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« MapReduce and its variants have been highly successful in
implementing large-scale data-intensive applications on

commodity clusters. .

—

Motivation. So, the MapReduce and its variants have been highly successful in
implementing large scale data intensive applications on commodity clusters. Meaning to
say that, this MapReduce has successfully shown that, it is able to compute large scale

data sets over cluster machines.

However, if you see this particular MapReduce execution, then we will see that this map
and reduce, they work in a lockstep manner, and the output will be recorded in HDFS,
here also HDFS. So, if the next iteration, if the program has more than one iteration of a
MapReduce, then the next iteration has to basically come out, the input has to come out

from HDFS.

So, if the applications which has more than one iterations, then they have to each every,
means the next iteration has to touch or has to access the HDFS, and that basically have

an intensive input and output and serialization.
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I/O and serialization can take 90% of the time

And will take 90 percent of the time in I O operations.
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Contd...

» However, most of these systems are built around an acyclic
data flow model that is not suitable for other popular
applications.

+ In this part of the lecture, we will focus on one such class of
applications, that reuse a working set of data across multiple
parallel operations.

» This iqdudes—mapng_r;;tiyié_ “machine learning algorithms, as
well as interactive data analysis tools.

+ A new ?r_amewbrk called Spark supports such applications
while retaining the scalability and fault tolerance of

MapReduce. (50 J;J{H ;. TU\_JIDM&;

That was basically the disadvantage. So; however, most of these systems are built around
an acyclic data flow model, and that is not suitable for many applications. In this lecture
we will focus one such class of applications that re use the working set of the data across

multiple parallel operations.

So, this includes many iterative applications; such as machine learning algorithms have

the iterations, and also the interactive application such as data analysis tools. So, these



applications may require, this kind of access to the HDFS file system between different

iterations or across different parallel operations.

So, therefore, a new framework which is called as sub is spark will support such
applications. So, not only it will support such applications, but also it will improve the
execution time; that is it will be tend hundred times faster, compared to the Hadoop

mapreduce.
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Contd...

- To achieve these goals, Spark introduces an abstraction
called resilient distributed datasets (RDDs).

+An RDD is a read-only collection of objects partitioned
across a set of machines that can be rebuilt if a partition is
lost. o wfsl0 tbhelt —sadgnty”
SO — Wbt polrme
» Spark can outperform Hadoop by 10x in iterative machine 5
learning jobs, and can be used to interactively query a 39
GB dataset with sub-second response time.

So, the new framework which is called a spark will support such applications, while
retaining the scalability and fault tolerance of MapReduce. So, to achieve these goals,
spark introduces an abstraction which is called a resilient distributed datasets. Resilient
distributed datasets is a read only collection of objects, and they are partitioned across
the set of machines that can rebuilt if the partition is lost. So, this RDD is a read only

collection of objects, meaning to say they are mutable objects.

Mutable objects means they cannot, they only, they are only read only, and cannot be
modified. So, if it is a read only, and if failure has happened at some partition, at some

node then it can be rebuild, and can resume the execution without any much disruption.

So, spark can outperform Hadoop by at least hundred times in the iterative machine

learning jobs, that we will see how it achieves this.
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Difference Between Hadoop MapReduce vs.

Apache Spark
/ v .
Hadoop MapReduce | Apache Spark
Fast ( 1 @gf\aster than MapReduce
Batch Processing iLReai-Lfi_rg?e Processing
Stores Data on Disk @ores Datain Memo%
Written in Java ~Written in Scala

So, if we see the difference between the Hadoop MapReduce and the spark, we will see
that its speed is hundred times faster than the MapReduce operations, and here it also
supports real time processing, and it also stores the data in the memory, and its particular

spark applications are written in Scala language.
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I/O and serialization can take 90% of the time

This is an example which will show that, this particular Hadoop MapReduce, will during
this particular iterations, has to access this hard disk or HDFS file system, which is on

the persistent memory. So, spark in contrast to the MapReduce, you can see that there



will be only one read operation from HDFS, and after that thus particular data will be
cached, and across several iterations, this particular in memory cache will be utilized,

and the results will be accessed.

