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cHAPTER 1
introduction to Machine Learning

[Learning Objectives
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At the end of this chapter, you will be able to:

« Give a brief overview of machine learning (ML)

o Describe the learning paradigms used in ML

o Explain the important steps in ML, including data acquisition, feature engineering, model
selection, model learning, model validation, model explanation, representation, and search and
explanation

1.1 EVOLUTION OF MACHINE LEARNING

Machine learning (ML) is the process of learning a model that can be used in prediction based
on data. Prediction involves assigning a data item to one of the classes or associating the data
item with a number. The former activity is classification while the latter is regression. ML is an
important and state-of-the-art topic. It gained prominence because of the improved processing
speed and storage space of computers and the availability of large data sets for experimentation.
Deep learning (DL) is an offshoot of ML. In fact, perceptron was the earliest popular ML tool
and it forms the basic building block of various DL architectures, including multi-layer perceptron
networks, convolutional neural networks (CNNs) and recurrent neural networks (RNNs).
I the early days of artificial intelligence (AI), it was opined that mathematical logic was the
Ideal vehicle for building AI systems. Some of the initial contributions in this area like the General
Problem Solver (GPS), Automatic Theorem Proving (ATP), rule-based systems and programming
languages like Prolog and Lisp (lambda calculus-based) were all outcomes of thlS.VleW. Various
Problem solving and game playing solutions also had this flavour. During the t.wentl.eth century, a
™ajority of prominent, AT researchers were of the view that logic is Al and A'I is logic. Most of the
ireasoning systems were developed based on this view. Further, thze1 role of artificial neural networks
1 80lving complex real- roblems was under-appreciated. ;
o owever, fhis \rr‘i?:jv stid cilAilIl)enged in the early twenty-first century .and the current view
S that A7 4 deep learning and deep learning is AI. The advent of efficient graphics process-
;Itlg Jits (GPUS), Platforniqs like TensorFlow and PyTorch along with the d.emonstzlra;te(li) sutczlcess
RS of convolutional neural networks, gated recurrent uniLs anc.l gei:;?;cilt;rgs ?frozssthzsglot?:
~fal networks have impacted every aspect of science and engineering .
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So, ML along with DL has become a state-of-the-ar

backbone of DL. . |
A high-level view of Al is shown in Fig. 1.1. The tasks related to conventional Af are liggy,

separately. Here, ML may be viewed as dealing with more than just pattern recognitiq,, (PR
' tasks. Classification and clustering are the typical tasks of a I.DR system..However, ML deals with
regression problems also. Data mining is the efficient organization of data in the form of 5 dat abage]

( Databases; Human-Machine interaction )

Learning from examples

Machine | (supervised learning: .
learning classification and regression) " Pattgrp
‘ Learning from observations recognition

- (unsupervised, clustering) ,

(i ),
4

L Data mining

» Conventional Al
¢ Logic for Al !
¢ Rule-based systems ‘
e Expert systems |
e Lisp, Prolog

F1G. 1.1 A high-level view of Al

The typical background topics of Al are shown in Fig. 1.2.
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\ Clustering {

| Group, relation Linear Bayes, max i
| Inverted index function, graph algebra likelihood !
| ; . |
? Data ?'SC{ ol Probability !
structures Structures statistics ;

:, Max margin, backpropagation i
f

Approximation,
randomization 5 Optimization
Artificial

‘ ' | intelligence Entropy |
i Information |
' theory |

F1G. 1.2 Background topics of Al
!

Note that data structures and algorithms are basic to both conventional and current Al !
systems. Logic and discrete structures played an important role in the analysis and synthesis|
of conventional AI systems. The importance of other background topics may be summarized as |
follows:

* In ML, we deal with vectors and vector spaces and these topics are better appreciated through
linear algebra. The data, input to an ML system may be viewed as a matrix, popularly called |
the data matrix. If there are n data items, each represented as an I-dimensional vector, then the f
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co i
associated with the edges in a neural network. Matri

: mportant in initializing the weights of the neural ne
pelp in weight normalization. The whole activity of
factorization. i
'Tlie I%)Ille sc;ftggi(:;:i:ig% :;gnstﬁtisf}ilcsdneed not be explained as ML is, in fact, statistical
ML. The ating the distributions underlyi
a crucial role in analysis and inference in ML, I the SR s S B A
. Optiml.zatlon (alor.lg with c.alculus) Is essential in training neural networks where gradients
and their computations are important. Gradient descent-based optimization is an essential
ingredient of any DL system.
. Information theoretic concepts like entropy, mutual information and Kullback-Leibler

divergence are essential to understand topics such as decision tree classifiers, feature selection
and deep neural networks.

twork and in weight updates. It can also
clustering may be viewed as data matrix

We will provide details of all these background topics in their respective chapters.

1.2 PARADIGMS FOR ML

There are different ways or paradigms for ML, such as learning by rote, learning by deduction,
learning by abduction, learning by induction and reinforcement learning. We shall look at each of
these in detail.

1.2.1 Learning by Rote

This involves memorization in an effective manner. It is a form of learning that is popular in
elementary schools where the alphabet and numbers are memorized. Memorizing simple addition
and multiplication tables are also examples of rote learning. In the case of data caching, we store
computed values so that we do not have to recompute them later. Caching is implemented by search
engines and it may be viewed as another popular scheme of rote learning. When computation is
more expensive than recall, this strategy can save a significant amount of time. Chess masters
spend a lot of time memorizing the great games of the past. It is this rote learning that teaches
them how to ‘think’ in chess. Various board positions and their potential to reach the winning

configuration are exploited in games like chess and checkers.

