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Abstract

MapReduceis a programmingmodelandan associ-
atedimplementationfor processingandgeneratinglarge
datasets.Usersspecifya mapfunction thatprocessesa
key/valuepair to generateasetof intermediatekey/value
pairs,anda reducefunctionthatmergesall intermediate
valuesassociatedwith thesameintermediatekey. Many
realworld tasksareexpressiblein this model,asshown
in thepaper.

Programswritten in this functionalstyleareautomati-
cally parallelizedandexecutedonalargeclusterof com-
modity machines.Therun-timesystemtakescareof the
detailsof partitioningtheinput data,schedulingthepro-
gram'sexecutionacrossa setof machines,handlingma-
chinefailures,andmanagingtherequiredinter-machine
communication.This allows programmerswithout any
experiencewith parallelanddistributedsystemsto eas-
ily utilize theresourcesof a largedistributedsystem.

Our implementationof MapReduceruns on a large
clusterof commoditymachinesand is highly scalable:
a typical MapReducecomputationprocessesmany ter-
abytesof dataon thousandsof machines.Programmers
�nd thesystemeasyto use:hundredsof MapReducepro-
gramshavebeenimplementedandupwardsof onethou-
sandMapReducejobsareexecutedon Google'sclusters
everyday.

1 Intr oduction

Over thepast� ve years,theauthorsandmany othersat
Googlehave implementedhundredsof special-purpose
computationsthat processlarge amountsof raw data,
suchas crawled documents,web requestlogs, etc., to
computevariouskindsof deriveddata,suchasinverted
indices, various representationsof the graph structure
of web documents,summariesof the numberof pages
crawled per host, the set of most frequentqueriesin a

given day, etc. Most suchcomputationsare conceptu-
ally straightforward. However, the input datais usually
largeandthecomputationshave to bedistributedacross
hundredsor thousandsof machinesin orderto �nish in
a reasonableamountof time. The issuesof how to par-
allelize thecomputation,distribute the data,andhandle
failuresconspireto obscurethe original simplecompu-
tation with largeamountsof complex codeto dealwith
theseissues.

As a reactionto this complexity, we designeda new
abstractionthatallowsusto expressthesimplecomputa-
tionswe weretrying to performbut hidesthemessyde-
tails of parallelization,fault-tolerance,datadistribution
and load balancingin a library. Our abstractionis in-
spiredby themapandreduceprimitivespresentin Lisp
andmany other functional languages.We realizedthat
mostof our computationsinvolved applyinga mapop-
erationto eachlogical “record” in our input in orderto
computea setof intermediatekey/valuepairs,andthen
applyinga reduceoperationto all thevaluesthatshared
the samekey, in order to combinethe derived dataap-
propriately. Our useof a functional model with user-
speci�ed mapandreduceoperationsallows us to paral-
lelize largecomputationseasilyandto usere-execution
astheprimarymechanismfor fault tolerance.

Themajorcontributionsof this work area simpleand
powerful interfacethatenablesautomaticparallelization
anddistribution of large-scalecomputations,combined
with an implementationof this interface that achieves
highperformanceon largeclustersof commodityPCs.

Section2 describesthebasicprogrammingmodeland
givesseveral examples. Section3 describesan imple-
mentationof the MapReduceinterfacetailoredtowards
our cluster-basedcomputingenvironment.Section4 de-
scribesseveral re�nementsof the programmingmodel
that we have found useful. Section5 hasperformance
measurementsof our implementationfor a variety of
tasks.Section6 explorestheuseof MapReducewithin
Googleincludingour experiencesin usingit asthebasis
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for a rewrite of our productionindexing system. Sec-
tion 7 discussesrelatedandfuturework.

2 Programming Model

Thecomputationtakesasetof inputkey/valuepairs,and
producesa set of output key/value pairs. The userof
theMapReducelibrary expressesthecomputationastwo
functions:MapandReduce.

Map, written by theuser, takesan input pair andpro-
ducesasetof intermediatekey/valuepairs.TheMapRe-
ducelibrary groupstogetherall intermediatevaluesasso-
ciatedwith thesameintermediatekey I andpassesthem
to theReducefunction.

