Module -2

Introduction to Hadoop
Big Data Programming Model

A programming model is centralized computing of data in which the data is transferred from
multiple distributed data sources to a central server. Analyzing, repovituglizing, business

intelligencetaskscomputecentrally. Dataareinputsto the centralserver.

Another programming model is distributed computing that usesthe databasesat multiple
computing nodes with data sharing betweenthe nodes during computation.  Distributed
computing in this model requires the cooperation (sharing) between the DBs in a transparent
manner. Transparent means that each user within the system may access all the data within all
databases as if they were a single databAssecond requirement is location independence.
Analysis results should be independent of geographical locations. The access of one computing

nodeto othernodesmayfail dueto asinglelink failure.

Distributed pieces of codes as well as the data at tkemputing nodesTransparency between
data nodes at computing nodes do not fulfil for Big Data when distributed computing takes place

usingdatasharingbetweerocal andremote Following arethereasondor this:
A Distributeddatastoragesystemsdo not usethe conceptof joins.

A Data need to be fadlblerant and data stores should take into account the possibilities of
network failure.When dataneed tobe partitioned into dathlocks andwritten at one set of
nodes, then those blocks neexplication at multiple nodes. This takes care of possibilities of

networkfaults. Whena networkfault occurs,thenreplicatednodemakesthe dataavailable.

Big Data follows a theorem known as the CAP theorem. The CAP states that out of three
propertiesconsistency, availability and partitions), two must at least be present for applications,

servicesandprocesses.
i Big Data Store Model
A modelfor Big Datastoreis asfollows:

Datastorein file systemconsistingof datablocks (physicaldivision of data). The datablocks

aredistributedacross multiplenodes Datanodesareat theracksof a cluster.Racksarescalable.



A Rack has multiplelatanodes (dataervers)and eacltlusteris arrangedn anumberof racks.

Data Store model of files in data nodes in racks in the clusters Hadoop system uses the data store
model in which storage is at clusters, racks, data nodes and data blocks. Data blocks replicate at
the DataNodes such that a failure of lielads to access of the data block from the other nodes

replicatedat the sameor otherracks.
ii. Big Data Programming Model

Big Data programming model is that application in which application jobs and tasks ¢or sub

tasks)is scheduledn the sameserverswvhich storethe datafor processing.

Hadoop and its echo system

Hadoop is a computing environment in which input data stores, processes and stores the results.
The environment consists of clusters which distribute at the cloud or set of sendrsllser
consists of a string of data files constituting data blocks. The toy named Hadoop consisted of a
stuffed elephant. The Hadoop system cluster stuffs files in data blocks. The complete system

consistf a scalabledistributedsetof clusters.

Infrastructure consists of cloud for clusters. A cluster consists of sets of computers or PCs. The
Hadoop platform provides a low cost Big Data platform, which is open source and uses cloud
services.Tera Bytes of data processing takes just few minuteEsoq enables distributed
processingof large datasets(above 10 million bytes) acrossclustersof computersusing a
programming model called MapReduce. The system characteristicsare scalable, self-

manageableself-healinganddistributedfile system.

Scalable means can be scaled up (enhanced) by adding storage and processing units as per the
requirements. Selihnanageable means creation of storage and processing resources which are
used, scheduled and reduced or increased with the help of the sysiénsal-healing means

that in case of faults, they are taken care of by the system itseth&aihg enables functioning

and resources availability. Software detect and handle failures at the task level. Software enable

the serviceor taskexecutionevenin caseof communicatioror nodefailure.



2.1.1 HadoopCoreComponent

Figure 2.1 Core componentsof Hadoop
The Hadoop core componentsof the framework are:

Hadoop Common - The commonmodule containsthe libraries and utilities that are required
by the other modules of Hadoop. Fexample, Hadoop common provides various components
and interfaces for distributed file system and general input/output. This includes serialization,

JavaRPC(RemoteProcedureCall) andfile-baseddatastructures.

Hadoop Distributed File System (HDFS) A Javabased distributed file system which can

storeall kindsof data onthedisksatthe clusters.

MapReducevl - Softwareprogrammingmodelin Hadoopl usingMapperandReducerThe
vl processefarge set®f datain parallelandin batches.

YARN - Software for managing resources for computing. The user application tasks-or sub
tasksrun in parallelat the Hadoop,usesschedulingand handlesthe requestdor the resources

in distributedrunningof thetasks.

MapReducev2 - Hadoop 2 YARN -basedsystemfor parallelprocessingf largedatasetaind

distributedprocessingf theapplicationtasks.
2.2.2Featuresof Hadoop
Hadoopfeatures arasfollows:

1. Fault-efficient scalable, flexible and modular desigrwhich uses simple and modular
programming model. The system provides servers at high scalability. The system is scalable by

addingnew nodesto handlelarger data.Hadoopprovesvery helpful in storing, managing,

processingand analyzingBig Data.

2. Robust design of HDFS:Execution of Big Data applications continue even when an
individual server or cluster fails. This is because of Hadoop provisions for backup (due to
replications at least thréanes for each data block) and a data recovery mechanism. HDFS thus

hashigh reliability.



3. Storeand processBig Data: ProcesseBig Dataof 3V characteristics.

4. Distributed clusters computing model with data locality: Processes Big Data at high speed
as the application tasks and sialsks submit to the DataNodes. One can achieve more
computingpowerby increasinghe numberof computingnodes.The processingplitsacross

multiple DataNodegservers)andthusfastprocessingandaggregatedesults.

5. Hardware fault-tolerant: A fault does not affect data and application processing. If a node
goes down, the other nodes take care of the residue. THiseiso multiple copies of all data

blockswhich replicateautomatically.Defaultis threecopiesof datablocks.

6. Open-source framework: Open source access and cloud services enable large data store.

Hadoopusesa cluster ofmultiple inexpensiveserversor the cloud.

7.Javaand Linux based:HadoopuseslavainterfacesHadoopbases Linux buthasits own

setof shellcommandsupport.

2.2.3.Hadoop Eco systemComponents

Thefour layersin Figure 2.2 areasfollows:

(i) Distributedstoragelayer

(i) Resourcemanageiayer for job or applicationsubtasksschedulingand execution

(iii) Processingramework layer, consisting of Mapper and Reducer for the MapReduce

processflow.

(iv) APis at application support layer (applications such as Hive and Pig). The codes
communicate and run using MapReduce or YARN at processing framework layer. Reducer

outpu communicate to APis (Figure 2.2).



AVRO enables data serialization between the layers. Zookeeper emableination among

layer components.

The holistic view of Hadoop architectureprovides an idea of implementationof Hadoop
components of the ecosystem. Client hosts run applications using Hadoop ecosystem projects,

suchasPig, Hive andMahout.
HADOOP DISTRIBUTED FILE SYSTEM
HDFS is a core component of Hadoop. HDFS is designed to run on a cluster of computers and
serversat cloud-basedutility services.
HDFS storesBig Datawhich may rangefrom GBs (1 GB=230B) to PBs(1 PB=

1015 B,nearlythe 250 B).HDFS stores the data in a distributed manner in order to compute

fast. The distributeddatastorein HDFS storesdatain anyformatregardles®f schema.
HDFS Storage

Hadoop data store concept implies storing diatga at a number of dusters. Each cluster has a
number of data stores, called racks. Each rack stores a number dfi@s. Each DataNode
has a large number of data blocks. The racks distribute acrossa cluster. The nodes have
processing and storage edgilities. The nodes have the data in data blocks to run the application

tasks.The datablocksreplicateby defaultat leaston three DataNodesn sameor remotenodes.



