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This Lecture
Big Data Problems: Distributing Work, Failures, Slow Machines

HW/SW for Big Data: Map Reduce and Apache Spark

The Structured Query Language (SQL)

SparkSQL

Apache Spark Resources and Community

Apache Web Server Log Files



What is Apache Spark?
Scalable, efficient analysis of Big Data



What is Apache Spark?
Scalable, efficient analysis of Big Data 
 
 
  This lecture



The Big Data Problem
Data growing faster than CPU speeds

Data growing faster than per-machine storage

Can’t process or store all data on one machine



Google Datacenter

How do we program this thing?



The Opportunity
Cloud computing is a game-changer!

Provides access to low-cost computing and storage

Costs decreasing every year

The challenge is programming the resources



What is Apache Spark?
• Scalable, efficient analysis of Big Data



A Brief History of Big Data Processing

Lots of hard drives … and CPUs



Yesterday’s Hardware for Big Data
One big box!
(1990’s solution)
»All processors share memory

Very expensive
»Low volume
»All “premium” hardware

And, still not big enough!

Image: Wikimedia Commons / User:Tonusamuel



Hardware for Big Data
Consumer-grade hardware

Not “gold plated”

Many desktop-like servers
Easy to add capacity
Cheaper per CPU/disk

But, requires complexity in software

Image: Steve Jurvetson/Flickr



Problems with Cheap Hardware
Failures, Google’s numbers:

1-5% hard drives/year
0.2% DIMMs/year

Network speeds versus shared memory
Much more latency
Network slower than storage

Uneven performance

Facebook Datacenter (2014)



What’s Hard About Cluster Computing?

How do we split work across machines?

Let’s look at a simple task: word counting



How do you count the number of occurrences of each word 
in a document?

“I am Sam 
I am Sam 
Sam I am 

Do you like 
Green eggs and ham?”

I: 3 
am: 3 
Sam: 3 
do: 1 
you: 1 
like: 1 

…



One Approach: Use a Hash Table

“I am Sam 
I am Sam 
Sam I am 

Do you like 
Green eggs and ham?”

{}



“I am Sam 
I am Sam 
Sam I am 

Do you like 
Green eggs and ham?”

One Approach: Use a Hash Table

{I :1}



“I am Sam 
I am Sam 
Sam I am 

Do you like 
Green eggs and ham?”

One Approach: Use a Hash Table

{I: 1, 
am: 1}



“I am Sam 
I am Sam 
Sam I am 

Do you like 
Green eggs and ham?”

One Approach: Use a Hash Table

{I: 1, 
am: 1, 
Sam: 1}



“I am Sam 
I am Sam 
Sam I am 

Do you like 
Green eggs and ham?”

One Approach: Use a Hash Table

{I: 2, 
am: 1, 
Sam: 1}



What if the Document is Really Big?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”



What if the Document is Really Big?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 3,
am: 3,
Sam: 3

{do: 2, … }

{Sam: 1,
… }

{Would:1, 
… }

{I: 6,
am: 4,
Sam: 4,
do: 3
… }

What’s the 
problem with this 
approach?

Machines 1- 4

Machine 5
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on one machine
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What if the Document is Really Big?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 3,
am: 3,
Sam: 3

{do: 2, … }

{Sam: 1,
… }

{Would:1, 
… }

{I: 4,
am: 3, 
… }

{I: 2,
do: 1,
… }

{I: 6,
am: 3,
you: 2, 
not: 1, 
… }

Can add aggregation 
layers but results still 
must fit on one machine



What if the Document is Really Big?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 1,
am: 1,
…}

Use Divide and 
Conquer!!

{Would: 1,
you: 1,

…}

{Would: 1,
you: 1,

…}

{do: 1,
you: 1, 

…}

{I: 6,
do: 3, 
… }

Machines 1- 4



What if the Document is Really Big?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 1,
am: 1,
…}

Use Divide and 
Conquer!!

