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EXAMPLES RECENT GOOGLE DRIVE GITHUB UPLOAD

Filter notebooks

Title First opened Last opened

Hello, Colaboratory 0 minutes ago 0 minutes ago

NEW PYTHON 3 NOTEBOOK ~ CANCEL
19




N1519497U Google Colab LUaInu

14519 Notebook T

NEW PYTHON 3 NOTEBOOK CANCEL




& Untitled0.ipynb .
Bl COMMENT &% SHARE
File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL CONNECT ~ /‘ EDITING ~

NUIN1VDY Google Colab
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& UntitledO.ipynb El COMMENT &% SHARE

N13LADUADAU Server Va9 Google Colab
m File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL < CELL ~ CONNECTED + /‘ EDITING A
5 Connect to hosted runtime

aouzdaaly Connected L@

qnan Uz lily Connected

e Tyipany ¥ #1UvIUIE01UY

* 390 Connect to hosted runtime
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Wy || danusnisidausany Server

& Untitled0.ipynb

CODE TEXT 4 CELL ¥ CELL

File Edit View Insert Runtime Tools Help

B cOMMENT| &% SHARE o

6
LeUaa

IYIANSLYAA
1. Wiiswadlan (Code Cell)

3. \fRUWwAGIgNIEaUDE YU

2. INULaaUeIRenues (Text Cell)
q. LﬁauL%aéﬁgﬂLﬁaﬂa&Jaﬂ
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File Edit View Insert Runtime Tools Help

Bl COMMENT &% SHARE o

CODE TEXT 4 CELL ¥ CELL «~ CONNECTED + /’ EDITING FaN
T B I < & M IE = = e )
Text Cell Text Cell
g O/ Y]
I Laananws (Text Cell) l
CODE TEXT 4 CELL ¥ CELL ~ CONNECTED /' EDITING A

7]

Text Cell
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File Edit View Insert Runtime Tools Help

m & Untitled0O.ipynb Bl COMMENT 2% SHARE o

CODE TEXT 4 CELL ¥ CELL ~~ CONNECTED = ,’ EDITING A
Text Cell wadvaslan (Code Cell)

@ # Code cell 1|
print("Hello, World.")

[]] # Code cell 2
print("Hi, World.")

* AANLaaNY Code Cell 1989115 Run

* AANLATEIMLY P> Li® Run Code Cell 1ju
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& Untitled0.ipynb
File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL

~ CONNECTED /. EDITING

Text Cell n1saulyaa

# Code cell 1
print("Hello, World.")

Bl COMMENT &% SHARE o

A

H

Link to cell

Delete cell g /Ctrl+M D | r

*  AANLADNLYARNANBINITAU

* AANEIBNT YNEIUYA LUIAS

* adn Delete cell I1NpauLwas
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O pysp_t1-helloworld.ipynb B
File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL ¢2 COPY TO DRIVE CONNECT ~

Python101 x Scipy: Tutorial 1 - Welcome to
Python World!

Tutorial 1 (T1)

Let's see what we can do with Python.

- Let's PRINT!

° pritnt("Hello, world.")

2 EDITING A

[ ] print("Hello, %s." % ("PythonlO1l"))
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) pysp_t1-helloworld.ipynb

B

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL ¢ COPY TO DRIVE CONNECT = /‘ EDITING A

Connect to hosted runtime

Python101 x Scipy|

Python World!

Tutorial 1 (T1)

Let's see what we can do with Python.

Connect to local runtime...

___lo

Fouralusa Server 183 Google Colab

e Typanyl ¥V A1UvIU9E01UY

a9 Connect to hosted runtime
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Opysp_ﬂ-helloworld.ipynb B &> SHARE o

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL ¢X COPY TO DRIVE CONNECT = /‘ EDITING A

Python101 x Scipy: Tutorial 1 - Welcome to
Python World!

Tutorial 1 (T1)

NRaeIsuUlAALas

Let's see what we can do with Python.

~ Let's PRINT!

print("Hello, world.")

S0



Warning: This notebook was not authored by Google.

This notebook is being loaded from GitHub. It may request access to your data stored with
Google, or read data and credentials from other sessions. Please review the source code
before executing this notebook. To prevent this notebook reading state from other sessions,
you can reset all runtimes.

Reset all runtimes before running

CANCEL J RUN ANYWA

139N "RUN ANYWAY"

31



Reset all runtimes

Are you sure you want to reset all runtimes? State of all runtimes, including all local variables and files, will be
lost.

CANCEL

laan "YES"

32



m O pysp_t1-helloworld.ipynb B G SHARE o

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL W CELL Qe ngl\\,/-éo +~/ CONNECTED ~ /‘ EDITING A

HAANSINLAAYAR VLY NLAAIDDNI

Python101 x Scipy: T 3,5n91n%] iwadyanuadeanunsawdly
| Py, 'Y a
Python World! Lazsulaags9asy

Tutorial 1 (T1)

Let's see what we can do with Python.

