Lecture 09
Parallel programming with Spark

Parallel programming with the Spark.
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Content of this Lecture:

e In this lecture, we will discuss:

« Overview of Spark

« Fundamentals of Scala & functional programming
« Spark concepts

« Spark operations

« Job execution

Preface: Content of this lecture. In this lecture we will discuss overview of Spark, fundamental of scalar
and functional programming, Spark concepts, Spark operation and the job execution.
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Introduction to Spark

Introduction to Spark.
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What is Spark?

e Fast, expressive cluster computing system compatible with
Apache Hadoop

« Works with any Hadoop-supported storage system
(HDFS, S3,SequencefFile, Avro, ...)

e Improves efficiency through:
« In-memory computing primitives
« General computation graphs

s Improves usability through:

« Rich APIs in Java, Scala, Python
« Interactive shell =P Often 2-10% less code

What is this park? It is fast expressive crystal computing systems, which is compatible to Apache
Hadoop, now this particular Spark system works, with any Hadoop supported storage system such as
HDFS s3, sequential file. And so, on which improves, the efficiency through in-memory computational,



primitives and general computational graph. So, it also improves the usability through rich collection of
API, is in the form of scale a Java Python, it has the interactive cell. So, this all comprises of the Spark,
scenario. So, using this in memory computation, it is 100 times faster, compared to the previous
generation MapReduce systems and also with the interactive, shell it has reduced up n 2 to 10 times less

code here in this particular system.
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e Local multicore: just a library in your program
e EC2: scripts for launching a Spark cluster

e Private cluster: Mesos, YARN, Standalone Mode

So, how to run it basically using local multi-core system or using with the, with a private cluster using
Mesos YARN on and standalone mode
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Scala vs Java APIs

e Spark originally written in Scala, which allows concise
function syntax and interactive use

e APIs in Java, Scala and Python

e Interactive shells in Scala and Python

So, Spark originally was written in scalar, which allows concise function that is syntax and interactive
use, there are APIs, switch are available for, Java and Scalar and Python now. So, interactive shells are
available in a scalar and python.
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Introduction to Scala &

functional programming

Now let us introduce, to the scalar functional programming language.
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About Scala

e High-level language for the Java VM

« Object-oriented + functional programming

e Statically typed
+« Comparable in speed to Java

« But often no need to write types due to type inference

e Interoperates with Java

« Can use any Java class, inherit from it, etc; can also call Scala code
from Java

So, it is a high-level language, for the java virtual machine, that is it can compile through the java virtual
machine, byte code and it is statically, typed that is and then it is interoperates with the Java.
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Declarin%variatj}es: >l Java equivalent:

Svar Xx: Int = 7 int x = 7;
var x‘= 7 type 4aferred
val v = “hi” fread-only D finmal string v = “hi";
{ P
|
_/Functions:. ( Java equivalent:
(= o
def square(x: Int): Int = x¥*x int square(int x) {
— return x¥*x;
def square(x: Int): Int = { }

¥ %

}

def announce(text: string) {
printin(text) .~

void announce(string text) {
System.out.printin(text);




And so, here we are going to see the quick tour, of functional programming language, that is the scalar, in
scalar the variables are defined using, where function, where there are two ways, you can define the
variable one is by specifying the type of the variable, that is X of type int and our without is specifying
the type also you can define, the variable such as X is equal, to X is equal to seven or you can also say
where X assign int ,we have to specify the int. so, if we are not specifying the type automatically it will
discover the type and if we say that X is equal to eight it will accept, it but if you say X is equal to let us
say, is then it will not accept, because there will be a type mismatch. So, automatically, identifies the type
here in this particular case. Now another way you can specify the variable is, using Val function, Val
function is read only, that means it is immutable, you cannot change, the values here in this case now
another thing is after declaring the variables, the next thing is called,” Functions’. So, functions in scalar
can be defined, using def function and the name, of the function and the arguments in it and then we can
supply the return values and for example, return is of type, in to X cross X. So, it will return the values so,
there are different flavors. For example, if we want to only specify the return value, so we have to say the
curly braces empty and X into X will be returned, in this particular case now if you want to return the
void value, don't displace apply the type, then in that case after def only within the curly braces, whatever
we write down. So, here that will not specify or it will be a void type, of a return value, that is equivalent
to the, the Java functional programming here. We have to specify the void here automatically if you don't
specify the type, then automatically it will take the white and rest of the commands will be written
enclosing, with within the curly braces. So, we have seen the how the variables are declared how the
functions are defined using def function. And the next thing is,
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Generic types: S Java equivalent:
var arr s new Array[Int] (8) int[] arr = new int[8];
e ) o List<Integer> 1st
var Ist = List(1l, 2, 3) new ArrayList<Integer>();

vpe o1 1 T N ISt.cldd(---)