Data at the stores enable running the distributed applications incladiagtics, data mining,
OLAP using the cluster#\ file, containing the data divides into data blocksdata blockdefault
sizeis 64 MBs

Hadoop HDFS features are as follows
i Create,appenddelete,renameand attribute modification functions

ii. Contentof individual file cannotbe modified or replacedbut appendedvith new dataat

Figure 2.3A Hadoopcluster example,

Consider a data storage for University students. Each student data, stuData which is in a file of
size less than 64 MB (MB= 220 B). A data block stores the full file data for a student of
stuData_idNwhereN= 1 to 500.

i. How the files of each student will be distributed at a Hadoop cluster? How many student

datacanbe storedat one cluster?Assumethat eachrack hastwo DataNodedor processingac



of 64 GB (1 GB= 230B) memory. Assumethat cluster consistsof 120 racks, and thus 240

DataNodes.

ii. What is the total memorycapacityof the clusterin TB ((1 TB= 240 B) and DataNodes

in eachrack?

iil. Showthe distributedblocks for studentswith ID= 96 and 1025. Assumedefault

replicationin the DataNodes= 3.

V. What shall be the changesvhena stuDatafile sizes128 MB?

SOLUTION

I. Datablock defaultsize is 64 MB. Each students file siieless than 64MB.Therefore,

for each student file ondata block suffices. A data block is in a DataNode. Assume, for
simplicity, each rack has two nodes each of memory capacity = 64 GB. Each node can thus store
64 GB/64MB= 1024datablocks= 1024studentfiles. Eachrackcanthusstore2 x 64 GB/64MB

= 2048 data blocks = 2048 student files. Each débak default replicates three times in the
DataNodes. Therefore, the number of students whose data can be stored in the cluster = number
of racks multiplied by number diles divided by 3 = 120 x 2048/3 = 81920. Therefore, the
maximum number of 81920 stuData IDN files can be distributed per cluster, with N = 1 to
81920.

il. Total memorycapacityof the cluster= 120 x 128 MB = 15360GB = 15 TB. Total
memorycapacityof eachDataNoden eachrack=1024x 64 MB= 64 GB.

iii. Figure 2.3 shows a Hadoop cluster example, and the replication of data blocks in racks
for two studentsof IDs 96 and 1025. EachstuDatafile storesat two datablocks, of capacity
64 MB each.

iv. Changeswill bethateachnodewill havehalf the numberof datablocks.
Hadoop Physical organization

Figure 2.4 shows the client, master NameNode, primary and secondary MasterNodes and slave
nodes in the Hadoop physical architecture. Clients as the usetiserapplication with the help
of Hadoop ecosystem projects. For example, Hive, Mahout and Pig are the ecosystem's projects.

Theyarenotrequiredto be presentat the Hadoopcluster.



Figure 2.4 The client, masterNameNodeMasterNodesndslavenodes
A single MasterNodeprovidesHDFS, MapReduceandHbaseusingthreadsn small

sizedclusters.Whenthe clustersizeis large, multiple serversare used,suchasto
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load. The secondary NameNode provides NameNode management services and Zookeeper is

usedby HBasefor metadatastorage.

The MasterNode fundamentally plays the role of a coordinator. The MasterNode receives client

connectionsmaintainsthe descriptionof the global file systemnamespaceand the allocation

of file blocks. It also monitors the state of the system in order to detect any failure. The Masters

consists of three componentsNameNode, Secondary NameNode and JobTracker. The

NameNodestoresall thefile systemrelatedinformationsuchas:

A Thefile sectionis storedin which partof the cluster

A Lastaccesgime for thefiles

A Userpermissiondike which userhasaccesdo thefile.



SecondaryNameNodeis an alternate for NameNode. Secondarynode keeps a copy of
NameNodenetadata.Thus,storedmetadatacanbe rebuilt easily,in caseofNameNoddailure.

TheJobTrackecoordinateghe parallelprocessingf data.

Hadoop 2
A SingleName Nodefailure in Hadoopl is an operationalimitation.
A Scalingup wasrestrictedto scalebeyonda few thousand®f DataNodesandnumber
of Clusters.
A Hadoop?2 provides the multiple NameNodeswhich enables higher resources
availability

2.3.1.2HDFS commands

Table 2.1 Examples of usages of commands

Assume stu_filesdir is a directory of student files in Example 2.2. Then
ke command for creating the

directory is SHadoop hdfs-mkdir/user/stu filesdir creates the
directory named stu_files_dir

Assume file stuData_id96 to be copied at stu_filesdir directory in Example
-put 2.2. Then $Hadoop hdfs-put stuData_id96 /user/ stu_filesdir
copies file for student of id96 into stu_filesdir directory

Assume all files to be listed. Then $hdfs hdfs dfs-1s command does
provide the listing.

’

Assume stuData_id96 to be copied from stu_filesdir to new students
directory newstu_filesDir. Then $Hadoop hdfs-cp stuData id96
/user/stu_filesdir newstu_filesDir copies file for student of ID 96
into stu_filesdir directory

-cp

MAPREDUCE FRAMEWORK AND PROGRAMMING MODEL

Mapper meanssoftware for doing the assigned task after organizing the data blocks imported
usingthe keys. A key specifiesin a commandline of Mapper.The commandmapsthe key to

the data,which anapplicationuses.

Reducer meanssoftware for reducing the mapped data by using the aggregation, query-or user

specifiedfunction. Thereducerprovidesaconcisecohesivaesponséor theapplication.

Aggregationfunction meansthefunctionthatgroupsthevaluesof multiple rowstogetherto



resulta single value of more significant meaningor measurement-or example,function such

ascount,sum, maximum,minimum, deviationandstandarddeviation.

Querying function means a function that finds the desired values. For example, function for

finding abeststudentof a classwho hasshownthebestperformancen examination.

MapReduce allows writing applicationsto processreliably the huge amountsof data, in
parallel, on large clusters of servers. The cluster size does not limit as such to process in parallel.
The parallel programs of MapReduce are useful for performing large scale data analysis using

multiple machinesn the cluster.
Featureo fMapReduceframeworkare asfollows:

A Provides automatic parallelization and distribution of computation based on several
processors

Processesdlatastoredon distributedclustersof DataNodesandracks
Allows processindarge amountof datain parallel
Providesscalabilityfor usagesof large numberof servers

ProvidesMap Reducebatchorientedprogrammingmodelin Hadoopversionl

T To T» T T

Provides additional processing modes in Hadoop 2 YARBed system and enables
required parallelprocessing. For example, for queries, graph databases, streaming
data, messages,reattime OLAP and ad hoc analytics with Big Data 3V

characteristics.
HADOOP YARN
A YARN is aresourcea managemenplatform. It manageshe computerresources.

A YARN manageshe schedulesor runningthe subtasks.Eachsubtasksusesthe
resourcesn theallotted intervatime.

A YARN separateshe resourcesnanagemenand processingcomponents.

A It standsfor YET ANOTHER RESOURCENEGOTIATOR, it managesndallocates
resourcedor the applicationsubtasksandsubmitthe resourcedor themin the Hadoop

system.