{Would: 1,
you: 1,

…}

{Would: 1,
you: 1,

…}

{do: 1,
you: 1, 

…}

{I: 6,
do: 3, 
… }

{am:5,
Sam: 4, … }

{you: 2,
…}

{Would: 1,
…}

Machines 1- 4 Machines 1- 4



What if the Document is Really Big?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 1,
am: 1,
…}

Use Divide and 
Conquer!!

{Would: 1,
you: 1,

…}

{Would: 1,
you: 1,

…}

{do: 1,
you: 1, 

…}

{I: 6,
do: 3, 
… }

{am:5,
Sam: 4, … }

{you: 2,
…}

{Would: 1,
…}

MAP



What if the Document is Really Big?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 1,
am: 1,
…} Google  

Map Reduce 2004

{Would: 1,
you: 1,

…}

{Would: 1,
you: 1,

…}

{do: 1,
you: 1, 

…}

{I: 6,
do: 3, 
… }

{am:5,
Sam: 4, … }

{you: 2,
…}

{Would: 1,
…}

MAP REDUCE

http://research.google.com/archive/mapreduce.html

Apache Hadoop

http://research.google.com/archive/mapreduce.html
http://research.google.com/archive/mapreduce.html
http://research.google.com/archive/mapreduce.html


Map Reduce for Sorting
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 1,
am: 1,
…}

{Would: 1,
you: 1,

…}

{Would: 1,
you: 1,

…}

{do: 1,
you: 1, 

…}

{1: would, 2: 
you, … }

{3: do,
4: Sam, … }

{5: am, … }

{6: I
…}

“What word is 
used most?”

��2

> 2, 
��4

> 4, 
��5

> 5



What’s Hard About Cluster Computing?
How to divide work across machines?
» Must consider network, data locality
» Moving data may be very expensive

How to deal with failures?
» 1 server fails every 3 years ⇒ with 10,000 nodes see 10 faults/day
» Even worse: stragglers (not failed, but slow nodes)



How Do We Deal with Failures?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{Would: 1,
you: 1,

…}

{Would: 1,
you: 1,

…}

{do: 1,
you: 1, 

…}



How Do We Deal with Machine Failures?

“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 1,
am: 1,
…}

{Would: 1,
you: 1,

…}

{Would: 1,
you: 1,

…}

{do: 1,
you: 1, 

…}

Launch another task!



How Do We Deal with Slow Tasks?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”



How Do We Deal with Slow Tasks?
“I am Sam
I am Sam
Sam I am

Do you like
Green eggs and ham?

I do not like them
Sam I am

I do not like
Green eggs and ham
Would you like them

Here or there?
…”

{I: 1,
am: 1,
…}

{Would: 1,
you: 1,

…}

{Would: 1,
you: 1,

…}

{do: 1,
you: 1, 

…}
Launch another task!



What is Apache Spark?
• Scalable, efficient analysis of Big Data



CPUs: 10 GB/s

100 MB/s

0.1 ms random 
access 

$0.45 per GB

600 MB/s

3-12 ms random 
access 

$0.05 per GB

Datacenter Organization
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CPUs: 10 GB/s

100 MB/s

0.1 ms random 
access 

$0.45 per GB

600 MB/s

3-12 ms random 
access 

$0.05 per GB

1 Gb/s or 125 MB/s

Network

0.1 Gb/s

Nodes in 
another 
rack

Nodes in 
same rack

1 Gb/s or 125 MB/s

Datacenter Organization



Map Reduce: Distributed Execution
MAP REDUCE

Each stage 
passes through 
the hard drives 



Map Reduce: Iterative Jobs
• Iterative jobs involve a lot of disk I/O for each repetition
St

ag
e 

1

St
ag

e 
2

St
ag

e 
3

Disk I/O is 
very slow!