~ Let's PRINT!

o print("Hello, world.")

Hello, world.
33
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Data Science (amaﬂmss%’aga)

https://en.wikipedia.org/wiki/Data_science

o Data science is a multi-disciplinary field that uses scientific methods, processes,
algorithms and systems to extract knowledge and insights from structured and
unstructured data.

o Data science is the same concept as data mining and big data: "use the most
powerful hardware, the most powerful programming systems, and the most efficient
algorithms to solve problems".

The Fields of Data Science

(]
= Y
Machine § y: Data
Learning o y Analysis/ \
Eqmputer Math and & | Aochnics \
Science/IT Statistics P L
. Machine
Data y Learning \
Science ( y \
Shftwae Traditional ( b 4 // |
Development Research 7 Methods |
v Big Data and /
; : 2| \ Algorithms ~ /
Domains/Business I Yy
8 B e -
Knowledge 3 et
Experimental Theoretical
https:/ /towardsdatascience.com/introduction-to- http://www.digitalvidya.com/wp-

statistics-e9d72d818745 content/uploads/2017 /04 /fields-of-data-science-.jpg 35




Data Science vs. Big Data vs. Data Analytics

Data Science

Dealing with unstructured and structured data, Data Science is a field that comprises everything that related to data cleansing, preparation, and
analysis.

Combination of statistics, mathematics, programming, problem-solving, capturing data in ingenious ways, the ability to look at things differently,
and the activity of cleansing, preparing and aligning the data.

In simple terms, it is the umbrella of techniques used when trying to extract insights and information from data.

Big Data

Big Data refers to humongous volumes of data that cannot be processed effectively with the traditional applications that exist. The processing of
Big Data begins with the raw data that isn’t aggregated and is most often impossible to store in the memory of a single computer.

A buzzword that is used to describe immense volumes of data, both unstructured and structured, Big Data inundates a business on a day-to-day
basis. Big Data is something that can be used to analyze insights that can lead to better decisions and strategic business moves.

The definition of Big Data, given by Gartner is, “Big data is high-volume, and high-velocity and/or high-variety information assets that demand
cost-effective, innovative forms of information processing that enable enhanced insight, decision making, and process automation.”

Data Analytics

Data Analytics the science of examining raw data to draw conclusions about that information.

Data Analytics involves applying an algorithmic or mechanical process to derive insights. For example, running through a number of data sets to
look for meaningful correlations between each other.

It is used in a number of industries to allow organizations and companies to make better decisions as well as verify and disprove existing
theories or models.

The focus of Data Analytics lies in inference, which is the process of deriving conclusions that are solely based on what the researcher already

knows.

https://www.simplilearn.com/data-science-vs-big-data-vs-data-analytics-article
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Data Science vs. Big Data vs. Data Analytics

Data Science VS Big Data VS Data Analytics

DATA IS GROWING FASTER THAN EVER BEFORE.

WHAT ARE THE SKILLS REQUIRED?

DATA SCIENTIST BIG DATA SPECIALIST DATA ANALYST

Each person-
1.7 megabytes o In-depth knowledge in o Analytical skills o Programming skills
SAS and/or R

created ﬂr Creativity © Statistical skills
@ Python codiny
9 y 2 > Mathematics and O Mathematics
© Hadoop platform
2L Statistical skills Machine learning skills

O SOL database/coding . .
omputer science Data wrangling skills
C it D ill
e O Working with ) . .
urstructured data Business skills Communication and Data
Visualization skills
WHAT ARE THEY?

> Data Intuition

is a field that comprises of
everything that related to data cleansing,
preparation, and analysis. is something that can be used to
analyze insights which can lead to better
decision and strategic business moves.

Involves automating insights into
a certain dataset as well as supposes the usage of DATA SCIENTIST [ 1]

queries and data aggregation procedures.

$113,436
per year.
WHERE ARE THEY USED? CITBRDYSPECIROST .-Ie
Data Science alQOFIlth are Big Data is used in Data Analytics is used
used in industries like: industries like: in \HdI.ISytI’\GS like: s 62,066
per year.

https://www.simplilearn.com
data-science-vs-big-data-vs-
$60,476 data-analytics-article

per year.

Internet searches Financial Services DATA ANALYST

37
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Data Science (M81N15U0YA)

The world is generating data at a higher rate, and so the need of "Data Science"

& "Data Analytics" tools increases to analyze and manage this "Big Data". Data SC I e n C e VS Dat a

Analytics vs. Big Data
Data Data Big
Science Vs Analytics Vs Data
Data Scientist Data Engineers Data Analysts
also known as Data Managers, statisticians. alzo known a8 databate administrators and alzo known as business Analysts.

data architects.

WHAT IS DATA SCIENCE? WHAT IS DATA ANALYTICS? WHAT IS BIG DATA?

