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Last Week‘s Review

► RDD: a distributed memory abstraction that is both fault tolerant and
efficient

► Spark Programming Model 
► Two types of operations: Transformations and Actions.

► Spark Execution Flow

► RDD fault tolerance: Lineage graph
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Resilient Distributed Datasets (RDD)

• A distributed memory abstraction
• Immutable collections of objects spread across a cluster.
• An RDD is divided into a number of partitions, which are atomic pieces

of information.
• Partitions of an RDD can be stored on different nodes of a cluster.

3



CPSC 436C  Cloud Computing for Data Science – Structured Data Processing   Maryam R.Aliabadi

Spark Programming Model
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Job Execution Workflow

1.Lineage Creation

2. Dependence and Stage Identification

3.Task Scheduling

4.Shuffle

5.Execution
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Job Execution Workflow
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Fault Tolerance
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► Assume one of the partitions fails.

► We only have to recompute the data shown below to get back on track.
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Fault Tolerance

8

► If a task fails, it will be re-ran on another node, as long as its stages parents are available.

► If some stages become unavailable, the tasks are submitted to compute the missing
partitions in parallel.

► Since RDD is in memory it will be very fast to access the RDD and repeat tranformations

► Recovery may be time-consuming for RDDs with long lineage chains and wide dependencies.

► It can be helpful to checkpoint some RDDs to stable storage.

► Decision about which data to checkpoint is left to users.
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Quiz Time 

• iClicker: YFMA
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Activity: Deployment Strategy Debate

Objective
• Compare the following deployment models for a real-time image

classification application in the cloud.

• Consider Deployment Strategies:
1. N Virtual Machines with Load Balancer
2. Spark Cluster with N nodes
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Think Pair Share

Discuss your decision with a neighbor, focusing on the 
”Management Complexity" aspect, for 30 seconds.
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Think Pair Share

Discuss your decision with a neighbor, focusing on the 
”Resource Utilization" aspect, for 30 seconds.
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Think Pair Share

Discuss your decision with a neighbor, focusing on the 
"Cost" aspect, for 30 seconds.
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Think Pair Share

Discuss your decision with a neighbor, focusing on the 
”Inference Time" aspect, for 30 seconds.
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Spark Cluster Or N Virtual Machines

N Virtual Machines Spark Cluster

Management Complexity
More complex management and scaling of virtual 
machines, requires handling load balancer 
configuration

Streamlined deployment and 
management process, but may require 
expertise in Spark setup

Resource Utilization
May experience resource wastage during periods 
of low traffic due to fixed number of virtual 
machines

Efficient utilization of resources through 
Spark's distributed computing

Inference Speed
Depends on the number and performance of 
virtual machines, potential latency due to load 
balancer overhead

Faster inference times possible through 
Spark's distributed computing

Cost
Potential higher cost due to maintaining a fixed 
number of virtual machines, especially during 
periods of low traffic

Potentially more cost-effective due to 
efficient resource utilization, but may 
require investment in Spark setup
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Today’s Topics: 

21

Structured Data 
Processing
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Motivation

22

• Users often prefer writing declarative queries. 
• Lack of schema.
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Spark SQL

• Spark SQL was first released in Spark 1.0 (May, 2014).
• Initial committed by Michael Armbrust & Reynold Xin from 

Databricks.
• Spark introduces a programming module for structured data 

processing called Spark SQL.
• It provides a programming abstraction called DataFrame and can act 

as distributed SQL query engine.
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Spark and 
SparkSQL
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Structured Data Vs. RDD
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► case c lass  Account (name: Str ing ,  balance: Double, r i s k :
Boolean)

► RDD[Account]

► RDDs don’t know anything about the schema of the data it’s dealing 
with.
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Structured Data Vs. RDD
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► case c lass  Account (name: Str ing ,  balance: Double, r i s k :  
Boolean)

► RDD[Account]

►A database/Hive sees it as a columns of named and typed values.
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DataFrames and Datasets

►Spark has two notions of structured collections:
• DataFrames
• Datasets

►They are distributed table-like collections with well-defined rows and
columns.
►They represent immutable lazily evaluated plans.
►When an action is performed on them, Spark performs the actual
transformations and return the result.
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DataFrames

28

► Consists of a series of rows and a number of columns.
► Equivalent to a table in a relational database.
► Spark + RDD: functional transformations on partitioned collections of 

objects.
► SQL + DataFrame: declarative transformations on partitioned collections 

of tuples.
► This API was designed for modern Big Data and data science 

applications taking inspiration from DataFrame in R Programming 
and Pandas in Python.
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Schema