So; obviously, it is going to reduce 90 percent of the I O operations, why because in
memory operations will be most effectively utilized. And hence a newer application like
interactive and iterative application, will be executing here efficiently; that is hundred

times faster compared to the MapReduce operations.
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Introduction  — /i) -

+ A new model of cluster computing has become widely popular,
in which data-parallel computations are executed on clusters of
unreliable machines by systems that automatically provide
locality-aware scheduling, fault tolerance, and load balancing.

» MapReduce pioneered this model, while systems like Dryad and
Map-Reduce-Merge generalized the types of data flows
supported.

+ These systems achieve their scalability and fault tolerance by
providing a programming model where the user creates acyclic
data flow graphs to pass input data through a set of operators.

+ This allows the underlying system to manage scheduling and to
react to faults without user intervention.

So, the introduction. The new model of cluster computing; that is called the spark, has
become a widely popular in which the data parallel computations are executed on the
cluster of unreliable machines, by the system that automatically provides locality aware

scheduling fault tolerance and load balancing.

Now, these systems achieve their scalability and the fault tolerance by providing a
programming model, where the user creates a cyclic data flow graph to pass the input

through the set of operators.
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Contd...

» While this data flow programming model is useful for a large
class of applications, there are applications that cannot be
expressed efficiently as acyclic data flows.

« Here, we focuses on one such class of applications, that reuse a
working set of data across multiple parallel operations. This
includes two use cases where we have seen Hadoop users report
that MapReduce is deficient:

/(i) Iterative jobs: Many common machine learning algorithms

* apply a function repeatedly to the same dataset to optimize a
parameter (e.g., through gradient descent). While each iteration
can be expressed as a MaﬁRgcﬁf%nﬁd job, each job must
reload the data from disk, incurring a significant performance
penalty. i

So, while this dataflow programming model is useful for large class of application. There
are some applications that cannot be expressed efficiently as a cyclic data flows. So, one
such application is called an iterative, having an iterative jobs. So, where many machine
learning algorithms, they apply a functions repeatedly on the same data sets, to optimize

the parameter.

For example, in a gradient descent, machine learning algorithm, or a PageRank
algorithm, while each iteration can be expressed as Map Reduce each job must be, must
reload from the disk in the MapReduce. So, how this can be avoided, and spark will

show that this axis can be avoided.
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Contd...

(ii) Interactive analytics: Hadoop is often used to run ad-hoc
exploratory queries on large datasets, through SQL interfaces
such as Pig and Hive.

« Ideally, a user would be able to load a dataset of interest into
memory across a number of machines and query it repeatedly.

» However, with Hadoop, each query incurs significant latency
(tens of seconds) because it runs as a separate MapReduce job
and reads data from disk.

+ A new cluster computing framework called Spark supports
applications with working sets while providing similar scalability
and fault tolerance properties to MapReduce.

Interactive analysis Hadoop can be used. Hadoop is used to run ad hoc exploratory
queries on large datasets through SQL interfaces. So, user would be able to load the data

sets of interest into the memory across the number of machines and query it repeatedly.
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Contd...

» The main abstraction in Spark is that of a resilient distributed
dataset (RDD), which represents a read-only collection of objects
partitioned across a set of machines that can be rebuilt if a
partition is lost.

+ Users can explicitly cache an RDD in memory across machines
and reuse it in multiple MapReduce-like parallel operations.
RDDs achieve fault tolerance through a notion of lineage: if a
partition of an RDD is lost, the RDD has enough information
about how it was derived from other RDDs to be able to rebuild
just that partition. '

= Although RDDs are not a general shared memory abstraction,
they represent a sweet-spot between expressivity on the one
hand and scalability and reliability on the other hand, and found
well-suited for a variety of applications.

So, a new cluster computing spark will support applications with working sets, while
providing scalability as we have seen. So, the main abstraction of the spark is resilient
distributed datasets. Users can explicitly cache an RDD in memory across the machines

and reuse it in multiple MapReduce like parallel operations.