Apache Spark Motivation
• Using Map Reduce for complex jobs, interactive queries 

and online processing involves lots of disk I/O

Query 1
Query 2
Query 3

Interactive mining

Jo
b 

1

Jo
b 

2

…

Stream processing
Also, iterative jobs

Disk I/O is very slow



Tech Trend: Cost of Memory
PR

IC
E 

YEAR 

Memory

disk flash

http://www.jcmit.com/mem2014.htm 

2010: 1 ¢/MB

Lower cost means can 
put more memory in 
each server

http://www.jcmit.com/mem2014.htm
http://www.jcmit.com/mem2014.htm
http://www.jcmit.com/mem2014.htm


Modern Hardware for Big Data

Lots of hard drives

… and memory!

… and CPUs



Opportunity
• Keep more data in-memory

• Create new distributed execution engine:

http://people.csail.mit.edu/matei/papers/2010/hotcloud_spark.pdf 

http://people.csail.mit.edu/matei/papers/2010/hotcloud_spark.pdf
http://people.csail.mit.edu/matei/papers/2010/hotcloud_spark.pdf
http://people.csail.mit.edu/matei/papers/2010/hotcloud_spark.pdf


Use Memory Instead of Disk

iteration 1 iteration 2 .  .  .
Input

HDFS  
read

HDFS  
write

HDFS  
read

HDFS  
write

Input

query 1

query 2

query 3

result 1

result 2

result 3

.  .  .

HDFS  
read



In-Memory Data Sharing

iteration 1 iteration 2 .  .  .
Input

HDFS  
read

Input

query 1

query 2

query 3

result 1

result 2

result 3
.  .  .

one-time 
processing

Distributed 
memory

10-100x faster than network and disk



Spark and Map Reduce Differences 

Apache Hadoop
Map Reduce

Apache Spark

Storage Disk only In-memory or on disk
Operations Map and Reduce Many transformation and 

actions, including Map and 
Reduce

Execution 
model

Batch Batch, interactive, 
streaming

Languages Java Scala, Java, R, and Python



Other Spark and Map Reduce Differences 
Generalized patterns for computation 
   ⇒ provide unified engine for many use cases  
   ⇒ require 2-5x less code

Lazy evaluation of the lineage graph  
   ⇒ can optimize, reduce wait states, pipeline better

Lower overhead for starting jobs

Less expensive shuffles



In-Memory Can Make a Big Difference
(2013) Two iterative Machine Learning algorithms:

K-means Clustering

0 35 70 105 140

4.1
121 Hadoop MR

Spark

sec

Logistic Regression

0 20 40 60 80

0.96
80 Hadoop MR

Spark

sec



http://databricks.com/blog/2014/11/05/spark-officially-sets-a-new-record-in-large-scale-sorting.html

First Public Cloud Petabyte Sort (2014)

Daytona Gray 100 TB 
sort benchmark record 
(tied for 1st place)

http://databricks.com/blog/2014/11/05/spark-officially-sets-a-new-record-in-large-scale-sorting.html
http://databricks.com/blog/2014/11/05/spark-officially-sets-a-new-record-in-large-scale-sorting.html
http://sortbenchmark.org/


Recent Spark Performance Optimizations
Spark has added two key performance optimizations
» In addition to using memory instead of disk

Catalyst Optimization Engine
» 75% reduction in execution time

Project Tungsten off-heap memory  
management
» 75+% reduction in memory usage (less GC)



Catalyst: Shared Optimization & Execution

SQL AST

DataFrame Unresolved 
Logical Plan Logical Plan Optimized 

Logical Plan RDDsSelected 
Physical Plan

Analysis Logical 
Optimization

Physical 
Planning

Co
st 

M
od

el

Physical  
Plans

Code 
Generation

Catalog

DataFrames, Datasets, and Spark SQL  
share the same optimization/execution pipeline

Dataset



Java Virtual Machine Object Overhead
“abcd” Native: 4 bytes with UTF-8 encoding 

Java: 48 bytes
java.lang.String object internals: 
OFFSET  SIZE   TYPE DESCRIPTION      VALUE
     0     4        (object header)  ...
     4     4        (object header)  ...
     8     4        (object header)  ...
    12     4 char[] String.value     []
    16     4    int String.hash      0 
    20     4    int String.hash32    0 

