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Batch processing vs Stream processing

Today we are analyzing Terabytes and Petabytes of data in the Hadoop Ecosystem. There are generally two ways of processing data today- Batch Processing and Stream Processing. The distinction between batch processing and stream processing is one of the most fundamental principles in the big data world.

Batch Processing

Batch processing is the processing of a large volume of data all at once. It is most often used when dealing with very large amounts of data, or when data sources are legacy systems that are not capable of delivering data in streams.

Big data solutions often use long-running batch jobs to filter, aggregate, and prepare the data for analysis. Usually these jobs involve reading source files from scalable storage (like HDFS), processing them, and writing the output to new files in scalable storage. The key requirement of such batch processing engines is the ability to scale out computations, in order to handle a large volume of data. Unlike stream processing, batch processing is expected to have latencies that measure in minutes to hours.

A batch processing architecture has the following logical components:

Data storage

Typically, a distributed file store that can serve as a repository for high volumes of large files in various formats. Generically, this kind of store is often referred to as a data lake.

Batch processing

The high-volume nature of big data often means that solutions must process data files using long-running batch jobs to filter, aggregate, and otherwise prepare the data for analysis. Usually, these jobs involve reading source files, processing them, and writing the output to new files.

Analytical data store

Many big data solutions are designed to prepare data for analysis and then serve the processed data in a structured format that can be queried using analytical tools.

Analysis and reporting

The goal of most big data solutions is to provide insights into the data through analysis and reporting.

Orchestration

With batch processing, typically some orchestration is required to migrate or copy the data into our data storage, batch processing, analytical data store, and reporting layers.

Stream Processing

Stream processing is defined as the processing of unbounded stream of input data, with very short latency requirements for processing- measured in milliseconds or seconds. The incoming data typically arrives in an unstructured or semi-structured format, such as JSON, and has the same processing requirements as batch processing, but with shorter turnaround times to support real-time consumption. Processed data is often written to an analytical data store, which is optimized for analytics and visualization. The processed data can also be ingested directly into the analytics and reporting layer for analysis, business intelligence, and real-time dashboard visualization.

While batch processing handles a large batch of data, stream processing handles individual records or micro batches of few records. By building data streams, we can feed data into analytics tools as soon as it is generated and get near-instant analytics results using platforms like Spark Streaming.

A stream processing architecture has the following logical components:

Streaming message ingestion

The architecture must include a way to capture and store streaming messages to be consumed by a stream processing consumer. In simple cases, this could be implemented as a simple data store in which new messages are deposited in a folder. But often the solution requires a message broker, such as Kafka, that acts as a buffer for the messages. The message broker should support scale-out processing and reliable delivery.

Stream processing

After capturing streaming messages, the solution must process them by filtering, aggregating, and preparing the data for analysis.

Analytical data store

Many big data solutions are designed to prepare data for analysis and then serve the processed data in a structured format that can be queried using analytical tools.

Analysis and reporting

The goal of most big data solutions is to provide insights into the data through analysis and reporting.

Stream processing refers to a method of continuous computation that happens as data is flowing through the system. There are no compulsory time limitations in stream processing. The terms stream processing and real-time processing are often used interchangeably. But stream processing is not a synonym for real-time processing . The term real-time has no precise industry definition. The meaning of real-time varies significantly between businesses. Some use cases, such as online fraud detection, may require processing to complete within milliseconds, but for others multiple seconds or even minutes might be sufficiently fast. Usually, a system is called a real-time system if it has tight deadlines within which a result is guaranteed. In practice real-time systems are extremely hard to implement using common software systems. When we use the term real-time, we mean systems that can respond fast. Here fast can be milliseconds to seconds.

Scala

Overview

Scala, stands for scalable language, was created by Martin Odersky and was first released in 2003. The language is so named because it was designed to grow with the demands of its users. We can apply Scala to a wide range of programming tasks, from writing small scripts to building large systems.

Scala is compiled to class files that we package as JAR files, which is executed by the Java Virtual Machine (JVM). JVM is a cross platform runtime engine that can execute instructions compiled into Java bytecode. Scala can be compiled into bytecode and runs on JVM. This means that Scala and Java have a common run-time platform. Scala interoperates seamlessly with all Java libraries. Scala enables us to use all the classes of the Java SDK’s, and also our custom Java classes, or Java open source projects.

But Scala doesn’t just target the Java Virtual Machine. Scala.js is a compiler that compiles Scala source code to equivalent JavaScript code. That lets us write Scala code that we can run in a web browser, or other environments (Chrome plugins, Node.js, etc.) where JavaScript is supported. This enables us to write both the server-side and client-side code of web applications in only one language.

Scala is a multi-paradigm programming language and supports functional as well as object oriented paradigms. Scala is a pure object-oriented language in the sense that every value is an object. Scala is also a functional language in the sense that every function is a value.

Scala is strongly statically typed.

Statically vs Dynamically

Type Checking is the process of verifying and enforcing the constraints of types. Type Checking may occur either at compile-time or at run-time. Many Programming languages throw type errors which halts the run-time or compilation of the program, depending on the language type- statically or dynamically typed.

A language is statically-typed if the type of a variable is known at compile-time instead of at run-time. A language is dynamically-typed if the type of a variable is checked during run-time.

Strongly vs Weakly

A strongly-typed language is one in which variables are bound to specific data types, and will result in type errors if types do not match up as expected in the expression, regardless of when type checking occurs.

A weakly-typed language is a language in which variables are not bound to a specific data type; they still have a type, but type safety constraints are lower compared to strongly-typed languages.
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classification of some programming languages

sbt

We can use several different tools to build our Scala projects, including Ant, Maven, Gradle, and more. But sbt was the first build tool that was specifically created for Scala and is most commonly used build tool in the Scala community. It’s similar to Java Maven or .net NuGet.

sbt (Scala Build Tool) is a highly interactive build tool, which can be used for Scala, Java, and more. It requires Java 8 or later. It provides a parallel execution engine and configuration system that allow us design an efficient and robust script to build our software.

Build Definition

A build definition defines a set of subprojects . Each subproject holds a sequence of key-value pairs called setting expressions using build.sbt DSL. The build.sbt DSL is a domain-specific language used to construct a DAG of settings.

A setting expression consists of three parts: key, operator, body. For example,
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A key is an instance of SettingKey[T], TaskKey[T], or InputKey[T] where T is the expected value type.

A SettingKey represents a setting, a TaskKey represents a task, and a InputKey represents an input task. A given key always refers to either a task or a setting. A setting in sbt is just a value. It could be the name of the project, or the version of Scala to use. A task is an operation such as compile or package. It may return Unit (Unit is void for Scala), or it may return a value related to the task, for example package is a TaskKey[File] and its value is the jar file it creates. An input task parses user input and produce a task to run.

Built-in Keys vs Custom Keys

The built-in keys are just fields in an object called Keys. A build.sbt implicitly has an import sbt.Keys._ , so sbt.Keys.name can be referred to as name.

Each type of keys can be defined with their respective creation methods: settingKey, taskKey, and inputKey. Each method expects the type of the value associated with the key as well as a description. For example, define a key for a new task called hello ,

lazy val hello = taskKeyUnit

Defining settings and tasks

sbt consists of two things, settings and tasks. Both settings and tasks produce values, but there are two major differences between them.

An example of setting

lazy val root = (project in file(“.”))

.settings(

name := “hello”

)

An example of task

By default, sbt runs all of the tasks in parallel, but using the dependency tree it can work out what should be sequential and what can be parallel. A task in sbt is Scala code. There isn’t any intermediate XML, we just write the code directly in our build configuration.

// first define a task key

lazy val hello = taskKeyUnit

// then implement the task key

lazy val root = (project in file(“.”))

.settings(

hello := { println(“Hello!”) }

)

An example of input task

An input task is any task that can accept additional user input before execution.

val demo = inputKeyUnit

lazy val root = (project in file(“.”))

.settings(

demo := {

      // get the result of parsing

      val args: Seq[String] = spaceDelimited(“”).parsed

      // Here, we also use the value of the scalaVersion setting

      println(“The current Scala version is” + scalaVersion.value)

      println(“The arguments to demo were:”)

      args foreach println

}

)

Multi-project Builds

A subproject is defined by declaring a lazy val of type Project . For example,

lazy val util = (project in file(“util”))

lazy val core = (project in file(“core”))

We can keep multiple related subprojects in a single build definition. Each subproject in a build definition has its own source directories, generates its own jar file when we run package .

To factor out common settings across multiple projects, define the settings scoped to ThisBuild .

ThisBuild / organization := “com.example”

ThisBuild / version := “0.1.0-SNAPSHOT”

ThisBuild / scalaVersion := “2.12.10”

lazy val core = (project in file(“core”))

  .settings(

    // other settings

  )

lazy val util = (project in file(“util”))

  .settings(

    // other settings

  )

These settings, which are written directly into the build.sbt file instead of putting them inside a .settings(…) call, are called bare style.

Another way to factor out common settings across multiple projects is to create a sequence named commonSettings and call settings method on each project.

lazy val commonSettings = Seq(

  target := { baseDirectory.value / “target2” }

)

lazy val core = (project in file(“core”))

  .settings(

    commonSettings,

    // other settings

  )

lazy val util = (project in file(“util”))

  .settings(

    commonSettings,

    // other settings

  )

Setting up a build

Every project using sbt should have two files:

The build.properties file is used to inform sbt which version it should use for our build. While this file can be used to specify several things, it’s commonly only used to specify the sbt version. The build.sbt file defines the actual build.

The project directory can contain .scala files that define helper objects and one-off plugins. These .scala files under project directory are part of the build definition. We can create project/Dependencies.scala to track dependencies in one place.

import sbt._

object Dependencies {

  lazy val scalaTest = “org.scalatest” %% “scalatest” % “3.0.8”

}

This Dependencies object will be available in build.sbt. To make it easier to use the val defined in Dependencies.scala, add import Dependencies._ in build.sbt file.

We can write any Scala code in .scala files, including top-level classes and objects. The recommended approach is to define most settings in a Multi-project build.sbt file, and using project/*.scala files for task implementations or to share values, such as keys.

The project directory is one special directory in an sbt build. It contains definitions which apply to the build itself, and not the artifact that sbt is building. When sbt is trying to construct our project definition, it reads the .sbt and .scala files files in project directory, which forms the build definition for the build project itself. It then uses this to help read the .sbt files in the base directory. It compiles everything that it finds and this gives us our build definition. sbt then runs this build and creates our artifact, jar or whatever.

Note that the project directory is itself a recursive structure.

Development Environment

The most popular way to work in Scala is using Scala through sbt within an IDE.

Using sbt on Command Line

First we need to install brew, if we don’t have it yet.

/bin/bash -c “$(curl -fsSL https://raw.githubusercontent.com/Homebrew/install/master/install.sh)”

Then run this command to install sbt.

brew install sbt

Following the convention, here we setup a simple helloworld project. This command pulls the hello-world template from GitHub. When prompted, name the application helloworld . This will create a project called helloworld .

sbt new scala/scala-seed.g8

Then cd to the helloworld folder.

cd helloworld

The following command will open up the sbt console.

sbt


[image: image-4SJ3JT9T.png]image-4SJ3JT9T.png

Then type run . We will get the following output.

[info] Compiling 1 Scala source to /Projects/sbt/helloworld/target/scala-2.13/classes …

[info] running example.Hello

hello

[success] Total time: 3 s, completed March 8, 2020 1:47:10 AM

We don’t need to install Scala separately, sbt will download Scala for us.

sbt Directory structure

When we create the project, the default directory structure is shown in the left figure below. After we run sbt to open up the sbt console, two target/ folders are generated as shown in the right figure.
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Base directory is the directory containing the project. Here helloworld/ is the base directory.

The build definition is described in build.sbt (actually any files named *.sbt) in the base directory. For example, project name, project version, scalaVersion, libraryDependencies, etc. Note that this file is written in Scala.

As build.sbt is written in Scala, we need to build build.sbt. This directory contains all the files needed for building build.sbt.

sbt uses the same directory structure as Maven for source files by default. Main contains anything going to production while test contains anything used for unit testing.

Generated files (compiled classes, packaged jars, managed files, caches, and documentation) will be written to the target directory by default.

Every subproject in SBT has a target directory. That’s where its compiled artifacts go. In the project directory we can write scala code to implement build-related tasks and settings. These compiled artifacts go to the project/target directory.

Visual Studio Code

Install the Metals extension from the Visutal Studio Code Marketplace.

Then open a directory containing a build.sbt file. The extension activates when a .scala or .sbt file is opened.

The first time we open Metals in a new workspace it prompts us to import the build. Click Import build to start the installation step.

Once the import step completes, compilation starts for our open *.scala files.

Language Server Protocol

Metals is a Scala Language Server with rich IDE features.

The Language Server Protocol (LSP) defines the protocol used between an editor or IDE and a language server that provides language features like auto complete, go to definition, find all references etc. The LSP was created by Microsoft to define a common language for programming language analyzers to speak.

Today, several companies have come together to support its growth, including Codenvy, Red Hat, and Sourcegraph, and the protocol is becoming supported by a rapidly growing list of editor and language communities.

Adding features like auto complete, go to definition, or documentation on hover for a programming language takes significant effort. Traditionally this work had to be repeated for each development tool, as each tool provides different APIs for implementing the same feature.

LSP creates the opportunity to reduce the m-times-n complexity problem of providing a high level of support for any programming language in any editor, IDE, or client to a simpler m-plus-n problem. For example, instead of the traditional practice of building a Python plugin for VSCode, a Python plugin for Sublime Text, a Python plugin for Vim, a Python plugin for Sourcegraph, and so on, for every language, LSP allows language communities to concentrate their efforts on a single, high performing language server that can provide code completion, hover tooltips, jump-to-definition, find-references, and more, while editor and client communities can concentrate on building a single, high performing, intuitive and idiomatic extension that can communicate with any language server to instantly provide deep language support.

LSP is a win for both language providers and tooling vendors.

Example of Language servers

Example of LSP clients

Scala REPL

The easiest way to get started with Scala is by using the Scala REPL, an interactive shell for writing Scala expressions and programs.

The Scala REPL is a command-line interpreter that we use as a playground area to test our Scala code. To start a REPL session, just type scala at our operating system command line. Behind the scenes, our input is quickly compiled into bytecode, and the bytecode is executed by JVM.

A read–eval–print loop (REPL), also termed an interactive toplevel or language shell, is a simple, interactive computer programming environment that takes single user inputs (i.e., single expressions), evaluates (executes) them, and returns the result to the user. In a REPL, the user enters one or more expressions (rather than an entire compilation unit) and the REPL evaluates them and displays the results.

The name read–eval–print loop comes from the names of the Lisp primitive functions which implement this functionality.

•  The read function accepts an expression from the user, and parses it into a data structure in memory. •  The eval function takes this internal data structure and evaluates it. •  The print function takes the result yielded by eval, and prints it out to the user. •  The development environment then returns to the read state, creating a loop, which terminates when the program is closed.

Just run brew install scala and scala will be installed and ready to go.
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Values and Variables

A value declared with val is actually a constant- we can’t change its contents. To declare a variable whose contents can vary, use a var . In Scala, we are encouraged to use a val unless we really need to change the contents.

val answer = 9*9 // immutable

var counter = 0

counter = 1

It causes an error to declare a value or variable without initializing it. But we need not specify the type of a value or variable. It is inferred from the type of the expression with which we initialize it.

When a val is declared as lazy, its initialization is deferred until it is accessed for the first time. Only vals can be lazy.

lazy val title=“prefix_”

val processed=“title”+“paul”

Basic Types

In Scala there is no concept of primitive data types. Every type is an object and starts with capital letter. Several fundamental types of Scala, along with the ranges of values instances of these types may have, are shown in the following table.

Inheritance Hierarchy

In Scala, every class inherits from a common superclass named Any . The root class Any has two subclasses: AnyVal and AnyRef .

AnyVal represents value classes. AnyVal is the base class of every built-in value class in Scala. All value classes are predefined. There are nine predefined value classes: Boolean, Byte, Short, Int, Long, Float, Double, Char and Unit. The first eight of these correspond to Java’s primitive types, and their values are represented at run time as Java’s primitive values. The other value class, Unit, corresponds roughly to Java’s void type; it is used as the result type of a method that does not return a result. There is exactly one instance of Unit which can be declared literally like so: () .

AnyRef represents reference classes. AnyRef is the base class of all reference classes in Scala. All non-value types are defined as reference types. Every user-defined type in Scala is a subtype of AnyRef . If Scala is used in the context of a Java runtime environment, AnyRef corresponds to class java.lang.Object . So classes written in Java as well as classes written in Scala all inherit from AnyRef . But, scala classes are different from Java classes in that they also inherit from a special marker trait called ScalaObject . The idea is that the ScalaObject contains methods that the Scala compiler defines and implements in order to make execution of Scala programs more efficient.

Although we can use java.lang.Object and AnyRef interchangeably in Scala programs on the Java platform, the recommended style is to use AnyRef everywhere.

A Scala String is a Java String and resides in the package java.lang.

Null is a subtype of all reference types (i.e. any subtype of AnyRef). It has a single value identified by the keyword literal null .

Nothing is a subtype of all types. Just as Any is a superclass of every other class, Nothing is a subclass of every other class.
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Conditional Expressions

Scala has an if/else construct with the same syntax as in Java. However, in Scala, an if/else has a value. For example,

if (x > 0) 1 else -1

has a value of 1 or -1, depending on the value of x . We can put that value in a variable:

val s = if (x > 0) 1 else -1

If the else part is omitted, for example,

if (x > 0) 1

then it is possible that the if statement yields no value. This statement is equivalent to

val n=if(x>2) 1 else ()

Block Expressions

In Scala, a { } block contains a sequence of expressions, and the result is also an expression. The value of the block is the value of the last expression.

val x=0

val result={

val y=x+1

  val z= s”$y-helloworld”

  “finished”

}

In Scala REPL, Type :paste to enter paste mode, copy the above code, and ctrl+d to finish. The result is as follows,

// Exiting paste mode, now interpreting.

x: Int = 0

result: String = finished

Loops

while

Scala’s while loop behaves as in other languages. It has a condition and a body, and the body is executed repeatedly until the condition is false.

while (condition) {

statement

}

do…while

Scala also has a do…while loop.

do{

statements

} while (condition)

for

for (variable <- expression)

Here, <- operator is known as a generator, this operator is used to generate individual values from the expression.

The simplest thing we can do with for is to iterate through all the elements of a collection.

val a = Array(“a1”, “a2”, “a3”)

for (e <- a) println(e)

The for expression syntax works for any kind of collection, not just arrays. One convenient special case is the Range,

for (variable <- Range)

The Range holds starting and ending values. The Range can be represented by using either i to j or i until j . For example,

for (sid <- 6 to 12){

println(s”Student Id is:$sid”)

}

We can have multiple generators separated by semicolons. For example,

for(i <- 1 to 9; j <- 1 to i){

print(s”i*i*j=“+i*j+“)

if(i==j){

println()

}

}

Some elements can be filtered in the for loop using if statements.

var id = 0;

val listId = List(4,5,6,7,8,9,10,11,12);

for(id <- listId

if id > 6; if id !=11 ) {

println(“id:”+id);

}

When the body of the for loop starts with yield, the loop constructs a collection of values, one for each iteration.

val a = Array(“a1”, “a2”, “a3”)

val newArray = for (e <- a) yield e.toUpperCase

Collections

Scala collections systematically distinguish between mutable and immutable collections. A mutable collection can be updated or extended in place. This means we can change, add, or remove elements of a collection as a side effect. Immutable collections, by contrast, never change. We have still operations that simulate additions, removals, or updates, but those operations will in each case return a new collection and leave the old collection unchanged.

Scala provides rich set of collection library. It contains classes and traits.

scala.collection.immutable package contains all the immutable collections. It does not allow us to modify data. Scala imports this package by default.

scala.collection.mutable package contains all the mutable collections. We can add, remove and update data while using this package. If we want mutable collection, we must import this package in our code.

At a high level, Scala’s collection classes begin with the Traversable and Iterable traits, and extend into the three main categories of sequences (Seq), sets (Set), and maps (Map).
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These high-level traits generally have mutable as well as immutable implementations.

At the top of the collection hierarchy is trait Traversable, which is trait for traversable collections. This is a base trait of all kinds of Scala collections. It implements the behavior common to all collections. Traversable defines many concrete methods, all these methods can be inherited from Traversable.

Its only abstract operation is foreach . Collection classes mixing in Traversable just need to define this method.

def foreachU: Unit

The foreach method is meant to traverse all elements of the collection, and apply the given operation, f, to each element.

The next trait from the top in the collections hierarchy is Iterable, which is a base trait for iterable collections. This is a base trait for all Scala collections that define an iterator method to step through one-by-one the collection’s elements. Implementations of this trait need to provide a concrete method with signature:

def iterator: Iterator[A]

An Iterable is any collection that can yield an Iterator with which we can access all elements in the collection:

val coll = … // some Iterable

val iter = coll.iterator

while (iter.hasNext)

do something with iter.next()

This is the most basic way of traversing a collection. However, usually there are more convenient ways.

This trait implements foreach method from Traversable by stepping through all elements using iterator . Subclasses should re-implement foreach with something more efficient, if possible.

def foreachU: Unit = {

  val it = iterator

  while (it.hasNext) f(it.next())

}

The three major categories of collections are sequences, sets, and maps. A Seq is a sequence of values. A Set is a collection that contains no duplicate values. A Map is a set of (key, value) pairs.

Sequences

Sequences branch off into three main categories: indexed sequences, linear sequences (linked lists), and buffers.

An IndexedSeq indicates that random access of elements is efficient, such as accessing an Array element as arr(5000).

A LinearSeq implies that the collection can be efficiently split into head and tail components, and it’s common to work with them using the head, tail, and isEmpty methods.

An important sub category of mutable sequences is Buffers. They allow not only updates of existing elements but also element insertions, element removals, and efficient additions of new elements at the end of the buffer.
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Array

Array stores a fixed-size sequential collection of elements of the same type. Inside the JVM, a Scala Array is implemented as a Java array.

// An array of 100 integers, all initialized with zero

val nums = new ArrayInt

// A string array with 100 elements, all initialized with null

val a = new ArrayString

// An Array[String] of length 2- the type is inferred

val s = Array(“Spark”, “Kafka”)

Notice that we can declare a Array like this:

val arr = Array(“hello”, 1, 2.0) // arr: Array[Any] = Array(hello, 1, 2.0)

We don’t see that an array containing a string, integer, and double is created. We see that an array of Any is created.

An ArrayBuffer is like an Array, except that we can additionally add and remove elements from the beginning and end of the sequence. To use an ArrayBuffer, we must first import it from the mutable collections package:

import scala.collection.mutable.ArrayBuffer

When we create an ArrayBuffer, we must specify a type parameter, but need not specify a length. The ArrayBuffer will adjust the allocated space automatically as needed:

val buf = ArrayBufferInt // empty buffer is created

We can also create an ArrayBuffer with initial elements like this:

val nums = ArrayBuffer(1, 2, 3)

We can append one element to an ArrayBuffer using the += operator:

buf += 1

buf += 2

buf += 3

buf += 4 += 5 // add multiple elements

We can add multiple elements from another collection with the ++= operator:

buf ++= List(10, 20, 30, 50)

We can remove one element using the -= operator:

buf -= 2

buf -= 10 -= 50 // remove multiple elements

Remove multiple elements using another collection with the –= operator:

buf –= Array(3, 30)

List

The List is a linear, immutable sequence. It’s a linked-list that we can’t modify. Any time we want to add or remove List elements, we create a new List from an existing List.

This is how we create an initial List:

val ints = List(1, 2, 3)

The type of a list that has elements of type T is written as List[T] . If we prefer, we can also declare the List’s type, though it generally isn’t necessary:

val ints: List[Int] = List(1, 2, 3)

In Scala, a list is either Nil or an object with a head element and a tail that is again a list. For example,

val digits = List(4, 2)

The value of digits.head is 4, and digits.tail is List(2). Moreover, digits.tail.head is 2 and digits.tail.tail is Nil.

The :: operator makes a new list from a given head and tail.

val digits = 9 :: List(4, 2)

We can also write that list as:

val digits = 9 :: 4 :: 2 :: Nil

Note that :: is right-associative. With the :: operator, lists are constructed from the end:

9 :: (4 :: (2 :: Nil))

Because List is immutable, we can’t add new elements to it. Instead we create a new list by prepending or appending elements to an existing List.

val a = List(1,2,3)

val b = 0 +: a

val b = List(-1, 0) ++: a

A List is immutable, if we need to create a list that is constantly changing, the preferred approach is to use a ListBuffer.

The following examples demonstrate how to create a ListBuffer, and then add and remove elements, and then convert it to a List when finished:

var fruits = scala.collection.mutable.ListBufferString

// add one element at a time to the ListBuffer

fruits += “Apple”

fruits += “Banana”

fruits += “Orange”

// add multiple elements from another sequence

fruits ++= List(“Strawberry”, “Kiwi”, “Pineapple”)

// remove one element

fruits -= “Apple”

// remove multiple elements

fruits -= (“Banana”, “Orange”)

// remove multiple elements specified by another sequence

fruits –= Seq(“Kiwi”, “Pineapple”)

// convert the ListBuffer to a List when we need to

val fruitsList = fruits.toList

Maps
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Maps are collections of key/value pairs. Scala has both mutable and immutable Map classes.

To use an immutable map, just create a Map:

val map1 = Map(“paul”->18, “xiaoming”->20)

This creates an immutable Map with type [String, Int].

To create a mutable map, first import it:

import scala.collection.mutable.Map

Then we can create a mutable Map like this:

val map2 = Map(“paul”->18, “xiaoming”->20)

In addition to using an import statement, we can also specify the full path to the scala.collection.mutable.Map class when we create an mutable map.

As for a mutable Map, we can update its elements by reassigning the key to a new value:

states(“BJ”) = “the capital”

We can create an empty mutable Map initially, and add elements to it later:

var states = scala.collection.mutable.MapString, String

states += (“GZ” -> “Guangzhou”)

states ++= Map(“BJ” -> “Beijing”, “SH” -> “Shanghai”)

We can remove elements from a Map using -= and –= and specifying the key values:

states -= (“SH”)

states -= (“BJ”, “GZ”)

We can also run these statements on immutable Maps. But notice that there is no change to the original immutable Map. A new Map generated each time updates occur. The new generated Map has changed compared to the original.

var states = MapString, String

states += (“GZ” -> “Guangzhou”)

states ++= Map(“BJ” -> “Beijing”, “SH” -> “Shanghai”)

states -= (“SH”)

states -= (“BJ”, “GZ”)

Sets
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It’s a collection that contains only unique elements, where uniqueness is determined by the == method of the type the set contains. Scala has both mutable and immutable Set classes.

To create an immutable Set:

val s1 = Set(1, 2)

Then add one element:

val s2 = s1 + 3

Add multiple elements:

val s3 = s2 ++ List(4, 5)

To create a mutable Set:

val m1 = scala.collection.mutable.SetInt

We can add elements to a mutable Set with the +=, ++= operators:

m1 += 1

m1 += 2 += 3

m1 ++= List(4, 5)

We can remove elements from a Set using the -= and –= operators:

val set = scala.collection.mutable.Set(1, 2, 3, 4, 5)

set -= 1 // one element

set -= (2, 3) // two or more elements

set –= Array(4,5) // multiple elements defined in another sequence

Tuple

A tuple gives us a way to store a group of heterogeneous items in a container. Tuples are useful for those times when we just need to combine a few things together, and don’t want the baggage of having to define a class.

There is no single Tuple class. To represent tuples, Scala uses a series of classes: Tuple2, Tuple3, etc., through Tuple22. So tuples can contain between 2 and 22 items.

Create a tuple by enclosing the desired elements between parentheses.

val ingredient = (“Sugar” , 25)

The inferred type of ingredient is (String, Int), which is shorthand for Tuple2[String, Int].

We can access its elements individually with a dot, underscore, and the one-based index of the element.

println(ingredient._1) // Sugar

println(ingredient._2) // 25

It is better to use pattern matching to get at the components of a tuple.

val (x, y, z) = (3, “three”, new Person(“Al”)) // Sets x to 3, y to “three”, third to new Person(“AI”))

If we don’t want all of the elements from the tuple, just use the _ wildcard character in place of the elements we don’t want:

val (x, y, _) = (3, “three”, new Person(“Al”)) // Sets x to 3, y to “three”

Tuples are immutable.

Class and Object

A class is a blueprint. Once we define a class, we can create instances from the class blueprint with the keyword new .

A minimal class definition is simply the keyword class and an identifier.

class User

val user1 = new User // create an instance

The following class defines two fields x and y and a method: move, which does not return a value.

class Point(xc: Int, yc: Int) {

var x: Int = xc

var y: Int = yc

def move(dx: Int, dy: Int): Unit = {

x = x + dx

y = y + dy

println (“Point x location :” + x);

println (“Point y location :” + y);

}

}

Then we can create objects using a keyword new and then access fields and methods.

val pt = new Point(10, 10) // create one instance

pt.move(2, 2) // access method

pt.x // access field

pt.y // access field

A Scala source file can contain multiple classes, and all of them have public visibility by default. Scala doesn’t have public keyword. So we cannot use public for class declaration.

Constructors

Unlike many other languages, the primary constructor is in the class signature. The class name works as a class constructor which can take a number of parameters. The above code defines two constructor arguments, xc and yc; they are both visible in the whole body of the class.

Primary constructor parameters with val and var are public.

// declare class

class Point(val x: Int, val y: Int)

// initiate one instance

val point = new Point(1, 2)

// access the variable

point.x

point.y

Primary constructor parameters without val or var are private, visible only within the class.

class Point(x: Int, y: Int)

val point = new Point(1, 2)

point.x // error: value x is not a member of Point

Constructors can have optional parameters by providing a default value like so:

class Point(var x: Int = 0, var y: Int = 0)

val origin = new Point // x and y are both set to 0

The compiler will automatically create a primary constructor, known as a default primary constructor. It does not contain any parameter.

The constructors other than the primary constructor are known as auxiliary constructors. we are allowed to create any number of auxiliary constructors in our program, but a program contains only one primary constructor.

class User(fname: String, lname: String)

{

var age: Int = 0

def display() = {

println(“First name:” + fname)

println(“Last name:” + lname)

println(“Age:” + age)

}

// Auxiliary Constructor

def this (fname: String, lname: String, age:Int) {

// Invoking primary constructor

this(fname, lname)

this.age=age

}

}

Members

Members are public by default. Use the private access modifier to hide them from outside of the class.

Scala provides getter and setter methods for every field automatically. For example, we define a public field:

class User {

var age = 0

}

Scala compiler will generate a class for the JVM with a private age field and public getter and public setter methods. For a private field, the getter and setter methods are private. In Scala, the getter and setter methods are called age and age_= . For example,

val mike = new User

println(mike.age) // Calls the method mike.age()

mike.age = 21 // Calls mike.age_=(21)

We can redefine the getter and setter methods ourselves.

class Point {

  private var _x = 0

  private var _y = 0

  private val bound = 100

  def x = _x

  def x_= (newValue: Int): Unit = {

    if (newValue < bound) _x = newValue else printWarning

  }

  def y = _y

  def y_= (newValue: Int): Unit = {

    if (newValue < bound) _y = newValue else printWarning

  }

  private def printWarning = println(“WARNING: Out of bounds”)

}

In this Point class, the data is stored in private fields _x and _y.

There are getters def x and def y for accessing the private data. Note that there are no () in the definition of the getter method. So we must call the method without parentheses.

def x_= and def y_= are for validating and setting the value of _x and y. Notice the special syntax for the setters: the method has = appended to the identifier of the getter and the parameters come after.

If we use a val field:

class Message {

val timeStamp = java.time.Instant.now

}

The Scala compiler will produce a Java class with a private final field and a public getter method, but no setter.

A field in a Scala class is not the same as a field in Java. It is a private field together with a getter (for a val field) or a getter and a setter (for a var field).

Methods

Scala methods are similar to Java methods in that they are behaviors we add to a class.

Methods should be declared according to the following pattern:

def foo(bar: Baz): Bin = expr

We declare methods with the def keyword, which is followed by the method name, method parameters, and the method body.

// normal method definition

def add(a: Int, b: Int) = a + b

// same method, but with the return type declared

def add(a: Int, b: Int): Int = a + b

// define the method body in a block

def add(a: Int, b: Int): Int = {

  a + b

}

When the body of a method is more than one line long, we need to define it as a block.

Methods are public by default. We can mark them as private or protected.

Method modifiers should be given in the following order (when each is applicable):

Parameterless Methods

class Counter {

private var value = 0

def increment() = { value += 3 }

def current() = value

}

We can call a parameterless method with or without parentheses:

val counter1 = new Counter()

counter1.increment()

counter1.current

Recommended to use () for a mutator method (a method that changes the object state), and to drop the () for an accessor method (a method that does not change the object state).

Curly braces instead of parentheses

In any method invocation in Scala in which we are passing in exactly one argument, we can opt to use curly braces to surround the argument instead of parentheses.

For example, instead of:

println(“Hello, world!”)

We could write:

println { “Hello, world!” }

The purpose of this ability to substitute curly braces for parentheses for passing in one argument is to enable programmers to write function literals between curly braces.

Singleton Object

Scala cannot have static members. Instead, Scala has singleton objects. A singleton object definition looks like a class definition, except instead of the keyword class we use the keyword object . The definition of an object looks like this:

object Logger {

  def info(message: String): Unit = println(s”INFO: $message”)

}

Methods defined in a singleton object can be accessed like static methods in Java.

Logger.info(“test”)

main method

Scala class is same as Java Class but we cannot define the main or entry point method in class, like main method in java. In Scala, the main or entry point method is defined in an object. There are two ways to create a launching point for our application: define an object that extends the App trait, or define an object with a properly defined main method.

object Hello extends App {

println(“Hello, world”)

}

The code in the body of the object Hello is automatically run, just as if it were inside a main method. When using this approach, any command-line arguments to our application are implicitly available through an args property, which is inherited from the App trait.

The second approach to launch an application is to manually implement a main method with the correct signature in an object.

object Hello {

def main(args: Array[String]) {

println(“Hello, world”)

}

}

Companion Object

A companion object in Scala is an object that’s declared in the same file as a class, and has the same name as the class. When a singleton object shares the same name with a class, it is called that class’s companion object. Conversely, the class is the object’s companion class. A class and its companion object can access each other’s private members.

A singleton object that does not share the same name with a companion class is called a standalone object.

Creating new instances without the new keyword

We can create new instances of certain classes without having to use the new keyword, as in this example:

val user = Person(“Paul Liu”)

This functionality comes from the use of companion objects. An apply method in a companion object has a special meaning to the Scala compiler. During the compilation process the compiler turns that code into this code:

val user = Person.apply(“Paul Liu”)

Person class along with an apply method in its companion object:

class Person {

var name = “”

}

object Person {

def apply(name: String): Person = {

var p = new Person

p.name = name

p

}

}

The apply method in the companion object acts as a Factory Method.

Extractor

Whereas the apply method is like a constructor which takes arguments and creates an object, the unapply takes an object and tries to give back the arguments. This is most often used in pattern matching and partial functions.

The purpose of that unapply method is to match a value and take it apart. An object with an unapply method is called an extractor object. Often, the extractor object defines both apply and unapply methods, but this is not required.

For example, the apply method creates a CustomerID string from a name. The unapply does the inverse to get the name back.

object CustomerID {

  def apply(name: String) = s”name−−name--{ scala.util.Random.nextLong}”

  def unapply(customerID: String): Option[String] = {

    val stringArray: Array[String] = customerID.split(“–”)

    if (stringArray.tail.nonEmpty) Some(stringArray.head) else None

  }

}

val customerID = CustomerID(“paul”)

val CustomerID(name) = customerID

println(name)

This is equivalent to

val name = CustomerID.unapply(customerID).get

Abstract class

In Scala, an abstract class is constructed using the abstract keyword. We are not allowed to create the instance of the abstract class.

An abstract class can have abstract methods and non-abstract methods. To declare a method is abstract, just leave the body of the method undefined:

abstract class Auto {

def run(): Unit

def transform(): Unit = { println(“transformed”)}

}

class Car extends Auto {

def run(): Unit = println(“run…”)

}

We can declare both val and var fields in an abstract class, and those fields can be abstract or have concrete implementations. An abstract field is simply a field without an initial value.

abstract class Pet (name: String) {

val greeting: String // abstract field

var age: Int // abstract field

val address: String =“Beijing” // concrete field

}

class Dog (name:String ) extends Pet (name) {

val greeting: String = s”hello $name”

var age: Int = 2

}

In a concrete subclass, we need not use the override keyword.

Inheritance

The keyword used for inheritance is extends . Scala, like Java, does not allow a class to inherit from multiple superclasses.

// base class

class Person {

  var name = “super class”

  def getName = this.name

}

// Derived class

class Saleman extends Person

Overriding is a feature that allows a subclass to provide a specific implementation of a method or field that is already provided by one of its super classes.

We must use the override modifier when we override a method that isn’t abstract.

class Person {

override def toString = s”${getClass.getName}”

}

Invoking a superclass method in Scala works exactly like in Java, with the keyword super :

class Employee extends Person {

override def toString = s”super.toString{super.toString}{getClass.getName}”

}

The call super.toString invokes the toString method of the superclass- that is, the Person.toString method.

We can override a val with another val field of the same name. Field overriding cannot override var.

class Person {

val name = “super”

var age = 20

}

class CEO extends Person {

override val name: String = “child”

override var age = 30 // error

}

Case class

Case classes are like regular classes with a few key differences.

A minimal case class requires the keywords case class, an identifier, and a parameter list (which may be empty):

case class Book(isbn: String)

Each of the constructor parameters is a val unless it is explicitly declared as a var (which is not recommended).

We don’t need to use the keyword new to instantiate Book case class. This is because an apply method is provided for the companion object.

val exploringHadoop = Book(“123-4567890”)

Case object

A case object is like an object, but just like a case class has more features than a regular class, a case object has more features than a regular object. Its features include:

Case objects are primarily used in two places.

Sealed class

The sealed is a Scala keyword used to control the places where given trait or class can be extended. Classes and Traits can be marked sealed which means all subtypes must be declared in the same file. This assures that all subtypes are known.

Anonymous class

Look at the code below:

abstract class Animal {

def eat: Unit

}

We when try to instantiate this abstract class, we will get one error:

val xxx = new Animal // error: class Animal is abstract; cannot be instantiated

But the below code works well:

val xxx = new Animal {

def eat: Unit = println(“eat is important”)

}

We didn’t actually create an instance of the abstract class. It just appears that way. The xxx is a class instance, but its class definition is part of the same expression that instantiates itself. This is called an Anonymous Class.

To define a one-time anonymous class, instantiate the abstract class and follow the class name and parameters with curly braces containing our implementation. The result is an instance that does extend the given abstract class with a one-time implementation.

Anonymous classes work for abstract and non-abstract data types just as well. We can also use a trait instead of an abstract class. We need to implement all abstract fields or methods in the anonymous class.

class Person(name: String) {

  def sayHi: Unit = println(s”Hi, my name is $name”)

}

We then can instantiate an anonymous class for Person:

val paul = new Person(“paul”) {

override def sayHi: Unit = println(s”Hi, my name is anonymous “)

}

paul.getClass // class $anon$1

The following is normal class instantiation:

val paul = new Person(“paul”)

paul.getClass // class Person

With anonymous classes, the compiler does a lot of work behind the scenes.

Trait

A trait encapsulates method and field definitions, which can then be reused by mixing them into classes. Unlike class inheritance, in which each class must inherit from just one superclass, a class can mix in any number of traits. Scala programmers mix in traits rather than inherit from them, because mixing in a trait has important differences from the multiple inheritance found in many other languages.

In its simplest form, a trait can be used just like an interface, with only abstract members, defining a contract that derived types must fulfill. It can also have concrete members. Classes (and traits) can mix in multiple traits, and gain all their capabilities.

A trait definition looks just like a class definition except that it uses the keyword trait .

With concrete implementations

trait Life {

def sing() = {

println(“I am alive”)

}

}

Once a trait is defined, it can be mixed in to a class using either the extends or with keywords. In below case we implicitly inherit the trait’s superclass. Frog subclasses AnyRef (the superclass of Life) and mixes in Life. Methods inherited from a trait can be used just like methods inherited from a superclass.

class Frog extends Life {

override def toString = “prince”

}

If we wish to mix a trait into a class that explicitly extends a superclass, we use extends to indicate the superclass and with to mix in the trait.

class Animal

class Frog extends Animal with Life {

override def toString = “animal first”

}

Alternatively, Frog could override sing(). The syntax looks the same as overriding a method declared in a superclass.

class Animal

class Frog extends Animal with Life {

override def toString = “animal first”

override def sing() = {

println(“It ain’t easy being”+ toString)

}

}

A trait also defines a type.

val frog = new Frog

val something: Life = frog

The type of something is a trait Life . Thus, something could have been initialized with any object whose class mixes in Life .

Mixins are traits which are used to compose a class.

As interfaces

A Scala trait can work exactly like a Java interface. Also, all Java interfaces can be used as Scala traits. For example:

trait Logger {

def log(msg: String): Unit // An abstract method

}

Note that an unimplemented method in a trait is automatically abstract.

A subclass can provide an implementation. We need not supply the override keyword when overriding an abstract method of a trait:

class ConsoleLogger extends Logger { // Use extends

def log(msg: String) = { println(msg) } // No override needed

}

If we need more than one trait, add the others using the with keyword:

class ConsoleLogger extends Logger with Cloneable with Serializable

Here we use the Cloneable and Serializable interfaces from the Java library.

Objects with Traits

We can add a trait to an instance object when we construct it. For example,

trait Logger {

def log(msg: String): Unit

}

trait ConsoleLogger extends Logger {

def log(msg: String) = { println(msg) }

}

trait FileLogger extends Logger {

def log(msg: String) = { println(s”save to file: $msg”) }

}

abstract class Account extends Logger {

def login(name: String) = {

log(s”one log entry comes from $name”)

}

}

As account is abstract we cannot instantiate it directly.

var account1 = new Account // error: class Account is abstract; cannot be instantiated

But we can mix in a concrete logger when constructing an instance. When calling login on the account instance, the log method of the ConsoleLogger trait executes.

var account2 = new Account with ConsoleLogger

account2.login(“paul”)

Another instance can mix in a different trait.

var account3 = new Account with FileLogger

account3.login(“paul”)

Fields in Traits

A field in a trait can be concrete or abstract. If we supply an initial value, the field is concrete.

trait Shape{

val length = 1 // a concrete field

}

class Circle extends Shape

val circle1 = new Circle

println(circle1.length) // 1

A class that mixes in this trait acquires a length field. In general, a class gets a field for each concrete field in one of its traits. These fields are not inherited; they are simply added to the subclass.

An uninitialized field in a trait is abstract and must be overridden in a concrete subclass.

trait Shape{

val length = 1 // a concrete field

val location: Int // an abstract field

}

When we use this trait in a concrete class, we must supply the maxLength field:

class Triangle extends Shape {

val location: Int = 100 // no override keyword necessary

}

Functional Programming

The most common way to define a function is as a member of some object. Such a function is called a method. In addition to methods Scala has functions. A method operates on an object, but a function doesn’t.

Scala supports functional programming approach. It provides rich set of built-in functions and allows us to create user defined functions also. Not only can we define functions and call them, but we can write down functions as unnamed literals and then pass them around as values.

In a functional programming language, functions are first-class citizens that can be passed around and manipulated just like any other data types.

Function Literals

A function literal, also known as an anonymous function. We can pass it into a method that takes a function, or to assign it to a variable. The following code is a function literal:

(i: Int) => i % 2 == 0

We can think of the => symbol as a transformer, as it transforms the parameter list on the left side of the symbol into a new result using the algorithm on the right side of the symbol.

Given this List:

val x = List.range(1, 100)

We can pass this anonymous function to the List’s filter method to create a new List that contains only even numbers:

val evens = x.filter((i: Int) => i % 2 == 0)

This anonymous function can be simplified in several different ways.

Scala compiler can infer from the expression that i is an Int, the Int can be dropped off:

val evens = x.filter(i => i % 2 == 0) // the Int is dropped off

We can use the _ wildcard instead of a variable name when the parameter appears only once in our function:

val evens = x.filter(_ % 2 == 0)

The _ acts as a placeholder for parameters in the anonymous function. We can use two or more underscores to refer different parameters.

val sum = List(1,2,3,4,5).reduceLeft((a, b) => a + b)

val sum = List(1,2,3,4,5).reduceLeft(+)

The second statement is a short form of the first one.

Anonymous functions as variables

We can define a function literal, and then assign it to a variable.

val double = (i: Int) => { i * 2 }

The variable double is an instance of a function, known as a function value. We can then invoke double just like a method:

double(3) // 6

We can also pass it to any method (or function) that takes a function parameter with its signature.

List.range(1, 5).map(double)

We can explicitly declare the return type of a function literal:

val f: (Int) => Boolean = i => { i % 2 == 0 }

val f: Int => Boolean = i => { i % 2 == 0 }

val f: Int => Boolean = i => i % 2 == 0

val f: Int => Boolean = _ % 2 == 0

Methods as anonymous functions

Just like we can define an anonymous function and assign it to a variable, we can also define a method and then pass it around like a variable.

def modMethod(i: Int): Boolean = { i % 2 == 0 }

List.range(1, 100).filter(modMethod)

This is similar to the process of defining a function literal and assigning it to a variable.

Partially Applied Function

In functional programming languages, when we call a function that has parameters, we are said to be applying the function to the parameters. When all the parameters are passed to the function- something we always do in Java- we have fully applied the function to all of the parameters. But when we give only a subset of the parameters to the function, the result of the expression is a partially applied function. This gives us the convenience of binding some arguments and leaving the rest to be filled in later.

A normal function here:

val sum = (a: Int, b: Int, c: Int) => a + b + c

When calling the function, we supply two of the parameters, but don’t provide the third parameter. The resulting variable f is a partially applied function and takes one argument:

val f = sum(1, 2, _: Int)

When we give f an Int, such as the number 10, we get the sum of the three numbers:

f(10) // Int = 13

Method vs Function

Use def to define a method, use val to create a function. Anything defined with def is a method, not a function.

Function literal vs Function value

Function literal, val function, is compiled into a class when instantiated at run-time is a function value.

Methods with Function Parameters

We can create a method that takes a function as a method parameter. The general syntax for defining a function as a method parameter is:

parameterName: (parameterType) => returnType

To demonstrate this, define a method named executeFunction:

def executeFunction(callback:() => Unit) = {

callback()

}

This method will take one parameter named callback , which is a function. This function must have no input parameters and must return nothing.

Then define a function that matches this signature. The following function named hello takes no input parameters and returns nothing:

val hello = () => { println(“hello”) }

Finally, pass this hello function to executeFunction method:

executeFunction(hello)

A function that receives a function, or produce a function is called a higher-order function.

Closures

Closure is an important concept in the world of functional programming. A closure is a function, who depends on the value of one or more free variables declared outside this function. These free variables were in the same scope as the function when the function was declared. The variables can be a val or a var .

In computer programming, the term free variable refers to variables used in a function that are neither local variables (defined in the function’s body) nor parameters of that function.

Normal Function vs Closure

The difference between a normal function and a closure is that a closure dependents on one or more free variables.

val factor = 3

val multiplier = (i:Int) => i * factor

or

val factor = 3

def multiplier (i: Int) = { i * factor }

There are two variables in multiplier : i and factor . i is a formal parameter to the function. However, factor is not a formal parameter. factor has a reference to a variable outside the function but in the enclosing scope. This is similar to the way a method in a Java class can refer to a field in the same class.

var factor = 3

val multiplier = (i:Int) => i * factor

multiplier(10) // 30

factor=5

multiplier(10) // 50

A closure is a function together with a referencing environment for the non-local variables of that function.

To create a closure in Scala, just define a function that refers to variables that are in the same scope as its declaration. That function can be used later, even when the variable is no longer in the function’s current scope, such as when the function is passed to another class, method, or function.

Currying

Currying is the process of turning a function that takes two arguments into a function that takes one argument, and returns a function that consumes the second argument.

Here, we define multiply function which takes two arguments x and y.

val multiply = (x: Int, y: Int) => x * y

multiply(10,9) // 90

We can transform this function into a Curried function.

val multiply = (x: Int) => ((y: Int) => x * y)

multiply(10)(9) // 90

The result of multiply(10) is the function (y: Int) => 10 * y . That function is then applied to 9, yielding 90.

