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Machine Learning

“Field of study that gives computers the capability to learn without being
explicitly programmed”.

How It Is different from traditional

Pro g ram m | N g Traditional Programming

» In Traditional Programming, we feed the Data
Input, Program logic and run the program ) Output
to get output. Fogram

» In Machine Learning, we feed the input, | |
output and run it on machine during Machine Learning

training and the machine creates its own

; B : . Data
logic, which is being evaluated while Program
testing. Output




Terminologies that one-should know before starting
Machine Learning:

0 Model: Amodel is aspecific representation learned from data by applying some
machine learning algorithm. A model is also called hypothesis.

L Feature: A feature is an individual measurable property of our data. A set of numeric
features can be conveniently described by a feature vector. Feature vectors are fed as
iInput to the model. For example, in order to predict a fruit, there may be features like color,
smell, taste, etc.

U Target(Label): Atarget variable ‘orlabel is the'value to be predicted by our model. Forthe
fruit example discussed in the features section, the label with each set of input would be
the name of the fruitlike apple, orange, banana, etc.

O Training: The idea is to. give a set of inputs(features) and it's expected outputs(labels), so
after training, we will have a model (hypothesis) that will then map new data te one of the
categories trainedon.

O Prediction: Once our model is ready, it can be fed a set of inputs to which itwill provide a
predicted output(label).



Types of Learning

« Supervised Learning
« Unsupervised Learning
« Semi-Supervised Learning

1. Supervised Learning: Supervised learning is when the. model is getting trained
on a labelled dataset. Labelled dataset is one which have both input and output
parameters. In this type of learning both training and validation datasets are
labelled as shown in the figures below.

User ID Gender Age Salary Purchased | |Temperature Pressure Relative Humidity Wind Direction |Wind Speed
15624510 Malé 10.69261758  986.882019 5419337313 195.7150879] 3.278597116
15810544 Male 1359184134 987.8729248 480648859  139,2951202| 2.909167767
15668575 Female 17.70494885 988.1119385 39.11965597  192.9273834] 2.972036289
15603246 Female 20.95430404 987.8500366 30.66273218  202,0752869| 2.965289593
15804002 Male 29278274 987.2833862 26.06723423  210.6589203] 2798230886

24.04233986 936,2907104 2346518024  221.1188507] 2.627005816

2041475295 985.2338867 22.25082295  233.7911987| 2.448749781

23.93361956 984.8914795 2035178837 244.3504333] 2454271793

2268800023 984.8461304 237538641  252,0864716] 2.418341875

20.56425726 984.8380737 Joteeal  264.5071106) 2.318677425

17.75400389 9854262085 33,54900114  280,7827454] 2.343950987
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15728773 Male

15558044 Female
15694829 Female
15600575 Male

15727311 Femide
15570769 Female
15600274 Female
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Types of Supervised Learning:
- Classification
* ‘Regression

Classification i It is a Supervised Learning;task where output is having defined
labels(discrete value). For example in-abave Figure A, Output — Purchased has defined
labels i.e. 0 or 1 ; 1 means the customer will purchase and 0 means that customer won't
purchase. It can be either binary or multi class classification. In binary classification, model
predicts either O or 1 ; yes or no but in case of multi class classification, model predicts
more than one class.

Example: Gmail classifies mails in‘more than one classes like social, prometions,
updates, offers.

Regression : Itis.a Supervised Learning task where output is having continuous value.
Example in before regression Figure, OQutput — Wind.Speed Is not having any discrete value
but is.continuous In.the particular range. The goal here is to predict a value as much closer
to actual output value as our model can and then evaluation'is done by calculating error
value. The smaller the error the greater the accuracy of our regression model.



Example of Supervised Learning Algorithms:

L Linear Regression

INearest Neighbor

dGaussian Naive Bayes

U Decision Trees

L Support Vectar Machine (SVM)

(Random Forest



Unsupervised Learning:

Unsupervised learning is the training of machine using
Informatien that is neither classified nor labeled and allowing
the algorithm to act on that information without guidance.
Here the task of machine is to group unsorted information
according to similarities, patterns and differences without
any prior_training of data. Unsupervised machine learning is
more challenging than supervised learning due to the
absence of labels.

Types of Unsupervised Learning:
dClustering

LJAssociation



Clustering: A clustering problem is where you wantto discover-the inherent
groupings-in the data,-such as grouping custemers by purchasing behavior.

Assoctation: An association rule learning problem:.isswhere youwant to diseover
rules that describe large portions of your data, such as people that buy X also tend
to buy Y.

Examples of unsupervised learning algorithms are:

dk-means for clustering problems.
dApriori algorithm for association rule learning problems

The most basic disadvantage of any Supervised Learning algorithm is that the
dataset has to be hand-labeled either by a Machine Learning Engineer or a Data
Scientist. This Is a very costly process, especially when dealing with large volumes
of data. The most basic disadvantage of any Unsupervised Learning is that

it's application spectrum Is limited.



Semi-supervised machine learning:

To counter these disadvantages, the concept of Semi-Supervised

Learning was introduced. In this type of learning, the algorithm is

trained upon a cambination of labeled and-unlabeled data.

Typically, this combination will contain a very small amount of

labeled data and a very large amount of uniajEreeeyeepeupn  train the model

* In semi supervised learning
labelled data Is used to learn a
model and using that model
unlabeled data is labelled called
pseudo labelling now using
whole data model is trained for
further use

oo ® with labeled data
PP P D
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unlabeled dat/‘
2. use the traained model

to predict l1abels for the
unlabeled data

laabeled data

3. retrained the
model with the
pseudo and
labeled datasets
together



Model with labellled data and model with both labelled-and unlabelled data

Labeiad DEia
e

Supervised Lesming Semi-Suparvisad Laarming
() ()

Intuitively, one may imagine the three types of.learning algorithms as Supervised
learning where a student is under the supervision of arteacher at both home and
school, Unsupervised learning where a student has to figure out a concept
himself and Semi-Supervised learning where a teacher teaches a few concepts
Iniclass and gives questions as homework which.are based on similar concepts.
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What

is Deep Learning!?

ARTIFICIAL
INTELLIGENCE

Any technique that enables
computers to mimic
human behavior

Teaching computers how to learn a task directly from raw data
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W " Leang?

i Hand engineered features are time consuming, brittle, and not scalable in practice

Can we learn the underlying features directly from data?

Low Level Features Mid Level Features

Eyes & Nose & Ears Facial Structure
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Stochastic Gradient
Descent

Perceptron
* Learnable Weights

Backpropagation
*  Multi-Layer Perceptron

Deep Convolutional NN
* Digit Recognition
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The Perceptron
The structural building block of deep learning
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The Perceptron Forward Propagation r

o;.'.-.-,-.‘;l .

SR L - - —seinepwiss !

{
s‘ Linear combination
' Output of inputs

::z ;
A 9 = z X;i Wi :
w

X5 2 > E N f . y =1

‘); Wm Non-linear
{ activation function
X

Inputs  VWeights Sum  Non-Linearity Output |

g

e  —

S -

S



L - v

The Percep on: Forward Propagation
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The Perceptron: Forward Propagation

- R NP
—

M
l

L
|

{ nputs Weights  Sum  Non-Linearity Output |

L

—,

o ——



& - - - i
. M TS, -
T

Do s \

—ISrlves

ilseinie !

The Perceptron: Forward Propagation
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5‘ Activation Functions
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THANK YOU
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