Data Science is a field . ;
" Data Analytics (DA) is the
that refers to the collective process of examining data sets

processes, theories, concepts, in order to draw conclusions

Big Data refers to voluminous
amounts of structured or

tools and technologies that about the information they unstructured data that
enable the review, analysis and (=i 6 i e A organizations can potentially
traction of valuable knowledge eI SRS L ealc nine & analyze for business gains.
exirac : of specialized systems & software. L
and information from raw data. Y
APPLICATION AREAS

1. Digital advertisements 1. Gaming 1. Communication ) . r

2. Internet Research 2. Travel 2. Retail A data scientist will be able to take data science Wl They are versatile generalists who use computer il They typically help people from across the
3. Recommender System 3. Energy Management 3. Financial services projects from end to end. They can help store science to help process large datasets. They company understand specific queries with
4. Image/Speech Recognition 4. Healthcare 4. Education large amounts of data, create predictive typically focus on coding, cleaning up data sets, |l charts.

modelling processes and present the findings. and implementing requests that come from

TOOLS & LANGUAGES data scientists,

1. Python 1.R 1. Hadoop Skills: Mathematics, Frogramming, Communication
2.SAS 2. Tableau Public 2. NoSQL
3.

3.5QL Apache Spark . Hive t&j
X =
ANNUAL SALARY
Will use programmes such as:
5QL, Python, R

Skills: Programming, Mathematics, Big data
=
X = gl

Will use programmes such as:
Hadoop, MoSOL, and Python

Skills: statistics, Communication, Business knowledge

ad @ X

Will use programmes such as:
Excel, Tableau, SQL

Data Scientist Big Data Specialist Data Analyst

$130,323 $69,845 $62,066

Whizloh https://elu.nl/careers-in-data-science-data-analyst-vs-data-engineer-vs-data-scientist/
& \Whizoh:

Success, certified!

38
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Data Science Topics (298 luAngn15uaya)

&

Data
Science
Topics
and
Areas

https://i2.wp.com/intellspot.com/wp-content/uploads/2018/03/Data-Science-Topics-

Data
mining
process

Dimension
reduction

regression
models

Logistic
regression

Smoothing

methods and financial

modeling
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Modern Data Scientist (In3ngn15vayasielng)

MATH
& STATISTICS

Machine leaming
Statistical modeling
Experiment design
Bayesian inference

Supervised leaming: decision trees,

random forests, logistic regression

Unsupervised leaming: clustering,
dimensionality reduction

Optimization: gradient descent and
variants

DOMAIN KNOWLEDGE
& SOFT SKILLS

e

Passionate about the business
Curious about data

Influence without authority
Hacker mindset

Problem solver

Strategic, proactive, creative,
innovative and collaborative

PROGRAMMING
& DATABASE

w
w
w
w
W
w
w
w
w
w

Computer science fundamentals
Scripting language e.g. Python
Statistical computing package e.. R
Databases SOL and NoSQL
Relational algebra

Parallel databases and parallel query
processing

MapReduce concepts

Hadoop and Hive/Pig

Custom reducers

Experience with xaaS like AWS

COMMUNICATION
& VISUALIZATION

W

Able to engage with senior
management

Story telling skills

Translate data-driven insights into
decisions and actions

Visual art design
R packages like ggplot or lattice

Knowledge of any of visualization
tools e.g. Flare, D3js, Tableau

https://www.themarketingdistillery.com/
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Data Warehouse vs. Data Mining vs. Data Science vs.
Data Analytics vs. Big Data Analytics

Why

Big Data Analytics

Why f

Data Analytics

How f

Data Mining

What f

Data Warehouse

\

Wisdom: Automatics

Data Science

OPTIMISATION
What's the best that can happen?

(7} PREDICTIVE MODELLING
What will happen next?

Business
Analytics

Business Value

o FORECASTING
What if these trends continue?

[5) ' STATISTICAL ANALYSIS
Why is this happening?

o i ALERTS
. What actions are needed?

3] A' _— ; QUERY DRILLDOWN (OLAP)
Where exactly is the problem?

Business
Intelligence

T AD-HOC REPORTS
o ‘ How many, how often, where?

(1] S STANDARD REPORTS
What happened?

A 4

Degree of Intelligence

http://www.rosebt.com/uploads/8/1/8/1/8181762/623379_orig.jpg
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vayalugjaunalvu (How large data is)
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Big Data in three views (l)

¢ Big Data is any data that is expensive to manage and
hard to extract value from

m Volume
The size of the data

= Velocity

The latency of data processing relative to the growing demand for
interactivity

= Variety and Complexity

the diversity of sources, formats, quality, structures.