In the same way, we can define such a Curried method.

def add(x: Int, y: Int) = x + y

We can transform this method that takes two arguments into a method that takes one argument.

def add(x: Int) = (y: Int) => x + y

There is also a shortcut for defining such curried methods in Scala.

def add(x: Int)(y: Int) = x + y

Curried Methods have multiple parameter lists. When a method is called with a fewer number of parameter lists, then this will yield a function taking the missing parameter lists as its arguments.

Type Parameters

Classes and Traits can have type parameters. In Scala, we use square brackets for type parameters.

We can define a class with two type parameters T and S.

class MyPairT, S

We can specify the actual types:

val p1 = new MyPairInt, String

Scala can attempt to infer the actual types from the construction parameters:

val p2 = new MyPair(42, “your age”)

Methods and Functions can also have type parameters.

def middleT = a(a.length / 2)

We can specify the type:

val f = middle[String] _ // The function, saved in f

f(Array(“hdfs”,“mapreduce”,“yarn”,“hive”,“hbase”)) // yarn

Scala can infer the actual types from the arguments in the call.

middle(Array(“hdfs”,“mapreduce”,“yarn”,“hive”,“hbase”)) // yarn

One convention is to use the letter A as type parameter identifier, though any parameter name may be used.

In Scala, Type Bounds are restrictions on type parameters.

Type Variances

Type variance is a generic type concept. Scala supports variance annotations of type parameters of generic classes, to allow them to be covariant, contravariant, or invariant if no annotations are used.

Variance defines Inheritance relationships of Parameterized Types.

T is known as Type Parameter and List[T] is known as Generic. For List[T], if we use List[Int], List[AnyVal], etc. then these List[Int] and List[AnyVal] are known as Parameterized Types.

Consider the following class structure. Both Cat and Dog are subtypes of Animal:

abstract class Animal {

def name: String

}

case class Cat(name: String) extends Animal

case class Dog(name: String) extends Animal

The variance problem is: if Cat extends Animal, does a list of Cat also extend a list of Animal?

Covariance

If we say yes, a list of Cats extends a List of Animals, then this is called covariance.
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A is a subtype of B, then List[A] is a subtype of List[B]

The type parameter A of a generic class can be made covariant by using the annotation +A . The Scala standard library has a generic immutable sealed abstract class List[+A] class, where the type parameter A is covariant.

def printAnimalNames(animals: List[Animal]): Unit = {

animals.foreach { animal => println(animal.name) }

}

val cats: List[Cat] = List(Cat(“Whiskers”), Cat(“Tom”))

val dogs: List[Dog] = List(Dog(“Fido”), Dog(“Rex”))

printAnimalNames(cats)

printAnimalNames(dogs)

This means a List[Cat] is a List[Animal] and a List[Dog] is also a List[Animal].

Invariance

If the answer is No, this means we want lists of Cats and lists of Animal to be two separate things, then we use invariance. Generic classes in Scala are invariant by default.
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A is a subtype of B, but Array[A] and Array[B] are separated things.

For example, Array[T] is invariant in type T. We can not pass Array[Cat] to a method expecting Array[Animal].

def printAnimalNames(animals: Array[Animal]): Unit = {

animals.foreach { animal => println(animal.name) }

}

val cats: Array[Cat] = Array(Cat(“Whiskers”), Cat(“Tom”))

printAnimalNames(cats) // type mismatch; found: Array[Cat]; required: Array[Animal]

Contravariance

The type parameter A of a generic class can be made contravariant by using the annotation -A . Contravariance is essentially the opposite of covariance, and is rarely used.
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A is a subtype of B, Then Foo[B] is a subtype of Foo[A]

For example:

class Foo[-T]

var test: Foo[Dog] = new Foo[Animal]

Type Checks and Casts

isInstanceOf and asInstanceOf

We can use the isInstanceOf method to test the type of an instance. If the test succeeds, we can use asInstanceOf method to cast an instance to the desired type.

For example,

class Employee

class Manager extends Employee

val m = new Manager

if (m.isInstanceOf[Employee]) {

val e = m.asInstanceOf[Employee]

}

The m.isInstanceOf[Employee] test succeeds if m refers to an instance of class Employee or its subclass (such as Manager).

If m is null, then m.isInstanceOf[Employee] returns false and m.asInstanceOf[Employee] returns null. If m is not an Employee, then m.asInstanceOf[Employee] throws an exception.

getClass and classOf

If we want to test whether m refers to an Employee object, but not a subclass, use:

if (m.getClass == classOf[Employee])

Pattern Matching

Pattern matching is a mechanism for checking a value against a pattern.

Match Expression

Similar to if , match is an expression, not a statement. A match expression consists of multiple parts:

For example:

var sign: String = _

val x: Int = scala.util.Random.nextInt(10)

x match {

case 0 => sign = “zero”

case 1 => sign = “one”

case 2 => sign = “two”

case _ => sign = “other”

}

Match expressions have a value. The preceding code can be simplified to:

val x: Int = scala.util.Random.nextInt(10)

val sign = x match {

case 0 => “zero”

case 1 => “one”

case 2 => “two”

case _ => “other”

}

Methods can use a match expression for the body:

def matchTest(x: Int): String = x match {

  case 1 => “one”

  case 2 => “two”

  case _ => “other”

}

We can match one or more patterns in a match expression, and the pattern may be a constant pattern, variable pattern, constructor pattern, sequence pattern, tuple pattern, or type pattern.

Constant Pattern

A constant pattern matches only itself. Any literal may be used as a constant.

def describe(x: Any) = x match {

case 5 => “five”

case true => “truth”

case “hello” => “hi”

case Nil => “the empty list”

case _ => “something else”

}

Variable Pattern

A variable pattern x is a simple identifier which starts with a lower case letter. It matches any value, and binds the variable name to that value.

val random1: Int = scala.util.Random.nextInt(10)

random1 match {

case x if x == 1 => println(“one, a lonely number”)

case x if (x == 2 || x == 3) => println(x)

case _ => println(“some other value”)

}

A special case is the wildcard _ which is used at the end of a match expression to catch anything else.

Type Pattern

A type pattern x:T consists of a pattern variable x and a type pattern T. The type of x is the type pattern T. This pattern matches any value matched by the type pattern T; it binds the variable name to that value.

def describe(t : Any) = t match {

case t: String => “String”

case t: Int => “Intger”

case t: Double => “Double”

case _ => “Other Type”

}

Constructor Pattern

The constructor pattern lets us match a constructor in a case clause. The constructor is a simple name which denotes a case class . Case classes are a special kind of classes that are optimized for use in pattern matching. When we declare a case class, an unapply method is provided that makes pattern matching work.

abstract class Notification

case class Email(sender: String, title: String, body: String) extends Notification

case class SMS(caller: String, message: String) extends Notification

case object Nothing extends Notification

def show(notification: Notification): String = {

notification match {

    case Email(sender, title, _) => s” An email from $sender with title: $title”

case SMS(number, message) => s”An SMS from $number with message: $message”

case Nothing => “Nothing”

  }

}

val email = Email(“administrator”,“hello”,“how are you”)

println(show(email))

val sms = SMS(“10012”, “hello”)

println(show(sms))

println(show(Nothing))

Sequence Pattern

We can match against sequences like List, Array, Vector, etc. Use the _ character to stand for one element in the sequence, and use _* to stand for zero or more elements.

def sequencesPatternMatching(sequence: Any): String = {

  sequence match {

case List(singleElement) => s”A list with one element: $singleElement”

case List(0, , ) => “A three-element list with 0 as the first element”

case List(, *) => s”A list with one or multiple elements: $sequence”

    case Vector(1, 2, _*) => s”A vector: $sequence”

    case _ => s”An unrecognized sequence”

  }

}

Tuple Pattern

We can match tuple patterns and access the value of each element in the tuple. We can also use the wildcard _ if we are not interested in the value of an element:

val tuple = (1, 2, 3)

val result = tuple match {

case (a, b, _) => s”3 elements tuple, with first 2 values $a, $b”

}

Pattern guards

We can add a guard to a pattern. Pattern guards are simply boolean expressions which are used to make cases more specific. Just add if  after the pattern.

val x: Int = scala.util.Random.nextInt(10)

x match {

case r if r == 1 => println(“one, a lonely number”)

case s if (s == 2 || s == 3) => println(s)

case _ => println(“some other value”)

}

Option Type

Scala has a standard type named Option for optional values. Such a value can be of two forms. It can be of the form Some(x) where x is the actual value. Or it can be the None object, which represents a missing value.

val map = Map(“a” -> 1, “b” -> 2)

val value: Option[Int] = map.get(“b”)

val v1 = value match {

case Some(i) => i

case None => 0

}

Partial Function

A set of case clauses enclosed in braces is a partial function- a function which may not be defined for all inputs. It is an instance of a class PartialFunction[A, B] . (A is the parameter type, B the return type.)

A partial function is a function that does not provide an answer for every possible input value it can be given. It provides an answer only for a subset of possible data. A partial function can also be queried to determine if it can handle a particular value.

Imagine a normal function that divides one number by another:

val divide = (x: Int) => 99 / x

This function blows up when the input parameter is zero. We can handle this particular situation by catching and throwing an exception. And also Scala lets us define this function as a PartialFunction.

val divide = new PartialFunction[Int, Int] {

def apply(x: Int) = 99 / x

def isDefinedAt(x: Int) = x != 0

}

This PartialFunction class has two methods: apply, which computes the function value from the matching pattern, and isDefinedAt, which returns true if the input matches at least one of the patterns.

Then we can test the function before we attempt to use it:

if (divide.isDefinedAt(8)) divide(8)

Partial functions are often written using case statements:

val divide: PartialFunction[Int, Int] = {

case x: Int if x != 0 => 99 / x

}

Some methods accept a PartialFunction as a parameter.

“-3+4”.collect { case ‘+’ => 1 ; case ‘-’ => -1 } // Vector(-1, 1)

The collect method of the GenTraversable trait applies a partial function to all elements, and returns a sequence of the results.

A Map[K, V] is a PartialFunction[K, V]. We can pass a map to collect:

val scores = Map(“Alice” -> 10, “Carmen” -> 7)

Array(“Alice”, “Bob”, “Carmen”).collect(scores) // Yields Array(10, 7)

Implicits

Implicits- implicit parameters and implicit conversions- are a major feature of the Scala language. An implicit parameter is one that can be automatically inferred based on its type and the values in scope, without needing to pass in the value of the argument explicitly, and an implicit conversion converts one type to another automatically on-demand, without needing to do this explicitly.

Implicit Parameters

A method can have an implicit parameter list, marked by the implicit keyword at the start of the parameter list. If the parameters in that parameter list are not passed as usual, Scala will look if it can get an implicit value of the correct type, and if it can, pass it automatically.

Note that the implicit keyword applies to an entire parameter list, not to an individual parameter. Thus, if we want only some parameters to be impicit, we must use multiple parameter lists. This is also known as curried. We can only use implicit once at the start of a parameter list and all parameters following it will be implicit. Also, it must be the last parameter list.

case class Delimiters(left: String, right: String)

def quote(what: String)(implicit delims: Delimiters) = delims.left + what + delims.right

A method with implicit parameters can be applied to arguments just like a normal method. In this case the implicit label has no effect.

quote(“Exloring Hadoop Ecosystem”)(Delimiters(“!”,“!”))

However, if such a method misses arguments for its implicit parameters, such arguments will be automatically provided.

quote(“Exloring Hadoop Ecosystem”)

In this case, the compiler will look for an implicit value of type Delimiters. This must be a value that is declared as implicit. If there are no implicit values in scope, we will get a compiler error.

implicit val myDelimiters = Delimiters(“«”, “»”)

There can only be one implicit value for a given data type.

def multiply(implicit by: Int) = 90 * by

implicit val multiplier1 = 2

implicit val multiplier2 = 10

multiply // error: ambiguous implicit values

It is not a good idea to use implicit parameters of common types. For example,

def quote(what: String)(implicit left: String, right: String)

This would not work- we could not supply two different strings.

Implicit Conversions

Besides supplying missing parameters, the other thing the Scala compiler can do implicitly is transform one type into another. It will look for opportunities to do this whenever there is a type mismatch, i.e. when the compiler expects an expression to be of one type but it is actually of a different type.

Implicit method

An implicit conversion method is just a method declared with the implicit modifier at the start. It takes one type as parameter and return other type. Such a method is automatically applied to convert values from one type to another.

For example,

def alert(msg: String): Unit = println(msg)

Since alert method expects a String, passing an Int would normally give a compiler error.

alert(9) // error: type mismatch

But if we have in scope an implicit def which takes in an Int and returns a String, then the compiler will pass the value with the mismatched type through this function.

implicit def intToString(i: Int): String = i.toString

Another example,

class People(x: Int) {

  def chat: Unit = for(i <- 1 to x) println(“H ello”)

}

implicit def intToPeople(x: Int) = new People(x) // causes compiler warnings

9.chat

Because implicit conversion methods can have pitfalls if used indiscriminately, the compiler warns when compiling the implicit conversion definition. To turn off the warnings take either of these actions:

import scala.language.implicitConversions into the scope of the implicit conversion method definition, or invoke the compiler with -language:implicitConversions

Implicit class

If we have a class whose primary constructor takes a single argument, then it can be marked as implicit and the compiler will automatically allow implicit conversions from the type of its constructor argument to the type of the class.

An implicit class is a class which must have a primary constructor with exactly one argument, and marked with the implicit keyword. This keyword makes the class’s primary constructor available for implicit conversions when the class is in scope.

The shorthand for previous example,

implicit class People(x: Int) {

  def chat: Unit = for(i <- 1 to x) println(“H ello”)

}

An implicit class cannot be a top-level class. Implicit classes must be defined inside of another trait/class/object.

try/catch/finally

Like Java, Scala has a try/catch/finally construct to let us catch and manage exceptions.

try {

val i = 99 / 0

} catch {

case ex: Exception => println(ex.getMessage)

} finally {

println(“run always”)

}

Packages

Packages in Scala fulfill the same purpose as packages in Java or namespaces in C#.

One way to declare packages is by using braces:

package users {

  package administrators {

    class NormalUser

  }

}

Instead of the nested notation, we can have package clauses at the top of the file, without braces.

package users

package administrators

class NormalUser

The import clause is also similar to Java, and more flexible. With Scala we can:

We can use import clauses for accessing members (classes, traits, functions, etc.) in other packages. An import clause is not required for accessing members of the same package.

import users._ // import everything from the users package

import users.User // import the class User

import users.{User, UserPreferences} // Only imports selected members from a package

import users.{UserPreferences => UPrefs} // import and rename for convenience

In Scala, an import statement can be anywhere, not just at the top of a file. The scope of the import statement extends until the end of the enclosing block.

class Manager {

import scala.collection.mutable._

val subordinates = new ArrayBuffer[String]

}

Every Scala program implicitly starts with:

import java.lang._ // everything in the java.lang package

import scala._ // everything in the scala package

import Predef._ // everything in the Predef object

Overview

Apache Spark was originally developed at AMPLab, UC Berkeley, in 2009. It was made open source in 2010 under the BSD license and switched to the Apache 2.0 license in 2013. Then the creators started the company named Databricks to promote and commercialize Spark.

Spark is a unified analytics engine for large-scale data processing. What sets Spark apart from its predecessors, such as MapReduce, is its speed, ease-of-use, and sophisticated analytics. In-memory processing makes Spark faster than MapReduce- up to 100 times for data in RAM and up to 10 times for data in storage.

Unified Stack

Spark consists of a kernel (Spark Core) and several extensions, such as Spark Streaming, Spark SQL, Spark MLlib, GraphX, SparkR. We can combine these libraries seamlessly in the same application.

We can run Spark locally or on a cluster. The local mode uses just a single server and so is a non-distributed mode. It is really just for development and testing. When we want to run a Spark application across a cluster, Spark needs a cluster manager. The Spark runtime runs on top of a variety of cluster managers, including YARN, Mesos, Kubernetes, and Spark’s own cluster manager called standalone mode.

The following figure shows the Spark unified stack:
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Spark Unified Stack

Spark can access diverse data sources, such as HDFS, HBase, Hive, Alluxio, Cassandra and hundreds of other data sources.

APIs

Spark provides rich APIs, allows us to write Spark code in Scala, Java, Python, R or SQL. As Spark is mainly written in Scala, Scala is the de-facto API interface for Spark.

In the cloud

The Databricks was founded by the creators of Apache Spark with the goal of helping clients with cloud-based big data processing. Databricks first launched its cloud based Spark services to General Availability in 2015. It was a single cloud offering, from Databricks itself, but physically based on the Amazon AWS cloud.

While Spark provides a unified framework, Databricks, built on the capabilities of Spark, provides a zero-management cloud platform that includes:


	fully managed Spark clusters


	an interactive workspace for exploration and visualization


	a production pipeline scheduler


	a platform for powering our favorite Spark-based applications




Databricks is currently available Microsoft Azure and Amazon AWS. We cannot run Databricks in our own datacenter.

Azure Databricks is an Apache Spark based analytics platform optimized for the Microsoft Azure cloud services platform. Designed in collaboration with Microsoft, Azure Databricks combines the best of Databricks and Azure to help clients accelerate innovation with one-click set up, streamlined workflows and an interactive workspace that enables collaboration between data scientists, data engineers, and business analysts.

The data (raw or structured) is ingested into Azure through Azure Data Factory in batches, or streamed near real-time using Kafka, Event Hub, or IoT Hub. This data lands in a data lake for long term persisted storage, in Azure Blob Storage or Azure Data Lake Storage. Then we use Azure Databricks to read data and turn it into breakthrough insights.

Spark Architecture
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Architecture

Spark Application

A Spark application consists of two parts. The first is the application data processing logic expressed using Spark APIs, and the other is the Spark driver. Each spark application contains a main() method in which the instance of SparkContext is created.

Spark uses master-slave architecture, one central coordinator and many distributed workers. The central coordinator is called driver and distributed workers are called executors. The driver schedules the executors and a set of executor processes run the actual tasks. The driver and its executors are together termed a Spark Application.

Driver

Driver is a thread (that runs in the container process where ApplicationMaster locates or runs in the client process). The main() method of our application runs in the driver thread.

The driver is the heart of a Spark Application and maintains all relevant information during the lifetime of the application. Such as:

SparkContext

Every Spark application requires a SparkContext. It is the main entry point to the Spark functionality. Spark applications run as independent sets of processes on a cluster, coordinated by the SparkContext instance in the driver process. The SparkContext can connect to several types of Cluster Managers.

In order to create a SparkContext we should first create a SparkConf. The SparkConf stores configuration parameters that our application passes to SparkContext. Some of these parameters define properties of application and some are used by Spark to allocate resources on the cluster, like executors’ memory, number of executors, etc.

Cluster Manager

The cluster that Spark uses to execute tasks is managed by a cluster manager like Spark’s standalone cluster manager, YARN, Mesos or Kubernetes.

Cluster Manager keeps track of the available resources (nodes) available in the cluster. When SparkContext instance is created, it connects to the cluster manager to negotiate for executors. From the available nodes, cluster manager allocates executors to the SparkContext based on the demand.

Executor

An executor is a JVM process launched on a worker node, that runs tasks and keeps data in memory or disk storage. We can specify how many executors should fall on each node through configurations.

The executors are responsible for actually carrying out the work that the driver assigns them. This means that each executor is responsible for only two things: executing code assigned to it by the driver, and reporting the state of the computation on that executor back to the driver. Executors keep sending metrics for active tasks to the driver every spark.executor.heartbeatInterval (defaults to 10s with some random initial delay so the heartbeats from different executors do not pile up on the driver).

Each application has its own executors. When the application completes, its executor processes go away.

Task

A task represents a unit of work sent to one executor. A Spark task is the smallest unit of work that Spark can perform within an executor. Each executor contains multiple threads, and each task is executed by one of these threads on a worker node. Multiple tasks can run within the same executor.

SparkSession

Prior to Spark 2.0, SparkContext was the entry point for Spark core applications. Different libraries have different wrappers around SparkContext. For example, the SQLContext and HiveContext, used with Spark SQL applications; and the StreamingContext, used for Spark Streaming applications.

The SparkSession introduced in Spark 2.0 combines all these into a single entry point that can be used for all Spark applications. There is a one-to-one correspondence between a Spark Application and a SparkSession.

As the new entry point, SparkSession replaces the old SQLContext and HiveContext. The old SQLContext and HiveContext are only kept for backward compatibility. Note that StreamingContext is still the main entry point for all streaming functionality. By having access to SparkSession, we automatically have access to the SparkContext.

When a Spark shell ( spark-shell , pyspark ) is successfully started, a variable called spark is initialized and ready to be used in the Spark shell. This spark variable is an instance of SparkSession and has Hive support enabled automatically.

Spark on YARN

Running Spark on YARN is the most convenient way to use Spark when we have an existing Hadoop cluster.

YARN

YARN is a generic resource management framework for distributed workloads. YARN can support a lot of varied computation frameworks such as MapReduce, Tez, and Spark.

The ResourceManager and the NodeManager form the data computation framework. The ResourceManager is the ultimate authority that arbitrates resources among all the applications. The per-node NodeManager is responsible for containers, monitoring their resource usage (CPU, memory, disk, network) and reporting to the ResourceManager. ResourceManager is responsible for managing all available cluster resources, while NodeManager is responsible for managing resources available on a single node.

In YARN, each application instance has an ApplicationMaster process, which is the first container started for that application. The ApplicationMaster is responsible for negotiating resources from the ResourceManager and working with the NodeManager(s) to execute and monitor the containers for a given application.

The ApplicationMaster is an instance of a framework-specific library. Both the MapReduce framework and Spark provide their own ApplicationMaster.

How applications work in YARN


	When a client submits the application, the ResourceManager responds with an application ID and information about the capabilities of the cluster that will aid the client in requesting resources.



Next the client responds with an ApplicationSubmissionContext. ApplicationSubmissionContext represents all of the information needed by the ResourceManager to launch the ApplicationMaster for an application. It includes details such as:

All YARN containers, including ApplicationMaster container, are described by ContainerLaunchContext. CLC represents all of the information needed by the NodeManager to launch a container. It includes details such as:


	When the ResourceManager receives the ApplicationSubmissionContext from a client, it schedules an available container for the ApplicationMaster. This container is often called container 0 because it is the ApplicationMaster, which will request additional containers. Then ResourceManager directs a NodeManager to start the ApplicationMaster container.



The ResourceManager waits for ApplicationMaster to register itself within the ApplicationMaster liveliness period. So, the first thing the ApplicationMaster needs to do is to connect and register itself with the ResourceManager.


	The ApplicationMaster registers itself on ResourceManager. In response to the registration request, the ResourceManager sends information about the minimum and maximum capabilities of the cluster.


	Based on the available capabilities reported from the ResourceManager, the ApplicationMaster requests the appropriate resource containers from ResourceManager.




A resource request is simply a request for a number of containers that satisfies some resource requirements, such as:

The ResourceManager responds to this request as best as possible based on scheduling policies.


	Upon successful receipt of the containers, the ApplicationMaster can then set up the necessary launch context via ContainerLaunchContext for each allocated container, and submit a request to the NodeManager(s) to start containers. Before launching a container, the NodeManager copies all data files, executables, and necessary dependencies to the local file system.


	Inside the container, the user application code starts. Then the user application provides information (stage of execution, status) to ApplicationMaster.


	During the user application execution, the client communicates with the ApplicationMaster to obtain the status of the application.


	When the application has completed execution and all the necessary work has been finished, the ApplicationMaster deregisters from ResourceManager and shuts down, freeing its containers for other purposes.




Cluster mode and Client mode

There are two modes that can be used to launch Spark applications on YARN.

In cluster mode, the Spark driver runs inside an ApplicationMaster process which is managed by YARN on the cluster, and the client can go away after initiating the application.

We can start a job from our laptop and the job will continue running even if we close our laptop. Cluster mode is not well suited to using Spark interactively.

In client mode, the driver runs in the client process which submits the application, and the ApplicationMaster is only used for requesting resources from YARN.

The driver runs on a client, such as our laptop. If the client is shut down, the job fails. This mode is especially suitable for REPL (e.g., spark-shell).

The cluster mode is recommended for production deployments, while the client mode is good for development and debugging when we would like to see immediate output.

When running Spark on YARN, each Spark executor runs inside a YARN container. One Spark executor is equivalent to one YARN container. So, one container can host multiple tasks.

In MapReduce, for each map/reduce task a different container gets launched.
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cluster mode vs client mode

Under the hood

Cluster mode

When we submit a Spark application via spark-submit and the YARN Cluster mode, spark-submit utility interacts with the ResourceManager to start the ApplicationMaster. The ResourceManager selects a DataNode (worker node) and directs one NodeManager to start the ApplicationMaster. The NodeManager then launches a container for the Applicatio-nMaster (the process name is ApplicationMaster).

The corresponding source code is org.apache.spark.deploy.yarn.ApplicationMaster . When initialized, ApplicationMaster is given a YarnRMClient named client , which is primarily used to register the ApplicationMaster and request containers for executors from YARN and later unregister ApplicationMaster from YARN ResourceManager.

When ApplicationMaster is started, run() is executed which then calls runDriver() for cluster mode or calls runExecutorLauncher() for client mode.

if (isClusterMode) {

  runDriver()

} else {

  runExecutorLauncher()

}

Inside runDriver() , it first starts user application by creating the driver thread and then invoking the main in this thread. Then registers ApplicationMaster with ResourceManager.

Then inside createAllocator , a YarnAllocator named allocator is initialized which then calls allocateResources to claim new resource containers and cancel any outstanding resource container requests.

private def runDriver(): Unit = {

  userClassThread = startUserApplication()

  logInfo(“Waiting for spark context initialization…”)

  val totalWaitTime = sparkConf.get(AM_MAX_WAIT_TIME)

  try {

    val sc = ThreadUtils.awaitResult(sparkContextPromise.future,

      Duration(totalWaitTime, TimeUnit.MILLISECONDS))

    if (sc != null) {

      registerAM(host, port, userConf, sc.ui.map(_.webUrl), appAttemptId)

      createAllocator(driverRef, userConf, rpcEnv, appAttemptId, distCacheConf)

    } else {

      throw new IllegalStateException(“User did not initialize spark context!”)

    }

  }

}

private def registerAM(host: String, port: Int, _sparkConf: SparkConf, uiAddress: Option[String], appAttempt: ApplicationAttemptId): Unit = {

  client.register(host, port, yarnConf, _sparkConf, uiAddress, historyAddress)

  registered = true

}

private def createAllocator(driverRef: RpcEndpointRef, _sparkConf: SparkConf, rpcEnv: RpcEnv,        appAttemptId: ApplicationAttemptId, distCacheConf: SparkConf): Unit = {

  allocator = client.createAllocator(yarnConf, _sparkConf, appAttemptId, driverUrl, driverRef, securityMgr,

                            localResources)

  allocator.allocateResources()

}

When the container resources are granted, YarnAllocator starts executor containers via runAllocatedContainers , inside which one ExecutorRunnable is created per container.

launcherPool.execute(() => {

  try {

    new ExecutorRunnable(

      Some(container),

      conf,

      sparkConf,

      driverUrl,

      executorId,

      executorHostname,

      containerMem,

      containerCores,

      appAttemptId.getApplicationId.toString,

      securityMgr,

      localResources,

      rp.id

    ).run()

  }

})

Then ExecutorRunnable starts a YARN container with a process named CoarseGrained-ExecutorBackend started. In its onStart() , CoarseGrainedExecutorBackend registers itself with the driver by sending message RegisterExecutor to the driver endpoint in CoarseGrained-SchedulerBackend. This gives the SparkContext information about the number of executors available for running tasks and their locations, which is used for making task placement decisions. After successfully registering with driver, it creates the internal executor and then sends the message LaunchedExecutor(executorId) to the driver endpoint. The driver prepares tasks that need to run and then sends the message LaunchTask(new SerializableBuff-er(serializedTask)) one by one to the CoarseGrainedExecutorBackend, which then launches the task on the executor using Executor#launchTask method.
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Client mode

Client mode is supported for both interactive shells (like spark-shell) and non-interactive application submission (like spark-submit).

The driver is created and runs on the client when we submit a Spark application to the YARN ResourceManager, which then starts a YARN container on a NodeManager and runs a Spark ApplicationMaster in it. For the client mode, the ApplicationMaster acts as an Execu-torLauncher (the process name is ExecutorLauncher). Then ApplicationMaster asks the ResourceManager for more containers to be used as Spark executors.

The rest of the process is the same as cluster mode.

Deploying Applications

Spark provides a single script we can use to submit our application, called spark-submit.

Run on a Cluster

Through various options, spark-submit can connect to cluster managers and control how many resources our application gets.

YARN cluster

To launch a Spark application in cluster mode, we need to navigate to a node with Spark client installed. And as the user running the job needs HDFS read and write permission, we then log in as a user, for example, spark :

su - spark

Spark comes with several sample applications in the examples directory. Here we use the Pi example to illustrate:

spark-submit



–class org.apache.spark.examples.SparkPi



–master yarn



–deploy-mode cluster



/usr/hdp/3.1.4.0-315/spark2/examples/jars/spark-examples_2.11-2.3.2.3.1.4.0-315.jar 10

Some of the commonly used options are:

To launch a Spark application in client mode, do the same, but change –deploy-mode from cluster to client.

spark-submit



–class org.apache.spark.examples.SparkPi



–master yarn



–deploy-mode client



/usr/hdp/3.1.4.0-315/spark2/examples/jars/spark-examples_2.11-2.3.2.3.1.4.0-315.jar 10

Run locally

This command runs applications locally with one thread.

spark-submit



–class org.apache.spark.examples.SparkPi



–master local



/usr/hdp/3.1.4.0-315/spark2/examples/jars/spark-examples_2.11-2.3.2.3.1.4.0-315.jar 10

Local mode

local[K] allocates only one executor with K cores.

Interactive Shells

Spark provides both Scala shell and Python shell. These interactive shells are best suitable for exploration purpose. We can use them during the learning or development process.

Both of them have a –master option that lets us specify the values yarn, spark, local, etc.

Scala shell

The Spark Scala shell is an extension of the Scala REPL, it is a great way to use it to learn Scala and Spark at the same time.

Run on YARN cluster

To open the Scala shell, on the node with Spark client installed run:

spark-shell

The command starts a Spark application and provides an environment where we can interactively call Spark Scala APIs to easily perform exploratory data processing. We can think of the Spark Scala shell as a Scala application with an empty body. We then fill this empty body with our logic.

Once the Spark shell is started, a few things are initialized and set up for us to use, including Spark UI and a few important variables.
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In the above figure, there is a line:

Spark context Web UI available at http://node3:4040

When we open this URL in web browser, we are navigated to the page below:
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The Spark UI is a web application designed to help with monitoring and debugging Spark applications. It contains detailed runtime information and various resource consumptions of a Spark application. Notice that this Spark UI is available only while a Spark application is running.

The Spark Scala shell creates a sc variable to access the SparkContext and a spark variable to access the SparkSession.

Run locally

spark-shell –master local
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How to run a Word Count application from Spark shell

In order to run a Word Count application, we need a text file as data, which Spark will analyze to count the number of times each word occurs in that text file.

First open shell with local mode:

spark-shell –master local

Then in the Spark shell console:

sc.textFile(“file:///paul/words2.txt”).flatMap(.split(“\W+”)).map((, 1)) .reduceByKey(+).collect.foreach(println)
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First copy this local file /paul/words2.txt to HDFS in the Linux CLI:

hdfs dfs -mkdir /paul

hdfs dfs -put /paul/words2.txt /paul

spark-shell

Then in the Spark shell console:

sc.textFile(“/paul/words2.txt”).flatMap(.split(“\W+”)).map((, 1)) .reduceByKey(+).saveAsTextFile(“/paul/words2_output”)
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Python shell

The Spark Python shell is an extension of the Python REPL.

To open the Python shell, run:

pyspark

or

pyspark –master local
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Building Applications

Usually we use the interactive mode of running Spark applications when we are in the data exploration phase or when we perform ad-hoc analysis of data. But ultimately, all our exploration will end up into a Spark application. We can package our application and submit it to Spark cluster for execution using a Spark Submit utility. The recommended way in production most of the time is to submit the Spark applications to the cluster by using spark-submit script.

We can write a Spark application in Scala, Java, Python, R or SQL. If we are building a Scala or a Java Spark application, we must compile the application and assemble it into a JAR file that sent to the worker nodes. It is useful to use various IDEs such as IntelliJ or Eclipse and build tools such as SBT or Maven.

Create a Scala SBT application using IntelliJ

Open IntelliJ IDEA.

On the welcome screen, navigate to Configure > Plugins to open the Plugins window.

Select Install for the Scala plugin. After the plugin installs successfully, restart the IDE.
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Create New Project. Next, select Scala with sbt and click next.
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Then name project WordCount and select appropriate sbt version and Scala version. Click on Finish to proceed. Note that each version of Spark is designed to be compatible with a specific version of Scala. We can check the appropriate version and what our build.sbt file should look like from,

https://mvnrepository.com/artifact/org.apache.spark/spark-core
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As the Spark version is 2.3.2 in HDP 3.1.4, we need to use Scala 2.11.12 here.
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IntelliJ would make a new project with a default directory structure.
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Before we start writing a Spark Application, we need to import the Spark libraries and documentation into IntelliJ. As we are building Spark applications that run on HDP 3.1.4, we reference the Hortornworks repositories here. Add the following lines to build.sbt :

libraryDependencies += “org.apache.spark” %% “spark-core” % “2.3.2.3.1.4.0-315”

resolvers := List(“Hortonworks Releases” at ” http://repo.hortonworks.com/content/repositories/releases/ “,

“Jetty Releases” at ” http://repo.hortonworks.com/content/repositories/jetty-hadoop/ “)

After we save the file, IntelliJ will automatically import the libraries and documentation needed to run Spark.

All imports in SBT follow this format: Group Id % Artifact Id % Revision. Where in our case the Group Id is “org.apache.spark”, Artifact Id is “spark-core”, Revision is “2.3.2.3.1.4.0-315”. The “%%” syntax additionally appends our project’s Scala version to the artifact name, in our case transforming “spark-core” into “spark-core_2.11”.

Create a new package called example and then create a new class inside this package. Name the file WordCount and choose Object .
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WordCount.scala:

package example

import org.apache.spark.{SparkConf, SparkContext}

import org.apache.spark.rdd.RDD

object WordCount {

  def main(args: Array[String]): Unit = {

val sparkConf: SparkConf = new SparkConf().setAppName(“WordCount”).setMaster(“local”)

    val sc = new SparkContext(sparkConf)

    sc.setLogLevel(“warn”)

    val data: RDD[String] = sc.textFile(args(0))

    val words: RDD[String] = data.flatMap(_.split(“\W+”))

    val wordsWithOne: RDD[(String, Int)] = words.map((_, 1))

    val result: RDD[(String, Int)] = wordsWithOne.reduceByKey(_ + _)

    result.saveAsTextFile(args(1))

    sc.stop()

  }

}

Then go to Run > Edit Configurations . Add 2 arguments (separated by space) to the Program arguments field:

/Users/paulliu/Projects/my/WordCount/words.txt /Users/paulliu/Projects/my/WordCount/words_intellij_output
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Right click on the text editor and select Run ‘WordCount’ to run the program. And we will find the output in /Users/paulliu/Projects/my/WordCount/words_intellij_output/ .

Deploying to HDP

Notice this line in code above:

val sparkConf: SparkConf = new SparkConf().setAppName(“WordCount”).setMaster(“local”)

This lets our application run locally. Before we package our code into a jar file that can then be deployed to HDP, we need to change this line to:

val sparkConf: SparkConf = new SparkConf().setAppName(“WordCount”) //.setMaster(“local”)

Open the terminal window in IntelliJ and run:

sbt package

This will create a compiled jar file called “wordcount_2.11-0.1.jar” in the folder: /Users/paulliu/Projects/my/WordCount/target/scala-2.11/
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Then copy this jar file to the node on which we run Spark submit utility. And run spark-submit :

spark-submit



–class example.WordCount



–master yarn



–deploy-mode cluster



/paul/wordcount_2.11-0.1.jar /paul/words2.txt /paul/words2_intellij_output

We then can find the ouput in HDFS path /paul/words2_intellij_output .

RDD

RDD is the fundamental abstraction that represents an immutable collection of records. If RDDS are big and cannot fit into a single node it should be partitioned across various nodes. Each RDD can be split into multiple partitions across a cluster’s nodes and can be operated in parallel.

Fault tolerant with the help of RDD lineage graph (DAG) and so able to recompute missing or damaged partitions.

Data is distributed across a cluster and accessed via parallel operations.

A Spark dataset comprises a fixed number of partitions, each of which comprises a number of records.

Spark does keep all the RDDs data in the memory as much as it can. Only in rare situations, where Spark is running out of memory or if the data size is growing beyond the capacity, is it written to disk. Most of the processing on RDD happens in the memory, and that is the reason why Spark is able to process the data at a lightning fast speed.

We perform all our work in Spark by creating, transforming and manipulating RDDs.

Partitions

An RDD has partitions and each partitions has records. Partitions are basic units of parallelism. The more the number of partitions, the more the parallelism.

RDDs get partitioned automatically without programmer intervention. However, there are times when we would like to adjust the size and number of partitions or the partitioning scheme according to the needs of our application. The number of partitions are configurable and having too few or too many partitions is not good. It should be decided thoughtfully based on the cluster configuration and requirements of the application.

The followings are some features:
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Creating RDDs

There are two ways to create RDDs, parallelizing an existing collection in Driver Program or referencing a dataset in an external storage system, such as a shared filesystem, HDFS, HBase, or any data source offering a Hadoop InputFormat .

When an RDD is created, it is completely owned by the SparkContext it originated from. RDDs can’t by design be shared between SparkContexts.

Parallelized Collections

Parallelized collections are created by calling SparkContext’s parallelize method on an existing collection in our driver program. Following is the syntax of parallelize method:

def parallelizeT: ClassTag: RDD[T]

parallelize method acts lazy and is not actually acted upon until an action is called on the RDD. One important thing for parallel collections is the number of partitions to cut the dataset into. The numSlices denotes the number of partitions the data would be parallelized to. Spark parallelize method creates N number of partitions if N is specified, else Spark would set N to sc.defaultParallelism .

For example:

val data = Array(1,2,3,4,5,6,7,8,9)

val distributedData = sc.parallelize(data)

We can get the partition number of distributedData RDD by this:

distributedData.partitions.length

The glom() coalesces all records within each partition into an array and returns an RDD[Array[Int]] here:

distributedData.glom().collect()

The glom() exposes the structure of created partitions. We find (1,2,3,4) in one partition and (5,6,7,8,9) in another partition.
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When we call collect() on an RDD, the whole data is sent to the Driver. We should be careful when calling collect().

Also, we can call SparkContext#makeRDD to distribute a local Scala collection to form an RDD. This method has two implementation through method overloading. One of them is identical to parallelize . The second implementation allows us to set location preferences.

External Datasets

For example:

val words = sc.textFile(“file:///paul/words2.txt”)

The textFile method takes an URI for the file (either a local path on the machine, or a hdfs://) and returns an RDD of String.

If using a path on the local filesystem, the file must also be accessible at the same path on worker nodes. Either copy the file to all workers or use a network-mounted shared file system.

All of Spark’s file-based input methods, including textFile , support running on directories, compressed files, and wildcards as well. For example, we can use textFile(“/my/directory”) , textFile(“/my/directory/.txt”) , and textFile(”/my/directory/.gz”) .

The textFile method also takes an optional argument minPartitions for controlling the number of partitions of the file.

RDD Operations

Once created, RDDs offer two types of operations: transformations and actions. Spark uses a lazy execution model, which means that it will wait to process the data in an RDD until it performs an action, that is, a transformation isn’t executed until the action requires it.

Lazy operations to return a new RDD based on the RDD we are operating on as results.

Compute a result based on an RDD, and the computed result is either returned to the Driver Program or stored to an external storage system like HDFS.

Actions are RDD operations that produce non-RDD values.

RDDs of key-value pairs

In Spark, RDDs containing key-value pairs are called pair RDDs. There are several ways to create pair RDDs in Spark, like by running a map() function that returns key-value pairs.

While most Spark operations work on RDDs containing any type of objects, a few special operations are only available on pair RDDs. In Scala, these special pair RDDs operations are available in the PairRDDFunctions class. They are automatically available on RDDs containing Tuple2 objects.

RDD Contract

Internally, each RDD is characterized by five main properties:

The first three are needed for an RDD to be recomputed in case the data is lost. When combined, it is called lineage. The last two parts are optimizations. 

abstract class RDD[T: ClassTag](

    @transient private var _sc: SparkContext,

    @transient private var deps: Seq[Dependency[_]]

  ) extends Serializable with Logging

{

  /** Implemented by subclasses to compute a given partition. */

  @DeveloperApi

  def compute(split: Partition, context: TaskContext): Iterator[T]

  /** Implemented by subclasses to return the set of partitions in this RDD. */

  protected def getPartitions: Array[Partition]

  /** Implemented by subclasses to return how this RDD depends on parent RDDs. */

  protected def getDependencies: Seq[Dependency[_]] = deps

  /** Optionally overridden by subclasses to specify placement preferences. */

  protected def getPreferredLocations(split: Partition): Seq[String] = Nil

  /** Optionally overridden by subclasses to specify how they are partitioned. */

  @transient val partitioner: Option[Partitioner] = None

}

Partitioning

Spark uses different partitioning schemes for various types of RDDs and operations. There are many factors which affect partitioning choices:

Partitioner

Partitioner are the classes or pieces of logic which specify how to distribute records between the partitions of RDD.

Partitioner is available on all pair RDDs. Partitioner defines how the records in a pair RDD are partitioned by key. Maps each key to a partition ID, from 0 to  numPartitions - 1 .

For non pair RDDs, Partitioner is NONE. This means partitioning is not based upon characteristic of data but distribution is random and guaranteed to be uniform across nodes.

Spark provides two built-in Partitioners- HashPartitioner and RangePartitioner .

HashPartitioner

HashPartitioner is the default partitioner in Spark. It calculates a partition index based on a key’s hash code, according to this simple formula:

partitionIndex = hashCode % numberOfPartitions

RangePartitioner

Range partitioning is suitable for RDDs where there’s a natural ordering in the keys and the keys are non negative.

RangePartitioner partitions data of sorted RDDs into roughly equal ranges. It samples the contents of the RDD passed to it and determines the range boundaries according to the sampled data.

Let us take a look at the following example. First we build one pair RDD, and then partitionBy() transformation allows applying custom partitioning logic over the RDD.

val data = Array(800, 240, 96, 401, 400, 8)

val distributed_data = sc.parallelize(data,1)

val paired_data = distributed_data.map((_,“value for demo”))

Hash partitioning:

val result = paired_data.partitionBy(new org.apache.spark.HashPartitioner(4))

result.glom().collect

The result is a very unbalanced distribution:

Array(Array((800,value for demo), (240,value for demo), (96,value for demo), (400,value for demo), (8,value for demo)), Array((401,value for demo)), Array(), Array())

Range partitioning:

val range_partitioner = new org.apache.spark.RangePartitioner(4, paired_data)

val result = paired_data.partitionBy(range_partitioner)

result.glom().collect

The result is much more balanced:

Array(Array((96,value for demo), (8,value for demo)), Array((240,value for demo)), Array((401,value for demo), (400,value for demo)), Array((800,value for demo)))

To implement a custom Partitioner, we need to extend the  Partitioner  class and implement the methods.

Spark does not give explicit control of which worker node each key goes to (partly because the system is designed to work even if specific nodes fail). But it lets the program ensure that a set of keys will appear together on some node.

For example, we might choose to hash partitioning an RDD into 100 partitions so that keys that have the same hash value modulo 100 appear on the same node. Or we might range partitioning the RDD into sorted ranges of keys so that records with keys in the same range appear on the same node.

Number of Partitions

spark.default.parallelism

Default number of partitions in RDDs returned by transformations like join , reduceByKey , and parallelize when not set explicitly by user.

We can configure it in our cluster configuration file. In Ambari, add spark.default.parallelism property, then restart Spark components according to instruction, and then restart spark-shell , we will get the new value by running sc.defaultParallelism .

We can also specify its value by the following:

spark-shell –conf spark.default.parallelism=4
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sc.defaultParallelism

sc.defaultParallelism = spark.default.parallelism

If spark.default.parallelism is not specified, sc.defaultParallelism value follows the rules:

For example, when we run spark-shell –master local[4] , its value would be 4.

For example, in YARN, total number of cores applied by current application equals number of executors multiply number of cores per executor . When we run spark-shell –num-executors 5 –executor-cores 3 , its value would be max(15, 2).

SparkContext.scala

class SparkContext(config: SparkConf) extends Logging

{

  /** Default level of parallelism to use when not given by user */

  def defaultParallelism: Int = {

    assertNotStopped()

    taskScheduler.defaultParallelism

  }

  /**

  * Default min number of partitions for Hadoop RDDs when not given by user

  * Notice that we use math.min so the “defaultMinPartitions” cannot be higher than 2.

  */

  def defaultMinPartitions: Int = math.min(defaultParallelism, 2)

}

TaskScheduler.scala

/**


	Low-level task scheduler interface, currently implemented exclusively by


	org.apache.spark.scheduler.TaskSchedulerImpl.


	This interface allows plugging in different task schedulers. Each TaskScheduler schedules


	tasks for a single SparkContext. These schedulers get sets of tasks submitted to them from


	the DAGScheduler for each stage, and are responsible for sending the tasks to the cluster,


	running them, retrying if there are failures, and mitigating stragglers. They return events


	to the DAGScheduler.




*/

private[spark] trait TaskScheduler

{

  // Get the default level of parallelism to use in the cluster, as a hint for sizing jobs.

  def defaultParallelism(): Int

}

TaskSchedulerImpl.scala

/**


	Schedules tasks for multiple types of clusters by acting through a SchedulerBackend.



*/

private[spark] class TaskSchedulerImpl(

    val sc: SparkContext,

    val maxTaskFailures: Int,

    isLocal: Boolean = false)

  extends TaskScheduler with Logging

{

  override def defaultParallelism(): Int = backend.defaultParallelism()

}

SchedulerBackend.scala

/**


	A backend interface for scheduling systems that allows plugging in different ones under


	TaskSchedulerImpl.




*/

private[spark] trait SchedulerBackend

{

  def defaultParallelism(): Int

}

LocalSchedulerBackend.scala

/**


	Used when running a local version of Spark where the executor, backend, and master all


	run in the same JVM.




*/

private[spark] class LocalSchedulerBackend(

    conf: SparkConf,

    scheduler: TaskSchedulerImpl,

    val totalCores: Int)

  extends SchedulerBackend with ExecutorBackend with Logging

{

  override def defaultParallelism(): Int =

    scheduler.conf.getInt(“spark.default.parallelism”, totalCores)

}

StandaloneSchedulerBackend.scala

/**


	A SchedulerBackend implementation for Spark’s standalone cluster manager.



*/

private[spark] class StandaloneSchedulerBackend(

    scheduler: TaskSchedulerImpl,

    sc: SparkContext,

    masters: Array[String])

  extends CoarseGrainedSchedulerBackend(scheduler, sc.env.rpcEnv)

  with StandaloneAppClientListener

  with Logging

{

}

CoarseGrainedSchedulerBackend.scala

/**


	A scheduler backend that waits for coarse-grained executors to connect.



*/

private[spark]

class CoarseGrainedSchedulerBackend(scheduler: TaskSchedulerImpl, val rpcEnv: RpcEnv)

  extends ExecutorAllocationClient with SchedulerBackend with Logging

{

  override def defaultParallelism(): Int = {

    conf.getInt(“spark.default.parallelism”, math.max(totalCoreCount.get(), 2))

  }

}

sc.defaultMinPartitions

sc.defaultMinPartitions = min(spark.default.parallelism,2)

sc.defaultMinPartitions has only two values- 1 and 2, a value of 2 when sc.defaultParallelism > 1 , and a value of 1 when sc.defaultParallelism = 1 .

parallelize()

class SparkContext(config: SparkConf) extends Logging

{

  /** Distribute a local Scala collection to form an RDD. */

  def parallelize[T: ClassTag](

      seq: Seq[T],

      numSlices: Int = defaultParallelism): RDD[T] = withScope {

    assertNotStopped()

    new ParallelCollectionRDDT

  }

}

The numSlices denotes the number of partitions the data would be parallelized to.

If not specified, the number of partitions is decided by sc.defaultParallelism .

