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What is Data Science ?

* Data science is an interdisciplinary field that uses
scientific methods, processes, algorithms and systems
to extract knowledge and insights from structured and
unstructured data, and apply knowledge and
actionable insights from data across a broad range of
application domains.

* Data science is related to data mining, machine
learning and big data.

* Data science (DS) is a multidisciplinary field of study
with goal to address the challenges in big data.

* Data science principles apply to all data - big and small.
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Artificial Intelligence

 Artificial intelligence (Al) refers to the
simulation of human intelligence in machines
that are programmed to think like humans and
mimic their actions.

* The term may also be applied to any machine
that exhibits traits associated with a human
mind such as learning and problem-solving.
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Major Al Approaches

* Two Major Al Techniques
— Logic and Rules-Based Approach

i I

— Machine Learning (Pattern-Based Approach)
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Machine Learning

* Machine learning is an application of artificial intelligence (Al)
that provides systems the ability to automatically learn and
improve from experience without being explicitly
programmed. Machine learning focuses on the development
of computer programs that can access data and use it learn for
themselves.

* The process of learning begins with observations or data, such
as examples, direct experience, or instruction, in order to look
for patterns in data and make better decisions in the fFuture
based on the examples that we provide.

* The primary aim is to allow the computers learn automatically
without human intervention or assistance and adjust actions
accordingly.
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Machine Learning

| can learn everything
automatically from
experiences.
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Origins of Machine Learning

* The earliest databases recorded information from the
observable environment.

* Astronomers recorded patterns of planets and stars;
biologists noted results from experiments
crossbreeding plants and animals; and cities recorded
tax payments, disease outbreaks, and populations.

* Each of these required a human being to first observe
and second, record the observation.

* Today, such observations are increasingly automated
and recorded systematically in ever-growing
computerized databases.
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Classic Systems

Classic/Non-adaptive System

Environment
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Adaptive Systems
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Machine Learning

Traditional Programming
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Machine Learning

* The field of study interested in the development of
computer algorithms for transforming data into
intelligent action is known as machine learning.

Available
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Timeline

1950
Alan Turing created a 1957
test to check if a First neural network for computers o
machine could fool a {the perceptron) was invented by Students of Stanford University,
human being into Frank Rosenblatt, which simulated California, invented the Stanford
believing it was talking the thought processes of the human Cart which could navigate and
to a machine. brain. avoid obstacles on its own.

A software library for Machine Leaming,
named Torch is first released.

e ¢ s

1952 1967
The first computer leamning The Nearest Neighbor
program, a game of Algorithm was written.

checkers, was written by
Arthur Samuel.
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1997
IBM's Deep Blue beats the world
champion at Chess.

2016
AlphaGo algorithm developed
by Google DeepMind managed
to win five games out of five in
the Chinese Board Game Go
competition.




Real Life Examples

* Internet Search

 Digital Advertisements (Targeted Advertising and re-
targeting)

* Recommender Systems

* Image Recognition

* Speech Recognition

* Gaming

* Price Comparison Websites
* Airline Route Planning

* Fraud and Risk Detection

* Delivery logistics
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Internet Search
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Go gle how do i know if i am intelligent S n HH

Web News Images Videos More « Search tools

< About 12,80,00,000 results (0.46 se@

20 Scientifically-Proven Signs You're Smarter Than Average ...
www._businessinsider com/20-scientifically-proven-signs-youre-smarter-t._.
Dec 10, 2010 - Many scientific studies have been conducted to determine the cause of
high 1Qs, and a lot of it boils down to genetics. According to researchers ..

How do | know if I'm smart? - Quora
hitps:/fwww.quora.com/How-do-l-know-if-Im-smart

If you ever stop and think, "Hold on a minute, am | actually smart? ... "Among highly
intelligent people, there are two kinds of minds, the sharp and the soft.

How to know if | am intelligent - Quora

https:/iwww quora.com/How-do-l-know-if-l-am-intelligent

First, read up on what it means to be intelligent, the good and the bad. ... How do |
know if | am actually smart and my intelligence is not a delusion resulting from ..