Introduction to Data Science
Kamal Al Nasr, Matthew Hayes and Jean-Claude Pedjeu, Computer Science and
Mathematical Sciences, College of Engineering, Tennessee State University



Big Data in three views (ll)

Data
Volume

Data Variety




Data types

Relational Data (Tables/Transaction/Legacy Data)
Text Data (Web)

Semi-structured Data (XML)

Graph Data

Social Network, Semantic Web (RDF)
Spatiotemporal (Geographical) data
Biomedical data

Streaming Data

Smell

Taste

Sense of Touch




Actions to do with data

Aggregation and Statistics

= Data warehousing and OLAP
Indexing, Searching, and Querying
= Keyword based search

= Pattern matching (XML/RDF)
Knowledge discovery

= Data Mining

m Statistical Modeling

= Big Data Analytics

Introduction to Data Science
Kamal Al Nasr, Matthew Hayes and Jean-Claude Pedjeu, Computer Science and
Mathematical Sciences, College of Engineering, Tennessee State University




Skills in Data Science

Mathematics and Applied Mathematics

Applied Statistics/Data Analysis

Solid Programming Skills (R, Python, Julia, SQL)
Data Mining

Data Base Storage and Management

Machine Learning and discovery




Data Structure

List vs. Array vs. Tuple
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List vs. Tuple vs. Array

Listl =[1, 2, 3, 4]
Tuplel=(1, 2, 3, 4)

Arrayl = numpy.array([1, 2, 3,4]) =[12 3 4]

List vs Tuple

A list is a compound data
type in Python
programming language
which can store different
type of data and can change
elements once created.

A tuple is a compound data type in
Python programming language
which can store different type of data
and cannot change elements once
created.

Arrays vs Lists

Mutability

A list is mutable. It can be
changed once created.

A tuple is immutable. It cannot be
changed once created.

Enclosing Elements

The elements of a list are
enclosed in square brackets.

The elements of a tuple are enclosed
in parenthesis.

Speed

Iterating through elements
in a list is not fast as in a
tuple.

Iterating through elements in a tuple
is faster than list.

In [ ]2

: | from numpy import array

[5]: |cost = array([4,8,12,16,20,100,120,60])

]: | divided _cost = cost/2

]: | print(divided cost)

[2 4 6 810 50 60 30]

1: |cost2 = [4,8,12,16,20,100,120,60]

]: divided cost2 = cost2/2

TypeError Traceback (meost recent call last)
<ipython-input-9-479c34722cbc> in <module>()

—===> 1 divided cost2 = costl/2

TypeError:

unsupported operand type(s) for /: 'list’' and "int’

50



Computation on Arrays: Broadcasting

np. arangeld)+ 3

77 T A A4
o1 2j+ 5 |15 | |5 | j

np.cnesl (3, 3))+np.arange(3)

1}
on
o
-

1011 o1 _EJ 123
1011 +  |lo |1 |]|2 = 123
1011 o |1 |]2 123

np. arangel3).reshapel(3,1))+ np. arange(3)

LA T T

oo | o] o1 _zj o1 ] 2
1 L

1 - - + 0 | [1 2 = 12| 3
AEmaE I I I |

2|z z 0 | [1 2 2| 3| 4
7 . [ A |+




array a[0,0] al0,1]
\
>>> al[(0,1,2,3,4), (1,2,3,4,5)]
array([1, 12, 23, 34, 45]) ° : 2 > * °
>>> a[3:, [0,2,5]] a[1,0] =| 10 |11 }12 13 |14 | 15
array([[30, 32, 35], 20 1 21 122082310 24 | 25
(40, 42, 45], vd
(50, 52, 5511) 30| 31 |32| 33 |34 |35
>>> mask = np.array([1,0,1,0,0,1], dtype=bool)
>>> a[mask, 2] 407 41 [[a2)] 43 | 44 495
array([2, 22, 52]) 50]| 51 53 | 54 |55

a[3:,1=0]

/';
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Numpy

How to use Numpy



Introduction to NumPy

2. Introduction to NumPy

Understanding Data Types in Python
The Basics of NumPy Arrays

Computation on NumPy Arrays: Universal Functions

Aggregations: Min, Max, and Everything In Between
Computation on Arrays: Broadcasting

Comparisons, Masks, and Boolean Logic

Fancy Indexing
Sorting Arrays
Structured Data: NumPy's Structured Arrays
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Pandas

o
How to use Pandas



Data Manipulation with Pandas

3.

Data Manipulation with Pandas

Introducing Pandas Objects

Data Indexing and Selection

Operating on Data in Pandas

Handling Missing Data

Hierarchical Indexing

Combining Datasets: Concat and Append
Combining Datasets: Merge and Join
Aggregation and Grouping

Pivot Tables

Vectorized String Operations

Working with Time Series
High-Performance Pandas: eval() and query()
Further Resources
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Pandas — Data Frame

Rows &¥—

Columns
Name Team Number  Position Age
Avery Bradley  Boston Celtics 0.0 PG 25.0
John Holland Boston Celtics 30.0 5G 27.0
Jonas Jerebko Boston Celtics 8.0 PF 29.0

Jordan Mickey NaN PF 21.0
Terry Rozier Boston Celtics 12.0 22.0
Jared Sullinger | Boston Celtics 7.0
Evan Turner Boston Celtics 11.0

Data

57



MatPlotLib

How to use MatPlotLib



Visualization with Matplotlib

4.