Indexing: Java equivalent:

s’
’

.
arr(5) =7 //f arr[s5] = 7;

printin(lst(5)) system.out.printin(lst.get(5));




is the generic types. So, we can specify the type array, as this array of int 8 type. Similarly we can also
define, the list very simply, as a list of items, list of 1 2 3 4 and this is this type is of type, of first is the list
of int values, here in this case, similarly we can also specify the induction. So, this is equivalent to the,
Java equivalent, where array under this square bracket 5 it is written here we have to specify the, indexes
that is array, at the fifth element we are storing, the value 7 in this case and if we print, the list of its fifth
element, then it will print the value, which is stored in the list.
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Processing collections with functional programming:
val ld;'rsf_?:l:"rs&il, 2, 3 I SE—"
1idt.foreach(X => println(x)) print .
list.foreach(pringzin) Sape |
list.map(x - X + 2) , 4,

3’;?{‘, I15tmap( \/,J}_' g with p .:'-"_f-‘l.lll‘!l /_'_‘1-;1 A tion

Alist.fFiltert—=_x 2% 2 ) ist(l, o

listrFilter( : 1) : - st(l
19st.reduce((x, y) - X D) 6

.- list.reduce( } ) L%

L All of these leave the list unchanged (List is immutable) J

P Pl ), 16:21438:57

Now processing collection with the functional programming, here we can see that, it is very easy to
define the list of values 1 2 3 4 as a list and then using, for each command, that is on Lister we can scan
through, this particular function for each element of that particular list and for, here we can specify
function, on every element. So, this says that for, every element of this list that is X we'll apply this
particular function, print In. So, hence it will print one two three that means all these values of, the list
will be printed. So, the short form you can write down like, this for each list, dot for each we can specify
the print In and it will do the same things. Similarly we can also apply, we can perform the map operation
on every element of the list and this map function says that on, every element of the list, you go to add
plus two on it so, one two three so, if you add plus two on one it become, 3 2 plus 2 that is 4 3 plus 2 that
is 5.

And the same thing we can specify using, this underscore notation, that it says that take the first element,
of this take the element, from the list and add to it, it will be denoting the same thing so, therefore using
this particular map function applying, on each and every element of this list and we have to specify, what



we have to do and this way this is supported. Now we can apply the filter on it. So, that means every
element, of list we can apply the filter function and filter function says that, the for every element of X
and if it is odd number then, then it will print, the list of items. So, list will return again a list similarly
here again, it will return a list after filtering it and instead of saying this full statement, we can specify in a
in a shortcut, in a shorthand that is underscore percentage, to that means it will it will check, whether it is
even whether if it is odd, that means by saying that mod of 2 if it is 1 that is it is odd number, then it will
print in the list as it is. So, again there is another function which is called a,” Reduce’, in scalar. So, this
reduced function what it will do, it will reduce on these elements x, and y is the pair of elements and it
will give x plus y. so, this particular reduced function, is when it is applied on the list of elements. So, you
can see that, it will add all of them and the value of 6 will be given, this reduce same thing instead of
writing this complete expression we can also specify in a shorthand. So, that means it will take all the
arguments and do the summation and it will return a list. So, it will be a list which contains only one
element, it will perform the reduction operation. So, all of these will leave the list unchanged, hence the
list is immutable.
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Scala Closure Syntax

(x: INt) => x + 2 fu version
X => X + 2 type inferred
o 4 2 when each argument = Ised exactly once