TheReducefunction,alsowritten by theuser, accepts
an intermediatekey I anda setof valuesfor thatkey. It
mergestogetherthesevaluesto form a possiblysmaller
setof values.Typically just zeroor oneoutputvalueis
producedper Reduceinvocation. The intermediateval-
uesaresuppliedto theuser's 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.Theuserwould write codesimilar to thefollow-
ing pseudo-code:

map(String key, String value):
// key: document name
// value: document contents
for each word w in value:

EmitIntermediate(w, "1");

reduce(String key, Iterator values):
// key: a word
// values: a list of counts
int result = 0;
for each v in values:

result += ParseInt(v);
Emit(AsString(result));

Themapfunctionemitseachword plusanassociated
count of occurrences(just `1' in this simple example).
The reduce functionsumstogetherall countsemitted
for aparticularword.

In addition,theuserwritescodeto �ll in amapreduce
speci�cationobjectwith thenamesof theinput andout-
put �les, andoptionaltuningparameters.Theuserthen
invokesthe MapReducefunction,passingit the speci�-
cationobject.Theuser'scodeis linkedtogetherwith the
MapReducelibrary (implementedin C++). AppendixA
containsthefull programtext for this example.

2.2 Types

Eventhoughthepreviouspseudo-codeis writtenin terms
of string inputsandoutputs,conceptuallythe mapand
reducefunctionssuppliedby the user have associated
types:

map (k1,v1) ! list(k2,v2)
reduce (k2,list(v2)) ! list(v2)

I.e., theinputkeysandvaluesaredrawn from adifferent
domainthan the outputkeys andvalues. Furthermore,
the intermediatekeys andvaluesarefrom the samedo-
mainastheoutputkeysandvalues.

Our C++ implementationpassesstringsto and from
theuser-de�ned functionsandleavesit to theusercode
to convertbetweenstringsandappropriatetypes.

2.3 Mor e Examples

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

Distrib uted Grep: Themapfunctionemitsa line if it
matchesa suppliedpattern. The reducefunction is an
identity functionthat just copiesthesuppliedintermedi-
atedatato theoutput.

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

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

Term-Vector per Host: A termvectorsummarizesthe
mostimportantwordsthatoccurin a documentor a set
of documentsasa list of hword; f r equencyi 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 per-documentterm vectors
for a given host. It addstheseterm vectorstogether,
throwing away infrequentterms,and thenemitsa �nal
hhostname ; term vector i pair.
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Figure1: Executionoverview

Inverted Index: The mapfunction parseseachdocu-
ment,andemitsa sequenceof hword ; document ID i
pairs. The reducefunction acceptsall pairs for a given
word,sortsthecorrespondingdocumentIDs andemitsa
hword ; l ist (document ID )i pair. Thesetof all output
pairsformsasimpleinvertedindex. It is easyto augment
this computationto keeptrackof word positions.

Distrib uted Sort: The map function extractsthe key
from eachrecord,andemitsahkey ; record i pair. The
reducefunctionemitsall pairsunchanged.This compu-
tationdependson thepartitioningfacilitiesdescribedin
Section4.1andtheorderingpropertiesdescribedin Sec-
tion 4.2.

3 Implementation

Many different implementationsof the MapReducein-
terfaceare possible. The right choicedependson the
environment.For example,oneimplementationmaybe
suitablefor asmallshared-memorymachine,anotherfor
a large NUMA multi-processor, andyet anotherfor an
evenlargercollectionof networkedmachines.

This section describesan implementationtargeted
to the computingenvironment in wide useat Google:

largeclustersof commodityPCsconnectedtogetherwith
switchedEthernet[4]. In our environment:

(1)Machinesaretypicallydual-processorx86processors
runningLinux, with 2-4 GB of memorypermachine.

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

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

(4) Storageis provided by inexpensive IDE disks at-
tacheddirectly to individualmachines.A distributed�le
system[8] developedin-houseis usedto managethedata
storedon thesedisks.The�le systemusesreplicationto
provide availability and reliability on top of unreliable
hardware.

(5) Userssubmitjobs to a schedulingsystem.Eachjob
consistsof asetof tasks,andis mappedby thescheduler
to a setof availablemachineswithin acluster.