Let us parse the number of Partitions for this scene:

val data = Array(1,2,3,4,5,6,7,8,9)

val dist_data = sc.parallelize(data)

If specified, the number of partitions is decided by specified value.

textFile() reading from HDFS

class SparkContext(config: SparkConf) extends Logging

{

  /**

  * Read a text file from HDFS, a local file system (available on all nodes), or any

  * Hadoop-supported file system URI, and return it as an RDD of Strings.

  * @param path path to the text file on a supported file system

  * @param minPartitions suggested minimum number of partitions for the resulting RDD

  * @return RDD of lines of the text file

  */

  def textFile(

      path: String,

      minPartitions: Int = defaultMinPartitions): RDD[String] = withScope {

    assertNotStopped()

    hadoopFile(path, classOf[TextInputFormat], classOf[LongWritable], classOf[Text],

      minPartitions).map(pair => pair._2.toString).setName(path)

  }

}

The textFile method takes an optional argument minPartitions for controlling the number of partitions of the file.

If minPartitions is not specified, the number of partitions is decided by

max(number of blocks, sc.defaultMinPartitions)

For example, we have one file named test_data.utf8 in HDFS. The size of test_data.utf8 is 547MB, by default, 5 HDFS blocks allocated.

val data = sc.textFile(“/paul/test_data.utf8”)

If minPartitions is specified, the number of partitions is decided by

max(number of blocks, specified value)

Spark creates one partition for each block of HDFS file. We can ask for a higher number of partitions by passing a larger value. But we cannot have fewer partitions than blocks.

Word Count example

The size of HDFS file test_set.csv is 1.28G. 11 HDFS blocks allocated.

val data = sc.textFile(“/paul/test_set.csv”)

val words = data.flatMap(_.split(“\W+”)) 

val wordsWithOne = words.map((_,1)) 

val result = wordsWithOne.reduceByKey(+) 

result.saveAsTextFile(“/paul/test_set_output”)

Default Partitioning Behavior

Parallelizing a scala collection

Reading data from HDFS

For operations creating RDD from another RDD

RDD#repartition() & RDD#coalesce()

We can also control the number of partitions of any existing RDDs using repartition() or coalesce() transformations.

repartition()

repartition() can both decrease and increase the number of partitions in an RDD.

repartition() is used to perform a full shuffle on the data and creates new partitions based on the user’s input. The resulting data is hash partitioned and the data is equally distributed among the partitions.

When we call RDD.repartition(X) it would perform a shuffle of the data from N partitions we have in RDD to X partitions we want to have. Partitioning would be done on round robin basis. If we have a 30GB uncompressed text file stored on HDFS, then with the default HDFS block size setting (128MB) it would be stored in 240 blocks, which means that the RDD we read from this file would have 240 partitions. When we call repartition(1000) our RDD would be marked as to be repartitioned, but in fact it would be shuffled to 1000 partitions only when we execute an action on top of this RDD.

Increasing the number of partitions is useful for increasing the degree of parallelism when writing to HDFS. We would generally use coalesce() when reducing partitions since it’s more efficient than repartition().

coalesce()

coalesce() is generally used to decrease the number of partitions.

repartition() performs a full shuffle, creating new partitions and equally distributing data across worker nodes. Unlike repartition(), coalesce doesn’t perform a full shuffle to create the partitions. coalesce() minimizes data movement and avoids a full shuffle by using existing partitions. It can safely keep data on the specified number of partitions, only moving the data off the extra partitions, onto the partitions that it kept.

coalesce() is useful when we want to reduce the number of files generated by Spark when writing to HDFS, preventling the dreaded small file problem (Each partition gets written as separate files to HDFS). Note that we might run into performance issues when using coalesce() since we are effectively reducing the degree of parallelism while writing to HDFS. Try increasing the number of partitions if that happens.

Difference between coalesce() and repartition()

coalesce() combines existing partitions to minimize the amount of data that’s shuffled. repartition() creates new partitions and does a full shuffle.

coalesce() results in partitions with different amounts of data (sometimes partitions have much different sizes) and repartition() results in roughly equal sized partitions. coalesce() may run faster than repartition, but unequal sized partitions are generally slower to work with than equal sized partitions.

abstract class RDD[T: ClassTag](

    @transient private var _sc: SparkContext,

    @transient private var deps: Seq[Dependency[_]]

  ) extends Serializable with Logging

{

  /**

  * Return a new RDD that has exactly numPartitions partitions.

  * Can increase or decrease the level of parallelism in this RDD. Internally, this uses

  * a shuffle to redistribute data.

  * If you are decreasing the number of partitions in this RDD, consider using coalesce,

  * which can avoid performing a shuffle.

  */

  def repartition(numPartitions: Int)(implicit ord: Ordering[T] = null): RDD[T] = withScope {

    coalesce(numPartitions, shuffle = true)

  }

  /**

  * Return a new RDD that is reduced into numPartitions partitions.

  *

  * This results in a narrow dependency, e.g. if you go from 1000 partitions

  * to 100 partitions, there will not be a shuffle, instead each of the 100

  * new partitions will claim 10 of the current partitions. If a larger number

  * of partitions is requested, it will stay at the current number of partitions.

  * However, if you’re doing a drastic coalesce, e.g. to numPartitions = 1,

  * this may result in your computation taking place on fewer nodes than

  * you like (e.g. one node in the case of numPartitions = 1). To avoid this,

  * you can pass shuffle = true. This will add a shuffle step, but means the

  * current upstream partitions will be executed in parallel (per whatever

  * the current partitioning is).

  * @note With shuffle = true, you can actually coalesce to a larger number

  * of partitions. This is useful if you have a small number of partitions,

  * say 100, potentially with a few partitions being abnormally large. Calling

  * coalesce(1000, shuffle = true) will result in 1000 partitions with the

  * data distributed using a hash partitioner. The optional partition coalescer

  * passed in must be serializable.

  */

  def coalesce(numPartitions: Int, shuffle: Boolean = false,

              partitionCoalescer: Option[PartitionCoalescer] = Option.empty)

              (implicit ord: Ordering[T] = null)

      : RDD[T] = withScope {

    require(numPartitions > 0, s”Number of partitions ($numPartitions) must be positive.”)

    if (shuffle) {

      /** Distributes elements evenly across output partitions, starting from a random partition. */

      // include a shuffle step so that our upstream tasks are still distributed

      new CoalescedRDD(

        new ShuffledRDD[Int, T, T](

          mapPartitionsWithIndexInternal(distributePartition, isOrderSensitive = true),

          new HashPartitioner(numPartitions)),

        numPartitions,

        partitionCoalescer).values

    } else {

      new CoalescedRDD(this, numPartitions, partitionCoalescer)

    }

  }

}

DAG

When we apply different transformations on RDDs, a logical execution plan is created. The logical execution plan is generally known as Lineage graph.

RDD Lineage (aka RDD operator graph or RDD dependency graph) is a graph of all the parent RDDs of an RDD. A RDD lineage graph is hence a graph of what transformations need to be executed after an action has been called. We can check out the RDD lineage of an RDD using RDD#toDebugString .

Lineage graph is a DAG of RDDs which is a set of vertices and edges, where vertices represent the RDDs and the edges represent the transformation to be applied on RDD. Every edge directs from earlier to later in the sequence.

DAG of RDDs starts with the earliest RDDs (those with no dependencies on other RDDs or those with no reference cached data) and ends with the RDD that produces the result of the action that has been called to execute.

On the calling of action, the created DAG submits to DAGScheduler which further splits the graph into the stages, also known as DAG of Stages.

The lineage is the sequence of transformations that are performed to construct an RDD. Maintaining lineage information is the key for fault tolerance in Spark, which allows recovering lost data using the lineage graph of the RDDs. Replaying the sequence of transformations encoded in the RDD lineage allows reconstructing an RDD in the event of data loss. For example, if any of the partitions is lost, Spark can replay the transformation on that partition using the lineage graph to achieve the same computation.

Word Count example

The size of HDFS file test_data.utf8 is 547MB. 5 HDFS blocks allocated.

val data = sc.textFile(“/paul/test_data.utf8”)

val words = data.flatMap(_.split(“\W+”)) 

val wordsWithOne = words.map((_,1)) 

val result = wordsWithOne.reduceByKey(+) 

result.saveAsTextFile(“/paul/test_set_output”)

The following table lists the number of partitions for each RDD:

The following figure shows the RDD Lineage graph:


[image: image-930UJPHL.png]image-930UJPHL.png

Lineage graph

We can check out the linerage of RDD result using toDebugString :

result.toDebugString


[image: image-J4L6TF8J.png]image-J4L6TF8J.png

With spark.logLineage property enabled, toDebugString is included when executing an action.

spark-shell –conf spark.logLineage=true

We need to adjust logging level using the following statement:

sc.setLogLevel(“INFO”)

Then run the Word Count statement:

sc.textFile(“/paul/test_data.utf8”).flatMap(.split(“\W+”)).map((, 1)) .reduceByKey(+).saveAsTextFile(“/paul/test_data_output”)
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Finally, there are 5 output files:
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Let us go through all RDDs generated.

HadoopRDD

HadoopRDD is an RDD that provides core functionality for reading data stored in HDFS, a local file system (available on all nodes), or any Hadoop-supported file system URI using the older MapReduce API (org.apache.hadoop.mapred).

HadoopRDD is created as a result of calling the following methods in SparkContext:

textFile , hadoopFile or sequenceFile

Partitions are of type HadoopPartition . The number of partitions for HadoopRDD, i.e. the return value of getPartitions , is calculated using InputFormat.getSplits(jobConf, minPartitions) . For SparkContext.textFile the input format class is org.apache.hadoop.mapred.TextInputFormat .

data

Its partitions are the same as parent HadoopRDD .

scala> data.partitions.length

res25: Int = 5

scala> data.partitions

res26: Array[org.apache.spark.Partition] = Array(org.apache.spark.rdd.HadoopPartition@4b9, org.apache.spark.rdd.HadoopPartition@4ba, org.apache.spark.rdd.HadoopPartition@4bb, org.apache.spark.rdd.HadoopPartition@4bc, org.apache.spark.rdd.HadoopPartition@4bd)

scala> data.dependencies

res28: Seq[org.apache.spark.Dependency[_]] = List(org.apache.spark.OneToOneDependency@55c6e0d0)

Read the HDFS block to get the Array[String]. Each line is an element of Array[String]. More precisely, it should be map transformation from HadoopRDD .

scala> data.partitioner

res27: Option[org.apache.spark.Partitioner] = None

The HDFS block locations. More precisely, it asks the parent HadoopRDD .

words

Its partitions are the same as parent RDD.

scala> words.partitions.length

res32: Int = 5

scala> words.partitions

res33: Array[org.apache.spark.Partition] = Array(org.apache.spark.rdd.HadoopPartition@4b9, org.apache.spark.rdd.HadoopPartition@4ba, org.apache.spark.rdd.HadoopPartition@4bb, org.apache.spark.rdd.HadoopPartition@4bc, org.apache.spark.rdd.HadoopPartition@4bd)

scala> words.dependencies

res34: Seq[org.apache.spark.Dependency[_]] = List(org.apache.spark.OneToOneDependency@440df4d4)

Split each line and flatten the result as Array[String]. Each word is an element of Array[String].

scala> words.partitioner

res36: Option[org.apache.spark.Partitioner] = None

Ask parent RDD.

wordsWithOne

Its partitions are the same as parent RDD.

scala> wordsWithOne.partitions.length

res37: Int = 5

scala> wordsWithOne.partitions

res38: Array[org.apache.spark.Partition] = Array(org.apache.spark.rdd.HadoopPartition@4b9, org.apache.spark.rdd.HadoopPartition@4ba, org.apache.spark.rdd.HadoopPartition@4bb, org.apache.spark.rdd.HadoopPartition@4bc, org.apache.spark.rdd.HadoopPartition@4bd)

scala> wordsWithOne.dependencies

res39: Seq[org.apache.spark.Dependency[_]] = List(org.apache.spark.OneToOneDependency@26f71756)

Map Array[String] to Array[(String, Int)], each element of whose is (key, 1).

scala> wordsWithOne.partitioner

res41: Option[org.apache.spark.Partitioner] = None

Ask parent RDD.

result

Its partitions are different from parent RDD.

scala> result.partitions.length

res42: Int = 5

scala> result.partitions

res44: Array[org.apache.spark.Partition] = Array(org.apache.spark.rdd.ShuffledRDDPartition@0, org.apache.spark.rdd.ShuffledRDDPartition@1, org.apache.spark.rdd.ShuffledRDDPartition@2, org.apache.spark.rdd.ShuffledRDDPartition@3, org.apache.spark.rdd.ShuffledRDDPartition@4)

scala> result.dependencies

res45: Seq[org.apache.spark.Dependency[_]] = List(org.apache.spark.ShuffleDependency@dfbc62)

Repartitioning data and then combine values with the same key. Each tuple (key, sum value) is one element of Array[(String, Int)].

scala> result.partitioner

res46: Option[org.apache.spark.Partitioner] = Some(org.apache.spark.HashPartitioner@5)

None.

RDD Dependency

We can also consider DAG of RDDs as a set of vertices and edges, where RDDs are vertices and dependencies are edges. Every time a transformation is performed on an RDD, a new vertex (a new RDD) and a new edge (a dependency) are created. The new RDD depends on the old one, so the direction of the edge is from the child RDD to the parent RDD.

When we talk about RDD Dependency, we refer to the relationship between partitions of an RDD with partitions of RDD(s) it was derived from. There exist two types of dependencies: Narrow Dependency and Wide Dependency.

Before we continue, we need to understand what is Shuffle. Shuffle is a process of redistributing data across multiple partitions. Shuffle may (or may not) cause moving data between executors on one node or even on separate nodes.

Narrow Dependency

Narrow Dependency is known as Full dependency. Full dependency refers to the fact that an entire partition of parent RDD a is related to a partition in child RDD b.
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Each partition of the child RDD depends on a small number of entire partitions of parent RDD.
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Co-partitioned RDDs use same partitioner and thus have their data distributed across partitions in same manner.

RDD transformations like map , union , filter , which map data from one partition to one partition are referred as Narrow transformations. Narrow transformation doesn’t required to distribute the data across the partitions.

Wide Dependency

Wide Dependency is known as Partial dependency. Partial dependency refers to the fact that part of data in a partition of parent RDD a is related to a partition in child RDD b, and part of data in the same partition is related to another partition in child RDD b.
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Each partition of the parent RDD is depended on by multiple child partitions.

RDD transformations like groupByKey , distinct , non co-partitined join , require to map the data across the partitions. These kind of transformations which map data from one to many partitions are referred as Wide transformations. Wide transformations are also called Shuffle transformations.

Narrow Dependency vs Wide Dependency

For Narrow dependency, no shuffle of data is necessary. The child partition is only dependent on 1 parent partition. The parent partition’s data can be processed on 1 machine and the child partition can then exist on the same machine.

For Wide Dependency, shuffle is necessary. One child partition is dependent on many parent partitions. If the parent partitions exist on many machines, the data must be shuffled across the network in order to complete the data processing. Notice that shuffle does not mean network transimission occurs definitely.

Spark Source Code
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NarrowDependency

/**


	Base class for dependencies where each partition of the child RDD depends on a small number


	of partitions of the parent RDD. Narrow dependencies allow for pipelined execution.




*/

@DeveloperApi

abstract class NarrowDependencyT extends Dependency[T]

{

  /**

  * Get the parent partitions for a child partition.

  * @param partitionId a partition of the child RDD

  * @return the partitions of the parent RDD that the child partition depends upon

  */

  def getParents(partitionId: Int): Seq[Int]

  override def rdd: RDD[T] = _rdd

}

OneToOneDependency

Represents a one-to-one dependency between partitions of the parent and child RDDs.

RangeDependency

Represents a one-to-one dependency between ranges of partitions in the parent and child RDDs. It is used in UnionRDD for SparkContext.union.

PruneDependency

Represents a dependency between the PartitionPruningRDD and its parent. In this case, the child RDD contains a subset of partitions of the parents.

PartitionPruningRDD is an RDD used to prune RDD partitions so we can avoid launching tasks on all partitions.

ShuffleDependency

Represents a dependency on the output of a shuffle stage.

/**


	@param _rdd the parent RDD


	@param partitioner partitioner used to partition the shuffle output


	@param serializer [[org.apache.spark.serializer.Serializer Serializer]] to use. If not set




*                  explicitly then the default serializer, as specified by spark.serializer

*                  config option, will be used.


	@param keyOrdering key ordering for RDD’s shuffles


	@param aggregator map/reduce-side aggregator for RDD’s shuffle


	@param mapSideCombine whether to perform partial aggregation (also known as map-side combine)




*/

@DeveloperApi

class ShuffleDependency[K: ClassTag, V: ClassTag, C: ClassTag](

    @transient private val _rdd: RDD[_ <: Product2[K, V]],

    val partitioner: Partitioner,

    val serializer: Serializer = SparkEnv.get.serializer,

    val keyOrdering: Option[Ordering[K]] = None,

    val aggregator: Option[Aggregator[K, V, C]] = None,

    val mapSideCombine: Boolean = false)

  extends Dependency[Product2[K, V]]

{

}

Word Count example

Let us continue the previous example.
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The following figure shows the RDD Lineage graph at the partition level. Here the spark.default.parallelism is set to 3.
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If one of these partitions fails, we only have to recompute the missing partition to get back on track:
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Recomputing missing partitions is fast for Narrow Dependency but slow for Wide Dependency. If a partition in RDD result fails, it would take more time to recompute that partition.

Spark Execution Model

A typical execution sequence:

The Spark Execution Model is based on Directed Acyclic Graphs and can be defined in three phases: creating the logical execution plan, translating that into a physical execution plan, and then executing the tasks on a cluster.

We can view useful information about Spark jobs in real time in a web browser with this URL: http://xxx:4040 . For Spark applications that have finished, we can use the Spark History Server to see these information in a web browser at this URL: http://xxx:18081 .

Word Count example

Open scala shell:

scala> spark-shell
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Notice that the option –num-executors is set to 2 by default and the option –executor-cores is set to 1 by default. So the total cores used by current application (named application_1586847690098_0025) is 2.

Run the following statement:

scala> val myRDD = sc.textFile(“/paul/test_data.utf8”).flatMap(.split(“\W+”)).map((, 1)) .reduceByKey(+)

And then check out the RDD Lineage graph of myRDD :

scala> myRDD.toDebugString
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Invoke the action to trigger a job:

scala> myRDD.saveAsTextFile(“/paul/test_data_output_3”)

DAGScheduler

DAGScheduler works on the Driver and is created as part of SparkContext’s initialization (right after TaskScheduler and SchedulerBackend are ready).

One SparkContext has one DAGScheduler.

// Create and start the scheduler

val (sched, ts) = SparkContext.createTaskScheduler(this, master, deployMode)

_schedulerBackend = sched

_taskScheduler = ts

_dagScheduler = new DAGScheduler(this)

Jobs

We can view the job information with url http://node2:4040 :
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A job is a sequence of Stages. Invoking an action inside a Spark application triggers a job. The number of jobs depends on the number of actions of our application. Of course, the number of actions depends on our application logic.

Job Stages

A Stage is a collection of Tasks that run the same code in parallel.

DAGScheduler computes a DAG of stages for each job. Stages are a result of breaking the DAG of RDDs at shuffle boundaries. Each DAG of RDDs is split into stages at the boundaries where shuffle occurs. Shuffle boundaries introduce a barrier where a stage must wait for the previous stages to finish before starting. Wide Dependencies result in shuffle boundaries. That is, DAGScheduler cuts the logical execution plan between all RDDs with Wide Dependencies and pipelines together all RDDs into one stage that are connected by a Narrow Dependency. Generally speaking, a shuffle occurs between every two stages.

During this process, DAGScheduler checks backwards from the final RDD, add each NarrowDependency into the current stage and break out for a new stage when there’s a ShuffleDependency.

There are two types of stages- ShuffleMapStage and ResultStage . The final stage which produces the result is called the ResultStage. All other stages that are required for computing the ResultStage are called ShuffleMapStages.

ShuffleMapStage is an intermediate stage that produces data for other stage(s). ShuffleMapStage (aka shuffle map stage or simply map stage) is an input for the other following stages in the DAG of Stages and is also called a map side of shuffle dependency. When executed, a ShuffleMapStage saves map output files that can later be fetched by reduce tasks. When all map outputs are available, the ShuffleMapStage is considered ready.

ResultStage is the final stage and executes a Spark action.

The figure below shows the two stages for Job 0:
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Stage 0 consists of two transformations- flatMap and map , both these transformations are Narrow Transformations and do not need to move or redistribute the data. Hence, they can be in a stage.

Stage 1 consists of a transformation reduceByKey . It is a Wide Transformation and would require data from multiple partitions. Hence this would lead to Shuffling.

Tasks

A Task is a computation on the records in a RDD partition in a stage.

A Task is the smallest unit of work that Spark can perform within an executor. Each Task is executed as a single thread in an Executor. Each executor can also have more than one task assigned. Spark runs a maximum of 1 task for every partition of an RDD. So the following equation exists:

1 partition = 1 task = 1 executor core.

In each stage, the task number is determined by the partition number of the last RDD in the stage. The number of tasks in each stage represents the parallelism of each stage. To maximize the parallelism, the number of partitions for one application should be 2 to 3 times the total number of cores which is specified for current application.

All tasks in a stage must be completed before the following stages start.

The figure below shows the details for Stage 0:
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There are 2 executors and 1 core each specified by this application. As the partitions number is 5, there are 5 tasks for Stage 0. These tasks run in 2 executors- executor 1 runs 3 tasks and executor 2 runs 2 tasks.

The figure below shows the details for Stage 1:
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There are 2 types of tasks- ShuffleMapTask and ResultTask . The ResultStage consists of multiple ResultTasks, while earlier ShuffleMapStages consist of multiple ShuffleMapTasks.

ShuffleMapTask gets its name because its result needs to be shuffled before goes into the next stage, which is similar to the MapTask in Hadoop MapReduce. ResultTask can be regarded as ReduceTask (when it gets shuffled data from its parent stages), or MapTask (when the current stage has no parents).

Stages are then submitted to TaskScheduler as TaskSets by the DAGScheduler according to the order of Stages. One stage one TaskSet. The number of tasks in TaskSet depends on the number of partitions. For example consider we have 4 partitions, then there will be 4 set of tasks created and submitted in parallel. TaskScheduler#submitTasks is called when DAGScheduler submits tasks for a stage.

private[spark] trait TaskScheduler {

  // Submit a sequence of tasks to run.

  def submitTasks(taskSet: TaskSet): Unit

}

Then TaskScheduler schedules the TaskSets via Cluster Manager and monitors its execution. Tasks are scheduled on the designated executors (JVMs running on worker nodes) meeting the resource and data locality constraints.

Word Count example
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Under the hood

An RDD action in the application triggers a job. For example, the action collect :

def collect(): Array[T] = withScope {

  val results = sc.runJob(this, (iter: Iterator[T]) => iter.toArray)

  Array.concat(results: _*)

}

It calls SparkContext#runJob with its RDD as one parameter to run a job on the given RDD. The runJob in SparkContext is the main entry point for all Actions, and DAGSheduler#runJob is called inside it.

DAGScheduler#runJob then calls submitJob to submit an action job and waits until a result comes using JobWaiter. submitJob creates a JobWaiter and posts a JobSubmitted event.

As a JobListener, JobWaiter is used to listen for job completion or failure events after submitting a job to the DAGScheduler. JobWaiter gets notified each time a task succeeds by taskSucceeded , as well as if the whole job fails by jobFailed . When the total number of tasks equals the number of taskSucceeded , the JobWaiter instance is marked successful. A jobFailed event marks the JobWaiter instance failed.

override def taskSucceeded(index: Int, result: Any): Unit = {

  // resultHandler call must be synchronized in case resultHandler itself is not thread safe.

  synchronized {

    resultHandler(index, result.asInstanceOf[T])

  }

  if (finishedTasks.incrementAndGet() == totalTasks) {

    jobPromise.success(())

  }

}

override def jobFailed(exception: Exception): Unit = {

  if (!jobPromise.tryFailure(exception)) {

    logWarning(“Ignore failure”, exception)

  }

}

As a task finishes, it passes the result to the given handler function resultHandler .

The DAGScheduler uses an event queue architecture where any thread can post an event but there is a single thread that reads these events and takes decisions. In order to achieve this, DAGScheduler creates an eventProcessLoop of type DAGSchedulerEventProcessLoop during initialization. DAGSchedulerEventProcessLoop receives events of type DAGSchedulerEvent from the caller and handles them in its event thread.

JobSubmitted is a DAGSchedulerEvent with an event handler handleJobSubmitted .

private def doOnReceive(event: DAGSchedulerEvent): Unit = event match {

  case JobSubmitted(jobId, rdd, func, partitions, callSite, listener, properties) =>

dagScheduler.handleJobSubmitted(jobId, rdd, func, partitions, callSite, listener, properties)

}

handleJobSubmitted method creates a new ResultStage and then submits it.

Create stages

finalStage = createResultStage(finalRDD, func, partitions, jobId, callSite)

Before createing an ResultStage, createResultStage creates all the ShuffleMapStages via getOrCreateParentStages .

private def createResultStage(

    rdd: RDD[_],

    func: (TaskContext, Iterator[]) => ,

    partitions: Array[Int],

    jobId: Int,

    callSite: CallSite): ResultStage = {

  val parents = getOrCreateParentStages(rdd, jobId)

  val id = nextStageId.getAndIncrement()

  val stage = new ResultStage(id, rdd, func, partitions, parents, jobId, callSite)

  stageIdToStage(id) = stage

  updateJobIdStageIdMaps(jobId, stage)

  stage

}

First gets all immediate ShuffleDependencies related to the final RDD (where action is called) via getShuffleDependencies . Then create a ShuffleMapStage for each of these dependencies via getOrCreateShuffleMapStage .

private def getOrCreateParentStages(rdd: RDD[_], firstJobId: Int): List[Stage] = {

  getShuffleDependencies(rdd).map { shuffleDep =>

    getOrCreateShuffleMapStage(shuffleDep, firstJobId)

  }.toList

}

The getOrCreateShuffleMapStage method is where the magic happens, it creates ShuffleMapStages for all ancestor ShuffleDependencies.

Notice that although the whole process starts from the final RDD, the order of stage creation does start from the leftmost ShuffleDependency until ResultStage.
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Submit stages

submitStage(finalStage)

When the finalStage has no parent stages missing, submitStage submits the finalStage via submitMissingTasks .

If, however there are missing parent stages for the finalStage , submitStage submits all the parent stages first, and puts the finalStage into waitingStages . submitStage will recursively run this logic until the leftmost stage.

TaskScheduler

TaskScheduler is an interface which allows plugging in different task schedulers. Currently it is implemented exclusively by org.apache.spark.scheduler.TaskSchedulerImpl .
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Each TaskScheduler schedules tasks for a single SparkContext. It gets TaskSets submitted to them from the DAGScheduler for each stage, and is responsible for sending the tasks to the cluster, running them, retrying if there are failures, and mitigating stragglers. It returns events to the DAGScheduler.

A TaskScheduler is created as a TaskSchedulerImpl instance while SparkContext is being created. One SparkContext has one TaskScheduler.

TaskSchedulerImpl uses a SchedulerBackend to support different clusters. SchedulerBackend is an interface for scheduling systems that allows plugging in different ones under TaskSchedulerImpl.
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TaskSchedulerImpl#submitTasks

Creates one TaskSetManager for the TaskSet submitted.

val manager = createTaskSetManager(taskSet, maxTaskFailures)

And then adds this TaskSetManager to the Schedulable tree via SchedulableBuilder.

schedulableBuilder.addTaskSetManager(manager, manager.taskSet.properties)

There are two type of Schedulable entities- Pool and TaskSetManager in the Schedulable tree, where the leaf node is TaskSetManager, and the non-leaf node is Pool.
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Pool is a collection of Pools or TaskSetManagers.

TaskSetManager keeps track of each task within a TaskSet, retries tasks if they fail (up to a limited number of times), and handles locality-aware scheduling for this TaskSet via delay scheduling.

A pool named rootPool is instantiated during the initialization of the TaskSchedulerImpl. It represents the root node of the Schedulable tree.

val rootPool: Pool = new Pool(““, schedulingMode, 0, 0)

The SchedulableBuilder is used to to build Schedulable tree. An schedulableBuilder is set up when TaskSchedulerImpl is initialized and can be one of two available builders:

We can use spark.scheduler.mode to set the scheduling policy (default FIFO).

val conf = new SparkConf().setMaster(…).setAppName(…)

conf.set(“spark.scheduler.mode”, “FAIR”)

val sc = new SparkContext(conf)

Then initializes the rootPool via schedulableBuilder :

schedulableBuilder.buildPools()

For FIFOSchedulableBuilder, this does nothing.

For FairSchedulableBuilder, this initializes pools from a xml configuration file specified by spark.scheduler.allocation.file property or SPARK_HOME/conf/fairscheduler.xml (if this property not configured). The template of xml:



  

    FAIR

    1

    2

  

  

    FIFO

    2

    3

  



Regardless of whether spark.scheduler.allocation.file property or the configuration file is provided, a default pool is always constructed.

buildDefaultPool()

This adds one sub-pool named default with SchedulingMode.FIFO under rootPool .

Back to schedulableBuilder.addTaskSetManager .

For FIFOSchedulableBuilder, the TaskSetManager is simply queued into rootPool .
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For FairSchedulableBuilder, the TaskSetManager is queued into one sub-poll under rootPool . It uses value specified by spark.scheduler.pool property as the name of the sub-pool.

sc.setLocalProperty(“spark.scheduler.pool”, “pool1”)

After setting this local property, all jobs submitted within this thread will use this pool name.

If not specified, then TaskSetManager goes into the default sub-pool. If sub-pool with this specified name does not exist, creates a new pool with SchedulingMode.FIFO.
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The FairSchedulableBuilder divides rootPool into multiple sub-pools. We can set different scheduling options for each sub-pool (except default pool).

SchedulerBackend#reviveOffers

TaskSchedulerImpl calls SchedulerBackend#reviveOffers to revive offers.

Here we only consider CoarseGrainedSchedulerBackend#reviveOffers() , which simply sends a ReviveOffers message to DriverEndpoint.

override def reviveOffers() {

driverEndpoint.send(ReviveOffers)

}

The variable driverEndpoint is an RpcEndpointRef. Once this message is received, makeOffers() is executed.

override def receive: PartialFunction[Any, Unit] = {

  case ReviveOffers => makeOffers()

}

DriverEndpoint is a ThreadSafeRpcEndpoint that acts as a message handler for CoarseGrainedSchedulerBackend to communicate with CoarseGrainedExecutorBackend.

RpcEndpoint is an end point for the RPC that defines what functions to trigger given a message. If we want receive to be thread-safe, use ThreadSafeRpcEndpoint.

The lifecycle of an endpoint is: constructor -> onStart -> receive (receiveAndReply) -> onStop .

onStart is invoked before RpcEndpoint starts to handle any message. receive processes messages from RpcEndpointRef.send. receiveAndReply processes messages from RpcEndpointRef.ask.

RpcEndpointRef is a reference to a RpcEndpoint in a RpcEnv.

RpcEnv is an environment for RpcEndpoints to process messages. RpcEndpoint needs to register itself with a name to RpcEnv to receive messages. RpcEnv processes messages sent from RpcEndpointRef and deliver them to corresponding RpcEndpoints.

SchedulerBackend#makeOffers

private def makeOffers() {

  val taskDescs = CoarseGrainedSchedulerBackend.this.synchronized {

    // Filter out executors under killing

    val activeExecutors = executorDataMap.filterKeys(executorIsAlive)

    val workOffers = activeExecutors.map {

      case (id, executorData) =>

        new WorkerOffer(id, executorData.executorHost, executorData.freeCores)

    }.toIndexedSeq

    scheduler.resourceOffers(workOffers)

  }

  if (!taskDescs.isEmpty) {

    launchTasks(taskDescs)

  }

}

makeOffers() takes the active executors out of the executorDataMap and creates an WorkerOffer with the executor id, host and free cores for each. WorkerOffer represents free resources available on an executor.

case class WorkerOffer(executorId: String, host: String, cores: Int)

It then requests TaskSchedulerImpl to offer resources (Tasks) for these WorkOffers via scheduler.resourceOffers , which asks active TaskSets for tasks in order of priority and returns a collection of TaskDescription. TaskDescription is a description of a task that gets passed onto executors to be executed.

Finally, launches these Tasks via launchTask() , which flattens the input collection and takes one TaskDescription at a time, encodes it, sends the serialized task to associated executor to launch the task (by sending a LaunchTask message to the executor’s RPC endpoint).

executorData.executorEndpoint.send(LaunchTask(new SerializableBuffer(serializedTask)))

executorDataMap is a registry of ExecutorData by executor id. ExecutorData holds an executor’s endpoint reference, address, host, the number of free and total CPU cores, the URL of execution logs. The Element of executorDataMap is added when DriverEndpoint receives RegisterExecutor message, and removed when DriverEndpoint receives RemoveExecutor message or a remote host (with one or many executors) disconnects.

TaskSchedulerImpl#resourceOffers

resourceOffers is called with WorkerOffers that represent cores (CPUs) available on all active executors with one WorkerOffer per active executor.

It shuffles the input offers that is supposed to help evenly distributing tasks across executors and builds internal structures like tasks and availableCpus .


[image: image-OT1D4XQW.png]image-OT1D4XQW.png

Then gets the TaskSetManagers from rootPool based on scheduling algorithm.

val sortedTaskSets = rootPool.getSortedTaskSetQueue

Then traverses over the sorted collection of TaskSetManagers sortedTaskSets , for each TaskSetManager and for each preferred locality level, resourceOfferSingleTaskSet is called.

resourceOfferSingleTaskSet takes every WorkerOffer (from the input shuffledOffers ) and requests TaskSetManager (from the input taskSet ) to find a Task to execute via taskSet.resourceOffer , and then adds the Task to the input tasks collection.

Finally, resourceOffers returns the tasks collection.

Data Locality

In order to optimize processing tasks, Spark tries to place the execution code as close as possible to the processed data. This is called Data Locality. Data locality can have a major impact on the performance of Spark jobs.

Spark describes Data Locality in five levels. In order from closest to farthest:

data is located in the same executor as processing.

data is located in the same node as processing but on different executor. For example, data might be in HDFS on the same node, or in another executor on the same node.

data is accessed equally quickly from anywhere and has no locality preference.

data is located in other node than processing but both nodes are on the same rack. Obviously here the data is moved through the network, typically through a single switch.

data is elsewhere but not in the same rack.

Spark relies on Data Locality and tries to move serialized code to the data because the code is usually smaller in size and moving it is much cheaper than transferring the data over the network. However, it’s not always possible and sometimes the data must be moved to the executor.

Delay Scheduling

Spark prefers to schedule all tasks at the best locality level, but this is not always possible. In situations where there is no unprocessed data on any idle executor, Spark switches to lower locality levels. There can be two options: a) wait until a busy CPU frees up to start a task on data on the same server, b) immediately start a new task in a farther away place that requires moving data there. What Spark typically does is wait a bit in the hopes that a busy CPU frees up. Once that timeout expires, it starts moving the data from far away to the free CPU.

Use these properties to configure the interval time to wait before switching locality levels:

It is also possible to customize the waiting time for each level:

Under the hood

When DAGScheduler#submitMissingTasks runs, it fetches the preferred locations ( Seq[TaskLocation] ) associated with a partition of a particular RDD via RDD#preferredLocations . The logic is implemented in this method of DAGScheduler:

private def getPreferredLocsInternal(

    rdd: RDD[_],

    partition: Int,

    visited: HashSet[(RDD[_], Int)]): Seq[TaskLocation] = {

  // If the partition is cached, return the cache locations

  val cached = getCacheLocs(rdd)(partition)

  if (cached.nonEmpty) {

    return cached

  }

  // If the RDD has some placement preferences (as is the case for input RDDs), get those

  val rddPrefs = rdd.preferredLocations(rdd.partitions(partition)).toList

  if (rddPrefs.nonEmpty) {

    return rddPrefs.map(TaskLocation(_))

  }

  // If the RDD has narrow dependencies, pick the first partition of the first narrow dependency

  // that has any placement preferences. Ideally we would choose based on transfer sizes,

  // but this will do for now.

  rdd.dependencies.foreach {

    case n: NarrowDependency[_] =>

      for (inPart <- n.getParents(partition)) {

        val locs = getPreferredLocsInternal(n.rdd, inPart, visited)

        if (locs != Nil) {

          return locs

        }

      }

  }

  Nil

}

org.apache.spark.scheduler.TaskLocation is the interface representing a location where a Task should run. There are three implementations: ExecutorCacheTaskLocation, HostTaskLocation and HDFSCacheTaskLocation. RDD#preferredLocations returns Seq[String] for each partition. These strings have the form executor_[hostname][executorid] , [hostname] , or hdfs_cache[hostname] , depending on whether the location is cached. We need to create a TaskLocation from a string returned by getPreferredLocations. The implementation logic is in the companion object of TaskLocation:

private[spark] object TaskLocation {

  // We identify hosts on which the block is cached with this prefix.

  val inMemoryLocationTag = “hdfs_cache_”

  // Identify locations of executors with this prefix.

  val executorLocationTag = “executor_”

  def apply(str: String): TaskLocation = {

    val hstr = str.stripPrefix(inMemoryLocationTag)

    if (hstr.equals(str)) {

      if (str.startsWith(executorLocationTag)) {

        val hostAndExecutorId = str.stripPrefix(executorLocationTag)

        val splits = hostAndExecutorId.split(“_“, 2)

        require(splits.length == 2, “Illegal executor location format:” + str)

        val Array(host, executorId) = splits

        new ExecutorCacheTaskLocation(host, executorId)

      } else {

        new HostTaskLocation(str)

      }

    } else {

      new HDFSCacheTaskLocation(hstr)

    }

  }

}

And then it creates a ShuffleMapTask or ResultTask for every missing partition of the stage using the preferred locations per partition. In the end, it submits the TaskSet to TaskScheduler for execution via TaskScheduler#submitTasks , which then creates one TaskSetManager for input TaskSet.

During initialization, TaskSetManager utilizes Task#preferredLocations (returns Seq[TaskLocation]) to place each Task of TaskSet to different HashMaps: pendingTasksForExecutor , pendingTasksForHost , pendingTasksForRack and pendingTasksWithNoPrefs .

TaskSetManager#resourceOffer then handles locality-aware scheduling and dequeues a pending task by checking pending tasks in these HashMaps. The delay scheduling logic is implemented in getAllowedLocalityLevel .
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Example

val data1 = Array(Int, Char)

val A = sc.parallelize(data1, 3)

val B = A.partitionBy(new org.apache.spark.HashPartitioner(3))

val data2 = Array(Int, String)

val C = sc.parallelize(data2, 2)

val D = C.map(x => (x._1, x._2.charAt(0)))

val data3 = Array(Int, Char)

val E = sc.parallelize(data3, 2)

val F = D.union(E)

val G = B.join(F)

G.saveAsTextFile(“/paul/test_data_output_9”)

G.toDebugString
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Task Execution

The whole computation chain is created by checking backwards the RDD Depency from the last RDD. Each ShuffleDependency separates stages. In each stage, each RDD’s compute() method calls parentRDD.itererator() to receive the upstream record stream.

The computation chain is deduced backwards from the final step, but the actual execution streams the records forwards. One record goes through the whole computation chain before the computation of the next record starts.

For a stage without parent, its leftmost RDD can be evaluate directly as it has no dependency, and each record evaluated can be streamed into the subsequent computations (pipelining).

For stages with parent, we need to execute its parent stages first, and then fetch the data through ShuffleReader . Once this is done, it becomes the same case as a stage without parent.

The major reason for Spark’s high performance is the optimization of the computation chain, which greatly reduces the drop-off of the intermediate process by bringing together multiple Maps through the computation chain. This is also where Spark is significantly different from MapReduce.

Executor.scala

/**


	Spark executor, backed by a threadpool to run tasks.


	This can be used with Mesos, YARN, and the standalone scheduler.




*/

private[spark] class Executor( ) extends Logging

{

  class TaskRunner(execBackend: ExecutorBackend, private val taskDescription: TaskDescription)

extends Runnable

{

override def run(): Unit = {

val res = task.run(taskAttemptId = taskId, attemptNumber = taskDescription.attemptNumber,

            metricsSystem = env.metricsSystem)

}

}

}

Task.scala

/**


	A unit of execution. We have two kinds of Task’s in Spark:



*/

private[spark] abstract class TaskT extends Serializable

{

  /**

  * Called by org.apache.spark.executor.Executor to run this task.

  */

final def run(taskAttemptId: Long, attemptNumber: Int, metricsSystem: MetricsSystem): T = {

runTask(context)

}

def runTask(context: TaskContext): T

}

ResultTask.scala

private[spark] class ResultTaskT, U extends TaskU with Serializable

{

  override def runTask(context: TaskContext): U = {

    // Deserialize the RDD and the func using the broadcast variables.

    val (rdd, func) = ser.deserialize[(RDD[T], (TaskContext, Iterator[T]) => U)](

                ByteBuffer.wrap(taskBinary.value), Thread.currentThread.getContextClassLoader)

    func(context, rdd.iterator(partition, context))

  }

}

ShuffleMapTask.scala

private[spark] class ShuffleMapTask( ) extends TaskMapStatus with Logging

{

  override def runTask(context: TaskContext): MapStatus = {

    // Deserialize the RDD using the broadcast variable.

    val (rdd, dep) = ser.deserialize[(RDD[], ShuffleDependency[, , ])](

ByteBuffer.wrap(taskBinary.value), Thread.currentThread.getContextClassLoader)

    var writer: ShuffleWriter[Any, Any] = null

    try {

      val manager = SparkEnv.get.shuffleManager

      writer = manager.getWriterAny, Any

      writer.write(rdd.iterator(partition, context).asInstanceOf[Iterator[_ <: Product2[Any, Any]]])

      writer.stop(success = true).get

    } catch {

    }

  }

}

RDD.scala

abstract class RDDT: ClassTag extends Serializable with Logging

{

  /**

  * Internal method to this RDD; will read from cache if applicable, or otherwise compute it.

  * This should ‘’not’’ be called by users directly, but is available for implementors of custom

  * subclasses of RDD.

  */

  final def iterator(split: Partition, context: TaskContext): Iterator[T] = {

    if (storageLevel != StorageLevel.NONE) {

      getOrCompute(split, context)

    } else {

      computeOrReadCheckpoint(split, context)

    }

  }

  /**

  * Gets or computes an RDD partition. Used by RDD.iterator() when an RDD is cached.

  */

  private[spark] def getOrCompute(partition: Partition, context: TaskContext): Iterator[T] = {

    val blockId = RDDBlockId(id, partition.index)

    var readCachedBlock = true

    // This method is called on executors, so we need call SparkEnv.get instead of sc.env.

    SparkEnv.get.blockManager.getOrElseUpdate(blockId, storageLevel, elementClassTag, () => {

      readCachedBlock = false

      computeOrReadCheckpoint(partition, context)

    }) match {

      case Left(blockResult) =>

        if (readCachedBlock) {

          val existingMetrics = context.taskMetrics().inputMetrics

          existingMetrics.incBytesRead(blockResult.bytes)

          new InterruptibleIteratorT {

            override def next(): T = {

              existingMetrics.incRecordsRead(1)

              delegate.next()

            }

          }

        } else {

          new InterruptibleIterator(context, blockResult.data.asInstanceOf[Iterator[T]])

        }

      case Right(iter) =>

        new InterruptibleIterator(context, iter.asInstanceOf[Iterator[T]])

    }

  }

  /**

  * Compute an RDD partition or read it from a checkpoint if the RDD is checkpointing.

  */

  private[spark] def computeOrReadCheckpoint(split: Partition, context: TaskContext): Iterator[T] =

  {

    if (isCheckpointedAndMaterialized) {

      firstParent[T].iterator(split, context)

    } else {

      compute(split, context)

    }

  }

  /**

  * Implemented by subclasses to compute a given partition.

  */

  @DeveloperApi

  def compute(split: Partition, context: TaskContext): Iterator[T]

  /**

  * Returns the first parent RDD

  */

  protected[spark] def firstParent[U: ClassTag]: RDD[U] = {

    dependencies.head.rdd.asInstanceOf[RDD[U]]

  }

}

MapPartitionsRDD.scala

/**


	An RDD that applies the provided function to every partition of the parent RDD.


	

	@param prev the parent RDD.


	@param f The function used to map a tuple of (TaskContext, partition index, input iterator) to




*          an output iterator.


	@param preservesPartitioning Whether the input function preserves the partitioner, which should



*                              be false unless prev is a pair RDD and the input function

*                              doesn’t modify the keys.


	@param isOrderSensitive whether or not the function is order-sensitive. If it’s order



*                        sensitive, it may return totally different result when the input order

*                        is changed. Mostly stateful functions are order-sensitive.

*/

private[spark] class MapPartitionsRDD[U: ClassTag, T: ClassTag](

    var prev: RDD[T],

    f: (TaskContext, Int, Iterator[T]) => Iterator[U],

    preservesPartitioning: Boolean = false,

    isOrderSensitive: Boolean = false)

  extends RDDU {

  override val partitioner = if (preservesPartitioning) firstParent[T].partitioner else None

  override def getPartitions: Array[Partition] = firstParent[T].partitions

  override def compute(split: Partition, context: TaskContext): Iterator[U] =

f(context, split.index, firstParent[T].iterator(split, context))

}

ShuffledRDD.scala

/**


	The resulting RDD from a shuffle (e.g. repartitioning of data).


	@param prev the parent RDD.


	@param part the partitioner used to partition the RDD


	@tparam K the key class.


	@tparam V the value class.


	@tparam C the combiner class.




*/

class ShuffledRDD[K: ClassTag, V: ClassTag, C: ClassTag](

    @transient var prev: RDD[_ <: Product2[K, V]],

    part: Partitioner)

  extends RDD(K, C) {

  private var userSpecifiedSerializer: Option[Serializer] = None

  private var keyOrdering: Option[Ordering[K]] = None

  private var aggregator: Option[Aggregator[K, V, C]] = None

  private var mapSideCombine: Boolean = false

  /** Set a serializer for this RDD’s shuffle, or null to use the default (spark.serializer) */

  def setSerializer(serializer: Serializer): ShuffledRDD[K, V, C] = {

    this.userSpecifiedSerializer = Option(serializer)

    this

  }

  /** Set key ordering for RDD’s shuffle. */

  def setKeyOrdering(keyOrdering: Ordering[K]): ShuffledRDD[K, V, C] = {

    this.keyOrdering = Option(keyOrdering)

    this

  }

  /** Set aggregator for RDD’s shuffle. */

  def setAggregator(aggregator: Aggregator[K, V, C]): ShuffledRDD[K, V, C] = {

    this.aggregator = Option(aggregator)

    this

  }

  /** Set mapSideCombine flag for RDD’s shuffle. */

  def setMapSideCombine(mapSideCombine: Boolean): ShuffledRDD[K, V, C] = {

    this.mapSideCombine = mapSideCombine

    this

  }

  override def getDependencies: Seq[Dependency[_]] = {

    val serializer = userSpecifiedSerializer.getOrElse {

      val serializerManager = SparkEnv.get.serializerManager

      if (mapSideCombine) {

        serializerManager.getSerializer(implicitly[ClassTag[K]], implicitly[ClassTag[C]])

      } else {

        serializerManager.getSerializer(implicitly[ClassTag[K]], implicitly[ClassTag[V]])

      }

    }

    List(new ShuffleDependency(prev, part, serializer, keyOrdering, aggregator, mapSideCombine))

  }

  override val partitioner = Some(part)

  override def getPartitions: Array[Partition] = {

    Array.tabulatePartition(i => new ShuffledRDDPartition(i))

  }

  override protected def getPreferredLocations(partition: Partition): Seq[String] = {

    val tracker = SparkEnv.get.mapOutputTracker.asInstanceOf[MapOutputTrackerMaster]

    val dep = dependencies.head.asInstanceOf[ShuffleDependency[K, V, C]]

    tracker.getPreferredLocationsForShuffle(dep, partition.index)

  }

  override def compute(split: Partition, context: TaskContext): Iterator[(K, C)] = {

    val dep = dependencies.head.asInstanceOf[ShuffleDependency[K, V, C]]

    SparkEnv.get.shuffleManager.getReader(dep.shuffleHandle, split.index, split.index + 1, context)

      .read()

      .asInstanceOf[Iterator[(K, C)]]

  }

}

Shuffle

ShuffleManager

ShuffleManager is the component responsible for the execution, calculation, and processing of the shuffle process.