X => { when body is a block of Yo l:

val numberToadd = 2

X + numberToadd
}

[T closure s too lonaq, 1N always )aSS 1. function

;l?!'l' addTwo(x: Int): Int = X + 2

f,’l ist.map(addTwo)

furlction" insidé another function

o). 1149 ¢ 38:57

Here in this case now let us see the scalar closure syntax more of it. So, this we have seen the full
version, that is x : into will return x plus 2 and this is the type input, that is x assigned to x plus 2 that is
type in front and here, the first argument plus 2 each argument plus 2 has plus 2 is also doing the same
thing and x will be equivalent to, s assign X will be applied on, well number to add this is equal to 2 X
plus number to add this also will be applied, on these functions. Now if the closure is too long, can
always pass a function, and here in this case, we can see that using depth, we can apply that means we can
define his a it is a function and add 2x colon is integer and int is equal to X plus 2 here in this case. And it



will now perform on this list the map add to, this particular same thing, we can now perform using. So, a
scalar allows defining a local function.
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Other Collection Methods

e Scala collections provide many other functional
methods; for example, Google for “Scala Seq”

map(f: T => u): seql[u] Pass each element through f
. flatMap(f: T => Seql[u]): sSeqluU] One-to-many map
l Filter(f: T > Boolean): seq[T] Keep elements passing f
exi sts(f: T => Boolean): Boolean True if one element passes
| forall (f: T => Boolean): Boolean True if all elements pass
I reduce(f: (T, T) => T): T Merge elements using f
- groupBy(f: T => K): Map[K,List[T]1] Group elements by f(element)
l sortBy(f: T => K): SeqlT] Sort elements by f(element)

Pl ), 23443857

Inside another function, there similarly there are other collection, methods which are available in the
scalar. So, a scalar collection provides many other functional methods, for example as Google for a scalar
sequence we can see on it. So, map function is can be applied and this will pass each element, through a
function f and similarly flat map one-to-many map function, it will apply similarly for the filter it will
keep the element passing F and exist means a true if one element passes, for all reduce group by and sort
by, all different methods are available.
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Spark Concepts

Now let us see the Spark concepts.
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Spark Overview

e Goal: Work with distributed collections as you would
with local ones

e Concept: resilient distributed datasets (RDDs)
« Immutable collections of objects spread across a
cluster
« Built through parallel transformations (map, filter, etc)
Automatically rebuilt on failure

Controllable persistence (e.g. caching in RAM)

So, here the goal of Spark is to provide a distributed, collection and here the concept of Spark ,is to
support, this distributed computation in the form of resilient, distributed data sets and RDDs are
immutable collection of objects which are spread across the clusters and these are d DS they are built
through a transformation, such as map filter etcetera and these particular, RDDs they are automatically



rebuilt, on the failure, that means a lineage is automatically generated and whenever there is a failure it
will be reconstructed, similarly it is also controllable, persistence that is the cache.
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Resilient distributed datasets (RDDs)

- Immutable, partitioned collections of objects
e Transformations (e.g. map, filter, groupBy, join)

» Lazy operations to build RDDs from other RDDs
Actions (e.g. count, collect, save)

« Return a result or write it to storage

In the rhyme is being done. So, the main primitives is RDDs which are immutable partition collection, of
objects various transformations are applied on the RDDs such as, map filter and group by join and these
are all lazy operations to build RDDs from, other RDDs and besides transformations, actions also can be
defined on our RDD such as count collect, save and it will return the values or it will write it on the under

disk.
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Example: Mining Console Logs

e Load error messages from a log into memory, then
interactively search for patterns

rd

/. ,

2 g 9 e "
lines = spark tentF/].;.e-: “hdfs .*) i
errors = lines. £ ( smbda tart it ERROR™ ) )
|E-:.~; ges = errors. (lambd

messages. ()

messages. t (lambda . ) . 4@-

messages . t (1 ibda

Result: scaled to 1 TB data in 5-7 sec
(vs 170 sec for on-disk data)

Bl ), 171464 38:57 [cc R i I o o

Now let us see one example of, of mining the console logs, using the scalar program written, in Spark
and here, it what it will do it will load the error messages, from a log into the memory and then
interactively search for a pattern. So, let us see that, the Spark program now you, you, you know that it
runs in a form of a master that is the driver and the worker, system and the first line written is to read this
particular log files, that is in the from the HDFS, it will read the text file and this particular lines after
reading it, it will become in memory .so, it will generate the, the base RDD after reading the file and then
what it does is apply the filter, on the lines which are now red, into the in memory ,it will apply the filter
operation that we have seen, on the lines and in this filter operation, what it does is it will identify the, the,
the errors which are appearing, in the in the in the log files and this will perform a transformation, after
filtering and they are collected in the form of, another RDD that is errors RDD and using this errors,
RDD down we can apply, the map function and which says that using this map function. Now you can
split this, s to the wherever the taps are there and they will be now dividing, these into the different error

