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ABSTRACT

Withtheadvancementsinscienceandtechnology,dataisbeinggeneratedatastaggeringrate.The
rawdatageneratedisgenerallyofhighvalueandmayconcealimportantinformationwiththepotential
tosolveseveralreal-worldproblems.Inordertoextractthisinformation,therawdataavailablemust
beprocessedandanalysedefficiently.Ithashoweverbeenobserved,thatsuchrawdataisgenerated
ataratefasterthanitcanbeprocessedbytraditionalmethods.Thishasledtotheemergenceofthe
popularparallelprocessingprogrammingmodel–MapReduce.Inthisstudy,theauthorsperforma
comparativeanalysisoftwopopulardataprocessingengines–ApacheFlinkandHadoopMapReduce.
Theanalysisisbasedontheparametersofscalability,reliabilityandefficiency.Theresultsreveal
thatFlink unambiguously outperformance Hadoop’s MapReduce. Flink’s edgeoverMapReduce
canbeattributedtofollowingfeatures–ActiveMemoryManagement,DataflowPipeliningandan
InlineOptimizer.Itcanbeconcludedthatasthecomplexityandmagnitudeofrealtimerawdatais
continuouslyincreasing,itisessentialtoexplorenewerplatformsthatareadequatelyandefficiently
capableofprocessingsuchdata.
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INTROdUCTION

The term Big Data is used to describe datasets so large and complex that traditional database
applicationsprovetobeinadequatetoprocessthedata.Thedatamaybestructuredorunstructured
innature.Bigdataisbestcharacterizedbythe3Vs–Volume,VarietyandVelocity(Alexandrovet
al.,2014).Aseachoftheseparametersincrease,itbecomesmoreandmoretaxingtohandledata
(Curreyetal.,2013).Thishasledtotheemergenceofanewdataprocessingmodel–MapReduce
(Dean&Ghemawat,2008).MapReduceisaprogrammingmodelfordistributedcomputingsystems.
Unliketraditionaldataprocessingmethods,MapReduceharnessesthepowerofparallelprocessing
(Carboneetal.,2015).

TheMapReducealgorithmcontainstwoimportanttasks,namelyMapandReduce.TheMap
tasktokenizestheinputdatasetandmapseachtokentoarelevantkey.TheReducetaskcollectsthe
outputfromamapphaseandpreformsanaggregateoperationonthevaluesidentifiedbythesame
key.Flink(Alexandrovetal.,2014)extendstheMapReduceparadigmtoincludeseveralhigherorder
operations.FlinkprovidesagenericiterativeruntimeenginewhichisbetterdescribedasaCyclic
DataFlowEngine(Lin&Liu,2013).
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SALIeNT FeATUeRS OF FLINK

ThefollowingsectiongivesadeepinsightintoprominentarchitecturaladvancementinApacheFlink.

Common Runtime – Stream and Batch Processing
Flinkoffersacommonruntimeenvironmentforstreamandbatchprocessing.Infact,Flinkistypically
adata-streamprocessorwhichtreatsbatchdataasaspecialcaseofstreamingdata.Thisisincontrast
tohowmostdataprocessingenginestreatstreamingdataasmicro-batches.Flink’sinnateabilityto
dealwithstreamingdatamakesitcapableofdealingefficientlywithrealtimedata(O’Malley,2008).

Active Memory Management
Severaldataprocessingengines(includingHadoopandFlink)areimplementedusingJava.Themajor
concernwithanyJVMbasedimplementationisefficientmanagementoftheheap.Allprocessor
intensivetasksruninmemory.Hence,thedatasetsmustbepresentinmemorybeforebeingoperated
upon.However,thesizeofthemainmemoryisoftenmuchlessthanthesizeofthedatasetleading
toOutOfMemoryErrors.AnothermajordrawbackassociatedwithJVMbasedenginesarethestalls
incurredduetogarbagecollection.Overheadspentinthegarbagecollectionofseveralobjectscan
betakingatollonoverallsystemthroughput.Moreover,javaobjectshavesomeamountofoverhead
spacewhichdepletestheamountofoverallmemoryavailable(Waas,2008).

ApacheFlinkcombatstheseproblemsassociatedwithmemorymanagementusingtheconcept
ofserialization(StephanEwen,2015).Insteadofburdeningtheheap,Flinkserializesobjectsinto
afixednumberofpre-allocatedmemorysegments.Ifdatatobeprocessedexceedsthesizeofthe
availablememory, theserializedobjectsarespilled to thedisk.When theneedfor theseobjects
surfaces,theyarede-serializedandbroughtbacktomemory.Moreover,thebinaryrepresentation
ofobjectsusesfarlessmemory.Theproblemassociatedwithgarbagecollectionsisdealtwithby
reusingshort-livedobjects.Figure1depictsmemorymanagementinFlink

Program Optimizer
ProgramwritteninFlink,arenotdirectlyexecuted.Beforeexecution,thejobentersanintermediary
Cost-Based Optimization Phase.Inthisphase,theFlinkOptimizer,choosesthemostoptimumroute
forexecutionbasedonthedatasetandthenatureofthecluster.Thisfeaturemakesitpossibleforthe
programmertofocusonthecodeandnottheexecutionenvironmentortheinputdataset.Thisensures
increasedproductivityoftheprogrammerandenhancedutilizationofthecluster.

Figure 1. Active memory management in Flink
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