3.1 ExecutionOverview

The Map invocationsare distributed acrossmultiple
machinesby automaticallypartitioning the input data
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into a set of M splits. The input splits can be pro-
cessedin parallelby differentmachines.Reduceinvoca-
tionsaredistributedby partitioningtheintermediatekey
spaceinto R piecesusinga partitioning function (e.g.,
hash(key) mo d R). Thenumberof partitions(R) and
thepartitioningfunctionarespeci�edby theuser.

Figure1 shows the overall �o w of a MapReduceop-
erationin our implementation.Whenthe userprogram
calls theMapReduce function, the following sequence
of actionsoccurs(thenumberedlabelsin Figure1 corre-
spondto thenumbersin thelist below):

1. The MapReducelibrary in the userprogram�rst
splits the input �les into M piecesof typically 16
megabytesto 64 megabytes(MB) per piece(con-
trollable by the uservia an optionalparameter).It
thenstartsupmany copiesof theprogramonaclus-
terof machines.

2. One of the copiesof the programis special– the
master. Therestareworkersthatareassignedwork
by themaster. ThereareM maptasksandR reduce
tasksto assign.Themasterpicks idle workersand
assignseachonea maptaskor a reducetask.

3. A worker who is assigneda map task readsthe
contentsof thecorrespondinginput split. It parses
key/valuepairsoutof theinputdataandpasseseach
pair to theuser-de�ned Mapfunction.Theinterme-
diatekey/valuepairsproducedby theMap function
arebufferedin memory.

4. Periodically, the bufferedpairsarewritten to local
disk, partitionedinto R regionsby the partitioning
function. The locationsof thesebufferedpairson
the local disk are passedback to the master, who
is responsiblefor forwardingtheselocationsto the
reduceworkers.

5. When a reduceworker is noti�ed by the master
abouttheselocations,it usesremoteprocedurecalls
to readthebuffereddatafrom thelocal disksof the
mapworkers.Whenareduceworkerhasreadall in-
termediatedata,it sortsit by the intermediatekeys
sothatall occurrencesof thesamekey aregrouped
together. The sorting is neededbecausetypically
many differentkeysmapto thesamereducetask.If
theamountof intermediatedatais too largeto �t in
memory, anexternalsortis used.

6. Thereduceworker iteratesover thesortedinterme-
diatedataandfor eachuniqueintermediatekey en-
countered,it passesthe key andthe corresponding
setof intermediatevaluesto theuser'sReducefunc-
tion. Theoutputof theReducefunctionis appended
to a �nal output�le for this reducepartition.

7. When all map tasksand reducetaskshave been
completed,the masterwakesup the userprogram.
At this point, theMapReduce call in theuserpro-
gramreturnsbackto theusercode.

After successfulcompletion,the output of 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 oftenpassthese�les asinput to
anotherMapReducecall, or usethemfrom anotherdis-
tributedapplicationthat is ableto dealwith input that is
partitionedinto multiple �les.

3.2 Master Data Structures

Themasterkeepsseveraldatastructures.For eachmap
taskandreducetask,it storesthestate(idle, in-progress,
or completed), and the identity of the worker machine
(for non-idletasks).

The masteris theconduitthroughwhich the location
of intermediate�le regionsis propagatedfrom maptasks
to reducetasks.Therefore,for eachcompletedmaptask,
the masterstoresthe locationsandsizesof the R inter-
mediate�le regionsproducedby themaptask. Updates
to this locationandsizeinformationarereceivedasmap
tasksare completed. The information is pushedincre-
mentallyto workersthathave in-progressreducetasks.

3.3 Fault Tolerance

SincetheMapReducelibrary is designedto helpprocess
very largeamountsof datausinghundredsor thousands
of machines,the library must toleratemachinefailures
gracefully.

Worker Failur e

The masterpings every worker periodically. If no re-
sponseis receivedfrom a worker in a certainamountof
time, the mastermarksthe worker as failed. Any map
taskscompletedby theworkerareresetbackto their ini-
tial idle state,andthereforebecomeeligible for schedul-
ing on otherworkers.Similarly, any maptaskor reduce
task in progresson a failed worker is also resetto idle
andbecomeseligible for rescheduling.

Completedmaptasksarere-executedon a failurebe-
causetheir output is storedon the local disk(s) of the
failedmachineandis thereforeinaccessible.Completed
reducetasksdo not needto be re-executedsincetheir
outputis storedin a global�le system.