Instance size: 24 bytes (reported by Instrumentation API)

12 byte object header

8 byte hashcode

20 bytes data + overhead



4 “data”

Project Tungsten’s Compact Encoding

0x0 123 32L 48L 3 “big”

(123, “big”, “data”) 

Null bitmap

Offset to data

Offset to data Field lengths



Review: Key Data Management Concepts
• A data model  is a collection of concepts for describing data

• A schema is a description of a particular collection of data, using a 
given data model

• A relational data model is the most used data model
» Relation, a table with rows and columns 
» Every relation has a schema defining fields in columns



Review: Key Data Management Concepts
• A data model  is a collection of concepts for describing data

• A schema is a description of a particular collection of data, using a 
given data model

• A relational data model is the most used data model
» Relation, a table with rows and columns 
» Every relation has a schema defining fields in columns



The Structure Spectrum

Structured 
(schema-first)

Relational 
Database

Formatted 
Messages

Semi-Structured 
(schema-later)

Documents 
XML  
JSON 

Tagged Text/Media 

Unstructured 
(schema-never)

Plain Text

Media 

This#lecture



Relational Database: Definitions
• Relational database: a set of relations 

• Two parts to a Relation:
Schema: specifies name of relation, plus each column’s name and type
 Students(sid:*string,*name:*string,*email:*string, 
********age:*integer,*gpa:*real)

!!

Instance: the actual data at a given time 
• #rows = cardinality
• #fields = degree



What is a Database? 
• A large organized collection of data
» Transactions used to modify data

• Models real world, e.g., enterprise
» Entities (e.g., teams, games)
» Relationships, e.g., 
»    A plays against B in The World Cup



Large Databases
• US Internal Revenue Service: 150 Terabytes

• Australian Bureau of Stats: 250 Terabytes

• AT&T call records: 312 Terabytes

• eBay database: 1.4 Petabytes

• Yahoo click data: 2 Petabytes

• What matters for these databases? 

http://www.computerworld.com/article/2536160/business-intelligence/been-audited-lately--blame-the-irs-s-massive--superfast-data-warehouse.html
http://www.dbms2.com/2009/09/19/oracle-database-siz/
http://www.comparebusinessproducts.com/fyi/10-largest-databases-in-the-world
http://www.computerworld.com/article/2535825/business-intelligence/size-matters--yahoo-claims-2-petabyte-database-is-world-s-biggest--busiest.html
http://www.computerworld.com/article/2535825/business-intelligence/size-matters--yahoo-claims-2-petabyte-database-is-world-s-biggest--busiest.html


Large Databases
• US Internal Revenue Service: 150 Terabytes

• Australian Bureau of Stats: 250 Terabytes

• AT&T call records: 312 Terabytes

• eBay database: 1.4 Petabytes

• Yahoo click data: 2 Petabytes

• What matters for these databases? 

Availability
Timeliness

Accuracy, Consistency, Durability

Fast, Rich queries

Accuracy, Consistency, 
Durability, Rich queries

http://www.computerworld.com/article/2536160/business-intelligence/been-audited-lately--blame-the-irs-s-massive--superfast-data-warehouse.html
http://www.dbms2.com/2009/09/19/oracle-database-siz/
http://www.comparebusinessproducts.com/fyi/10-largest-databases-in-the-world
http://www.computerworld.com/article/2535825/business-intelligence/size-matters--yahoo-claims-2-petabyte-database-is-world-s-biggest--busiest.html
http://www.computerworld.com/article/2535825/business-intelligence/size-matters--yahoo-claims-2-petabyte-database-is-world-s-biggest--busiest.html


Example: Instance of Students Relation

• Cardinality = 3 (rows)
• Degree = 5 (columns)
• All rows (tuples) are distinct

sid  name  login  age  gpa  
53666 Jones  jones@eecs 18 3.4 
53688 Smith  smith@statistics 18 3.2 
53650 Smith  smith@math  19 3.8 