Hadoop 2 Execution Model
Thefigure showsthe YARN component<Client, ResourceManager (RM), Node Manager
(NM), Application Master(AM) andContainers.

Figure 2.5 alsoillustratesYARN componentsiamely, Client, ResourceManager(RM), Node

Manager(RM), Application Master(AM) andContainers.
List of actionsof YARN resourceallocationand schedulingfunctionsis asfollows:
A MasterNodehastwo components(i) Job History Serverand(ii) ResourceManager(RM).

A Client Node submits the request of an application to the RM. The RM is the master. One RM
exists per cluster. The RM keepsormation of all the slave NMs. Information is about the
location (Rack Awarenesgndthe numberof resources (dathlocks and servers) they have.

The RM also renders the Resource Scheduler service that decides how to assign the resources.
It, therdore, performsresourcemanagemeraswell asscheduling.

Multiple NMs are at a cluster. An NM creates an AM instance (AMI) and starts up. The AMI

initializesitself andregisterswith the RM. Multiple AMis canbe createdn anAM.

The AMI performsrole of an Application Manager (ApplM), that estimatesthe resources

requirementfor running an applicationprogramor sub task. The ApplMs sendtheir requests



for the necessaryesourcedo the RM. EachNM includesseveralcontainersfor useshy the

subtaskf the application.

NM is a slaveof the infrastructure.lt signalswheneverit initializes. All active NMs sendthe

controlling signalperiodicallyto the RM signalingtheir presence.

HADOOP ECOSYSTEM TOOLS
ZooKeeper . . L . _—
Coordination Prow_smnsh|gh-_peri_‘ormancecoord|nat|onserV|cefor distributed
service runningof applicationsandtasks
Avro-Data
serialization | Provisionsdataserializationduringdatatransferbetweernapplication
andtransfer | andprocessindayers
utility
Oozie Provides a way to packaged bundlesnultiple coordinatorand
workflow jobsandmanagehelifecycle of thosegobs
Sqoop
(SQL-to- -
Hadoop)A Provisions for dat@ransfer between data stores such as relatioBal
datatransfer | @ndHadoop
software
Flume- Large | Provisions foreliabledatatransferandprovidesfor recoveryin caseof

data transfer
utility

failure. Transferdargeamountof datain applicationssuchasrelatedto
sociatmediamessages

Ambari-A Provisionsmonitors,managesandviewing of functioningof the
web-basedool | cluster, MapReducdive andPig APis
ChukwaA

data collection
system

Provisionsand manageslatacollection systemfor large anddistributed
systems

HBaseA
structured Provisionsascalableandstructureddatabaséor large table¢Section
datastore 2.6.3)

usingdatabase

CassandraA
database

Provisionsscalableandfault-tolerantdatabasdor multiple masters
(Sections.7)




Hive -A data

Provisions data aggregation, dat@mmarization, data warehouse

warehouse infrastructure, ad hoc (unstructured) querying and S&# scripting
system languagefor queryprocessingisingHiveQL (Sections2.6.4,4.4and4.5)
Pig-A high- o . . |

level dataflow | Provisionsdataflow(DF) functionalityandtheexecutiorframeworkfor
language parallelcomputations

MahoutA Provisionsscalablemachinelearningandlibrary functionsfor data

mining andanalytics
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Module 2

1. EssentialHadoop Tools
In This Chapter:

m The Pig scripting tool is introduced asaway to quickly examine data both locally and on a Hadoop
cluster.

m The Hive SQL-like query tool is explained using two examples.

m The SqoopRDBMS tool is usedto import and export data from MySQL to/from HDFS.

m The Flume streaming data transport utility is configured to capture weblog datainto HDFS.
m The Oozie workflow manageris usedto run basic and complex Hadoop workflows.

m The distributed HBase databaseis usedto store and accessdata on a Hadoop cluster.

USING APACHE PIG
Apache Pig is a higlevel language that enables programmers to write complex MapR

transformationausing a simple scripting language Pig Latin (the actuallanguage)definesa
setof transformation®n a datasetsuchasaggregatejoin, andsort.
ApachePig hasseveralusagemodes.

A Thefirst is alocal modein which all processings doneon thelocal machine.

A The nonlocal (cluster) modes are MapReduce afez. These modes executiee jok
on the clusterusingeitherthe MapReducesngineor the optimizedTez engine.

There are also interactive and batch modes available; they enable Pig applicatior
developed locally in interactive modes, using small amounts of daththen run at scalen

theclusterin a productionmode.Themodesaresummarizedn Tabe 7.1

Local Mode Tez Local Mode MapReduce Mode Tez Mode

Interactive Mode Yes Experimental Yes Yes
Batch Mode Yes Experimental Yes Yes

Table 7.1Apache Pig Usage Modes
Pig Example Walk -Through

In this simpleexample,Pig is used The following exampleassumeshe useris hdfs, but any
valid userwith accesso HDFS canrunthe example.

To beginthe example copy the passwdfile to a working directoryfor local Pig operation:

$ cp/etc/passwd

Next, copy the datafile into HDFS for HadoopMapReduceoperation:
$ hdfs dfs-put passwdpasswd

You canconfirm thefile is in HDFS by enteringthe following command:
hdfsdfs-Is passwd
-rw-r--r-- 2 hdfs hdfs  2526201503-17 11:08passwd

In the following exampleof local Pig operation,all processings doneon the local machine
(Hadoopis not used).First, theinteractivecommandine is started:



$ pig -x local

If Pig starts correctly, you will see a grunt> promptext, enter the following commands to
load the passwd file and then grab the user name and dump it to the terminal. N&ig tha

commandsnust endvith a semicolon(;).

grunt>A =load'passwdusingPigStorage(":");
grunt> B = foreach A generate $0 as id;
grunt>dumpB;

The processing will start and a list of user names will be printed to the screen. To exit the

interactivesessiongnterthe commandjuit.
$ grunt>quit

To useHadoopMapReducestartPig asfollows (or just enterpig):
$ pig -x mapreduce

The samesequenceof commands can bentered at the grunt> promp¥ou may wish to
changethe $0argumentto pull out otheritemsin the passwd fileAlso, becausewe are
runningthis applicationunderHadoop,makesurethefile is placedin HDFS.

If you are using the Hortonworks HDP distribution with tez installiw tez engine can be
usedasfollows:

$ pig -x tez

Pig can also be run from script.This script, whichis repeated hereis designed to do the

same thinggstheinteractiveversion:

/* id.pig */

A =load'passwdusingPigStorage(':');-- loadthe passwdile

B = foreachA generateb0 asid; -- extracttheuserIDs

dumpB;

storeB into 'id.out'; -- write theresultsto a directorynameid.out

Commentaredelineatedy /* */ and-- attheendof aline. First, ensurehat the id.out

directoryis not in your local directory,andthenstartPig with the script on the commandine:
$ /bin/rm-r id.out/
$ pig -x local id.pig

If the script worked correctly, you should see at least one data file with the results and a zero
length file with the name _SUCCESSTo run the MapReduceversion, use the same
procedurethe only differenceis that now all readingandwriting takesplacein HDFS.
$ hdfs dfs-rm -r id.out
$ pig id.pig

USING APACHE HIVE
Apache Hive is a data warehouseinfrastructurebuilt on top of Hadoop for providing data
summarizationad hoc queries, and the analyefslarge data sets using aSQL-like language
called HiveQL.Hive offersthefollowing features:
= TOols to enable easy datatraction, transformation, and loading (ETL)
= A mechanismo imposestructureon a variety of dataformats



m Accesdo files storedeitherdirectly inHDFSor in otherdata storagesystemssuch as
HBase
= Queryexecutionvia MapReduceand Tez (optimizedMapReduce)

Hive Example Walk -Through

To startHive, simply enter the hive command. If Hive starts correctly, you should get a hive>
prompt.