Visualization with Matplotlib

Simple Line Plots

Simple Scatter Plots

Visualizing Errors
Density and Contour Plots
Histograms, Binnings, and Density

Customizing Plot Legends

Customizing Colorbars

Multiple Subplots

Text and Annotation

Customizing Ticks

Customizing Matplotlib: Configurations and Stylesheets

Three-Dimensional Plotting_in Matplotlib

Geographic Data with Basemap

Visualization with Seaborn

Further Resources
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MatPlotLib — First Program

import numpy as np

import matplotlib.pyplot as plt

# Fixing random state for reproducibility
np.random. seed (19680801)

mu, sigma = 100, 15

X = mu + sigma * np.random.randn (10000)

# the histogram of the data

n, bins, patches = plt.hist(x, 50, density=True, facecolor='g', alpha=0.75)
plt.xlabel ('Smarts')

plt.ylabel ('Probability')
plt.title('Histogram of IQ')

plt.text (60, .025, r'$\mu=100,\ \sigma=15$"')
plt.x1im (40, 160)

plt.ylim (0, 0.03)

plt.grid (True)

plt.show()




Machine Learning

.
How to implement machine learning



Machine Learning with Python

5. Machine Learning

What Is Machine Learning?

Introducing Scikit-Learn

Hyperparameters and Model Validation

Feature Engineering

In Depth:

Naive Bayes Classification

In Depth:

Linear Regression

In-Depth:

Support Vector Machines

In-Depth:

Decision Trees and Random Forests

In Depth:

Principal Component Analysis

In-Depth:

Manifold Learning

In Depth:

k-Means Clustering

In Depth:

Gaussian Mixture Models

In-Depth:

Kernel Density Estimation

Application: A Face Detection Pipeline

Further Machine Learning Resources
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AEnINLNgIYaINUUIUTEAY]

NBINI5ADNNINDS (Computer Science, CS)
AAINTTUADUNIMDS (Computer Engineering, CPE)
walulagarsauwmea (Information Technology, IT)

2AINTIUAING (Digital Engineering, DE)

ﬂ%%ﬂﬂﬁzaﬁﬁ "“mmmssé’iaga Iﬂsaa%ﬂaﬁugﬂué'aa‘%az
(Artificial Intelligence, Al) (Data Science, DS) (Intelligent Infrastructure Systems, IIS)
N13L38UTVDIATDS QEERIGEREALTRHT szuUlaLuas-NMenIn
(Machine Learning, ML) (Data Analytics, DA) (Cyber-Physical System, CPS)
N13L38UZLANEN N153ATZvayavUInvig) N15UITUIANALUUNGULNS
(Deep Learning, DL) (Big Data Analytics, BDA) (Cloud computing, CC)
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JoyayrUszheg (Al)

WASDVIELEUUTEEMN
(Neural Network)

.

A15AUNT (Search)

’—-------------\

N139YUU (Inference)

nslvivana (Reasoning)

1'% 7 o w
nsuidgynnielddanian
(Constraint Satisfaction Problems)

Oy,

\

R ——

~-------------
’--------------\

i
\

n33n (Logic)

1naz1lu (Probability)

A3 (Knowledge)

A1UARNLATD (Fuzziness)

,—---§

\_---’

_-------------'

’--------------~
o - \
Il ﬂ']ﬁﬁﬂﬁ‘lﬂﬁ] (Decision Making) |
I . I
i N1352798WU (Planning) i
I N15138U3 (Learning) !
I 3 (Learning I
I 1'% ¢ , v I
\ LDLAUN/ANU (Agent) J
~--------------,

[ n1sUITUIaNag i
1 { (Signal Processing) !
I { N I
[ N15UTTUIANANN

1 L (Image Processing) ) :

{ = N

: N15UITUIANANIYITITUYIA 1
\ L (Natural Language Processing) JIQS

L ——




N13138U3V09LA389 (Machine Learning: ML)

=\ (1

=
d19MlevIly U RYy
74 a c v Y v
n13a3elayaUsERygalensldvaya

Yy W a A = Y v o Y, Y
[ ﬁ'ﬁ']ﬂﬁ]ﬁﬂ@'i‘l/l&l‘l/]ﬁ'\&l'\'ﬁﬂLﬁﬂu'ﬁ?]ailaLLag‘VI']‘L!’]EJ‘?JEJHa‘lﬂ

Y Y

B UNUNENIUANNAIAUVDIANENUSLLNTUADUNLNDS

https://en.wikipedia.org/wiki/Machine_learning
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UIELNNUBINI5EIBUIVRNLATRY (ML Types)

N13L38UIVILATDY

(Machine Learning)

gl Il BN INE IEN BN - Ny
= v oy = v Sy = v £ Ay \
NSLBUSUUVARNEDUY nseuiuuulaitidaeu NSBUSUUUN AN 1

a = o o/
(supervised learning) [l (unsupervised learning) |f (semi-supervised learning) ATSLRBULUULEUNTAY |
. . : | = i

