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Abstract

MapReduces a programmingmodeland an associ-
atedimplementatiorfor processingndgeneratindarge
datasets.Usersspecifya mapfunctionthatprocessesa
key/valuepairto generate setof intermediateékey/value
pairs,andareducefunctionthatmemgesall intermediate
valuesassociatedavith the sameintermediatekey. Many
realworld tasksare expressiblean this model,asshovn
in the paper

Programswrittenin this functionalstyleareautomati-
cally parallelizedandexecutedon alargeclusterof com-
modity machinesTherun-timesystemtakescareof the
detailsof partitioningthe input data,schedulinghe pro-
gram's executionacrossa setof machineshandlingma-
chinefailures,andmanagingherequiredintermachine
communication.This allows programmersvithout ary
experiencewith parallelanddistributed systemso eas-
ily utilize theresource®f alargedistributedsystem.

Our implementationof MapReduceruns on a large
clusterof commodity machinesandis highly scalable:
a typical MapReducecomputationprocessesnary ter
abytesof dataon thousand®f machines.Programmers
nd thesystemeasyto use:hundredof MapReducero-
gramshave beenimplementecandupwardsof onethou-
sandMapReducgobsareexecutedon Googles clusters
every day.

1 Intr oduction

Overthe past ve years,the authorsandmary othersat
Googlehare implementechundredsof special-purpose
computationsthat processlarge amountsof raw data,
suchas crawvled documentsweb requestiogs, etc., to
computevariouskinds of derived data,suchasinverted
indices, various representationsf the graph structure
of web documentssummariesof the numberof pages
crawled per host, the set of mostfrequentqueriesin a
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given day, etc. Most suchcomputationsare conceptu-
ally straightforvard. However, the input datais usually
large andthe computation$ave to be distributedacross
hundredsor thousand®f machinedn orderto nish in
a reasonablamountof time. Theissuesof how to par
allelize the computation distribute the data,and handle
failuresconspireto obscurethe original simple compu-
tation with large amountsof complex codeto dealwith
theseissues.

As a reactionto this compleity, we designeda new
abstractiorthatallows usto expresghesimplecomputa-
tionswe weretrying to performbut hidesthe messyde-
tails of parallelization,fault-tolerancedatadistribution
and load balancingin a library. Our abstractionis in-
spiredby the mapandreduceprimitivespresentn Lisp
and mary otherfunctionallanguages.We realizedthat
mostof our computationsnvolved applyinga mapop-
erationto eachlogical “record” in our input in orderto
computea setof intermediatekey/value pairs,andthen
applyinga reduceoperationto all the valuesthatshared
the samekey, in orderto combinethe derived dataap-
propriately Our use of a functional model with user
speci ed mapandreduceoperationsallows usto paral-
lelize large computationsasilyandto usere-execution
asthe primary mechanisnfor faulttolerance.

Themajor contributionsof this work area simpleand
powerful interfacethatenablesautomaticparallelization
and distribution of large-scalecomputationscombined
with an implementationof this interface that achieves
high performanceon large clustersof commodityPCs.

Section2 describeshebasicprogrammingnodeland
gives several examples. Section3 describesan imple-
mentationof the MapReduceénterfacetailoredtowards
our clusterbaseccomputingernvironment.Section4 de-
scribesseveral re nementsof the programmingmodel
that we have found useful. Section5 hasperformance
measurementsf our implementationfor a variety of
tasks. Section6 exploresthe useof MapReducewithin
Googleincludingour experiencesn usingit asthebasis



for a rewrite of our productionindexing system. Sec-
tion 7 discusseselatedandfuture work.

2 Programming Model

Thecomputatiortakesa setof inputkey/valuepairs,and
producesa set of output key/value pairs. The user of
theMapReducdibrary expresseshecomputatiorastwo
functions:Map andReduce

Map, written by the user takesan input pair andpro-
ducesasetof intermediatekey/valuepairs. The MapRe-
ducelibrary groupstogetheiall intermediatevaluesasso-
ciatedwith thesameintermediatekey | andpasseshem
to the Reducdunction.

The Reducdunction,alsowritten by the user accepts
anintermediatekey | anda setof valuesfor thatkey. It
mergestogetherthesevaluesto form a possiblysmaller
setof values. Typically just zeroor oneoutputvalueis
producedper Reducdnvocation. The intermediateval-
uesaresuppliedto theusers reducefunctionvia aniter-
ator. This allows usto handlelists of valuesthataretoo
largeto t in memory

2.1 Example

Considerthe problem of counting the numberof oc-
currencesof eachword in a large collection of docu-
ments.The userwould write codesimilar to the follow-
ing pseudo-code:

map(String  key, String value):
/I key: document name
/I value: document contents
for each word w in value:
Emitintermediate(w, "1");
reduce(String Iterator
Il key: a word
/I values: a list
int  result = 0;
for each v in values:
result  += Parselnt(v);
Emit(AsString(result));

key, values):

of counts

The map functionemitseachword plusanassociated
countof occurrencegjust “1' in this simple example).
Thereduce functionsumstogetherall countsemitted
for aparticularword.

In addition,the userwritescodeto Il in amapeduce
speci cationobjectwith the namesof theinput andout-
put les, andoptionaltuning parametersThe userthen
invokesthe MapReducdunction, passingt the speci -
cationobject. Theusers codeis linkedtogethemith the
MapReducdibrary (implementedn C++). AppendixA
containghe full programtext for this example.
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2.2 Types

Eventhoughthepreviouspseudo-codis writtenin terms
of string inputs and outputs,conceptuallythe map and
reducefunctions suppliedby the user have associated
types:

map (k1,v1) I list(k2,v2)

reduce (k2,list(v2)) I list(v2)
l.e.,theinputkeys andvaluesaredravn from a different
domainthanthe outputkeys and values. Furthermore,
the intermediatekeys andvaluesarefrom the samedo-
mainastheoutputkeys andvalues.

