minimizing Error Function

Parameters with small changes:

m=m —dm

b=>b—édb
away from Y
minimum \ 4 ¥ = Xa2
Given Cost Function for 'N' no of samples \,(
1 N . tcll\-.fards
Cost = _N Z{Y; =Y i
=l
X
-5 -4 -2 \ 2 g 6 ’
Minima
Cost function is denoted by J where J is a function of mand b _2
Hrh — Z[}H sz -4

Substituting the term Y'-Y with error for simplicity

I N
Jop = _"‘J Z (E Jnﬂfm“]2
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Derivatives Y=mx+c

df
N — = 2. Error.— Error
| _ 3 dm dm
Jnp = — Z{Ermr,-]
b= T 2.k E
o — =  BTYOY,.— orrar
db ab
ad d
a a — Error = —(Y' —
—Error= —(Y' —Y) db db ( )
dm gdm
a a d E J (mX4+b-—Y)
_ — Error = — (1 —
—Ermror= — (mX+ b —Y) db db "4 4
dm dm A +
4 || [
| | [ [ ] ,
| | | | | |
' constants
constants
d 9 E 1
— Error =
—Error= X db

dm



aJ

— = 2. Error.— Error
- dm dm
Iterations EENEEGEGEGI_—
db '
d]
— = Z.Error = X * Learning Rate
dm
s t — = Z.Error # Learning Rate
b
Determines the Determines
direction to how large a
minimize the step to take
Error
— = Error = X = Learning Rate — = Error = Learning Rate
dm db
Sincem =m — dm Sinceb=5b— &b

m'=m°— Error = X * Learning Rate b'=b"— Error * Learning Rate |
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Neural Network

Here x1 and x2 are normalized attribute value of data.
y is the output of the neuron, i.e the class label.

x1 and x2 values multiplied by weight values wia and w2 are input to the neuron

X.
Value of x1 is multiplied by a weight wa and values of x2 is multiplied by a
weight w2.
Given that
x1 Wi
w1 =o0.5and w2 =0.5 y
Say value of xa is 0.3 and value of x2 is 0.8,
X Hig
SO, Welghted sum iS - Fig1: am artificial neuron

SUM= W1 X X1 + W2 X X2 = 0.5X 0.3 + 0.5 X 0.8 = 0.55



One Neuron as a Network

The neuron receives the weighted sum as input and calculates the
output as a function of input as follows :

For our example, x (weighted sum)iso.55, soy=1,



Neuron with Activation

The neuron is the basic information processing unit of a NN. It
consists of:

1 A set of links, describing the neuron inputs, with weights W/,
W, .., W

m

2. An adder function (linear combiner) for computing the
weighted sum of the inputs (real numbers):

m
u= > WijXj
S

3 Activation function:  for limiting the amplitude of the

neuron output. y:¢(u+b)



Why We Need Multi Layer ?

Linear Separable:

Q
0,
®

XVYy XNY
Linear inseparable: } O
XYY [ e

Solution? A
O T




A Multilayer Feed-Forward Neural Network

Output Class

I
Output no

0.

J

Hidden nodes ‘ ‘

\

Input Record: |x;

/A Wi -weights

| Network is fully connected

Input nodes




Neural Network Learning

The inputs are fed simultaneously into the input
layer.

The weighted outputs of these units are fed
into hidden layer.

The weighted outputs of the last hidden layer are
inputs to units making up the output layer.




A Multilayer Feed Forward Network

The units in the hidden layers and output layer are
sometimes referred to as neurodes, due to their symbolic
biological basis, or as output units.

A network containing two hidden layers is called a three-
layer neural network, and so on.

The network is feed-forward in that none of the weights
cycles back to an input unit or to an output unit of a
previous layer.



Classification by Back propagation

Back Propagation learns by iteratively processing a
set of training data (samples).

For each sample, weights are modified to
minimize the error between network’s
classification and actual classification.




Backpropagation Example

b1

b2

netp; = Wy *x 1] + Wy %19 + by 1
netpy; = 0.15%0.054+02%0.1+0.35%x1=0.3775

We then squash it using the logistic function to get the output of /i;:

outy; = L - : — (.593269992

14e "cthl [+e—0.3775

Carrying out the same process for /i, we get:

outps = 0.596884378

https://mattmazur.com/2015/03/17/a-step-by-step-backpropagation-example/
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Backpropagation Example

i1t | [ { (1 |||.

11 U 4 & () RGN0 4 1) 45 & (] SUGSRASTS + (LG # | | 1580556 T
ner, LD 4 U340 # U obhandd) 1.0 LT T
Olityy = 7= e = 0. T5136507

And carrying out the same process for 02 we get;

1Ty ¥al
N3 T Ui _I!.:_'I'\".'h"

b1 b2

https://mattmazur.com/2015/03/17/a-step-by-step-backpropagation-example/
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Error Calculation

Eiotal = %(ta:rgezﬁ — output)?