Are you Intelligent? - GoToQuiz.com
www.gotoquiz.com/are_you_intelligent_3 ~

Or are you the type of person who doesnt even know what the alphabet is? Or maybe
... If you have 5 apples and take away 2, how many do you have? 5. 7. 3. 2.

Am | Dumb Test - Intelligence Test - How Smart Are You?
www.am-i-dumb.com/ -

The Am | Dumb Test is a free intelligence test that will reveal your true ... Find out how
much you're worth on the open human market - See if youre a ... Take the intelligence
test and we'l tell you how you compare to the rest of the world.
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Targeting Advertisement
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Recommender System
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Image Recognition
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Speech Recognition

d\ tusharkute
e .COm




Computer Games




Price Comparison Website

trivago

Hotels in New York

Website A
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Airline Route Planning
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Fraud Detect
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Delivery Logistics
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Predict the outcomes of elections

|dentify and filter spam messages from e-mail
Foresee criminal activity

Automate traffic signals according to road conditions

Produce financial estimates of storms and natural
disasters

Examine customer churn

Create auto-piloting planes and auto-driving cars
Stock market predition

Target advertising to specific types of consumers
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Case Study
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Recognizing patterns

* Pattern recognition is the automated recognition of
patterns and regularities in data. It has applications in

— statistical data analysis,
— signal processing,

— image analysis,

— information retrieval,

— bioinformatics,

— data compression,

— computer graphics and
— machine learning.
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How do machine learn ?

* A commonly cited formal definition of machine
learning, proposed by computer scientist Tom M.
Mitchell, says that a machine is said to learn if it is
able to take experience and utilize it such that its

performance improves up on similar experiences in
the future.

* This definition is Fairly exact, yet says little about
how machine learning techniques actually learn to
transform data into actionable knowledge.
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Training a dataset

* The process of fitting a particular model to a
dataset is known as training.

* Why is this not called learning? First, note that the
learning process does not end with the step of data
abstraction.

* Learning requires an additional step to generalize
the knowledge to future data.

* Second, the term training more accurately
describes the actual process undertaken when the
modelis fitted to the data.
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Practical Machine Learning

X Y v
> 2 14
4 8 14
9 2 20
7 1 15
7 8 23
sl -=-=-> ML Model
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Practical Machine Learning

X Y Z Pre Error
5 2 14 12 -2

8 5 22 21 -1

4 8 14 16 +2

9 2 20 20 0

7 i 15 15 0

7 8 23 22 -1

Z =2X+Y -=-=> ML Model

Prediction ---> X=6 Y=28 Z =7

if 20 == 19: 95%
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Training a dataset

Observations —» Data —» Model
(74 velocty _ume_ g=938 m/s2

. 39.2 2
: 88.2 3
i 156.8 a
A 245 5
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Training a dataset
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Well-Posed Learning Problems .

* A computer program is said to learn from
experience E with respect to some class of tasks
T and performance measure P, if its

performance at tasks in T, as measured by P,
improves with experience E.
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Well-Posed Learning Problems - Examples @"

* A checkers learning problem
— Task T : playing checkers

— Performance measure P : percent of games won against
opponents

— Training experience E : playing practice games against itself
* A handwriting recognition learning problem

— Task T : recognizing and classifying handwritten words
within images

— Performance measure P : percent of words correctly
classified

—Training experience E : a database of handwritten words
with given classifications
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Well-Posed Learning Problems - Examples @"

* Arobot driving learning problem

— Task T : driving on public Four-lane highways
using vision sensors

— Performance measure P : average distance
traveled before an error (as judged by human
overseer)

— Training experience E : a sequence of images and
steering commands recorded while observing a
human driver
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Types of Machine Learning

Machine
Learning

Supervised Unsupervised Reinforcement
Task Driven Data Driven Learn from
(Predict next value) (Identify Clusters) Mistakes

fea %
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Supervised Learning

* Supervised learning (SL) is the machine learning task of
learning a function that maps an input to an output
based on example input-output pairs.

|t infers a function from labeled training data consisting
of a set of training examples.