messages and these error messages are now cached.
So, apply the filter on these error messages that wherever this, foo is available or appearing, in the

message and you have to make a count, of it how many such foo messages are appearing, in this error
message. So, here the count is the action and before that all were transformations. So, let us see how it
will be done. So, wherever these messages are restoring on that, this foo will be counted so, just see that
the driver will perform a task, to count. So, task is to count, this particular task will be communicated by
the driver to all the workers and they will count and then return the result back to the driver and also will
be in the cache, these messages will be in the cache. Now the next time when you want to filter the, the
particular string that is called a,” Bar’, from, the message then, it will be performed in the cache itself it
will not go and look up into the into, the disk it will not be done in the disk, it will be now returned back
from the from the cache itself. So, the results will be quickly returned back because so, therefore the full,
text search of a Wikipedia can be done, in a less than one second if it is in the cache or, or it is 20 second



if it is done through the disk access. So, therefore if the data is scaled to one terabyte, then it will take five
to seven seconds, if it is to be accessed through the cache or it is 170 seconds if it is on disk data
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RDD Fault Tolerance

RDDs track the transformations used to build them
(their lineage) to recompute lost data

E.2:
/ il
messages = textFile(...). {lambda : : ntain “ERROR™)Y)
(1 .split(” g )
\..r/ /
HadoopRDD ¢ FilteredRDD c MappedRDD
path = hdfs://... func = contains(...) func = split(...)

/ Ve

1851 { 38:57 wm| <[]

So, in all cases this entire big corpus of terabyte of data can be processed very, efficiently and in a very
quickly. Now let us see the RDDs fault-tolerance. So, RDDs will track the transformations, used to build
them through the lineage to recompute the last data. So, here we can see that, once we specify these filter
that is using, filter which contains the error and then it will split, all those messages, which are tab
separated and this will be collected in the form of messages. So, let us see that, this particular filtered
RDDs, will contain the information and they are now stored in the HDFS file system. So, RDDs keep
track of the transformations, used to build them, their lineage to recompute the last data.
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Fault Recovery Test

Failure happens
150 419 \
100 81
57 56 58 58 57 59 57 59
50

Iteratrion time (s)

O‘-..-I-la..-
r

3 4 & 6 7 8 9 10
Iteration

P bl ), 19054 38:57

So, fault recovery, test if we see here is that so, the iteration time and the failure happens, is recovery is
quite efficiently and done.
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Behavior with Less RAM
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Now behavior with less RAM, can see that if it is fully cached, then it will iteration time will be quite
less here in this case.
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First Stop: SparkContext

e Main entry point to Spark functionality
e Created for you in Spark shells as variable sc

e In standalone programs, you’d make your own (see
later for details)

Now the question is what language you can use, obviously a scalar will be performing, better one let us
see the two of Spark further operations. So, easiest way, to use the Spark is by the interpreter over, the



shell and it runs in a local mode with, only one thread by default what control, can be with the master one
and cluster. So, the first stop is through, the to the Spark context, is the main entry point to the spar

functionality which is created through the Spark shell.
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Creating RDDs

# Turn a local collection into an RDD
sc.parallelize([1, 2, 3]) /

# Load text file from local FS, HDFS, or S3
sc.textFile(“file.txt”)
sc.textFile(“directory/*.txt”)
sc.textFile(“hdfs://namenode:9000/path/file”)

# Use any existing Hadoop InputFormat
sc.hadoopFile(keyClass, valClass, inputFmt,
cont)

P »l ). 203343857

And let us see how to create, this entire operation that is so, first thing is we have to process, this
particular list and Spark context will turn the local collection into an RDD and then it will note the text
file from local file system, HDFS or s3. So, that is called,” Text File SC’, dot txt file similarly we can also
use the existing Hadoop input, format for the creating RDDs that is reading.
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Basic Transformations

nums/= sc.parallelize([1, 2, 3])