Our C++ implementationpassesstringsto and from
the userde ned functionsandleavesit to the usercode
to corvertbetweerstringsandappropriateypes.

2.3 MoreExamples

Herearea few simpleexamplesof interestingprograms
that can be easily expressedas MapReducecomputa-
tions.

Distributed Grep: Themapfunctionemitsaline if it
matchesa suppliedpattern. The reducefunction is an
identity functionthatjust copiesthe suppliedintermedi-
atedatato theoutput.

Count of URL AccessFrequency: The map func-
tion processedogs of web pagerequestsand outputs
hURL; 1i. Thereducefunction addstogetherall values
for the sameURL andemitsa hURL total ~ count i

pair.

ReverseWeb-Link Graph: Themapfunctionoutputs
htarget ;source i pairsfor eachlink to a target
URL found in a page namedsource . The reduce
function concatenateshe list of all sourceURLs as-
sociatedwith a given target URL and emits the pair:
htarget ;list(source )i

Term-Vector per Host: A termvectorsummarizeshe
mostimportantwordsthat occurin a documentr a set
of documentssallist of hword; f requencyi pairs. The
map function emits a hhostname ;term vector i
pair for eachinput document(where the hostnameis
extracted from the URL of the document). The re-
ducefunction is passedall perdocumentterm vectors
for a given host. It addstheseterm vectorstogether
throwing away infrequentterms,andthenemitsa nal
hhostname ;term vector i pair
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Figurel: Executionoverview

Inverted Index: The mapfunction parsessachdocu-
ment,andemitsa sequencef hword ; document ID i
pairs. The reducefunction acceptsall pairsfor a given
word, sortsthe correspondinglocumeniDs andemitsa
hword ; list (document ID )i pair. Thesetof all output
pairsformsasimpleinvertedindex. It is easyto augment
this computatiorto keeptrack of word positions.

Distributed Sort: The map function extractsthe key
from eachrecord,andemitsahkey ;record i pair The
reducefunctionemitsall pairsunchangedThis compu-
tation depend®n the partitioningfacilities describedn
Sectiond.1andthe orderingpropertiedescribedn Sec-
tion 4.2.

3 Implementation

Many differentimplementation®f the MapReducdn-
terface are possible. The right choice dependson the
ervironment. For example,oneimplementatiormay be
suitablefor asmallshared-memorynachine anotherfor
a large NUMA multi-processarandyet anotherfor an
evenlargercollectionof networkedmachines.

This section describesan implementationtargeted
to the computingernvironmentin wide useat Google:
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largeclustersof commodityPCsconnectedogethemwith
switchedEthernef4]. In our ervironment:

(1) Machinesaretypically dual-processot86 processors
runningLinux, with 2-4 GB of memorypermachine.

(2) Commoditynetworking hardwareis used- typically
either 100 megabits/seconar 1 gigabit/secondat the
machinelevel, but averagingconsiderablylessin over-
all bisectionbandwidth.

(3) A clusterconsistsof hundredsor thousandf ma-
chines,andthereforemachinefailuresarecommon.

(4) Storageis provided by inexpensve IDE disks at-
tacheddirectly to individualmachinesA distributed le
systen|8] developedn-housds usedto managehedata
storedon thesedisks. The le systemusesreplicationto
provide availability and reliability on top of unreliable
hardware.

(5) Userssubmitjobsto a schedulingsystem.Eachjob
consistof asetof tasks,andis mappeddy thescheduler
to a setof availablemachineswithin a cluster

3.1 Execution Overview

The Map invocations are distributed across multiple
machinesby automaticallypartitioning the input data



into a setof M splits The input splits can be pro-
cessedn parallelby differentmachinesReducanvoca-
tionsaredistributedby partitioningtheintermediatekey
spaceinto R piecesusing a partitioning function (e.g.,
hash(key) mod R). The numberof partitions(R) and
the partitioningfunctionarespeci ed by theuser

Figure 1 shawvs the overall o w of a MapReduceop-
erationin our implementation.Whenthe userprogram
callsthe MapReduce function, the following sequence
of actionsoccurs(thenumberedabelsin Figurel corre-
spondto the numberdn thelist below):

1. The MapReducdibrary in the user program rst
splitsthe input les into M piecesof typically 16
megabytesto 64 megabytes(MB) per piece(con-
trollable by the uservia an optional parameter).it
thenstartsup mary copiesof theprogramonaclus-
ter of machines.

2. Oneof the copiesof the programis special— the
master Therestareworkersthatareassigneadvork
by themaster ThereareM maptasksandR reduce
tasksto assign. The mastemicksidle workersand
assigneachonea maptaskor areducetask.

3. A worker who is assigneda map task readsthe
contentsof the correspondingnput split. It parses
key/valuepairsoutof theinputdataandpassegach
pairto theuserde ned Map function. Theinterme-
diatekey/valuepairsproducediy the Map function
arebufferedin memory

4. Periodically the buffered pairsare written to local
disk, partitionedinto R regionshby the partitioning
function. The locationsof thesebuffered pairson
the local disk are passedack to the master who
is responsibldor forwardingtheselocationsto the
reduceworkers.

5. When a reduceworker is noti ed by the master
aboutthesdocationsjt usesemoteprocedurecalls
to readthe buffereddatafrom the local disksof the
mapworkers.Whenareduceworkerhasreadall in-
termediatedata,it sortsit by the intermediatekeys
sothatall occurrencesf the samekey aregrouped
together The sortingis neededbecauseypically
mary differentkeys mapto thesamereduceask. If
theamountof intermediatedatais toolargeto t in
memory anexternalsortis used.

6. Thereduceworker iteratesover the sortedinterme-
diatedataandfor eachuniqueintermediatekey en-
counteredjt passeshe key andthe corresponding
setof intermediatevaluesto theusers Reducdunc-
tion. Theoutputof the Reducdunctionis appended
toa nal output le for thisreducepartition.
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7. When all map tasksand reducetasks have been
completed the masterwakes up the userprogram.
At this point,the MapReduce call in theuserpro-
gramreturnsbackto theusercode.