For example, the target output for 01 is 0.01 but the neural network output 0.75136507, therefore its error Is:
Ey, = %(?‘u-r'_r}("?‘{_,[ —out,)? = %([).Ul —0.75136507)% = 0.274811083

Repeating this process for 02 (remembering that the target is 0.99) we get:

Eoy = 0.023560026

The total error for the neural network is the sum of these errors:

Eiotal = Eo1 + Eoy = 0.274811083 4 0.023560026 = 0.298371109
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Backward Pass

aEmmi. — aEhml * aout()l % a'??-'t7t{11
ows, dout,y — Onety Ows,

: I'JIn'.ll.'llll 1 s

E . = /o(target ;; - out, )?

Etta =Eo1 +*Eo2

b2 | =

Eiotal = 3(targety — outo)? + (target,y — outyy)?

9htotal — 9 4 L(target, — outyy)? 1 % —1 40

dout,y

o

9Btotal — _(target,; — outyy) = —(0.01 — 0.75136507) = 0.74136507

dout,y
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Backward Pass

1

| 4 — e tol

out, =

doutel _ ot (1 — outy) = 0.75136507(1 — 0.75136507) = 0.186815602

dnetaq

Finally, how much does the total net input of o] change with respect to W5?

net, = Ws * outyy + We * outps + by * 1

1-1)

J] '|'I,, ! |: 1 I . = (8 I} L 3
==el = 1 % outy * ws + 0+ 0 = outy; = 0.593269992
Putting it all together:
OFiotai __ OFiatar . Oout,y " dnetaq

dws  douts onet,;  Ows

9Biatal — () 74136507 * 0.186815602 * 0.593269992 = 0.082167041

dws

We = ws — N * OLtotal — () 4 — 0.5 % 0.082167041 = 0.35891648

Jws



Backward Pass — Hidden Layer

o}



Demonstration

Approximation using Multi-Layer Meural Metwork =l @

Diata Function Settings

¥ | Y | " Learning rate: 0.1
1 0 . - >

5 2 Momentum: I

1 7 ST T

E ; Sigmoid's alpha value: |2

5 10 Meurons in first layer: |20

& 5

I? i

g 4

3 0 lterations: 1000

Current iteration

lteration:

Error:

Run |
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Validation

Cross Validation (10-fold)
Randomly divide training data set in 10 segments
Train with g and test on remaining 1
Repeat the procedure 10 times

Training sample should be balanced
Nearly equal number of all possible classes

Leave-1-out Validation: same as above, we
take one sample as test set and train with the

rest
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Case Study - Classification for
Target Prediction




Analysing Trajectory




Classifier Result

Comparing F1 scores for different Classifiers
0.9 -
T L T
0.85
T T
T
0.8 I o :
® @ Discriminant Analysis
[}
§ m Support Vector Machine
”n O Naive Bayes
L 0.75 O Neural Network
0.7 —
0.65
EyeGaze HeadTracking HandTracking

Engineering Design Centre



Neural Network

»
»

Velocity

Phase of
Movement

Bearing \
Angle ’

Back Propagation Neural Network
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Algorithm — Neural Network

For every change in position of pointer in screen
Calculate angle of movement
Calculate velocity of movement

Calculate acceleration of movement
Run Neural Network with Angle, Velocity and
Acceleration

Check output

If output predicts homing phase

Find direction of movement

Find nearest target from current location
towards direction of movement




Evaluation Criteria

Availability: In how many pointing tasks the
algorithm makes a successful prediction.

Accuracy: Percentage of correct prediction
among all predictions

Sensitivity: How quickly an algorithm can
detect intended target



Target Prediction Avail
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Case Study 2 — Gaze Controlled
HUD / HMD




Challenge for ML

Existing eye trackers are

developed for desktop

computing environment where
Tracker is attached below display
Display is a flat screen

We used eye tracker to track eyes

on windshield

Display was away from eye

tracker

Display surface was not flat like a

computer screen




Exploration

Compared ML systems to convert
eye gaze coordinates to screen
coordinates on windshield

Set up Linear Regression and
Backpropagation Neural Network
Models for

Predicting x-coordinate in screen from
x coordinate recorded by gaze tracker
Predicting x-coordinate in screen from
x and y coordinates recorded by gaze
tracker
Predicting y-coordinate in screen from
y coordinate recorded by gaze tracker
Predicting y-coordinate in screen from
x and y coordinates recorded by gaze
tracker
Compared R? and RMS error
Neural Network model worked

better than Linear Regression

. —1]
L= =]
]