Since Spark 1.6, SortShuffleManager is the default and only ShuffleManager.

spark.shuffle.manager is used to set the type of ShuffleManager. There are two options: sort (default) and tungsten-sort , internally both represented by the same class SortShuffleManager . The tungsten-sort is similar to the sort , but uses the heap memory management mechanism in the Tungsten project, which is more efficient to use.

When SparkEnv is created for the Driver and executors at the very beginning of an application’s lifecycle, ShuffleManager is created in SparkEnv based on the spark.shuffle.manager setting. The Driver and executor access the current ShuffleManager using SparkEnv.get.shuffleManager .

The Driver registers those shuffles with a ShuffleManager, and executors (or tasks running locally in the Driver) can ask to read and write data.

ShuffleManager.scala

/**


	Pluggable interface for shuffle systems. A ShuffleManager is created in SparkEnv on the driver


	and on each executor, based on the spark.shuffle.manager setting. The driver registers shuffles


	with it, and executors (or tasks running locally in the driver) can ask to read and write data.




*/

private[spark] trait ShuffleManager

{

  /**

  * Register a shuffle with the manager and obtain a handle for it to pass to tasks.

  */

  def registerShuffle[K, V, C](

      shuffleId: Int,

      numMaps: Int,

      dependency: ShuffleDependency[K, V, C]): ShuffleHandle

  /** Get a writer for a given partition. Called on executors by map tasks. */

  def getWriterK, V: ShuffleWriter[K, V]

  /**

  * Get a reader for a range of reduce partitions (startPartition to endPartition-1, inclusive).

  * Called on executors by reduce tasks.

  */

  def getReader[K, C](

      handle: ShuffleHandle,

      startPartition: Int,

      endPartition: Int,

      context: TaskContext): ShuffleReader[K, C]

  /**

  * Remove a shuffle’s metadata from the ShuffleManager.

  * @return true if the metadata removed successfully, otherwise false.

  */

  def unregisterShuffle(shuffleId: Int): Boolean

  /**

  * Return a resolver capable of retrieving shuffle block data based on block coordinates.

  */

  def shuffleBlockResolver: ShuffleBlockResolver

  /** Shut down this ShuffleManager. */

  def stop(): Unit

}

Shuffle is a two-step process, writing and reading. Writing is in the map phase, classifying data into different partitions according to certain partition rules, and reading is in the reduce phase where each task pulls its own data from the output of the map phase.

ShuffleWriter

Shuffle writing process is done in ShuffleMapTask . ShuffleMapTask#runTask requests ShuffleManager for a ShuffleWriter given the ShuffleHandle of the ShuffleDependency, then computes the records in the RDD partition and writes a sequence of key-value records to the shuffle system.

ShuffleMapTask.scala

override def runTask(context: TaskContext): MapStatus = {

  val (rdd, dep) = ser.deserialize[(RDD[], ShuffleDependency[, , ])](

            ByteBuffer.wrap(taskBinary.value), Thread.currentThread.getContextClassLoader)

  var writer: ShuffleWriter[Any, Any] = null

  try {

    // Shuffle Manager

val manager = SparkEnv.get.shuffleManager

    // get a Shuffle Writer

    writer = manager.getWriterAny, Any

    writer.write(rdd.iterator(partition, context).asInstanceOf[Iterator[_ <: Product2[Any, Any]]])

    writer.stop(success = true).get

  } catch {

  }

}

There are three ShuffleWriter implementations. SortShuffleManager#getWriter returns a ShuffleWriter based on the input parameter ShuffleHandle.
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The SerializedShuffleHandle, BypassMergeSortShuffleHandle and BaseShuffleHandle in the registerShuffle method of the SortShuffleManager correspond to the UnsafeShuffleWriter, BypassMergeSortShuffleWriter and SortShuffleWriter classes in the getWriter method of the SortShuffleManager.

BypassMergeSortShuffleWriter

final class BypassMergeSortShuffleWriter<K, V> extends ShuffleWriter<K, V> { }

This writer writes incoming records to separate files, one file per reduce partition, then concatenates these per-partition files to form a single output file, regions of which are served to reducers. Notice that records are not buffered in memory.

As its name says, this writer does not do aggregation and sorting on records.

For every reduce partition, this writer requests DiskBlockManager for a temporary shuffle block and its file, and then calls BlockManager#getDiskWriter to initialize one DiskBlockObjectWriter for each file.

for (int i = 0; i < numPartitions; i++) {

final Tuple2<TempShuffleBlockId, File> tempShuffleBlockIdPlusFile =

                  blockManager.diskBlockManager().createTempShuffleBlock();

  final File file = tempShuffleBlockIdPlusFile._2();

  final BlockId blockId = tempShuffleBlockIdPlusFile._1();

  partitionWriters[i] =

                  blockManager.getDiskWriter(blockId, file, serInstance, fileBufferSize, writeMetrics);

}

This writer takes records serially (i.e. record by record), and after computing the partition for a key, requests the corresponding DiskBlockObjectWriter to write key-value pair to the output stream of the temporary file.

while (records.hasNext()) {

  final Product2<K, V> record = records.next();

  final K key = record._1();

  partitionWriters[partitioner.getPartition(key)].write(key, record._2());

}

After all the records have been written, this writer requests every DiskBlockObjectWriter to flush output stream to disk and saves the commit results in corresponding FileSegment. Then it closes every DiskBlockObjectWriter.

for (int i = 0; i < numPartitions; i++) {

  final DiskBlockObjectWriter writer = partitionWriters[i];

  partitionWriterSegments[i] = writer.commitAndGet();

  writer.close();

}

Then it concatenates all of the per-partition files into one single partitioned file in ascending order of partition id (Within each partition, however, the records are unordered). An index file is also created to enable reducers to load data for a specific partition from the file.

The buffer size of BufferedOutputStream in each DiskBlockObjectWriter is specified by spark.shuffle.file.buffer (default 32k) which specifies the memory buffer allocated by every output stream.
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BypassMergeSortShuffleWriter

UnsafeShuffleWriter

public class UnsafeShuffleWriter<K, V> extends ShuffleWriter<K, V> { }

When UnsafeShuffleWriter is created, an ShuffleExternalSorter instance is initialized. At the same time, ShuffleExternalSorter creates an ShuffleInMemorySorter instance inMemSorter , which is used to sort in-momory records according to their partition ids.

This writer traverses the records (for a RDD partition) one by one, gets the partition id, serializes the key and the value, and then inserts them into memory via ShuffleExternalSorter#insertRecord .

while (records.hasNext()) {

  insertRecordIntoSorter(records.next());

}

void insertRecordIntoSorter(Product2<K, V> record) throws IOException {

final K key = record._1();

  final int partitionId = partitioner.getPartition(key);

  serOutputStream.writeKey(key, OBJECT_CLASS_TAG);

  serOutputStream.writeValue(record._2(), OBJECT_CLASS_TAG);

  final int serializedRecordSize = serBuffer.size();

  sorter.insertRecord(

            serBuffer.getBuf(), Platform.BYTE_ARRAY_OFFSET, serializedRecordSize, partitionId);

}

Incoming records are appended to Pages. For each record, its serialized length and serialized key-value are stored (need 4 bytes to store the length).

Here involves memory management in Project Tungsten , whose goal is to improve Spark execution by optimizing Spark jobs for CPU and memory efficiency.

Tungsten uses an os-like page table structure to manage memory. It uses MemoryBlock to subtly abstract the on- and off-heap memory Pages and uses a page table (MemoryBlock[]) to manage the memory pages. We don’t need to care about whether the data is stored in the heap or outside the heap. Each Page represents one memory block (one Page is an MemoryBlock instance). This memory block can be on-heap memory or off-heap memory. This depends on the property spark.memory.offHeap.enabled , which is used to track whether Tungsten memory will be allocated on the JVM heap or off-heap using sun.misc.Unsafe .

Memory is divided into multiple Pages, and memory addressing is to locate the Page and the Offset in the Page. Similar to OS, one logical address is mapped to the actual physical address. With a unified addressing mode, Spark uses a 64 bits logical address pointer to locate the memory inside or outside the heap. The logical address is represented by a 64 bits long . The upper 13 bits indicates the Page number, and the lower 51 bits indicates the offset in Page.

final long recordAddress = taskMemoryManager.encodePageNumberAndOffset(currentPage, pageCursor);
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Tungsten Memory Management

Then puts the recordAddress and its corresponding partition id into the inMemSorter .

inMemSorter.insertRecord(recordAddress, partitionId);

Here, ShuffleInMemorySorter first packs the recordAddress and partitionId into a packed pointer via PackedRecordPointer:

[24 bit partition number][13 bit memory page number][27 bit offset in page]

This implies the maximum addressable page size is 128MB (2 ²⁷ ).

Then puts the packed pointer into pointer array ( LongArray ). The sort will operate on this array instead of directly manipulating records.

array.set(pos, PackedRecordPointer.packPointer(recordPointer, partitionId));

In ShuffleExternalSorter#insertRecord, each time before inserting a record, spill data to disk if the current number of records in the pointer array exceeds the threshold.

if (inMemSorter.numRecords() >= numElementsForSpillThreshold) {

  spill();

}

Then checks whether there is enough space to insert a record in to the pointer array and grows the array if additional space is required. If the required space cannot be obtained, then the in-memory data will be spilled to disk.

growPointerArrayIfNecessary();

Calls writeSortedFile to sort the in-memory records and writes the sorted records to a disk file. The iterator logic is from inMemSorter where records are sorted by partition ids.

final ShuffleInMemorySorter.ShuffleSorterIterator sortedRecords = inMemSorter.getSortedIterator();

When all records have been inserted, the writer closes the inMemSorter , causing any remaining memory data to be sorted and written out to a disk file. Finally it merges these spilled files together, choosing the fastest merging strategy based on the number of spills and the IO compression codec. One data file and one index file are generated.
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UnsafeShuffleWriter

SortShuffleWriter

SortShuffleWriter is parameterized by types for K keys, V values, and C combiner values.

private[spark] class SortShuffleWriter[K, V, C](

    shuffleBlockResolver: IndexShuffleBlockResolver,

    handle: BaseShuffleHandle[K, V, C],

    mapId: Int,

    context: TaskContext)

  extends ShuffleWriter[K, V] with Logging { }

This writer creates a ExternalSorter with the types K, V, C or K, V, V depending on mapSideCombine of ShuffleDependency being enabled or not (From the official comments, if map-side combine is disabled, the type C must equal V ).

If map-side combine is required, then pass aggregator and keyOrdering of ShuffleDependency to the sorter. Otherwise we pass neither aggregator nor keyOrdering to the sorter.

sorter = if (dep.mapSideCombine) {

  new ExternalSorter[K, V, C](

                  context, dep.aggregator, Some(dep.partitioner), dep.keyOrdering, dep.serializer)

} else {

  new ExternalSorter[K, V, V](

context, aggregator = None, Some(dep.partitioner), ordering = None, dep.serializer)

}

Then the writer calls ExternalSorter#insertAll to write records to memory.

sorter.insertAll(records)

There are two data structures to store in-memory objects before Spilling. Depending on whether map-side combine required, the sorter either puts objects into an PartitionedAppendOnlyMap, or puts them directly in an PartitionedPairBuffer.

PartitionedAppendOnlyMap (when there is map side combine)

First combine values by key and then store key-value of ((partitionId, K), C) in the one array.

private var data = new ArrayAnyRef

The order of array elements is (partitionId_0, K_0), C_0, (partitionId_1, K_1), C_1, etc.

PartitionedPairBuffer

The key-value of ((partitionId, K), V) is stored adjacent to each other in the array.

private var data = new ArrayAnyRef

The order of array elements is (partitionId_0, K_0), V_0, (partitionId_1, K_1), V_1, etc.

Every time after inserting one record, the sorter calls maybeSpillCollection to determine whether the current in-memory data needs to be spilled to disk. It checks if the current memory exceeds spark.shuffle.spill.initialMemoryThreshold (default 5MB) every 32 records, and if so, then it attemps to acquire more memory. After that, if the memory is still not enough, then spilling is triggered. If number of records read since last spill exceeds spark.shuffle.spill.numElementsForceSpillThreshold (default Long.MaxValue), spilling is also triggered.

The following is spill method:

/**


	Spill our in-memory collection to a sorted file that we can merge later.


	We add this file into spilledFiles to find it later.


	

	@param collection whichever collection we’re using (map or buffer)




*/

override protected[this] def spill(collection: WritablePartitionedPairCollection[K, C]): Unit = {

  val inMemoryIterator = collection.destructiveSortedWritablePartitionedIterator(comparator)

  val spillFile = spillMemoryIteratorToDisk(inMemoryIterator)

  spills += spillFile

}

First it constructs a iterator of records in sorted order based on the given comparator . The input parameter comparator is a comparator for keys K that orders them within a partition.

private def comparator: Option[Comparator[K]] = {

  if (ordering.isDefined || aggregator.isDefined) {

    Some(keyComparator)

  } else {

    None

  }

}

If map-side combine is disabled, no aggregator and no ordering are given and the comparator is None. So the data is sorted by only their partition id.

If map-side combine is enabled, the aggregator.isDefined is certainly true but ordering.isDefined may not be true. The data is sorted both by their partition id and a key ordering within each partition. If keyOrdering of the ShuffleDependency is not provided through by the user ( ordering.isDefined is false), the key ordering is by hash code.

When it spills memory records to a file, this file is sorted first by partition id and second by keyOrdering provided by us or by hash code of the key, if we want to do aggregation. If no aggregation required, this file is sorted only by partition id.

Then spill contents of in-memory iterator to a temporary file on disk.

private[this] def spillMemoryIteratorToDisk(inMemoryIterator: WritablePartitionedIterator)

The sorted data will be written to the disk file in batches. The batch size is specified by spark.shuffle.spill.batchSize (default 10000). The following is a possible composition of a file:
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Each spilling process generates a file, so a Task may generate many temporary files.

Finally the writer calls ExternalSorter#writePartitionedFile to merge all those temporary files together with in-memory data into one single partitioned file which is sorted by partition id and possibly by key within each partition. Also there is one index file.

The spilled files are merged along with any remaining in-memory data.

When there is only in-memory data, write the disk via the same iterator logic.

val it = collection.destructiveSortedWritablePartitionedIterator(comparator)

It calls writer.commitAndGet for each partition, and finally calls writer.close .

When there are spilled files, merge spilled files and in-memory data.

The following is the iterator logic:

If aggregator.isDefined is true, combine and then sort by partition id and keyOrdering provided by user or by hash code of the key within each partition. If ordering.isDefined is true but no aggregator is given, sort by partition id and the keyOrdering provided by user (without combine). Otherwise, only sort by partition id.

It calls writer.commitAndGet for each partition, and finally calls writer.close .

In ShuffledRDD.scala, these three members are separated.

private var keyOrdering: Option[Ordering[K]] = None

private var aggregator: Option[Aggregator[K, V, C]] = None

private var mapSideCombine: Boolean = false

So mapSideCombine=true doesn’t mean aggregator and keyOrdering has value respectively. But in general, when we set mapSideCombine=true, we must set one aggregator.


[image: image-JZBDO4Z5.png]image-JZBDO4Z5.png

SortShuffleWriter

ShuffleHandle

ShuffleHandle looks more like an enumeration type as it has no body. One ShuffleDependency registers itself with ShuffleManager and gets a ShuffleHandle via SortShuffleManager#registerShuffle .

abstract class ShuffleHandle(val shuffleId: Int) extends Serializable {}

private[spark] class BaseShuffleHandle[K, V, C](

  shuffleId: Int,

  val numMaps: Int,

  val dependency: ShuffleDependency[K, V, C])

  extends ShuffleHandle(shuffleId)

private[spark] class SerializedShuffleHandle[K, V](

  shuffleId: Int,

  numMaps: Int,

  dependency: ShuffleDependency[K, V, V])

  extends BaseShuffleHandle(shuffleId, numMaps, dependency) {

}

private[spark] class BypassMergeSortShuffleHandle[K, V](

  shuffleId: Int,

  numMaps: Int,

  dependency: ShuffleDependency[K, V, V])

  extends BaseShuffleHandle(shuffleId, numMaps, dependency) {

}

SortShuffleManager.scala

override def registerShuffle[K, V, C](

    shuffleId: Int,

    numMaps: Int,

    dependency: ShuffleDependency[K, V, C]): ShuffleHandle = {

  if (SortShuffleWriter.shouldBypassMergeSort(conf, dependency)) {

    new BypassMergeSortShuffleHandle[K, V](

        shuffleId, numMaps, dependency.asInstanceOf[ShuffleDependency[K, V, V]])

  } else if (SortShuffleManager.canUseSerializedShuffle(dependency)) {

    new SerializedShuffleHandle[K, V](

        shuffleId, numMaps, dependency.asInstanceOf[ShuffleDependency[K, V, V]])

  } else {

    new BaseShuffleHandle(shuffleId, numMaps, dependency)

  }

}

Conditions for BypassMergeSortShuffleHandle


	dep.mapSideCombine = false



There is no map-side aggregation.

For example, mapSideCombine is disabled in groupByKey transformation.


	dep.partitioner.numPartitions <= bypassMergeThreshold



The number of partitions (of the Partitioner of the ShuffleDependency) is at most spark.shuffle.sort.bypassMergeThreshold (defaults to 200). That is, the amount of reducers is less than or equal to spark.shuffle.sort.bypassMergeThreshold .

Conditions for SerializedShuffleHandle


	dependency.serializer.supportsRelocationOfSerializedObjects = true



The Serializer of the ShuffleDependency should support relocation of serialized objects when reordering the bytes of serialized objects in serialization stream output.

KryoSerializer supports object relocation while JavaSerializer doesn’t.


	dependency.aggregator.isDefined = false



There shouldn’t be map-side aggregation because aggregation means the need to store deserialized value to be able to aggregate new incoming values to it.


	dependency.partitioner.numPartitions <= MAX_SHUFFLE_OUTPUT_PARTITIONS_FOR_SERIALIZED_MODE



The shuffle produces fewer than or equal to 16777216 output partitions.

MAX_SHUFFLE_OUTPUT_PARTITIONS_FOR_SERIALIZED_MODE is the maximum number of shuffle output partitions that SortShuffleManager supports when buffering map outputs in a serialized form. Its value is 2 ²⁴ =16777216. (The sorting process uses PackedRecordPointer , where the partition id occupies 24 bits)

Sample

spark-shell –conf spark.serializer=org.apache.spark.serializer.KryoSerializer

scala> val rdd = sc.parallelize(1 to 4000, 400).map(x => (x, List(x, x + 2, x + 1))).sortByKey()

scala> val shuffleDep = rdd.dependencies(0).asInstanceOf[org.apache.spark.ShuffleDependency[Int, Int, Int]]

scala> shuffleDep.shuffleHandle

res1: org.apache.spark.shuffle.ShuffleHandle = org.apache.spark.shuffle.sort.SerializedShuffleHandle@60b9119b

Conditions for BaseShuffleHandle

When all the above conditions are not met.

ShuffleReader

ShuffleReader is used to read key-value records for a reduce task from compute function of RDD, such as ShuffledRDD, CoGroupedRDD, SubtractedRDD.

BlockStoreShuffleReader is the one and only ShuffleReader in Apache Spark.

Fetch

It first creates an ShuffleBlockFetcherIterator which is an iterator that fetches multiple blocks from map side of Shuffle. For local blocks, it fetches from the local block manager. For remote blocks, it fetches them using the provided BlockTransferService.

val wrappedStreams = new ShuffleBlockFetcherIterator()

Then creates a key-value iterator by deserializeStream every shuffle block stream.

val recordIter = wrappedStreams.flatMap { case (blockId, wrappedStream) =>

  serializerInstance.deserializeStream(wrappedStream).asKeyValueIterator

}

Combine

If the ShuffleDependency has an aggregator defined, wraps the current iterator inside an iterator defined by Aggregator#combineCombinersByKey() (for mapSideCombine enabled) or Aggregator#combineValuesByKey otherwise.

val aggregatedIter: Iterator[Product2[K, C]] = if (dep.aggregator.isDefined) {

  if (dep.mapSideCombine) {

    // We are reading values that are already combined

    val combinedKeyValuesIterator = interruptibleIter.asInstanceOf[Iterator[(K, C)]]

    dep.aggregator.get.combineCombinersByKey(combinedKeyValuesIterator, context)

  } else {

    val keyValuesIterator = interruptibleIter.asInstanceOf[Iterator[(K, Nothing)]]

    dep.aggregator.get.combineValuesByKey(keyValuesIterator, context)

  }

} else {

  interruptibleIter.asInstanceOf[Iterator[Product2[K, C]]]

}

Sort

For keyOrdering defined in ShuffleDependency, inserts all the records into the ExternalSorter and returns an iterator over all the records written to this sorter.

val resultIter = dep.keyOrdering match {

  case Some(keyOrd: Ordering[K]) =>

    // Create an ExternalSorter to sort the data.

    val sorter = new ExternalSorterK, C, C

    sorter.insertAll(aggregatedIter)

    CompletionIteratorProduct2[K, C], Iterator[Product2[K, C]]

  case None =>

    aggregatedIter

}

Memory Management

As a memory-based distributed computing engine, Spark memory management plays a very important role. A Spark Application includes two JVM processes, Driver and Executor. The Driver is the main control process (In fact, the Driver is a thread running in the container process where the ApplicationMaster locates or in the client process), which is responsible for creating the Context, submitting the Job, converting the Job to Task, and coordinating the Task execution between Executors. The Executor is mainly responsible for performing specific calculation tasks. As the memory management of Driver is relatively simple, the memory management mentioned here refers to the memory management of Executor. Executor acts as a JVM process, and its memory management is based on the JVM.

On-heap vs Off-heap

On-Heap memory: Objects are allocated on the JVM heap and bound by GC.

Off-Heap memory: Objects are allocated in memory outside the JVM by serialization, managed by the application, and are not bound by GC.

Spark 1.6 began to introduce Off-heap memory. By default, Off-heap memory is disabled, and we can enable it by the property spark.memory.offHeap.enabled . If true, Spark attempts to use Off-heap memory for certain operations. The property spark.memory.offHeap.size must be positive if Off-heap memory is enabled.

If the Off-heap memory is enabled, there will be both On-heap and Off-heap memory in the Executor. The following figure shows the On-heap and Off-heap memory.
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Memory allocation

Memory usage in Spark largely falls into one of two categories: Execution and Storage. Execution memory refers to that used for computation in shuffles, joins, sorts and aggregations, while storage memory refers to that used for caching and propagating internal data across the cluster.

Spark provides a unified interface MemoryManager for the management of Execution memory and Storage memory. There exists one MemoryManager per executor. The tasks in the same executor call this interface to apply for or release memory. MemoryManager has two implementations. It uses the StaticMemoryManager by default before Spark 1.6, while the default has changed to the UnifiedMemoryManager since Spark 1.6.

UnifiedMemoryManager

It enforces a soft boundary between storage and execution such that either side can borrow memory from the other.

By default, Spark uses On-heap memory only. The size of the On-heap memory is configured by the –executor-memory or spark.executor.memory option from conf/spark-defaults.conf when the Spark Application starts. The concurrent tasks running inside Executor share JVM’s On-heap memory.

The On-heap memory in the Executor can be roughly divided into the following four parts:

Reserved Memory

This is the memory reserved by the system for storing Spark internal objects, and its size is hardcoded. This guarantees that we reserve sufficient memory for the system even for small heaps.

private val RESERVED_SYSTEM_MEMORY_BYTES = 300 * 1024 * 1024

User Memory

It consists mainly of data structures allocated by user code and internal Spark metadata.

Execution Memory

It is used for buffering intermediate data when performing shuffles, joins, sorts and aggregations, etc.

Storage Memory

It’s mainly used to store Spark cache data (such as RDD cache), Broadcast variable, Unroll data, and so on.

By default, Off-heap memory is disabled. Compared to the On-heap, the Off-heap memory is relatively simple, including only Execution memory and Storage memory.
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Memory Distribution

spark.memory.fraction

A fraction of (heap space - 300MB) used for execution and storage. The rest of the space (0.4) is for user memory.

spark.memory.storageFraction

Amount of storage memory immune to eviction, expressed as a fraction of the size of the region set aside by spark.memory.fraction.

Storage can borrow as much execution memory as possible until execution reclaims its space. When this happens, cached blocks will be evicted from memory until sufficient borrowed memory is released to satisfy the execution memory request.
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Similarly, execution can borrow as much storage memory as possilbe. However, execution memory is never evicted by storage due to the complexities involved in implementing this.
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Blocks

The most of data living in Spark is grouped into blocks. They can represent cached RDD partitions, intermediate shuffle outputs, broadcasts, etc.

Blocks can be persisted on disk or in memory (on/off heap) locally or remotely. Also, the blocks can be read locally or remotely. They are stored during some period of time. After it, they’re evicted. The blocks can also be replicated.

All operations related to blocks are managed by BlockManager which is a Master-Slave architecture running on the driver node and executor nodes.

BlockManager is a key-value store for blocks. It takes care about blocks retrieval, blocks writing, blocks replication and blocks eviction. A BlockManager is a BlockDataManager, i.e. manages the storage for blocks. It is also a BlockEvictionHandler that drops a block from memory and storing it on disk if required.

private[spark] class BlockManager(

    executorId: String,

    rpcEnv: RpcEnv,

    val master: BlockManagerMaster,

    val serializerManager: SerializerManager,

    val conf: SparkConf,

    memoryManager: MemoryManager,

    mapOutputTracker: MapOutputTracker,

    shuffleManager: ShuffleManager,

    val blockTransferService: BlockTransferService,

    securityManager: SecurityManager,

    numUsableCores: Int)

  extends BlockDataManager with BlockEvictionHandler with Logging

{ }
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When BlockManager is created, it creates its own private instances of MemoryStore and DiskStore. MemoryStore stores blocks in memory, either as Arrays of deserialized Java objects or as serialized ByteBuffers, while DiskStore stores blocks on disk.

MemoryStore

MemoryStore maintains a hash map internally to manage all blocks, with BlockId as key and MemoryEntry as value.

private val entries = new LinkedHashMap[BlockId, MemoryEntry[_]](32, 0.75f, true)

MemoryEntry is an abstract representation of a block in memory. Blocks can be stored in both serialized and non-serialized ways, depending on the storage level for the RDD. Accordingly, MemoryEntry has two implementations- SerializedMemoryEntry and DeserializedMemoryEntry. The SerializedMemoryEntry can be stored in On-heap or Off-heap memory, and its data is serialized ChunkedByteBuffer. The DeserializedMemoryEntry can only be stored in On-heap memory, and its data is an array of T-type Java object.

private sealed trait MemoryEntry[T] {

  def size: Long

  def memoryMode: MemoryMode

  def classTag: ClassTag[T]

}

private case class DeserializedMemoryEntry[T](

    value: Array[T],

    size: Long,

    classTag: ClassTag[T]) extends MemoryEntry[T] {

  val memoryMode: MemoryMode = MemoryMode.ON_HEAP

}

private case class SerializedMemoryEntry[T](

    buffer: ChunkedByteBuffer,

    memoryMode: MemoryMode,

    classTag: ClassTag[T]) extends MemoryEntry[T] {

  def size: Long = buffer.size

}

MemoryStore#putBytes

Puts the given bytes directly into memory.

It first requests required memory for the block via MemoryManager.acquireStorageMemory . If successful, it creats a SerializedMemoryEntry with ChunkedByteBuffer and then registers this SerializedMemoryEntry for blockId in the internal entries .

val entry = new SerializedMemoryEntryT

entries.synchronized {

  entries.put(blockId, entry)

}

MemoryStore#putIteratorAsValues

Unrolls data from iterator into memory as an Array of deserialized Java object.

It’s possible that the iterator is too large to store in memory. To avoid OOM exceptions, this method will gradually unroll the iterator while periodically checking whether there is enough free memory. If all the data has been unrolled successfully, it creates a DeserializedMemoryEntry and then registers this DeserializedMemoryEntry for blockId in the internal entries .

MemoryStore#putIteratorAsBytes

Unrolls data from iterator into memory as serialized ChunkedByteBuffer.

Its logic is the same as putIteratorAsValues , except that it registers an SerializedMemoryEntry in the entries .

MemoryStore#evictBlocksToFreeSpace

Try to evict blocks to free up a given amount of memory space.

Loops through the blocks in the entries to find the blocks that can be evicted. The iteration order of LinkedHashMap is the order in which its entries were last accessed, from least-recently accessed to most-recently. So here the LRU eviction strategy is applied.

Then drops the found blocks from memory, possibly putting them on disk, depending on the StorageLevel.

RDD Persistence

By default, each transformed RDD will be recomputed each time we run an action. Spark RDD persistence is an optimization technique in which saves the result of RDD evaluation. We can mark an RDD to be persisted using the persist() or cache() on it. RDD is persisted the first time it is computed by an action.

The difference among them is that cache() can persist the RDD in On-heap memory, whereas persist() can persist the RDD in On-heap memory, on disk, or Off-heap memory according to the persistence strategy specified by StorageLevel.

/**


	Persist this RDD with the default storage level (MEMORY_ONLY).



*/

def cache(): this.type = persist()

def persist(): this.type = persist(StorageLevel.MEMORY_ONLY)

Internally, persistence is performed at the block level. One partition one block. That means that each RDD consists of multiple blocks and each block is being persisted independently of the other blocks. Each Executor in Spark has an associated BlockManager that is used to persist RDD blocks.

The memory allocation of the BlockManager is given by the storage memory fraction (i.e., spark.memory.storageFraction ) which gives the fraction from the memory pool allocated to the Spark engine itself (i.e., specified by spark.memory.fraction ).

cache()

Iterator lets us get each serialized or non-serialized record in the partition, and these records locates in the User Memory part of On-heap memory.

The blocks locates in Storage Memory part of On-heap or Off-heap memory.
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Caching to On-heap memory

RDD Checkpointing

Spark needs to complete the entire DAG to get results each time an action runs. Also, in case of failure, Spark recalculates the results from beginning to end along the RDD dependencies. We can persist RDD into memory or disk through cache() or persist(). But RDD persistence does not guarantee that the data will not be lost at all, such as when the relevant blocks are evicted from memory or the disk is broken. If any partition of the persisted RDD is lost, it still needs to recomputed using the original transformations that created it.

As these computations are expensive, the best strategy is to start from some checkpoints in case of failure. Checkpointing is a process of truncating RDD lineage graph and saving it to a reliable distributed filesystem such as HDFS or local filesystem. Checkpointing stores only the RDD physically and destroys the RDD lineage that created it. Therefore, checkpointing eliminates the need for Spark to maintain RDD lineage, which can be problematic when the lineage gets quite long.

There are two types of checkpointing: reliable and local. Reliable checkpointing ensures that data is stored permanently, ideally on HDFS or other distributed filesystem, which is naturally fault tolerant by replication. Local checkpointing privileges performance over fault-tolerance. RDD is persisted to local, ephemeral block storage that lives in each executor instead of to a reliable fault-tolerant storage. Checkpointed data is written quicker. But if an executor fails during the computation, the checkpointed data may no longer be accessible, causing an irrecoverable job failure.

Reliable checkpointing

Before checkpointing is used, we must set the checkpoint directory which stores the checkpoint files for RDDs to be checkpointed via SparkContext#setCheckpointDir . If the directory does not exist, this method will create it. If we are running Spark on a Hadoop cluster, the directory must be a HDFS path.

Then marks the RDD for checkpointing using RDD#checkpoint() on it. The marked RDD will be saved to some files inside the checkpoint directory and all references to its parent RDDs will be removed.

sc.setCheckpointDir(“hdfs://node1:8020/paul/checkpoints0507”)

val rdd1 = sc.parallelize(Array(1,2,3,4,5,6,7))

rdd1.checkpoint()

rdd1.collect

The generated checkpoint files are shown in below figure:
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Like cache() and persist(), checkpointing only happens after an action is called against an RDD. Checkpointing waits until the end of a job, and launches another job to finish checkpoint. So an RDD which needs to be checkpointed will be computed twice. Thus it is suggested to do a persist() before checkpoint(). In this case, the second job will not recompute the RDD.

The sample code above produces two jobs:
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Unlike cache() and persist(), which deletes the persisted RDD data when the application terminated, the checkpoint file won’t be deleted even after the application terminated and can be used by other applications

Local checkpointing

Local checkpointing is for users who wish to truncate RDD lineages while skipping the expensive step of saving the RDD data to a reliable distributed file system.

Local checkpointing is implemented on top of RDD persistence mechanism (with useDisk=true ). So the checkpoint directory set through SparkContext#setCheckpointDir does not need to use.

We mark the RDD for local checkpointing using RDD#localCheckpoint() .

Shared Variables

By default, for a function which is passed to a Spark operator, all free variables used in it are copied to each Task. Task can only operate its own copy of these variables. Any changes made to these variables doesn’t reflect back to the driver program.
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Note that free variables need to support serialization, otherwise an exception will be reported- org.apache.spark.SparkException: Task not serializable

To enable multiple tasks to share free variables, Spark provides two types of shared variables.

Broadcast Variables

The broadcast variables support a read-only variable cached on each node rather than providing a copy of it with the needed tasks. Spark also uses broadcast algorithms to distribute broadcast variables for reducing communication cost.

To create a broadcast variable, call SparkContext#broadcast(), returning a org.apache.spark.broadcast.Broadcast object for reading it in distributed functions.

val broadcastVar = sc.broadcast(Array(1, 2, 3))

broadcastVar.value
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The broadcast variable is made available from the driver that runs the SparkContext object to the nodes that execute the computation. The broadcast variable is distributed only once and cached in every worker node.

Accumulators

Accumulators are variables that are only added to through associated operations. There are many uses for accumulators including implementing counters or sums.

Accumulators are created from an initial value. Then the tasks running in the cluster can add up on it but cannot read its value. Only the driver program can read the value of the accumulator.

val count = sc.longAccumulator

val sum = sc.doubleAccumulator

val rdd = sc.parallelize(Array(1, 2, 3)).foreach(x => {count.add(1); sum.add(x)})

val avg = sum.value / count.value

A numeric accumulator can be created by calling built-in SparkContext#longAccumulator() or SparkContext#doubleAccumulator() to accumulate values of type Long or Double, respectively. We can also create our own types by subclassing AccumulatorV2 .

We can create named or unnamed accumulators. A named accumulator will display in the web UI for the stage that modifies that accumulator, and Spark displays the value for each accumulator modified by a task in the Tasks table.

val accum = sc.longAccumulator(“My Accumulator”)

sc.parallelize(Array(1, 2, 3, 4)).foreach(x => accum.add(x))

accum.value
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Shark

Years ago, Hive on MapReduce was the only choice for SQL on Hadoop. Hive compiled SQL into scalable MapReduce jobs and could work with a variety of formats through its SerDes. However, it delivered less than ideal performance. Then Databricks promoted Shark, which made Hive queries run much faster. It was one of the first interactive SQL on Hadoop systems, and was the only one built on top of a general runtime (Spark).

Shark is built on the Hive codebase. Shark uses the Hive query compiler to parse a HiveQL query and generate an abstract syntax tree, which is then turned into a logical plan with some basic optimizations. Then Shark applies additional optimizations and creates a physical plan of RDD operations, then executes them over Spark.
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Hive architecture vs Shark architecture

As Shark inherited a large, complicated code base from Hive that made it hard to optimize and maintain, Databricks ended Shark development and moved all development resources to Spark SQL, a component in Spark, designed from ground-up to leverage the power of Spark.

At the same time, for those organizations who have existing investments in Hive and are eager to migrate to Spark, the Hive community proposed a new initiative to the project that would add Spark as an alternative execution engine to Hive. This is known as Hive on Spark.
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Spark SQL

Spark SQL is one of the main components of the Spark framework. It is used for structured and semi-structured data processing. Spark SQL also supports real-time data processing. The stream data is mainly generated from system servers, messaging applications, etc.

Spark SQL is intended to operate as an OLAP database, not an OLTP database. This means that it is not intended to perform extremely low-latency queries.
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Components of Spark SQL

There are several ways to interact with Spark SQL including SQL and the Dataset APIs:

We call these APIs- Datasets, DataFrames, and SQL as Structured APIs. Some structured queries can be expressed much easier using Dataset API, but there are some that are only possible in SQL. There is no performance difference between these. We can choose to express some of our data manipulations in SQL and others in Datasets and they will compile to the same underlying code.

Spark SQL also extends the Structured APIs and Data Sources APIs to be used across all other Spark libraries such as Spark Streaming, Structured Streaming, MLlib, GraphX and SparkR.

The unifying API allows for data to be extracted with SQL, manipulated as a DataFrame, passed into one of Spark MLlibs’ large-scale machine learning algorithms, written out to another data source, and everything in between.
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Spark SQL Thrift Server

The Spark SQL Thrift Server is a variant of HiveServer2. It was developed from Apache Hive HiveServer2 and operates like HiveSever2 Thrift server. It allows JDBC/ODBC clients to execute SQL queries over JDBC/ODBC protocols on Apache Spark.

Install Spark SQL Thrift Server

To install the Spark SQL Thrift server after deploying Spark over Ambari, we need to add the Spark2 Thrift Server to the specified host(s). Deploying it on multiple hosts can increase scalability of the Thrift server; the number of hosts should take into consideration the cluster capacity allocated to Spark.
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Transport Mode

Spark SQL Thrift Server can be configured to listen in 2 transport modes. We can control the transport modes using HIVE_SERVER2_TRANSPORT_MODE or hive.server2.transport.mode. It can be binary (default) or http .

Binary mode

Clients send thrift requests in binary.

HTTP mode

Clients send thrift requests over HTTP.

Using Beeline to Connect to Spark SQL Thrift Server

Beeline is a command-line tool that allows us to access Spark Thrift Server using the JDBC on command line. It is included in the Spark distribution in bin directory.

/usr/hdp/current/spark2-client/bin/beeline

beeline> !connect jdbc:hive2://node5:10016

Beeline will ask us for a username and password. In non-secure mode, providing a blank user ID and password will work.

Then we can run the SQL commands.

Using BI tools

Start BI tools such as Tableau, PowerBI and select the option to connect to Spark SQL. This will enable us to execute queries on the Spark Execution engine.

Spark SQL CLI

Spark SQL offers an interactive shell spark-sql to issue SQL queries to our structured data. It is a command line tool to connect to the Hive Metastore service via thrift protocol and execute queries from the command line. Note that Spark SQL CLI can not talk to the Spark SQL Thrift server.

To start the Spark SQL CLI, run the following:

spark-sql

Spark SQL CLI uses the thrift uri specified by hive.metastore.uris in hive-site.xml to connect to a remote Hive Metastore.

For HDP 3.1.4.0, hive-site.xml locates in the directory /etc/spark2/3.1.4.0-315/0/ .

Dataset and DataFrame

Data Schema

A schema is the description of the structure of data. It can be implicit (and inferred at runtime) or explicit (and known at compile time). Any data that has schema is considered as structured data, for example, JSON, Hive tables, parquet file formats, etc. Whereas, semi-structured data is something with no separation between the schema and the data. One main concept that differentiates structured data from unstructured data is a schema. Schema can be regarded as the foundation of structured query, analysis and optimization.

Semi- and structured data are collections of records that can be described using schema with column names, their types and whether a column can be null or not (aka nullability). When the schema and the data have no separation, then the data is said to be semi-structured.

Structured data is data that adheres to a pre-defined data model and is therefore straightfo-rward to analyze. Structured data conforms to a tabular format with relationship between the different rows and columns. Common examples of structured data are Excel files or SQL databases. Structured data depends on the existence of a data model- a model of how data can be stored, processed and accessed. Because of a data model, each field is discrete and can be accesses separately or jointly along with data from other fields.

Structured data is is considered the most traditional form of data storage, since the earliest versions of DBMS were able to store, process and access structured data.

Semi-structured data is a form of structured data that does not conform with the formal structure of data models associated with relational databases or other forms of data tables, but contain tags or other markers to separate semantic elements and enforce hierarchies of records and fields within the data. Therefore, it is also known as self-describing structure. Examples of semi-structured data include JSON and XML.

Semi-structured data is information that does not reside in a relational database. But with some process, we can store them in the relation database (it could be very hard for some kind of semi-structured data).

Unstructured data is information that either does not have a predefined data model or is not organized in a pre-defined manner. Unstructured data is difficult to understand using traditional programs as compared to data stored in structured databases. Common examples of unstructured data include audio, video, picture, word, pdf.

The ability to store and process unstructured data has greatly grown in recent years, with many new technologies and tools coming to the market that are able to store specialized types of unstructured data. MongoDB, for example, is optimized to store documents.

History

Spark SQL was introduced in Spark 1.0. A new type of RDD called SchemaRDD was introduced. On top of all basic functions provided by common RDD APIs, SchemaRDD also provides some straightforward relational query interface functions. SchemaRDDs are composed Row objects along with a schema that describes the data types of each column in the row. A SchemaRDD is similar to a table in a traditional relational database.

Starting with Spark 1.3, SchemaRDD has been renamed DataFrame. A DataFrame is an immutable distributed collection of data that is organized into rows, where each row consists of a set of columns, and each column has a name and an associated type. In other words, this distributed collection of data has a structure defined by a schema. Each row in the DataFrame is represented by a generic Row object. DataFrame provides a domain specific language API to manipulate distributed data.

Dataset was first introduced in Apache Spark 1.6 as an experimental feature. A Dataset is a strongly typed, object-oriented, immutable collection of domain-specific objects that can be transformed in parallel using functional or relational operations.

Starting with Spark 2.0, the Dataset and DataFrame are unified to provide a single abstraction of the Dataset API. There is only one high-level abstraction called a Dataset, which has two flavors: a strongly typed API and an untyped API. The term DataFrame didn’t go away; instead, it has been redefined as an alias for a collection of generic objects in a Dataset. From the code perspective, a DataFrame is essentially a type alias for Dataset[Row], where a Row is a generic untyped JVM object (type DataFrame = Dataset[Row]). A Dataset is defined as a collection of strongly typed JVM objects, represented by either a case class in Scala or a class in Java. In the Scala API, DataFrame is simply a type alias of Dataset[Row]. While in Java API, we need to use Dataset to represent a DataFrame.

The Python and R languages have no compile-time type safety. Therefore, only the untyped Dataset APIs (aka DataFrame) are supported. That is, in Python and R, DataFrame is the main programming interface.

If possible, always use Datasets or DataFrames only, instead of RDDs, because it provides much higher performance due to optimizations done in Catalyst.

The following table shows the differences between SQL, DataFrames, and Datasets in terms of compile time and runtime safety.

The earlier we can catch the errors, the more productive we will be and the more stable our data processing applications will be.

Operations on Dataset

Operations available on Dataset are divided into transformations and actions. Transformat-ions are the ones that produce new Dataset, and actions are the ones that trigger computat-ion and return results. Example transformations include map, filter, select, and aggregate. Example actions count, show, or writing data out to file systems.

Dataset are lazy, i.e. computations are only triggered when an action is invoked. Transformat-ions are lazily evaluated, and actions are eagerly evaluated.

Internally, a Dataset represents a logical plan that describes the computation required to produce the data. When an action is invoked, Spark’s Catalyst optimizes the logical plan and generates a physical plan for efficient execution in a parallel and distributed manner.

Creating Datasets

Schema is imposed while creating Datasets and DataFrames.

There are typically two ways to create a Dataset. The most common way is by pointing Spark to some files on storage systems, using the read function available on a SparkSession. Dataset can also be created through transformations available on existing Dataset.

Catalyst

Spark SQL uses Catalyst to optimize all the queries written both in SQL and Dataset DSL. Catalyst offers a general framework for transforming trees, performing analysis, planning, and runtime code generation.

Catalyst offers rule-based and cost-based optimization. Rule-based optimization indicates how to execute the query from a set of defined rules. Cost-based optimization generates multiple execution plans using rules and compares them to choose the lowest cost one.
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SQL and Dataset DSL share the same pipeline

After we submit our application, the driver is responsible for the generation of the Logical Plan and Physical Plan. Logical Plan and Physical Plan are both represented as a tree. The difference is that Physical Plan concerns low level operations and is executable.

SparkSqlParser is the default SQL parser of the SQL statements supported in Spark SQL. It is native SQL parser that unifies ANSI-SQL and HQL parser and is used to translate a SQL text to an Abstract Syntax Tree.

Dataset or DataFrame also creates an Abstract Syntax Tree.

AST is then parsed by Catalyst to check and improve using both rules-based optimization and cost-based optimizations.

An Unresolved Logical Plan, either from an AST returned by a SQL parser, or from a Dataset object constructed using the DSL, may contain unresolved attribute references or relations. For example, an attribute is called unresolved if we do not know its type or have not matched it to an input table (or an alias). For example, in SQL query SELECT col FROM sales, the type of col or even whether it is a valid column name, is not known until we look up the table sales .

Analyzer uses Catalyst rules and a Catalog object to resolve these attributes. It validates and transforms an Unresolved Logical plan to an Analyzed Logical Plan.

Optimizer applies standard rule-based optimizations to an Analyzed Logical Plan to get an Optimized Logical Plan.

QueryPlanner takes an Optimized Logical Plan and generates one or more Spark Plans, using physical operators that match the Spark execution engine. It then selects a Spark Plan using a cost model. But in fact, in Spark 2.3, it just takes the first plan returned by the QueryPlanner.

Once the best Spark Plan is selected, it generates the DAG of RDDs (executable code) for the query that is to be executed in a cluster in a distributed fashion.

Data Source APIs

Spark SQL Data Source API was introduced in Spark 1.3 along with DataFrame abstraction. Then Spark 2.3 released a new version of data source API known as Data Source V2.

The Data Source API provides a single interface for loading and storing data from a variety of data sources. In addition to the built-in sources, this API also provides an easy way for dev-elopers to add support for custom data sources. We can easily query and even join data across these sources.

Built-in sources are pre-packaged with Spark by default. Examples of built-in sources are Text, CSV, JSON, Parquet, ORC, Hive tables and JDBC data source. Since Spark 2.4 release, Spark SQL provides built-in support for reading and writing Apache Avro data.

Spark SQL’s Data Sources API can be extended to support any third-party data sources.

Reading Data

The foundation for reading data in Spark is the DataFrameReader. We access it through the SparkSession via the read method:

spark.read

After we have a DataFrameReader, we can configure it with the format, schema and option/options methods. Here’s an example of the overall layout:

spark.read.format(“csv”)

.option(“mode”, “FAILFAST”)

.option(“inferSchema”, “false”)

.option(“path”, “filePath”)

.schema(someSchema)

.load()

format()

Specifies the input data source format.

Data sources are specified by their fully qualified name (e.g. org.apache.spark.sql.parquet ), but for built-in sources we can also use their short names ( json, parquet, jdbc, orc, libsvm, csv, text ).

If we don’t specify this method, then the default data source is parquet or whatever is set in spark.sql.sources.default (which is used to set the default data source to use in input/output).

schema()

Specifies the input schema.

Some data sources (e.g. JSON) can infer the input schema automatically from data, but we can speed it up by specifying the schema ourselves. By specifying the schema, the underlying data source can skip the schema inference step, and thus speed up data loading. Generally, providing a schema for any format makes loading faster and ensures out data conforms to the expected schema.

option()

Adds an input option for the underlying data source.

Each data source has a specific set of options that determine how the data is read into Spark. At a minimum, we must supply the DataFrameReader a path from which to read.

Read mode specifies what will happen when Spark deals with corrupt records during parsing. It supports the following case-insensitive modes.

PERMISSIVE: when it meets a corrupted record, puts the corrupted record into a string type field whose name is configured by spark.sql.columnNameOfCorruptRecord ( _corrupt_record by default), and sets other fields to null.

DROPMALFORMED: ignores the whole corrupted records.

FAILFAST: throws an exception when it meets corrupted records.

In the following example, there is one corrupted record in row 3. If we read thd data using PERMISSIVE mode, then a new field called _corrupt_record is added to the DataFrame, and the contents of this corrupted record appears in this field with the rest of fields to null.

{“name”: “xxx”, “age”: 26, “depId”: 1, “gender”: “male”, “salary”: 8000}

{“name”: “xxx”, “age”: 36, “depId”: 2, “gender”: “male”, “salary”: 6200}

{“name”: “xxx”, “age”: 22, “depId”: 1, “gender”: “male”, “salary”: {}

{“name”: “xxx”, “age”: 23, “depId”: 3, “gender”: “male”, “salary”: 3000}

{“name”: “xxx”, “age”: 26, “depId”: 2, “gender”: “female”, “salary”: 6100}

We can configure the corrupted field name by setting the columnNameOfCorruptRecord :

spark.read.option(“columnNameOfCorruptRecord”, “mybadrecord”).json(“/paul/employee_malformed.json”)
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Writing Data

The foundation for writing data is the DataFrameWriter. We can access the DataFrameWriter via DataFrame#write method.