$ hive

(somemessagemayshowup here)
hive>

As a simple test, createand drop a table. Note that Hive commands must end with a
semicolon(;).

hive>CREATE TABLE pokes(foo INT, bar STRING);
OK

Timetaken:1.705seconds

hive> SHOW TABLES;

OK

pokes

Timetaken:0.174secondsketchedl row(s)
hive>DROPTABLE pokes;

OK

Timetaken:4.038seconds

A more detailed example can be developed using asemrler log file to summarize message

types.First, createatableusingthefollowing command:

hive>CREATE TABLE logs(tlstring, t2 string, t3 string, t4 string, t5 string, t6 string, t7 string) ROW
FORMAT DELIMITED FIELDS TERMINATED BY '’

OK

Timetaken:0.129seconds

Next, load the datd in this case, from the sample.log fildlote that the file is found in the

local directory anchot inHDFS.

hive>LOAD DATA LOCAL INPATH 'sample.log'OVERWRITE INTO TABLE logs;
Loadingdatato tabledefault.logs

Tabledefault.logsstats{numFiles=1 humRows=0totalSize=9927IrawDataSize=0]

OK

Timetaken:0.953seconds

Finally, apply the selectstep to the file. Note that this invokes a Hadoop MapReduce
operation. The results appearat the end of the output(e.g., totalsfor the message

typesDEBUG, ERROR,andsoon).

hive>SELECT t4 AS sev,COUNT(*) AS cnt FROM logsWHERE t4 LIKE '[%"' GROUP BY t4;
Query ID = hdfs_20150327130000_dlelaz&5d7#4ed8b7852c6569791368
Total jobs=1
LaunchingJobl outof 1
Numberof reducetasksnot specified Estimatedrom input datasize: 1
In orderto changeheaveragdoadfor areducer(in bytes):
set hive.exec.reducers.bytes.per.reducer=<number>
In orderto limit the maximumnumberof reducers:




set hive.exec.reducers.max=<number>
In orderto seta constannumberof reducers:

set mapreduce.job.reduces=<number>
StartingJob=job_1427397392757_000TrackingURL = http://norbert:8088/proxy/
application_1427397392757_0001/
Kill Command = /opt/hadoc2.6.0/bin/hadoop jokkill job_1427397392757_0001
Hadoop job information foBtagel: number of mappers: 1; number of reducers: 1
201503-27 13:00:17,39%6tagel map= 0%, reduce= 0%
201503-27 13:00:26,1005tagel map= 100%, reduce= 0%, CumulativeCPU2.14sec
201503-27 13:00:34,979 Stagk map = 100%, reduce = 100%@umulative CPU 4.07 sec
MapReduceT otal cumulativeCPUtime: 4 second¥0 msec
EndedJob = job_1427397392757_0001
MapReduce Joblsaunched:
StageStagel: Map: 1 Reducel CumulativeCPU:4.07sec HDFSRead:106384
HDFS Write: 63SUCCESS
TotalMapReduceCPUTime Spent:4 second¥0 msec
OK
[DEBUG] 434
[ERROR]3
[FATAL] 1
[INFO] 96
[TRACE] 816
[WARN] 4
Timetaken: 32.624econdsketched6 row(s)

To exit Hive, simply type exit;
hive>exit;

A More Advanced Hive Example

In this example,100,000recordswill be transformedrom userid,movieid, rating, unixtime
to userid,movieid, rating, andweekdayusing Apache Hive and a Python program (i.e., the
UNIX time notationwill be transformedo the day of the week). Thefirst stepis to download

andextractthe data:

$ wget http://files.grouplens.org/datasets/movielens/ral00K.zip
$unzip ml-100k.zip
$cd ml-100k

Before we use Hive, we will createa short Pythonprogramcalledweekday_mapper.pyith

following contents:
import sys
import datetime

for line in sys.stdin:

line =line.strip()

userid, movieid, rating, unixtime = line.split('\t')

weekday = datetime.datetime.fromtimestamp(float(unixtime)).isoweekday()

print '\t'.join([userid, movieid, rating, str(weekday)])LOAD DATA LOCAL INPATH './u.data’'
OVERWRITE INTO TABLE u_data;

Next, start Hive and createthe data table (u_data)by enteringthe following at the hive>
prompt:

CREATE TABLE u_data(
userid INT,
movieid INT,


http://files.grouplens.org/datasets/movielens/ml-100k.zip

rating INT,

unixtime STRING)
ROW FORMAT DELIMITED
FIELDS TERMINATED BY '\t'
STORED AS TEXTFILE;

Load the movie datainto the tablewith the following command:
hive>LOAD DATA LOCAL INPATH './u.data’' OVERWRITE INTO TABLE u_data;

The numberof rowsin the table canbe reportedby enteringthe following command:
hive> SELECT COUNT(*) FROM u_data;

This commandwill starta single MapReducgob andshouldfinish with the following lines:

MapReduceobsLaunched:

StageStagel: Map: 1 Reducel CumulativeCPU:2.26sec HDFSRead:1979380
HDFS Write: 7SUCCESS

Total MapReduce&CPUTime Spent:2 second260msec

OK

100000

Timetaken: 28.366econdsketchedl row(s)

Now thatthe tabledataareloaded,usethe following commando makethe newtable
(u_data_new):

hive>CREATE TABLE u_data_new(
userid INT,

movieid INT,

rating INT,

weekdayINT)
ROW FORMAT DELIMITED
FIELDS TERMINATED BY '\t

The nextcommandaddsthe weekday _mapper.pip Hive resources:
hive>add FILE weekday_mapper.py;

Onceweekday _mapper.pig successfulljoaded,we canenterthe transformatiorquery:

hive>INSERT OVERWRITE TABLE u_data new
SELECT
TRANSFORM (userid, movieid, rating, unixtime)
USING 'python weekday_mapper.py'
AS (userid, movieid, rating, weekday)
FROM u_data;

If thetransformationwassuccessfulthe following final portion of the outputshouldbe
displayed:

Tabledefault.u_data_nestats:[numFiles=1nhumRows=10000GptalSize=1179173,
rawDataSize=1079173]

MapReduceobsLaunched:

StageStagel: Map: 1Cumulative CPU: 3.44 sddDFS Read: 1979380 HDFS Write:
1179256SUCCESS

TotalMapReduceCPUTime Spent:3 secondgi40msec

OK

Timetaken:24.06seconds



Thefinal querywill sortandgroupthe reviewsby weekday:
hive>SELECT weekday,COUNT(*) FROM u_data_newGROUP BY weekday;

Final outputfor the review countsby weekdayshouldlook like the following:

MapReducedlobslLaunched:

StageStagel: Map: 1 Reducel CumulativeCPU:2.39sec HDFSRead:1179386

HDFSWrite: 56 SUCCESS

TotalMapReduceCPUTime Spent:2 second890msec

oK

1 13278

14816

15426

13774

17964

12318

12424

Timetaken: 22.645econdsketched row(s)

As shown previously, you can removethe tablesused in this example with the DROP
TABLE command.In this case,we are also using the -e commandine option. Note that

queries careloadedfrom files usingthe-f option aswell.