RDDs achieve fault tolerance through the notion of lineage; that is if the partition of an
RDD is lost the RDD has enough information, about how it was derived from other
RDDs to be able to rebuild just that partition. Although RDDs are not a general shared
memory abstraction, they represent a sweet spot between expressivity on one hand and

scalability and reliability on the other hand.
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Contd...

+Spark is implemented in Scala, a statically typed high-level
programming language for the Java VM, and exposes a
functional programming interface similar to DryadLINQ.

« In addition, Spark can be used interactively from a modified
version of the Scala interpreter, which allows the user to define
RDDs, functions, variables and classes and use them in parallel
operations on a cluster.

+ Spark is the first system to allow an efficient, general-purpose
programming language to be used interactively to process large
datasets on a cluster.

+ Spark can outperform Hadoop by 10x in iterative machine
learning workloads and can be used interactively to scan a 39 GB
dataset with sub-second latency.

Spark is implemented in a Scala, spark can be used interactively from a modified scalar
Scala interpreter. Spark is the first system to allow efficient general purpose
programming model to be used interactively to process large datasets on a cluster

Programming model.
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Programming Model ek N
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+To use Spark, developers write a driver prograhr_nﬂ' that
implements the high-level control flow of their application and
launches various operations in parallel. ——

- Spark provides two main abstractions for parallel
programming:

- Resilient distributed datasets and parallel operations on
these datasets (invoked by passing a function to apply on a
dataset).

«In addition, Spark supports two restricted types of shared
variables that can be used in functions running on the cluster.

To use this spark developers write the driver program, that implements the high level
control flow of their application and launches, various operations in parallel. So, for
example, this is a driver program, which basically will drive the whole entire execution,
and then driver will give the instructions, and that will be through a high level control
flow, and they will be the kind of workers, which will run in parallel by the spark driver

program.

So, the spark provide two main abstractions for parallel programming; one is resilient
distributed datasets, and parallel operations on these datasets. In addition this spark
provides supports two restricted type of shared variables that can be used in the functions

running on the cluster.
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Figure: Spark runtime. The user’s driver program launches
multiple workers, which read data blocks from a distributed file
system and can persist computed RDD partitions in memory.

So, as I explained that the spark program spark run time will have the driver program,
and this driver will distribute the task to different workers. So, there can be three it is
shown, but there can be more than many, as many as the number of nodes possible,
maybe thousands or hundreds, such workers can work for a driver, and driver will run

one application.
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Resilient Distributed Datasets (RDDs)

« A resilient distributed dataset (RDD) is a read-only collection of
objects partitioned across a set of machines that can be rebuilt if
a partition is lost.

« The elements of an RDD need not exist in physical storage;
instead, a handle to an RDD contains enough information to
compute the RDD starting from data in reliable storage.

+ This means that RDDs can always be reconstructed if nodes fail.

So, this is the scenario of one application execution. So, RDDs resilient distributed data

set is a read only collection of object, partitioned across a set of machine that can be



rebuild if the partition is lost. The element of an RDD need not exist in the physical
storage instead a handle to an RDD contains enough information to compute RDD
starting from the data in a reliable storage. This means that RDDs can always be

constructed, reconstructed if the node fails.

So, here we can see that, once an RDD is defined, then we can perform an different
transformations from an RDD. So, we will see what these transformations are supported
by the spark, and then on RDDs various actions can be performed which will give the

final values.

Now, we will see that these actions are important, in between the transformations which
are defined, will not be executed until actions are fired, and these actions will give the

values that we are going to see.
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Contd...

- In Spark, each RDD is represented by a Scala object. Spark lets
programmers construct RDDs in four ways:

«From a file in a shared file system, such as the Hadoop
Distributed File System (HDFS).