After successfukcompletion,the outputof the mapre-
duceexecutionis availablein theR output les (oneper
reducetask, with le namesas speci ed by the user).
Typically, usersdo not needto combinetheseR output
les into one le —they oftenpasstheseles asinputto
anotherMapReducecall, or usethemfrom anotherdis-
tributedapplicationthatis ableto dealwith inputthatis
partitionedinto multiple les.

3.2 Master Data Structures

The masterkeepsseveral datastructures.For eachmap
taskandreducetask,it storesthe state(idle, in-progress
or completed, andthe identity of the worker machine
(for non-idletasks).

The masteris the conduitthroughwhich the location
of intermediatele regionsis propagatedrom maptasks
to reducetasks.Thereforefor eachcompletednaptask,
the masterstoresthe locationsandsizesof the R inter-
mediate le regionsproducedby the maptask. Updates
to thislocationandsizeinformationarerecevedasmap
tasksare completed. The informationis pushedincre-
mentallyto workersthathave in-progressreducetasks.

3.3 Fault Tolerance

Sincethe MapReducdibrary is designedo helpprocess
very large amountsof datausinghundredsor thousands
of machinesthe library musttoleratemachinefailures

gracefully

Worker Failure

The masterpings every worker periodically If no re-
sponsds recevedfrom a worker in a certainamountof

time, the mastermarksthe worker asfailed. Any map
taskscompletediy theworker areresetbackto theirini-

tial idle state andthereforebecomeeligible for schedul-
ing on otherworkers. Similarly, ary maptaskor reduce
taskin progresson a failed worker is alsoresetto idle

andbecomesligible for rescheduling.

Completedmaptasksarere-executedon afailure be-
causetheir outputis storedon the local disk(s) of the
failed machineandis thereforeinaccessibleCompleted
reducetasksdo not needto be re-executedsince their
outputis storedin aglobal le system.

When a maptaskis executed rst by worker A and
thenlater executedby worker B (because failed), all



workers executing reducetasksare noti ed of the re-
execution.Any reducetaskthathasnot alreadyreadthe
datafrom worker A will readthedatafrom workerB.

MapReducss resilientto large-scalevorker failures.
For example,duringoneMapReduceperationnetwork
maintenancen a runningclusterwascausinggroupsof
80 machinesat a time to becomeunreachabldor sev-
eralminutes.TheMapReducenastessimply re-executed
thework doneby the unreachablevorker machinesand
continuedo make forwardprogresseventuallycomplet-
ing the MapReduceperation.

Master Failure

It is easyto make the mastemwrite periodiccheckpoints
of themastedatastructureglescribedbove. If themas-
ter task dies, a new copy can be startedfrom the last
checkpointedstate. However, giventhatthereis only a
single mastey its failure is unlikely; thereforeour cur-
rentimplementatiorabortsthe MapReduceomputation
if the masterfails. Clientscancheckfor this condition
andretry the MapReduceperationf they desire.

Semanticsin the Presenceof Failur es

Whentheusersuppliednapandreduceoperatorsarede-
terministicfunctionsof theirinputvalues our distributed
implementatiorproduceghe sameoutputaswould have
beenproducedy a non-faulting sequentiabxecutionof
theentireprogram.

We rely on atomic commitsof map and reducetask
outputsto achieve this property Eachin-progressask
writesits outputto privatetemporaryles. A reduceask
producesonesuch le, andamaptaskproducesR such
les (oneperreducetask). Whena maptaskcompletes,
the worker sendsa messageo the masterandincludes
the namesof the R temporary les in the message.If
themastereceivesa completionmessagéor analready
completedmaptask, it ignoresthe messageOtherwise,
it recordghenameof R les in amasteratastructure.

When a reducetask completes,the reduceworker
atomicallyrenamests temporaryoutput le to the nal
output le. If thesamereducetaskis executedon multi-
ple machinesmultiple renamecallswill be executedor
thesamenal output le. We rely ontheatomicrename
operatiomprovidedby theunderlying le systemto guar
anteethatthe nal le systemstatecontaingustthedata
producediy oneexecutionof thereducetask.

Thevastmajority of our mapandreduceoperatorsare
deterministic,andthe fact that our semanticsare equi-
alentto a sequentiakxecutionin this casemalesit very
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easyfor programmerso reasorabouttheirprogramsbe-

havior. Whenthe mapand/orreduceoperatorsare non-

deterministicwe provide wealer but still reasonablse-
mantics.In the presencef non-deterministioperators,
the outputof a particularreducetaskR is equivalentto

the outputfor R; producedby a sequentiabxecutionof

the non-deterministigprogram. However, the outputfor

adifferentreducetaskR, may correspondo the output
for R, producedby a differentsequentialexecutionof

thenon-deterministigprogram.

Considermaptask M andreducetasksR; andRs.
Let e(R;) bethe executionof R; thatcommitted(there
is exactly one suchexecution). The wealer semantics
arisebecause(R1) may have readthe outputproduced
by one executionof M and e(R,) may have readthe
outputproducedy a differentexecutionof M .

3.4 Locality

Network bandwidthis arelatively scarceresourcen our

computingervironment. We consere network band-
width by taking advantageof the factthatthe input data
(managedy GFSJ8]) is storedon thelocal disksof the

machinesthat make up our cluster GFSdivideseach
le into 64 MB blocks,andstoressereral copiesof each
block (typically 3 copies)on differentmachines. The

MapReducenastertakesthe locationinformationof the

input les into accountand attemptsto schedulea map
task on a machinethat containsa replica of the corre-

spondingnput data.Failing that,it attemptso schedule
amaptasknearareplicaof thattask'sinputdata(e.g.,on

aworker machinethatis on the samenetwork switch as
the machinecontainingthe data). Whenrunninglarge

MapReduceoperationson a signi cant fraction of the
workersin a cluster mostinput datais readlocally and

consumesio network bandwidth.