122 Learning by Deduction

Deductive learning deals with the exploitation of deductions made earlier. This type of learning is
based on reasoning that is truth preserving. Given A, and if A then B (A — B), we can deduce B.
We can use B along with if B then C (B — C) to deduce C. Note tha?t whenever A and A —) B
are True, then B is True, ratifying the truth preserving nature of learning by deduction. Consider

the following statements:
L Tt is raining.
- it rains, the roads get wet.
fa road is wet, it is slippery.
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From (1) and (2), we can infer using deduction that (4) the {'oads are wet. This deductiop o
be used with (3) to deduce or learn that (5) the roads are slippery. Here, if statements (1), @ ey
.; (3) are True, then statements (4) and (5) are automatlc.ally True‘. ' : ang
f A digital computer is primarily a deductive engine and is 1c.1eally suited for this |

! of learning. Deductive learning is applied in well-defined domains like game playing inCluc?ing
JEi in chess.

1.2.3 Learning by Abduction

Here, we infer A from B and (A — B). Notice that this is not truth preserving like in deduetion‘j
as both B and (4 — B) can be True and A can be False. Consider the following inference. ‘

1. An aeroplane is a flying object (aeroplane — flying object).
2. A s a flying object.

From (1) and (2), we infer using abduction that A is an aeroplane. This kind of reasoning may |
lead to incorrect conclusions. For example, A could be a bird or a kite. ;

‘ 1.2.4 Learning by Induction '

{
' .. . . |
1 This is the most popular and effective form of ML. Here, learning is achieved with the help of|
examples or observations. It may be categorized as follows: ;

* Learning from Examples: Here, it is assumed that a collection of labelled examples are |
provided and the ML system uses these examples to make a prediction on a new data
pattern. In supervised classification or learning from examples, we deal with two ML problems:

classification and regression.

1. Classification: Consider the handwritten digits shown in Fig. 1.3. Here, each row has 15

; examples of each of the digits. The problem is to learn an ML model using such data to

| classify a new data pattern. This is also called supervised learning as the model is learnt

l with the help of such exemplar data. It may be provided by an expert in several practical

situations. For example, a medical doctor may provide examples of normal patients and
patients infected by COVID-19 based on some test results. In the case of handwritten digits,
we have 10 class labels, one class label corresponding to each of the digits from 0 to 9.
In classification, we would like to assign an appropriate class label from these labels to a
new pattern.

2. Regression: Contrary to classification, there are severa] prediction applications where the
B labels come from a possibly infinite set. For example, the share value of a stock could be
¥ a positive real number. The stock may have different values at & particular time and each

I | of these values is a real number. This is a typical regression or curve fitting problem. The

i : practical need here is to predict the share value of a stock at a future time instance based

|

on past data in the form of examples.

+ Learning from Observations: Observations are also instances like examples but they aré |
different because observations need not be labelled. In this case, we cluster or group th?f
observations into a smaller number of groups. Such grouping is performed with the help or |
a clustering algorithm that assigns similar patterns to the same group/cluster. Each cluste !

| I
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could be represented by its centroid or mean. Let z1, 22, ..., zp be p elements of a cluster. Then
the centroid of the cluster is defined by

1 p

Let us consider the handwritten digit data set of 3 classes: 0, 1 and 3. By using the class labels
and clustering patterns of each class separately, we obtain 3 clusters that give us the 9 centroids

000
111

335

F16. 1.4 Cluster centroids using the class labels in clustering

How, gl as .
centre;/it:ir, when we cluster the entire data of digits 0, 1 and 3 into 9 clusters, we obtain the
Ve o S shown in Fig. 1.5. So, the clusters and their representatives could differ based on how

, Ploit the class labels.
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331 311 001

? F1G. 1.5 Cluster centroids without using the class labels in clustering

1.2.5 Reinforcement Learning

In supervised learning, the ML model is learnt in such a way as to maximize a, performance Meag, |
like prediction accuracy. In the case of reinforcement learning, an agent learns an Optima) policref
to optimize some reward function. The learnt policy helps the agent in taking an action bageq oy |
the current configuration or state of the problem. Robot path planning is a typical applicatioy, 0’;-:
reinforcement learning,

, 1.3 TYPES OF DATA
I

In this book, we primarily deal with inductive learning as it is the most popular paradigm for My,

i It is important to observe that in both supervised learning and learning from Observations, we dea]
5‘ with data. In general, data can be categorical or numerical.

| » Categorical: This type of data can be nominal or ordinal. In the case of nominal data, there

is no order among the elements of the domain. For example, for colour of hair, the domain js

{brown, black, red}. This data is of categorical type and the elements of the domain are not

ordered. On the contrary, in ordinal data, there is an order among the values of the domain,

For example, the domain of variable employee number could be {1,2,...,1011} if there are 101]

indicating that senior employees have smaller employee numbers compared to junior employees;
the most senior employee will have employee number 1.