Souiared Waloe
—
r=_
=

FES Errar p=els)
i

;-
=}

il'-.fH"
:l"rr_.-',-:-
¥y '-__,-'

Wil '-"E"I:'ptll'.-'i Veude T KM
i Madels

N
%
i

L
Varlables  Tr¥&Y O (n

R? and RMS error for screen mounted tracker



Implementation

o= 4
Eye Tracker

Transform raw gaze
coordinates
geometrically for i )
inverted image | P . G
Run calibration program g .
to train neural net .
Filter predicted gaze e
coordinates e
Correct offset based on S
initial calibration oo | g <probable Target>
Activate target nearest <

to predicted gaze
location

_<x, Y

..\(\ = .-_-- _
ok .
Press Switch > <Target>
:




User Study

Set up HUD in a Toyota
Etios Car

Collected data from g users
Undertook standard
pointing and selection task
following ISO 9241 standard
Collected 81 pointing tasks




Results

Median pointing and
selection time 2.1 secs

Average selection time
was 1.8 secs and
standard deviation was
1.1 Secs

16.00

14.00

12.00

10.00

©

00

6.00

£4.00

2.00

0.00

Relative Histogram of Response Time

(o] (o] (o] O (] (¢] (O]
@) ,1,0 N/\xo (00 (bO 00 ,],O \)9 (OO "330

WOO \XOO (ooo %00 K
N b% Y Y 4z Vv Vv

Response Time



N G :
\LAcuvauon Function
AN for hidden layer
= 11+ exp(-x))

™

N X, ¥ screen
\-\__ coordinates
-.,_\_H\.- \\\
g < \
3 Normalized x, y k // '\\II
< coordinates ] Screen_X/Screen_Y
= \\ d
- 2 .
e J
- ./’
- /
/’I-’
L

Hidden Layer
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Comarison

R2 values for predicting x R? values for predicting y

— ‘ :

LinearR egression MM LinearRegresson MM

RMS error values for predicting x RMS error values for predicting y

e

LinearRegression NN LinearRegression NN
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Results

Response Times Response Times

15000 25000

16000 'E'
- w 20000
€ 14000 E
E 12000 ';’ 15000 “r T “'
Fl g
E 1o = 10000 T WETG
= 8000 g T -|— .|_ -
g S loystick
2 500 & som I
: NI

4000
: . I sl il al ]

2000

PL P2 P3 P4 PS5 P6 P7 P3PS
o .
ETG Joystick Participants
Flight Altitude Deviation Deviation from Designated Path
% 150
é 100 I
i loystick ETG i loystick ETG
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Cluster Analysis




What is Cluster Analysis?

Finding groups of objects such that the objects in a group will
be similar (or related) to one another and different from (or
unrelated to) the objects in other groups

Inter-cluster

Intra-cluster distances are

distances are maximized
minimized
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What is Cluster Analysis?

Cluster: a collection of data objects
Similar to one another within the same cluster
Dissimilar to the objects in other clusters
Cluster analysis
Grouping a set of data objects into clusters
Clustering is unsupervised classification: no predefined classes
Clustering is used:
As a stand-alone tool to get insight into data distribution

Visualization of clusters may unveil important information
As a preprocessing step for other algorithms
Efficient indexing or compression often relies on clustering
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Applications of Clustering

Pattern Recognition

Image Processing
cluster images based on their visual content

Bio-informatics

WWW and IR

document classification
cluster Weblog data to discover groups of similar access patterns
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Similarity and Dissimilarity Between Objects

Distance metrics are normally used to measure the similarity

or dissimilarity between two data objects

The most popular conform to Minkowski distance:

1/p
|p+...+|x. —X . |p

CoN . P
LN lxg =5, 17 41y Pl

where i=(x, )andj (x x..) are two n-dimensional data

objects, and p is a positive integer

izr Xiar +++1 Xin Jll le' " Jn

If p=1, L, is the Manhattan (or city block) distance:
Ll(l, ]):|xl.l —le |+|xl.2 _sz |+.. .+|xl.n —X. |

Jn
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Similarity and Dissimilarity Between
Objects

If p=2,L,isthe Euclidean distance:
)= O = Pt = Pk, = )

Properties
d(i,j)> o
d(iij)=o0
d(i,j) = d(j,i)
d(i,j) < d(i, k) + d(k,j)
Also one can use weighted distance:

d(,j)= \/(w X. —x \ +w2]xlz—xj \ +..+w ]xl —xj ])
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Major Clustering Approaches

Partitioning algorithms: Construct random partitions and then

iteratively refine them by some criterion

Hierarchical algorithms: Create a hierarchical decomposition of the set

of data (or objects) using some criterion

Density-based: based on connectivity and density functions

Grid-based: based on a multiple-level granularity structure

Model-based: A model is hypothesized for each of the clusters and the
idea is to find the best fit of that model to each other
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Partitioning Algorithms: Basic Concept

Partitioning method: Construct a partition of a database D of n
objects into a set of k clusters

k-means (MacQueen’67): Each cluster is represented by the center of the
cluster

k-medoids or PAM (Partition around medoids) (Kaufman &
Rousseeuw’87): Each cluster is represented by one of the objects in the
cluster
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K-means Clustering

Partitional clustering approach

Each cluster is associated with a centroid (center point)
Each point is assigned to the cluster with the closest
centroid

Number of clusters, K, must be specified

The basic algorithm is very simple

: Select K points as the initial centroids.