# Pass each_element through _a function

- B — ,""-- _"--..\_ e L F
( quareé = mumg.map(lambda X: X*x) H > 11,
5—oF Y S - —

ra
#

# Keep elements passing a predicate
even = squares.filter({lambdga x: X % 2 == Q) #

> {4}~ _z T
%, I.T\ - )b"‘W

# Map each gXement tol-Zero or mgre others
numg . tligtMap(lambda x: rgnge(0, X)) # => {0,

e, 1/ 0 1 2} i o ey s
— > i ) T Ty

P »l ). 23:41438:57

The data and creating the RDDs now the basic transformations are shown over here, which are provided

in the form of a Spark, is not only we can create the RDDs, now we can perform, the functions on these
RDDs using map function and we can apply, this operator operations and these operations are this saying
that for every element of these numbers, we have to apply X star X means multiplication operation, has to
be done. So, just see that 1 2 3 is basically the, the numbers. So, the so if we can take the square. So, it
will become n square RDD, similarly we can keep elements passing as a as a predicate and we can see
that we can apply the filter, on the square, saying that if it is even number that is X modulo 2 becomes, 0
that means it is checking whether it is even number then only it will, output in the even number, so you
see here out of 1 4 9 what is even number? Is the four and nine and one will not be will be filtered out,
only four will be passed. Finally the map function on each element, each element to generate zero or more
others using flat map operations. So, flat map on the numbers so, the number says one two three four one
two three if we apply the flat map which says that the lambda X is in the range 0 to X and 0 to X it will.
So, X means for example the number 1 from the list if it is taken. So, it will generate the number in the
range 0 to X means 0 to 1. So, it will generate 0 it will generate 0 and then, then the next element is 2 it
will generate 0 1 and 2 0 and 1 it will generate and finally 3 means 0 1 & 2 it will generate 0 and X minus
1. So, the flat map will be, now is able to generate more than 1 elements, in this particular manner. So, the
range of the values, is nothing but the sequence, of the numbers from 0 to X minus 1 it will generate and
so here it will generate 1 4 ,4 1 it will generate 0 & 4 2 it will generate 0 & 1 & 4 3 it will generate 0 1 &
2 So, that is called,” Flat Map Operation’.
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Basic Actions

nums = sc.parallelize([1, 2, 3])

# Retrieve RPD contents as a local collection
nums.collect() # => [1, 2, 3]

# Return first K elements

nums.take(2) # => [1, 2]

# Count numbep of elements

nums.count() # => 3

# Merge elements with an associative function
nums_. reduce(lambda x, y: X + y) i > 6

# Write elements to a text file

nums . saveAsTextFile(“hdfs://file.txt”)

w4 _/

Pl i), 252843857

And this is the basic transformation and now we are going to see some of the actions, we have seen
transformations now we have to see some actions. So, actions means let us assume that we are given the
list and this list, is now taken up in the RDDs which are called,” Numbers’. And it will retrieve the RDD
content as a local connection, now in this particular, when we say collect it will now in store as a local
connection and when we say that, return first K elements. So, it will take, two elements out of this
particular, three elements and now when we say count, count is an action all these are action, when we
say a count. So, it will output the value 3, in this case take 2 means it will produce a list, of two elements
collect means it will print all the collection of all the elements, similarly when we say, the merge the
elements with the associative function and we apply the reduce function, on the number wherein it says
that XY is equal to X plus y that is all the numbers are to be added up and the value of 6 will be returned
back by the reduce function, similarly we can also do, a save the elements, to the file save the S the text
file and we have to specify the name of the file. So, all the all these numbers will be now saved this list

that is RDDs in the form of numbers it will be saved into a file.
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Working with Key-Value Pairs

e Spark’s “distributed reduce” transformations act on RDDs
of key-value pairs

e Python: pair = (a, b)
pair[e => a

pair[l] # => b

e Scala: val pair = (a, _b)
pair._1Y/ => a
pair._2 => b

e Java: Tuple2 pair = new Tuple2(a, b);

" class scala.Tuple2

pair._1 / => a
pair. 2 // => b

And now let us see how to work with key value pairs, now is part distributed reduced transformation X,
on RDDs of the key value pairs and key value pairs means here, whether if the value if the pair is XY. So,
we can specify and the pair with the first argument as a and the pair with the second argument as B. so,
these are some of the operations.
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Some Key-Value Operations

pets = sc.parallelize([(“cat”, 1), (“dog”, 1),
(“cat”, 2)]) o

pets.reduceByKey(lambda x, y: X + y)
# => {(cat, 3), (dog, 1)}
pets.groupByKey ()