3.5 TaskGranularity

We subdvide the map phaseinto M piecesandthe re-
ducephasénto R piecesasdescribedbove. Ideally, M
andR shouldbe muchlargerthanthe numberof worker
machines.Having eachworker performmary different
tasksimprovesdynamicload balancingandalsospeeds
up recovery when a worker fails: the mary maptasks
it hascompletedcanbe spreadout acrossall the other
worker machines.

Therearepracticalboundsonhow largeM andR can
be in our implementation sincethe mastermust make
O(M + R) schedulingdecisionsandkeepsO(M R)
statein memoryasdescribedabove. (The constantfac-
torsfor memoryusagearesmallhowever: theO(M R)
pieceof the stateconsistsof approximatelyone byte of
datapermaptask/reducéaskpair.)



FurthermoreR is often constrainedy usersbecause
the outputof eachreducetaskendsup in a separateut-
put le. In practice,we tendto chooseM sothateach
individualtaskis roughly 16 MB to 64 MB of input data
(sothatthelocality optimizationdescribedibove is most
effective), andwe make R a small multiple of the num-
ber of worker machineswve expectto use.We often per
form MapReduceomputationsvith M = 200, 000and
R = 5;000, using2,000worker machines.

3.6 Backup Tasks

Oneof the commoncauseghatlengthenghetotal time
takenfor a MapReduceperationis a “straggler”: ama-
chinethattakesanunusuallylong time to completeone
of the lastfew map or reducetasksin the computation.
Stragglersanarisefor a whole hostof reasonsFor ex-
ample,a machinewith a bad disk may experiencefre-
guentcorrectableerrorsthat slow its readperformance
from 30 MB/s to 1 MB/s. The clusterschedulingsys-
tem may have scheduledother taskson the machine,
causingit to executethe MapReducecodemore slowly
dueto competitionfor CPU, memory local disk, or net-
work bandwidth.A recentproblemwe experiencedvas
a bug in machineinitialization codethat causedproces-
sorcachego bedisabled:computationon affectedma-
chinessloveddown by overafactorof onehundred.

We have a generalmechanisnto alleviate the prob-
lem of stragglersWhena MapReduc®perationis close
to completion,the masterschedulesackupexecutions
of the remainingin-progresstasks. The taskis marked
ascompletedvheneer eitherthe primary or the backup
executioncompletes.We have tunedthis mechanisnso
that it typically increaseghe computationalresources
usedby the operationby no more than a few percent.
We have found that this signi cantly reducesthe time
to completelarge MapReduceoperations.As an exam-
ple,the sortprogramdescribedn Section5.3takes44%
longerto completewhenthe backuptask mechanismis
disabled.

4 Re nements

Although the basic functionality provided by simply
writing Map andReducdunctionsis sufcient for most
needswe have foundafew extensionauseful. Theseare
describedn this section.

4.1 Partitioning Function

The usersof MapReducespecifythe numberof reduce
tasks/outputles thatthey desire(R). Datagetsparti-
tionedacrosgheseasksusinga partitioningfunctionon
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the intermediatekey. A default partitioning functionis
providedthatuseshashing(e.g. “hash(key) mod R”).
This tendsto resultin fairly well-balancedartitions. In
some cases,however, it is useful to partition data by
someotherfunctionof thekey. For example,sometimes
the outputkeys are URLs, andwe wantall entriesfor a
singlehostto endup in the sameoutput le. To support
situationslik e this, the userof the MapReducdibrary
canprovide a specialpartitioningfunction. For example,
using“hash(H ostname(urlkey)) mod R” asthepar
titioning functioncausesll URLs from the samehostto
endupin thesameoutput le.

4.2 Ordering Guarantees

We guaranteahat within a given partition, the interme-
diatekey/valuepairsareprocessedh increasingkey or-
der This orderingguaranteamakesit easyto generate
a sortedoutput le per partition, which is usefulwhen
the output le formatneedsto supportefcient random
accesdookupsby key, or usersof the output nd it con-
venientto have thedatasorted.

4.3 Combiner Function

In somecasesthereis signi cant repetitionin theinter
mediatekeys producedby eachmaptask,andthe user
speci ed Reducefunction is commutatve and associa-
tive. A goodexampleof this is theword countingexam-
plein Section2.1. Sinceword frequenciesendto follow
aZipf distribution, eachmaptaskwill producehundreds
or thousand®f recordsof theform <the, 1>. All of
thesecountswill besentoverthenetwork to asinglere-
ducetaskandthenaddedogetheby theReducdunction
to produceonenumber We allow the userto specifyan
optionalCombinerfunctionthatdoespartial memging of
this databeforeit is sentoverthenetwork.

The Combinerfunctionis executedon eachmachine
thatperformsamaptask. Typically thesamecodeis used
to implementboth the combinerand the reducefunc-
tions. Theonly differencebetweerareducefunctionand
a combinerfunctionis how the MapReducdibrary han-
dlesthe outputof the function. The outputof a reduce
functionis written to the nal output le. Theoutputof
acombinerfunctionis writtento anintermediatele that
will besentto areducetask.

Partial combining signi cantly speedsup certain
classeof MapReduceperations AppendixA contains
anexamplethatusesa combiner

4.4

The MapReducdibrary providessupportfor readingin-
putdatain severaldifferentformats.For example,‘text”

Input and Output Types



modeinput treatseachline asa key/valuepair: the key
is the offsetin the le andthe valueis the contentsof
the line. Another commonsupportedformat storesa
sequencef key/value pairs sortedby key. Eachinput
typeimplementatiorknows how to splititself into mean-
ingful rangesfor processingas separatanaptasks(e.g.
text modes rangesplitting ensureghat rangesplits oc-
curonly atline boundaries)Userscanaddsupportfor a
new inputtypeby providing animplementatiorof asim-
ple readerinterface,thoughmostusergust useoneof a
smallnumberof prede nedinputtypes.