, in Table 1.1, a subset of
the features used by the Wisconsin Breast Cancer data is shown. The domain of Diagnosis, the

fl g class label, is a binary set with values M alignant and Benign. The domain of ID Number is
I a subset of integers in the range [8670, 917897] and the domain of Area_ Mean is a collection of
2 floating point numbers (interval) in the range [143.5, 2501). It is possible to have binary values
in the domain for categorical or numerical data. For example, the domain of Status could be
; {Pass, Fail} and this variable is nominal; an example of a binary ordinal type is {short, tall}

for humans based on their height. A very popular binary numerical type is {0, 1}; also in the
?
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TABLE 1.1 Different types of data from the Wisconsin Breast Cancer database

Feature Number Attribute Type of Data Domain |
1 Diagnosis Nominal {Malignant, Benign} f
2 ID Number Ordinal (8670, 917897]

3 Perimeter_Mean Numerical [43.79,188.5]

4 Area_ Mean Numerical [143.5, 2501]

5 Smoothness_Mean Numerica] [0.05263,0.1634]

P
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cation context, the class label data, cap hav

-ﬁ .
s el of the negative class and +1 stands for e a1y +1} where —1 stands for

- the lab b : the label of the positive class.

ically; eaile;);;::zz gm;;o ?2’);‘::“15 ?Eﬁffls)e%ted a8 a vector of feature values. For example, a
'tem (o0) w1 2751 i -di i

jata i 02751,47.92, 181, 0.05263), whore cact § represented by a five-dimensional vector

Benig™ hown in Table 1.1, o component of the vector represents the corre-
ding feature sho € 1.1. Benign is the value of feat ; o+ simi i
on! 02 corresponds to feature 3, that is Per ure 1, Diagnosis; similarly, the third

47. imeter_M d ; ;
entry 20 3 ! —Mean and so on. Note that Diagnosis
s 8 nommal feature and ID Number is an ordinal attribute. The remaining three features are

gmerical: _
Here, Diagnosis or the class label is a dependent feature and the remaining four features

e independent features. Given a collection of such data items or patterns in the form of five-
Jimensional vectors, the ML system learns an association or m

tures and the dependent feature.

apping between the independent
fea .

14 MATCHING

Matching is an important activity in ML. It is used in both supervised learning and in learning
from observations. Matching is carried out by using a proximity measure which can be a
distance/dissimilarity measure or a similarity measure. Two data items, v and v, represented
as I-dimensional vectors, match better when the distance between them is smaller or when the
similarity between them is larger. _

A popular distance measure is the Euclidean distance and a popular similarity measure is
the cosine of the angle between vectors. The Euclidean distance is given by

l

d(u,v) = 4| Y (u(d) = v(1))?

=1

The cosine similarity is given by
_ uh
[lullllo]]’

where 'y is the dot product between vectors u and v and ||u| is the Euclidean distance between
Uand the origin; it is also called the Euclidean norm. .
Som%e of the important applications of matching in ML are in:

cos(u,v)

* Finding the Nearest Neighbor of a Pattern: Let z be an [-dimensional pattern vector.
Let ¥ = {z1,2s,...,2,} be a collection of n data vectors. The nearest neighbor of = from X,
denoted by NN, (X), is z; if

d(z, ;) < d(z, @), Vo € X

N

This is an approximate search where a pattern that best matches z is obtained. If there is a
tie, that is, when both z, € X and z, € X are the nearest neighbors of =, we can break the
tie arbitrarily or choose e?ther of the two to be the nearest neighbor of z. This step is useful in
classification : : i xt chapter.

and will be discussed in the next chap .
Alssigning to a Set with the Nearest Representative: Let Cq, Cs,...,Ck be K sets with
THe%, . 2 as their respective representatives. A pattern z 1s assigned to Cj if

d(z, ') < d(z,27), for j € {1,2,-- K}

-;. :
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. . ‘ i m observations, where C; is the jth
This idea is useful in clustering or lem'lilf.lg fro A é)f C. Thel cont e p
cluster of patterns or observations and z* is .the reipresen i ntroid of the 4
vectors in C; is a popularly used representative, -, of C;.

1.5 STAGES IN MACHINE LEARNING

Building a machine learning system involves a number of steps, as illustrated in Fig. 1.6, Note the
emphasis on data in the form of training, validation and test data.

Application domain — Data acquisition

Feature engineering = Preprocessing + Representation

! 3 ;

| ~ Vs

! N4 |
" s Model selection ——» Choose a model <---- Domain knowledge l
l |
.' ]‘ Model learning ——» Train the mode/ <---- Training data ‘,
| Evaluation dat |
i1 . o ode/(---- valuation aata |

| Model evaluation ——» Validate the m (validation data) |

; Model prediction ——» Learn the model <---- Testdata

; Model explanation —» Explain the model <- - - - Expert feedback

|

F1G. 1.6 Important steps in a practical machine learning system

| | Typically, the available data is split into training, validation and test data. Training data is
! used in model learning or training and validation data is used to tune the ML model. Test data
|
|

. is used to examine how the learnt model is performing. We now describe the components of an
| ; ML system.

1.5.1 Data Acquisition

:il This depends on the domain of the application. For example, to distinguish between adults and
i children, measurements of their height or weight are adequate; however, to distinguish between
' normal and COVID-19-infected humans, their body temperature and chest congestion may be

i more important than their height or weight. Typically, data collection is carried out before feature
i engineering.

- 1.5.2 Feature Engineering

This step involves a combination of data preprocessing and data, representation.

—_——— ]

Data Preprocessing

In several practical applications, the raw data available needs to be updated before it can be
used by an ML model. The common problems encountered with raw data are missing values,

P
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different vari
gorent ranges for ditleren variables and the presence of outliers. We will now explain how to deal

these Prob1

1.

ems.