$hive -e'drop table u_data_new'
$hive -e'drop table u_data’

Sqoopis a tooldesigned totransfer data between Hadoop aralational databasesyou can

~N o Ok WwN

use Sqgoop to import data from a relational database management system (RDBMS) into the
Hadoop Distributed File System (HDFSransform the data in Hadoop, atiten export the
data backnto anRDBMS.

Sqgoop can be used with any Java Database Connectivity (JD@@pliant database and has
beentestedon Microsoft SQLServer,PostgresSQLMySQL, andOracle.

Apache Sqoop Import and Export Methods
Figure 7.1 describes the Sqoopata import (to HDFS)process. The data import @gone in

two steps. In the first step, shown in the figure, Sqoop examines the database to gather the
necessary metadator the data to be imported. Thesecond step is a mamly (no redice
step) Hadoop job thaSqoopsubmitsto the cluster.This job doesthe actual data transfer
using the metadata captured in the previous step. Note that each node doing the import must

haveaccesdo thedatabase.



(2) Submit Map-Only Job
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Figure 7.1Two-step Apache Sqoopdata import method (Adapted from Apache Sqoop Documentation)

The imported data are saved in an HDFS directory. Sqoop will use the database name for the
directory, or the user can specify any alternative directory where the files should be
populated. By default, these files contain corraeéimited fields, with new lines separating
different records. You can easily override the format in which data are copied over by
explicitly specifying the field separatorand record terminator characters.Once placed in
HDFS,the dataarereadyfor processing.

Data export from the cluster works in a similar fashion. The export is done in two steps, as
shown inFigure 7.2 As in the import process, the first step is to examine the database for
metadata. The export step again uses aonpHadoop job to write the data to the database.
Sqgoopdividesthe input datasetinto splits, then usesindividual map tasksto pushthe splits

to the databaseAgain, this processassumeshe maptaskshaveaccesgo the database.
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Figure 7.2 Two-step Sqoopdata export method (Adapted from Apache Sqoop Documentation)

Apache Sqoop Version Changes
Sqoop Version 1 usesspecializedconnectorsto accessexternal systems.These connectors

are often optimized for various RDBMSs or for systems that do not support JDBC.
Connectorsare plugn component s déx@msientamework &d cade sdlded
to any existing Sqoopinstallation.Oncea connectoris installed, Sqoopcan useit to
efficiently transfer data betweerHadoop and theexternal store supported by the conne
By default, Sqoop version 1 includemnnectors for popular databases such as My
PostgreSQL, Oracle, SQL Server, and DB2. It also supports direct transfer to and f
RDBMS to HBaseor Hive.

In contrast, to streamline the Sqoop input methods, Sqoop version 2 no longer
specialized connectors or direct import into HBase or Hive. All imports and exports ai
through the JDBC interfac&able 7.2summarizes the changes from versibrio version 2.

Dueto thesechangesany new developmenshouldbe donewith Sqoopverson 2.

Feature Sqoop Version 1 Sqoop Version 2

Connectors for all Supported. Not supported. Use the

major RDBMSs generic JDBC connector.

Kerberos security Supported. Not supported.

integration

Data transfer Supported. Not supported. First import

from RDBMS to data from RDBMS into HDFS,

Hive or HBase then load data into Hive or
HBase manually.

Data transfer Not supported. First export Not supported. First export

from Hive or data from Hive or HBase data from Hive or HBase into

HBase to RDBMS into HDFS, and then use HDFS, then use Sqoop for

Sgoop for export. export.

Table 7.2 Apache Sqoop Version Comparison

Sqoop Example Walk -Through

Thefollowing simpleexampleillustratesuseof Sqoop
Step 1:Load Sample MySQL Database

$ wget http://downloads.mysql.com/docs/world_innodb.sgl.gz
$gunzipworld_innodb.sql.gz

Next, log into MySQL (assumesyou have privilegesto createa databasejlnd import the

desireddatabasdy following thesesteps:


http://downloads.mysql.com/docs/world_innodb.sql.gz

$ mysql -u root -p

mysql>CREATE DATABASE world;
mysql>USE world;
mysql>SOURCEworld_innodb.sql;
mysqgl>SHOW TABLES;

+- +

| Tables_in_world
+- +

| City |

| Country |

| CountryLanguagé
+- +

3rowsin set(0.01sec)

The following MySQL command will let you seethe table details.
Step 2: Add SqoopUser Permissionsfor the Local Machine and Cluster

In MySQL, add the following privileges for user sqoop t@lySQL. Note that you must use
both the local host name and the cluster subnet for Sqoop to work properly. Also, for the
purpose®f this example the sqoop passworisg sqoop.

mysql>GRANT ALL PRIVILEGES ON world.* To 'sqoop'@'limulus’ IDENTIFIED BY 'sqoop’ ;
mysql>GRANT ALL PRIVILEGES ON world.* To 'sqoop'@'10.0.0.%'IDENTIFIED BY 'sqoop’;
mysql>quit

Next, log in assqoopto testthe permissions:

$ mysql -u sqoop-p
mysql>USE world;
mysql>SHOW TABLES;

+ +

| Tables_in_world
+- +

| City [

| Country |

| CountryLanguagé
+- +

3rowsin set(0.01sec)

mysql>quit

Step 3: Import Data Using Sqoop
As atest,we canuseSqoopto list databases MySQL. Theresultsappearafterthe warnings

atthe endof the output.Notethe useof local hostname(limulus) in the JIDBC statement.

$ sqooplist-databases-connectjdbc:mysql://limulus/world --usernamesqoop--passwordsqoop
Warning:/usr/lib/sqoop/../accumuldoesnot exist! Accumuloimportswill fail.
Pleaseset$ACCUMULO_HOME to theroot of your Accumuloinstallation.
14/08/1814:38:55INFO sqoop.SqoopRunningSgoopversion:1.4.4.2.1.2.1471
14/08/1814:38:55WARN tool.BaseSqoopTooBettingyour passwordnthe

commandline isinsecureConsidersing-P instead.
14/08/1814:38:55INFO manager.MySQLManagePreparingo usea MySQL streaming

resultset.
information_schema



test
world

In a similar fashion,you canuse Sqoopto connectto MySQL andlist the tablesin the world
database:

sqooplist-tables--connectjdbc:mysql://limulus/world --usernamesqoop--passwordsqoop

14/08/1814:39:43INFO sqoop.SqoopRunningSqoopversion:1.4.4.2.1.2.1471

14/08/1814:39:43WARN tool.BaseSqoopTooEettingyour passwordnthe
commandline isinsecureConsidermsing-P instead.

14/08/1814:39:43INFO manager.MySQLManagePreparingo useaMySQL streaming
resultset.

City

Country

CountryLanguage

To import data,we needto makea directoryin HDFS:

$ hdfs dfs -mkdir sqoopmysql-import

The following command imports the Country table into HDFS. The optabie signifies the
tableto import, --targetdir is the directory createdpreviously, and-m 1 tells Sqoop to use

onemap tasko importthedata.

$ sqoop import --connect jdbc:mysql://limulus/world --username sqoop-password sqoop--table
Country -m 1 --target-dir /user/hdfs/sqoopmysql-import/country

14/08/1816:47:15INFO mapreduce.ImportJobBase:ansferred0.752KB in
12.7348seconds

(2.4148KB/sec)

14/08/1816:47:15INFO mapreduce.lmportJobBadRetrieved239records.