 

Students(sid:string,!name:string,!login:string,!age:integer,!gpa:real)

Attribute names

Table name

Tuples or rows



SQL - A language for Relational DBs
• SQL = Structured Query Language

• Supported by Spark DataFrames (SparkSQL)

• Some of the functionality SQL provides:
» Create, modify, delete relations
» Add, modify, remove tuples
» Specify queries to find tuples matching criteria

http://en.wikipedia.org/wiki/SQL
http://spark.apache.org/docs/latest/api/python/pyspark.sql.html


 Queries in SQL 
• Single-table queries are straightforward
• To find all 18 year old students, we can write:

• To find just names and logins:

SELECT!* 
!!FROM!Students!S 
!WHERE!S.age=18

SELECT!S.name,!S.login!
!!FROM!Students!S 
!WHERE!S.age=18



 Querying Multiple Relations
• Can specify a join over two tables as follows:

• First, combine the two tables, S and E

SELECT S.name, E.cid 
 FROM Students S, Enrolled E 
 WHERE S.sid=E.sid

E.sid E.cid E.grade

53831 Physics203 A

53650 Topology112 A

53341 History105 B

S.sid S.name S.login S.age S.gpa

53341 Jones jones@cs 18 3.4

53831 Smith smith@ee 18 3.2

E S
Students

Enrolled



Cross Join
• Cartesian product of two tables (E x S):

E.sid E.cid E.grade

53831 Physics203 A

53650 Topology112 A

53341 History105 B

S.sid S.name S.login S.age S.gpa

53341 Jones jones@cs 18 3.4

53831 Smith smith@ee 18 3.2

E S
StudentsEnrolled



Cross Join
• Cartesian product of two tables (E x S):

E.sid E.cid E.grade

53831 Physics203 A

53650 Topology112 A

53341 History105 B

S.sid S.name S.login S.age S.gpa

53341 Jones jones@cs 18 3.4

53831 Smith smith@ee 18 3.2

E S
StudentsEnrolled

E.sid E.cid E.grade S.sid S.name S.login S.age S.gpa

53831 Physics203 A 53341 Jones jones@cs 18 3.4

53650 Topology112 A 53341 Jones jones@cs 18 3.4

53341 History105 B 53341 Jones jones@cs 18 3.4

53831 Physics203 A 53831 Smith smith@ee 18 3.2

53650 Topology112 A 53831 Smith smith@ee 18 3.2

53341 History105 B 53831 Smith smith@ee 18 3.2



E.sid E.cid E.grade S.sid S.name S.login S.age S.gpa

53831 Physics203 A 53341 Jones jones@cs 18 3.4

53650 Topology112 A 53341 Jones jones@cs 18 3.4

53341 History105 B 53341 Jones jones@cs 18 3.4

53831 Physics203 A 53831 Smith smith@ee 18 3.2

53650 Topology112 A 53831 Smith smith@ee 18 3.2

53341 History105 B 53831 Smith smith@ee 18 3.2

Where Clause
• Choose matching rows using Where clause:

SELECT S.name, E.cid 
 FROM Students S, Enrolled E 
 WHERE S.sid=E.sid



E.sid E.cid E.grade S.sid S.name S.login S.age S.gpa

53831 Physics203 A 53341 Jones jones@cs 18 3.4

53650 Topology112 A 53341 Jones jones@cs 18 3.4

53341 History105 B 53341 Jones jones@cs 18 3.4

53831 Physics203 A 53831 Smith smith@ee 18 3.2

53650 Topology112 A 53831 Smith smith@ee 18 3.2

53341 History105 B 53831 Smith smith@ee 18 3.2

Select Clause
• Filter columns using Select clause:

SELECT S.name, E.cid 
 FROM Students S, Enrolled E 
 WHERE S.sid=E.sid



Result

• Can specify a join over two tables as follows:
SELECT S.name, E.cid 
 FROM Students S, Enrolled E 
 WHERE S.sid=E.sid