» By “parallelizing” a Scala collection (e.g., an array) in the driver
program, which means dividing it into a number of slices that will

be sent to multiple nodes. -~ RDR_5 i—-.ﬁ-_v-*fv DS

AT\ et s, RPDD
» By transforming an existing RDD. A dataset with Elﬁf\ments of
type A can be transformed into a dataset with elements of type B
using an operation called flatMap, which passes each element

through a user-provided function of type A = List[B].

» Other transformations can be expressed using flatMap,
including map (pass elements through a function of type A=B
and filter (pick elements matching a predicate).

So, in spark each RDDs represented by any scale object. So, there are four ways. So,
from file in a, shared file system such as Hadoop distributed file system, by paralyzing
Scala collection in a driver program which means that dividing it into a number of slices
that will be sent to the multiple nodes, by transforming an existing RDD, a data set with
the elements of type a can be transformed into a into datasets, with the element of type B

using operation flatmap, which passes each element.



Other transformation can be expressed using flatmaps. So, flatmap is a transformation
which takes RDD in one form. Let us say A, and it will transform and give RDD in

another form, and this is called a transformations.

So, whether it is flatmap or a map all are transformations defined in by Scala that we will

S€cC.
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Contd...

« By changing the persistence of an existing RDD. By default, RDDs
are lazy and ephemeral.

= That is, partitions of a dataset are materialized on demand when
they are used in a parallel operation (e.g., by passing a block of a
file through a map function), and are discarded from memory
after use. However, a user can alter the persistence of an RDD
through two actions:

« The cache action leaves the dataset lazy, but hints that it should
be kept in memory after the first time it is computed, because it
will be reused.

« The save action evaluates the dataset and writes it to a
distributed filesystem such as HDFS. The saved version is used in
future operations on it.

So, by changing the persistence of an existing RDD, by default RDDs are lazy and
ephemeral; that is partitions of the data sets are materialized on demand when they are

used in parallel operations, and discarded from the memory after the use is over

The cache action leaves the data set lazy, but hints that it should be kept in the memory
after the first time it is computed, because it is going to be reused. Save actions evaluates

the dataset and write it to the distributed file system.
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Contd...

« If there is not enough memory in the cluster to cache all
partitions of a dataset, Spark will recompute them when they are
used.

» Spark programs keep working (at reduced performance) if nodes
fail or if a dataset is too big. This idea is loosely analogous to
virtual memory.

+ Spark can also be extended to support other levels of persistence
(e.g., in-memory replication across multiple nodes).

+ The goal is to let users trade off between the cost of storing an
RDD, the speed of accessing it, the probability of losing part of
it, and the cost of recomputing it.

If there is not enough memory in the cluster to cache all the partitions of a data set, spark

will recomputed them when they are used.
(Refer Slide Time: 14:33)

Parallel Operations

+ Several parallel operations can be performed on RDDs:

+ Reduce: Combines dataset elements using an associative
function to produce a result at the driver program.

« Collect: Sends all elements of the dataset to the driver program.
For example, an easy way to update an array in_ ggra__ll\glﬂis to
parallelize, map and collect the array. s =T =

£ T dy
+ Foreach: Passes each element through a user provided function.

This is only done for the side effects of the function.

Now, parallel operations there are several parallel operation that can be performed on
RDDs; one is called reduce that will combine the datasets, data set elements using an
associative function to produce the result at the driver program. Collect, sends all the
elements, of the dataset to the driver program, for each passes each element through a

user provided function. This is only done for the side effects of the function.



So, if you see that this is the driver program, and these are the RDDs. So, here as far as
the parallel operations are concerned, when it is said as collect; all the RDDs, all the
nodes, which are having an RDD, which will get an result, they will be sending the
values back to the to the driver program, and for each means here at each RDD a, user
defined function will be invoked and transformation will happen, and reduce also will

perform the transformation on RDDs.

(Refer Slide Time: 16:03)

Shared Variables

» Programmers invoke operations like map, filter and reduce by
passing closures (functions) to Spark.

+ As is typical in functional programming, these closures can
refer to variables in the scope where they are created.

» Normally, when Spark runs a closure on a worker node, these
variables are copied to the worker.