Missing Data: Ithls 'hkely.that In some domains, there could be missing data. This occurs as
a consequence of the mabll.lty to measure a feafure value or due tmility Or erroneous
data entry- Some _ML algorithms can work even when there are a reasonable number of missing
data values and, in such cases, there is no need for preprocessing. However, there are a large
pumber f)f other cases where the ML models cannot handle missing values. So, there is a need
to examine techplques for dealing with missing data. Different schemes are 1’15ed for dealing
with the prediction of missing values:

Use thf.i n.earest neighbor: Let = be an [-dimensional data vector that has its i" component
z(i) missing. Let X = {z!,2?%,...,2"} be the set of n training pattern vectors. Let zeX
be the nearest neighbor of « based on the remaining I — 1 (excluding the ith) components.
Predict the value of z(4) to be 27(3), that is, if the i** component z(i) of z is missing, use
the it" component of iv’ = NNg(X) instead.

Use o larger neighborkiood: Use the k-nearest neighbors (KNNs) of z to predict the miss-
ing value z;. Let the KNNs of z, using the remaining | — 1 components, from X be

21,72, ...,zK. Now the predicted value of (i) is the average of the ith components of
these KNNs. That is, the predicted value of z(3) is
| X
[7d Z (%)
j=1

ExaMmPLE 1: Consider the set data vectors
(1,1,1), (1,1,2), (1,1,3), 1,-,2),(1,1, -),(6,6,1)

There are 6 three-dimensional pattern vectors in the set. Missing values are indicated by —.
Let us see how to predict the missing value in (1,-,2). Let us use K = 3 and find the 3
nearest neighbors (NNs) based on the remaining two feature values. The three NNs are
(1,1,1),(1,1,2) and (1,1,3). Note that the second feature value of all these three neighbors

is 1, which is the predicted value for the missing value in(1,-2). So, the vector becomes

(151, 2).
Cluster the data and locate the nearest cluster: This approach is based on clustering the
training data and locating the cluster to which z belongs based on the remaining [ — 1
components. Let & with its ;th value missing belong to cluster C9. Let p? be the centroid
of C9. Then the predicted value of z(4) is p, the ith component of 7. We will explain

ufficient for now to note that a clustering

clustering in detail in a later chapter; it is s cie .
algorithm can be used to group patterns in the training data into K clusters where patterns
h other and patterns belonging to different clusters are

in each cluster are similar to eac

dissimilar.
ExamMpLE 2: Consider the following data matrix. It has 5 data vectors in a four-
dimensional -

al space. <1 35 14 02

19 30 14 02
A7 32 13 02
16 31 15 02
50 36 14 02
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Let us imagine that two values are missing to obtain
! -
| [NA 3.5 14 0.2
8 49 30 14 02
47 32 13 0.2
46 NA 15 0.2

50 36 14 0.2]

If we assume that this data is from the same cluster, we can compute the megp in eagy

case and use it to predict the missing value. The mean of the available 4 values in tp, first |
column is 4.8; similarly the mean of the available 4 values in the second column is 3.325.5, |
using these mean values to replace the missing values in the matrix gives us the update«i |

tri -
P (48 35 14 0.2

49 30 14 02
| 47 32 13 02
i 46 3.325 15 02
| |50 36 14 02 |
! We can compute the mean squared error (MSE) with respect to the predicted values
based on the deviations from the original values. The computation of MSE may be explained

as follows: Given the n true (target) values to be y1,%2,...,¥n and the predicted values to
be 91,72, .- -,Un, MSE is defined as

A

Z?:l (y‘t - yA‘l:)2
n

In the above example, we have predicted two missing values based on the mean of the
remaining values of the respective feature. In the first case, instead of 5.1, our estimated
value is 4.8. Similarly, in the second case, for the value 3.1, our estimate is 3.325. So, the

MSE here is

I (5.1 —4.8)%+ (3.1 —3.325)> _ 0.09 + 0.00050625
R 2 B 2

[ EXAMPLE 3: Consider three clusters of points and their centroids:

a. Clusterl: {(1,1,1), (1,2,3), (1,3,2)} Centroid 1: (1,2,2)

b.  Cluster2: {(3,4,3), (3,5,3), (3,3,3)} Centroid 2: (3,4,3)

c. Cluster3:{(6,6,6), (6,8,6), (6,7,6)} Centroid 3: (6,7,6)
Consider a pattern vector with a missing value given by (1, —, 2). Its nearest centroid
among the three centroids based on the remaining two features is Centroid 1, (1,2:2)-

:1 So, the missing value in the second location is predicted to be the second component in
Centroid 1, that is, 2. So, the pattern with the missing value becomes (1,2,2).

= 0.04525

We will now illustrate how the KNN-based and mean-based schemes work on a bigger data
set. We consider 20,640 patterns of the California Housing data set. It has 8 features al
the target variable is the median house value for California districts, expressed in hundred |
of thousands of dollars ($100,000). This is a regression problem. Some values in the dat®
set are removed to create missing values. The missing values are imputed using the N
scheme and the mean-based scheme. Now the regressor (a function to predict the target

is used on the whole data set without missing values, on the KNN-based imputed data se

e -
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d the mean-based imputed data set, T},

of the 1egresser is shown in Fig. 1.7. ¢ resulting mean squared error of the predictions

Whole data 4

Mean imputation

I
00 01 02 03 04 05
Mean squared error

Fi1Gc. 1.7 MSE of the regressor on data imputed using KNN and mean

It is easy to observe that the regressor performs best when the whole data is available.
However, when prediction is made by removing some values and guessing them, the perfor-
mance of the regressor suffers; this is natural. Note that between the KNN-based and the
mean-based imputations, the former made better predictions leading to smaller MSE. This
s because the KNN-based scheme is more local to the respective point = and so is more

focussed.