When a map task is executed�rst by worker A and
thenlater executedby worker B (becauseA failed),all
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workers executing reducetasksare noti�ed of the re-
execution.Any reducetaskthathasnot alreadyreadthe
datafrom workerA will readthedatafrom workerB .

MapReduceis resilientto large-scaleworker failures.
For example,duringoneMapReduceoperation,network
maintenanceon a runningclusterwascausinggroupsof
80 machinesat a time to becomeunreachablefor sev-
eralminutes.TheMapReducemastersimplyre-executed
thework doneby theunreachableworkermachines,and
continuedto makeforwardprogress,eventuallycomplet-
ing theMapReduceoperation.

Master Failur e

It is easyto make themasterwrite periodiccheckpoints
of themasterdatastructuresdescribedabove. If themas-
ter task dies, a new copy can be startedfrom the last
checkpointedstate. However, given that thereis only a
single master, its failure is unlikely; thereforeour cur-
rentimplementationabortstheMapReducecomputation
if the masterfails. Clientscancheckfor this condition
andretry theMapReduceoperationif they desire.

Semanticsin the Presenceof Failur es

Whentheuser-suppliedmapandreduceoperatorsarede-
terministicfunctionsof their inputvalues,ourdistributed
implementationproducesthesameoutputaswouldhave
beenproducedby a non-faultingsequentialexecutionof
theentireprogram.

We rely on atomic commitsof map and reducetask
outputsto achieve this property. Eachin-progresstask
writesits outputto privatetemporary�les. A reducetask
producesonesuch�le, anda maptaskproducesR such
�les (oneperreducetask).Whena maptaskcompletes,
the worker sendsa messageto the masterandincludes
the namesof the R temporary�les in the message.If
themasterreceivesa completionmessagefor analready
completedmaptask,it ignoresthemessage.Otherwise,
it recordsthenamesof R �les in a masterdatastructure.

When a reducetask completes,the reduceworker
atomicallyrenamesits temporaryoutput�le to the �nal
output�le. If thesamereducetaskis executedonmulti-
ple machines,multiple renamecallswill beexecutedfor
thesame�nal output�le. We rely on theatomicrename
operationprovidedby theunderlying�le systemto guar-
anteethatthe�nal �le systemstatecontainsjust thedata
producedby oneexecutionof thereducetask.

Thevastmajorityof ourmapandreduceoperatorsare
deterministic,andthe fact thatour semanticsareequiv-
alentto a sequentialexecutionin this casemakesit very

easyfor programmersto reasonabouttheirprogram'sbe-
havior. Whenthemapand/orreduceoperatorsarenon-
deterministic,we provideweakerbut still reasonablese-
mantics.In thepresenceof non-deterministicoperators,
theoutputof a particularreducetaskR1 is equivalentto
theoutputfor R1 producedby a sequentialexecutionof
thenon-deterministicprogram.However, theoutputfor
a differentreducetaskR2 maycorrespondto theoutput
for R2 producedby a differentsequentialexecutionof
thenon-deterministicprogram.

Considermap task M and reducetasksR1 and R2.
Let e(Ri ) be the executionof R i that committed(there
is exactly one suchexecution). The weaker semantics
arisebecausee(R1) mayhave readtheoutputproduced
by one executionof M and e(R2) may have readthe
outputproducedby a differentexecutionof M .

3.4 Locality

Network bandwidthis a relatively scarceresourcein our
computingenvironment. We conserve network band-
width by takingadvantageof thefact that the input data
(managedby GFS[8]) is storedon thelocal disksof the
machinesthat make up our cluster. GFS divides each
�le into 64MB blocks,andstoresseveralcopiesof each
block (typically 3 copies)on different machines. The
MapReducemastertakesthelocationinformationof the
input �les into accountandattemptsto schedulea map
task on a machinethat containsa replica of the corre-
spondinginput data.Failing that,it attemptsto schedule
amaptasknearareplicaof thattask's inputdata(e.g.,on
a worker machinethat is on thesamenetwork switchas
the machinecontainingthe data). Whenrunning large
MapReduceoperationson a signi�cant fraction of the
workersin a cluster, mostinput datais readlocally and
consumesnonetwork bandwidth.