» However, Spark also lets programmers create two restricted
types of shared variables to support two simple but common
usage patterns such as Broadcast variables and Accumulators.
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Now, these are the shared variables. Programmers invoke the operations like map filter
and reduce by passing the closure functions to the spark. The spark lets the programmer
create two restricted types of shared variable to support two simple, but common usage
patterns; such as broadcast variables and accumulators. So, broadcast variables, if very
small piece of data which is to be communicated to all the workers, then the broadcast
variables are used. For example, if it is the driver and these are the workers. So, the
broadcast means that the driver will communicate through the messages, through the
broadcast variables, to all the workers. So, this way these share variables they are going

to be utilized.



(Refer Slide Time: 17:09)

Broadcast variables

« Broadcast variables: If a large read-only piece of data (e.g., a
lookup table) is used in multiple parallel operations, it is
preferable to distribute it to the workers only once instead of
packaging it with every closure.

- Spark lets the programmer create a “broadcast variable”
object that wraps the value and ensures that it is only copied
to each worker once.

So, broadcast variable if a large read only piece of data, is used in a multiple operations,
it is preferably to distributed to the workers, only once instead of packaging it with every
closure. Spark lets the programmer create a broadcast variable object that wraps the
value and ensure that it is only copy to each worker once that I have explained in the

previous slides.
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Accumulators

« Accumulators: These are variables that workers can only
“add” to using an associative operation, and that only the
driver can read.

- They can be used to implement counters as in MapReduce and
to provide a more imperative syntax for parallel sums.

» Accumulators can be defined for any type that has an “add”
operation and a “zero” value.

+ Due to their “add-only” semantics, they are easy to make
fault-tolerant.

Accumulator: These are the variables that the worker can only add to using an

associative operation and that only the driver can read. So, they can be used to



implement counter; such as Map Reduce, and to provide a more imperative syntax for

parallel sums.

Accumulators can be defined for any type that has an add operations and a zero values.

Due to their add only semantics, they are easy to make the fault tolerant.

(Refer Slide Time: 18:02)
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RDD operations: So, I told you that RDDs spark provides the operation in the form of

transformations, operation in the form of actions.

The plan of transformation in action is denoted by a dag; that is directed acyclic graph,
and this particular dag is build in the execution engine. For example, from the start, if
this kind of dag is being produced here, the edges are called the transformations, and

here the nodes are called basically the actions.

. So, transformations from one RDDs to another RDDs. So, transformation will be
applied on the RDDs. For example, the map will take RDD, and do the transformation
filter sample union group by key reduce join and cache. They will be performed on
RDDs. And it will transform from one form to another form, as we have seen in a

flatmap earlier. So, flat map is also there.

Now another kind of operations is called basically the action and this action whenever
an action is encountered in a dag, then only the execution will takes place, and the values

are returned back to the driver program. So, this is very important that actions have to be



fired. For example, actions is reduced collect count sale and lookup key. So, when count
in the sense, the word count program you have seen in the Map Reduce, is being

supported here directly by the spark.

So, the word count or a count will. So, once an action count happens. So, automatically
the dag, which basically has already transformed into this kind of graph, will be

executed, and the value will be returned back.

(Refer Slide Time: 21:10)
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Transformation Description

Return a new distributed dataset formed by passing
each element of the source through a function func

Return a new dataset formed by selecting those
element of the source on which func returns true

j d Similar to map, but each input can be mapped to 0

map (func)

filter (func)

flatmap (func) or more output items (so func should reth a Seq
rather than a single item) = — (f‘"“ E
sample Sample a fraction of the data, with or without
(withReplacement replacements, using a given random number
! generator seed

fraction, seed)

Return a new dataset that contains the union of the
elements in the source dataset and the argument

Return a new dataset that contains the distinct
elements of the source dataset

union (otherDataset)

distinct ( [numtasks] ) )

So, the transformations. Let us see the flatmap, because we have already seen, is similar
to the map, but each input can be mapped to zero or more output items. So, let me give
you an example of flatmap. So, if the line is given, if a line is given and flatmap is asked
to split on the blanks then the input is this particular line, but as far as the flatmap is
concerned it will output all the words. These words will be the output as far as the

flatmap is concerned.