9. Data from Different Domains: The scales of values of different features could be very
different. This would bias the matching process to depend more upon features that assume
larger values, toning down the contributions of features with smaller values. So, in applications

nents of the vectors have different domain ranges, it is possible for some

components to dominate in contributing to the distance between any pair of patterns. Consider
for example, classification of objects into one of two classes: adult or child. Let the objects be
represented by height in metres and weight in grams. Consider an adult represented by the
vector (1.6,75000) and a child represented by the vector (0.6,5000), where the heights of the

adult and the child in metres are 1.6 and Qiiespectively, and the weights of the adult and the
espectively. Assume that the domain of height is [0.5,2.5]

child in grams are 75000 and 5000, I :

and tThe domain of weight is [2000, 200000] in this example. So, there is a large difference in

the ranges of values of these two features. . . _

Now the Euclidean distance between the adult and child vectors given above is
______/—-‘—/

where different compo

1.6 — 0.6)% + (75000 — 5000)2 = V1 +4.9 X 109 = 70000

Similarly, the cosine of the angle between the adult and child vectors is

0.96 4 375 x 10° 11

P =
/25000000.36 X /5625000002.56
e two vectors, whether it is the Euclidean

ted between th
pY are dependent largely upon only

N'Ote that the proximity values com
between the two vectors,

tance or the cosine of the angle
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one of the two features, that is, weight, while the contributions of height are negligible. Thig |
is because of the difference in the magnitudes of the ranges of values of the two features. This |
L example illustrates how the magnitudes/ranges of values of different features contribute differ. |
! ently to the overall proximity. This can be handled by scaling different components diﬁerently
} and such a process of scaling is called normalization. There are two popular normalizatiq, |
: schemes:

{ .
i o Scaling using the range: On any categorical feature, the values of two patterns either matcy
I or mismatch and the contribution to the distance is either zero (0) (match) or 1 (mlsmatch) !
|

I il If we want to be consistent, then in the case of any numerical feature also we want the |
I contribution to be in the range [0,1]. This is achieved by scaling the difference by the range |
! of the values of the feature. So, if the pt* component is of numerical type, its contribution

to the distance between patterns z* and 27 is ‘

|=*(p) — 27 (p)|

I Range,

)

where Range,, is the range of the p'* feature values. Note that the value of this term is in
the range [0, 1]; the value of 1 is achieved when |z, — zf| = Range, and it is 0 (zero) if
| patterns z* and =7 have the same value for the p** feature. Such a scaling will ensure that
| the contribution, to the distance, of either a categorical feature or a numerical feature will
i be in the range [0, 1].

‘ * Standardization: Here, the data is normalized so that it will have 0 (zero) mean and unit
| variance. This is motivated by the property of standard normal distribution, which is
characterized by zero mean and unit variance.

| EXAMPLE 4: Let there be 5 [-dimensional data vectors and let the the gt® components
I of the 5 vectors be 60, 80, 20, 100 and 40. The mean of this collection is

= 604+80+20+100+40
z =

50

We get zero-mean data by subtracting this mean from each of the 5 data items to obtain
0,20, —40,40, —20 for their gt* components. Note that this is zero-mean data as these values
add up to 0. To make the standard deviation of this data 1, we divide each of the zero-mean

data values by the standard deviation of the data. Note that the variance of the zero-mean
data is

0+ 20% 4 (—40)% + 40% + (—20)2
5

and the standard deviation is 28.284. So, the scaled data is 0,0.707,—1.414,1.414, —0.707.

Note that this data corresponding to the qth feature value of the 5 vectors has zero mean
and unit variance.

= 800

3. Outliers i.n the Data: An outlier is a data item that is either noisy or erroneous. Noisy
measuring instruments or erroneous data recordings are responsible for the presence of such

outliers. A common problem across various applications is the presence of outliers. A data item
is usually called an outlier if it

» Assumes values that are far away from those of the average data items
« Deviates from the normally behaving data item

+ Is not connected/similar to any other object in terms of its characteristics
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(outliers 2" occur because of different reasong:

. Nois . nts: The measurin
o ecording of noisy data. It is possib]
| “tpe data type.

us data entry: O :
. gf:z:; (::ommon forrgpelllilfllgylrrrll%sf:ﬁ:sc?: Oocc i aththe data entry level itself. For example, it
cur when names are entered. Also, it is possibl
to enter numbers such as salary erroneously as 2000000 instead of 200000 ,b t possible
oxctra zero (0). y typing an
; It i
q IW; Stemlstosmble to encounter data items in sparse regions during the
ey} d £ a social ’ tor examplez it is common to encounter isolated entities in the
early days Ol cial ne WOrlf. Such isolated entities may or may not be outliers.
0 _Yf_%‘/_ﬁ‘_’ﬁ‘_t’il?{' In?.:ead of viewing an outlier as a noisy or unwanted data item, it may
be better to view 1t as something useful. For example, a novel idea or breakthrough in a

scientific disciRline, a highly paid sportsperson or an expensive car can all be natural and
influential outliers. ) |

Efft;lnsttn;lments may malfunction and may lead to
at the recorded value lies outside the domain of

An outlying data item can be either out-of-range or within-range. For example, consider an
organization in which the salary could be from {10000, 150000, 225000, 300000}. In this case,
an entry like 2250000 is an out-of-range outlier that occurs possibly because of an erroneous
zero (0). Also, if there are only 500 people drawing 10000, 400 drawing 150000, 300 at 225000
and 175 drawing 300000, then an entry like 270000 could be a within-range outlier.

There are different schemes for detecting outliers. They are based on the density around
points in the data. If a data point is located in a sparse region, it could be a possible outlier.
It is possible to use clustering to locate such outliers. It does not matter whether it is within-
range or out-of-range. If the clustering output has a singleton cluster, that is, a one-element
cluster, then that element could be a possible outlier.