Theimport canbe confirmedby examiningHDFS:

$ hdfs dfs -Is sqoopmysql-import/country

Found2 items

-rw-r--r-- 2 hdfshdfs 0201408-1816:47sqoopmysqtimport/
world/_SUCCESS

-rw-r--r-- 2 hdfshdfs  31490201408-18 16:47sqoopmysgtimport/world/
partm-00000

Thefile canbe viewedusingthe hdfs dfs -catcommand:

$ hdfs dfs -cat sqoopmysqgl-import/country/part -m-00000
ABW,Aruba,NorthAmerica,Caribbean,193.0,null,103000,78.4,828.0,793.0,Aruba,
Nonmetropolitan
Territory of TheNetherlands,Beatrix,129,AW

ZWE,Zimbabwe,Africa,EasterAfrica,390757.0,1980,11669000,37.8,5951.0,8670.0,
Zimbabwe,
Republic,RoberG. Mugabe,4068,ZW
To make the Sqoop command more convenient, you can create an options file and use it on the

commandline. Such a file enablesyou to avoid having to rewrite the sameoptions. For



example, a file calledworld-options.txtwith the following contents will include
theimport command;-connect--usernameand--passworcptions:

import

--connect

jdbc:mysql://limulus/world

--username

sqoop

--password
sqoop

The sameimport commandcan be performedwith the following shorterline:

$sqgoop --options-file world -options.txt --table City -m 1 --target-dir /user/hdfs/sqoopmysql-import/city

It is also possible to include an SQL Query in the import step. For example, suppose we want
justcitiesin Canada:

SELECT ID,Name from City WHERE CountryCode="CAN'
In sucha case, we can include the --query option in the Sgoop import request. The --

guery option also needsvariable called $CONDITIONS,which will be explained next.In

thefollowing queryexample a singlemappertaskis designatedvith the-m 1 option:

sqoop--options-file world -options.txt -m 1 --target-dir /user/hdfs/sqoopmysql-import/canada-city --
query "SELECT ID,Name from City WHERE CountryCode="CAN' AND \$CONDITIONS"

Inspectingthe resultsconfirmsthat only cities from Canadahavebeenimported:
$ hdfs dfs -cat sqoopmysql-import/canada-city/part -m-00000
1810,MontrAal
1811,Calgary
1812, Toronto

1856,Sudbury
1857,Kelowna
1858,Barrie

Since there was only one mapper process, only one copy of the query needed to be run on the
databaseTheresultsarealsoreportedn asinglefile (partm-0000).

Multiple mapperscan be usedto processthe queryif the --split-by optionis used.The split-

by option is used to parallelize the SQL query. Each parallel task runs a subset of the main
query,with the results of each suljuery being partitionedby bounding conditions inferred

by Sqoop. Your query must include the token $CONDITIONS that each Sqoop process will
replace with a unique condition expression based on theplit-by option. Note

that $CONDITIONSIs not an environmentvariable. Although Sgoopwill try to create



balancedsubqueriesbasedon the rangeof your primary key, it may be necessaryo split on
anothercolumnif your primarykey is not uniformly distributed.
The following exampleillustratesthe use of the --split-by option. First, removethe resultsof
the previousquery:

$hdfsdfs-rm -r -skipTrash sqoopmysgl-import/canada-city

Next, run the query using four mapperg-m 4), wherewe split by the ID number(--split-by
ID):
sqoop--options-file world -options.txt -m 4 --target-dir /user/hdfs/sqoopmysgl-import/canada-city --

query "SELECT ID,Namefrom City WHERE CountryCode="CAN' AND \$CONDITIONS" --split-by
ID

If we look at the numberof resultsfiles, we find four files correspondindo the four mappers

we requestedn the command:

$ hdfs dfs-Is sqoopmysqgl-import/canada-city

Found5 items

-rw-r--r-- 2 hdfshdfs  0201408-1821:31sqoopmysqtimport/
canadecity/ SUCCESS

-rw-r--r-- 2 hdfshdfs 175201408-18 21:31sqoopmysqtimport/canadzity/
partm-00000

-rw-r--r-- 2 hdfshdfs 153201408-18 21:31sqoopmysqtimport/canadaity/
partm-00001

-rw-r--r-- 2 hdfshdfs 186201408-18 21:31sqoopmysqtimport/canadity/
partm-00002

-rw-r--r-- 2 hdfshdfs 182201408-18 21:31sqoopmysqtimport/canadaity/
partm-00003

Step 4: Export Data from HDFS to MySQL
Sqgoopcan alsobe usedto export datafrom HDFS. The first stepis to create tables for

exporteddata. There are actually two tablesneededfor eachexportedtable. The first table
holds the exported data (CityExport), and the second is used for staging the exported data

(CityExportStaging) Enterthe following MySQL commandgo createthesetables:

mysql>CREATE TABLE 'CityExport' (
'ID" int(11) NOT NULL AUTO_INCREMENT,
'Name' char(35) NOT NULL DEFAULT ",
'CountryCode' char(3) NOT NULL DEFAULT ",
'District' char(20) NOT NULL DEFAULT ",
'Population’ int(11) NOT NULL DEFAULT '0',
PRIMARY KEY (IDY);

mysql>CREATE TABLE 'CityExportStaging' (
'ID" int(11) NOT NULL AUTO_INCREMENT,
'Name' char(35) NOT NULL DEFAULT ",
'CountryCode' char(3) NOT NULL DEFAULT ",
'District' char(20) NOT NULL DEFAULT ",
'Population’ int(11) NOT NULL DEFAULT '0',
PRIMARY KEY ('ID");



Next, create aitiesexportoptions.txt filesimilar tothe worldoptions.txt created previously,

but usethe export commanéhsteadof theimport command.

The following commandwill exportthe cities datawe previouslyimportedback into
MySQL:

sqoop--options-file cities-export-options.txt --table CityExport --staging-table CityExportStaging --
clear-stagingtable -m 4 --export-dir /user/hdfs/sqoopmysqgl-import/city

Finally, to makesureeverything workeatorrectly,check theable inMySQL tosee if the
citiesarein thetable:

$ mysql>select* from CityExportlimit 10;

R +- Yo - +

| ID | Name | CountryCoddg District | Population]|
L +- + +- +

| 1|Kabul |AFG | Kabol | 1780000

| 2| Qandahar |AFG | Qandahar | 237500

| 3| Herat | AFG | Herat | 186800

| 4| Mazare-Sharif| AFG | Balkh | 127800

| 5] Amsterdam |NLD | Noord-Holland| 731200|
| 6| Rotterdam |NLD | Zuid-Holland | 593321
| 7| Haag | NLD | Zuid-Holland | 440900

| 8| Utrecht |NLD |Utrecht | 234323

| 9]Eindhoven |NLD | Noord-Brabant| 201843|
| 10| Tilburg | NLD | Noord-Brabant] 193238|
+-  + +- + +- +

10rowsin set(0.00sec)

Some Handy Cleanup Commands
If you are not especiallyfamiliar with MySQL, the following commandsmay be helpful to

cleanup the examplesTo removethetablein MySQL, enterthe following command:

mysql>drop table 'CityExportStaging’;

To removethe datain atable,enterthis command:
mysql>deletefrom CityExportStaging;

To cleanup importedfiles, enterthis command:
$hdfsdfs-rm -r -skipTrash sqoopmysqgl-import/{country,city, canadacity}

ApacheFlume is an independent agerdesignedto collect, transport,and store data into

HDFS. Often data transport involves a number of Flume agents thatravayse a series of
machines and locations. Flume is often used for log files, social rgederated data, email
messagesand just about any continuous dataurce. Asshown inFigure 7.3 a Flume agent

is composef threecomponents.
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Figure 7.3 Flume agentwith source,channel, and sink (Adapted from Apache Flume Documentation)

m Source.The sourcecomponenteceivesdataand sendsit to a channel.lt can sendthe data
to more than one channel. The input data can be fragakiime source (e.g., weblog) or

another Flumegent.

m Channel. A channel is alataqueue that forwards trsource data to the sink destination. It

canbethoughtof asa buffer thatmanagesnput (source)andoutput(sink) flow rates.

m Sink. The sink delivers datao destinationsuchas HDFS,a local file, or another Flume

agent.