A readerdoesnot necessarilyneedto provide data
readfroma le. Forexample,it is easytode ne areader
that readsrecordsfrom a databaseor from datastruc-
turesmappedn memory

In a similar fashion,we supporta setof outputtypes
for producingdatain differentformatsandit is easyfor
usercodeto addsupportfor new outputtypes.

4.5 Side-effects

In somecasesusersof MapReducéhave foundit con-
venientto produceauxiliary les asadditionaloutputs
from their mapand/orreduceoperators.We rely on the
applicationwriter to make suchside-efectsatomicand
idempotent.Typically the applicationwritesto atempo-
rary le andatomicallyrenameshis le onceit hasbeen
fully generated.

We do not provide supportfor atomictwo-phasecom-
mits of multiple output les producedby a singletask.
Therefore tasksthat producemultiple output les with
cross- le consisteng requirementshouldbe determin-
istic. Thisrestrictionhasneverbeenanissuein practice.

4.6 Skipping Bad Records

Sometimesherearebugsin usercodethatcauseéheMap
or Reducdunctionsto crashdeterministicallyon certain
records.SuchbugspreventaMapReduc®peratiorfrom

completing. The usualcourseof actionisto x thebug,

but sometimeghis is not feasible;perhapghe bugis in

a third-party library for which sourcecodeis unavail-

able. Also, sometimest is acceptableo ignore a few

records,for examplewhendoing statisticalanalysison

alarge dataset. We provide an optionalmodeof execu-
tion wherethe MapReducdibrary detectsvhichrecords
causaleterministiccrashesndskipstheserecordsin or-

derto make forwardprogress.

Each worker processinstalls a signal handler that
catchessggmentationviolationsandbus errors. Before
invoking a userMap or Reduceoperation,the MapRe-
ducelibrary storeshe sequence&umberof theargument
in a globalvariable. If the usercodegenerates signal,
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the signalhandlersendsa “last gasp” UDP paclet that
containsthe sequencenumberto the MapReducemas-
ter. Whenthe masterhasseenmorethanonefailure on
a particularrecord,it indicatesthatthe recordshouldbe
skippedwhenit issueghenext re-executionof thecorre-
spondingMap or Reduceask.

4.7 Local Execution

Dehuggingproblemsin Map or Reducdunctionscanbe

tricky, sincethe actual computationhappensn a dis-

tributed system, often on several thousandmachines,
with work assignmentecisionsmade dynamically by

the master To help facilitate delkugging, pro ling, and
small-scaldgesting,we have developedanalternatveim-

plementatiorof the MapReducdibrary thatsequentially
executesall of the work for a MapReduceoperationon

the local machine. Controlsare provided to the userso

that the computationcan be limited to particular map
tasks.Usersinvoke their programwith aspecialag and
cantheneasilyuseary dehuggingor testingtools they

nd useful(e.g.gdb).

4.8 StatusInformation

The masterruns an internal HTTP sener and exports
a setof statuspagesfor humanconsumption. The sta-
tus pagesshow the progresof the computationsuchas
how mary taskshave beencompletedhow mary arein

progressbytesof input, bytesof intermediatalata,bytes
of output, processingates,etc. The pagesalsocontain
links to the standarderrorandstandardutput les gen-
eratedby eachtask. The usercanusethis datato pre-
dict how long the computatiorwill take,andwhetheror

not moreresourceshouldbe addedto the computation.
Thesepagexanalsobeusedto gure outwhenthecom-
putationis muchslower thanexpected.

In addition, the top-level statuspage shavs which
workers have failed, and which map and reducetasks
they were processingvhenthey failed. This informa-
tion is usefulwhen attemptingto diagnosebugsin the
usercode.

4.9 Counters

The MapReducedlibrary provides a counterfacility to
countoccurrence®f variousevents. For example,user
codemaywantto counttotal numberof wordsprocessed
or thenumberof Germandocumentsndexed,etc.

To usethis facility, usercodecreatesa namedcounter
objectandthenincrementghe counterappropriatelyin
the Map and/orReducdunction. For example:



Counter*  uppercase;
uppercase = GetCounter("uppercase");
map(String  name, String  contents):

for each word w in contents:
if (IsCapitalized(w)):
uppercase->Increment();
Emitintermediate(w, "1");

The countervaluesfrom individual worker machines
are periodically propagatedo the master(piggybacled
onthepingresponse)Themastemggreyateshecounter
valuesfrom successfuinapandreducetasksandreturns
themto the usercodewhenthe MapReduceoperation
is completed. The currentcountervaluesare also dis-
playedon the masterstatuspageso that a humancan
watchthe progresf thelive computationWhenaggre-
gatingcountevaluesthemasterliminatesheeffectsof
duplicateexecutionsof the samemap or reducetaskto
avoid doublecounting. (Duplicateexecutionscanarise
from our useof backuptasksandfrom re-executionof
tasksdueto failures.)

Some counter values are automatically maintained
by the MapReducdibrary, suchas the numberof in-
put key/value pairs processe@ndthe numberof output
key/valuepairsproduced.

Usershave found the counterfacility usefulfor san-
ity checkingthebehaior of MapReduceperationsFor
example,in someMapReduceperationsthe usercode
may want to ensurethat the number of output pairs
producedexactly equalsthe numberof input pairs pro-
cessedpr that the fraction of Germandocumentsro-
cesseds within sometolerablefractionof thetotal num-
berof documentprocessed.

5 Performance

In this sectionwe measurehe performanceof MapRe-
duceon two computationgunningon a large clusterof
machines. One computationsearcheshroughapproxi-
matelyoneterabyteof datalooking for a particularpat-
tern. Theothercomputatiorsortsapproximatelyoneter-
abyteof data.

Thesetwo programsarerepresentatie of alarge sub-
setof therealprogramswritten by usersof MapReduce-
oneclassof programsshufes datafrom onerepresenta-
tion to anotherandanotherclassextractsasmallamount
of interestingdatafrom alarge dataset.