* In supervised learning, each example is a pair consisting
of an input object (typically a vector) and a desired
output value (also called the supervisory signal).

* A supervised learning algorithm analyzes the training
data and produces an inferred function, which can be
used For mapping new examples.
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STEP | STEP 2

Provide the machine learning algorithm categorized or Feed the machine new, unlabeled information to see if it tags
“labeled” input and output data from to learn new data appropriately. If not, continue refining the algorithm

“NOT CATS”
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TYPES OF PROBLEMS TO WHICH IT'S SUITED

-+ CLASSIFICATION REGRESSION
3= ] [N Identifyi
orting items entifying real values
5= b 4 % into categories (dollars, weight, etc.)
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Supervised Learning : Examples b

* Support-vector machines

* Linear regression

* Logistic regression

* Naive Bayes

* Linear discriminant analysis

* Decision trees

* K-nearest neighbor algorithm

* Neural networks (Multilayer Perceptron)
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Un-Supervised Learning

* Unsupervised learning (UL) is a type of algorithm
that learns patterns from untagged data.

* The hope is that, through mimicry, the machine is
forced to build a compact internal representation
of its world and then generate imaginative content.

* In contrast to supervised learning (SL) where data is
tagged by a human, e.g. as "car" or "fish" etc, UL
exhibits self-organization that captures patterns as
neuronal predilections or probability densities.
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STEPI

How Unsupervised Machine Learning Works
STEP 2

Provide the machine learning algorithm uncategorized,
unlabeled input data to see what patterns it finds

Observe and learn from the
patterns the machine identifies
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Identifying similarities in groups

For Example: Are there patterns in
the data to indicate certain patients
will respond better to this treatment

than others?
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Identifying abnormalities in data

For Example: |s a hacker intruding in
our network?




Un-Supervised Learning : Examples

* Clustering methods include:

r-"..
E

hierarchical clustering,

k-means, mixture models, DBSCAN, and OPTICS

algorithm

* Anomaly detection methods
Factor, and Isolation Forest

* Learning latent variable mod
Expectation—maximization a

include: Local Outlier

els such as
.gorithm (EM), Method

of moments, and Blind signa

| separation techniques

(Principal component analysis, Independent
component analysis, Non-negative matrix

fFactorization, Singular value
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Reinforcement Learning

* Reinforcement Learning is defined as a Machine
Learning method that is concerned with how
software agents should take actions in an
environment.

* Reinforcement Learning is a part of the deep
learning method that helps you to maximize
some portion of the cumulative reward.
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Reinforcement Learning

* Imagine someone playing a video game. The player is the
agent, and the game is the environment. The rewards the
player gets (i.e. beat an enemy, complete a level), or doesn't
get (i.e. step into a trap, lose a fight) will teach him how to be
a better player.

* In supervised learning, for example, each decision taken by
the model is independent, and doesn't affect what we see in
the future.

* In reinforcement learning, instead, we are interested in a long
term strategy for our agent, which might include sub-optimal
decisions at intermediate steps, and a trade-off between
exploration (of unknown paths), and exploitation of what we
already know about the environment.
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Reinforcement Learning

Reinforcement Learning in ML

Input Raw Data
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Conclusion

A breakthrough in

machine learning would
- T

be worth ten Microsofts.

Bill Gates
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Useful web resources

* www.mitu.co.in

* www.pythonprogramminglanguage.com
* www.scikit-learn.org

* www.towardsdatascience.com

* www.medium.com

* www.analyticsvidhya.com

* www.kaggle.com

* www.stephacking.com

* www.github.com
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http://www.mitu.co.in/
http://www.pythonprogramminglanguage.com/
http://www.scikit-learn.org/
http://www.towardsdatascience.com/
http://www.medium.com/
http://www.analyticsvidhya.com/
http://www.kaggle.com/
http://www.stephacking.com/
http://www.github.com/

Thank you

This presentation is created using LibreOffice Impress 7.4.1.2, can be used freely as per GNU General Public License
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