A Flume agent must have all three tdfese components defined. A Flume agent can have
severalsourceschannels, andinks. Sources can writéo multiple channels,but a sink can

take data from only a single channBhta written to a channel remain in the channel uatil

sink removes the data. By default, the data in a channel are kept in memory but may be
optionally storedon disk to preventdatalossin the eventof a networkfailure.

As shownin Figure 7.4, Sqoopagentsmay be placedin a pipeline, possibly to traverse
several machines or domains. This configuration is normally used when data are collected on

onemachine(e.g.,awebserver)andsentto anothemachinethathasaccesdo HDFS.

Source
foo

foo bar bar

Figure 7.4 Pipeline created by connecting Flume agents (Adapted from ApacheFlume Sqoop Documentation)

In a Flume pipeline, the sink from one agent is connected to the source of another. The data
transferformat normally usedby Flume, which is called Apache Avro, provides several

useful features.First, Avro is a dataserialization/deserializatiosystemthat usesa compact



binary format. The schema is sent as part ofdh® exchange and is defined using JSON
(JavaScriptObject Notation).Avro also usesremoteprocedure calls (RPCs) to send data.

Thatis, anAvro sink will contact amAvro sourceto senddata.

Another usefulFlume configuration is shown iRigure 7.5. In this configuration, Flume is

usedto consolidateseveraldatasourceseforecommittingthemto HDFS.

Consolidation

\ Avro
Avro :
Sink

Figure 7.5 A Flume consolidation network (Adapted from Apache Flume Documentation)

There are many possibleways to constructFlume transport networks. In addition, other
Flume features not described in depth here include-iplignd interceptors that can enhance
Flumepipelines.

Flume Example Walk -Through

Follow these steps to walk through a Flume example.

Step 1: Download and Install Apache Flume

Step 2: Simple Test



A simple test of Flume can be done on a single machine.To start the Flume agent,enter
the flumeng commandshown here. This commandusesthe simpleexample.conf fileto

configuretheagent.

$ flume-ng agent--conf conf --conf-file simple-example.conf--namesimple_agent
Dflume.root.logger=INFO,console

In anotherterminalwindow, usetelnetto contactthe agent:

$telnetlocalhost44444
Trying::1...
telnet:connecto address:1: Connectiorrefused
Trying 127.0.0.1...
Connectedo localhost.
Escape character is "'
testing12 3
OK

If Flume is working correctly, the window where the Flume agent was started will show the
testingmessagenteredn thetelnetwindow:

Step 3: Weblog Example

In this example, a record from the weblogs from the local machine (Ambari output)
placed into HDFS using Flume. This example is easily modified to use other weblog
different machinesTwo files are needed to configure FluméSee thesidebar and\ppendix

A for file downloadinginstructions.)

mweb- server -target - agent.conf 0 the target Flume agentthat writes the datato HDFS
mweb- server - source -agent.conf d the sourceFlume agentthat capturesthe weblog data
The weblog is also mirrored on the local file system by the agent that writes to HDFS.

the examplecreatethe directory agoot:

#mkdir /var/log/flume-hdfs
# chownhdfs:hadoop/var/log/flume-hdfs/

Next, asuserhdfs, makea Flumedatadirectoryin HDFS:
$ hdfs dfs -mkdir /user/hdfs/flume-channel/
Now that you havecreatedthe datadirectories,you can startthe Flumetargetagent(execute

asuser hdfs):

$flume-ng agent-c conf -f web-server-target-agent.conf-n collector

This agent writes thelatainto HDFS andshould be started before the source agefithe
sourcereadsthe weblogs.)This configuration enablesautomatic use of the Flume agent.

The /etc/flume/conf/{flume.conf, flumenv.sh.template} files need to be configured for this
purpose. For this example, the /etc/flume/conf/flume.conf file can be the same as the web

servertarget.confile (modifiedfor your environment).



In this example the sourceagentis startedasroot, which will startto feedthe weblog datato

thetargetagent.Alternatively, the sourceagentcanbe on anothemachineif desired.

#flume-ng agent-c conf -f web-server-source-agent.conf-n source_agent

To seeif Flumeis working correctly, checkthe local log by using the tail command.Also

confirm thatthe flume-ng agentsarenot reportingany errors(the file namewill vary).
$tail -f /var/log/flume-hdfs/1430164482581

The contents of the local log under fluiefs should be identical to that written into HDFS.
You can inspect this file by using the hdfail command (the file name will vary). Note that
while runningFlume, themost recent file in HDFS may have the extension .tmp appended to
it. The .tmpindicates thate file is still being written by FlumeThe target agent can be
configuredto write the file (and start another .tmp file) by setting some or oll
the rollCount, rollSize, rollinterval, idleTimeouand batchSize optiornis the configuration

file.
$ hdfs dfs -tail flume-channel/apache_access_combined/150427/FlumeData.1430164801381

Both files shouldcontainthe samedata.For instance the precedingexamplehad the

following datain bothfiles:

10.0.0.1- - [27/Apr/2015:16:04:220400] "GET/ambarinagios/nagios/
nagios_alerts.php?ql=alerts&alert_type+#llTP/1.1"20030801 "-" "Java/l.7.0_65"
10.0.0.1- - [27/Apr/2015:16:04:250400] "POST /cgbin/rrd.py HTTP/1.1" 200 784
"-""Java/l.7.0_65"

10.0.0.1- - [27/Apr/2015:16:04:250400]"POST/cgi-bin/rrd.pyHTTP/1.1"200508
"-""Java/l.7.0_65"

Oozie is a workflow director system designed to run and manage multiple related Apache
Hadoop jobs.For instance,complete datanput andanalysismay require severaldiscrete
Hadoop jobs to be run as a workflow in which the output of one job serves as the input for a
successive job. Oozie is designed to construct and manage these workflows. Oozie is not a
substitutefor the YARN scheduler. That is, YARN manages resources for individual Hadoop

jobs,andOozieprovidesa way to connectandcontrolHadoopjobs on the cluster.

Oozie workflow jobs are representeds directedacyclic graphs(DAGSs) of actions.(DAGs
are basically graphsthat cannot have directed loops.) Three types of Oozie jobs are

permitted:



= Workflowd a specified sequence of Hadoop jobs with outcbased decision points and
control dependencyProgressfrom one action to anothercannothappenuntil the first action

is complete.