. So, the input is one, but output are basically a list of words will be output. So, similar to
the map, but each input can be mapped to zero or more output items, that I explained you
through an example. Similarly all other for example, map you know that returns a new
distributed dataset, from by passing each element. So; that means, it has the function

which will transform the RDD from a particular input to a particular output.
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Similarly, other transformations are grouped by keys, reduced by keys, sort by key, join

and so on.

(Refer Slide Time: 23:03).

Actions: They are basically different from the transformation, as I told you actions are
very important, because they will trigger the entire operations, which is build the form of
the dag, and the spark will return the value to the driver, and driver in turn will get the

values, and completes the entire function.



So, reduce function and aggregate element of the dataset. Collect means it will return all
the values of the data set as an array, at the driver program. For example, these are all the
worker nodes, and this is the driver program. So, when the collect operation, collect
action will be there, then all the values whatever is computed will be collected back. So,
collect is an action. So, all the actions will perform on the application. So, that is why

these actions are very important, and they are listed here in this particular slide.
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Spark Community

- Most active open source community in big data

+» 200+ developers, 50+ companies contributing
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So, spark community is most active open source community in a big data, because it is
going to be used in a big data scenario, because a very large dataset, it is able to compute

this only platform, and it is also hundred times faster compared to the Hadoop map

reduce.

So, just see that the contributions are growing in spark, built in libraries.
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Standard Library for Big Data

‘ - Big data apps lack libraries”
of common algorithms

+ Spark’s generality + support”
for multiple languages make
it“ suitable to offer this

» Much of future activity will
be in these libraries

d ya

Python Scala Java R

CO

Standard libraries for big data is supported. Here big data applications, lack libraries for
common algorithms sparks generality and support for multiple languages make it

suitable to offer this, much of the future activity will be in the form of a library.

So, the languages which are supported here, are by the spark is python Scala Java R, and

SQL machine learning and a graph are basically the standard library, which runs over the

core spark.

(Refer Slide Time: 25:16)

| A General Platform

Spark
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machine
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So, these are the standard libraries which are included with the spark, in the spark SQL
spark streaming that is for the real time, graph X is for the graph applications, and MLIib

is for the machine learning.

(Refer Slide Time: 25:31)

These are all written over here.

(Refer Slide Time: 25:36)

So, graph X is for the graph computations.
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Spark streaming is for large scale streaming computations spark SQL.

(Refer Slide Time: 25:46)

For the structured data. Some examples of spark.
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Example 1: PageRank | b

- Give pages ranks (scores) based on links to them
- Links from many pages = high rank +~ .
- Links from a high-rank page mmp high rank -

So, let us see the PageRank computation, which is to be done by the spark. As you know

that PageRank computation is an iterative application and is heavily used in the Google,

to find out the ranks of the web page or the ranks of the website.

So, it gives pages rank. Sorry score based on the links, which are basically pointing to
that particular page. So, the links from many pages, will give a high rank, and links from

a high rank page to a particular page also will give a high rank to a particular page.

So, here you can see that. So, many links are pointing towards a particular node, is going
to be a high page, rank page or a website. Similarly here also now it will be ranking all

the web pages, of those pages which are being leaned over here.
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Algorithm

Step-1 Start each page ata rank of 1

Step-2 On each iteration, have page p contribute rankp/ |neighborsp|
to its neighbors

Step-3 Set each page’s rank to 0.15 + 0.85 x contributions

Let us see this particular algorithm. This algorithm works in the iterations. So, initially
all the nodes are given the rank one, and then iteratively, it will compute the rank by
iterative operation. So, let us see this, this particular node, is basically outgoing links are
two. So, basically this is divided, 1 is divided 0.5 and this is also divided 0.5. Now the
rank of this particular node has to be recomputed. So, how many links are basically
indicating to this particular node, will be the new computation, which will be changing

its link, as I told you this.