3.5 TaskGranularity

We subdivide the mapphaseinto M piecesandthe re-
ducephaseinto R pieces,asdescribedabove. Ideally, M
andR shouldbemuchlargerthanthenumberof worker
machines.Having eachworker performmany different
tasksimprovesdynamicloadbalancing,andalsospeeds
up recovery when a worker fails: the many map tasks
it hascompletedcanbe spreadout acrossall the other
workermachines.

Therearepracticalboundsonhow largeM andR can
be in our implementation,sincethe mastermust make
O(M + R) schedulingdecisionsandkeepsO(M � R)
statein memoryasdescribedabove. (Theconstantfac-
torsfor memoryusagearesmallhowever: theO(M � R)
pieceof the stateconsistsof approximatelyonebyte of
datapermaptask/reducetaskpair.)
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Furthermore,R is oftenconstrainedby usersbecause
theoutputof eachreducetaskendsup in a separateout-
put �le. In practice,we tendto chooseM so that each
individual taskis roughly16MB to 64MB of input data
(sothatthelocality optimizationdescribedaboveis most
effective),andwe make R a smallmultiple of thenum-
berof worker machineswe expectto use.We oftenper-
form MapReducecomputationswith M = 200; 000and
R = 5; 000, using2,000workermachines.

3.6 Backup Tasks

Oneof thecommoncausesthat lengthensthetotal time
takenfor a MapReduceoperationis a “straggler”: a ma-
chinethat takesanunusuallylong time to completeone
of the last few mapor reducetasksin the computation.
Stragglerscanarisefor a wholehostof reasons.For ex-
ample,a machinewith a baddisk may experiencefre-
quentcorrectableerrorsthat slow its readperformance
from 30 MB/s to 1 MB/s. The clusterschedulingsys-
tem may have scheduledother taskson the machine,
causingit to executetheMapReducecodemoreslowly
dueto competitionfor CPU,memory, local disk,or net-
work bandwidth.A recentproblemwe experiencedwas
a bug in machineinitialization codethatcausedproces-
sorcachesto bedisabled:computationson affectedma-
chinessloweddown by overa factorof onehundred.

We have a generalmechanismto alleviate the prob-
lemof stragglers.WhenaMapReduceoperationis close
to completion,the masterschedulesbackupexecutions
of the remainingin-progresstasks. The taskis marked
ascompletedwhenevereithertheprimaryor thebackup
executioncompletes.We have tunedthis mechanismso
that it typically increasesthe computationalresources
usedby the operationby no more than a few percent.
We have found that this signi�cantly reducesthe time
to completelargeMapReduceoperations.As an exam-
ple, thesortprogramdescribedin Section5.3takes44%
longerto completewhenthebackuptaskmechanismis
disabled.

4 Re�nements

Although the basic functionality provided by simply
writing Map andReducefunctionsis suf�cient for most
needs,we havefounda few extensionsuseful.Theseare
describedin this section.

4.1 Partitioning Function

The usersof MapReducespecifythe numberof reduce
tasks/output�les that they desire(R). Datagetsparti-
tionedacrossthesetasksusingapartitioningfunctionon

the intermediatekey. A default partitioningfunction is
providedthatuseshashing(e.g. “hash(key) mo d R”).
This tendsto resultin fairly well-balancedpartitions.In
somecases,however, it is useful to partition data by
someotherfunctionof thekey. For example,sometimes
theoutputkeys areURLs, andwe wantall entriesfor a
singlehostto endup in thesameoutput�le. To support
situationslike this, the userof the MapReducelibrary
canprovideaspecialpartitioningfunction.For example,
using“hash(H ostname(ur lkey)) mo d R” asthepar-
titioning functioncausesall URLs from thesamehostto
endup in thesameoutput�le.

4.2 Ordering Guarantees

We guaranteethatwithin a givenpartition, the interme-
diatekey/valuepairsareprocessedin increasingkey or-
der. This orderingguaranteemakesit easyto generate
a sortedoutput �le per partition, which is usefulwhen
theoutput�le formatneedsto supportef�cient random
accesslookupsby key, or usersof theoutput�nd it con-
venientto have thedatasorted.