29

►Defines the column names and types of a DataFrame.
►Assume people.json file as an input:
{"name":"Michael",  " age " : 1 5 ,  " i d " : 1 2 }
{"name":"Andy", " age " : 3 0 ,  " i d " : 1 5 }
{ " n a m e " : " J u st i n " ,  " age " : 1 9 ,  " i d " : 2 0 }
{"name":"Andy", " age " : 1 2 ,  " i d " : 1 5 }
{"name":"J im",  " age " : 1 9 ,  " i d " : 2 0 }
{"name":"Andy", " age " : 1 2 ,  " i d " : 1 0 }

v a l  people = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " )  
people.schema

/ /  r e t u r n s :  
StructType( St r u c t F i e l d ( age, LongType, t rue) ,   
S t r u c t F i e l d ( i d , L o n g Ty p e ,t r u e ) ,  
S t r u c t F i e l d ( n a m e , S t r i n g Ty p e ,t r u e ) )
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Column

30

► They are like columns in a table.

► col  returns a reference to a column.
► expr performs transformations on a column.

► columns returns all columns on a DataFrame

v a l  people = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " )

c o l ( " a g e " )

exp("age + 5 < 32")  

people.columns
/ /  r e t u r n s :  A r r a y [ S t r i n g ]  = Array(age,  i d ,  name)
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Column 

31

31 / 69

►Different ways to refer to a column.

v a l  people = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " )

people.col("name") 

col("name") 

column("name") 

’name

$"name" 

expr( "name")
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Row

32

►A row is a record of data.
► They are of type Row.
► Rows do not have schemas.

import org.apache.spark.sq l .Row

v a l  myRow = Row ( " S e i f " ,  6 5 ,  0 )
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Row

33

►A row is a record of data.
► They are of type Row.
► Rows do not have schemas.

• The order of values should be the same order as the schema of the DataFrame to 
which they might be appended.

► To access data in rows, you need to specify the position that you would like.
import org.apache.spark.sq l .Row

v a l  myRow = Row ( " S e i f " ,  6 5 ,  0 )

myRow(0) / /  type Any 
myRow(0).as InstanceOf[Str ing]  / /  S t r i n g  
myRow.getString(0) / /  S t r i n g  
myRow.getInt(1) / /  I n t
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Creating DataFrames

34

► Two ways to create a DataFrame:
1. From an RDD
2. From raw data sources
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Creating a DataFrame – From an RDD

35

► The schema automatically inferred.

► You can use toDF to convert an RDD to DataFrame.

v a l  tupleRDD  = s c . p a r a l l e l i z e ( A r r a y ( ( " s e i f " ,  6 5 ,  0 ) ,  ( " a m i r " ,  4 0 ,  1 ) )  
v a l  tupleDF = tupleRDD.toDF("name", " age " ,  " i d " )



CPSC 436C  Cloud Computing for Data Science – Structured Data Processing   Maryam R.Aliabadi

Creating a DataFrame – From Data Source
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►Data sources supported by Spark.
• CSV, JSON, Parquet, ORC, JDBC/ODBC connections, Plain-text files
• Cassandra, HBase, MongoDB, AWS Redshift, XML, etc.

v a l  peopleJson = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " )

v a l  peopleCsv = s p ar k . re ad .fo r m at ( " c sv " )
. o p t i o n ( " s e p " ,  " ; " )
.opt ion(" inferSchema",  " t r u e " )
. o pt io n ( " h e ad e r " ,  " t r u e " )
. l o a d ( " p e o p l e . c s v " )

v a l  peopledelta = s p a r k . re a d .fo r m at ( " d e l ta " ) . l o a d ( " / p at h / to / d e l ta / ta b l e " )
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DataFrame Transformation

37

►Add and remove rows or columns

► Transform a row into a column (or vice versa)
► Change the order of rows based on the values in columns

[M. Z a h a r ia  e t  a l . ,  S p a r k :   The D e f i n i t i v e  G uide,  O ’ R e i l l y  Media, 2018]
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DataFrame Transformation

38

► select  and selectExpr allow to do the DataFrame equivalent of SQL 
queries on a table of data.

/ /  s e l e c t
people .se lect ("name",  " a ge " ,  " i d " ) . s h o w ( 2 )

/ /  s e l e c t E x p r
p e o p l e . s e l e c t E x p r ( " * " ,  " (age  < 20)  as  teenager") .show()  
p e o p l e . s e l e c t E x p r ( " avg ( a ge ) " ,  " c o u n t ( d i s t i n c t ( n a m e ) ) " ,  "sum( id)" ) . show()
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DataFrame Transformation

39
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► f i l t e r  and where both filter rows.