So, now, this particular PageRank of this particular node or for every other nodes, is now
will change why, because the weights of these pages are going to have now changed in

this iterations, and according to this formula it is going to change.
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Algorithm

Step-1 Start each page at arank of 1

Step-2 On each iteration, have page p contribute rankp/ |neighborsp|
to its neighbors

Step-3 Set each page’s rank to 0.15 + 0.85 x contributions

1.85

0.58 .29

You just see that, this particular ranks are changed in the iteration number one. Similarly

second iteration will again happen, and this basically will go on, and finally, here it stops.
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Algorithm

Step-1 Start each page at a rank of 1

Step-2 On each iteration, have page p contribute rankp/ |neighborsp|
to its neighbors

Step-3 Set each page’s rank to 0.15 + 0.85 x contributions

Final state: 144

So, here you can see that this particular node is having, the highest rank followed by this
one. So, if it is the highest rank why, because you see that it has all the links, from all
three nodes, and as far as this is the list because this highest rank node is now in pointing
to this particular node. So, it is also receiving the higher compared to the other two

nodes. So, this is basically the program.



(Refer Slide Time: 28:55)

Spark Program

val links =// RDD of (url, neighbors) pairs
var ranks = // RDD of (url, rank) pairs X ;L
for (i <- 1 to ITERATIONS){ e L
I val contribs = links.join(ranks).flatMap { Tt
case (url, (links, rank)) => vl Ty
links.map(dest => (dest, rank/links.size))
) ) i
ranks = contribs.reduceByKey (- +")
.mapValues (0.15 +0.85 * )
} e

ranks.saveAsTextFile(...)

Let us go and see the program. Now here in the spark program for PageRank algorithm,
first two steps if you see, it is nothing, but it is going to compute the spark and spark
context; that is called SC, is going to build a spark context. And next iterations, you see it
is a far loop, and this far loop will perform the transformations over RDDs. So, here you
can see that. So, links and ranks, they will get the RDDs linked out of this URL neighbor,
and URL rank pairs.

Then this particular transformation, flatmap will be performed, and will basically do the
transformations on these particular links, and then it will be performed another
transformation which are reduced by key, reduce by key in the sense, these particular
rank or ranked by link size. These particular values are being given from the map
transformations, these values are now being added; and that is called reduced by key. So,
for the same page, all the values are going to be added, and these values will be now

given as the rank.

So, this particular program is written in the Scala, which will have two points; one is
called transformations, most of the transformations are done on RDDs, and then it will
take an action. And once an action is performed then the entire transformation will be
executed, and the values will be returned. So, during these iterations the values, which

are generated across the iterations, will be stored in memory.
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So obviously, this particular program becomes faster. So, you can see that this is the

hundred times faster compared to the Hadoop version of the same program.
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Now, another program machine learning is called logistic regression. This is also to be

carried out in the number of iterations.



(Refer Slide Time: 31:42)

Logistic Regression Code

val data = spark textFile(...). map(readPoint).cache()
var w = Vectorrandom(D) ————— <.

for (i <- 1 to ITERATIONS) {
val gradient = data.map(p =>

(17(1 +exp(-p.y*(w dot p.x))) -1) * p.y * p-x
).reduce(_ + )

-= gradient
}

printin("Final w: " +w) " p o/

The code also you can see that, here this is, this map is the transformation, it will take a
file perform a transformation, and it will generate a RDD which is called a data. Here
also it will form a spark context, and then it will perform another transformations and up
to reduce it will do, and finally, this is the action; that is this action will be performed in

the local disk.
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Logistic Regression Performance
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Why, because the result will be in the local form of the disk. So, here also if you see the
running time, this is faster compared to the Hadoop version. Now another important

program is called basically word count.
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Example 4: WordCount

Definition: Count how often each word appears in a collection
of text documents

This simple program provides a good test case for parallel
processing, since it:

= Requires a minimal amount of code

- Demonstrates use of both symbolic and numeric values
« Isn’t many steps away from search indexing

= Serves as a “Hello World” for Big Data apps

A distributed computing framework that can run WordCount
efficiently in parallel at scale can likely handle much large and
more interesting computer problems.