# => {(cat, Seg(1, 2)), (dog, Seq(l)}
pets.sortByKey ()

# => {(cat, 1), (cat, 2), (dog, 1)}

reduceByKey also automatically implements combiners on the
map side




Now let us see some more key value pair operations, for example we have the locally defined data, in the
form of a key value pair cat with a value 1, dog with the value 1 and cat with a value 2 and this will be
now generated as packs RDD and when we apply the reduced by key. So, therefore in the reduce by key,
we will say that X Y is equal to X plus y. so, that means whenever given x and y. so, it will be reduced by
X plus y. so, here in this case the, the cat will have two different objects so, he reduced by key, that is the
cat is appearing twice and it will make the sum of these values X plus y for the values of the same thing
key, similarly dog will be having only one key similarly now group by, key if group by key is there then it
will say that, the cat will have the sequence, it will not add but it will generate the value, that is sequence
one and two and dog will be having the sequence, one similarly when we say that sort by key then cat
value one, will be sorted will be in this order and then cat - and then dog one. So, reduced by key also,
automatically implements the combiner, on the map side.
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Example: Word Count

lines = sc.textFile(“hamlet.txt”)
counts = lines.flatMap(lambda 1line: line.split(“ *?)) \
.map(lambda word: (word, 1))
2ByKey(lambda x, X +. Y
L

“to” (to, 1)
“to be or" =9 “phe” _"‘F"_(Ee 1) >

‘or” (or, 1)

not” (not -
“not to be” ——P  «4» —_— ((to, 1

Now let us see the full use of full execution of, the word count program. So, what count program means
if let us say file contains all the lines and it will be read into, the lines as RDDs, then what we can do is
when we apply the flat map operation, on the lines and this flat map will now split the line, based on the
spaces. So, let us take this example to be or will have this space separated. So, what it will do is it will
now, I split the line into the words. So, to be R will have three different words are generated similarly this
another line will generate not to be, as three different words and then map function will be applied on
these words. So, these words means map function, will what it will do it will for every word it will
generate what comma 1. So, 2 it will generate 2 comma 1 B, B comma 1 or, or 1 not comma 1 and 2
comma | and B comma 1. So, after having generated this map function, now it will reduce by the key. So,
reduced by the key in the sense it will say that for, a particular key it will do the summation. So, for the
same keys for example B, is the key which is appearing in this particular, map output and here also this is
the output, they will be collected back and that their values will be aggregated, according to the plus sign.



So, 2 will be there similarly, 2 is also appearing two times and 2 will be gathered over here and their
values also will be, added up and whereas all others are appearing only once. So, naught will be collected
over there and R will be connected over there. So, this is the reduced function, which will be applied.
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Other Key-Value Operations

e wval visits = sc.parallelize(List(
(“index.html™”, “1.2.3.4"),
(“about.html”, “3.4.5.6"),
(“index.html”, “1.3.3.17)))

« wval pageNames = sc.parallelize(List(
("index.html”, “Home”), (*about.html”, “aAbout™)))
e wVvisits. join(pageNames)
index.html”, jome "’
index.html™, . 3.1", ‘Home "'
“abourt.html”. w3 4. 6", about”
e WVisits.cogroup(pageNames)
“1Tndex.html™, eq(™l1.2. . 4 : 1.3

seq(“"Home"”

“about.html”, seq( 3.4. . se | about”

There are other key value operations and now we can see about these operations, which basically are
mentioned, were here like, like join and Co group operations.
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Controlling the Level of Parallelism

e All the pair RDD operations take an optional second
parameter for number of tasks

words.reduceByKey(lambda x, y: X + y, 5)
words.groupByKey(5)
visits.join(pageVviews, 5)

Can also set spark.default.parallelism
property

And now, we can all the pair's RDDs operations take the optional second parameter for the number of
tasks and this we have shown over here.
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Using Local Variables
e External variables you use in a closure will automatically
be shipped to the cluster:
query = raw_input(“Enter a query:”’)
pages.filter(lambda x:
X.startswith(query)).count()

e Some caveats:
« Each task gets a new copy (updates aren’t sent back)

« Variable must be Serializable (Java/Scala) or Pickle-able
(Python)

« Don’t use fields of an outer object (ships all of it!)