1.5.3 Data Representation

L models. This subsection introduces how data -
tance of representation in ML. In the process,
action and introduces different categories of

Representation is an important step in building M
items are represented. It also discusses the impor
it deals with both feature selection and feature extr

dimensionality reduction. e .
Tt is often stated in DL literature that feature engineering is important in ML, but not

in DL because DL systems have automatic representation learning capability. This is a highly
debatable issue. However, it is possible that, in some application domains, DL systems can avoid
the representation step explicitly. However, preprocessing including handling missing data and
eliminating outliers is still an important part of any DL system. Even though representation is not
explicit, it is implicitly handled in DL by choosing the appropriate number of layers and number

Of, leurons in each layer of the neural network.

Representation of Data Items

The most active and state-of-the-art paradigm for ML is statistical machine learning. Here,

®ach data jter i : »a]ly. we consider addition of vectors in computing
em is represented as a vector. Typically, ( i : :
the mem&&oicll) of a collection of vectors, multiplication of a vector by a scalar in dealing with

OPerations on matrices. and the dot product between a pair of vectors for §omputing_ Similfxrity'as
"BPortant, operations on the set of vectors. In most of the practical applications, the dimensionality



1

of the data or correspondingly size of the vectors representilng data itern.S, L, can b.e very large, For
example, there are around 468 billion Google Ngrams. In this casej, the.d1mensmnahty of the Vectop |
is the vocabulary size or the number of Ngrams; so, the dim-ensmna'hty could l?e very large, Suy,
high-dimensional data is common in bioinformatics, information retrieval, satc?lhte Imagery, and g, |
on. So, representation is an important component of any ML system. An arbltra?y representatiy, |
may also be adequate to build an ML model. However, the predictions made using such a modg |
may not be meaningful. L ] . ; |
Current-day applications deal with high-dimensional data. Some of the difficulties associateq with |
ML using such high-dimensional data vectors are: |
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—

|

|0 o - Computation time increases with the dimensionality. ' !
* Storage space requirement also increases with the dimensionality. ' 5

l o Performance of the model: It is well-known that as the dimensionality increases, we require|
a larger training data set to build an ML model. There is a result, popularly called tp,
Pbeaking phenomenon, that shows that as the dimensionality keeps increasing, the accuracy

of a classification model increases until some value, and beyond that value, the accuracy start
decreasing.

This may be attributed to the well-known concept of overfitting. The model will tend to remember
i the training data and fails to perform well on validation data, With a larger training data set,
ol we can afford to use a higher dimensional data set and still avoid overfitting. Even though
1] the dimensionality of the data set in an application is large, it is possible that the number of
' available training vectors is small. In such cases, a popular technique used in ML is to reduce the
dimensionality so that the learnt model does not overfit the available data.

Well-known dimensionality reduction approaches are:

» Feature selection: Let' F = {f1, f2,..., fu} be the set of L features. In the feature selection

{ i approach, we would like to Select a subset F) of F having I(< L) features such that E} maximizes

R the performance of the ML model.

i ! » Feature extraction: Here, from the set F of [, features, a set H = {hy, hy, . .. yhi} of I (< L)
features is extracted. It is possible to categorize these schemes as follows:

1. Linear schemes: In this case,

L
hj =" 0 f;
=1

That is, each element of X is a linear combination of the original features. Note that

feature selection is a specialization of feature extraction. Some prominent schemes under
this category are:

e —— P

the first principal component (PC). Similarly, th
its corresponding eigenvector as the second PC. Finally, the eigenvector corresponding _,
to the [t largest eigenvalue is the Ith PC. Both the original feature vectors and PGS |

are sufficiently powerful to represent any data vector. So, PCs may be viewed as lineal 1
combinations of the given features. a

b. Non-negative matriz factorization (NMF): Even when the data is non-negative, %‘ ’5
possible that PCs have negative entries. However, it is useful to have representation® |

e second largest eigenvalue provides
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using non-negative entries; NMF ig siaih

: i 1 a fa T
and Glx_L- Its [US€ 1s motivated by the notisgozl}fatlon g
objects in an image representeq at NMF ¢

inati by A. 1
linear combinations of the columns of A lr)le(I;\I
We will examine, in detail, the concepts of

dence in later chapters.

nxL into a product of B, x;

ause of linear independence.
eigenvalue, eigenvector and linear indepen-

3. Non-linear feature extraction: Here, we represent using # = {hy, ..., }, such that
. o) =:ly ’
. hi=t(f1,f2,_,_,'fL)’
\;:rhere ; 1_*5- ba} Ifl:fhl}eafr functio}x: of the features. For example, if F = {f1, f2}, then
1 =aJ1+0J2 +CJ1J2 1 one such non-linear combination: it is non.l; rre
» term of the form fi £y in hy. mation,; it is non-linear because we have

Autoencoder is a popular, state-of-the-art, non-

network which has an encoder and a decoder is used. The middle layer has | neurons so
that the l. outputs from the middle layer give an (< L)-dimensional representation of the
L-dimensional pattern that is input to the autoencoder. Note that the encoder encodes or
represents the L-dimensional pattern in the I-dimensional space while the decoder decodes
or converts the [-dimensional pattern into the L-dimensional space. Note that it is called

_autoencoder because the same L-dimensional pattern is associated with the input and
output layers.

linear feature extraction tool. Here, a neural

1.5.4 Model Selection

Selection of the model to be used to train an ML system depends upon the nature of the data and
knowledge of the application domain. For some applications, only a subset of the ML models can
be used. For example, if some features are numerical and others are categorical, then classifiers
based on perceptrons and support vector machine’ (SVM) are not suitable as they compute the dot
product between vectors and dot products do not make sense when some values in the corresponding
vectors are non-numerical. On the other hand, Bayesian models and decision tree-based models are
ideally suited to deal with such data as they depend upon the frequency of occurrence of values.