Word count is important why, because in the line the words which are most frequently
occurring, is not going to impact in the page rank, as it is seen for example, the is and or,
they are not going to contribute, significantly as far as the page rank is concerned of a

particular website.
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WordCount Program

Scala!_: : e et
/ / _. e ot

val f = sc.textFile ( “README.md” ) -~ i et
val we = f.flatMap (I => L.split("} ”)).map (word=> (word, 1)].reducq!3yl(ev(_"+_]
wc.saveAsTextFile ( “wec_out” ) - == el

L- W

Y b T o
@ Asogh WY
r

Python: "‘.;.:"_"_'.'ﬂ rd’:“

from operator import add —

f = sc.textFile ( “README.md" )

val we = f.flatMap (lamda x: x.split(" ‘) ).map (lamda x: (x, 1)).reduceByKey(add )
wec.saveAsTextFile ( “wc_out” )




So, basically that is why the word count is the most important application, and it is also

supported here in the spark.

So, just see as I told you that it will take a file, it will create a Scala context, it will read a
file, and it will generate a file in a variable f, as far as the flatmap is concerned, it will
take these lines which are read from the file, and it split according to the blank. So,
basically it will generate the words, and these words. As far as the map transformation is
concerned, it will output for every word comma one; that means, this particular tuple,
will be output for each word, a tuple will be generated. Tuple means word comma one,
and then reduce function will be performed reduced by key is a transformation on this
particular RDD. The reduce will take the; that means, all the words having this particular

value one, and they will be added up

So, for a particular word t h e the, if it is appearing, many number of times it is
appearing. So, that many number of ones will be added, and it will be reduced by key.
So, these are all transformations. So, this particular word count, when it is saved this is
an action, save is an action, then the entire program will be, the entire output will be

saved and it will return.
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Other Spark Applications

i.  Twitter spam classification

ii. EM algorithm for traffic prediction

iii. K-means clustering

iv. Alternating Least Squares matrix factorization
v. In-memory OLAP aggregation on Hive data

vi. SQL on Spark

Other is spark programs and applications are there. For example, twitter spam

classification and so on.
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Reading Material

» Matei Zaharia, Mosharaf Chowdhury, Michael J. Franklin,
Scott S_henker, lon Stoica

“Spark: Cluster Computing with Working Sets”
- Matei Zaharia, Mosharaf Chowdhury et al.

“Resilient Distributed Datasets: A Fault-Tolerant
Abstraction for In-Memory Cluster Computing”

» Konstantin Shvachko, Hairong Kuang, Sanjay Radia, Robert
Chansler

“The Hadoop Distributed File System”

Various machine learning algorithms. Now lot of reading materials are available, that can

be referred.
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Conclusion

« Spark provides three simple data abstractions for programming
clusters: resilient distributed datasets (RDDs), and two restricted
types of shared variables: broadcast variables and accumulators.
While these abstractions are limited, It is found that they are
powerful enough to express several applications that pose
challenges for existing cluster computing framewaorks, including
iterative and interactive computations.

« Furthermore, It is believed that the core idea behind RDDs, of a
dataset handle that has enough information to (re)construct the
dataset from data available in reliable storage, may prove useful
in developing other abstractions for programming clusters.

»In this lecture, we have discussed the HDFS components, its
architecture and framework of spark with its applications.

Conclusion: Spark provides three simple data abstraction for programming clusters,
resilient distributed data sets, and two restricted type of shared variables; that is the
broadcast and accumulators. Why these abstractions are limited? It is found that they are
powerful enough to express several applications, including iterative and interactive

computations. Furthermore, it is believed that core idea behind RDDs of a dataset,



handle that has enough information to reconstruct the dataset from data available in the
reliable storage. So, in this lecture we have discussed the HDFS components,

architecture, framework of spark and its application.

Thank you.