5.1 Cluster Con guration

All of the programswere executedon a cluster that
consistedof approximatelyl800 machines. Eachma-
chinehadtwo 2GHz Intel Xeon processorsvith Hyper
Threadingenabled, 4GB of memory two 160GB IDE
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disks, and a gigabit Ethernetlink. The machineswere
arrangedin a two-level tree-shapedwitched network
with approximately100-200 Gbps of aggrejate band-
width available at the root. All of the machineswere
in the samehostingfacility andthereforethe round-trip
time betweenary pair of machinesvaslessthana mil-
lisecond.

Out of the 4GB of memory approximatelyl-1.5GB
wasresened by othertasksrunningon the cluster The
programswere executedon a weelendafternoonwhen
the CPUs,disks,andnetwork weremostlyidle.

52 Grep

The grep programscansthrough10'° 100-byterecords,
searchindor arelatively rarethree-charactguattern(the
patternoccursin 92,337records).Theinputis split into
approximately64MB pieces(M = 15000, andtheen-
tire outputis placedin one le (R = 1).

Figure 2 shows the progressof the computationover
time. TheY-axisshavstherateatwhichtheinputdatais
scanned.Therategraduallypicks up asmoremachines
areassignedo this MapReduceomputationandpeaks
atover 30 GB/swhen1764workershave beenassigned.
As the maptasks nish, theratestartsdroppingandhits
zeroabout80 secondsnto the computation.The entire
computatiortakesapproximatelyl50secondg$rom start
to nish. This includesabouta minuteof startupover-
head.The overheads dueto the propagatiorof the pro-
gramto all worker machinesanddelaysinteractingwith
GFSto openthe setof 1000input les andto getthe
informationneededor thelocality optimization.

5.3 Sort

The sort programsorts10'° 100-byterecords(approxi-
matelyl terabyteof data). This programis modelecdafter
the TeraSortbenchmark10].

The sorting programconsistsof lessthan50 lines of
usercode. A three-lineMap function extractsa 10-byte
sorting key from a text line and emitsthe key andthe
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Figure3: Datatransferatesovertime for differentexecutionsof the sortprogram

original text line asthe intermediatekey/valuepair. We
useda built-in Identity function asthe Reduceoperator
Thisfunctionspassesheintermediatekey/valuepair un-
changedas the output key/value pair. The nal sorted
outputis written to a setof 2-way replicatedGFS les

(i.e.,2terabytesarewrittenastheoutputof theprogram).

As before, the input datais split into 64MB pieces
(M = 15000. We partitionthe sortedoutputinto 4000
les (R = 4000. The partitioningfunctionusestheini-
tial bytesof thekey to segregateit into oneof R pieces.

Our patrtitioningfunctionfor thisbenchmarkasbuilt-
in knowledgeof the distribution of keys. In a general
sorting program,we would add a pre-passMapReduce
operationthat would collect a sampleof the keys and
usethedistribution of the sampledkeys to computesplit-
pointsfor the nal sortingpass.

Figure3 (a) showns the progresof a normalexecution
of the sort program. The top-left graphshows the rate
atwhich inputis read. The rate peaksat about13 GB/s
anddiesoff fairly quickly sinceall maptasks nish be-
fore 200 seconddhave elapsed.Note that the input rate
is lessthanfor grep. This is becausehe sortmaptasks
spendabouthalf theirtime andl/O bandwidthwriting in-
termediateutputto theirlocal disks. Thecorresponding
intermediateoutputfor grephadnggligible size.

The middle-left graph shavs the rate at which data
is sentover the network from the map tasksto the re-
ducetasks. This shufing startsas soon as the rst
maptaskcompletes.The rst humpin the graphis for
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the rst batchof approximatelyl 700 reducetasks(the
entire MapReducewas assignedabout 1700 machines,
andeachmachineexecutesat mostonereducetaskat a
time). Roughly300secondsnto the computationsome
of these rst batchof reducetasks nish and we start
shufing datafor theremainingreducetasks.All of the
shufing is doneabout600secondénto thecomputation.

The bottom-leftgraphshaws the rateat which sorted
datais writtentothe nal output les by thereduceasks.
Thereis adelaybetweertheendof the rst shufing pe-
riod andthe startof the writing periodbecause¢he ma-
chinesarebusysortingthe intermediatedata. Thewrites
continueat a rate of about2-4 GB/sfor a while. All of
thewrites nish about850secondsnto thecomputation.
Including startupoverheadthe entirecomputatiortakes
891secondsThisis similar to the currentbestreported
resultof 1057seconddgor the TeraSortbenchmark18].

A few thingsto note: the input rateis higherthanthe
shufe rate andthe outputrate becauseof our locality
optimization— mostdatais readfrom a local disk and
bypasse®ur relatively bandwidthconstrainechetwork.
The shufe rateis higherthan the output rate because
theoutputphasewritestwo copiesof thesorteddata(we
make two replicasof the outputfor reliability andavail-
ability reasons).We write two replicasbecauséhat is
the mechanisntor reliability and availability provided
by our underlying le system. Network bandwidthre-
quirementgfor writing datawould be reducedf the un-
derlying le systemusederasurecoding[14] ratherthan
replication.



5.4 Effect of Backup Tasks

In Figure 3 (b), we shov an executionof the sort pro-
gramwith backuptasksdisabled.The execution o w is
similar to thatshawvn in Figure3 (a), exceptthatthereis
a very long tail wherehardly ary write actiity occurs.
After 960 secondsall except5 of the reducetasksare
completed.However theselast few stragglergddon't n-
ish until 300seconddater. The entirecomputatiortakes
1283secondsanincreaseof 44%in elapsedime.

5.5 Machine Failures

In Figure3 (c), we shav anexecutionof thesortprogram
wherewe intentionally killed 200 out of 1746 worker
processeseveral minutesinto the computation. The
underlyingclusterscheduleimmediatelyrestartechew
worker processesn thesemachinegsinceonly the pro-
cessewerekilled, the machineswere still functioning
properly).

