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We are in the era of big data
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Data sizes

Byte (B)
Kilobyte (KB)
Megabyte (MB)
Gigabyte (GB)
Terabyte (TB)
Petabyte (PB)
Exabyte (EB)
Zettabyte (ZB)
Yottabyte (YB)



How much data?

Google processes 100 PB a day, 3 millions servers
Facebook has 300 PB of user data + 500 TB/day
Youtube has 1000 PB video storage

SMS messages 6.1 TB per year

US Credit card: 1.4B cards, 20B transaction/year

In 2009, total data is about 1ZB, in 2020, it Is
estimated to be 35ZB.



Type of Data

Relational Data (Tables/Transaction/Legacy Data)
Text Data (Web)
Image data, audio data, video data

Graph Data
Social Network, Semantic Web (RDF), ...

XML and JSON data
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- Watch two videos about big data

* What is big data
 https://www.youtube.com/watch?v=PlaJsseTgk4
» Explaining big data

https://www.youtube.com/watch?v=dX7kit8jkjo
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https://www.youtube.com/watch?v=PlaJsseTgk4

Outline

About the course

Practical information and requirement
Course topics

Our schedule
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At the end of the course

You should be able to tell what these terms stand for!
And more...

Bigtable

NOSQL databases

s.‘

L

Volume,Veloclity, Variety
Count-min, FV sketch

Data streaming AML ane JSON

Data model
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After this course

Students are expected to

Select a data model to suit the characteristics
of your data;

Understand sketch techniques to handle
streaming data, including Count-Min, Count-
Sketch and FM Sketch;

Understand GFS, MapReduce and Bigtable
technology

Hands-on experience on Hadoop MapReduce
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Topics of this course

Introduction to big data and data models
(2 weeks)

NoSQL databases (1 week)
Sketches algorithms (2 weeks)
GFS, Mapreduce and Bigtable (2 weeks)



Introduction to big data engineering

Five steps in Big data engineering

1. Acquire data
2. Prepare data
3. Analyze data
4. Report data
5. Act



Step 1 Acquire data

+ Ildentify data set
- Retrieve data or buy data
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Step 2. Prepare data

2.1 Explore data

Understand the nature of data

Preliminary analysis

2.2 Preprocess data

Clean, integrate and package
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Step 3. Analyze data

Select analytical technigues

Build model
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Step 4. Communication results

Visualization and summary
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Step 5. Apply results

- The above five steps are iterative process
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Key technical challenges for big

data

1. Enable scalability
Commodity hardware is cheap

2. Handle fault tolerance
Be ready, crashes happen

3. Optimize performance

4. Provide values
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What is Hadoop?

Apache top level project, open-source
Implementation of frameworks for reliable, scalable,
distributed computing and data storage.
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Hadoop’s Developers

2005: Doug Cutting and Michael J. Cafarella developed Hadoop < =m i
to support distribution for the Nutch search engine project. -

The project was funded by Yahoo.

2006: Yahoo gave the project to Apache Software Foundation.
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Google Origins

The Google File System

20 03 Sanjay Ghemawat, Howard Gobioff, and Shun-Tak Leung

Google

MapReduce: Simplified Data Processing on Large Clusters

2004 Jeffrey Dean and Sanjay Ghemawat
jeff@google.com, sanjay @ google.com

Google, Inc.

Bigtable: A Distributed Storage System for Structured Data

Fay Chang. Jeffrey Diean, Sanjay Ghemawal, Wilson

. Hsich, Debornh A. Wallach
R

2006
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Some Hadoop Milestones

« 2008 - Hadoop Wins Terabyte Sort Benchmark (sorted 1 terabyte
of data in 209 seconds, compared to previous record of 297 seconds)

« 2010 - Hadoop's Hbase, Hive and Pig subprojects completed,
adding more computational power to Hadoop framework

« 2013 - Hadoop 1.1.2 and Hadoop 2.0.3 alpha.
- Ambari, Cassandra, Mahout have been added

« 2016 - Hadoop 3.0.0 Alpha-1
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Hadoop File
System was
developed using
distributed file
system design. Itis
run on commodity
hardware. Unlike
other distributed
systems, HDFS is
highly fault tolerant
and designed using
low-cost hardware.
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Apache Mahout™
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Apache Hive
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Apache Spark
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Apache Storm
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Apache Ambarl
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Wrap-up

We are in the era of big data

4Vs of Big data: Volume, Variety, Velocity and
Veracity

There are five steps in big data engineering,

Including Acquire data, Prepare data, Analyze data,
Report data and Act

Hadoop is an open-source implementation of
frameworks for reliable, scalable, distributed
computing and big data storage.