Result =
S.name E.cid

Jones History105

Smith Physics203

E.sid E.cid E.grade

53831 Physics203 A

53650 Topology112 A

53341 History105 B

S.sid S.name S.login S.age S.gpa

53341 Jones jones@cs 18 3.4

53831 Smith smith@ee 18 3.2

E S
Students

Enrolled



Explicit SQL Joins
SELECT S.name, E.classid 
 FROM Students S INNER JOIN Enrolled E ON S.sid=E.sid

S.name S.sid

Jones 11111

Smith 22222

Brown 33333

E.sid E.classid

11111 History105

11111 DataScience194

22222 French150

44444 English10

S.name E.classid

Jones History105

Jones DataScience194

Smith French150

ES

Result



Equivalent SQL Join Notations
• Explicit Join notation (preferred):

• Implicit join notation (deprecated):

SELECT S.name, E.classid 
 FROM Students S INNER JOIN Enrolled E ON S.sid=E.sid

SELECT S.name, E.cid 
 FROM Students S, Enrolled E 
 WHERE S.sid=E.sid

SELECT S.name, E.classid 
 FROM Students S JOIN Enrolled E ON S.sid=E.sid



SQL Types of Joins
SELECT S.name, E.classid 
 FROM Students S INNER JOIN Enrolled E ON S.sid=E.sid

S.name S.sid

Jones 11111

Smith 22222

Brown 33333

E.sid E.classid

11111 History105

11111 DataScience194

22222 French150

44444 English10

S.name E.classid

Jones History105

Jones DataScience194

Smith French150

ES

Result

Unmatched keys

The type of join controls how unmatched keys are handled



SQL Joins: Left Outer Join
SELECT S.name, E.classid 
 FROM Students S LEFT OUTER JOIN Enrolled E ON S.sid=E.sid

S.name S.sid

Jones 11111

Smith 22222

Brown 33333

E.sid E.classid

11111 History105

11111 DataScience194

22222 French150

44444 English10

S.name E.classid

Jones History105

Jones DataScience194

Smith French150

Brown <NULL>

ES

Result

Unmatched keys



SQL Joins: Right Outer Join
SELECT S.name, E.classid 
 FROM Students S RIGHT OUTER JOIN Enrolled E ON 
S.sid=E.sid

S.name S.sid

Jones 11111

Smith 22222

Brown 33333

E.sid E.classid

11111 History105

11111 DataScience194

22222 French150

44444 English10

S.name E.classid

Jones History105

Jones DataScience194

Smith French150

<NULL> English10

ES

Result

Unmatched keys



Spark Joins
• SparkSQL and Spark DataFrames support joins

• join(other,!on,!how): 
» other – right side of the join
» on –join column name, list of column (names), or join expression
» how – inner, outer, left_outer, right_outer, left_semi

http://spark.apache.org/docs/latest/api/python/pyspark.sql.html
http://spark.apache.org/docs/latest/api/python/pyspark.sql.html#pyspark.sql.DataFrame.join
http://spark.apache.org/docs/latest/api/python/pyspark.sql.html#pyspark.sql.DataFrame.join
http://spark.apache.org/docs/latest/api/python/pyspark.sql.html#pyspark.sql.DataFrame.join
http://spark.apache.org/docs/latest/api/python/pyspark.sql.html#pyspark.sql.DataFrame.join
http://spark.apache.org/docs/latest/api/python/pyspark.sql.html#pyspark.sql.DataFrame.join
http://spark.apache.org/docs/latest/api/python/pyspark.sql.html#pyspark.sql.DataFrame.join
http://spark.apache.org/docs/latest/api/python/pyspark.sql.html#pyspark.sql.DataFrame.join