= Coordinatod a scheduled workflow job that can run at various time intervals or when data
becomeavailable.

= Bundl® a higherlevel Oozie abstractiorthatwill batcha setof coordinatorjobs.

Oozie is integratedwith the rest of the Hadoop stack, supportingseveraltypes of Hadoog

jobs out of thebox (e.g., Java MapReduce, Streaming MapReduce, Pig, Hive, and Sq

well as systenspecific jobs (e.g., Java programs and shell scripts). Oozie also provide:

andawebUIl for monitoringjobs.

Figure 7.6 depicts a simple Oozie workflow. Ithis case, Oozie runs a basic MapRel
operation. If the application was successfulhe job ends; ifan error occurred, the job is
killed.

start | map-reduce | OK \-/\
wordcount <workflow -app name=...>
<start...>

<action>

ERROR <map-reduce>
MapReduce Workflow DAG WorklGw kil

Figure 7.6 A simple Oozie DAG workflow (Adapted from Apache Oozie Documentation)

Oozieworkflow definitionsarewrittenin hPDL (an XML ProcessDefinition Language).
Suchworkflows containseveraitypesof nodes:

= Control flow nodesdefine the beginningand the end of a workflow. They include start,
end,andoptional failnodes.

« Action nodesare where the actual processingtasks are defined. When an action node
finishes, the remote systemsnotify Oozie and the next node in the workflow is executed.

Action nodes can aldacludeHDFS commands.



s Fork/join nodes enable parallel execution of tasks in the workflow. The fork node enables
two or more tasksto run at the sametime. A join node representsa rendezvouspoint that
mustwait until all forkedtasks complete.

= Control flow nodes enable decisions to be made about the previous task. Control decisions
are based on the results of the previous action (e.g., file size or file exist@acksjon nodes

are essentiallyswitch-casestatementshat use JSPEL (JavaServerPage8 Expression
Language}hatevaluateto eithertrue or false.

Figure 7.7 depicts a more complex workflow that usesall of these node types.

map-

reduce
/ streaming \
@ rg:'ﬁ%-e — fork \ / join

pig

map-
reduce
pipes

java

< file- <
@ system

Figure 7.7 A more complex Oozie DAG workflow (Adapted from Apache Oozie Documentation)

Oozie Example Walk -Through

Step 1: Download Oozie Examples

The Oozie examples used in this section can be found on the book websApgdeadix A).
They are also available as part of the oadient.noarch RPM in the Hortonworks HDP 2.x
packagesFor HDP 2.1, the following commancin be used to extracthe files into the

working directoryusedfor the demo:

$tar xvzf /usr/share/doc/oozie4.0.0.2.1.2.1/ooziexamples.tar.gz

For HDP 2.2, the following command will extract the files:
$ tar xvzf /usr/hdp/2.2.4.22/o0zie/doc/oozieexamples.tar.gz



Once extracted,renamethe examplesdirectory to oozieexamplesso that you will not

confuseit with theotherexamples directories.
$ mv examplesoozieexamples
Theexamplesnustalsobeplacedin HDFS.Enterthefollowing commando move the

exampl€files into HDFS:

$ hdfs dfs -put oozieexamples/oozieexamples
The Oozie sharedibrary mustbe installedin HDFS. If you are usingthe Ambari installation

of HDP 2.x, thislibrary is alreadyfoundin HDFS: /user/oozie/share/lib.
Step 2: Run the Simple MapReduce Example

Move to the simple MapReduce example directory:

$ cd oozieexamples/apps/mapeduce/

This directorycontainstwo files anda lib directory. Thefiles are:

= The job.properties file defines parameters (e.g., path names, ports) for a job. This -
changeper job.

= The workflow.xml file provides the actual workflow for the job. In this case, itis a s
MapReducdpass/fail).This file usuallystaysthe samebetweerjobs.

Thejob.propertiedile includedin the examplesrequiresa few editsto work properly. Using
a text editor, changehe following lines by adding thehost name of the NameNode an
ResourceManagédindicatedby jobTrackerin thefile).

As shown inFigure 7.6 this simple workflow runs an example MapReduce job and prir
errormessage iit fails.

To run the Oozie MapReduce example job from the oozieexamples/apps/ma

reducedirectory,enterthefollowing line:
$ooziejob -run -ooziehttp://limulus:11000/00zie-config job.properties
WhenQOozieacceptghejob, ajob ID will be printed:

job: 00000011504241748530480zie00zFW
You wi || need to change t hnameolthemedé wrmidgybuo st name

Oozieserver.Thejob ID canbeusedto trackandcontroljob progress.

To avoid having to provide the -oozie optionwith the Oozie URL every time you run
the ooziecommand, set the OOZIE_URL environment variabl®llasvs (using your Oozie

serverhostnamein placeof il i mul us o) :
$export OOZIE_URL="http://limulus:11000/00zie"



You can now run all subsequent Oozie commands without specifyingabae URL option.
For instance, using the job ID, yauan | earn about a particular job

following command:

$ ooziejob -info 00000011504241748530480zie-00zFW
The resulting output (line length compressed) is shown in the following listing. Because this

job is just a simple testt may be complete by the time you issue-dihé& command. If it is

not completejts progresswill beindicatedin the listing.
JobID : 00000011504241748530480zie 00z W

Workflow Name: mapreducewf
App Path : hdfs://limulus:8020/user/hdfs/examples/apps/ireguce
Status : SUCCEEDED

Run 0
User : hdfs
Group -

Created :201504-2920:52GMT
Started :201504-2920:52GMT
LastModified : 201504-2920:53GMT
Ended :201504-2920:53GMT
CoordActionID: -

Actions

00000011504241748530480zie
-00zFW@:start: OK - OK -

00000011504241748530480zie
-oozFW@mr-node OK job_1429912013449_00G®UCCEEDED-

00000011504241748530480zie
-o0zFW@end OK - OK -

The various steps shown in the output can be related directly to the workflow.xml mentioned
previously. Note that the MapReducgob numberis provided. This job will also be listed in

the ResourceManageweb userinterface. The applicationoutput is locatedin HDFS under

the oozieexamples/outputiata/mapreducedirectory.

Step 3: Run the Oozie Demo Application
A more sophisticated example can be found in the demo directory (oozie

examples/apps/demo). This workflow includes MapReduce, Pig, and file syasks as well

asfork, join, decision,action,start,stop,kill, andendnodes.

Move to thedemo directory and edithe job.properties file as described previoudintering
the following command runs the workflow (assuming the OOZIE_URL environment variable

hasbeenset):



$ ooziejob -run -config job.properties

You can track the job using either the Oozie commandine interfaceor the Oozie web
console. To starthe web console frorwithin Ambari, click on theOozie service, and then
click on theQuick Links pull-down menu and select Oozie Web UAlternatively, you can
start the Oozie web Ul by connecting to the Oozie server directly. For exatihelfollowing
commandwill bring up the Oozie Ul (use your Oozie server host name in place of
Al i muluso):

$firefox http://limulus:11000/00zie/

Figure 7.8 showsthe main Oozie consolewindow.

Figure 7.8 Oozie main console window

Workflow jobs arelistedin tabularform, with the mostrecentjob appearindirst. If you click
on a workflow, the Job Info window in Figure 7.9 will be displayed. The job progression
results,similar to thoseprinted by the Ooziecommandine, are shownin the Actions window

atthebottom.