(semi-unsupervised learning) i (reinforcement learning) :
n15AUNUIEAN N1SIANGY N15AANFULUUABEINUINHIY N1SISPURUULREULUY :
(classification) (clustering) (active learning) (imitation learning) [
| i

o/ v [ 1 S Y Y A v o J a 14
N13ANNATLY N1SUIANUFUNUD N1SIANHUUUVUVBUUNTDUBNINUA Ussiannisaneleensiseus I
(prediction) (association) (constrained clustering) (transfer Learning) I

N

ﬁ------_—




N1591197UY89N15L58U3VD9LATBY (ML Process)

N13L38U3VRATBIUTENIUAIY v NTZUIUNTT AD

N13L38U3RUUTIARY wae n1sluiuuinassniteuanla

’---------------------------------------‘

[ nseusuuudaes (Training) )
: Hoyaiiitne Sanasiiunisizeuivaases :
: (Labeled Data) A (Machine Learning :
PR (PR .17+ ) Ot

’-------------

A151guUUINaaeunla (Prediction)

------------~

UVaYaNNeIN1IIIAINAY WUUINARTIEEUN LA AINBUIINNITANNALLY

* *

(Test Data) (Learned Model) (Prediction Result)

S TE Em Em -y,

L p——




AULANAN95ENI19NT LU STUNTURASNITISEUI VD ILATDY

sTTTEEEEESETEETETTR . - omEEmEmmmTm T N
I’ TUsunsuLuUAaLAY (Traditional Programming) :
| A : I
: UNA (INnputs) == 35 sapuianes <d (O ) :
= D1ANH (Outputs

:I‘lJ'iLLﬂiﬁJ (Program)==» (Cenmypuits) ;
N e o o o o T T T T o S T T S o B o B B S B B o B -
P s e Ny

N13138U3V89LAT09 (Machine Learning)

=\

2UNA (Inputs) == \ATDIABUNIADS

1@1AWA (Outputs) ==pp (Computer)

9




ML

AULANAITENTINTTIUSUNTULAZNITIIYUIVDILATDS

S
]

Easy GG !!

(weightin kilograms )
2

BMI =

height in meters

Input Clear Rules

y Output
Uitn (Weight) = 70 k. TUsuNSUARNNILADS
* BMI = 24.2

A1UgN (Height) = 170 cm. I (Computer Program)

’----
----_l

N e o o o i o e i e e e e e e e e e e o e e e =2
’— --------------------------------------- \
[ Super Hard !! %‘ 1
I F,; . ndlsaus |
! Complex Rules hishy 1519zlUsunsuaenglsfiuy 99 212! I

|
: 4 — Output |y
: Vg, N1333107M%30 lueatale I
l (Image Recognition and Al Model) * “‘Cat” ,:
\




N13L38U3VRLATRNIUBENSLS

ML

X (Input)

y (Output)

?77?7
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N13L38U3VRLATRNIUBENSLS

X (Input)

y (Output)

y = 2x+1
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N13L38U3VRLATRNIUBENSLS

X (Input)

y (Output)

?77?7
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N13L38U3VRLATRNIUBENSLS

X (Input) y (Output)
0 1
1 3
2 5
3 7

Aranslygruszhvgindnduinazdulynniagu
LAULABNNITIATIZANIIANADELTILAY (Linear

. 3, Y a R = 14
Regression) \Uudanasfuvainsiseu;

X P

*y=ax+b

>y

74




Process)

N13L38U3VRATBIUTENIUAIY v NTZUIUNTT AD

N13L38U3RUUTIARY wae n1sluiuuinassniteuanla

’---------------------------------------‘

[ nseusuuudaes (Training) )
: Hoyaiiitne Sanasiiunisizeuivaases :
: (Labeled Data) A (Machine Learning :
PR (PR .17+ ) Ot

’-------------

A151guUUINaaeunla (Prediction)

------------~

f \
i i
I v Ay Yo o a o v o I
1 | Y91aNnBIN133AINY LUUINaDINsguula ARDUIINAITANNASLY :
i * *

I (Test Data) (Learned Model) (Prediction Result) | I
\ ]




N1591197UY89N15L58U3VD9LATBY (ML Process)

= v a Y, o
X (Input) [y (Output) ﬂ']ilﬁ‘c’]ug?]aqLﬂiaQUﬁzﬂaUﬂfJﬂ o NITUIUNII AD
0 1

N13L38U3RUUTIARY wae n1sluiuuinassniteuanla

1
3

| 7 lUud1a94 (Training)

\
I I
I vayaniivny 9aNa3NUNITIIUIVDILATDN :
I
i (Labeled Data) A (Machine Learning :

’-------------

A151guUUINaaeunla (Prediction)

------------~

UVaYaNNeIN1IIIAINAY WUUINARTIEEUN LA AINBUIINNITANNALLY

* *

(Test Data) (Learned Model) (Prediction Result)