After we have a DataFrameWriter, we can configure it with the format, mode, and option/options methods. Here’s an example of the overall layout:

dataFrame.write.format(“csv”)

.mode(“OVERWRITE”)

.option(“path”, “filePath”)

.save()

format()

Specifies the underlying output data source. Built-in options include parquet , json , etc.

If we don’t specify this method, then the default data source is parquet or whatever is set in spark.sql.sources.default .

mode()

Specifies the behavior when data already exists. Options include:

overwrite: overwrite the existing data.

append: append the data.

ignore: ignore the operation, i.e. do nothing with the current DataFrame.

error: default option, throw an exception at runtime.

option()

Adds an output option for the underlying data source.

At a minimum, we must supply the DataFrameWriter a path to write to data.

Metastore

SparkSession

The SparkSession represents a unified entry point for manipulating data in Spark. In the REPL environment, the SparkSession instance is automatically created and made available to us via an object called spark . In our programs, we can use the builder design pattern to instantiate a SparkSession instance.

val spark = SparkSession.builder().appName(“sqltest”).master(“local”).getOrCreate()

SessionState

SparkSession has a sessionState property of type SessionState which holds all session-specific state in a given SparkSession.

lazy val sessionState: SessionState = {

  parentSessionState

    .map(_.clone(this))

    .getOrElse {

      SparkSession.instantiateSessionState(

        SparkSession.sessionStateClassName(sparkContext.conf), self)

    }

}

When requested for the SessionState, SparkSession calls instantiateSessionState to create a SessionState instance. It first uses spark.sql.catalogImplementation configuration to load and create a BaseSessionStateBuilder, which is then requested to create a SessionState instance.

private val HIVE_SESSION_STATE_BUILDER_CLASS_NAME =                          “org.apache.spark.sql.hive.HiveSessionStateBuilder”

private def sessionStateClassName(conf: SparkConf): String = {

  conf.get(CATALOG_IMPLEMENTATION) match {

    case “hive” => HIVE_SESSION_STATE_BUILDER_CLASS_NAME

    case “in-memory” => classOf[SessionStateBuilder].getCanonicalName

  }

}

private def instantiateSessionState(

    className: String,

    sparkSession: SparkSession): SessionState = {

  try {

    // invoke new [Hive]SessionStateBuilder(SparkSession, Option[SessionState])

    val clazz = Utils.classForName(className)

    val ctor = clazz.getConstructors.head

    ctor.newInstance(sparkSession, None).asInstanceOf[BaseSessionStateBuilder].build()

  } catch {

    case NonFatal(e) =>

      throw new IllegalArgumentException(s”Error while instantiating ‘$className’:“, e)

  }

}

There are 2 possible values of s park.sql.catalogImplementation configuration- in-memory and Hive . in-memory is the default value.

StaticSQLConf.scala

val CATALOG_IMPLEMENTATION = buildStaticConf(“spark.sql.catalogImplementation”)

  .internal()

  .stringConf

  .checkValues(Set(“hive”, “in-memory”))

  .createWithDefault(“in-memory”)

When SparkSession is created with the enableHiveSupport method, the value for this configuration is set to hive .

def enableHiveSupport(): Builder = synchronized {

  if (hiveClassesArePresent) {

    config(CATALOG_IMPLEMENTATION.key, “hive”)

  } else {

    throw new IllegalArgumentException(

          “Unable to instantiate SparkSession with Hive support because Hive classes are not found.”)

  }

}

In order to disable the pre-configured Hive support in REPL environment, we can do this:

spark-shell –conf spark.sql.catalogImplementation=in-memory

BaseSessionStateBuilder

The builder explicitly defines all components needed by the SessionState, and creates a SessionState when build is called.

The two values of s park.sql.catalogImplementation configuration correspond to the two subclasses of BaseSessionStateBuilder.

Compared with SessionStateBuilder, HiveSessionStateBuilder produces a Hive-aware Sess-ionState.

def build(): SessionState = {

  new SessionState(

    session.sharedState,

    conf,

    experimentalMethods,

    functionRegistry,

    udfRegistration,

    catalog,

    sqlParser,

    analyzer,

    optimizer,

    planner,

    streamingQueryManager,

    listenerManager,

    resourceLoader,

    createQueryExecution,

    createClone)

}

SessionCatalog

SessionCatalog is the catalog of relational entities, i.e. databases, tables, views, partitions, and functions in a SparkSession. SessionCatalog represents an internal catalog that is used by a SparkSession. This internal catalog serves as a proxy to the underlying metastore (e.g. Hive Metastore) and it also manages temporary tables and functions of the SparkSession that it belongs to.

SessionState has a catalog property of type SessionCatalog which is initialized when BaseSessionStateBuilder creates a SessionState via build method.

protected lazy val catalog: SessionCatalog = {

  val catalog = new SessionCatalog(

    session.sharedState.externalCatalog,

    session.sharedState.globalTempViewManager,

    functionRegistry,

    conf,

    SessionState.newHadoopConf(session.sparkContext.hadoopConfiguration, conf),

    sqlParser,

    resourceLoader)

  parentState.foreach(_.catalog.copyStateTo(catalog))

  catalog

}

SessionStateBuilder just inherits this while HiveSessionStateBuilder overrides this catalog property and makes it as type HiveSessionCatalog which is a subclass of SessionCatalog.

override protected lazy val catalog: HiveSessionCatalog = {

  val catalog = new HiveSessionCatalog(

    externalCatalog,

    session.sharedState.globalTempViewManager,

    new HiveMetastoreCatalog(session),

    functionRegistry,

    conf,

    SessionState.newHadoopConf(session.sparkContext.hadoopConfiguration, conf),

    sqlParser,

    resourceLoader)

  parentState.foreach(_.catalog.copyStateTo(catalog))

  catalog

}

SessionCatalog is available through sessionState property of a SparkSession.

ExternalCatalog

SessionCatalog uses the ExternalCatalog for the metadata of permanent entities.

ExternalCatalog is the contract of an external system catalog (or metastore) of permanent relational entities, i.e. databases, tables, partitions, and functions. It is an external catalog because it is expected to interact with external systems. It is only used for non-temporary items, and implementations must be thread-safe as they can be accessed in multiple threads.

There are 2 concrete implementations of ExternalCatalog:

InMemoryCatalog is implemented as a simple in-memory Map, which means that metadata information lives in the driver’s memory and disappears with the SparkSession.

HiveExternalCatalog uses a Hive Metastore to manage the metadata in an RDBMS. A Hive Metastore is a persistent database, so metadata information remains available even if we close the SparkSession and start a new one. HiveExternalCatalog uses an HiveClient to interact with a Hive metastore.

Beginning in Hive 3.0, the Hive Metastore is released as a separate package and can be run without the rest of Hive being installed.

spark.sql.warehouse.dir

Since Spark 2.0.0, Spark references spark.sql.warehouse.dir as the warehouse directory. Both the spark-defauts.conf and spark-thrift-sparkconf.conf should have a spark.sql.warehouse.dir property whose value is usually /apps/spark/warehouse .

For HDP 3.1.4.0, these two configuration files locate in the conf/ directory:

/etc/spark2/3.1.4.0-315/0
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We can also change its value via Ambari UI.
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Note that for InMemoryCatalog, although in-memory metadata disapprears, the related entities created still exist in the warehouse directory.

Catalog API

As the structured data comes with metadata, Spark SQL provides Catalog API for us to query and use the metadata in the applications.

Catalog API is the interface for managing a metastore of relational entities through which we may create, drop, alter or query underlying databases, tables, functions etc. It is available using catalog property of SparkSession.

If SparkSession is enabled with Hive support, then the entire Hive Metastore will be available through the Catalog API.

Class Diagram
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Class Diagram

Hive Integration

As described in the previous section, Spark SQL can read and write data stored in Hive using HiveExternalCatalog. Therefore, Spark SQL has a great relationship with Hive as it can connect to Hive Metastore.

Spark SQL in HDP is designed to be compatible with the Hive, including the Metastore connectivity, SerDes, and UDFs. There are several options that have been set to connect to Hive Metastore.

spark.sql.hive.metastore.version

Version of the Hive Metastore.

spark.sql.hive.metastore.jars

Location of Hive Metastore related jars which is used by spark to instantiate Metastore client.

spark.sql.hive.metastore.sharedPrefixes

A comma separated list of class prefixes that should be loaded using the classloader that is shared between Spark SQL and Hive client. If not configured, the default value is:

com.mysql.jdbc, org.postgresql, com.microsoft.sqlserver, oracle.jdbc .

spark.sql.hive.metastore.barrierPrefixes

A comma separated list of class prefixes that should explicitly be reloaded for Hive client (separated between Spark SQL and Hive client). The default value is Nil .

For HDP 3.1.4.0, these 2 properties exist in the two configuration files spark-defauts.conf and spark-thrift-sparkconf.conf which locate in the conf directory /etc/spark2/3.1.4.0-315/0 .
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In the conf directory, there is a hive-site.xml which is used to configure Spark SQL with the Hive Metastore configuration.

hive.metastore.uris

The Thrift URI of a remote Hive Metastore, i.e. one that is in a separate JVM process or on a remote node.



  hive.metastore.uris

  thrift://node2:9083



metastore.catalog.default

A configuration in Hive 3.x, can be set to hive or spark . It is set to spark for Spark.



  metastore.catalog.default

  spark



In HDP 3.1.4.0, Spark and Hive use independent catalogs. Hive uses the hive catalog, and Spark uses the spark catalog. A table created by Spark lives in the spark catalog. A table created by Hive lives in the hive catalog. Databases fall under the catalog namespace, similar to how tables belong to a database namespace. This means that although they use the same Metastore, they are still invisible to each other.

Note that Spark and Hive share the same catalog in the Hive Metastore in HDP 3.1.5 and later.

Finally, when working with Hive, SparkSession must be created with the enableHiveSupport method to get access to Hive Metastore, SerDes, and user-defined functions.

How to share metadata between Spark SQL and Hive

Spark SQL can use existing Hive Metastores, SerDes, and UDFs. To let Spark SQL support reading and writing data stored in Hive, we need to share the metadata information between Spark SQL and Hive.

In HDP 3.1.4.0, we can do so by changing the property metastore.catalog.default to hive . However, this approach only works for hive external tables. It can not work for hive managed tables as Spark can not read from or write to ACID tables.

In Hive, as for managed tables, we can create ACID tables for CRUD transactions or for insert-only transactions. The data in CRUD tables must be in ORC format while insert-only tables support all file formats. Because Hive control of the external table is weak, external tables cannot be made ACID tables. In HDP 3.1.4.0, Hive managed tables must be transactional ( hive.strict.managed.tables=true ) by default.

Another approach is Hive Warehouse Connector which works as a bridge between Spark and Hive. The Hive Warehouse Connector makes it easier to use Spark and Hive together.

Local Development Environment

Here we use IntelliJ IDEA with SBT as build tool. The example is about how to count top n from one access log file.

Without Hive support

Add the following lines to build.sbt :

libraryDependencies ++= Seq(

  “org.apache.spark” %% “spark-core” % ” 2.3.2.3.1.4.0-315”,

  “org.apache.spark” %% “spark-sql” % ” 2.3.2.3.1.4.0-315”

)

Code is as follows:

object SparkSQL {

  def main(args: Array[String]): Unit = {

    val spark = SparkSession.builder().appName(“sqltest”).master(“local”).getOrCreate()

    val df = spark.read.text(args(0))

    import spark.implicits._

    val ds = df.filter(.getString(0).split(” “).length > 10).map(.getString(0).split(” “)(10))

    ds.createOrReplaceTempView(“access_log”)

    val df_processed = spark.sql(“select value, count(1) as times from access_log group by value order by                        times desc limit 5”)

    df_processed.write.saveAsTable(“topn”)

    spark.catalog.listTables(“default”).show()

    spark.stop()

  }

}

As we don’t configure spark.sql.warehouse.dir which defaults to spark-warehouse , a directory named spark-warehouse is created automatically and and used as warehouse path in the base directory of the Spark application. The metadata information resides in memory.
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With Hive support

In build.sbt add the dependency on org.apache.spark.spark-hive .

libraryDependencies ++= Seq(

  “org.apache.spark” %% “spark-core” % ” 2.3.2.3.1.4.0-315”,

  “org.apache.spark” %% “spark-sql” % ” 2.3.2.3.1.4.0-315”,

  “org.apache.spark” %% “spark-hive” % ” 2.3.2.3.1.4.0-315”

)

And then call enableHiveSupport when building SparkSession.

val spark = SparkSession.builder().appName(“sqltest”).master(“local”).enableHiveSupport().getOrCreate()

Note that we cannot use Java 11 with Spark 2.3, otherwise this error occurs:

Unable to locate hive jars to connect to metastore. Please set spark.sql.hive.metastore.jars.

Make sure Java 8 is installed and configured in IDEA as the following:
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We don’t need to have an existing Hive Metastore deployment to connect when we enable Hive support. In this situation, Spark SQL uses the embedded mode of a Hive Metastore with a Apache Derby database. This is not recommended for production use.

Besides spark-warehouse , a directory named metastore_db and a file named derby.log are created automatically in the base directory of the Spark application. The metadata information resides in Derby database.
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Connecting to an existing Hive Metastore

hive-site.xml

Copy hive-site.xml from /etc/spark2/3.1.4.0-315/0/ in one of the nodes where spark client locates, and then place it into resources directory of the Spark application.

Options

By default, the warehouse path is the directory spark-warehouse in the base directory of our local Spark application, e.g. file:/D:/My/SparkDemo/spark-warehouse . To make the warehou-se path point to the HDFS directory, we need to set spark.sql.warehouse.dir . In the example here, we set spark.sql.warehouse.dir to hdfs://node1:8020/apps/spark/warehouse .

As the default value of spark.sql.hive.metastore.version is 1.2.1 and the default value of spark.sql.hive.metastore.jars is builtin , Spark will use builtin Hive 1.2.1 jars bundled with the Spark assembly to instantiate the metastore client. For HDP 3.1.4, as this default configurat-ion can not recognize the property metastore.catalog.default in hive-site.xml, it will connect directly to the hive catalog of the metastore. To access the spark catalog, we can download the related Hive Metastore jars for HDP 3.1.4 and then set spark.sql.hive.metastore.jars to point to the downloaded jars. For example:

val spark = SparkSession.builder().appName(“sqltest”).master(“local”)

  .config(“spark.sql.hive.metastore.version”, “3.0”)

  .config(“spark.sql.hive.metastore.jars”, “./standalone-metastore-1.21.2.3.1.4.0-315-hive3.jar”)

  .config(“spark.sql.warehouse.dir”, “hdfs://node1:8020/apps/spark/warehouse”)

  .enableHiveSupport()

  .getOrCreate()

We can also set the HADOOP_USER_NAME which is used to access HDFS.
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The above example is based on Mac OS. For windows, there is an additional step. We need to download winutils.exe and put it into a bin folder, e.g. D:. And then set an environment variable named HADOOP_HOME to D:.

Be sure to use the correct 64-bit or 32-bit version of winutils.exe.

Spark UI

The SQL tab on Spark UI shows the all the jobs finished with the logical plan, physical plan, and visual DAG for the jobs. This is useful in debugging and performance tuning.
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Join Types

Joining data is an important part of many pipelines. A Join brings together two sets of data, the left and the right, by comparing the value of one or more keys of the left and right, and evaluating the result of a Join expression (aka Join condition) that determines whether Spark should bring together the left set of data with the right set of data. The Join expression determines whether two rows should join. The most common Join expression is to compare whether the specified keys in the left and right datasets are equal.

Both Spark Core and Spark SQL support the same fundamental types of Joins. Spark Core Joins has huge performance issues when not designed with care as it involves data shuffling across the network. In the other hand Spark SQL Joins comes with more optimization by default, however there would still be some performance issues to consider.

Spark SQL Join operators

def join(right: Dataset[_]): DataFrame

def join(right: Dataset[_], usingColumn: String): DataFrame

def join(right: Dataset[_], usingColumns: Seq[String]): DataFrame

def join(right: Dataset[_], usingColumns: Seq[String], joinType: String): DataFrame

def join(right: Dataset[_], joinExprs: Column): DataFrame

def join(right: Dataset[_], joinExprs: Column, joinType: String): DataFrame

def crossJoin(right: Dataset[_]): DataFrame

def joinWithU: Dataset[(T, U)]

def joinWithU: Dataset[(T, U)]

Sample data

Here are two simple datasets that we can use in the following examples.

val user = sc.parallelize(Seq((1001,“Paul”) , (1002,“John”) ,(1003,“Mike”))).toDF(“userId”, “userName”)

val payment = sc.parallelize(Seq((1, 1001,99), (2,1002,36), (3,1003,72), (4 ,1004,43), (5 ,1005, 80), (6 ,1006, 110))).toDF(“paymentId”, “userId”,“amount”)

user.createOrReplaceTempView(“user”)

payment.createOrReplaceTempView(“payment”)
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Join types

Join type determines what should be in the result set.

There are a variety of different Join types available in Spark.

Inner Join

It is the default Join in Spark. By default Spark performs an Inner Join if no join type is given. Inner Join basically removes all the rows that are not in both the left and right datasets and returns all the rows that has a match on the Join expression from both sides of the datasets.

Join operator:

val innerJoin_DF = user.join(payment, “userId”)

val innerJoin_DF = payment.join(user, “userId”)

SQL:

SELECT * FROM user JOIN payment ON user.userId = payment.userid

Full Outer Join

Full Outer Join is used to keep rows with keys in either the left or right datasets.

Join operator:

val fullOuterJoin_DF = user.join(payment, Seq(“userId”), “outer”)

val fullOuterJoin_DF = payment.join(user, Seq(“userId”), “outer”)

SQL:

SELECT * FROM user FULL OUTER JOIN payment ON user.userId = payment.userId

Left Outer Join

Left Outer Join evaluate the keys in both of the datasets and includes all rows from the left dataset as well as any rows in the right dataset that have a match in the left dataset. If there is no equivalent row in the right dataset, a null is appended.

Join operator:

val leftOuterJoin_DF = user.join(payment, Seq(“userId”), “left”)

val leftOuterJoin_DF = payment.join(user, Seq(“userId”), “left”)

SQL:

SELECT * FROM user LEFT OUTER JOIN payment ON user.userId = payment.userId

Right Outer Join

It is similar to Left Outer Join. All the rows from the right dataset are returned irrespective of whether there is a match in the left side dataset.

Join operator:

val rightOuterJoin_DF = user.join(payment, Seq(“userId”), “right”)

val rightOuterJoin_DF = payment.join(user, Seq(“userId”), “right”)

SQL:

SELECT * FROM user RIGHT OUTER JOIN payment ON user.userId = payment.userId

Left Semi Join

This returns only the data from the left side that has a match on the right side based on the Join expression. The joined output only consists of data from the left dataset. This is really useful when we are trying to extract the only data in left that has a match on the right.

Join operator:

val leftSemiJoin_DF = payment.join(user, Seq(“userId”), “leftsemi”)

val leftSemiJoin_DF = user.join(payment, Seq(“userId”), “leftsemi”)

SQL:

SELECT * FROM payment LEFT SEMI JOIN user ON payment.userId = user.userId

Left Anti Join

As the name suggests, it does exactly the opposite of Left Semi Join. The output would just return the data that doesn’t have a match on the right side dataset. Only the columns on the left side dataset would be included in the result.

Join operator:

val leftAntiJoin_DF = payment.join(user, Seq(“userId”), “leftanti”)

val leftAntiJoin_DF = user.join(payment, Seq(“userId”), “leftanti”)

SQL:

SELECT * FROM payment LEFT ANTI JOIN user ON payment.userId = user.userId

Cross Join

Prior Spark 2.1, def join(right: Dataset[_]): DataFrame would trigger a Cross Join. But now Spark throws an AnalysisException when we call this method:

Detected implicit cartesian product for INNER join between logical plans

A dedicated def crossJoin(right: Dataset[_]): DataFrame has been added to support Cross Join, which joins two Datasets with no condition. Or we can enable implicit Cartesian products by setting the session-level configuration property spark.sql.crossJoin.enabled=true .

Cross Join (also named Cartesian Join) matches every single row in the left dataset with every single row in the right dataset. It basically computes a cartesian product of 2 datasets. Say we have m rows in 1 dataset and n rows in another, this would give (m*n) rows.

Join operator:

val crossJoin_DF = user.crossJoin(payment)

val crossJoin_DF = payment.crossJoin(user)

SQL:

SELECT * FROM user CROSS JOIN payment

Type-Preserving Joins

The only difference between joinWith operator and others is that joinWith preserves the type information of the resulting Dataset. It returns a tuple of the two classes from the left and right datasets.

case class User (userId: Int, userName: String)

case class Payment (paymentId: Int, userId: Int, amount: Int)

val payment_DS = payment.as[Payment]

val user_DS = user.as[User]

val result_DS = user_DS.joinWith(payment_DS, user_DS.col(“userId”) === payment_DS.col(“userId”))

joinWith creates a Dataset with two columns _1 and _2 :
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Join Implementation

Spark SQL supports three Join algorithms- Broadcast Hash Join, Shuffle Hash Join, and Sort Merge Join. The first two belong to the Hash Join, only need to broadcast or shuffle before the hash join. In SparkPlanner, the precedence order for equi-join implementations:

Broadcast Hash Join, Shuffle Hash Join, Sort Merge Join

Hash Join

The Hash Join is a common join algorithm in database systems using hashing. The join predicate needs to be an equi-join predicate. The classic implementation consists of two phases: the build phase and the probe phase. In the build phase, the algorithm builds a hash table on the smaller relation (also called the build side of the join), by applying a hash function to the join attribute of each tuple. In the probe phase, the algorithm probes the hash table using tuples of the larger relation (also called the probe side of the join) to find matches. This classic implementation is simple, but it requires that the smaller relation is small to let the hash table fit into memory, which is sometimes not the case. There are several variants of the classic hash join algorithm to deal with this situation.

Broadcast Hash Join

Broadcast join is very efficient for joins between a large dataset (e.g. fact table) with a small dataset (e.g. dimension table). Normally, Broadcast join can perform faster than the other join algorithms when the broadcast side is small. However, broadcasting dataset is a network-intensive operation. It could cause OOM or perform worse than the other join algorithms, especially when the broadcast side is big.

The small dataset will be broadcasted to all nodes where the large dataset is located when a hash join is performed on each executor.
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If one side of the Join has an estimated physical size that is smaller than the configuration property spark.sql.autoBroadcastJoinThreshold or has an explicit Broadcast Hint, then this algorithm is choosen.

Automatic

Broadcast join can be applied automatically when the size of one dataset is below spark.sql.autoBroadcastJoinThreshold , which is by default 10MB. By setting this value to -1 broadcasting can be disabled. Note that Spark does not guarantee Broadcast Hash Join is always chosen, since not all cases (e.g. full outer join) support it.

Note that currently statistics are only supported for Hive Metastore tables where the command  ANALYZE TABLE  COMPUTE STATISTICS noscan  has been run.

Broadcast Hints

We can use Broadcast Hints using broadcast standard function or SQL comments to hint the Spark planner to broadcast a dataset regardless of the size.

We can apply the org.apache.spark.sql.functions.broadcast() function to a DataFrame:

val dataframe = largedataframe.join(broadcast(smalldataframe), “key”)

Or use any of the SQL comments- “BROADCAST”, “BROADCASTJOIN”, “MAPJOIN”:

SELECT /+ BROADCAST(table1) / …

SELECT /+ BROADCASTJOIN(table1) / …

SELECT /+ MAPJOIN(table1) / …

When one dataset is relatively small, we choose to broadcast it out to avoid shuffle to improve performance. Once the data in small dataset increases, the resources such as memory and bandwidth required for broadcasting will inevitably be large and consequently Broadcast Hash Join is no longer optimal solution.

Shuffle Hash Join

As shown in the following figure, Shuffle Hash Join can be divided into two phases:

In the shuffle phase, re-partition the two datasets according to the join keys using same partitioner. In the join phase, each executor perform a hash join algorithm.
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If single partition of the build side is small enough to build a hash table (the size of the build side is less than spark.sql.autoBroadcastJoinThreshold * spark.sql.shuffle.partitions) and the size of the build side is at least 3 times smaller than the probe side, this algorithm is choosen.

Sort Merge Join

As shown in the following figure, Sort Merge Join has three phases:

In the shuffle phase, the 2 large datasets are re-partitioned as per the join keys. In the sort phase, sort the data within each partition. In the merge phase, join the 2 sorted and partitioned data. This is basically merging the sorted data in the partition by iterating over the rows and joining the rows having the same value according to the join keys.
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If the matching join keys are sortable, this algorithm is choosen. In Spark 2.3, there is a configuration property spark.sql.join.preferSortMergeJoin which is set to true by default. This means that SparkPlanner prefers a Sort Merge Join over a Shuffle Hash Join. In other words, it is hardly to see Shuffle Hash Join unless we turn the property off. Sort Merge and Broadcast joins are most commonly used.

Performance Tuning

Resource Allocation

Here we only consider Spark on YARN. The two main resources that Spark and YARN think about are CPU and Memory. Disk and Network IO play a part in Spark performance as well, but neither Spark nor YARN currently do anything to actively manage them.

Each Spark executor in an application has the same fixed number of cores and same fixed heap size. The number of cores can be specified with the –executor-cores option when invoking spark-submit , spark-shell , and pyspark from the command line, or by setting the spark.executor.cores property in the spark-defaults.conf file or on a SparkConf object. Similarly, the heap size can be controlled with the –executor-memory option or the spark.executor.memory property.

The –num-executors command-line option or spark.executor.instances configuration proper-ty controls the number of executors requested.

–executor-memory or spark.executor.memory controls the executor On-heap memory size, but JVMs can also use some Off-heap memory. The spark.executor.memoryOverhead property controls the size of these Off-heap memory to be allocated per executor, in MB unless otherwise specified. It defaults to max(executorMemory * 0.10, 384). This is currently supported on YARN and Kubernetes.

The full memory request to YARN for each executor is the sum of spark.executor.memory and an overhead defined by spark.executor.memoryOverhead .
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Off-heap

If spark.memory.offHeap.enabled is true, Spark will attempt to use Off-heap memory for certain operations. If Off-heap memory use is enabled, then spark.memory.offHeap.size must be positive. spark.memory.offHeap.size is the absolute amount of memory in bytes which can be used for Off-heap allocation.

For Spark 2.4.5 and previous version, spark.memory.offHeap.size must be included in spark.executor.memoryOverhead . This means if we specify spark.memory.offHeap.size , we need to manually add this portion to spark.executor.memoryOverhead for YARN.

In Spark 3.0, spark.executor.memoryOverhead does not include spark.memory.offHeap.size anymore. The maximum memory size of container to running executor is determined by the sum of spark.executor.memoryOverhead , spark.executor.memory , spark.memory.offHeap.si-ze and spark.executor.pyspark.memory .

Dynamic Resource Allocation

Spark provides a mechanism to dynamically adjust the resources our application occupies based on the workload. This means that our application may give resources back to the cluster if they are no longer used and request them again later when there is demand. This feature is particularly useful if multiple applications share resources in Spark cluster.

This feature is available on all coarse-grained cluster managers, i.e. standalone mode, YARN mode, and Mesos coarse-grained mode.

The property spark.dynamicAllocation.initialExecutors      is used to set the initial number of executors for a Spark application when dynamic allocation is enabled. If –num-executors or spark.executor.instances is set and larger than this value, that value is used instead.

Driver

Driver runs in the container process where ApplicationMaster locates or runs in the client process.

YARN

The resources requested by Spark will be handed over to YARN.

Resources are allocated to a container in terms of memory (MB) and CPU (virtual cores). The amount of resources available on each node is configured with the property yarn.nodemanager.resource.memory-mb and the property yarn.nodemanager.resource.cpu-vcores . The default memory allocated to all the containers on a node is 8192MB and the default number of CPU cores that are allocated to all containers on a node is 8.

The minimum memory that is allocated to a container is configured with the yarn.scheduler.minimum-allocation-mb property and has the default value of 1024MB. For FairScheduler, the amount by which memory may be incremented is set with the yarn.scheduler.increment-allocation-mb property, with a default value of 1024MB. The minimum number of virtual cores that may be allocated to a container are configured with the yarn.scheduler.minimum-allocation-vcores , with the default value of 1. For FairScheduler, the number of cores may be incremented only in multiple of the value set in the yarn.scheduler.increment-allocation-vcores property, which defaults to 1.

The maximum memory that is allocated to a container is configured with the yarn.scheduler.maximum-allocation-mb and has the default value of 8192MB. The maximum number of virtual cores that may be allocated to a container is configured with the yarn.scheduler.maximum-allocation-vcores , with the default value of 4.

The relevant YARN properties:

Example

Imagine a cluster with 5 nodes running NodeManagers, each equipped with 16 cores and 64GB memory.

As the node needs some resources to run the OS and Hadoop daemons, we should avoid allocating 100% of resources to containers. In this case, we can leave 1 GB and 1 core for these system processes. Each NodeManager capacity- yarn.nodemanager.resource.memory-mb and yarn.nodemanager.resource.cpu-vcores is set to 63GB and 15 respectively.

Case 1: - -num-executors 5, –executor-cores 15, –executor-memory 63G

Wrong approach.

63GB plus spark.executor.memoryOverhead (6.3GB by default) can not fit within the capacity of NodeManager (63GB).

By default ApplicationMaster takes up 1 core on one of the NodeManagers, there are not 15 cores room on that NodeManager.

Case 2: - -num-executors 14, –executor-cores 5, –executor-memory 18G

Better approach.

This configuration results in 3 executors per NodeManager except for the one with the ApplicationMaster, which will have 2 executors (and 1 ApplicationMaster).

Each executor per NodeManager occupies 21GB memory (63GB/3). The overhead memory of each executor is 2.1GB (21GB*0.10). So the On-heap memory size is 21GB-2.1GB18GB.

Level of Parallelism

The number of tasks in each stage represents the parallelism of each stage. In each stage, the number of tasks in a stage is the same as the number of partitions in the last RDD in the stage.

Clusters will not be fully utilized unless we set the level of parallelism for each operation high enough. Spark automatically sets the number of map tasks to run on each file according to its size (though we can control it through optional parameters to SparkContext#textFile , etc), and for distributed reduce operations, such as groupByKey and reduceByKey, it uses the largest parent RDD’s number of partitions. We can pass the level of parallelism as a second argument, or set the config property spark.default.parallelism to change the default.

In general, we recommend 2-3 tasks per available CPU core in our cluster.

The spark.default.parallelism is the default number of partitions in RDDs returned by trans-formations like join, reduceByKey, and parallelize when not set explicitly by the user. Make sure that spark.default.parallelism only works for raw RDD and is ignored when working with DataFrames.

By default Spark SQL uses spark.sql.shuffle.partitions number of partitions when shuffling data for join or aggregations, e.g. 200 by default.

When performing Spark task which is not a join or aggregation and working with DataFrames, we can set the number of partitions by calling df.repartition(numOfPartitions) .

Aggregation

groupByKey vs reduceByKey

Although both of them fetch the similar results, there is a significant difference in the performance of both operations. reduceByKey() works better with larger datasets when compared to groupByKey(). reduceByKey() offers a map side combine, which means the amount of data shuffled is lesser than groupByKey(). We should try to avoid groupByKey().

Sample code:

val sample = sc.parallelize(Array((“A”, 10),(“B”, 20),(“C”, 30),(“A”, 40)))

val groupByKey_RDD = sample.groupByKey().map(x => (x._1, x._2.sum))

val reduceByKey_RDD = sample.reduceByKey(+)
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aggregateByKey

aggregateByKey() aggregates the values for each key, and the result of such combination can be any object that we specify. We have to specify how the values are combined inside one partition and how we combine the result from different partitions.

The three main parameters of aggregateByKey function:

zeroValue- Initial value.

seqOp- Sequential operation is used for merging values within a partition.

combOp- Combiner operation is used for merging values between partitions.

Sample code:

val sample = sc.parallelize(Array((“A”, 10),(“B”, 20),(“C”, 30),(“A”, 40)))

val aggr_RDD = sample.aggregateByKey(0)(

(accumulator: Int, value) => if(accumulator > value) accumulator else value,

(accumulator1: Int, accumulator2: Int) => if(accumulator1 > accumulator2) accumulator1 else                                                      accumulator2

)

reduceByKey is sort of a particular case of aggregateByKey. The result of the combination (e.g. a sum) is of the same type as the values, and that the operation when combined from different partitions is also the same as the operation when combining values inside a partition.

combineByKey

combineByKey() is a general function to combine the records for each key using a custom set of aggregation functions. We can specify a combiner. This combiner operates on a given key and merges the values according to some function. It then goes to merge the different outputs of the combiners to give us result. It takes three main parameters:

createCombiner- This is used to create the combiner that will be used later. This is called for the first time when a key is found for a partition.

mergeValue- This is called when the key already has an accumulator (i.e. combiner).

mergeCombiners- This is called when more than one partition has an accumulator for the same key. It is used to merge accumulators of a single key across different partitions to generate final expected result.

Compute the average by key:

val sample = sc.parallelize(Array((“A”, 10),(“B”, 20),(“C”, 30),(“A”, 40)))

val combined_RDD= sample.combineByKey(

value => (value, 1),

(accumulator: (Int, Int), value) => (accumulator._1 + value, accumulator._2+1),

(accumulator1: (Int, Int), accumulator2: (Int, Int)) => ((accumulator1._1 + accumulator2._1), (accumulator1._2 + accumulator2._2))

)

val avg_RDD = combined_RDD.map{case (key, value) => (key, value._1/value._2)}

The internal implementation of transformations- groupByKey, reduceByKey and aggregateByKey uses combineByKey.

countByKey

An action. Count the number of records for each key, collecting the results to a local Map. This should only be used if the resulting map is expected to be small, as the whole thing is loaded into the driver’s memory.

def countByKey(): Map[K, Long] = self.withScope {

  self.mapValues(_ => 1L).reduceByKey(_ + _).collect().toMap

}

Data Serialization

Serialization plays an important role in the performance of any distributed application. Formats that are slow to serialize objects into, or consume a large number of bytes, will greatly slow down the computation.

Spark provides two serialization libraries:

Java serialization

By default, Spark serializes objects using Java’s ObjectOutputStream framework, and can work with any class we create that implements java.io.Serializable. Java serialization is flexible but often quite slow, and leads to large serialized formats for many classes.

Kryo serialization

Spark can also use the Kryo library to serialize objects more quickly. Kryo is significantly faster and more compact than Java serialization (often as much as 10x), but does not support all Serializable types and requires us to register the classes we use in the program in advance for best performance.

val conf = new SparkConf().setMaster(…).setAppName(…)

conf.set(“spark.serializer”, “org.apache.spark.serializer.KryoSerializer”)

conf.registerKryoClasses(Array(classOf[MyClass1], classOf[MyClass2]))

Data Skew

Usually, data skew is caused by the uneven distribution of the underlying data. Data skew are more apparent in situations where data needs to be shuffled in an operation such as a Join or an Aggregation. For Join and Aggregation, Spark needs to co-locate records of a single key in a single partition. Records of a key will always be in a single partition. Similarly, other key records will be distributed in other partitions. If a single partition becomes very large it will cause data skew.

There is a bunch of available solutions for handling data skew, such as Key Salting, which is to add randomization to the data to allow it to be distributed more evenly.

Aggregation

When performing aggregation operators such as reduceByKey on RDD or using group by in Spark SQL, we can use salting to solve data skew problem.

The implementation is two-stage aggregation. In stage 1, convert the original keys into salted keys by assigning a random number to each key, such as a random number within 10. Then, perform the aggregation operation such as reduceByKey on the data. In stage 2, based on the result of the first stage, get back original keys from the salted keys, and perform the aggregation operation again to get the final result.

Sample code:

def main(args: Array[String]): Unit = {

  val conf = new SparkConf().setAppName(“WordCount”).setMaster(“local[2]”)

  val sc = new SparkContext(conf)

  val array = Array(

    “paul paul paul”,

    “paul paul paul”,

    “paul paul paul”,

    “paul paul paul”,

    “paul paul paul”,

    “paul paul paul”,

    “paul paul paul”,

    “mike jackson”)

  val rdd = sc.parallelize(array, 8)

  rdd.flatMap(line => line.split(” “))

    .map(word => {

      val prefix = (new util.Random).nextInt(3)

      (prefix + “_” + word, 1)

    }).reduceByKey(_ + _)

    .map(salted_word_num => {

      val word = salted_word_num._1.split(“_“)(1)

      val count = salted_word_num._2

      (word, count)

    }).reduceByKey(_ + _)

    .foreach(word_num => {

      println(word_num._1 + “:” + word_num._2)

    })

  sc.stop()

}

Join

When two large datasets are joined, the joining columns are highly skewed in one dataset and the joining columns in the other dataset are evenly distributed.

We can use Salting to the entire skewed dataset with random value within n and replicate each record n times in the other dataset to match the random joining columns. Finally, join the two processed datasets to get results.

In this case, we can consider using Salting to a subset of the skewed dataset. We can divide the skewed dataset into two parts. The first part contains all the skewed data and the second part contains all other data. For another dataset, divide it into two parts according to the same rules. In the first part of skewed dataset, prefix each joining column with a random value within n , and then replicate each record n times in the first part of unskewed dataset. Then Join the two parts containing the skewed data to get one result, and join the other two parts containing the unskewed data to get another result. Finally union two results.

Note that after we split the two datasets, we can also consider the broadcast join.

Datasets can be classified as unbounded or bounded. Unbounded data is a type of ever-growing, essentially infinite dataset. Bounded data is finite and has a beginning and an end. We can think of bounded data as a dataset of known size.

Stream processing makes it possible for us to process potentially unbounded data with a limited amount of computing resources. Usually, unbounded data is equated to stream processing, while bounded data to batch processing. In the field of stream processing, data is processed as it is flowing through the processing system in the form of a flow. We call this flow a stream of data or a stream of events. Here, an event is anything that happens at a clearly defined time and that can be specifically recorded. For the purpose of processing, an event object is used to represent or record an event. Typically, event objects usually include data about the type of event, when the event occurred, etc. A stream is a constant and continuous flow of event objects. A stream of events is a sequence of events ordered by time.

Stream processing means processing event by event. Stream processing is a pipeline and data flows through the pipeline as individual events. Because there is no waiting for more input after an event arrives, there is no artificially added latency. This is important for real-time use cases, where information should be processed and results available with minimum latency. However, stream processing is not limited to real-time use cases. Historical data can also be processed as stream. For example, reading data that is stored in a file line by line and processing each line as soon as it is read.

In stream processing, we generally speak about two main notions of time- Event time and Processing Time. Event time is the time that an event actually occurred. The time information is provided by the clock of the machine producing the event. Processing time is the time that the event is observed by the processing system. The time information is provided by the clock of the machine that is processing the event. Ideally, event time and processing time would always be equal. That is, the event is processed immediately as it occurs. But in real-world, event time and processing time always have a time-varying lag. The order of events based on event time is often not the same as the order based on processing time. That is, events arrive at the processing system out of order.

There are two main paradigms of stream processing: one-at-a-time and micro-batched. One-at-a-time processing processes incoming data immediately as it hits the processing system, one event after the other. Systems that function mostly according to this paradigm include Storm and Flink. Note that this does not necessarily mean that those systems are incapable of micro-batching, but rather characterizes their most native mode of operation. On the other hand, Micro-batched processing creates short batches which are then processed from incoming data. Examples are Storm Trident and Spark Streaming.

Spark provides us with two ways of working with streaming data- Spark Streaming and Structured Streaming. Spark Streaming was the first stream processing framework built on top of Spark Core and introduced in the Spark 0.7.0 release in February of 2013. Structured Streaming is built on top of the Spark SQL. It extends the Structured APIs with streaming capabilities. Structured Streaming was introduced as an experimental API with Spark 2.0 in July of 2016.
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Spark Streaming is an extension of the core Spark API that enables scalable, high-throughput, fault-tolerant stream processing of live data streams. Data can be ingested from many sources like Kafka, Kinesis, or TCP sockets, and can be processed using complex algorithms expressed with high-level functions like map, reduce, join and window. Finally, processed data can be pushed out to filesystems, databases, and live dashboards. Also, we can apply Spark’s machine learning and graph processing algorithms on data streams.

Spark Streaming applies Spark’s distributed computing capabilities to stream processing by transforming a continuous stream of data into discrete data collections on which Spark could operate. Internally, Spark Streaming receives live input data streams and divides the data into batches, which are then processed by the Spark Core to generate the final stream of results in batches.
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As we can see in the figure above, the main task of Spark Streaming is to take data from the stream, package it down into small batches, and provide them to Spark Core for further processing.

DStream

Spark Streaming provides a high-level abstraction called Discretized Stream or DStream, which represents a continuous stream of data in terms of discrete batches. A batch is internally represented as an RDD. So, a DStream is a continuous sequence of RDDs. Each RDD in a DStream contains data from a certain interval.
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A DStream internally is characterized by a few basic properties:

def dependencies: List[DStream[_]]

A list of other DStreams that the DStream depends on

def slideDuration: Duration

A time interval at which the DStream generates an RDD

def compute(validTime: Time): Option[RDD[T]]

A function that is used to generate an RDD after each time interval

DStream can be created either from input data stream from sources such as Kafka, and Kinesis, or by applying high-level operations on other DStream.
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DStream supports two types of operations- transformation and output.

Transformation

Transformation modifies data in one DStream to create another new DStream. Most of the transformations have the same syntax as the one applied to RDDs. There are two types of transformation in DStream:

The processing of each batch has no dependency on the data of previous batches.

It uses data or intermediate results from previous batches and computes the result of the current batch. Stateful transformations are operations on DStream that track data across time. It makes use of some data from previous batches to generate results for a new batch. Examples include sliding windows, tracking state across time. If we have a use case to track data across batches, then we need stateful transformation.

Output

Output operations allow DStream data to be pushed out to external systems like a database or a file system. They trigger the actual execution of all the DStream transformations. Each streaming application has to define an output operation. Currently, the following output operations are defined:

DStreamGraph

While Spark Core has a DAG of RDDs representing the workflow of computation, Spark Streaming also has its own DAG of DStreams which is called DStreamGraph.

DStreamGraph maintains the collections of InputDStream instances as inputStreams and output DStream instances as outputStreams .

DStream corresponding to incoming stream of data is called input DStream. Input DStreams are the way to ingest data from external data sources. They represent the stream of input data received from streaming sources. They are all inherited from InputDStream abstract class, which provides two abstract methods start() and stop() to start and stop receiving data respectively. When an InputDStream instance is initialized, it registers itself as an input DStream to DStreamGraph through DStreamGraph#addInputStream(InputDStream) . Input DStreams that can generate RDDs from new data by running a service only on the driver node (that is, without running a receiver on worker nodes), can be implemented by directly inheriting InputDStream. For example, FileInputDStream, which monitors a HDFS directory from the driver for new files and generates RDDs with the new files. For implementing input DStreams that requires running a receiver on the worker nodes, use ReceiverInputDStream as the parent class. ReceiverInputDStream is an abstract class for defining any InputDStream that has to start a receiver on worker nodes to receive external data. Any specific implementations of ReceiverInputDStream must define getReceiver() method that gets the receiver object of type Receiver. The receiver object will be sent to the worker nodes to receive data.

For the output operations, such as print() , an instance of ForEachDStream will be created internally and the DStream#register() will be called to add the ForEachDStream instance itself as an output DStream to DStreamGraph. The DStream#register() method internally calls DStreamGraph#addOutputStream(DStream) . So, these output operations will not return anything and only create and register a ForEachDStream as the end of the dependency chain. ForEachDStream is an internal DStream used to represent output operations. Only when an output operator is called, will ForEachDStream be created and registered into outputStreams of DStreamGraph.

The following figure shows a Spark Streaming word count program and its corresponding DStreamGraph.
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JobScheduler

StreamingContext is the entry point for all Spark Streaming functionality. Whatever we do in Spark Streaming has to start from creating an instance of StreamingContext. When initialized, StreamingContext creates a DStreamGraph object, and a JobScheduler object. JobScheduler starts when the StreamingContext#start() runs. JobScheduler generates streaming jobs, schedules and tracks jobs execution on Spark Core.

The JobScheduler uses JobGenerator to generate the jobs and JobGenerator generates jobs based on DStreamGraph every batch interval. This time interval is specified by the developer when creating StreamingContext. Then JobGenerator submits jobs as JobSet for execution via JobScheduler#submitJobSet . The JobSet is first added to the internal jobSets registry of JobScheduler. JobScheduler then goes over every streaming job in this JobSet. Each job is wrapped into a JobHandler and then scheduled for execution in the jobExecutor thread pool. JobHandler implements the Runnable interface, which can be run in the thread pool. In JobHandler#run() , the streaming job starts to run via job.run() inside which the RDD action operation provided in the Output operations of DStream is triggered. The action operation will call the SparkContext#runJob() to submit and run an action job. And then the Spark job starts to execute.

jobExecutor is a daemon thread pool and is created while JobScheduler is instantiated. Its number of threads is controlled by property spark.streaming.concurrentJobs (default: 1). A thread can only run one job at a time. So, this property controls how many streaming jobs can be run simultaneously.

The following figure shows the overall picture of the above process.

Note that the streaming job mentioned here is not the concept of job in Spark Core. It is actually a DAG of RDDs and may contain multiple Spark jobs. Each ForEachDStream (i.e., output operation) corresponds to a streaming job. So, for a Spark Streaming application, it typically consists of more than one streaming job.
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The job generation logic varies with the Spark Streaming application logic. The following figure shows the generation process for the word count program.
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Receiver-Based Approach

Receiver

Each input DStream of type ReceiverInputDStream is associated with a serializable Receiver object, which will be sent to worker nodes to receive external data after being serialized by the Driver.

We can implement a custom receiver and use it in a Spark Streaming application. A custom receiver can be defined by defining the functions onStart() and onStop() . onStart() should define the setup steps necessary to start receiving data. It is called when the receiver is started. It must initialize all resources (threads, buffers, etc.) necessary for receiving data. As this method must be non-blocking, so receiving the data must occur on a different thread. onStop() should define the cleanup steps necessary to stop receiving data. It is called when the receiver is stopped. All resources (threads, buffers, etc.) set up in onStart() must be cleaned up in this method.

Once the data is received, that data can be stored by calling store(data) . There are a number of flavors of store() which allow one to store the received data record-at-a-time or as whole collection of serialized bytes. Note that the flavor of store() used to implement a receiver affects its reliability and fault-tolerance semantics. There are two kinds of receivers,

Reliable Receiver- For reliable sources (e.g., Kafka, Flume) that allow sent data to be acknowledged, a reliable receiver correctly acknowledges to the source that the data has been received and stored in Spark reliably. Usually, implementing this receiver involves careful consideration of the semantics of source acknowledgements.

Unreliable Receiver- An unreliable receiver does not send acknowledgement to a source. This can be used for sources that do not support acknowledgement (e.g., socket), or even for reliable sources when one does not want or need to go into the complexity of acknowledgement.

Do not run Spark Streaming programs locally with master configured as “local” or “local[1]”. This allocates only one executor with one core for tasks and if a receiver is running on it, there is no resource left to process the received data. Use at least “local[2]” to have more cores to prevent any sort of starvation issues.

ReceiverTracker

ReceiverTracker manages the execution of the receivers of ReceiverInputDStreams.

When JobScheduler starts, ReceiverTracker starts and then calls launchReceivers() to distribute receivers to the worker nodes as a parallel collection and run them. This method first collects receivers from all registered ReceiverInputDStreams and posts them as StartAllReceivers message to the RPC endpoint- ReceiverTrackerEndpoint. After receiving this message, RPC endpoint schedules all these receivers at the same time through a scheduling strategy- ReceiverSchedulingPolicy which tries to schedule receivers with evenly distributed and makes sure to assign at least one location for each receiver. ReceiverSchedulingPolicy tries best to schedule receivers among all worker nodes with evenly distributed. However, if the preferred locations of receivers are not even, it may not be able to schedule them evenly to respect their preferences.