: repeat

1
2
3:  Form K clusters by assigning all points to the closest centroid.
4:  Recompute the centroid of each cluster.

5

: until The centroids don’t change
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Limitations of K-means

K-means has problems when clusters are of
differing

Sizes

Densities

Non-spherical shapes

K-means has problems when the data
contains outliers. Why?



The K-Medoids Clustering Method

Find representative objects, called medoids, in clusters
PAM (Partitioning Around Medoids, 1987)

starts from an initial set of medoids and iteratively replaces one of the
medoids by one of the non-medoids if it improves the total distance of
the resulting clustering

PAM works effectively for small data sets, but does not scale well for
large data sets

CLARA (Kaufmann & Rousseeuw, 1990)
CLARANS (Ng & Han, 1994): Randomized sampling
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Hierarchical Clustering

Use distance matrix as clustering criteria. This method does
not require the number of clusters k as an input, but needs a
termination condition

Step Step Step Step Step

. 1 A 3 ) ?gglomeratlve

(AGNES)

divisive
Step  Step  Step Step Step (DIANA)
4 3 2 1 0 63




A Dendrogram Shows How the
Clusters are Merged Hierarchically

Decompose data objects into a d
several levels of nested 0]
partitioning (tree of clusters), I?O Oe
called a dendrogram. 3 ®

C

A clustering of the data objects
is obtained by cutting the level 4
dendrogram at the desired level,
then each connected component
forms a cluster.

level 3

E.g., level 1 gives 4 clusters: level 2

{a,b},{c},{d},{e},

level 2 gives 3 clusters:

fa, b}, {c}, {d, e} level
level 3 gives 2 clusters:

fa,b},{c,d,e}, etc.




Soft Clustering

What happens when we can not specify the
optimum number of clusters beforehand

Can we find the optimum number of clusters?

Two methods can return overlapping clusters
Fuzzy c-means
EM Clustering algorithm
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Fuzzy c-means

Place a set of cluster centres

Assign a fuzzy membership to each data point
depending on distance

Compute the new centre of each class
Termination is based on an objective function

Returns cluster centres and membership values
of each data point to each cluster
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EM Algorithm

Assume data came from a set of Gaussian
Distribution

Assign data points to distributions and find
Expected probability

Update mean and std dev of distributions to
Maximize probabilities
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Expectation Maximization

_ TN (Xn|py; X

n."{znkj — I

1
Z TN (Xn |, 2
=1

1) E Step : Evaluate responsibilities

using the current parameters values L
H E( = 1\_1 ﬁ.f"{z nk }Xn
2) M Step : Re-estimate the e
. N
parameters using the current - 1 | o —
eq eqey e b Y == U= T 2n n— M n — K
responsibilities k Ny ”; (zuie) (X = ™) (3 = pic™)
new N,r\.
3) Evaluate the log likelihood ™ = N

i
Inp(X|u, X, m) = Z In {Z TN (Xn | g, E;;)}

=1



Measures of Cluster Validity

Numerical measures that are applied to judge various aspects
of cluster validity, are classified into the following three types.

External Index: Used to measure the extent to which cluster labels
match externally supplied class labels.

Entropy
Internal Index: Used to measure the goodness of a clustering structure
without respect to external information.

Sum of Squared Error (SSE)

Relative Index: Used to compare two different clusterings or clusters.
Often an external or internal index is used for this function, e.g., SSE or entropy

Sometimes these are referred to as criteria instead of indices

However, sometimes criterion is the general strategy and index is the numerical
measure that implements the criterion.
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XB Indexing

Cluster validity indexes are

used to evaluate the fitness of
partitions produced by -
clustering algorithms

Entropy values are also used to
evaluate the fitness of
partitions

XB indexing is one type of
validity function proposed by
Xie and Beni

Ratio between compactness
measure and separation
measure

S0Q-+ . e
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Summary

Classification and Clustering
Decision tree and neural network for classification
Linear Regression
Cross validation
Hierarchical & K-means clustering
Soft Clustering
Cluster Validation Index
Case studies on Ul
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