OO .y,
L p——




Process)

* *

(Test Data) (Learned Model) (Prediction Result)

x (input) |y (Output) N13L38U3VRATBIUTENIUAIY v NTZUIUNTT AD
0 1 = o ° a o
n 2 N13L38U3RUUTIARY wae n1sluiuuinassniteuanla
| s 7 luuv1a84 (Training) 0
[ v dm 5 o - r y=ax+b I
i vayaniidng 9aNa3NUNTITUUIVDIUATDS i
: (Labeled Data) A (Machine Learning :
74 o a o 14 . .
1 M3laLuUIIaesnzeuula (Prediction)
I v Sy ¥ o ° a o v o
1 | YoyaineeniszAIney LUUINARTITEUN LA AINBUIINNITANNALLY
I
I
\

L p——

~---------------------------------------—-,




N1591197UY89N15L58U3VD9LATBY (ML Process)

X (Input) |y (Output)
0 1

N13L38U3VRATBIUTENIUAIY v NTZUIUNTT AD

N13L38U3RUUTIARY wae n1sluiuuinassniteuanla

LUUDIADUTUEY [T

1
2 5 L N N N N 5§ B N N N N §N § N &8 B B B N N _§N _§N |
3

7 [UUR1894 (Training)

|

| v aa ) A = v a y =ax + b |
| °U'€]3;|Ja‘VI3J{]"IEJ 9aNaINAUNIIIYUIVIILATD I
: (Labeled Data) A (Machine Learning 5?‘?9‘%%%3"/\'8"8']““"@" a e b
\ MdruRqag1eiign (learning)

ﬁ-------------

R | [-{a ¢ d gTa o) I—

’-------------

A151guUUINaaeunla (Prediction)

------------~

f \
i i
I Y, Ay Yo o a o v o I
1 | Y91aNnBIN133AINY LUUINaDINsguula ARDUIINAITANNASLY :
i * *

I (Test Data) (Learned Model) (Prediction Result) | I
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N1591197UY89N15L58U3VD9LATBY (ML Process)

X (Input) |y (Output)
0 1

N13L38U3VRATBIUTENIUAIY v NTZUIUNTT AD

N13L38U3RUUTIARY wae n1sluiuuinassniteuanla

LUUDIADUTUEY [T

1
2 5 L N N N N 5§ B N N N N §N § N &8 B B B N N _§N _§N |
3

7 [UUR1894 (Training)

|

| v aa ) A = v a y =ax + b |
| °U'€]3;|Ja‘VI3J{]"IEJ 9aNaINAUNIIIYUIVIILATD I
: (Labeled Data) A (Machine Learning 5?‘?9‘%%%3"/\'8"8']““"@" a e b
\ MdruRqag1eiign (learning)

ﬁ-------------

R | [-{a ¢ d gTa o) I—

’-------------

A151guUUINaaeunla (Prediction)

------------~

[

! y=2x+1

I Y, Ay Yo o a o v o

1 | Y91aNnBIN133AINY LUUINaaINSgUN LA ATMNAUVITNNNITAINASLY
i * *

I (Test Data) (Learned Model) (Prediction Result)
\
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N1591197UY89N15L58U3VD9LATBY (ML Process)

N13L38U3VRATBIUTENIUAIY v NTZUIUNTT AD

N13L38U3RUUTIARY wae n1sluiuuinassniteuanla

’---------------------------------------‘

[ nseusuuudaes (Training) )
: Hoyaiiitne Sanasiiunisizeuivaases :
: (Labeled Data) A (Machine Learning :
PR (PR .17+ ) Ot

’-------------

A151guUUINaaeunla (Prediction)

------------~

y=2x+1

UVaYaNNeIN1IIIAINAY WUUINARTIEEUN LA AINBUIINNITANNALLY

* *

(Test Data) (Learned Model) (Prediction Result)

S TE Em Em -y,
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N1591197UY89N15L58U3VD9LATBY (ML Process)

N13L38U3VRATBIUTENIUAIY v NTZUIUNTT AD

N13L38U3RUUTIARY wae n1sluiuuinassniteuanla

’---------------------------------------‘

= P4 o )
N15L38U3UUUNAB4 (Training)

\
I I
I vayaniivny 9aNa3NUNITIIUIVDILATDN :
I
i (Labeled Data) A (Machine Learning :

’-------------

A151guUUINaaeunla (Prediction)

------------~

y=2x+1

4 2 P m

(Learned Model) (Prediction Result)
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N1591191UVBINT5L58UIVRALATDY (ML Process)

N13L38U3VRATBIUTENIUAIY v NTZUIUNTT AD

N13L38U3RUUTIARY wae n1sluiuuinassniteuanla

’---------------------------------------‘

= P4 o )
N15L38U3UUUNAB4 (Training)

Hoyaiiitne
(Labeled Data) | I

I
I
I
I
\

ﬁ-------------

’-------------

A151guUUINaaeunla (Prediction)
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(Machine Learning
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(Learned Model)
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= A 4 . .
N13L38UILUVAREDUY (supervised learning)