► dist inct  can be used to extract unique rows.

p e o p l e . f i l t e r ( " a g e  <  20") .show()

people.where("age < 20") .show()  

p e o p l e . s e l e c t ( " n a m e " ) . d i s t i n c t ( ) . s h o w ( )
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DataFrame Transformation

40
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►withColumn adds a new column to a DataFrame.

►withColumnRenamed renames a column.
► drop removes a column.

/ /  withColumn
people.withColumn("teenager", expr("age < 2 0 " ) ) . s h ow ( )

/ /  withColumnRenamed
people.withColumnRenamed("name", "username").columns

/ /  drop
people.drop("name").columns
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What is the output?

41

people.withColumn("teenager", expr("age < 2 0 " ) ) . s h ow ( )

+ - - - + - - - + - - - - - - - +
|age| i d |  name|
+ - - - + - - - + - - - - - - - +
| 15| 12|Michael|
| 30|  15| Andy|
| 19| 20| J u s t i n |
+ - - - + - - - + - - - - - - - +

Option 1
+ - - - + - - - + - - - - - - - + - - - - - - - - +

Option 2
+ - - - + - - - + - - - - - - - + - - - - - - - - +

|age| i d |  name|teenager| |age| i d |  name|teenager|
+ - - - + - - - + - - - - - - - + - - - - - - - - +  + - - - + - - - + - - - - - - - + - - - - - - - - +
| 15| 12|Michael|
| 30|  15| Andy|
| 19| 20| J u s t i n |

true|  
f a l se|   
t rue|

| 15| 12|Michae l |  t rue|
| 19| 20| Ju s t i n |  true|
+ - - - + - - - + - - - - - - - + - - - - - - - - +

+ - - - + - - - + - - - - - - - + - - - - - - - - +



CPSC 436C  Cloud Computing for Data Science – Structured Data Processing   Maryam R.Aliabadi

DataFrame Actions

► Like RDDs, DataFrames also have their own set of actions.

► collect: returns an array that contains all of rows in this DataFrame.

► count: returns the number of rows in this DataFrame.

► f i r s t and head: returns the first row of the DataFrame.

► show: displays the top 20 rows of the DataFrame in a tabular form.

► take: returns the first n rows of the DataFrame.

43
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Aggregation

44
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Aggregation 

• In an aggregation you specify
•   A key for grouping
•   An aggregation function

• The given function must produce one result for each group.

45
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Summarizing a complete DataFrame

47

► count returns the total number of values.

► countDistinct returns the number of unique groups.
► f i r s t  and l a s t  return the first and last value of a DataFrame.

v a l  people = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " )

p e o p le . s e le c t ( co u nt ( " age " ) ) . s h ow ( )  

people .se lect (countDist inct ("name") ) . show()  

p e o p l e . s e l e c t ( f i r s t ( " n a m e " ) ,  l a s t ( " a g e " ) ) . s h o w ( )
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Summarizing a complete DataFrame

48

►min and max extract the minimum and maximum values from a 
DataFrame.

► sum adds all the values in a column.

► avg calculates the average.

v a l  people = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " )

people .se lect (min("name") ,  max("age") ,  max(" id" ) ) . show()  

people .se lect (sum("age") ) . show()

p e o p l e . s e l e c t ( avg ( " a ge " ) ) . s h o w ( )
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Group By

► Perform aggregations on groups in the data.

► Typically on categorical data.

►We do this grouping in two phases:
1. Specify the column(s) on which we would like to group.
2. Specify the aggregation(s).

49
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Group By

50

►Grouping with expressions
• Rather than passing that function as an expression into a se lect  

statement, we specify it as within agg.

v a l  people = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " )

people . groupBy("name") .ag g(count("age") .a l ias ("ageag g") ) . show()
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Windowing 

53

► Computing some aggregation on a specific window of data.

► The window determines which rows will be passed in to this function.
► You define them by using a reference to the current data.

►A group of rows is called a frame.



CPSC 436C  Cloud Computing for Data Science – Structured Data Processing   Maryam R.Aliabadi

Windowing
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►Unlike grouping, here each row can fall into one or more frames.

import org.apache.spark.sql .express ions.Window 
import o r g . a p a c h e . s p a r k . s q l . f u n c t i o n s . c o l

v a l  people = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " )  

v a l  windowSpec = Window.rowsBetween(-1, 1 )
v a l  avgAge = avg(col ("age")) .over(windowSpec)
p e o p le . s e le c t ( co l ( " n am e " ) ,  c o l ( " a g e " ) ,  avgAge.a l ias ("avg_age")) .show
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SQL

► You can run SQL queries on views/tables via the method sql on the
SparkSession object.sofar we have used specific api

56
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s p ar k . s q l ( " S E L EC T  * from people_view").show()

+ - - - + - - - + - - - - - - - +
|age| i d |  name|
+ - - - + - - - + - - - - - - - +
| 15| 12|Michael|
| 30|  15| Andy|
| 19| 20| J u s t i n |
| 12|  15| Andy|
| 19|  20| Jim|
| 12|  10| Andy|
+ - - - + - - - + - - - - - - - +
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Temporary View
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► createOrReplaceTempView creates (or replaces) a lazily evaluated 
view.