And external variables you can you use in the closure will automatically be shipped to the to the cluster.
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Closure Mishap Example

class MyCoolRddApp {
val param = 3.14
val log = new Log(...)

def work(rdd: RDD[Int]) {
rdd.map ( x X + param)
.reduce(...)

So, all these are the implementation issues.
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Other RDD Operations

sample(): deterministically sample a subset
union(): merge two RDDs
cartesian(): cross product

pipe(): pass through external program

See Programming Guide for more:
www.spark-project.org/documentation.html|
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More Details

e Spark supports lots of other operations!

e Full programming guide: spark-project.org/documentation

So, for other RDD operations the programming guide is there.
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Software Components

e Spark runs as a library in your
program
(one instance per app)

Your application
SparkContext
e Runs tasks locally or on a

cluster
PO o Sy
« Standalone deploy cluster, - .
Mesos or YARN $ $
e Accesses storage via Hadoop
InputFormat API S —

« Can use HBase, HDFS, S3, ...




And that can be seen now let us see about, the job execution in his Spark it has various software
components and when you say Spark context, will be creating it will be created, in the master job master
and then it will create the worker threads, in the form of power context and then executors will execute
them.
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Task Scheduler

e Supports general task S SLpmp——
graphs

e Pipelines functions
where possible

e Cache-aware data
reuse & locality

e Partitioning-aware to
avoid shuffles

Similarly there will be at a scheduler Tasha, you will support the general tasks graphs, internally and
pipelines will be also pipeline functions we are possible, they will be created by the task scheduler and
cache aware data reuse and locality and partition aware things are done to avoid the shuffles.
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More Information

e Scala resources:

« WWW.artima.com/scalazine/articles/steps.html
(First Steps to Scala)

« www.artima.com/pinsled (free book)

e Spark documentation: www.spark-
project.org/documentation.html

So, more information about resources, on Scylla is available.
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Hadoop Compatibility

e Spark can read/write to any storage system / format that
has a plugin for Hadoop!

« Examples: HDFS, S3, HBase, Cassandra, Avro,
SequenceFile

» Reuses Hadoop’s InputFormat and OutputFormat APIs

e APIs like SparkContext.textFile support filesystems, while
SparkContext.hadoopRDD allows passing any Hadoop
JobConf to configure an input source

And let the Hadoop is Spark can read and write to any storage system format that has plug into the
Hadoop. And API is like a Spark on text file supports, while the Spark context Hadoop RDD allows pass
any Hadoop job, to configure the input file.
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Create a SparkContext

import spark.SparkContext
import spark.SparkContext._

val sc = new SparkContext(“masterUrl”, “name®, “sparkHome", Seq(“app.jar™))
import spark.api.java.lavaSparkContext;
JavaSparkContext sc = new JavaSparkContext(
“masterUrl”, “name*, “sparkHome"”, new String[] {“app.jar*}));
from pyspark import SparkContext
sc = SparkContext(“masterUrl®”, “name”, “sparkHome®, [“library.py*]))

And this is to create the Spark context, now Spark context when we say it has different arguments. So,

the first one is called,” Master URL’, is nothing but to create the URL or a local oblique in local node n.
so, next one next thing is the application name and then, Spark will now install the path on the cluster,
with the name is park home and finally the list of jar files also has to be given in the Spark context
automatically it creates a Spark context using the Java jar file.
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Complete App: Scala

import spark.SparkContext
import spark.SparkContext._

object WordCount {
def main(args: Array[String]) {

val s¢c = new SparkContext(“local®”, "“WordCount®, args(@), Seq(args(l)))
val lines = sc.textFile(args(2))
F ; )

lines. 1 tMap(
ip(word word, 1))

¢ )
(args(3))

So, now this is the complete word count program, which we have discussed, shown over here as the local
and what count is the name of the program arguments are there and this argument number one.
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Complete App: Python

import sys
from pyspark import SparkContext

if __name__ == "__main__
scC SparkContext( “local”, "“WordCount”, sys.argv[@], None)
lines sc.textFile(sys.argv[1])
lines . t p{lambda plit(” ) AN

(lambda x, v X + y)
(sys.argv[2])

And
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Now let us see an example
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Example: PageRank

Of a PageRank algorithm how we can execute in the
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Why PageRank?

e Good example of a more complex algorithm

« Multiple stages of map & reduce

e Benefits from Spark’s in-memory caching
« Multiple iterations over the same data
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Spark system.