Then ReceiverTrackerEndpoint starts receivers one by one according to the scheduled locations of each receiver via startReceiver() , which distributes the receiver to form the RDD named receiverRDD of type ParallelCollectionRDD with the scheduled locations. Note that the receiverRDD , representing data partitioned according to location preferences, only has one partition. Also, it defines an internal function startReceiverFunc , which starts the receiver on the worker node and runs on each partition of the receiverRDD . In this function, a ReceiverSupervisor is created and started. A ReceiverSupervisor is responsible for supervising a receiver. Receiver’s store() methods will pass calls to push() methods of ReceiverSupervisor for data storage. When created, a ReceiverSupervisor attaches itself to the receiver. When started, it calls its own internal startReceiver() to start the receiver. Finally, inside startReceiver() submits the job using SparkContext#submitJob with the receiverRDD and the function startReceiverFunc .

Each receiver triggers a Spark job.

BlockGenerator

When started, ReceiverSupervisor calls BlockGenerator#start() . BlockGenerator starts two threads, one to periodically encapsulate received data into Blocks, the other to store these blocks and report info of these blocks to the Driver.

The blockIntervalTimer runs updateCurrentBuffer(time) method periodically to generate and put the newly created block into the queue blocksForPushing . The default time interval is 200ms, which can be configured through the property spark.streaming.blockInterval .

The blockPushingThread keeps polling blocks from the queue blocksForPushing every 10ms, and calls the pushBlock(Block) method. Finally, the method ReceiverSupervisorImpl# pushAndReportBlock is called to store block and report it to the Driver.

ReceivedBlockHandler

ReceivedBlockHandler handles the storage of blocks received by receivers. There are two implementations of ReceivedBlockHandler.

BlockManagerBasedBlockHandler stores received blocks into Spark’s BlockManager with the specified StorageLevel.

WriteAheadLogBasedBlockHandler stores received blocks into Spark’s BlockManager as well as a Write Ahead Log. It does this in parallel, using Scala Futures, and returns only after the block has been stored in both places. WriteAheadLogBasedBlockHandler is used when spark.streaming.receiver.writeAheadLog.enable is true (false by default ). Also, we need to set the checkpoint directory through streamingContext.checkpoint() .

The storage level to use for storing the received blocks by BlockManager can be specified by developer when creating an input DStream. For example,

def socketTextStream(hostname: String, port: Int,

    storageLevel: StorageLevel = StorageLevel.MEMORY_AND_DISK_SER_2

  ): ReceiverInputDStream[String] = withNamedScope(“socket text stream”) {

  socketStreamString

}

Note that for WriteAheadLogBasedBlockHandler, when Write Ahead Log is enabled, storage level replication will be changed to 1 if the user defined or pre-defined replication of storage level is greater than 1. Also, it doesn’t support deserialized storage. The storage level deserialized will be changed to false if not.
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Degree of Parallelism

When generating RDD with blocks received by the receiver, the blocks generated during the batch interval are partitions of the generated BlockRDD. Each of these batches has N = (batch interval) / (block interval) number of blocks. For example, if batch interval is 1s and block interval is 200ms, then the RDD will have 5 partitions. As each partition is handled by a task, the number of blocks in a batch represents the degree of parallelism. By tuning the batch interval or block interval, we can control the number of tasks created.
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Direct Approach

Spark Streaming is a generic stream processing framework. The Receiver-Based Approach provides a general, source-agnostic contract that enables the integration of any streaming source. But some streaming sources allow for a Direct Approach without the need of receiver. The most popular sources implemented using the Direct Approach are Kafka and Kinesis. Here let’s use Kafka as an example to illustrate. For ingesting data from Kafka, there are two approaches- Receiver-Based Approach and Direct Approach without receiver. We have to add the corresponding artifact spark-streaming-kafka to the project dependencies. Two different maven artifacts are available now- spark-streaming-kafka-0-8 and spark-streaming-kafka-0-10 . For Spark 2.3, the following could be used:

groupId = org.apache.spark

artifactId = spark-streaming-kafka-0-10_2.11

version = 2.3.2

Note that in the spark-streaming-kafka-0-10 artifact, only Direct Approach supported, and the Receiver-Based Approach is no longer supported. Through the Direct Approach, it is no longer necessary to store Kafka data in executor memory or add an additional Write Ahead Log. We can just ask the data directly from Kafka.

KafkaUtils

KafkaUtils is the scala object with the methods to create DirectKafkaInputDStream, which inherits from InputDStream.

We can use createDirectStream method to create a DirectKafkaInputDStream based on a StreamingContext, LocationStrategy, and ConsumerStrategy.
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LocationStrategy

The strategy to use to specify a preferred location for each partition of KafkaRDD where each partition can be computed. Since each KafkaRDDPartition corresponds to a Kafka consumer, here we can think of it as being used to schedule the Kafka consumers. The available options are as follows. The preferred option is PreferConsistent. The other two options are to be used in very specific cases.

Attempts to schedule the partition on the host where the leader of the corresponding Kafka partition is located. This works only in the unlikely scenario that executors are on the same hosts as Kafka brokers.

It distributes partitions evenly across all available executors. It attempts to preserve the consumer-executor mapping for a given partition. This is important for performance reasons to keep cached consumers on executors (rather than recreating them for each batch interval) because in spark-streaming-kafka-0-10 , the Kafka consumer for each single partition, CachedKafkaConsumer, will pre-fetch messages into buffers.

Use this to place the partition on particular host. Any partition not specified in the map parameter will use a consistent location.

Note that the location strategy is just a hint. The actual consumer for a partition can be placed somewhere else, depending on the availability of resources.

ConsumerStrategy

How to create and configure underlying Kafka consumers on driver and executors. There are three different strategies available. The most common strategy is Subscribe.

Subscribe to a collection of topics.

Subscribe to all topics matching specified pattern to get dynamically assigned partitions.

Assign a fixed collection of TopicPartitions.

ConsumerStrategy is an abstract class with two methods- executorKafkaParams and onStart . executorKafkaParams returns Kafka consumer configs to be used to create a Kafka consumer on Driver. The same params will be used on executors to create Kafka consumers with minor automatic modifications applied. onStart is used to create a Kafka consumer on Driver. Note that this consumer is used on the driver to query for offsets only.

DirectKafkaInputDStream

A DirectKafkaInputDStream is a continuous sequence of KafkaRDDs.

Its start() method creates a Kafka consumer. If currentOffsets is empty, it builds the map with partitions and their offsets. Here the offset is the offset of the next record that will be fetched which retrieved through KafkaConsumer#position .

compute() generates a KafkaRDD every batch interval. When compute() is called, it calls latestOffsets() and clamp() to get the untilOffsets , which represents partitions and their max ending offsets. latestOffsets() uses the Kafka consumer on Driver to get the latest partitions (including new partitions that have been added recently) and their latest available offsets through KafkaConsumer#position . It also makes sure new partitions are reflected in currentOffsets . clamp() limits the maximum number of messages per partition. It considers the maximum rate (number of records per second) at which data will be read from each Kafka partition which controlled by the property spark.streaming.kafka.maxRatePerPartition , and if the property spark.streaming.backpressure.enabled is true, it also considers the back pressure mechanism. The untilOffsets are then mapped to offsetRanges with a topic, a partition, inclusive starting offset and exclusive ending offset for the partition. Then a KafkaRDD is created with current SparkContext, executorKafkaParams , offsetRanges , getPreferredHosts , and useConsumerCache . commitAll() walks through offset ranges in commitQueue and calculates the offset for each partition. It then creates a collection of Kafka’s TopicPartition and OffsetAndMetadata pairs and calls Consumer#commitAsync() . The prerequisite for committing offsets here is DirectKafkaInputDStream#commitAsync() is called in our code logic, otherwise nothing will be done here. Finally, compute() returns the newly created KafkaRDD.
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KafkaRDD

KafkaRDD is an RDD of Kafka’s ConsumerRecord[K, V] and uses KafkaRDDPartition as the partitions. Its partitions number is equal to the number of partitions of all subscribed topics. For each KafkaRDDPartition, a KafkaRDDIterator is created and returned. A KafkaRDDIterator creates a Kafka consumer for each partition and fetches records directly from Kafka based on the offsets for each partition. It uses a cached consumer where possible to take advantage of prefetching when spark.streaming.kafka.consumer.cache.enabled is true.

OffsetRange represents a range of offset for a Kafka TopicPartition. It holds a topic, partition number, fromOffset (inclusive) and untilOffset (exclusive). The collection of OffsetRange defines the Kafka data belonging to each KafkaRDD generated by DirectKafkaInputDStream. KafkaRDD is a HasOffsetRanges object which represents an object that has a collection of OffsetRange. So, through HasOffsetRanges#offsetRanges we can access the offset ranges in each KafkaRDD.

stream.foreachRDD(rdd => {

  val offsetRanges = rdd.asInstanceOf[HasOffsetRanges].offsetRanges

  stream.asInstanceOf[CanCommitOffsets].commitAsync(offsetRanges)

})

Note that the above function which passed into the output operator foreachRDD runs on Driver. An RDD action inside this function triggers one Spark job.

Checkpointing

A streaming application must operate 24/7 and hence must be resilient to failures unrelated to the application logic (e.g., system failures, JVM crashes, etc.). For this to be possible, Spark Streaming needs to checkpoint enough information to a fault-tolerant storage system such that it can recover from failures.

There are two types of data that are checkpointed- metadata checkpoint and data checkpoint.

Metadata checkpointing

It refers to save the metadata to fault-tolerant storage like HDFS. This is used to recover from failure of the node running the driver of the streaming application. Metadata includes:

The configuration that was used to create the streaming application.

The set of DStream operations that define the streaming application.

Batches whose jobs are queued but have not completed yet.

Data checkpointing

It refers to save the generated RDDs to reliable storage. This is necessary in some stateful transformations that combine data across multiple batches. In such transformations (for example, mapWithState , updateStateByKey ), the generated RDDs depend on RDDs of previous batches, which causes the length of the dependency chain to keep increasing with time. To avoid such unbounded increases in recovery time, intermediate RDDs of stateful transformations are periodically checkpointed to reliable storage (e.g., HDFS) to cut off the dependency chains. Note that not all stateful transformations require checkpointing.

Checkpointing can be enabled by setting a directory in a fault-tolerant, reliable file system (e.g., HDFS, S3, etc.) to which the checkpoint information will be saved. This is done by using streamingContext.checkpoint(checkpointDirectory) .

// Function to create and setup a new StreamingContext

def functionToCreateContext(): StreamingContext = {

  val ssc = new StreamingContext(…) // new context

  val lines = ssc.socketTextStream(…) // create DStreams

  …

  ssc.checkpoint(checkpointDirectory) // set checkpoint directory

  ssc

}

// Get StreamingContext from checkpoint data or create a new one

val context = StreamingContext.getOrCreate(checkpointDirectory, functionToCreateContext _)

// Do additional setup on context that needs to be done,

// irrespective of whether it is being started or restarted

context. …

// Start the context

context.start()

context.awaitTermination()

If the checkpointDirectory exists, then the context will be recreated from the checkpoint data. If the directory does not exist (i.e., running for the first time), then the function functionToCreateContext will be called to create a new context and set up the DStreams. Note that our application can be restarted on a separate cluster and still work, but we cannot recover from a checkpoint if our application code has changed.

The checkpoint directory structure looks like the following:
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All checkpoints are named according to checkpoint-checkpointTime.milliseconds pattern. Files with .bk extension are checkpoint backup files. Obsolete checkpoints are cleared automatically when new checkpoints are saved.

These checkpoints are driven by JobGenerator where checkpointing is triggered by 2 events: Job generation and Batch completion. Every time when one of them occurs, a new DoCheckpoint event is sent to EventLoop and then processed by doCheckpoint() .

/** Perform checkpoint for the given time. */

private def doCheckpoint(time: Time, clearCheckpointDataLater: Boolean) {

  if (shouldCheckpoint && (time - graph.zeroTime).isMultipleOf(ssc.checkpointDuration)) {

    logInfo(“Checkpointing graph for time” + time)

    ssc.graph.updateCheckpointData(time)

    checkpointWriter.write(new Checkpoint(ssc, time), clearCheckpointDataLater)

  } else if (clearCheckpointDataLater) {

    markBatchFullyProcessed(time)

  }

}

If the following 2 conditions are met, checkpoint is written by a CheckpointWriter instance.

ReceivedBlockTracker keeps track of all the received blocks, and can allocate unallocated blocks to batches when required. All actions taken by this class can be saved to a write ahead log if a checkpoint directory has been provided, so that the state of the tracker (received blocks and block-to-batch allocations) can be recovered after driver failure. The logs are saved in the directory receivedBlockMetadata located inside checkpoint directory. Files are prefixed by log- . Similar to checkpoints, old logs are cleaned automatically.

In the above figure, under the directory named 9b1b0dfc-4f7d-4fc4-b9b2-70143ce280f5 , there store intermediate RDDs for some transformations (like updateStateByKey ) which requires data checkpointing. Otherwise, there is only such an empty directory under the checkpoint directory. The RDD checkpointing is called after a job using this RDD has completed (therefore the RDD has been materialized and potentially stored in memory).

Checkpointing of RDDs incurs the cost of saving to reliable storage. This may cause an increase in the processing time of those batches where RDDs get checkpointed. Hence, the interval of checkpointing needs to be set carefully. At small batch sizes (say 1 second), checkpointing every batch may significantly reduce operation throughput. Conversely, checkpointing too infrequently causes the lineage and task sizes to grow, which may have detrimental effects. For stateful transformations that require RDD checkpointing, the default interval is a multiple of the batch interval that is at least 10 seconds. The following code snippet from DStream.scala shows this logic.

private[streaming] def initialize(time: Time) {

…

// Set the checkpoint interval to be slideDuration or 10 seconds, which ever is larger

if (mustCheckpoint && checkpointDuration == null) {

    checkpointDuration = slideDuration * math.ceil(Seconds(10) / slideDuration).toInt

    logInfo(s”Checkpoint interval automatically set to $checkpointDuration”)

}

  …

}

Typically, a checkpoint interval of 5 - 10 sliding intervals of a DStream is a good setting to try. It can be set by using dstream.checkpoint(checkpointInterval) . Note that we cannot set the checkpoint duration directly on the StreamingContext. All we can do with it is pass the checkpoint directory.

def checkpoint(directory: String)

Transformations

Similar to that of RDDs, transformations allow the data from the input DStream to be modified. In addition to supporting many of the transformations available on normal Spark RDDs, DStreams also have some special transformations.

transform

The transform operation returns a new TransformedDStream by applying an RDD-to-RDD function to every RDD of the source DStream. This operation (along with its variations like transformWith) allows arbitrary RDD-to-RDD functions to be applied on a DStream. It can be used to apply any RDD operation that is not exposed in the DStream API. For example, the functionality of joining every batch in a data stream with another dataset is not directly exposed in the DStream API. However, we can easily use transform to do this. This enables very powerful possibilities. For example, one can do real-time data cleaning by joining the input data stream with precomputed spam information (maybe generated with Spark as well) and then filtering based on it.

Stateful Transformation

The two main types are window operations, which allow us to apply transformations over a sliding window of data, and updateStateByKey, which is used to track state across batches.

updateStateByKey

The updateStateByKey operation returns a new StateDStream. It allows for maintaining per-key state and updating the state for each key using the given state update function, which is called for each key, and uses new values of the key from an input stream and previous existing state of the key, to generate an updated state. Here the state can be an arbitrary data type. In each batch, Spark will not only apply the state update function for new keys, but also apply the same state update function for all existing keys, regardless of whether they have new data in the batch or not. If None is returned after the state is updated by the state update function, the state corresponding to the key is deleted at this time. The state update function is as follows,

updateFunc: (Seq[V], Option[S]) => Option[S]

Seq[V] - It is a list of new values, received in the current batch for the given key.

Option[S] - It is a state which we are updating on every iteration.

We can use Partitioner to control the partitioning of each RDD in the new StateDStream. When not specified explicitly, the partitioner used is HashPartitioner, and with the number of partitions being the default level of parallelism of TaskScheduler. We may however specify the number of partitions explicitly for HashPartitioner.

Note that updateStateByKey requires the checkpoint directory to be configured.

mapWithState

Starting from Spark 1.6.0, mapWithState, as an experimental API, is introduced. It includes some new features, which are missing from updateStateByKey. It can be seen as an upgraded version of updateStateByKey.

The mapWithState returns a MapWithStateDStream. It takes an instance of StateSpec as its input parameter and the factory method StateSpec.function() is used to create the StateSpec instance. As the StateSpec.function() takes a mapping function as a parameter, we will have to define a mapping function.

mappingFunction: (Time, KeyType, Option[ValueType], State[StateType]) => Option[MappedType]

Time - Current batch time

KeyType - Class of the keys

ValueType - Class of the values

StateType - Class of the states data

MappedType - Class of the mapped data

StateSpec represents all the specifications of the mapWithState transformation. Besides the mapping function, other specification (e.g., partitioners, timeouts, initial state, etc.) can be specified using StateSpec class.

sealed abstract class StateSpec[KeyType, ValueType, StateType, MappedType] extends Serializable

{

  /**

  * Set the RDD containing the initial states that will be used by mapWithState

  */

  def initialState(rdd: RDD[(KeyType, StateType)]): this.type

  /**

  * Set the RDD containing the initial states that will be used by mapWithState

  */

  def initialState(javaPairRDD: JavaPairRDD[KeyType, StateType]): this.type

  /**

  * Set the number of partitions by which the state RDDs generated by mapWithState

  * will be partitioned. Hash partitioning will be used.

  */

  def numPartitions(numPartitions: Int): this.type

  /**

  * Set the partitioner by which the state RDDs generated by mapWithState will be partitioned.

  */

  def partitioner(partitioner: Partitioner): this.type

  /**

  * Set the duration after which the state of an idle key will be removed. A key and its state is

  * considered idle if it has not received any data for at least the given idle duration. The

  * mapping function will be called one final time on the idle states that are going to be

  * removed; [[org.apache.spark.streaming.State State.isTimingOut()]] set

  * to true in that call.

  */

  def timeout(idleDuration: Duration): this.type

}

Both updateStateByKey and mapWithState require checkpoints enabled. updateStateByKey is executed on the whole range of keys in DStream. As result performance of these operation is proportional to the size of the state. While mapWithState is executed only on set of keys that are available in the current batch. As result performance is proportional to the size of the batch.

Window Operations

Window operations allow us to apply transformations over a sliding window of data, i.e., we can build a stateful computation across multiple batches.
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Every time the window slides over a source DStream, the source RDDs that fall within the window are combined and operated upon to produce the RDDs of the windowed DStream. As shown in the figure, the operation is applied over the last 3 time units of data, and slides by 2 time units. Any window operation needs to specify two parameters- window duration and sliding duration.

These two parameters must be multiples of the batch interval of the source DStream (1 in the figure). The sliding duration represents how frequently the new windowed DStream generates RDDs. If not specified, the sliding duration is the same as the batch interval of the source DStream (i.e., the batch interval specified in streaming context). According to the different setting of these two parameters, there are three situations. It may be an ideal situation when sliding duration and window duration are the same. When window duration is longer than sliding duration, there are duplicate calculations. When window duration is shorter than sliding duration, not all generated RDDs are consumed.

Spark Streaming is not designed as a long-term data store. It is not a reasonable use case of Spark Streaming to have a very large window duration.

Spark provides some operations to construct windowed DStream, each of which accepts window duration and sliding duration as parameters.

window()

Return a new DStream in which each RDD contains all the elements in seen in a sliding window over this DStream.

reduceByWindow()

Return a new DStream in which each RDD has a single element generated by reducing all elements in a sliding window over this DStream.

countByWindow()

Return a new DStream in which each RDD has a single element generated by counting the number of elements in a sliding window over this DStream.

countByValueAndWindow()

Return a new DStream in which each RDD contains the count of distinct elements in RDDs in a sliding window over this DStream.

In addition, there are operations available only on DStreams of key-value pairs. These operations are automatically available on any DStream of pairs through implicit conversions.

groupByKeyAndWindow()

Return a new DStream by applying groupByKey over a sliding window. This is similar to DStream.groupByKey() but applies it over a sliding window.

reduceByKeyAndWindow()

Return a new DStream by applying reduceByKey over a sliding window. This is Similar to DStream.reduceByKey() but applies it over a sliding window.

Fault Tolerance

Fault tolerance in Spark is the capability to operate and recover data loss after a failure occurs.

Spark Core

Spark and its RDD abstraction are designed to seamlessly handle failures of any worker nodes. Spark operates on data in fault-tolerant file systems like HDFS. An RDD, which is an immutable, deterministically re-computable distributed dataset, remembers the lineage of deterministic operations that were used on a fault-tolerant input dataset to create it. If any partition of an RDD is lost due to a worker node failure, then that partition can be re-computed from the original fault-tolerant dataset using the lineage of operations. As long as all of the RDD transformations are deterministic, the data in the final transformed RDD will always be the same irrespective of failures in the Spark cluster. If an executor fails, it is restarted by Spark automatically, so there’s no configuration change needed. However, if a driver fails, then all of its associated executors fail. The Spark application needs to be restarted. To automatically restart a driver from failure, the deployment infrastructure that is used to run the Spark application must monitor the driver process and relaunch the driver if it fails. For Yarn cluster mode, there are two properties that need to be configured to make automatic restart of the driver.

yarn.resourcemanager.am.max-attempts

The maximum number of application attempts. It’s a global setting for all application masters. Each application master can specify its individual maximum number of application attempts via the API, but the individual number cannot be more than the global upper bound. If it is, the ResourceManager will override it.

The default number is set to 2, to allow at least one retry for AM.

spark.yarn.maxAppAttempts

The maximum number of attempts that will be made to submit the application. It should be no larger than the global number of max attempts in the Yarn configuration.

The default number is the number of yarn.resourcemanager.am.max-attempts.

Spark Streaming

As Spark Steaming must be operational 24/7, it needs to be able to recover from failures of both driver and worker nodes. Stream processing systems take different approaches to how they handle reprocessing messages after some failure in the system. This is often called fault tolerance semantics of stream processing systems.

Each message will be either processed once or not processed at all.

Each message will be processed one or more times. This ensures that no data will be lost. But there may be duplicates.

Each message will be processed exactly once. No data will be lost and no data will be processed multiple times.

In any stream processing systems, there are three steps in processing the data.

The data is received from sources using receivers or otherwise.

The received data is transformed using DStream and RDD transformations.

The final transformed data is pushed out to external systems like file systems, databases, dashboards, etc.

If our streaming application has to achieve end-to-end exactly-once guarantees, then each step has to provide an exactly-once guarantee. That is, each message must be received exactly once, transformed exactly once, and pushed to downstream systems exactly once. As for Spark Streaming, the semantics of these steps are as follows.

Different input sources provide different guarantees.

Due to the guarantees that RDDs provide, all data that has been received will be processed exactly once. Even if there are failures, as long as the received input data is accessible, there’s no side effects during transformation and the final transformed RDDs will always be the same.

Output operations (like foreachRDD ) by default ensure at least once semantics. The function foreachRDD will execute more than once if there’s worker failure, thus writing same data to external storage multiple times. Exactly-once semantics depends on whether the outputs are idempotent or transactional.

Receiving the data

As Spark Streaming is built on Spark, it enjoys the same fault tolerance for worker nodes. But unlike Spark operating data in fault-tolerant file systems like HDFS, in most cases, in Spark Streaming the data is received over the network. To achieve fault tolerance for all of the generated RDDs, data received through receivers can be replicated among executors in multiple worker nodes in the cluster according to the specified StorageLevel. If the worker node running an executor fails, all in-memory data in the failed node is lost, the driver restarts the executor automatically on a different node where a replica of the received data exists.

Let’s explore the semantics when a worker node fails. The reliable receivers acknowledge reliable sources only after ensuring that the received data has been replicated. If such a reliable receiver fails, the source will not get acknowledgment for the buffered but not replicated data. Therefore, when the receiver is restarted, the source resends the data, and no data is lost due to the worker failures. But there may be duplicate data. As for the unreliable receivers, they do not send acknowledgment and therefore can lose the buffered but not replicated data when they fail due to worker failures.

If a worker node fails, then there is no data loss with reliable receivers. With unreliable receivers, data received but not replicated gets lost.

Moreover, Spark Streaming has to recover from failures of the driver. If a driver fails, obviously the SparkContext is lost, then all of its associated executors are killed along with all data in their memory, and also all in-memory data of the driver is lost. To recover from a driver failure, in addition to these two properties- yarn.resourcemanager.am.max-attempts and spark.yarn.maxAppAttempts , checkpointing described in previous section should also be enabled, which allows Spark Streaming to restart the failed driver from the checkpointed information.

streamingContext.checkpoint(checkpointDirectory)

// Function to create and setup a new StreamingContext

def functionToCreateContext(): StreamingContext = {

  val ssc = new StreamingContext(…) // new context

  val lines = ssc.socketTextStream(…) // create DStreams

  …

  ssc.checkpoint(checkpointDirectory) // set checkpoint directory

  ssc

}

// Get StreamingContext from checkpoint data or create a new one

val context = StreamingContext.getOrCreate(checkpointDirectory, functionToCreateContext _)

// Do additional setup on context that needs to be done,

// irrespective of whether it is being started or restarted

context. …

// Start the context

context.start()

context.awaitTermination()

Let’s explore the semantics when a driver node fails. If the driver node fails, then all of its associated executors fail, and all of the data (buffered or replicated) in executors’ memory will be lost irrespective of reliable receivers or unreliable receivers. To avoid this loss of received data when a driver node fails, Spark 1.2 introduced write ahead logs which save the received data to fault-tolerant storage. When it is enabled, all the received data is also saved to log files in a fault-tolerant file system. The reliable receiver acknowledges receiving data only after the data has been written into log files and BlockManager. With the write ahead logs enabled and reliable receivers, there is zero data loss. All data is either recovered from the log files or resent by the source. But there may be duplicate data. In terms of semantics, it provides an at least once guarantee. For unreliable receivers, there may still be data loss.

Write ahead logs can be enabled by the following:

When a driver node fails, with the write ahead logs enabled and reliable receivers, there is zero data loss. It provides an at-least once guarantee. But for unreliable receivers, data may still be lost.

The following table summarizes the semantics.

From this table we can see, with WAL as well as the reliable receivers, Spark Streaming can guarantee that no input data will be lost due to any failures (driver failures or worker failures).

In addition to the above receiver-based approach, some streaming sources allow for a direct approach without the need of receiver. In Spark 1.3, a new Kafka Direct API was introduced, which can give us exactly-once semantics (rather than using receivers or WAL). Another source example of exactly-once semantics is a fault-tolerant file system like HDFS, where all data is kept forever and at any point, we can re-read the data in its entirety.

Pushing out the data

Multiple attempts always write the same data.

All updates are made transactionally so that updates are made exactly once atomically.

Fault Tolerance Internals of Receiver-based Approach

When a Spark Streaming application starts, that is when the driver starts, the associated StreamingContext, which is the starting point of all streaming functionality, uses the SparkContext to launch receivers as long running tasks. These receivers receive and save the streaming data into Spark’s memory for processing. When WAL enabled, there will be another directory named receivedData under the checkpoint directory.
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The following occurs when receiving data.
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The following occurs when a failed driver restarts.
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Below is the word count code sample.

def main(args: Array[String]): Unit = {

  val conf = new SparkConf().setMaster(“local[2]”).setAppName(“NetWordCount”)

  conf.set(“spark.streaming.receiver.writeAheadLog.enable”, “true”)

  val sc = new SparkContext(conf)

  val ssc = new StreamingContext(sc, Seconds(2))

  //    ssc.sparkContext.setLogLevel(“DEBUG”)

  //    ssc.checkpoint(“hdfs://hadoop:9000/streamingcheckpoint”)

  ssc.checkpoint(“./testcheckpoint7”)

  val dstream: ReceiverInputDStream[String] = ssc.socketTextStream(“localhost”, 9999)

  val wordCountDStream = dstream.flatMap(_.split(“,”))

    .map((_, 1))

    .updateStateByKey((values: Seq[Int], state: Option[Int]) => {

      val currentCount = values.sum

      val lastCount = state.getOrElse(0)

      Some(currentCount + lastCount)

    })

  wordCountDStream.print()

  ssc.start()

  ssc.awaitTermination()

}

As this application reads data from TCP socket (localhost 9999), we should run the NetCat command first.

nc -lk 9999

Kafka Exactly-once Semantics

One common pattern is Spark Streaming applications read data from Kafka. Streaming data continuously from Kafka has many benefits. However, we must consider the management of Kafka offsets in order to recover applications from failures. Kafka semantics in the case of failure depends on how and when offsets are stored. As Spark output operations are at-least-once semantics, to make the equivalent of exactly-once semantics, we must either store offsets after an idempotent output, or store offsets in an atomic transaction alongside output.

There are three options to store the offset.

Checkpointing

Checkpointing will cause the offset ranges to be stored in the checkpoints. If there is a failure, the Spark Streaming application can start reading the messages from the checkpoint offset ranges. It is easy to enable but there are drawbacks. As the transactional output operations are not an option here, we have to use idempotent output operations. Furthermore, if the application code changes, checkpointed data is not reusable. So, it is not recommended for a critical production application.

Kafka itself

There is a configuration enable.auto.commit which is only applicable to the spark-streaming-kafka-0-10 library. Its default value true means that offsets are committed automatically with a frequency controlled by the configuration auto.commit.interval.ms . In Spark Streaming, setting this to true commits the offsets to Kafka automatically when messages are read from Kafka which doesn’t necessarily mean that Spark has finished processing those messages. To enable precise control for committing offsets, we should set this configuration to false . Then we commit offsets to Kafka after we know the output has been stored using the commitAsync API which is part of the spark-streaming-kafka-0-10 library. The benefit as compared to checkpointing is that Kafka is a durable store regardless of changes to our application code. However, Kafka is not transactional, so the outputs must still be idempotent.

Transactional data stores

For data stores that support transactions (such as HBase, MySQL), saving offsets in the same transaction as the results can keep the two in sync, even in failure situations.

Structured Streaming is a stream processing framework built on the Spark SQL engine. It extends the Structured APIs with streaming capabilities. We can use the Structured APIs in Scala, Java, Python or R to express streaming computation the same way we would express a batch computation on static data.

Structured Streaming was introduced as an experimental API with Spark 2.0 in July of 2016. As of Spark 2.2, Structured Streaming has been marked stable and ready for production use. With that the older Spark Streaming is considered obsolete and not used for developing new streaming applications with Apache Spark.

By default, Structured Streaming uses a micro-batch processing engine, which processes data streams as a series of small batch jobs thereby achieving end-to-end latencies as low as 100 milliseconds. It also aims to provide exactly-once fault-tolerance guarantees. Starting from Spark 2.3, a new low-latency processing engine called continuous processing was introduced, which can achieve end-to-end latencies as low as 1 millisecond with at-least-once guarantees.

Programming Model

Source

A source is an abstraction that lets us consume data from a streaming data producer. The SparkSession provides a method readStream that returns the DataStreamReader to specify the details of a streaming source- data format, schema, options, etc.

There are a few built-in sources. Some sources are not fault-tolerant because they do not guarantee that data can be replayed using checkpointed offsets after a failure.

File source

Reads files written in a directory as a stream of data. Files will be processed in the order of file modification time. If latestFirst is set, order will be reversed. Supported file formats are text, CSV, JSON, ORC, Parquet. Note that the files must be atomically placed in the given directory, which in most file systems, can be achieved by file move operations.

Kafka source

Reads data from Kafka. It’s compatible with Kafka broker versions 0.10.0 or higher.

Socket source (for testing)

Reads UTF8 text data from a socket connection. The listening server socket is at the driver. Note that this should be used only for testing as this does not provide end-to-end fault-tolerance guarantees.

Rate source (for testing)

Generates a stream of rows at the rate given by the rowsPerSecond option. Each output row contains a timestamp and value. It’s mainly intended as a testing source.

Input Table

The main idea in Structured Steaming is to treat a stream of data as an unbounded input table that is being continuously appended. Each new record in the stream is like a row appended to the input table.

Result Table

We express our streaming computation as standard batch-like query as on a static table, to generate a final result table that will be written to an output sink. Spark automatically converts this batch-like query to a series of incremental execution plans operating on the unbounded input table. To run the query incrementally, Spark figures out what state needs to be maintained to update the result. Spark reads the new data from the streaming data source, processes it incrementally to update the result, and then discards the source data. It updates internal state located in a state store if needed. Note that it only keeps around the minimal intermediate state data as required to update the result (e.g., intermediate counts in the word count example).

Streaming query can be started using DataStreamWriter.start().awaitTermination() , which is then executing continuously in the background as the new data arrives.
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Sink

Whenever the result table gets updated, we would want to write the result rows to an external sink. We materialize a stream using the DataStreamWriter returned through Dataset.writeStream in which we can specify one or more of the following.

Data format, location, etc. The format method lets us specify the output sink by providing the name of a built-in sink or the fully qualified name of a custom sink. There are a few types of built-in output sinks. Some sinks are not fault-tolerant because they do not guarantee persistence of the output and are meant for debugging purposes only.

File sink

Stores the output to a directory. The format names supported are csv, hive, json, orc, parquet, avro, or text.

Kafka sink

Stores the output to one or more topics in Kafka.

foreach sink

Runs arbitrary computation on the records in the output.

foreachBatch sink

While foreach allows arbitrary operations and custom logic on every row, foreachBatch allows arbitrary operations and custom logic on the output of each micro-batch.

Console sink (for debugging)

Prints the output to the console/stdout every time there is a trigger. This should be used for debugging purposes on low data volumes as the entire output is collected and stored in the driver’s memory after every trigger.

Memory sink (for debugging)

The output is stored in memory as an in-memory table using the provided query name as table name. This should be used for debugging purposes on low data volumes as the entire output is collected and stored in the driver’s memory.

The table below lists the details of all these sinks.

Note that by default  foreachBatch  provides only at-least-once write guarantees. However, we can get an exactly-once guarantee by our implementation.

Specify what gets written to the output sink. The supported modes are Append, Update, and Complete. Different types of streaming queries support different output modes.

Append

This is the default mode. Adds only final rows to the sink. A row is considered final when no new rows of the incoming stream can modify its value. This is always the case with linear transformations like those result from applying projection, filtering, and mapping. For example, queries with only select, where, map, flatMap, filter, join, etc. This mode guarantees that each result row will be output only once.

Update

Adds new and updated records since the last trigger to the sink.

Complete

The whole result table will be outputted to the sink after every trigger. This mode is only supported for streaming aggregation queries.

Optionally, specify a unique name of the query for identification. It will be presented in the job description in the Spark UI.

Optionally, specify the trigger interval. Every trigger interval, new rows get appended to the input table, which eventually updates the result table.

Default

If no trigger setting is explicitly specified, then by default is Trigger.ProcessingTime(0), the query will be executed in micro-batch mode, where micro-batches will be generated as soon as the previous micro-batch has completed processing. If no new data is available, then no micro-batch will be kicked off.

Fixed interval micro-batches

The query will be executed with micro-batches mode, where micro-batches will be kicked off at the user-specified intervals.

If the previous micro-batch completes within the interval, then the engine will wait until the interval is over before kicking off the next micro-batch.

If the previous micro-batch takes longer than the interval to complete (i.e., if an interval boundary is missed), then the next micro-batch will start as soon as the previous one completes (i.e., it will not wait for the next interval boundary).

If no new data is available, then no micro-batch will be kicked off.

One-time micro-batch

The query will execute only one micro-batch to process all the available data and then stop on its own. This is useful in scenarios we want to periodically spin up a cluster, process everything that is available since the last period, and then shutdown the cluster. In some case, this may lead to significant cost savings.

Continuous with fixed checkpoint interval

This trigger switches the execution engine from micro-batch processing to the continuous processing.

In Spark Streaming, even if no new data arrives the micro batch still executes which causes the entire graph execute. While in Structured Streaming, if no new data is available, the query will not be executed.

For some output sinks where the end-to-end fault-tolerance can be guaranteed, specify the location where the system will write all the checkpoint information. This should be a directory in an HDFS-compatible fault-tolerant file system.

Fault Tolerance Semantics

The most important concern for a streaming application is failure recovery. In order to provide fault tolerance, Structured Streaming uses checkpoints and write-ahead logs. We must configure a query to write to a checkpoint location in a reliable file system. Structured Streaming then periodically saves all relevant progress information as well as the current intermediate state values to the checkpoint location. If some kind of system failure occurs it can simply pick up where it left off once the failure gets fixed.

To enable checkpointing, the checkpointLocation can be set as an option in DataStreamWriter when starting a query. This checkpoint location preserves all of the essential information that uniquely identifies a query.

.writeStream.option(“checkpointLocation”, “path”)

If the checkpoint location is not specified, then the progress information and intermediate state will be stored in temporary location, which will be removed once current SparkSession stops. The temporary checkpoint locations do not ensure any fault tolerance, and may not get cleaned up properly. As a best practice, it’s recommended that we always specify the checkpointLocation option.

The structure of the checkpoint location looks as follows.
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For the stateful operations like aggregation there exists another directory named state .
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offsets

Indicates where the data has been consumed for processing from the data source stream. For each micro-batch (created for each trigger), the new offset file is created.

commits

Indicates where the processing engine has processed the data. Corresponding to each offset file in the offsets directory, there is a commit file once the data is processed.

sources

It contains information about the data source. E.g., location of the file, Kafka topic name, etc.

state

The storage of intermediate state generated by stateful processing logic.

To deliver end-to-end exactly-once semantics, the sources, the sinks and the execution engine need to be designed to reliably track the exact progress of the processing. First, the streaming sources are assumed to have offsets (similar to Kafka offsets) to track the read position in the stream. So, Spark is able to fetch the exact same data from the same location if it needs to. Kafka source supports this but the socket source does not. Then the engine uses checkpointing and write-ahead logs to record the offset range of the data being processed in each trigger. Also, the internal operations are always exactly-once. Finally, the streaming sinks need to be idempotent. The only built-in sink that meets that condition is the file sink. Note that the Kafka sink does not. Together, using replayable sources and idempotent sinks, Structured Streaming can ensure end-to-end exactly-once semantics under any failure.

We can achieve exactly-once semantics using Structured Streaming and Kafka, but only when reading from Kafka and writing the results to files. Kafka sink only provides at-least-once semantics.

Word Count Example

Here is a word count example listening on a TCP socket.

def main(args: Array[String]): Unit = {

  val spark = SparkSession

    .builder

    .appName(“StructuredNetworkWordCount”)

    .master(“local”)

    .getOrCreate()

  import spark.implicits._

  // Create DataFrame representing the stream of input lines from connection to localhost:9999

  val lines = spark.readStream

    .format(“socket”)

    .option(“host”, “localhost”)

    .option(“port”, 9999)

    .load()

  // Split the lines into words

  val words = lines.as[String].flatMap(_.split(” “))

  // Generate running word count

  val wordCounts = words.groupBy(“value”).count()

  // Start running the query that prints the running counts to the console

  val query = wordCounts.writeStream

    .outputMode(“complete”)

    .format(“console”)

    .start()

  query.awaitTermination()

}

The DataFrame lines represents an unbounded input table containing the streaming text data. This table contains one column of strings named value , and each line in the streaming text data becomes a row in the table. Next, we have converted the DataFrame to a Dataset of String using .as[String] , so that we can apply the flatMap operation to split each line into multiple words. The resultant Dataset words contains all the words. Finally, we have defined the DataFrame wordCounts by grouping by the unique values in the Dataset and counting them. Here the DataFrame lines is the input table, and the DataFrame wordCounts is the result table. The query on streaming DataFrame lines to generate wordCounts is exactly the same as it would be a static DataFrame. However, when this query is started, Spark will continuously check for new data from the socket connection. If there is new data, Spark will run an incremental query that combines the previous running counts with the new data to compute updated counts.

We have to call DataStreamWriter#start() to actually start the execution of the query. This returns a StreamingQuery object which is a handle to the continuously running execution. StreamingQuery#awaitTermination() is used to prevent the process from exiting while the query is active.

The below figure shows the programming model for Structured Streaming.
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State Management

To maintain the intermediate state for stateful stream processing, a state store is needed which is used to provide a place where the state can be written to and read from. The engine then uses the state store to put and share the state information between different batches. In Structured Streaming, the state store has been internally implemented via a trait named StateStore and its only available implementation HDFSBackedStateStore. The StateStore is a versioned key-value store and HDFSBackedStateStore uses a HDFS-compatible file system for versioned state persistence.

The intermediate state information is kept in the checkpointLocation/state and also is locally cached in the associated executor memory for faster processing. The structure of the state directory is as follows. There are 2 file formats for the intermediate state- delta files and snapshot files which are both LZ4 compressed. The full name for delta file is represented as checkpointLocation/state/operatorId/partitionId/version.delta . The full name for snapshot file is represented as checkpointLocation/state/operatorId/partitionId/version.snapshot .
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operatorId

Every aggregation operator in streaming query like groupBy is internally assigned a unique integer value.

partitionId

Id of the aggregated RDD partition generated after the aggregation.

version

Its value is equal to the batchId.

Delta files are written continuously at the end of each query. For each partition in a batch, there generates a versioned delta file for recording state changes made in the batch for the associated partition only. Note that during a batch, changes are written synchronously and transactionally to the executor memory and the versioned delta file.

There is a separate daemon thread on every executor, which runs every fixed interval that is controlled by spark.sql.streaming.stateStore.maintenanceInterval (default 60 seconds) and does asynchronously snapshotting of complete state of each partition. If the number of delta files is greater than spark.sql.streaming.stateStore.minDeltasForSnapshot (default 10), then it performs the snapshot.

Let’s take a look at the following example.

def main(args: Array[String]): Unit = {

  val spark = SparkSession

    .builder

    .appName(“readfromfile”)

    .master(“local”)

    .getOrCreate()

  import spark.implicits._

  val schema = StructType(StructField(“name”, StringType) :: StructField(“salary”, IntegerType) :: Nil)

  spark.readStream

    .format(“csv”)

    .schema(schema)

    .load(“./testsourcefiles/”)

    .groupBy(“name”).count()

    .writeStream

    .format(“console”)

    .outputMode(“update”)

    .option(“checkpointLocation”, “./ssscheckpoint5”)

    .start()

    .awaitTermination()

}

As mentioned above, this state directory contains the state of each computed partition. In this example, there are 200 directories under the operatorId directory.
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Event Time Processing

Event time is the time when the event actually happened. In contrast, processing time is the time when the event is received by the processing engine. We are usually interested in the event time, not the processing time. While there is no option in Spark Streaming to work with event time, Structured Streaming provides seamless support for event time processing. To do this, we require the system that produces the events to embed the time of creation in the event data.

Event time processing refers to looking at the stream of events from the time at which they were produced and applying the processing logic from that perspective. This means that rather than processing data according to the time it reaches, we process it according to the time that it was generated, even if records arrive out of order at the streaming application due to network delays or other reasons.

Operations

Since Spark 2.0, Dataset can represent static, bounded data, as well as streaming, unbounded data. Similar to static Dataset, we can use the common entry point SparkSession to create streaming Datasets from streaming sources, and apply the operations on them. The operations can be expressed in SQL and the high-level DSL Dataset API (typed and untyped).

There are two types of operations- stateless and stateful.

Stateless

The processing logic of the new batch of data is independent of the previous batch. E.g., operations like map, filter, stream-static join, etc.

Stateful

Processing of the new batch of data depends upon the result of previous batches. So, it needs to maintain the intermediate state information between processing of different batches. The new processing may read and update this intermediate state. E.g., operations like aggregation, deduplication, stream-stream join, etc.

Note that in addition to the intermediate state, there is also another kind of progress information which can be treated as the metadata of the processing in both stateless and stateful processing.

Window Operations on Event Time

Aggregations over a sliding window on event time are straightforward. We can use groupBy() and window() operations to express windowed aggregations. Let us start with an example of windowed grouped aggregation with 10-minute windows, updating every 5 minutes.

def main(args: Array[String]): Unit = {

  val spark = SparkSession

    .builder

    .appName(“windowing”)

    .master(“local”)

    .getOrCreate()

  spark.sparkContext.setLogLevel(“WARN”)

  import org.apache.spark.sql.functions._

  import spark.implicits._

  // Create DataFrame representing the stream of input lines from connection to localhost:9999

  val lines = spark.readStream

    .format(“socket”)

    .option(“host”, “localhost”)

    .option(“port”, 9999)

    //      .option(“includeTimestamp”, true)

    .load

    .as[String]

    .map(line => {

      val split: Array[String] = line.split(“,”)

      (split(0), split(1))

    })

    .toDF(“ts”, “word”)

    .groupBy(

      window($“ts”, “10 minutes”, “5 minutes”),

      $“word”)

    .count()

    .sort(“window”)

    .writeStream

    .format(“console”)

    .outputMode(“complete”)

    .option(“truncate”, false)

    .trigger(Trigger.ProcessingTime(2000))

    .start()

    .awaitTermination()

}

Now the input stream contains lines along with the time when the line was generated.

nc -lk 9999

2020-05-29 12:02:00,spark

2020-05-29 12:03:00,spark

2020-05-29 12:07:00,spark

2020-05-29 12:11:00,spark

2020-05-29 12:13:00,spark

Since the output mode used here is Complete, the complete result tables will be output as follows. The data shown in red is generated at 12:04 but arrives late at 12:12. The application uses the time 12:04 instead of 12:12 to update the word counts for the window [11:55, 12:05), [12:00, 12:10). This occurs naturally in Structured Streaming which can maintain the intermediate state for partial aggregates for a long period of time such that late data can update aggregates of old windows correctly, as illustrated here.

Note that the window represented by [window.start, window.end) represents a left-closed and right-open interval. That is, window starts are inclusive but the window ends are exclusive, e.g., 12:05 will be in the window [12:05,12:10) but not in [12:00,12:05).
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window()

window() is a function that generates window ranges on a timestamp column, a combination of a window duration, slide duration and start time.

def window(

    timeColumn: Column,

    windowDuration: String,

    slideDuration: String,

    startTime: String): Column = {

  …

}

timeColumn

The column or the expression to use as the timestamp for windowing by time.

Must be of TimestampType.

windowDuration

A string specifying the width of the window, e.g., “10 minutes”, “1 second”.

slideDuration

A string specifying the sliding interval of the window, e.g., “1 minute”. A new window will be generated every slideDuration.

Must be less than or equal to the windowDuration.

startTime

A string specifying the offset with respect to 1970-01-01 00:00:00 UTC with which to start window intervals.

For example, in order to have hourly tumbling windows that start 15 minutes past the hour, e.g., 12:15-13:15, 13:15-14:15, the windowDuration and the slideDuration should both have the same value “1 hour”, and the startTime should be “15 minutes”.

Maps a time column to multiple windows

As shown in the figure below, for the previous example- a window size of 10 minutes and a sliding interval of 5 minutes, a timestamp can fall into at most 2 windows.
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The source code of the windows calculation logic is located in the object TimeWindowing of the package org.apache.spark.sql.catalyst.analysis . It first estimates the number of windows and then filters out the windows where the time column is not inside.

The windows are calculated as below.

maxNumOverlapping <- ceil(windowDuration / slideDuration)

for (i <- 0 until maxNumOverlapping)

  windowId <- ceil((timestamp - startTime) / slideDuration)

  windowStart <- windowId * slideDuration + (i - maxNumOverlapping) * slideDuration + startTime

  windowEnd <- windowStart + windowDuration

  return windowStart, windowEnd

First it divides the window duration by the sliding duration and round up to get the maximum number of overlapping windows for a window duration. This value of maxNumOverlapping indicates how many windows a timestamp can fall into at most.

Then it calculates the value of windowId , which indicates how many windows are included from startTime till the time represented by a timestamp.

windowId <- ceil((timestamp - startTime) / slideDuration)

The value of windowId is the nearest integer that is greater than or equal to the division result. Note that if the division is exactly an integer, this means the timestamp happens to be the start of a window, the value of windowId is (the division result + 1) .

Finally it filters out the windows that do not meet the requirements.

An example

Given window duration: 12m, slide duration: 5m, start time: 2m, let’s calculate the valid windows for the time 12:05.

For this combination of window duration, slide duration and start time, the list of windows is as follows.

… [11:47, 11:59) [11:52, 12:04) [11:57, 12:09) [12:02, 12:14) [12:07, 12:19) …

As for the time 12:05, it locates in the rightmost window [12:02, 12:14). According to the calculation logic of the value of windowId , the value of (windowId * slideDuration) should be 12:07. As the value of maxNumOverlapping equals 3, the start times of possible 3 windows are calculated as follows.

Slide 3 slide duration from 12:07 to the left, get the start time of the leftmost window:

12:07 - 3 * slide duration = 11:52

Slide 2 slide duration from 12:07 to the left, get the start time of the second window:

12:07 - 2 * slide duration = 11:57

Slide 1 slide duration from 12:07 to the left, get the start time of the third window:

12:07 - 1 * slide duration = 12:02
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At last, the leftmost window [11:52, 12:04) should be filtered out as the time 12:05 can not fall into it.