1.5.,5 Model Learning |

This step depends on the size and type of the training data. In practif:e, a subset of the la.b.ellec.l data
i used as training data for learning the model and another subset is used for model validation or
model evaluation. Some of the ML models are highly transparent wh}le others are opaque or black
box models. For example, decision tree-based models are ideally suited t(? pr9v1de Fransparency;
this is because in a decisi:)n tree, at each internal or decision node, bra_nchlflg is carried out base.d
°n the value assumed by a feature. For example, if the height of an object is larger than 5 fe<—:,-t-, it
1 likely to be an adult and not a child; such easy-to-understand rules are ab§tracted by decision
trees. Neura] networks are typically opaque as the outputs of intermediate/hidden layer neurons

may not offer transparency.

1.5.6 Model Evaluation

This s step requires specifically earmarked data called

Step s als idation. Thi (o :
Validatioy, datoacili: ;?):s?be;e :ilalt ta;lhe ML model works well on the training data; then we say
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@ EXPLANATION OFFERED BY THE MODEL

R

that the model is well trained. However, it may not work well on the validation data. In gy}, a
case, we say that the ML model overfits the training data. In order to overcome overfitting, Wo
typically use the validation data to tune the ML model so that it works well on both the training |
and validation data sets. |
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1.5.7 Model Prediction

This step deals with testing the model that is learnt and validated. It is used for prediction becayg, ';
both classification and regression tasks are predictive tasks. Lhis step employs the test data gt |
earmarked for the purpose. In the real world, the model is used for prediction as new patterns keep |
coming in. Imagine an ML model built for medical diagnosis. It is like a doctor who Rrﬁquts ang l

makes a diagnosis when a new patient comes in.
p——— P

1.5.8 Model Explanation ’

This step is important to explain to an expert or a manager why a decision was taken by the ML
model. This will help in explicit or implicit feedback from the user to further improve the model.
Explanation had an important role earlier in expert systems and other Al systems. However,
explanation has become very important in the era of DL. This is because DL systems typically
employ neural networks that are relatively opaque. So, their functioning cannot be easily explained
at a level of detail that can be appreciated by the domain expert/user. Such opaque behaviour has
created the need for explainable Al.

1.6 SEARCH AND LEARNING

Search is a very basic and fundamental operation in both ML and Al. Search had a special role in
conventional AI where it was successfully used in problem solving, theorem proving, planning and
knowledge-based systems. oz

Further, search plays an important role in several computer science applications. Some of them are

as follows:

« Exact search is popular in databases for answering queries, in operating systems for operations
like grep, and in looking for entries in symbol tables.

o In ML, search is important in learning a classification model, a proximity measure for clustering
and classification, and the appropriate model for regression.

« Inference is search in logic and probability. In linear algebra, matrix factorization is search. In
optimization, we use a regularizer to simplify the search in finding a solution. In information
theory, we search for purity (low entropy).

So, several activities including optimization, inference and matrix factorization that are essential
for ML are all based on search. Iearning itself is search. We will examine how search aids learning

of each ML model in the respective chapters.

Conventional Al systems were logic-based or rule-based systems. So, the corresponding reasoning |
systems naturally exhibited transparency and, as a consequence, explainability. Both forward an

_
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es ;
b"ck?grboth diagnosis and in teaching b:eca e mowledge base, based on experts’ input, was

used use of this flexibility. Specifically, the knowledge b
he MYCIN expert system . : - OP 3y LaecnopiedEeIRase
:;Sege ;yc;ued GUIDON. y was used in tutoring medical students using another expert

However, there were some problems associated with conventional AI systems:

ge. Different experts typically differed in their con-

clusions, leading 'to inconsistencies. Conventiona] logic-based systems found it difficult to deal
with such inconsistent knowledge.

There has been a graduz.ﬂ shift from using knowledge to using data in building AI systems.
Current-day Al systems, which are mostly based on DL, are by and large data dependent. They

can learn replzesentatio.ns aut.omatically. They employ variants of multi-layer neural networks and
backpropagation algorithms in training models.

Some difficulties associated with DL systems are:

. They are data dependent. Their performance improves as the size of the data set increases.
So, they need larger data sets. Fortunately, it is not difficult to provide large data sets in most
of the current applications.

‘e Learning in DL systems involves a simple change of weights in the neural network to optimize
the objective function. This is done with the help of backpropagation, which is a gradient-
descent algorithm and which can get stuck with a locally optimal solution. Combining this
with large data sets may possibly lead to overfitting. This is typically avoided by using a
variety of simplifications in the form of regularizers and other heuristics.

o A major difficulty is that DL systems are black box systems and lack explanation capability.
This problem is currently attracting the attention of Al researchers.