Spark Join Examples(I)
>>>!df!=!sqlContext.createDataFrame(data,!['name',!'age'])
[Row(name=u'Alice',!age=1),!Row(name=u'Bob',!age=2)]
>>>!df2!=!sqlContext.createDataFrame(data2,['name',!'height'])!
[Row(name=u'Chris',!height=80),!Row(name=u'Bob',!height=85)]

 !
>>>!df.join(df2,!'name')
[Row(name=u'Bob',!age=2,!height=85)]

Inner Join – X.join(Y,!cols)
» Return DF of rows with matching cols in both X and Y



Spark Join Examples(II)
>>>!df!=!sqlContext.createDataFrame(data,!['name',!'age'])
[Row(name=u'Alice',!age=1),!Row(name=u'Bob',!age=2)]
>>>!df2!=!sqlContext.createDataFrame(data2,['name',!'height'])!
[Row(name=u'Chris',!height=80),!Row(name=u'Bob',!height=85)]

 !
>>>!df.join(df2,!'name').select(df.name,!df2.height)
[Row(name=u'Bob',!height=85)]

Inner Join – X.join(Y,!cols)
» Return DF of rows with matching cols in both X and Y



Spark Join Examples(III)
>>>!df!=!sqlContext.createDataFrame(data,!['name',!'age'])
[Row(name=u'Alice',!age=1),!Row(name=u'Bob',!age=2)]
>>>!df2!=!sqlContext.createDataFrame(data2,['name',!'height'])!
[Row(name=u'Chris',!height=80),!Row(name=u'Bob',!height=85)]

 !
>>>!df.join(df2,!'name',!'outer')!
[Row(name=u'Chris',!age=None,!height=80),
!Row(name=u'Alice',!age=1,!height=None),
!Row(name=u'Bob',!age=2,!height=85)]!

Outer Join – X.join(Y,!cols,'outer')
» Return DF of rows with matching cols in either X and Y



Spark Join Examples(IV)
>>>!df!=!sqlContext.createDataFrame(data,!['name',!'age'])
[Row(name=u'Alice',!age=1),!Row(name=u'Bob',!age=2)]
>>>!df2!=!sqlContext.createDataFrame(data2,['name',!'height'])!
[Row(name=u'Chris',!height=80),!Row(name=u'Bob',!height=85)]

 !
>>>!df.join(df2,!'name',!'outer').select('name',!'height')!
[Row(name=u'Chris',!height=80),
!Row(name=u'Alice',!height=None),
!Row(name=u'Bob',!height=85)]

Outer Join – X.join(Y,!cols,'outer')
» Return DF of rows with matching cols in either X and Y



Spark Join Examples(V)
>>>!df!=!sqlContext.createDataFrame(data,!['name',!'age'])
[Row(name=u'Alice',!age=1),!Row(name=u'Bob',!age=2)]
>>>!df2!=!sqlContext.createDataFrame(data2,['name',!'height'])!
[Row(name=u'Chris',!height=80),!Row(name=u'Bob',!height=85)]

 !
>>>!df.join(df2,!'name',!'left_outer')!
[Row(name=u'Alice',!age=1,!height=None),
!Row(name=u'Bob',!age=2,!height=85)]

Left Outer Join – X.join(Y,!cols, 
!!!!!!!!!!!!!!!!!!!'left_outer')

» Return DF of rows with matching cols in X



Spark Join Examples(VI)
>>>!df!=!sqlContext.createDataFrame(data,!['name',!'age'])
[Row(name=u'Alice',!age=1),!Row(name=u'Bob',!age=2)]
>>>!df2!=!sqlContext.createDataFrame(data2,['name',!'height'])!
[Row(name=u'Chris',!height=80),!Row(name=u'Bob',!height=85)]

 !
>>>!df.join(df2,!'name',!'right_outer')!
[Row(name=u'Chris',!age=None,!height=80),
!Row(name=u'Bob',!age=2,!height=85)]

Right Outer Join – X.join(Y,!cols, 
!!!!!!!!!!!!!!!!!!'right_outer')