Watermarking

There is no guarantee that data will arrive in the stream processing engine in the order they were created. As illustrated in the state management section, while executing any stateful streaming query, Structured Streaming internally maintains the intermediate states for a long period of time such that late data can read and update the old states correctly. In addition to delta files and snapshot files, these intermediate states are also stored in an in-memory, versioned, key-value state store in the executor memory. So, it’s necessary for Structured Streaming to bound the amount of intermediate in-memory states it accumulates. To enable this, the watermarking was introduced in Spark 2.1, which lets the engine automatically track the current event time in the data and attempt to clean up old states accordingly.

We can easily define the watermark of a query using Dataset#withWatermark() .

def withWatermark(eventTime: String, delayThreshold: String): Dataset[T]

The first parameter represents the column name that contains the event time and the second parameter specifies the threshold of late data. The calculation formula of watermark is as follows.

watermark = max event time seen by the engine - late threshold

The watermark is computed by looking at the max event time seen across all of the partitions in the query minus the specified late threshold. So, watermark is a moving threshold that trails behind the maximum event time seen in the query.

In the example below, the engine maintains intermediate counts for each window. Suppose the end time of a window is T, the engine maintains its state and allows late data to update the state until T <= watermark . This means that all the states of those windows whose end time is older than watermark will be cleared.

def main(args: Array[String]): Unit = {

  val spark = SparkSession

    .builder

    .appName(“watermarking”)

    .master(“local”)

    .getOrCreate()

  spark.sparkContext.setLogLevel(“WARN”)

  import spark.implicits._

  import org.apache.spark.sql.functions._

  spark.readStream

    .format(“socket”)

    .option(“host”, “localhost”)

    .option(“port”, 9999)

    .load

    .as[String]

    .map(line => {

      val split: Array[String] = line.split(“,”)

      (Timestamp.valueOf(split(0)), split(1))

    })

    .toDF(“ts”, “word”)

    .withWatermark(“ts”, “10 minutes”)

    .groupBy(

      window($“ts”, “10 minutes”, “5 minutes”),

      $“word”)

    .count()

    .writeStream

    .outputMode(“update”)

    .format(“console”)

    .option(“truncate”, false)

    .option(“checkpointLocation”, “./ssscheckpoint6”)

    .start()

    .awaitTermination()

}

Here we define the watermark by specifying the column “ts” and “10 minutes” as the late threshold. When this query is executed, the engine will automatically keep track of the maximum observed value of the event time column, update the watermark and clear old states every trigger.

As shown in the figure below, the watermark set as (max event time - “10 minutes”) at the beginning of every trigger is marked in green. For example, when the engine observes the data (10:27:00, spark), it sets the watermark for the next trigger as 10:17. The data (10:09, spark) is out of order and late, and it falls in windows [10:00, 10:10) and [10:05, 10:15). As the window end time 10:10 and 10:15 are both older than watermark, the intermediate state for each window is cleared and this data (10:09, spark) is considered too late and therefore ignored. Another late data (10:15, spark) falls in windows [10:10, 10:20) and [10:15, 10:25). As the window end time 10:20 is older than the watermark 10:20, the intermediate state for window [10:10, 10:20) is cleared. But the end time 10:25 of window [10:15, 10:25) is still ahead of the watermark 10:20, the engine still maintains the intermediate counts as state and correctly updates the counts.

The query in this example is run in Update output mode. For watermarking, the output mode must be Append or Update. Complete mode requires all aggregate data to be preserved, and hence cannot use watermarking to drop intermediate state. When we switch to Append mode, only the final counts are written to sink and the partial counts are not updated to the Result Table and not written to sink. The engine drops the intermediate state of a window when window.endtime <= watermark , and appends the final counts to the Result Table and sink. For example, the final counts of window [10:00, 10:10) is appended to the Result Table only after the watermark is updated to 10:10 or higher.
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Deduplication

Another stateful operation requiring state store is deduplication. We can deduplicate records in the stream using user-specified keys. The query stores the necessary intermediate state for previous records such that it can filter duplicate records. Similar to aggregations shown in previous section, we can use deduplication with or without watermarking.

Without watermarking

It requires to store all received values for the set of keys defining a unique record, i.e., the maintained state, which can grow infinitely. In the following example, we specify the second column userId on which to drop duplicates. A record with same userId is marked as duplicate and dropped.

def main(args: Array[String]): Unit = {

  val spark = SparkSession.builder()

    .appName(“watermarking”)

    .master(“local”)

    .getOrCreate()

  spark.sparkContext.setLogLevel(“WARN”)

  import spark.implicits._

  spark.readStream

    .format(“socket”)

    .option(“host”, “localhost”)

    .option(“port”, “9999”)

    .load()

    .as[String]

    .map(line => {

      val array = line.split(“,”)

      (Timestamp.valueOf(array(0)), array(1), array(2))

    })

    .dropDuplicates(“_2”)

    .writeStream

    .outputMode(OutputMode.Update())

    .format(“console”)

    .start()

    .awaitTermination()

}

The input stream is as follows. For the data with same userId 100101, only the data (09:30, 100101) is shown and other 2 data is dropped. The data (09:20, 100102) is also shown.

2020-05-29 09:30:00,100101,paul

2020-05-29 09:36:00,100101,paul

2020-05-29 09:20:00,100101,paul

2020-05-29 09:20:00,100102,john

With watermarking

We can define a watermark on an event time column and deduplicate using both the specified unique identifier columns and the event time column. Note that the watermark column must be specified in dropDuplicates() . In such case the guid columns and timestamp column are used as a combined key to deduplicate records with the same guid and timestamp. The query uses the watermark to remove old maintained state for past records. This bounds the amount of the state the query has to maintain.

def main(args: Array[String]): Unit = {

  val spark = SparkSession.builder()

    .appName(“watermarking”)

    .master(“local”)

    .getOrCreate()

  spark.sparkContext.setLogLevel(“WARN”)

  import spark.implicits._

  spark.readStream

    .format(“socket”)

    .option(“host”, “localhost”)

    .option(“port”, “9999”)

    .load()

    .as[String]

    .map(line => {

      val array = line.split(“,”)

      (Timestamp.valueOf(array(0)), array(1), array(2))

    })

    .withWatermark(“_1”, “2 minutes”)

    .dropDuplicates(“_2”,“_1”)

    .writeStream

    .outputMode(OutputMode.Update())

    .format(“console”)

    .start()

    .awaitTermination()

}

For the following input stream, when the max seen time is 09:30, the watermark is 09:28. The intermediate state for the data whose time is older than 09:28 is cleared and correspondingly, the new coming data with time which is older than 09:28 is ignored. To be precise, the intermediate state for those data with time <= watermark is cleared. For example, for the water mark 09:28, the data (09:28, 100104) is ignored but the data (09:29, 100104) is shown in the console. After the data (09:31, 100102) comes in, the watermark becomes 09:29. As the intermediate state for the first data (09:30, 100101) is still there, the last data (09:30, 100101) is marked duplicate and dropped.

2020-05-29 09:30:00,100101,paul

2020-05-29 09:29:00,100103,mike

2020-05-29 09:28:00,100104,eva

2020-05-29 09:31:00,100102,john

2020-05-29 09:30:00,100101,paul

The console output is as follows.
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Join

Structured Streaming supports stream-static joins and stream-stream joins.

Stream-static joins are not stateful, so no state management is necessary. As shown in the following table, a few types of stream-static outer joins are not yet supported.

The following table lists the different types of supported stream-stream joins. The stream-stream joins are stateful. Any record received from one input stream can match with any future, yet-to-be-received record from the other input stream. Hence, for both the input streams, the engine buffers past input as streaming state, so that it can match every future input with past input and accordingly generate joined results. So, the challenge is to avoid the intermediate state from growing without limits.

To avoid unbounded state, we have to do additional things based on the balance between the business requirements and system resource limitations.

Watermark

Define watermark on both inputs such that the engine knows how delayed the input can be (similar to streaming aggregations).

Time constraint

Define a constraint on event-time across the two inputs such that the engine can figure out when old records of one input is not going to be required for matches with the other input.

By specifying the watermark and adding a time constraint, the engine can automatically calculate how long the maintained states need to be buffered.

For the example of AD monetization, where we want to join a stream of advertisement impressions (when an ad was shown) with another stream of user clicks on advertisements to correlate when impressions led to monetizable clicks. When the following values are set then spark will automatically decide the intermediate state duration.

Impressions need to be buffered for at most 4 hours as a 3-hour-late click may match with an impression made 4 hours ago (i.e., 3-hour-late + up to 1 hour delay between the impression and click). Clicks need to be buffered for at most 2 hours as a 2-hour-late impression may match with click received 2 hours ago.

For the inner join between two streaming datasets, either watermark or time constraint is optional. If watermark and time constraint are not specified then data is stored in the maintained state indefinitely. Watermarking on both sides and adding a time constraint will enable state cleanup accordingly.

For both left and right outer joins, watermark and time constraints are mandatory. This is because for generating the NULL results in outer join, the engine must know when an input record is not going to match with anything in future. When we use an outer join, we have to make sure a time constraint is added and a watermark on the nullable side is specified. It’s strongly recommended to specify watermark on both sides for state cleanup. Note that the NULL results will be generated with a delay that depends on the specified watermark and time constraint. This is because the engine has to wait for that long to ensure there were no matches and there will be no more matches in future.

Currently, stream-stream join is only supported in Append output mode.

Kafka Integration

Structured Streaming is shipped with both Kafka source and Kafka Sink. Here we still take the AD monetization as an example. The development environment is based on HDP 3.1.4.

First, we create one topic named impressions along with 3 partitions and replication factor 3.

List all the topics in Kafka:

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181 –list

Create one new topic:

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181 –create



–topic impressions –partitions 3 –replication-factor 3

Describe the topic:

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181



–topic impressions –describe

And then produce messages in JSON format to this topic:

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-console-producer.sh



–broker-list node1:6667, node4:6667, node5:6667



–topic impressions

The sample messages:

{“impressionAdId”: “1001”,“impressionTime”:“2020-06-01 10:30:00”}

{“impressionAdId”: “1002”,“impressionTime”:“2020-06-01 10:31:00”}

{“impressionAdId”: “1003”,“impressionTime”:“2020-06-01 10:32:00”}

{“impressionAdId”: “1004”,“impressionTime”:“2020-06-01 10:33:00”}

{“impressionAdId”: “1005”,“impressionTime”:“2020-06-01 10:34:00”}

{“impressionAdId”: “1006”,“impressionTime”:“2020-06-01 10:35:00”}

{“impressionAdId”: “1007”,“impressionTime”:“2020-06-01 10:36:00”}

{“impressionAdId”: “1008”,“impressionTime”:“2020-06-01 10:37:00”}

As here we use sbt as the build tool, add the following dependency in the build.sbt file.

“org.apache.spark” %% “spark-sql-kafka-0-10” % “2.3.2.3.1.7.0-273”

The Hadoop cluster is HDP and we can find the correct package version at this URL:

https://repo.hortonworks.com/content/repositories/releases/org/apache/hadoop/

The codes are as follows.

def main(args: Array[String]): Unit = {

  val spark = SparkSession

    .builder

    .appName(“kafkaintegration”)

    .master(“local”)

    .getOrCreate()

  spark.sparkContext.setLogLevel(“WARN”)

  import org.apache.spark.sql.functions._

  import spark.implicits._

  spark.readStream

    .format(“kafka”)

    .option(“kafka.bootstrap.servers”, “node1:6667,node4:6667,node5:6667”)

    .option(“subscribe”, “impressions”)

    .option(“startingOffsets”, “earliest”)

    .load()

    .writeStream

    .format(“console”)

    .outputMode(“update”)

    .start()

    .awaitTermination()

}

When we run the above code to read messages from the topic impressions , we get the following result in the console. Each row in the Kafka source has the fixed schema which consists of all the metadata associated with a Kafka message.
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The key and the value are always byte arrays. To deserialize them, we first use the built-in function named CAST() to convert the bytes back to String.

.selectExpr(“CAST(key AS STRING)”, “CAST(value AS STRING)”, “topic”, “partition”, “offset”, “timestamp”, “timestampType”)

We need to define a schema for the incoming data from Kafka.

val schema = StructType(StructField(“impressionAdId”, StringType) :: StructField(“impressionTime”, StringType) :: Nil)

Then use the built-in from_json() function to deserialize the JSON string into a table with columns based on the schema that we just defined above.

.select(from_json($“value”, schema).as(“value”))

.selectExpr(“value.impressionAdId”, “value.impressionTime”)

Finally the JSON data from Kafka are nicely formatted as rows in a DataFrame.

The complete codes are as follows.

def main(args: Array[String]): Unit = {

  val spark = SparkSession

    .builder

    .appName(“kafkaintegration”)

    .master(“local”)

    .getOrCreate()

  spark.sparkContext.setLogLevel(“WARN”)

  import org.apache.spark.sql.functions._

  import spark.implicits._

val schema = StructType(StructField(“impressionAdId”, StringType) :: StructField(“impressionTime”, StringType) :: Nil)

  spark.readStream

    .format(“kafka”)

    .option(“kafka.bootstrap.servers”, “node1:6667,node4:6667,node5:6667”)

    .option(“subscribe”, “impressions”)

    .option(“startingOffsets”, “earliest”)

.load()

.selectExpr(“CAST(key AS STRING)”, “CAST(value AS STRING)”, “topic”, “partition”, “offset”, “timestamp”, “timestampType”)

.select(from_json($“value”, schema).as(“value”))

.selectExpr(“value.impressionAdId”, “value.impressionTime”)

    .writeStream

    .format(“console”)

.outputMode(“update”)

.option(“truncate”, false)

    .start()

    .awaitTermination()

}

The figure below is the result shown in the console.
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As the Kafka topic has 3 partitions, the stream contains 3 partitions. From the following Spark UI snapshot, we know there is one stage and 3 tasks.
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If we add one more aggregation operation, Spark will re-partition the data to 200 partitions which is the default value of the property spark.sql.shuffle.partitions .

.groupBy(“impressionAdId”).count()
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The property spark.sql.shuffle.partitions configures the number of partitions to use when shuffling data for joins or aggregations. We can change its value in the following way.

val conf = new SparkConf()

  .setMaster(“local”)

  .setAppName(“kafkaintegration”)

  .set(“spark.sql.shuffle.partitions”, “5”)

Micro-batch vs Continuous

By default, Structured Streaming uses a micro-batch processing mode. But the latency is high and is estimated to 100 milliseconds. As shown in the figure below, the streaming engine periodically checks the streaming source, and then launches short tasks in every micro-batch and runs a batch query on new data that has arrived since the last batch ended.
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In micro-batch processing mode, Spark does not start a new micro-batch until the current one is over (even though current one has exceeded its time).

In continuous Processing mode, instead of launching periodic tasks, Spark launches a set of long-running tasks that continuously read, process and write data at the start of the query. These tasks process events as soon as they are available at source. Since events are processed and written to sink as soon as they are available in the source, the end-to-end latency is a few milliseconds.
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To run a supported query in this mode, we need to specify a continuous trigger with the desired checkpoint interval.

.trigger(Trigger.Continuous(“1 second”))

Here the checkpoint interval of 1 second means that the continuous processing engine will record the progress of the query every second. The resulting checkpoints are in a format compatible with the micro-batch mode, hence any query can be restarted with any trigger. For example, a supported query started with the micro-batch mode can be restarted in continuous mode, and vice versa.

Apache Kafka is a distributed streaming platform developed by LinkedIn and donated to the Apache Software Foundation, written in Scala and Java.

A streaming platform has three key capabilities:

Publish and subscribe to streams of records, similar to a message queue or enterprise messaging system.

Store streams of records in a fault-tolerant durable way.

Process streams of records as they occur.

Kafka is generally used for building real-time data pipelines and streaming apps.

Before proceeding, we need to understand a few terms.

Kafka, as a distributed system, runs in a cluster. Each node in the cluster is called a broker. A Kafka cluster is made up of multiple brokers.

Kafka producer is a client which produces the message and pushes it to Kafka cluster. Kafka consumer is a client which consumes the published messages from the producer.

Message

The unit of data within Kafka is called a message. We can think of this as similar to a row or a record. A message in Kafka is a key-value pair with a small amount of associated metadata. Prior to Kafka 0.11, messages were transferred and stored in message sets. Since 0.11, a message set is called a record batch, which contains one or more records (aka messages).

A key or value can be null. If the producer does not indicate where to write the data, the broker uses the key to partition and replicate messages. This assures that messages with the same key are always written to the same partition. When the key is null, messages are distributed using the round-robin distribution.

Kafka stores keys and values as serialized bytes (arrays of bytes). The producer must serialize message into byte arrays before writing to Kafka, and the consumers deserialize the byte arrays before processing message. Kafka provides built-in serializers and deserializers for a few data types (String, Long, Double, Integer, Bytes, etc.). We can create our own custom serializer and deserializer. To create a serializer class, we need to implement the org.apa-che.kafka.common.serialization.Serializer interface. Similarly, to create a deserializer class, we need to implement the org.apache.kafka.common.serialization.Deserializer interface.
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Kafka takes bytes as an input and sends bytes as an output

Message format

Since Kafka 0.11, the message format version used is v2. This version of the message has changed a lot compared to the v0 and v1 versions. It also use the same varint encoding as Protocol Buffer. The new message format v2 has a magic value of 2. The following is the on-disk format:
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Message format v2

attributes: int16 (2B)
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The same message format is used for both the on-disk storage on the broker and over the wire. This means the message format on the disk is identical to the message format that we send from the producer to the broker and later from the broker to the consumer.

Schema

In Kafka, producers write messages to a Kafka cluster and consumers read these messages from the cluster. Messages are opaque byte arrays to Kafka itself. Kafka is not aware of the structure of data in message key and value. But those downstream consumers that read messages from Kafka do care about data in those messages. One important thing is the coordination of the agreed upon data format between producers and consumers. Therefore, when using Kafka, we need to choose a data format although Kafka does not care about it.

The message key or value can have any data format, such as JSON, Avro, Thrift, or protobuf. Choice of data format depends on factors such as data complexity, need for human readability, speed and storage space constraints. XML, CSV, JSON, BSON, YAML, MessagePack, and protobuf are some commonly used data formats.

All data formats have flaws. For example, formats like JSON lack a strictly defined schema, which makes consuming data in these formats more challenging because fields can be arbitrarily added or removed. Also, these formats are verbose because field names and type information have to be explicitly represented in the serialized format.

A few cross-language serialization libraries, such as Avro, Thrift, and protobuf, require the data structure to be formally defined by some sort of schemas. The advantage of having a schema is that it clearly specifies the structure, the type and the meaning (through docume-ntation) of the data. With a schema, data can also be encoded more efficiently.

When using schema formats, one concern is how to store and transfer the schemas. When writing data, producer writes both schema and data. And when reading that data, consumer first reads schema and then reads data based on the schema. Another pain point is how to deal with schema changes. After the initial schema is defined, we may need to evolve it over time. When this happens, it’s critical for the downstream consumers to be able to handle data encoded with both the old and the new schema seamlessly. This is known as a schema evolution problem.
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Schema Evolution

There are a mix of old and new producers as well as a mix of old and new consumers. Kafka should be able to store both types of messages on the same topic. Consumers should be able to read both types of messages without any error.

Avro

Avro has been the defacto Kafka serialization mechanism for a long time. It is an open source data serialization system that helps with data exchange between systems, programming languages, and processing frameworks.

Avro relies on schemas that define what fields are present and their type. The schema is usually described in JSON. Avro requires the use of schemas when data is either written or read. A reader must use the schema used by the writer of the data in order to know how to deserialize the data. Therefore, files or systems that store Avro data should always include the writer’s schema. When Avro data is stored in a file, we can embed the entire schema in the data file itself. When using Avro within Kafka, storing the entire schema in each record will usually more than double the record size. So we need to locate the schema elsewhere.
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In general, it is advisable that any reader of Avro data should use a schema that is the exact same as the schema that was used to write the data in order to deserialize it correctly. However, the schema expected by consumer could differ from the schema that was used when writing data. Avro supports Schema Evolution. Through its schema resolution capability, Avro is able to resolve the difference when the reader schema is different from the writer schema. This means that although the reader needs to know the exact writer schema, the writer schema doesn’t have to be the same as the reader schema. Avro will translate data from the writer schema into the reader schema.

Avro has concepts of writer schema and reader schema. We refer to the schema used to serialize the data as the writer schema, and the schema used to deserialize the data as reader schema.

But we are not free to evolve schema in a random fashion. To maintain schema compatibility, Avro specification defines compatibility rules governing the changes allowed.

Schema Registry

When using Avro or other schema formats, we have to consider how manage the schemas and how these schemas should evolve. Schema Registry is built for exactly these purposes. It provides a centralized schema management and compatibility checks as schemas evolve.

Schema Registry store all the schemas used to write data to Kafka in the registry. Then we simply store the identifier for the schema in the record we produce to Kafka. The consumers can then use the identifier to pull the schema out of the schema registry and deserialize the data. Storing the schema in the registry and pulling it out when required is done individually in the serializers and deserializers.
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The Schema Evolution requires compatibility checks to ensure that the contract between producer and consumer is not broken. Without checking compatibility, our applications could potentially break on schema changes. The Schema Registry provides compatibility checks by versioning every single schema. It can check to see if a schema is compatible with previous versions. We can also set compatibility types which determine how Schema Registry compares the new schema with previous versions of a schema. The compatibility types could be one of the following- BACKWARD, FORWARD, FULL, NONE.

BACKWARD compatibility means that consumers using the newer schema can read data produced with the older schema.

FORWARD compatibility means that data produced with a newer schema can be read by consumers using the older schema.

FULL compatibility means schemas are both backward and forward compatible. Old data can be read with the new schema, and new data can also be read with the old schema.

NONE compatibility type means schema compatibility checks are disabled.

The Schema Registry is not part of Apache Kafka but there are several open source options to choose from. One of them is the Confluent Schema Registry developed by Confluent. It supports Avro, JSON and Protobuf serialization formats.

Topic and Partitions

In Kafka, all records are organized into topics. Producers write data to topics and consumers read data from topics.

A topic is more of a logical grouping than anything else. Each topic is divided into a number of partitions. Partitions allow us to parallelize a topic by splitting the data across multiple brokers. Each partition can be hosted on a separate broker, which means that a single topic can be scaled horizontally across multiple brokers to provide performance far beyond the ability of a single broker. Note that a partition cannot be split across multiple brokers or even multiple disks on the same broker.

A partition can be described as an ordered, immutable sequence of records. Kafka producer can only append records to a partition but cannot delete from it. Each record in a partition is assigned and identified by its unique offset. The first record is at offset 0, the second record is at offset 1 and so on. These offsets are always incremented from the previous value.
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Each topic is divided into partitions

Each partition has a Write-Ahead Log and stores records in a log structured format. We can think of each partition as a structured commit log.
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Log segments

However, instead of storing all the records of a partition sequentially in a single file, Kafka breaks each log into chunks called segments. A segment is simply a collection of records of a partition. Each segment is composed of two main file types- log file and index files.

When creating a topic, Kafka creates a corresponding directory in the file system for each partition of the topic, with the name topic_name-partition_no . And under each partition directory, there has one segment with three files- .log, .index and *.timeindex.

*.log

The log file contains the actual records structured in the message format. Records in log file are persisted in record batches. The format of the data on the disk is identical to the format of the records that we send from the producer to the broker and later from the broker to the consumers.

There is a command line tool kafka-dump-log.sh which helps to parse a log file and dump its contents to the console.

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-dump-log.sh

–files /kafka-logs/cliproducer_test2-0/00000000000000000000.log

The following output shows the record batches in log file:

Dumping /kafka-logs/cliproducer_test2-0/00000000000000000000.log

Starting offset: 0

baseOffset: 0 lastOffset: 0 count: 1 baseSequence: -1 lastSequence: -1 producerId: -1 producerEpoch: -1 partitionLeaderEpoch: 0 isTransactional: false position: 0 CreateTime: 1594487619282 isvalid: true size: 68 magic: 2 compresscodec: NONE crc: 1653027970

baseOffset: 1 lastOffset: 1 count: 1 baseSequence: -1 lastSequence: -1 producerId: -1 producerEpoch: -1 partitionLeaderEpoch: 0 isTransactional: false position: 68 CreateTime: 1594487624651 isvalid: true size: 69 magic: 2 compresscodec: NONE crc: 3785739631

baseOffset: 2 lastOffset: 3 count: 2 baseSequence: -1 lastSequence: -1 producerId: -1 producerEpoch: -1 partitionLeaderEpoch: 0 isTransactional: false position: 137 CreateTime: 1594487626982 isvalid: true size: 78 magic: 2 compresscodec: NONE crc: 2404208715

baseOffset: 4 lastOffset: 4 count: 1 baseSequence: -1 lastSequence: -1 producerId: -1 producerEpoch: -1 partitionLeaderEpoch: 0 isTransactional: false position: 215 CreateTime: 1594487628067 isvalid: true size: 69 magic: 2 compresscodec: NONE crc: 1147739770

baseOffset: 5 lastOffset: 7 count: 3 baseSequence: -1 lastSequence: -1 producerId: -1 producerEpoch: -1 partitionLeaderEpoch: 0 isTransactional: false position: 284 CreateTime: 1594487630190 isvalid: true size: 87 magic: 2 compresscodec: NONE crc: 848203008

baseOffset: 8 lastOffset: 9 count: 2 baseSequence: -1 lastSequence: -1 producerId: -1 producerEpoch: -1 partitionLeaderEpoch: 0 isTransactional: false position: 371 CreateTime: 1594487631508 isvalid: true size: 78 magic: 2 compresscodec: NONE crc: 1997207443

baseOffset: 10 lastOffset: 12 count: 3 baseSequence: -1 lastSequence: -1 producerId: -1 producerEpoch: -1 partitionLeaderEpoch: 0 isTransactional: false position: 449 CreateTime: 1594487632974 isvalid: true size: 87 magic: 2 compresscodec: NONE crc: 508154357

baseOffset: 13 lastOffset: 14 count: 2 baseSequence: -1 lastSequence: -1 producerId: -1 producerEpoch: -1 partitionLeaderEpoch: 0 isTransactional: false position: 536 CreateTime: 1594487634389 isvalid: true size: 78 magic: 2 compresscodec: NONE crc: 1698431831

Print record content when dumping data logs by adding –print-data-log :

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-dump-log.sh

–files /kafka-logs/cliproducer_test2-0/00000000000000000000.log

–print-data-log

Dumping /kafka-logs/cliproducer_test2-0/00000000000000000000.log

Starting offset: 0

offset: 0 position: 0 CreateTime: 1594487619282 isvalid: true keysize: -1 valuesize: 0 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload:

offset: 1 position: 68 CreateTime: 1594487624651 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: a

offset: 2 position: 137 CreateTime: 1594487625983 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: b

offset: 3 position: 137 CreateTime: 1594487626982 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: c

offset: 4 position: 215 CreateTime: 1594487628067 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: d

offset: 5 position: 284 CreateTime: 1594487629201 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: e

offset: 6 position: 284 CreateTime: 1594487629721 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: f

offset: 7 position: 284 CreateTime: 1594487630190 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: g

offset: 8 position: 371 CreateTime: 1594487630640 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: h

offset: 9 position: 371 CreateTime: 1594487631508 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: i

offset: 10 position: 449 CreateTime: 1594487632051 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: j

offset: 11 position: 449 CreateTime: 1594487632523 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: k

offset: 12 position: 449 CreateTime: 1594487632974 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: l

offset: 13 position: 536 CreateTime: 1594487633992 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: m

offset: 14 position: 536 CreateTime: 1594487634389 isvalid: true keysize: -1 valuesize: 1 magic: 2 compresscodec: NONE producerId: -1 producerEpoch: -1 sequence: -1 isTransactional: false headerKeys: [] payload: n

Through the above two commands, we can clearly know the relationship between record and record batch.

Once a record is pushed into Kafka it is given a unique offset. So, in a series of segment log files owned by a partition, the offset is incremented. Another attribute position stores the physical position of the record in the current segment log file, so for each segment log file, position starts from 0.

*.index

The offset index file is used to read record at a particular offset. It maps offsets to physical positions for a particular log segment.

The offset index file is made up of 8-byte entries. Each entry represents one record where 4 bytes to store its offset relative to the base offset of segment and 4 bytes to store the physical position of the record batch (where this record locates) in this segment.


[image: image-1JB1Q6QP.png]image-1JB1Q6QP.png

We can use the same tool kafka-dump-log.sh to check the offset index file.

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-dump-log.sh

–files /kafka-logs/cliproducer_test2-0/00000000000000000000.index

The following is the output:

Dumping /kafka-logs/cliproducer_test2-0/00000000000000000000.index

offset: 3 position: 137

offset: 4 position: 215

offset: 9 position: 371

offset: 12 position: 449

offset: 14 position: 536

Mismatches in :/kafka-logs/cliproducer_test2-0/00000000000000000000.index

  Index offset: 14, log offset: 13

  Index offset: 12, log offset: 10

  Index offset: 9, log offset: 8

  Index offset: 3, log offset: 2

Mismatches may be reported when the indexed record offset is not the first record in a batch.

The following figure shows the relationship between the above index file and log file.
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*.timeindex

The time index file is used for a few timestamp based functions, such as searching message by timestamp. It maps the timestamps to the relative offsets of the records in a segment. Kafka can use the time index file along with the offset index file to quickly read records.

The time index file is made up of 12-byte entries, 4 bytes to store the offset relative to the base offset and 4 bytes to store the physical position.
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Dump the time index file:

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-dump-log.sh

–files /kafka-logs/cliproducer_test2-0/00000000000000000000.timeindex

Dumping /kafka-logs/cliproducer_test2-0/00000000000000000000.timeindex

timestamp: 1594487626982 offset: 3

timestamp: 1594487628067 offset: 4

timestamp: 1594487631508 offset: 9

timestamp: 1594487632974 offset: 12

timestamp: 1594487634389 offset: 14

Found timestamp mismatch in :/kafka-logs/cliproducer_test2-0/00000000000000000000.timeindex

  Index timestamp: 0, log timestamp: 1594487619282

Found out of order timestamp in :/kafka-logs/cliproducer_test2-0/00000000000000000000.timeindex

  Index timestamp: 0, Previously indexed timestamp: 1594487634389

The offset index and time index are sparse as not every record in the log segment has an entry within these two index files. The configuration property log.index.interval.bytes , which is 4096 bytes by default, sets a byte interval which basically describes how frequently (after how many bytes) an entry will be added to the offset index file and time index file. We can also specify the byte interval when creating a topic:

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181

–create

–topic cliproducer_test2

–partitions 1

–replication-factor 1

–config index.interval.bytes=69

The offset index file is preallocated to hold a fixed maximum number of 8-byte entries. The time index file is also preallocated to hold a fixed maximum amount of 12-byte time index entries. The configuration property log.index.size.max.bytes , 10M by default, controls the maximum size in bytes of these two index files.

These segment files are named by the segment name, while segments are named by their base offset, which is the offset of the first record a segment contains. The segment name is fixed to 20 digits, and left padded with 0 for digits less than 20.
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Each partition is further divided into segments

In the above picture, segment 0 has records from offset 0 to offset 4, segment 5 has records from offset 5 to 9. Segment 10 is the active segment.

There is always an active segment to which Kafka writes. Once certain conditions are met, a new segment file is created and that becomes the newly active segment. When one of the following conditions is met, a new log segment will be created.

In addition, as 4B is used to store the relative offset, when the difference between the offset of the record to be appended and the base offset of the current log segment is greater than Integer.MAX_VALUE, a new log segment will be created.

There are also some other files for one segment. Note that each segment contains not only “.log”, “.index”, “.timeindex”, but also temporary files such as “.deleted”, “.cleaned”, “.swap”, and possibly “.snapshot”, “.txnindex”, “leader-epoch-checkpoint” files.

.txnindex

The transaction index maintains metadata about the aborted transactions for each segment.

.snapshot

A snapshot file made for the idempotent or transactional producer.

.deleted

A file that is scheduled to be deleted.

.cleaned

A temporary file that is being used for log cleaning.

.swap

A temporary file used when swapping files into the log.

Storage directory structure

The property log.dirs in server.properties sets a comma-separated list of directories where each Kafka broker stores these commit logs.

Data in Kafka is stored in Topics which are partitioned. Each partition has an associated directory named topic_name-partition_no .

Each partition is further divided into log segments. Each segment has a log segment file to store the actual records and index files. These files are located in the directory of the partition.
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Log Flush

Kafka writes records to a log file immediately upon receipt, but the data is initially buffered in OS page cache. A log flush forces Kafka to flush records from page cache to disk.

All the following properties are set to Long.MaxValue by default. It is recommended to use the default flush settings, which make log flush to disk only rely on OS and provide high throughput and low latency.

The log.flush.scheduler.interval.ms controls the frequency of the log flusher which is used to flush any log that has exceeded the log.flush.interval.ms since last flush.

Durability in Kafka does not require syncing data to disk, as Kafka guarantees recovery through the use of replication. A failed broker can recover the topic partitions from its replicas.

If we specify our own flush settings, we can force a flush after a period of time, or after a specified number of messages, or both (whichever limit is reached first). We can set property values globally and override them on a per-topic basis.

Log Cleanup

To manage their size, log segments can be deleted or compacted, or both. The broker-wide log.cleanup.policy and the per-topic cleanup.policy configuration properties determine the way the log segments are managed. Both of them can have a value among ‘delete’, ‘compact’ or ‘compact,delete’. Types of cleanup policies:

This is default cleanup policy. It will delete old segments when their retention time or size limit has been reached.

Note that the priority of log.retention.ms , log.retention.minutes , log.retention.hours is from highest to lowest.

This will enable log compaction on a topic partition. The idea is to selectively remove records for each partition where we have a more recent update with the same key. This way the log is guaranteed to have at least the last value for each record key. Note that the order of records and their offsets never changes after compaction.

The Kafka log cleaner does log compaction. The log cleaner has a pool of background compaction threads. These threads are responsible for performing the compaction tasks. Each of these threads chooses the partition with the highest ratio of dirty records to total partition size and cleans this partition. At last, there are some optimizations that small segments get merged into larger segments.

We can specify both compact and delete values at the same time.

Replication

Replication happens at the partition level and each partition can have multiple replicas, which are distributed evenly among Kafka brokers in a cluster. Replication factor defines the number of replicas of a partition in a Kafka cluster. Factor N means each partition can tolerate N-1 replica failures.

Replication factor can be defined at topic level.

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181

–create

–topic PAUL_TOPIC

–partitions 2

–replication-factor 1

There are two types of replicas- leader and follower. One replica is designated as the leader while others are followers.

Leader replica

Each partition has a single replica designated as the leader. All produce and consume requests go through the leader, in order to guarantee consistency. Another task the leader is responsible for is knowing which of the follower replicas is up-to-date with the leader.

Follower replica

All replicas for a partition that are not leaders are called followers. Followers don’t serve client requests; their only job is to replicate records from the leader and stay up-to-date with the most recent records the leader has. If a leader replica for a partition crashes, one of the follower replicas will be promoted to become the new leader for the partition.

In order to stay in sync with the leader, the followers send fetch requests to the leader periodically, which are the exact same type of requests that consumers send in order to consume records. In response to those requests, the leader sends the records to the replicas.

In-Sync Replica

The In-Sync Replica set is simply all the replicas of a partition (including the leader replica) that are in-sync with the leader. A replica is considered to be out-of-sync or lagging when it falls behind the leader of the partition.

The leader maintains all of its followers and tracks their status. If a follower falls behind the leader, it gets removed from the In-Sync Replica set. If a follower in the Out-Sync Replica set catchs up to the leader, then it gets put into the In-Sync Replica set.

In Kafka 0.8.2, the replica lag is measured either in terms of number of messages it is behind the leader ( replica.lag.max.messages ) or the time for which the replica has not attempted to fetch new data from the leader ( replica.lag.time.max.ms ). The former is used to detect slow replicas while the latter is used to detect halted or dead replicas.

Since Kafka 0.9.0, configuration parameter replica.lag.max.messages was removed. Leader replica will no longer consider the number of lagging messages when deciding which replicas are in sync. Now there is only one parameter replica.lag.time.max.ms we need to configure.

Unclean Leader Election

The property unclean.leader.election.enable allows us to specify a preference of availability or durability. If availability is more important than avoiding data loss, ensure that this property is set to true. If preventing data loss is more important than availability, set this property to false.

With unclean leader election, an Out-Sync Replica will be elected as leader when there is no live In-Sync Replica. Records that were not synced to the new leader are lost.

With unclean leader election disabled, only members of this In-Sync Replica set are eligible for election as leader. If a broker containing the leader replica for a partition becomes unavailable, and no In-Sync Replica exists to replace it, Kafka returns an error and the partition becomes unavailable until the leader replica or another In-Sync Replica is back online.

This property is set to false by default.

Internals

Each replica (the leader and followers) has their own local log and maintains a few important offsets in the log. The Log End Offset is the offset of the next record that will be appended to a log. The High Watermark Offset is next to the offset of the last committed record.
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A write to a partition is not considered committed until all In-Sync Replicas have received this write. The leader never returns records which have not been replicated to all ISRs. That is, only records below the High Watermark Offset are considered committed and are visible to the consumers.

Notice that COMMITTED means the record is stored in all ISRs in memory. There is no guarantee that any replica has flushed the committed record to disk. This approach gives a good balance between response time and durability.

Let us go through one example to understand the replication process. We create one topic with 1 partition and replication factor of 3. There is a Partition object in the memory of the broker where the leader replica is located, which holds a remoteReplicasMap that maintains all follower (remote) replicas of this partition.
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The producer first finds the leader of the partition and then sends the records to the leader. The leader appends the records (to the memory) and then increases the LEO to 1. And then the leader checks and increments the HW. The HW is determined by the smallest LEO among all replicas that are in sync or are considered caught-up. Here the HW is still 0.
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The follower sends the leader fetch request periodically, which contains the LEO that the replica has currently. The leader first reads the records from its local log. But before sending the response, the leader updates LEO values in its remote replicas to the values in the requests and then tries to increment the HW. Here the minimum value in (leader LEO: 1, follower 1 LEO: 0, follower 2 LEO: 0) is still 0. Finally, the fetch response with the HW carried is sent to the followers.


[image: image-I023MNW9.png]image-I023MNW9.png

The follower receives records and writes received records to its own log (memory actually). Then updates its LEO to 1 and then tries to increment the HW to the minimum value in (fetch response HW: 0, current LEO: 1). Here the HW value of follower 1 and follower 2 is 0.
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In the next fetch request, the leader updates the HW to 1. Then the two followers respectively update their HW according to the fetch response.
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Replicas Allocation
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Suppose we have 6 brokers and we decide to create a topic with 10 partitions and a replication factor of 3. That is, 30 partition replicas to 6 brokers.

CLI Tools

Kafka provides some command line utilities which are located in the Kafka bin directory.

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181



–list

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181



–create



–topic cliproducer_test2



–partitions 1



–replication-factor 1

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181



–describe



–topic cliproducer_test2

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-console-producer.sh



–broker-list node1:6667, node4:6667, node5:6667



–topic cliproducer_test2


a



kafka-dump-log.sh helps to parse a log file and dump its contents to the console, useful for debugging a seemingly corrupt log segment. –print-data-log is used to print record content when dumping data logs.

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-dump-log.sh



–print-data-log



–files /kafka-logs/cliproducer_test2-0/00000000000000000000.log

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-dump-log.sh



–print-data-log



–files /kafka-logs/cliproducer_test2-0/00000000000000000000.index

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-dump-log.sh



–print-data-log



–files /kafka-logs/cliproducer_test2-0/00000000000000000000.timeindex

Kafka Cluster

A Kafka cluster is made up of multiple Kafka brokers. Kafka brokers contain topic partitions. Kafka producers write to topics. Kafka consumers read from topics.
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Broker ids

Kafka uses Zookeeper to maintain the list of brokers. Every broker has a unique id that is either set in the broker configuration file or automatically generated.

Every time a broker process starts, it registers itself with its id in Zookeeper by creating an ephemeral node under /brokers/ids path. If not configured with a broker id, a broker gets one from an auto-incremented sequence in ZooKeeper, and then stores it in a file log.dirs/meta.properties . Upon restart, it reads the id from meta.properties file and re-registers itself with ZooKeeper using the id.

Different Kafka components subscribe to the /brokers/ids path in Zookeeper where brokers are registered so they get notified when brokers are added or removed. When a broker loses connectivity to Zookeeper, the ephemeral node that the broker created when starting will be automatically removed from Zookeeper. Kafka components that are watching the list of brokers will be notified that the broker is gone.

Controller

In a Kafka cluster, one of the brokers serves as the controller, which is responsible for managing the states of partitions and replicas, and responsible for performing administrative tasks like reassigning partitions.

The first broker that starts in the cluster becomes the controller by creating an ephemeral node in ZooKeeper called /controller . When other brokers start, they also try to create this node, but receive a node already exists exception, which causes them to realize that the controller node already exists and that the cluster already has a controller. These brokers create a Zookeeper watch on the /controller node, so they get notified of changes to this node. When the controller broker is stopped or loses connectivity to Zookeeper, the ephemeral node will disappear. Other brokers in the cluster will be notified through the Zookeeper watch that the controller is gone and will attempt to create the /controller node in Zookeeper themselves. The first node to create the new controller in Zookeeper is the new controller, while the other nodes will receive a node already exists exception and re-create the watch on the new /controller node.

ZooKeeper

Currently ZooKeeper is required for running Kafka. But in the future ZooKeeper dependency will be removed and replaced with a Self-Managed Metadata Quorum.

Kafka uses ZooKeeper for the following:

Cluster membership

ZooKeeper maintains a list of all the brokers.

Controller election

The controller is one of the most important broking entities in a Kafka ecosystem, and it also has the responsibility to maintain the leader-follower relationship across all the partitions. So, whenever a node shuts down, a new controller can be elected and it can also be made sure that at any given time, there is only one controller and all the follower nodes have agreed on that.

Topic configuration

The configuration regarding all the topics including the list of existing topics, the number of partitions for each topic, the location of all the replicas, list of configuration overrides for all topics and which node is the preferred leader, etc.

Access control lists

Access control lists for all the topics are also maintained within ZooKeeper.

Kafka is sensitive to ZooKeeper latency and timeouts, and an interruption in communications with the ensemble will cause the brokers to behave unpredictably.

It does not justify the use of a dedicated ZooKeeper ensemble for a single Kafka cluster. In fact, many deployments use a single ZooKeeper ensemble for multiple Kafka clusters. Outside of using a single ensemble for multiple Kafka clusters, it is not recommended to share the ensemble with other applications, if it can be avoided.

We can use zookeeper-shell.sh shipped with Kafka to view the metadata stored in ZooKeeper.

/usr/hdp/3.1.4.0-315/kafka/bin/zookeeper-shell.sh node3:2181,node2:2181,node1:2181

ls /brokers/ids

[1003, 1002, 1001]

get /brokers/ids/1001

{“listener_security_protocol_map”:{“PLAINTEXT”:“PLAINTEXT”},“endpoints”:[“PLAINTEXT://node1:6667”],“jmx_port”:-1,“host”:“node1”,“timestamp”:“1593753657006”,“port”:6667,“version”:4}

cZxid = 0x1100007de7

ctime = Fri Jul 03 13:20:57 CST 2020

mZxid = 0x1100007de7

mtime = Fri Jul 03 13:20:57 CST 2020

pZxid = 0x1100007de7

cversion = 0

dataVersion = 0

aclVersion = 0

ephemeralOwner = 0x3730e51d5e1003e

dataLength = 180

numChildren = 0

get /brokers/topics/MY-TOPIC

{“version”:1,“partitions”:{“1”:[1002,1003],“0”:[1001,1002]}}

cZxid = 0x110002a0aa

ctime = Tue Jul 07 17:09:00 CST 2020

mZxid = 0x110002a0aa

mtime = Tue Jul 07 17:09:00 CST 2020

pZxid = 0x110002a0ac

cversion = 1

dataVersion = 0

aclVersion = 0

ephemeralOwner = 0x0

dataLength = 60

numChildren = 1

quit

Producer

KafkaProducer is the default Producer client that we use to send messages to a Kafka cluster.

Properties

A producer is instantiated by providing a set of key-value pairs as configuration. Below is the producer configuration.

acks=0

The producer will not wait for any acknowledgment from the broker at all. The record is considered sent as soon as it has been written to the network. No guarantee can be made that the broker has received the record, and the retries configuration will not take effect. The offset given back for each record will always be set to -1. This setting provides lower latency and higher throughput at the cost of much higher risk of message loss.

acks=1

When setting the ack value to 1, the producer gets an acknowledgment after the leader has received the record. It considers the write successful when the leader receives the record. The broker immediately responds the moment it receives the record. The followers then asynchronously replicate the new record. The record will be lost if the leader fails immediately after acknowledging the record, but before the followers have replicated it. This setting is the middle ground for latency, throughput, and durability. It is slower but more durable than acks=0. This is the default value.

acks=all

The producer gets an acknowledgment when all In-Sync Replicas have received the record. It considers the write successful when all of the In-Sync Replicas receive the record. The leader sends back a response once all the In-Sync Replicas receive the record themselves. This means the leader will wait for the full set of In-Sync Replicas to acknowledge the record. This guarantees that the record will not be lost as long as at least one in-sync replica remains alive. This is the strongest available guarantee.

bootstrap.servers

Any broker in a Kafka cluster can act as a bootstrap server. Generally, a list of bootstrap servers is passed instead of just one server. At least two bootstrap servers are recommended.

max.block.ms

If records are sent faster than they can be transmitted to the brokers then the buffer space will be exhausted. When the buffer space is exhausted additional send calls will block. The threshold for time to block is determined by max.block.ms , after which a TimeoutException is thrown.

retries

Allowing retries without setting max.in.flight.requests.per.connection to 1 will potentially change the ordering of records because if two batches are sent to a single partition, and the first fails and is retried but the second succeeds, then the records in the second batch may appear first.

delivery.timeout.ms

From Kafka 2.1, the default value for the producer retries config was changed to Integer.MAX_VALUE, and delivery.timeout.ms was introduced which sets an upper bound on the total time a batch exists since it was created. By default, the delivery timeout is set to 2 minutes. If the batch has not been processed within this time limit, a TimeoutException will be thrown. Note that the produce requests will be failed before the number of retries has been exhausted if the timeout configured by delivery.timeout.ms expires first. We should generally prefer to leave the retries config unset and instead use delivery.timeout.ms to control retry behavior.

delivery.timeout.ms should be equal to or larger than linger.ms + request.timeout.ms .

ProducerRecord

A message written to Kafka is referred to as ProducerRecord. We start producing messages to Kafka by creating a ProducerRecord, which must include a topic and a value. Other parameters are optional.

public ProducerRecord(String topic, V value) { }

public ProducerRecord(String topic, K key, V value) { }

public ProducerRecord(String topic, Integer partition, K key, V value) { }

public ProducerRecord(String topic, Integer partition, K key, V value, Iterable

headers) { }

public ProducerRecord(String topic, Integer partition, Long timestamp, K key, V value) { }

public ProducerRecord(String topic, Integer partition, Long timestamp, K key, V value, Iterable

headers) { }

topic

The topic the record will be appended to.

partition

The partition to which the record should be sent.

timestamp

The timestamp of the record, in milliseconds since epoch. If null, the producer will assign the timestamp using System.currentTimeMillis() .

key

The key that will be included in the record.

value

The record contents.

headers

the headers that will be included in the record.

Metadata discovery

In order to send a producer record to the appropriate broker, the producer first establishes a connection to one of the bootstrap servers. The bootstrap server returns a list of all the brokers available in the clusters and all the metadata details like topics, partitions, replication factors, and so on. Based on the list of brokers and metadata details, the producer identifies the leader broker that hosts the leader partition of the producer record and writes it to the broker.
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Internals

Asynchronously send a ProducerRecord to a topic. There are two forms of send() method. One with a callback and one without a callback. Both forms of send() method return a Future.

public Future send(ProducerRecord<K, V> record) { }

public Future send(ProducerRecord<K, V> record, Callback callback) { }

The send() method is asynchronous and will return immediately once the record has been stored in the buffer of records waiting to be sent. This allows sending many records in parallel without blocking to wait for the response after each one.