X—Y

Input Output
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AQ8E19NTLTEUTUUVEHOU (supervised learning)

Input (X) Output (Y) Application

Emalil Spam (0/1) Spam Filtering
Audio Transcript Text Speech Recognition
English Thali Machine Translation

Ad + User Info

Click (0/1)

Online Advertising

Image + Radar

Controlling of a car

Self—Driving Car

84
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g I = = . . ML
A78E19N15Le8USWUUEHBY (supervised learning)

1n15tuA1eauld (Output data is given) mMsAnsisinIsanaesadu
(Linear Regression)
o I
———4 RN
_— class
=
AnAZUUSEINNYISaUNe ANNAZLUAILAY

Regression

Classification (supervised — predictive)

(supervised — predictive)

13U UNUIZAN N13AINASLU

(classification) (prediction)
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n1sALUNUsZLAN (classification)

Color | Diameter (cm) |Output Class
Green 6 Apple
Green 25| Water Melon
Green 4 Apple
Orange 4 Orange
Green 23 ?7?
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ML



a -1 a 4 . .
N15AATITNNTNODYLYUEAY (Linear Regression)

14
X f(X) ’
1 21 10.5 ) V4
2 4.02 7 .
3 6.2 /
4 8.23 3.5
5 10.3 0
6 ?7?

0153456 7.5
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G A 1 v . .
n15i3euswuUlifigaay (unsupervised learning)

/

[T RERNGRTAN

X—

Input tput
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QJ 1 ° ML
N159ANguVaYa (Clustering)

3000 1

2000 1

1000 4

1000 4

2000 -

3000 -

000 1

* TusUll Yoyalinngy

9q

* uazagnseluuuing

-4000  -3000 -2000 -1000 0 1000 2000
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L 4 1 v . .
n1si3eusuuUliiRaau (unsupervised learning)

Ligin1sTvamauld (Output data is NOT given)

N N BN B SN BN BN BN B N B B B B B B . - O N TN I mm
/’ a6 \\ 'I
{ Wiki BT by
[ — ™| .0 ® 1 s vav@w-v.\
I — o0 :.o I :
I — I
| 1 |
| : : time
I , :
! Clustering : I Anomaly Detection
. (unsupervised — descriptive) ,l AN (Lﬁwiu_pe;r\ﬂs_ed_ _dEs_c;r_upE\/_eL
Association
Analysis

ML



Adagnan1seEuswuUliiiEaau (unsupervised learning)

ML

Input (X) Looking for Application

Customer Profiles Spending Market Segmentation
Behavior

Documents Similarity Plagiarism Detection

Credit Card Anomaly Fraud Detection

Transaction

Social Network Groups Communities Recognition

Information

Image Image Segments |Automatic Image

Segmentation
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~ ¥ = oY . . . ML
N1TLIYUILUVUNIAUNFAIU (semi-supervised learning)
~ | N

TEY A danasnuLuuiinaau :

e * g LLUUIIaBN

(Dlats \[VIth Supervised Algorithm *[ Vil J

\a els)

— v

[ a K a Y
aanaswmwu‘lwuﬁgaau

) / Unsupervised Algorithm
Jayanlidite (ugy) *

LUUINABINUSU
92

A
\/

(Data without labels)
[ Revised Model

[
\




1 Y

msf%'auilwuﬁa’lwmaau (semi-unsupervised learning)

Y

ML

[} [ U
YIANTUN N o
YU
(constraints)
~ R

A
\/

[ a K a Y
aanaswmwu‘lwuﬁgaau

Unsupervised Algorithm

Yayannliiivre (Ingy) /

(Data without labels)

[
\

v

[

LUUAADY
Model




= o o o R ML
NI13LIYULUULEIUNTAY (reinforcement learning)

Internal state ‘E;reward

environment

observation

https://becominghuman.ai/the-very-basics-of-reinforcement- .

learning rate o
inverse temperature
discount rate y




n1sisBunuUnnglaenisiseu; (Transfer Learning)

Traditional ML

Learning

Dataset 1 [ System
Task 1

Learning

Dataset 2 =) System
Task 2

Isolated single task learning:
Knowledge is not retained or
accumulated. Learning is performed
w.0. considering past learned
knowledge in other tasks

VS

Transfer Learning

Learning of a new tasks relies on

the previous learned tasks:
Learning process can be faster, more
accurate and/or need less training data

Learning
Dataset 1 O=»| System
Task 1

Learning
Dataset — System
2 Task 2

https://towardsdatascience.com/a-comprehensive-hands-
on-auide-to-transfer-learnina-with-real-world-

95
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N13L3IULVULABULUU (Imitation learning)

Reinforcement learning
https://sermanet.github.io/imitation/  gelf driving car -

ML



Data Science & Artificial Intelligence

Train the trainer

December 14 - 15, 2019