4.3 Combiner Function

In somecases,thereis signi�cant repetitionin theinter-
mediatekeys producedby eachmaptask,andthe user-
speci�ed Reducefunction is commutative and associa-
tive. A goodexampleof this is thewordcountingexam-
ple in Section2.1.Sincewordfrequenciestendto follow
aZipf distribution,eachmaptaskwill producehundreds
or thousandsof recordsof the form <the, 1>. All of
thesecountswill besentover thenetwork to a singlere-
ducetaskandthenaddedtogetherby theReducefunction
to produceonenumber. We allow theuserto specifyan
optionalCombinerfunctionthatdoespartialmerging of
this databeforeit is sentover thenetwork.

The Combinerfunction is executedon eachmachine
thatperformsamaptask.Typically thesamecodeis used
to implementboth the combinerand the reducefunc-
tions.Theonly differencebetweenareducefunctionand
a combinerfunctionis how theMapReducelibrary han-
dlesthe outputof the function. The outputof a reduce
functionis written to the�nal output�le. Theoutputof
acombinerfunctionis writtento anintermediate�le that
will besentto a reducetask.

Partial combining signi�cantly speedsup certain
classesof MapReduceoperations.AppendixA contains
anexamplethatusesa combiner.

4.4 Input and Output Types

TheMapReducelibrary providessupportfor readingin-
putdatain severaldifferentformats.For example,“text”
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modeinput treatseachline asa key/valuepair: thekey
is the offset in the �le and the value is the contentsof
the line. Another commonsupportedformat storesa
sequenceof key/valuepairssortedby key. Eachinput
typeimplementationknowshow to split itself into mean-
ingful rangesfor processingasseparatemaptasks(e.g.
text mode's rangesplitting ensuresthat rangesplits oc-
curonly at line boundaries).Userscanaddsupportfor a
new input typeby providing animplementationof asim-
ple readerinterface,thoughmostusersjust useoneof a
smallnumberof prede�nedinput types.

A readerdoesnot necessarilyneedto provide data
readfrom a�le. For example,it is easyto de�ne areader
that readsrecordsfrom a database,or from datastruc-
turesmappedin memory.

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

4.5 Side-effects

In somecases,usersof MapReducehave found it con-
venientto produceauxiliary �les as additionaloutputs
from their mapand/orreduceoperators.We rely on the
applicationwriter to make suchside-effectsatomicand
idempotent.Typically theapplicationwritesto a tempo-
rary �le andatomicallyrenamesthis �le onceit hasbeen
fully generated.

Wedonotprovidesupportfor atomictwo-phasecom-
mits of multiple output �les producedby a singletask.
Therefore,tasksthat producemultiple output �les with
cross-�le consistency requirementsshouldbe determin-
istic. This restrictionhasneverbeenanissuein practice.

4.6 Skipping Bad Records

Sometimestherearebugsin usercodethatcausetheMap
or Reducefunctionsto crashdeterministicallyoncertain
records.SuchbugspreventaMapReduceoperationfrom
completing.Theusualcourseof actionis to �x thebug,
but sometimesthis is not feasible;perhapsthebug is in
a third-party library for which sourcecode is unavail-
able. Also, sometimesit is acceptableto ignorea few
records,for examplewhendoing statisticalanalysison
a largedataset. We provideanoptionalmodeof execu-
tion wheretheMapReducelibrary detectswhich records
causedeterministiccrashesandskipstheserecordsin or-
derto make forwardprogress.

Each worker processinstalls a signal handler that
catchessegmentationviolationsandbus errors. Before
invoking a userMap or Reduceoperation,the MapRe-
ducelibrary storesthesequencenumberof theargument
in a globalvariable. If theusercodegeneratesa signal,

the signalhandlersendsa “last gasp”UDP packet that
containsthe sequencenumberto the MapReducemas-
ter. Whenthemasterhasseenmorethanonefailureon
a particularrecord,it indicatesthat therecordshouldbe
skippedwhenit issuesthenext re-executionof thecorre-
spondingMapor Reducetask.

4.7 Local Execution

Debuggingproblemsin Mapor Reducefunctionscanbe
tricky, since the actual computationhappensin a dis-
tributed system,often on several thousandmachines,
with work assignmentdecisionsmadedynamicallyby
the master. To help facilitatedebugging,pro�ling, and
small-scaletesting,wehavedevelopedanalternativeim-
plementationof theMapReducelibrary thatsequentially
executesall of the work for a MapReduceoperationon
the local machine.Controlsareprovided to the userso
that the computationcan be limited to particularmap
tasks.Usersinvoketheirprogramwith aspecial�ag and
cantheneasilyuseany debuggingor testingtools they
�nd useful(e.g.gdb ).