» Return DF of rows with matching cols in Y



        Online Documentation
https://spark.apache.org/docs/latest/ 

https://spark.apache.org/docs/latest/
https://spark.apache.org/docs/latest/
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              Technical Blogs
Databricks: https://databricks.com/blog/category/engineering   

Cloudera:  http://blog.cloudera.com/blog/category/spark/  

IBM:  http://www.spark.tc/blog/   

• Hortonworks:  http://hortonworks.com/blog/category/spark/

• Many more! (eBay, AWS, MapR, Datastax, etc)

https://databricks.com/blog/category/engineering
http://blog.cloudera.com/blog/category/spark/
http://www.spark.tc/blog/


          on YouTube
Check out the 
Apache Spark 
YouTube 
Channel!

https://www.youtube.com/c/theapachespark


              Community http://spark.apache.org/community.html 

http://spark.apache.org/community.html
http://spark.apache.org/community.html


              Meetups

http://spark.meetup.com/ 

http://spark.meetup.com/
http://spark.meetup.com/
http://spark.meetup.com/


Databricks Forums
Community forum for 
Databricks users 

Mostly Databricks-specific Q&A 

Some general Spark Q&A

https://forums.databricks.com/ 

https://forums.databricks.com/
https://forums.databricks.com/


              Packages
232 software packages for Spark 
» User-provided Spark extensions 
» Community votes

http://spark-packages.org/ 

http://spark-packages.org/
http://spark-packages.org/


              Source Code

Hint: For detailed 
explanations, check out 
comments in code

https://github.com/apache/spark/  

https://github.com/apache/spark/
https://github.com/apache/spark/


               Research Papers
Spark: Cluster Computing with 
Working Sets

June 2010

http://www.cs.berkeley.edu/~matei/papers/2010/hotcloud_spark.pdf 



               Research Papers
Resilient Distributed Datasets:  A 
Fault-Tolerant Abstraction for In-
Memory Cluster Computing

April 2012

http://www.cs.berkeley.edu/~matei/papers/2012/nsdi_spark.pdf 



              SQL
Spark SQL: Relational Data 
Processing in Spark
Seemlessly mix SQL queries with Spark programs

https://amplab.cs.berkeley.edu/wp-content/uploads/2015/03/SparkSQLSigmod2015.pdf 

June 2015
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Historical References
• circa 1979 – Stanford, MIT, CMU, etc.:  set/list operations in LISP, Prolog, etc., for parallel processing 

http://www-formal.stanford.edu/jmc/history/lisp/lisp.html 
• circa 2004 – Google: MapReduce: Simplified Data Processing on Large Clusters  

 Jeffrey Dean and Sanjay Ghemawat  
http://research.google.com/archive/mapreduce.html

• circa 2006 – Apache Hadoop, originating from the Yahoo!’s Nutch Project 
 Doug Cutting 
http://nutch.apache.org/ 

• circa 2008 – Yahoo!: web scale search indexing 
 Hadoop Summit, HUG, etc. 
http://hadoop.apache.org/ 

• circa 2009 – Amazon AWS:  Elastic MapReduce 
 Hadoop modified for EC2/S3, plus support for Hive, Pig, Cascading, etc. 
http://aws.amazon.com/elasticmapreduce/



Spark Research Papers
• Spark: Cluster Computing with Working Sets 

Matei Zaharia, Mosharaf Chowdhury, Michael J. Franklin, Scott Shenker, Ion Stoica 
USENIX HotCloud (2010)  
people.csail.mit.edu/matei/papers/2010/hotcloud_spark.pdf

• Resilient Distributed Datasets: A Fault-Tolerant Abstraction for 
In-Memory Cluster Computing 
Matei Zaharia, Mosharaf Chowdhury, Tathagata Das,  
Ankur Dave, Justin Ma, Murphy McCauley, Michael J. Franklin,  
Scott Shenker, Ion Stoica 
NSDI (2012)  
usenix.org/system/files/conference/nsdi12/nsdi12-final138.pdf