We will be discussing how each of the ML models is equipped with explanation capability in the
respective chapters. '

1.8 DATA SETS USED

In this book, we make use of two data sets to conduct experiments and present results in various
chapters. These are: |

* Data Sets for Classification
1. MNIST-Handuwritten Digits Data Set:

— There are 10 classes (corresponding to digits 0, 1, .., 9) and each digit is viewed as an

image of size 28 x 28 (= 784) pixels; each Dixel having values in the range 0 to 255. ?55'
~ There are around 6000 digits as training patterns and around 1000 test patterns in each

class and the class label is also provided for each of dt:}a mi:g;is/
= For more details, visit http:// yann.lecun. com/ex

2. Fashion MNIST Data Set:

= ltisa data set of Zalando’s article images,

and a test set of 10,000 examples.
-

consisting of a training set of 60,000 examples
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- Each example is a 28 x 28 greyscale image, associated with a 'lab{el Nf{l;;ré 'Il‘OdclfLsses. 1

— It is intended to serve as a possible replacement for the origina ata set fori.
benchmarking ML models. _ : ) i

— It has the sargne image size and structure of training and testing splits as the MNIgy|
data.

i -~ For more details, visit https://www.kaggle.com/datasets/zalando-research/
LLE fashionmnist

3. Olivetti Face Dajg__ Set:

d -

It consists of 10 different images each of 40 distinct subjects. 'For some eub_]ects, the
images were taken at different times,; varying the lighting, facial expressions (open/
closed eyes, smiling / not smiling) and facial details (glasses / no glasses). ;

All the images were taken against a dark homogeneous background with the subjects

. in an upright, frontal position (with tolerance for some side movement).
— Each image is of size 64 x 64 = 4096.

, = It is available on the scikit-learn platform. j '

] 1 For more details, visit https://ai.stanford.edu/~marinka/nimfa/nimfa. examples,
1

|

l

1

- orl\_images.html

4. Wisconsin Breast Cancer Data Set:

; l ‘ — It consists of 569 patterns and each is a 30-dimensional vector.

l ‘ 1 i — There are two classes Benign and M alignant. The number of pattei‘ns from Benign is
‘ ‘ | 357 ‘and the number of M alignant class patterns is 212

~— 1t is available on the scikit-learn platform.

g w17 = For more details, visit

" : 3 _ https://scikit-learn.or
0f _breast\_cancer.html

i ‘ » Data Sets for Regression
1
|
|

g/stable/modules/generated/ sklearn.datasets.1oad\

1. Boston Housing Data Set:
: ] ~ " It has 306 patterns.
t ! — Each pattern is a 13-dimensiona] vector.

{ i ~ It is available on the scikit-learn platform.
il — For more details, visit
i i

g/0 15/m°dU1eS/genel‘ated/sklearn .datasets.load\
_boston.html :

1]y 2. Airline Passengers Data Set-
| .

— For more details, visit :

https://wuw.kaggle. com/dat asets/chir

. aglg/air—passengers i
3. Australian Weather Data Set: . f

It provides various weather
— The features include locatio -
— For more details, visit https://wiw.kag |

; : . gle.com/dat ty/
australia-weather-data "Sets/arunavakrchakraborty |

record details for cities in Australia, |
N, min and max temperature, etc. |
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Wy of i e aier 19 ; ; :

Machlnel rning (ML) 1s an Important topic and has affected research practices in both science
o nrineering significantly. The i in buildi : :
an dﬁngm € Important steps in building an ML system are: ,.
.. Data acquisition that is application’ domain dependent. '

Feature engineering that involves both data preprocessing and representation.

/ ‘;‘-E.jse'lect;ing a model based on the type of data and the knowledge of the domain.
o Learning the model based on the training data.

|
b

2 "Evallfa_ting and tun.ing the learnt model based on validation data. ;
Prov1d1ng Aexplranatlonr capability so that the model is transparent to the user/expert.

£
\

EXERCISES

1. You are given that 9 x 17 is 153 and 4 x 17 is 68. From this data, you need to learn the value

- of 13'x 17. Which learning paradigm is useful here? Specify any assumptions you need to
make. !

2. You are given the following statements:

a. The sum of two even numbers is even.
b. 12 is an even number.
c. 22 is an even number.

What can you deduce from the above statements?
3. Consider the following statements:

' a.. If z is an even number, then z + 1 is odd and z + 2 is even.
b. 34 is an even number. ’

Which learning paradigm is used to learn that 37 is odd and 38 is even?
4. Consider the following reasoning:

a. If zis'odd, then z + 1 is even.
b. 22 is even.
You have learnt from the above that 21 is odd. Which learning paradigm is used? Specify any

assumptions to be made. .
9. Consider the following attributes. Find out whether they are nominal, ordinal or numerical

features. Give a reason for your choice.

a. Telephone number : . .
Feature that takes values from {ball, bat, wicket, umpire, batsman, bowler}

b
C. Temperature
d
e

Weight . :
Feature that takes values from {short, medium height, tall}
6. Let z; and 7; be two l-dimensional unit norm vectors; that is, |_| z; ||= 1 and || z; ||= 1.
Derive a relation between the Euclidean distance d(zi, ;) and cosine of the angle between =;
and z;.

Consider the data set:
(lv 1, 1)3 (1) 1, 2)7 (1, 1, 3)’ (1’ 2, 2)? (11 1, —), (6, 6, 10).
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Predict the missing value in the pattern vector (1, 1,—) using KNNs with K = 3. Wha

happens when K = 57 .
8. Consider the data in Q7 above. Use this data to predict the missing value in the pattem

vector (100,-,100) with K = 1. Is there any problem with (100,-,100)7 What can you say

about this pattern?
9. Consider the following 4 two-dimensional vectors. Let

X, = (1,100000), X» = (2,100000), X5 = (1,200000), X1 = (2, 200000)

a. How do we use range scaling scheme in this example.
b. Normalize the data using standard scaler.

10. Show that feature selection is a special case of feature extraction.
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