Basic Idea

e Give pages ranks (scores) based on links to
them
« Links from many pages = high rank
« Link from a high-rank page = high rank
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Algorithm

1. Start each page atarankof 1

>. On each iteration, have page p contribute
rank, / |neighbors_ | to its neighbors

;. Set each page’s rank to 0.15 + 0.85 X

contribs 1.31
0.39 ’/7—‘5_—\‘ | 1.72
0.58

o

So, let us start let us see the algorithm, start at each page the rank of one. So, let us say these are different
pages and we they are initialized with the rank one, at all the places the second step is that on each
iteration, how the page P contribute the rank ask rank of page P divided, by the total number of neighbors
and for each page rank, it will set as 0.15 plus, 0.85 times the contributions. So, here we can see that, here
we can see that, this particular node, is basically this particular node has, two links out so, the
contribution of one will be divided equally 0.5 and 0.5 similarly this page also has two outgoing lines
links so, it will be also having a contributions of 0.5 and this will have only one. So, it will be having the
contribution of entire 1 and this page is also having 1. So, it will be having contribution of 1, now let us
see that this particular page, we can see that it is now incoming. So, it is in coming with 0.5 so, now we
have to calculate according to this 0.15 plus, 0.85 multiplied by 0.5. So, that will be the new page rank of
this and as far as this particular page, is concerned the incoming is once 0.85, multiplied by 1 plus 0.15.
so0, the page rank will become 1 in that case so, 1 will not be changed so, this will be the page rank 1 and
how about this so, here 1 2 3 different links are coming so, with a with this, this link will be 1 plus this
will be 1 and this will be 0.5 and this also will be the this also will be 0.5 so, this become 2 multiplied by
0.85 plus 0.15. And this also I will have the same so, let us see that after doing this particular iterations.
So, the PageRank will now be changed, into as we have seen that it will be 1 it was pointed point, five
eight point five eight point eight five one point eight five and this particular, iterations will continue and
here it will stop ,why because it is not going to change.
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Scala Implementation

val links = RDD of (url, neighbors) pairs —=
var rang; = RDD of url, rank) pairs o
L

for (i <- 1 to ATERATIONS) { v

val contribs = links.join(ranks).flatMap {
case (url, (links, rank))
links.map(dest => (dest, rank/links.size))
ranks = contribs.reduceByKey(_ + _)
/ .mapValues(@.15 + ©.85 * )
} , /
ranks.saveAsTextFile(...)
4

Further let us see how this entire PageRank algorithm can be implemented using scalar. So, here we have
two RDDs one is in the form of a links, the other is in the form of the ranks. So, this rank means it is a
page rank, URL in the page rank and the link means the, the URL and the link pairs will be there and now,
iterations will now start and one to the maximum number of iterations we will contribute. Now as far as
the contributions we have to, join with the links and the ranks, using flat map what we will do is we will
start the case, as URL and links comma rank and this will do the flat map and destination will be now
calculated as destination and rank divided by links, dot size and then what we will do we will reduce, by
key the contributions and store in the in the ranks filled in the ranks are RDD and the map will be now
0.15 times 0.1 0.85 into the, the this one contributions which are now calculated, in the previous steps and

this particular operations, will be saved in a file.
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- PageRank Performance
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So, we see that the page rank performance, with the Spark it is very efficient and very fast compared to
The Hadoop here, if the number of machines are 16 and the iteration time is very less,
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Other Iterative Algorithms

A 1 55 el iealn b
K-Means Clustering

.4_1 - Spark

0 fY 30 60 a0 120 150 180

isti ion I 110
Logistic Regression

DIK 25 50 75 100 125
'

Time per Iteration (s)

There are other iterative algorithms which are implemented, in the SPARC such as k-means clustering

logistic regression in all the cases you see that, Spark is very, very efficient compared to the Hadoop.
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Conclusion

e Spark offers a rich APl to make data analytics fast: both
fast to write and fast to run

e Achieves 100x speedups in real applications
e Growing community with 14 companies contributing
e Details, tutorials, videos: www.spark-project.org
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So, conclusion is, Spark offers a rich API is, to make the data analytics fast. Both fast to write and fast to
run. It achieves hundred times speed-up, in the real applications, the growing community with 14



companies are contributing to it and details tutorials are available in the website,
www.farkyaratanlar.org. Thank you.