The result of the send() is a RecordMetadata. It specifies the partition the record was sent to, the offset it was assigned and the timestamp of the record. If CreateTime is used for the topic, the timestamp will be the user provided timestamp or the producer local time when the ProducerRecord was handled to the producer if the user did not specify a timestamp for the record. If LogAppendTime is used for the topic, the timestamp will be the Kafka broker local time when the record is appended.

The send() method returns a Future that we can use to check its completion. Invoking Future#get() on this future will block until the associated request completes from Kafka cluster and then return the metadata for the record or throw any exception that occurred while sending the record.

try {

    RecordMetadata metadata = producer.send(record).get();

    System.out.println(“Synchronous producer completed with success”);

} catch (Exception e) {

    System.out.println(“Synchronous producer failed with an exception”);

} finally {

    producer.close();

}

Alternatively, we can supply a callback.

producer.send(record, new MyCallback());

System.out.println(“Asynchronous producer call completed”);

producer.close();

class MyCallback implements Callback {

    @Override

    public void onCompletion(RecordMetadata recordMetadata, Exception e) {

        if (e != null)

            System.out.println(“Asynchronous producer failed with an exception”);

        else

            System.out.println(“Asynchronous producer call success”);

    }

}

Then the producer will serialize the key and the value to Byte Arrays so they can be sent over the network.

Then the data is sent to a partitioner. DefaultPartitioner is the default partitioner for producer. If we specified a valid partition number in the ProducerRecord, the partitioner doesn’t do anything and simply returns the partition we specified. If no partition is specified but a key is present a partition will be chosen using a hash of the key. If neither key nor partition is present a partition will be assigned in a round-robin fashion. Once a partition is selected, the producer knows which topic and partition the record will go to.

The producer then appends the record to the RecordAccumulator instance whose variable ConcurrentMap<TopicPartition, Deque> batches means each partition per topic corresponds to a Deque . The record is appended to the latest ProducerBatch in the queue corresponding to TopicPartition of this record.

Records are always written into Kafka in batches. The size of ProducerBatch is controlled by batch.size configuration property.

The batch is eligible to be considered for sending when either linger.ms or batch.size bytes has been reached, whichever comes first. A separate Sender thread is responsible for sending these batches to the appropriate Kafka brokers.

The Sender first determines which partition queue’s first batch is ready to be sent and gets a list of brokers where the leader partitions of these qualified partitions are located.

RecordAccumulator.ReadyCheckResult result = this.accumulator.ready(cluster, now);

For each given ready broker, the sender traverses all leader partitions, gets the first batch from the corresponding queue in RecordAccumulator for each leader partition, and finally returns a list of batches which fit within the specified max.request.size .

Map<Integer, List> batches = this.accumulator.drain(cluster, result.readyNodes,

this.maxRequestSize, now);

The return type Map<Integer, List> denotes the broker id and its corresponding batches to be sent. Note that each batch comes from a different partition.

Then, for each ready broker, one ClientRequest is constructed which encapsulates multiple batches together into one request for sending to the same broker. And each ClientRequest has a corresponding callback handleProduceResponse which is used to handle the ClientResponse.

Finally, NetworkClient.send() is invoked to send the requests.

NetworkClient has a variable inFlightRequests of type InFlightRequests, which holds the set of requests for each broker which have been sent or are being sent but haven’t yet received a response. The configuration property max.in.flight.requests.per.connection controls the size of inflight requests for each broker. Setting its value to 1 can guarantee the message ordering.

NetworkClient is a non-blocking KafkaClient that uses a Selector for network communic-ation. Selector has a variable channels of type Map<String, KafkaChannel> , which holds the mapping between a broker and its KafkaChannel. Each KafkaChannel represents a connection to a broker. The variable completedReceives of type LinkedHashMap<String, NetworkReceive> holds the mapping between a channel and its response. Another variable completedSends of type List holds the list of Sends that has been sent but not yet received. We can check completed sends, receives using completedSends() , completedReceives() of Selector.

As for Selector, the Send represents a request and the NetworkReceive represents a response.
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For each ClientRequest there is a callback handleProduceResponse . The NetworkClient traverses its ClientResponse list and invokes this callback for each ClientResponse. Note that a ClientRequest encapsulates first batch of each leader partition which locates in same broker from RecordAccumulator. Therefore, the body of a ClientResponse carries responses for multiple leader partitions of a broker- one PartitionResponse per partition. That is, each batch encapsulated in one ClientRequest has a PartitionResponse in the corresponding ClientResponse. So, it needs to parse the response of each partition from the body of ClientResponse.

After getting the PartitionResponse of every batch, it then sets and completes Future, and unblocks any threads waiting on the Future (i.e. Future.get() used) for every record in batch. Alternatively, if callback used when sending, the callback will be triggered for every record.

After the send is complete, Selector adds it to completedSends . After getting a NetworkReceive from Kafka cluster, Selector adds the receive to completedReceives . For acks=0, no response is sent back from Kafka cluster. In NetworkClient, the method handleCompletedSends() traverses all completed sends, removes the corresponding requests with no response expected from inFlightRequests and then generates a ClientResponse with null body for each request. That is, the response for the request with acks=0 is generated by NetworkClient and not returned by Kafka cluster.

private void handleCompletedSends(List responses, long now) {

    for (Send send : this.selector.completedSends()) {

        InFlightRequest request = this.inFlightRequests.lastSent(send.destination());

        if (!request.expectResponse) {

            this.inFlightRequests.completeLastSent(send.destination());

            responses.add(request.completed(null, now));

        }

    }

}

For one batch, if its corresponding PartitionResponse has an error and the error is transient, and the attempts number of this batch is fewer than the maximum allowed, then adds it back to the first position of its deque in the accumulator to wait for next run loop of the Sender thread.

The caller of the KafkaProducer could catch the Kafka cluster related exception which is thrown in Future.get() , or the caller could parse the exception parameter which is passed into the callback: Callback#onCompletion(RecordMetadata metadata, Exception exception) .

When a batch was sent as part of a single request to Kafka cluster and one or more of the records failed, the whole batch would be rejected.
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ClientRequest and ClientResponse

Compression

The producer config property compression.type defaults to none . Setting this allows the producer to compress request data. By default, the producer does not compress request data. The compression is by batch and improves with larger batch size.

End to end compression is possible if the Kafka Broker config compression.type sets to producer . Data will be compressed by the producer, written in compressed format on the brokers and decompressed by the consumers. End to end compression is efficient as compression only happens once and is reused by the broker and consumer.

Summary

To publish a record batch to a partition, the client first finds the leader of the partition and sends the record batch to the leader. The leader writes the batch to its local log. Each follower constantly pulls new batches from the leader. That way, the follower receives all batches in the same order as written in the leader. The follower writes each received batch to its own log and sends an acknowledgment back to the leader. Once the leader receives the acknowle-dgement from all replicas in ISR, the batch is considered as committed. Consumers can only read batches that are committed. Batches that are committed will not be lost as long as at least one replica remains alive.

Kafka provides order guarantee of messages within a partition, not across partitions. If message B was written after message A, using the same producer in the same partition, then Kafka guarantees that the offset of message B will be higher than message A, and consumers will read message B after message A.

Consumer

Consumers are applications that are responsible for consuming messages stored in brokers. Similar to the producer, record batch is the basic reading unit. Records are fetched in batches by the consumer.

When reading partition records from a certain offset , it actually returns a slice of the partition log file, which is a view starting from the given start position and with the given size.

To find the start position, it first finds the log segment where this offset is located, then in offset index file, finds the index entry with the largest offset less than or equal to this given offset , and then according to the physical position in this index entry, finds the record batch this given offset locates. Then use the position of this record batch as the start position. Note that, there will be out-of-range records being read (those in the same record batch as the given offset but less than the offset ). Fetcher will skip these out-of-range records to ensure that the consumer will not read them.

Another is how to calculate the slice size. One factor is max position which is typically the position of the record batch where the HW offset locates. The slice size is max position minus start position. Therefore, this HW record batch will not be included in the result, that is, all records in this record batch will not be read. Another factor is max size which is the maximum number of bytes to read. There are two configuration properties that used to control the max size. If the last record batch corresponding to the specified max size is not fully occupied, this last record batch will be discarded. Finally, the slice size is taken from the smaller of the two factors.

If the first record batch is larger than the default value of the max.partition.fetch.bytes or fetch.max.bytes property, this record batch can still be returned to ensure that the consumer can make progress.

Consumer Group

To read records from Kafka, create an instance of KafkaConsumer and then subscribe to one or more topics. It is also possible to subscribe to a list of topics using a regular expression. The expression can match multiple topic names.

We can group consumers together by setting the same group.id configuration property when we start each consumer.

Properties props = new Properties();

props.put(“group.id”, “test”);

Each consumer group is composed of many consumer instances for scalability and fault tolerance. It is possible for a single consumer to be in a group. As consumer instances can be in separate processes or threads, the multiple consumer instances in a consumer group can run on same machine or separate machines.

When multiple consumers, belonging to the same consumer group, are subscribed to a topic, each consumer in the group will receive records from a different subset of the partitions of the topic. The consumer group assures that each partition is only consumed by exactly one consumer. That is, consumers in a consumer group load balance record processing.

As shown in the figure below, when all the consumer instances are subscribed to the same topic, and have the same group, the records will effectively be load balanced over the consumer instances. If they have different consumer groups, then each record will be broadcast to all the groups.
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Partition Ownership

The mapping of a consumer to a partition is usually called ownership of the partition by the consumer. Suppose there is a topic named t1 with four partitions. Let’s take a look at different situations.


[image: image-XWJO9G2J.png]image-XWJO9G2J.png


[image: image-RGMVS51D.png]image-RGMVS51D.png


[image: image-1ISJ6SSX.png]image-1ISJ6SSX.png


[image: image-JELS3CA2.png]image-JELS3CA2.png


[image: image-GIKK8U37.png]image-GIKK8U37.png

Assignment Strategy

Let us continue to learn more about how partitions are assigned to the group members. When creating a new KafkaConsumer, we can configure an assignment strategy that will be used to assign the partitions amongst the consumer instances through the property partition.assignment.strategy .

Properties props = new Properties();

props.put(“partition.assignment.strategy”, StickyAssignor.class.getName());

All consumers in the same group must have one common strategy declared. If a consumer attempts to join a group with an assignment configuration inconsistent with other group members, we will end up with an InconsistentGroupProtocolException.

A strategy is simply the fully qualified name of a class implementing the interface Consumer-PartitionAssignor . Kafka provides some built-in strategies: RangeAssignor, RoundRobin-Assignor, StickyAssignor and CooperativeStickyAssignor. Kafka also allows us to customize our own assignment strategies by implementing  org.apache.kafka.clients.consumer.ConsumerP-artitionAssignor .

RangeAssignor

The RangeAssignor is the default strategy.

The range assignor works on a per-topic basis. For each topic, it lays out the available partitions in numeric order and the consumers in lexicographic order. it then divides the number of partitions by the total number of consumers to determine the number of partitions to assign to each consumer. If it does not evenly divide, then the first few consumers will have one extra partition.

Suppose we have 1 topic with 8 partitions and 3 consumers. When all consumers are alive, the partitions will be assigned as the following:

Consumer 1: [p0, p1, p2]

Consumer 2: [p3, p4, p5]

Consumer 3: [p6, p7]
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If there are more consumers than partitions, the extra consumers will be idle. In this example, at most two consumers are used because we have maximum of two partitions in this topic.
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Suppose there are 100 topics matched the consumer pattern, only one topic has 8 partitions, all others have only 1 partition for each. RangeAssignor will assign 102 partitions to consumer 1, 3 partitions to consumer 2, 2 partitions to consumer 3. Consumer 1 is doing all the heavy work to consume records. But consumer 2 and consumer 3 will stay idle after finishing.
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RoundRobinAssignor

The RoundRobinAssignor lays out all the available partitions cross topics and all the available consumers. It then proceeds to do a round robin assignment from partition to consumer.

RoundRobinAssignor treats all topic-partitions as a whole partitions group, Kafka will try to evenly distribute all partitions into consumers.

Suppose we have 1 topic with 8 partitions and 3 consumers. When all consumers are alive, the partitions will be assigned as the following:

Consumer 1: [p0, p3, p6]

Consumer 2: [p1, p4, p7]

Consumer 3: [p2, p5]
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RoundRobinAssignor makes each consumer assigned even number of partitions over multiple topics. For the above example of the 100 topics, consumer 1 and consumer 2 will get 36 partitions for each, consumer 3 will get 35 partitions.


[image: image-U0RQ95B0.png]image-U0RQ95B0.png

StickyAssignor

The sticky assignor serves two purposes. First, it guarantees an assignment that is as balanced as possible. Second, it preserves as many existing assignments as possible when a re-assignment occurs. The implementation of the StickyAssignor strategy is much more complex than RangeAssignor and RoundRobinAssignor.

The StickyAssignor is used to prefer consumers that are already assigned to partition on rebalance. The StickyAssignor is pretty similar to the RoundRobinAssignor except that it will try to minimize partition movements between two assignments.

Suppose there are three consumers, four topics t0, t1, t2, t3, and each topic has 2 partitions, resulting in partitions t0-p0, t0-p1, t1-p0, t1-p1, t2-p0, t2-p1, t3-p0, t3-p1. Each consumer is subscribed to all three topics.

The assignment with both StickyAssignor and RoundRobin-Assignor will be:

Consumer 1: [t0-p0, t1-p1, t3-p0]

Consumer 2: [t0-p1, t2-p0, t3-p1]

Consumer 3: [t1-p0, t2-p1]

Now, let’s assume consumer 2 is removed and a reassignment happens. The RoundRobin-Assignor would produce:

Consumer 1: [t0-p0, t1-p0, t2-p0, t3-p0]

Consumer 3: [t0-p1, t1-p1, t2-p1, t3-p1]

The StickyAssignor would result in:

Consumer 1: [t0-p0, t1-p1, t3-p0, t2-p0 ]

Consumer 3: [t1-p0, t2-p1, t0-p1 , t3-p1 ]

Unlike the RoundRobinAssignor, it preserves all the previous assignments.

CooperativeStickyAssignor

It is a variant of StickyAssignor that utilizes the new cooperative rebalancing protocol. It follows the same sticky assignment logic as StickyAssignor but allows for cooperative rebalancing protocol while the StickyAssignor follows the eager rebalancing protocol.

The basic idea behind this new protocol is to perform rebalancing incrementally and in cooperation. In other words, it means executing multiple rebalance rounds rather than a global one.

Rebalance

The action of reassigning partitions to the consumers in a consumer group is called rebalance. Rebalances allows us to easily and safely add and remove consumers. After a rebalance, each consumer may be assigned a new set of partitions than the one it processed before.

It can occur in the following cases:

During a rebalance, consumers can’t consume records, so a rebalance is basically a short window of unavailability of the entire consumer group. Frequent rebalance is a common cause for performance degradation in Kafka consumer applications and it should be monitored and avoided if possible.

Group Coordinator

Group coordinator handles general group membership and offset management.

When a broker starts, it instantiates a group coordinator which is responsible for several consumer groups. There is only one group coordinator in each broker.

When a consumer group is created, one of the brokers in the Kafka cluster is elected to be the group coordinator. A consumer group is assigned to a group coordinator based on its group id. Basically, its group id is hashed to one of the partitions of Kafka build-in topic __consumer_offsets , and the broker where the leader replica of that __consumer_offsets partition locates is elected as the group coordinator.

The way to calculate the __consumer_offsets partition is the hash of the group id modulo the number of __consumer_offsets partitions.

#partition = Utils.abs(groupid.hashCode) % groupMetadataTopicPartitionCount

groupMetadataTopicPartitionCount is the number of partitions for topic __consumer_offsets , which can be configured by offsets.topic.num.partitions (default 50).

When a consumer starts, it first obtains the Kafka broker coordinator which is responsible for its group. Then, it sends a JoinGroup request to the group coordinator.

There is a group leader role among consumers in a consumer group. In practice, the first consumer that joins the consumer group acts as the group leader. The consumer group leader is an arbitrary consumer client that is part of the group. Apart from being a normal consumer, it is also responsible for executing the partitions assignments locally.

The JoinGroup request contains consumer client configuration such as session.timeout.ms and max.poll.interval.ms . These 2 properties are used by the group coordinator to kick consumer members out of the consumer group if they don’t respond. In addition, the request also contains two very important fields: the list of protocols supported by the members, and metadata used for executing one of the protocols.

In below case, the protocols are the list of partition assignors configured for the consumer. Metadata contains the list of topics the consumer subscribes to.

{

“groupId”: “test-group”,

“sessionTimeout”: 10000,

“memberId”: ““,

“protocolType”: “consumer”,

“groupProtocols”: [

{

“name”: “range”, // ConsumerPartitionAssignor

“metadata”: {

“version”: 0,

“topic”: “foo,bar”, //subscribed topics

“user_data”: null

}

}

],

“rebalanceTimeout”: 300000

}

The group coordinator does not respond but rather holds the JoinGroup requests until all consumer requests are received or max.poll.interval.ms expires.

The group leader receives a list of all active consumers and the selected assignment strategy while other consumers receive an empty response. The group leader uses an implementation of partition assignor to decide which partitions should be handled by which consumer.

All consumers send a SyncGroup request to the group coordinator. The group leader attaches the computed assignments while others simply send an empty request. Once the group coordinator responds to all SyncGroup requests, each consumer receives their assigned partitions and then starts fetching records. Note that the consumer must determine the initial offset for each assigned partition.

Offset Management

The offset is a position within a partition. Kafka maintains two types of offsets: current offset and committed offset. Current offset is used to avoid resending same records again to the same consumer. Committed offset is used to avoid resending same records to a new consumer in the event of partition rebalance.

Current Offset

Current offset is a simple integer that is used to maintain the current position of a consumer and gives the offset of the next record that will be given out. It automatically advances every time the consumer receives records in a call to  poll() .

For example, when we invoke a poll() , Kafka sends some records to us. Let us assume we have 100 records in the partition. The initial position of the current offset is 0. We make our first call and receive 20 records. Now Kafka moves the current offset to 20. When we make our next request, it will send some more records starting from 20 and again move the current offset forward.

Committed Offset

When a consumer has processed a list of records, it should commit offset. A committed offset indicates that all records smaller than this offset get already processed.

As a consumer in the consumer group reads records from the partitions assigned by the group coordinator, it must commit the offsets corresponding to the records it has read. The committed offset is critical in the case of partition rebalance. If the consumer crashes or is shutdown, its partitions will be re-assigned to another member, which will begin consump-tion from the last committed offset of each partition.

The consumer can either automatically commit offsets periodically, or it can choose to control this committed offset manually by calling one of the commit APIs. By default, the property enable.auto.commit is set to true, the consumer will automatically commit offsets periodically in the background at the interval set by auto.commit.interval.ms (default 5 seconds). By setting enable.auto.commit to false, offsets can only be committed when the consumer explicitly chooses to do so.

The committed offset should always be the offset of the next record that our application will read. Thus, when committing offset manually we should add 1 to the offset of the last record processed.

The configuration property auto.offset.reset is used to define the behavior of the consumer when there is no committed offset (when the consumer group is first initialized) or when the committed offset is out of range. We can choose either to reset the offset to the earliest offset or the latest offset (the default). We can also select none if we would rather set the initial offset ourselves and we are willing to handle out of range errors manually.

__consumer_offsets

It is the internal topic where Kafka stores information about committed offsets for each topic-partition per consumer group.

It is a compacted topic, which means that it will try to only keep the last value for each key in the logs. We can see its cleanup policy by running the following command:

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181



–describe



–topic __consumer_offsets
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This topic also has a retention period controlled by property offsets.retention.minutes . After a consumer group loses all its consumers (i.e. becomes empty), its offsets will be kept for this retention period before getting discarded. The default value is 7 days.

We can view the consumer offsets stored on this topic by the following command:

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-console-consumer.sh



–formatter “kafka.coordinator.group.GroupMetadataManager$OffsetsMessageFormatter”



–bootstrap-server node1:6667 –topic __consumer_offsets –from-beginning

To read information from this topic we need to use the formatter class kafka.coordinator.group.GroupMetadataManager$OffsetsMessageFormatter which converts binary data to readable format. –from-beginning means consuming all consumer offsets from the beginning.

The following is an example to illustrate how to consume this topic.

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-topics.sh –zookeeper node3:2181,node2:2181,node1:2181



–create



–topic offset_test



–partitions 1



–replication-factor 1



/usr/hdp/3.1.4.0-315/kafka/bin/kafka-console-producer.sh



–broker-list node1:6667, node4:6667, node5:6667



–topic offset_test

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-console-consumer.sh –bootstrap-server node1:6667



–topic offset_test –from-beginning

By default, kafka-console-consumer tool will create a random group id automatically like console-consumer-69724 . But we can specify the group id as shown below.

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-console-consumer.sh –bootstrap-server node1:6667



–topic offset_test –from-beginning



–consumer-property group.id=consumer_paul_1

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-consumer-groups.sh –bootstrap-server node1:6667 –list

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-consumer-groups.sh –bootstrap-server node1:6667



–describe –group consumer_paul_1

The partition of __consumer_offsets used to store offsets of this consumer consumer_paul_1 is calculated by Math.abs(“consumer_paul_1”.hashCode()) % 50 , where 50 is the number of partitions for __consumer_offsets . The calculation result is 15.

/usr/hdp/3.1.4.0-315/kafka/bin/kafka-console-consumer.sh



–formatter “kafka.coordinator.group.GroupMetadataManager$OffsetsMessageFormatter”



–bootstrap-server node1:6667 –topic __consumer_offsets



–partition 15



–from-beginning

The following log entry is shown:

The log entry format is as follows:

The purpose of the __consumer_offsets topic is to keep the latest consumed offset per group/topic/partition, which is why the record key is the combination of them.

We can always explicitly subscribe to this internal topic __consumer_offsets. But there is a property exclude.internal.topics which is used to control whether internal topics matching a subscribed pattern should be excluded from the subscription.

Offset commit and fetch

The consumer sends an OffsetCommit request to group coordinator to persist the offsets of the records (most recently processed by the consumer) in the __consumer_offsets partition associated with the consumer group. Then, in order to know where to start fetching records for newly assigned partitions, a consumer needs to retrieve the last committed offsets via an OffsetFetch request to the group coordinator. This allows a consumer to fetch the offsets committed by the former owners of the assigned partitions.

When the group coordinator receives an OffsetCommit request, it appends the request to __consumer_offsets . The broker sends a successful offset commit response to the consumer only after all the replicas of this topic receive the offsets. In case the offsets fail to replicate within a configurable timeout, the offset commit will fail and the consumer may retry the commit after backing off. The brokers periodically compact this topic since it only needs to maintain the most recent offset commit per partition. The group coordinator also caches the offsets in an in-memory table in order to serve offset fetches quickly.

When the group coordinator receives an OffsetFetch request, it simply returns the last committed offset vector from the offsets cache. In case group coordinator was just started or if it just became the coordinator for a new set of consumer groups, it may need to load this topic partition into the cache. In this case, the offset fetch will fail with an CoordinatorLoadInProgressException and the consumer may retry the OffsetFetch request after backing off.

Duplicate and Missed

To keep track of which records have already been processed, consumer needs to commit the offsets of the records that were processed.

After a rebalance, each consumer may be assigned a new set of partitions than the one it processed before. In order to know where to pick up the records, the consumer will read the latest committed offset of each partition and continue from there.

If the committed offset is smaller than the offset of the last record the client processed, the records between the last processed offset and the committed offset will be processed twice.
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If the committed offset is larger than the offset of the last record the client actually processed, all records between the last processed offset and the committed offset will be missed.
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Heartbeats

Each member in the consumer group must send heartbeats to the group coordinator in order to maintain membership in a consumer group and ownership of the partitions assigned to them. On every received heartbeat, the group coordinator resets a timer. If no heartbeat is received when the timer expires, then the group coordinator will kick the member out of the group and reassign its partitions to another member. The duration of the timer is known as the session timeout and is configured on the consumer client with session.timeout.ms . The session.timeout.ms specifies the amount of time within which the group coordinator needs to get at least one heartbeat from the consumer, otherwise it will mark the consumer as dead.

The heartbeat.interval.ms specifies the frequency of sending heartbeat by the consumer. Its value must be set lower than session.timeout.ms, but typically should be set no higher than 1/3 of that value. So, the default value of session.timeout.ms 10 seconds makes provision for missing three heartbeats before a group coordinator will mark the consumer as dead.

Before 0.10.1, heartbeat is sent as part of polling. Consumers must keep polling, or they will be considered dead and the partitions they are consuming will be handed to another consumer in the group. Assume processing a record takes 1 minute. We will need to set session.timeout.ms larger than 1 minute to prevent consumer to time out. Also, if consumer dies, it also takes longer than 1 minute to detect the failed consumer.

Starting from 0.10.1, Kafka has introduced a background thread for sending heartbeat instead of relying on user application thread to keep polling regularly. This decouples heartbeats from calls to poll() via a background heartbeat thread, allowing for a longer processing time (i.e. time between two consecutive poll() ) than heartbeat interval, allowing to send heartbeat between two consecutive polls.

Now we have two threads running, the heartbeat thread and the processing thread and thus, Kafka introduced a timeout for each: session.timeout.ms is for the heartbeat thread while max.poll.interval.ms is for the processing thread. The max.poll.interval.ms is the upper bound of time that the client is allowed to spend in message processing. If it is set to 2 minutes, then client could go on with its message processing within 2 minutes without the need to go back and call poll() method. The client is still considered alive since there is a background heartbeat thread that keeps sending heartbeats to server regularly.

Standalone Consumer

Kafka consumers are typically part of a consumer group. In a consumer groups, partitions are assigned automatically to consumers and are rebalanced automatically when consumers are added or removed from the group. But it is possible to create a single consumer that do not belong to any consumer group. Sometimes we know we have a single consumer that always needs to read data from all the partitions in a topic, or from a specific partition in a topic. In this case, there is no reason for groups or rebalances. So, the consumer doesn’t need to subscribe to a topic. Instead, we just manually assign the consumer a list of partitions by consumer.assign() .

A consumer can either subscribe to topics (and be part of a consumer group), or assign itself partitions, but not both at the same time.

Other than the lack of rebalances and the need to manually find the partitions, everything else is business as usual. Keep in mind that if someone adds new partitions to the topic, the consumer will not be notified. We need to handle this by checking consumer.partitionsFor() periodically or simply by bouncing the application whenever partitions are added.

Message Delivery Semantics

For at most once delivery, the message is either delivered or not delivered. This delivery semantic is suited for use cases where losing some messages do not affect the result of processing the complete data. It is useful when achieving high throughput is important since there is no overhead from waiting for acknowledgment from the brokers.

For at least once delivery, messages can be delivered and consumed several times. In this semantic, it is important that messages are not lost. There is little concern with the duplication of data.

For exactly once delivery, messages are delivered and read once. No message should be lost. For example, in financial transactions, it is important that messages are received and processed once.

In Kafka, the delivery semantics can be configured on both the producer and consumer. Based on configuration all three delivery semantics are supported.

Producer

At most once

When acks property is set to 0 , we get at most once delivery semantics. Kafka producer sends the record to the broker and doesn’t wait for acknowledgment from the broker. Once sent, messages will not be retried in this setting.

At least once

When acks property is set to 1 or all , we can achieve at least once delivery semantics. Kafka producer sends the record to the broker and waits for acknowledgment from the broker. If no acknowledgment is received for the message sent, then the producer will retry sending the message based on retries configuration.

acks=all should be used in conjunction with min.insync.replicas , which specifies the minimum number of replicas that must acknowledge a write for the write to be considered successful. When used together, min.insync.replicas and acks allow us to enforce greater durability guarantees. A typical scenario would be to create a topic with a replication factor of 3, set min.insync.replicas to 2, and produce with acks of all . This will ensure that the producer raises an exception if a majority of replicas do not receive a write.

Exactly once

At least once delivery semantics means that a message that is sent may be delivered one or more times. Since Kafka 0.11, we can configure idempotent producer, which is used to avoid duplicate messages.

Using enable.idempotence=true to configure the producer to be idempotent.

acks must be set to all when enable.idempotence is true. We don’t need to explicitly set acks , which will automatically be set to all when enable.idempotence is true.

max.in.flight.requests.per.connection must be set <= 5 when enable.idempotence is true. This means we can have up to 5 inflight requests and it still be sure they will be written in the correct order.

How idempotent producer works

When starting, each producer gets assigned a producer Id (PID). Additionally, each message gets a monotonically increasing sequence number. The sequence number starts from 0 and is maintained per producer and per partition. PID and a sequence number is bundled together with the message and sent to the broker. On the broker side, on a per partition basis, it keeps track of the largest PID-Sequence Number combination. The broker only accepts the message if the sequence number of the message is exactly 1 greater than the last committed message. If the message sequence number is more than 1 greater than the sequence number maintained by the broker, it means that some messages have not been written, that is, out of order. The broker rejects the message and the producer throws InvalidSequenceNumber . If the message sequence number is less than or equal to the sequence number maintained by the broker, it means a duplicate message. The broker discards the message directly, and the producer throws DuplicateSequenceNumber .

Since each new instance of a producer gets assigned a new unique PID, we can only guarantee idempotency for a single producer session. Currently Kafka does not offer a way to continue an idempotent producer session. Each time we start one it gets a new unique PID.

Idempotent producer ensures exactly once message delivery per partition, in order to do so in multiple partitions, we can use atomic transactions. The transactional producer allows us to send messages to multiple partitions atomically. All of the messages included in the transaction will be successfully written or none of them will be.

Transactions are enabled through producer configuration. It needs to first enable idempotent writes by enable.idempotence=true and then provides a transactional.id .

Note that enable.idempotence must be enabled if a transactional.id is configured.

When using transactions, Kafka insert control batches into the logs, which are used by KafkaConsumer to filter out aborted transactional messages. Control batches are not visible to client applications. A control batch contains a single record called the control record. There are two types of control record- COMMIT and ABORT.

Consumer

No guarantee

In this semantics, there is no guarantee of a message, which means the given message processed once, multiple times or never at all. This is the default semantics as the property enable.auto.commit is true by default. The frequency of these commits is determined by the configuration property auto.commit.interval.ms (default 5 seconds).

At most once

In this semantics, offsets are committed before the messages get processed. If the processing goes wrong the messages will be lost.

At least once

In this semantics, offsets are committed after the messages get processed. If some exceptions occur while processing so the message is not committed, the consumer will be able to read the message again. This can lead to duplicate message processing. This is configured in the consumer client by setting enable.auto.commit to false and committing offsets manually. Offsets can be committed using commitSync or commitAsync .

Exactly once

On the consumer side, the behavior of the consumer can be tuned by changing the isolation level, which controls the visibility of transactional records. If we are not using transactions in producer side, the isolation level does not matter.

There are two isolation levels.

Read non-transactional messages or committed transactional messages in offset order. To be more concrete, read_committed returns all data from offsets smaller than an offset called Last Stable Offset. Brokers maintain the LSO of each partition below which all transactional records have either been committed or aborted. A read_committed consumer will only read up to the LSO and filter out any transactional records which have been aborted. If a transaction is in-flight the consumer will not be able to consume records that are part of that transaction. When the transaction is committed or aborted, the broker will update LSO, and then the consumer will receive the new records.

Read all available messages in offset order without waiting for transactions to be committed. This is the default. The consumer will simply read everything including in-flight or aborted transactions. It is similar to the traditional read semantics of a Kafka consumer. Consumers are limited to fetching up to the High Watermark.

Java Application

Here we create a simple Kafka producer and consumer through IntelliJ Idea.

pom.xml



    

        org.apache.kafka

        kafka-clients

        2.0.0

    

    

        org.slf4j

        slf4j-api

        1.7.5

    

    

        org.slf4j

        slf4j-simple

        1.6.4

    



Producer

public class HelloProducer {

    public static void main(String[] args) {

        Properties props = new Properties();

        props.put(ProducerConfig.BOOTSTRAP_SERVERS_CONFIG,

“node1:6667,node4:6667,node5:6667”);

        props.put(ProducerConfig.ACKS_CONFIG, “all”);

        props.put(ProducerConfig.RETRIES_CONFIG, 0);

        props.put(ProducerConfig.BATCH_SIZE_CONFIG, 16384);

        props.put(ProducerConfig.LINGER_MS_CONFIG, 1);

        props.put(ProducerConfig.BUFFER_MEMORY_CONFIG, 33554432);

        props.put(ProducerConfig.KEY_SERIALIZER_CLASS_CONFIG,

“org.apache.kafka.common.serialization.StringSerializer”);

        props.put(ProducerConfig.VALUE_SERIALIZER_CLASS_CONFIG,

“org.apache.kafka.common.serialization.StringSerializer”);

        Producer<String, String> producer = new KafkaProducer<String, String>(props);

        for (int i = 0; i < 100; i++)

            producer.send(new ProducerRecord<String, String>(args[0], “hello-kafka-” + i));

        producer.close();

    }

}

Consumer

public class HelloConsumer {

    public static void main(String[] args) {

        Properties props = new Properties();

        props.put(ConsumerConfig.BOOTSTRAP_SERVERS_CONFIG,

“node1:6667,node4:6667,node5:6667”);

        props.put(ConsumerConfig.GROUP_ID_CONFIG, “test”);

        props.put(ConsumerConfig.ENABLE_AUTO_COMMIT_CONFIG, “true”);

        props.put(ConsumerConfig.AUTO_COMMIT_INTERVAL_MS_CONFIG, “1000”);

        props.put(ConsumerConfig.AUTO_OFFSET_RESET_CONFIG, “earliest”);

        props.put(ConsumerConfig.KEY_DESERIALIZER_CLASS_CONFIG,

“org.apache.kafka.common.serialization.StringDeserializer”);

        props.put(ConsumerConfig.VALUE_DESERIALIZER_CLASS_CONFIG,

“org.apache.kafka.common.serialization.StringDeserializer”);

        KafkaConsumer<String, String> consumer = new KafkaConsumer<String, String>(props);

        consumer.subscribe(Arrays.asList(args[0]));

        while (true) {

            ConsumerRecords<String, String> records = consumer.poll(100);

            for (ConsumerRecord<String, String> record : records)

                System.out.printf(“offset = %d, key = %s, value = %s%n”, record.offset(), record.key(),

record.value());

        }

    }

}

Build and run

java -cp kafkademo.jar org.example.kafkademo.HelloProducer javaproducer_test

java -cp kafkademo.jar org.example.kafkademo.HelloConsumer javaproducer_test

Kafka Connect

Kafka Connect is a configuration-driven tool with no coding required for connecting Kafka with external systems such as databases, key-value stores, search indexes, and file systems. Kafka Connect is designed to make it easier to build large scale, real-time ETL pipelines and provides a very powerful way of handling integration requirements.

Kafka Connect ships with Apache Kafka, so there is no need to install it separately. It can be deployed either as a standalone process that runs on a single machine, or as a distributed, scalable, fault-tolerant service supporting an entire organization. We can start with a standalone environment for development and testing, and then scale up to a full production environment to support a large organization’s data pipeline.

Connectors and Tasks

Connectors manage integration of Kafka Connect with another system, either as an input that ingests data into Kafka or an output that passes data to an external system.

There are two types of connectors- source connectors and sink connectors. Source connectors pull data from an external system (the source) and write it to Kafka topics. Sink connectors read data from Kafka topics and push it to an external system (the sink).

Connectors do not perform any data copying themselves. Connector configuration describes the data to be copied, and the connector is responsible for breaking the job into a set of tasks that can be distributed to workers. By allowing the connector to break a single job into many tasks, Kafka Connect provides built-in support for parallelism and scalable data copying.

Tasks are responsible for actually getting data into or out of Kafka. Each connector instance coordinates a set of tasks to copy the data. Connectors define a task and responsible for the number of tasks, splitting work between tasks, getting configurations for the tasks from the workers. For example, to decide how many tasks to run for a sink, a connector could use the minimum between tasks.max set in the configuration and the number of partitions of the Kafka topic it is reading from.

Tasks also come in two corresponding flavors- source tasks and sink tasks. A source task polls data from the source system for storage in Kafka. A sink tasks records loaded from Kafka and puts them to the sink system.

Kafka Connect provides various source and sink connectors out of the box. We can also extend the existing Kafka connectors or develop new connectors. Developing a connector only requires implementing two interfaces, the Connector and Task .

public abstract class Connector implements Versioned {

    /**

    * Returns the Task implementation for this Connector.

    */

    public abstract Class<? extends Task> taskClass();

    /**

    * Returns a set of configurations for Tasks based on the current configuration,

    * producing at most count configurations.

    *

    * @param maxTasks maximum number of configurations to generate

    * @return configurations for Tasks

    */

    public abstract List<Map<String, String>> taskConfigs(int maxTasks);

}

Converters

Kafka doesn’t know anything about the data format of topic key and value, it just treats them as byte arrays. The converter provides support for translating between Kafka Connect internal data format and byte arrays. Tasks use converters to change the format of data from bytes to a Kafka Connect internal data format and vice versa.

Kafka Connect takes a default converter configuration at the worker level in the worker configuration. It can also be overridden per connector level in the connector configuration.

Converters are decoupled from connectors to allow for reuse between connectors. We can create our own converter by implementing the Converter interface.

Transforms

A transform is a simple function that accepts one record as an input and outputs a modified record. We can create our own transform by implementing the Transformation interface. It is also known as Single Message Transforms, and as the name suggests, it operates on every single record as they flow through Kafka Connect.

Connectors can be configured with transforms to make simple and lightweight modifications to individual records. Multiple transforms can also be chained together in the connector configuration.

Transforms can be used with source connectors and sink connectors. Transforms transform inbound messages after a source connector has produced them, but before they are written to Kafka. Transforms transform outbound messages before they are sent to a sink connector.

When transforms are used with a source connector, Kafka Connect passes each SourceRecord produced by the connector through the first transform, which makes its modifications and outputs a new SourceRecord. This updated SourceRecord is then passed to the next transform in the chain, which generates a new modified SourceRecord. This continues for the remaining transforms. The final updated SourceRecord is converted to the binary form and written to Kafka.

When transforms are used with a sink connector, Kafka Connect reads message from Kafka and converts the binary representation to a SinkRecord. If there is a transform, Kafka Connect and passes the record through the first transform, which makes its modifications and outputs a new updated SinkRecord. The updated SinkRecord is then passed through the next transform in the chain, which generates a new SinkRecord. This continues for the remaining transforms, and the final updated SinkRecord is then passed to the sink connector for processing.
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Connectors, transforms, and converters are pluggable components.

Workers

Connectors and tasks are logical units of work and must be scheduled to execute in a process. Workers are the processes that execute the connectors and tasks. There are two types of workers- standalone and distributed. Standalone mode is the simplest mode, where a single process is responsible for executing all connectors and tasks. Distributed mode provides scalability and automatic fault tolerance for Kafka Connect. In distributed mode, we can start many worker processes with same group.id and they automatically coordinate to schedule execution of connectors and tasks across all of them. For example, if we add a worker, shut down a worker, or a worker fails unexpectedly, the rest of the workers detect this and automatically coordinate to redistribute connectors and tasks across the updated set of available workers.

The following diagram illustrates three worker processes.
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Connectors are monitoring the source or sink system for changes that require reconfiguring tasks. Tasks are automatically balanced across the active workers by copying a subset of a connector’s data.

Kafka Connect Cluster

Kafka Connect Cluster is a cluster of workers and is completely different from Kafka cluster which is a cluster of brokers. Note that workers with the same group.id are joined to the same Kafka Connect cluster. The following diagram illustrates a Kafka Connect cluster of 3 nodes and 4 workers.
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Worker Configuration

In standalone mode all work is performed in a single process. This configuration is simpler to setup and get started with. We can start a standalone process with the following command:

/usr/hdp/3.1.4.0-315/kafka/bin/connect-standalone.sh config/connect-standalone.properties connector1.properties [connector2.properties …]

The first parameter connect-standalone.properties is the configuration for the worker. The remaining parameters connector1.properties [connector2.properties …] are connector configuration files. Each file contains a single connector configuration. We may include as many connectors as we want, but all will execute within the same process (on different threads).

In distributed mode, multiple worker processes are started using the same group.id . Run the distributed worker command connect-distributed.sh :

/usr/hdp/3.1.4.0-315/kafka/bin /connect-distributed.sh config/connect-distributed.properties

The first parameter connect-distributed.properties is the configuration for the worker. Distributed mode does not have any other additional command line parameters. The connector configurations are not passed on the command line. Instead, use the REST API rather than command line to interact with a distributed mode cluster.

In the connect-distributed.properties file, in addition to the usual worker settings, ensure we have configured before starting the cluster:

group.id

Id that uniquely identifies the cluster workers belong to. All workers that belong to the same cluster must have same group.id value. Default is connect-cluster .

config.storage.topic

Topic to use for storing connector and task configurations. This topic should always have a single partition and be highly replicated (3x or more) and compacted. Default is connect-configs .

offset.storage.topic

Topic to use for storing offsets. This topic should have a large number of partitions and be replicated and compacted. For example, 25 or 50 partitions and highly replicated (3x or more). Default is connect-offsets .

rest.port

Port where the REST interface listens for HTTP requests. If we run more than one worker per host, this setting must have different values for each instance. Default is 8083 .

Connector Configuration

Connector configurations are simple key-value mappings. For standalone mode these are defined in a properties file and passed to the Kafka Connect process on the command line. In distributed mode, they will be included in the JSON payload for the request that creates or modifies the connector.

Most configurations are connector dependent, but there are a few common settings:

name

Unique name for the connector. Attempting to register again with the same name will fail.

connector.class

The Java class for the connector

tasks.max

The maximum number of tasks that should be created for this connector. The connector may create fewer tasks if it cannot achieve this level of parallelism.

Sink connectors also have one additional option to control their input:

topics

A list of topics to use as input for this connector

Connect Plugin

A Kafka Connect plugin is a set of JAR files containing the implementation of one or more connectors, transforms, or converters. Connect isolates each plugin from one another so that libraries in one plugin are not affected by the libraries in any other plugins.

A Kafka Connect plugin can be a directory on the file system that contains all required JAR files and third-party dependencies for the plugin. This is most common and is preferred. Also, it can be a single uber JAR containing all of the class files for the plugin and its third-party dependencies.

In work configuration, there is a property plugin.path defined as a comma-separated list of directory paths. To install a plugin, place the plugin directory or uber JAR in a directory listed in the plugin.path .

plugin.path=/usr/local/share/java,/usr/local/share/kafka/plugins,/opt/connectors

Mirroring

Kafka internal replication mechanism is designed to work within a single cluster, not between multiple clusters. Data replication between different Kafka clusters is named mirroring. The mirroring solution in Apache Kafka is MirrorMaker, which is used to replicate data between Kafka clusters within or across data centers. In addition, multiple vendors and internet companies also have their own proprietary solutions for cross-cluster replication. For example, Confluent Replicator from Confluent.

MirrorMaker 2.0, shipped with Kafka 2.4, is the new version of MirrorMaker to replicate data in topics from one Kafka cluster to another. It uses the Kafka Connect framework to simplify configuration and horizontal scaling.

UI Tools

Given that the business is not complicated, we can use the command line tools provided by Kafka, in combination with the ZooKeeper Client tool, to accomplish our work conveniently. With the increasing complexity of the business, the growing number of groups and topics, the command line tools provided by Kafka gradually exhibit their incompetency. At this time, the Kafka monitoring system becomes especially important. There are a lot of outstanding open source monitoring systems.

Kafka Eagle

Kafka Eagle is open source visualization and management software. It allows us to query, visualize, alert on, and explore our metrics. It turns Kafka cluster data into beautiful graphs and visualizations.

Compatibility

Considering that different versions of Kafka design will be different, Kafka Eagle designed and implemented compatible new and old versions.

More Efficiency

For easier management and monitoring of topic, the deployment takes only a few minutes.

User-Friendly Dashboard

Kafka Eagle could present multi graph, including cluster & topic dashboard.

Cluster Manager for Apache Kafka

CMAK, previously known as Kafka Manager, is a tool for managing Apache Kafka clusters.

CMAK supports the following:

Data Lake Architecture

A data warehouse is a database optimized to analyze relational data coming from line of business applications. The data structure, and schema are defined in advance to optimize for fast SQL queries, where the results are typically used for operational reporting and analysis. Data in a data warehouse is cleaned, enriched, and transformed so it can act as the “single source of truth” that users can trust.

Compared with a data warehouse, a data lake is a centralized repository that allows us to store all structured and unstructured data at any scale. It can store relational data from line of business applications, and non-relational data from mobile apps, IoT devices, and social media. We can store our data as-is, without having to first structure the data. Different types of analytics can be used, from dashboards and visualizations to big data processing, real-time analytics, and machine learning, to guide better decisions.

Due to the different needs and use cases, both a data warehouse and a data lake are needed for enterprises.

The data lake is enterprise-level and should deliver business values for the enterprise. To avoid a data swamp, we must incorporate data management capabilities. The figure below from DAMA defines the data management knowledge areas. It places data governance at the center of data management activities. The other knowledge areas are balanced around the Wheel. They are all necessary parts of a mature data management function, but they may be implemented at different times, depending on the requirements of the enterprise.
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The DAMA Wheel

A data swamp is a deteriorated and unmanaged data lake that is either inaccessible to its intended users or is providing little value.

Back to technology, there are two different architectures that can be utilized to implement the data lake.

Lambda Architecture

Lambda architecture is designed to handle massive data by taking advantage of both batch and stream processing methods. This architecture attempts to balance latency, throughput, and fault-tolerance by using batch processing to provide comprehensive and accurate views of batch data (called Batch View), while simultaneously using stream processing to provide views of online data (called Realtime View).

Lambda architecture consists three layers- Batch Layer, Stream Layer (also known as Speed layer) and Serving Layer. It can be summarized with these 3 equations.

Batch view = function(all data)

Realtime view = function(new data, realtime views)

Query = function(batch views, realtime views)

Batch layer

The batch layer stores the complete copy of the data set and precomputes batch views for consumption on the complete data set using a batch processing system, such as Hadoop MapReduce, Spark, etc. To hold the complete data set, a distributed file system like HDFS, Azure Data Lake Storage, AWS S3, etc. should be used. The output views can be stored using Hive, or some new massively parallel, elastic, relational databases like Azure Synapse, Amazon Redshift, etc.

The batch layer aims to achieve perfect accuracy by being able to process all available data when generating batch views. It can fix any errors in the existing precomputed views by recomputing on the complete data set.

Stream layer

The stream layer aims to minimize latency by providing realtime views, which are used to compensate the high latency of batch views. One big difference with the batch layer is the stream layer only looks at recent data, whereas the batch layer looks at all the data. It does incremental computation and updates the realtime views as soon as it receives new data. A realtime view can be updated based on new data and the existing realtime views. These output views are typically stored in NoSQL databases. The commonly used stream processing systems include Spark, Flink, Azure Stream Analytics, Amazon Kinesis, Kafka Streams, etc.

In comparison to the batch layer, the stream layer does not guarantee the same accuracy as the batch layer. That is, although they are available almost immediately after data is received, the realtime views may not be as accurate as the batch views produced by the batch layer. But as the batch layer repeatly overrides the stream layer, the realtime views can be replaced when the batch views. The mistakes in the stream layer are easily corrected.

The lambda architecture provides eventual accuracy guarantees. An inaccurate result of the stream layer will eventually be replaced by the correct result of the batch layer.

Serving layer

Output views from the batch and stream layers are stored in the serving layer, which responds to queries. The two types of output views may be joined before presentation. Any query may get a complete picture by retrieving data from both the batch views and the realtime views. Examples of technologies used in the serving layer include Druid, which provides a single cluster to handle output from both layers. Dedicated stores used in the serving layer include Apache Cassandra, Apache HBase, Azure Cosmos DB, MongoDB or Elasticsearch for realtime views, and Impala or Hive for batch views.

The diagram below shows a generic lambda architecture. The incoming data stream is dual fed into both a batch and stream layer. As we need to maintain two distinct processing systems to generate both batch views and realtime views, it can result in coding overhead.


[image: image-8GFKPM0R.png]image-8GFKPM0R.png

Kappa Architecture

A Kappa architecture is like a Lambda architecture system with the batch layer removed. Note that it is not a replacement for lambda architecture. It should be seen as an alternative to be used where use cases fit.

It focuses on only processing data as a stream. The data is first fed from an append-only immutable log store into a streaming computation system and then fed into auxiliary stores in the serving layer for queries. The log stores commonly used include Kafka, Azure EventHub, Amazon Kinesis, etc. They let us retain the full log of the data we need to reprocess.

This architecture let us keep only one code base rather than manage one for batch and another for streaming in the Lambda architecture. We can develop and debug applications on top of a single processing framework.
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