The worker deathsshov up as a negative input rate
sincesomepreviously completedmapwork disappears
(sincethe correspondingnap workerswerekilled) and
needsto be redone. The re-executionof this mapwork
happengelatively quickly. The entire computationn-
ishesin 933 secondsncluding startupoverheadjust an
increaseof 5% overthe normalexecutiontime).

6 Experience

We wrote the rst versionof the MapReducdibrary in
Februaryof 2003,andmadesigni cant enhancement®
it in Augustof 2003,includingthelocality optimization,
dynamicloadbalancingof taskexecutionacrossworker
machinesegtc. Sincethattime, we have beenpleasantly
surprisedat how broadly applicablethe MapReducdi-
brary hasbeenfor the kinds of problemswe work on.
It hasbeenusedacrossa wide rangeof domainswithin
Google,including:

large-scalamachindearningproblems,

clustering problems for the Google News and
Froogleproducts,

extractionof datausedto producereportsof popular
qgueriege.g. GoogleZeitgeist),

extractionof propertieof webpagedor new exper
imentsandproducts(e.g. extractionof geographi-
cal locationsfrom a large corpusof web pagesfor
localizedsearch)and

large-scalegraphcomputations.
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Figure4: MapReduceénstancegvertime

Numberof jobs 29,423
Averageob completiontime 634secs
Machinedaysused 79,186days
Input dataread 3,288TB
Intermediatedataproduced 758TB
Outputdatawritten 193TB
Averageworker machinegerjob 157
Averageworker deathgerjob 1.2
Averagemaptasksperjob 3,351
Averagereducetasksperjob 55
Uniquemapimplementations 395
Uniquereduceimplementations 269
Uniquemap/educecombinations 426

Tablel: MapReducgobsrunin August2004

Figure 4 shows the signi cant growth in the numberof
separatdapReducg@rogramshecledinto our primary
sourcecode managemensystemover time, from 0 in
early 2003 to almost900 separatdnstancesas of late
SeptembeR004.MapReducéasbeensosuccessfube-
causdt makesit possibleto write a simpleprogramand
run it efciently on a thousandmachinesn the course
of half anhour, greatlyspeedingip thedevelopmentand
prototypingcycle. Furthermoreijt allows programmers
who have no experiencewith distributedand/orparallel
systemgo exploit largeamountof resourcegasily

At the end of eachjob, the MapReducdibrary logs
statisticsaboutthe computationatesourcesisedby the
job. In Table 1, we shav somestatisticsfor a subsetof
MapReducgobsrun at Googlein August2004.

6.1 Large-Scaldndexing

Oneof our mostsigni cant usesof MapReducedo date
has beena completerewrite of the productionindex-
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ing systemthat produceshe datastructuresusedfor the
Googleweb searchservice. The indexing systemtakes
asinputalargesetof documentshathave beerretrieved
by our crawling systemstoredasasetof GFS les. The
raw contentsfor thesedocumentsare morethan20 ter-
abytesof data. Theindexing processunsasa sequence
of vetotenMapReduceperationsUsingMapReduce
(insteadof thead-hocdistributedpassesn the prior ver
sion of the indexing system)hasprovided severalbene-
ts:

Theindexing codeis simpler smaller andeasietto
understandpecausehe codethat dealswith fault
tolerancedistribution and parallelizationis hidden
within the MapReducdibrary. For example,the
sizeof onephaseof the computatiordroppedfrom
approximately3800 lines of C++ codeto approx-
imately 700 lines when expressedusing MapRe-
duce.

The performancef the MapReducdibrary is good
enoughthat we can keep conceptuallyunrelated
computationsseparateinsteadof mixing themto-
getherto avoid extra passesver the data. This
malkesit easyto changethe indexing process.For
example, one changethat took a few monthsto
male in our old indexing systemtook only a few
daysto implementin the new system.

The indexing processhas becomemuch easierto
operate,becausamost of the problemscausedby
machinefailures, slov machines,and networking
hiccupsaredealtwith automaticallyby the MapRe-
ducelibrary without operatoiintervention. Further
more, it is easyto improve the performanceof the
indexing processy addingnen machinego thein-
dexing cluster

7 RelatedWork

Many systemshave provided restricted programming
modelsandusedthe restrictionsto parallelizethe com-
putationautomatically For example,anassociatie func-
tion canbe computedover all pre xesof anN element
arrayinlogN timeonN processorsisingparallelpre x
computationg6, 9, 13]. MapReducecanbe considered
asimpli cation anddistillation of someof thesemodels
basedon our experiencewith large real-world compu-
tations. More signi cantly, we provide a fault-tolerant
implementationthat scalesto thousandf processors.
In contrastmostof the parallelprocessingystemsave
only beenimplementedon smallerscalesand leave the
detailsof handlingmachinefailuresto the programmer
Bulk Synchronoug’rogramming17] andsomeMPI
primitives [11] provide higherlevel abstractionsthat
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malke it easierfor programmergo write parallel pro-
grams. A key differencebetweenthesesystemsand
MapReduces thatMapReducexploits a restrictedpro-
grammingmodel to parallelizethe userprogramauto-
maticallyandto provide transparentault-tolerance.

Our locality optimizationdraws its inspirationfrom
techniquessuchasactive disks[12, 15|, wherecompu-
tation is pushedinto processingelementshat areclose
to local disks, to reducethe amountof datasentacross
I/0 subsystemsr the network. We run on commodity
processorso which a smallnumberof disksaredirectly
connectednsteadof runningdirectly on disk controller
processordhut the generalapproachs similar.

Our backuptask mechanismis similar to the eager
schedulingmechanismemployed in the Charlotte Sys-
tem [3]. One of the shortcomingsof simple eager
schedulings thatif agiventaskcausesepeatedailures,
theentirecomputatiorfailsto complete We x somein-
stance®f this problemwith ourmechanisnfor skipping
badrecords.