► You can use it like a table in Spark SQL.

people.createOrReplaceTempView("people_view")

v a l  teenagersDF = s p ar k . s q l ( " S E L EC T  name, age FROM people_view WHERE age BETWEEN 13 AND 19")
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DataSets

58
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Dataset

62

► Datasets can be thought of as typed distributed collections of data.

► Dataset API unifies the DataFrame and RDD APls.
► You can consider a DataFrame as an alias for Dataset[Row]

► A new interface added in Spark 1.6

► Static-typing and runtime type-safety

type DataFrame = Dataset[Row]
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Structured API in Spark

63
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Creating Datasets
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► To convert a sequence or an RDD to a Dataset, we can use toDS().

► You can call as[SomeCaseClass] to convert the DataFrame to a 
Dataset.

case c l a s s  Person(name: S t r i n g ,  age :  B i g I n t ,  i d :  B i g I n t )
v a l  personSeq = Seq(Person("Max", 3 3 ,  0 ) ,  Person("Adam", 3 2 ,  1 ) )

v a l  ds1 =  s c . p a ra l l e l i ze ( p e rs o n S e q ) . t o D S

v a l  ds2  = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " ) . a s [ Pe rs o n ]
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Dataset Transformation
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► Transformations on Datasets are the same as those that we had on 
DataFrames.

►Datasets allow us to specify more complex and strongly typed 
transformations.

case c l a s s  Person(name: S t r i n g ,  age :  B i g I n t ,  i d :  B i g I n t )

v a l  people = s p a r k . re a d .fo r m at ( " j s o n " ) . l o a d ( " p e o p l e . j s o n " ) . a s [ Pe rs o n ]  

p e o p l e . f i l t e r ( x  => x .age  < 40) .show()

people.map(x => (x.name, x .age  + 5 ,  x . i d ) ) . s h o w ( )



CPSC 436C  Cloud Computing for Data Science – Structured Data Processing   Maryam R.Aliabadi

Structured Data Execution

66
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Structured Data Execution - Steps

67

► 1. Write DataFrame/Dataset/SQL Code.

► 2. If valid code, Spark converts this to a logical plan.
► 3. Spark transforms this logical plan to a Physical Plan

• Checking for optimizations along the way.

► 4. Spark then executes this physical plan (RDD manipulations) on the 
cluster.
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Logical Planning 

68

► The logical plan represents a set of abstract transformations.
► This plan is unresolved.

• The code might be valid, the tables/columns that it refers to might not exist.

► Spark uses  the catalog, a repository of all table and DataFrame 
information, to resolve columns and tables in the analyzer.

[M. Z a h a r ia  e t  a l . ,  S p a r k :   The D e f i n i t i v e  G uide,  O ’ R e i l l y  Media, 2018]
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Logical Planning

69

► The analyzer might reject the unresolved logical plan.

► If the analyzer can resolve it, the result is passed through the Catalyst 
optimizer.

► It converts the user’s set of expressions into the most optimized 
version.

[M. Z a h a r ia  e t  a l . ,  S p a r k :   The D e f i n i t i v e  G uide,  O ’ R e i l l y  Media, 2018]
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Physical Planning 

70

► The physical plan specifies how the logical plan will execute on the 
cluster.

► Physical planning results in a series of RDDs and transformations.

[M. Z a h a r ia  e t  a l . ,  S p a r k :   The D e f i n i t i v e  G uide,  O ’ R e i l l y  Media, 2018]

70 / 69
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Execution

►Upon selecting a physical plan, Spark runs all of this code over RDDs.

► Spark performs further optimizations at runtime.

► Finally, the result is returned to the user.

71
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Spark SQL; The Whole Story

• Create and Run Spark Programs Faster:

1.Write less code.
2.Read less data.
3.Let the optimizer do the hard work.

72



CPSC 436C  Cloud Computing for Data Science – Structured Data Processing   Maryam R.Aliabadi

Example: Compute an average

73



CPSC 436C  Cloud Computing for Data Science – Structured Data Processing   Maryam R.Aliabadi

Example: Compute an average
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Recap

75

► Structured Data processing using SparkSQL

► RDD vs. DataFrame vs. DataSet

► Logical and physical plans
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Next class:

Distributed Machine 
Learning

76