TheMapReducémplementationrelieson anin-house
clustermanagemensystemthat is responsibleor dis-
tributing andrunningusertaskson a large collection of
sharednachinesThoughnotthefocusof this paperthe
clustermanagemensystemis similar in spirit to other
systemsuchasCondor[16].

The sorting facility thatis a part of the MapReduce
library is similar in operationto NOW-Sort[1]. Source
machinegmap workers) partition the datato be sorted
and sendit to oneof R reduceworkers. Eachreduce
worker sortsits datalocally (in memoryif possible).Of
courseNOW-Sortdoesnot have the userde nable Map
andReducdunctionsthatmake our library widely appli-
cable.

River [2] providesa programmingmodelwherepro-
cessescommunicatewith each other by sendingdata
over distributed queues. Like MapReduce the River
systemtries to provide good averagecaseperformance
evenin the presencef non-uniformitiesintroducedby
heterogeneousardwareor systemperturbations.River
achievesthis by carefulschedulingof disk andnetwork
transfergo achieve balanceccompletiontimes. MapRe-
ducehasa differentapproach. By restrictingthe pro-
gramming model, the MapReduceframework is able
to partition the probleminto a large numberof ne-
grainedtasks. Thesetasksare dynamically scheduled
on availableworkerssothatfasternworkersprocessnore
tasks. The restrictedprogrammingmodel also allows
us to scheduleredundantexecutionsof tasksnearthe
endof thejob which greatlyreducesompletiontime in
the presencef non-uniformities(suchasslow or stuck
workers).

BAD-FS [5] hasa very differentprogrammingmodel
from MapReduceandunlike MapReduceis targetedto
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the executionof jobsacrossa wide-areanetwork. How-
ever, thereare two fundamentalsimilarities. (1) Both
systemsuse redundantexecutionto recover from data
loss causedby failures. (2) Both use locality-avare
schedulingo reducetheamountof datasentacrosson-
gestedhetwork links.

TACC [7] is a systemdesignedto simplify con-
struction of highly-available networked services. Like
MapReduceit reliesonre-executionasamechanisnior
implementingfault-tolerance.

8 Conclusions

The MapReducgrogrammingmodelhasbeensuccess-
fully usedat Googlefor mary different purposes.We
attribute this successo severalreasonsFirst, themodel
is easyto use,evenfor programmersvithout experience
with parallelanddistributed systemssinceit hidesthe
details of parallelization,fault-toleranceJocality opti-
mization, and load balancing. Second,a large variety
of problemsare easily expressibleas MapReducecom-
putations.For example,MapReduces usedfor thegen-
erationof datafor Googles productionweb searchser
vice, for sorting,for datamining, for machinelearning,
and mary othersystems.Third, we have developedan
implementatiorof MapReducedhat scalego large clus-
tersof machinecomprisingthousandsf machinesThe
implementatiormakesef cient useof thesemachinere-
sourcesandthereforeis suitablefor useon mary of the
large computationaproblemsencounteredt Google.

We have learnedsereralthingsfrom this work. First,
restrictingthe programmingmodelmakesit easyto par
allelize and distribute computationsand to make such
computationgault-tolerant.Secondnetwork bandwidth
is a scarceresource.A numberof optimizationsin our
systemarethereforetargetedat reducingthe amountof
datasentacrosghenetwork: thelocality optimizational-
lows usto readdatafrom local disks,andwriting asingle
copy of theintermediatadatato local disk savesnetwork
bandwidth. Third, redundantexecutioncan be usedto
reducetheimpactof slov machinesandto handlema-
chinefailuresanddataloss.
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A Word Frequency

This sectioncontainsa programthat countsthe number
of occurrencesf eachuniquewordin asetof input les
speci edonthecommandine.

#include  "mapreduce/mapreduce.h”
/I User's map function
class WordCounter
public:
virtual void Map(const Maplnput&
const string& text = input.value();
const int n = text.size();
for (int i =0; i <n; ) {
/I Skip past leading whitespace
while (i < n) && isspace(text[i]))
i++;

public  Mapper {

input)  {

/Il Find word end

int start =i

while (i < n) && lisspace(text[i]))
i++;
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if (start < i)
Emit(text.substr(start,i-start),"1");

}
}
I
REGISTER_MAPPER(WordCounter);
/I User's reduce function
class Adder public  Reducer {
virtual void Reduce(Reducelnput* input)  {
/I lterate over all entries with  the

/I same key and add the values

inté4 value = O;
while  (linput->done())
value += StringTolnt(input->value());

input->NextValue();
}

/I Emit sum for input->key()
Emit(IntToString(value));

}

h

REGISTER_REDUCER(Adder);

int  main(int argc, char**
ParseCommandLineFlags(argc,

argv) {
argv);
MapReduceSpecification Spec;
/I Store list of
for (int i =1; i < argc; i++) {
MapReducelnput*  input = spec.add_input();
input->set_format("text");
input->set_filepattern(argvli]);
input->set_mapper_class("WordCounter");

input  files into  "spec"

}

/I Specify the output files:
I [gfs/test/freq-00000-0f-00100
I [gfs/test/freq-00001-0f-00100

1

MapReduceOutput* out = spec.output();
out->set_filebase("/gfs/test/freq");
out->set_num_tasks(100);
out->set_format("text");
out->set_reducer_class("Adder");

/I Optional: do partial sums within
/I tasks to save network bandwidth
out->set_combiner_class("Adder");

map

/I Tuning parameters: use at most 2000
/I machines and 100 MB of memory per task
spec.set_machines(2000);
spec.set_map_megabytes(100);
spec.set_reduce_megabytes(100);

/I Now run it
MapReduceResult  result;
if (IMapReduce(spec,

&result)) abort();

/I Done: 'result' structure contains  info
/I about counters, time taken, number of
/I machines used, etc.

return  0;
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