4.8 StatusInf ormation

The masterruns an internal HTTP server and exports
a setof statuspagesfor humanconsumption.The sta-
tuspagesshow theprogressof thecomputation,suchas
how many taskshave beencompleted,how many arein
progress,bytesof input,bytesof intermediatedata,bytes
of output,processingrates,etc. The pagesalsocontain
links to thestandarderrorandstandardoutput�les gen-
eratedby eachtask. The usercanusethis datato pre-
dict how long thecomputationwill take,andwhetheror
not moreresourcesshouldbeaddedto thecomputation.
Thesepagescanalsobeusedto �gure outwhenthecom-
putationis muchslower thanexpected.

In addition, the top-level statuspageshows which
workers have failed, and which map and reducetasks
they were processingwhen they failed. This informa-
tion is usefulwhenattemptingto diagnosebugs in the
usercode.

4.9 Counters

The MapReducelibrary provides a counterfacility to
countoccurrencesof variousevents. For example,user
codemaywantto counttotalnumberof wordsprocessed
or thenumberof Germandocumentsindexed,etc.

To usethis facility, usercodecreatesa namedcounter
objectandthenincrementsthe counterappropriatelyin
theMapand/orReducefunction.For example:
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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
areperiodicallypropagatedto the master(piggybacked
onthepingresponse).Themasteraggregatesthecounter
valuesfrom successfulmapandreducetasksandreturns
them to the usercodewhen the MapReduceoperation
is completed. The currentcountervaluesare also dis-
playedon the masterstatuspageso that a humancan
watchtheprogressof thelivecomputation.Whenaggre-
gatingcountervalues,themastereliminatestheeffectsof
duplicateexecutionsof the samemapor reducetaskto
avoid doublecounting. (Duplicateexecutionscanarise
from our useof backuptasksandfrom re-executionof
tasksdueto failures.)

Some counter values are automaticallymaintained
by the MapReducelibrary, suchas the numberof in-
put key/valuepairsprocessedandthenumberof output
key/valuepairsproduced.

Usershave found the counterfacility useful for san-
ity checkingthebehavior of MapReduceoperations.For
example,in someMapReduceoperations,theusercode
may want to ensurethat the number of output pairs
producedexactly equalsthe numberof input pairspro-
cessed,or that the fraction of Germandocumentspro-
cessedis within sometolerablefractionof thetotalnum-
berof documentsprocessed.

5 Performance

In this sectionwe measurethe performanceof MapRe-
duceon two computationsrunningon a largeclusterof
machines.Onecomputationsearchesthroughapproxi-
matelyoneterabyteof datalooking for a particularpat-
tern.Theothercomputationsortsapproximatelyoneter-
abyteof data.

Thesetwo programsarerepresentativeof a largesub-
setof therealprogramswrittenby usersof MapReduce–
oneclassof programsshuf�es datafrom onerepresenta-
tion to another, andanotherclassextractsasmallamount
of interestingdatafrom a largedataset.

5.1 Cluster Con�guration

All of the programswere executedon a cluster that
consistedof approximately1800 machines. Eachma-
chinehadtwo 2GHzIntel Xeonprocessorswith Hyper-
Threadingenabled,4GB of memory, two 160GB IDE
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Figure2: Datatransferrateover time

disks,anda gigabit Ethernetlink. The machineswere
arrangedin a two-level tree-shapedswitchednetwork
with approximately100-200Gbps of aggregateband-
width available at the root. All of the machineswere
in thesamehostingfacility andthereforetheround-trip
time betweenany pair of machineswaslessthana mil-
lisecond.

Out of the 4GB of memory, approximately1-1.5GB
wasreservedby othertasksrunningon thecluster. The
programswereexecutedon a weekendafternoon,when
theCPUs,disks,andnetwork weremostlyidle.

5.2 Grep

Thegrepprogramscansthrough1010 100-byterecords,
searchingfor arelatively rarethree-characterpattern(the
patternoccursin 92,337records).Theinput is split into
approximately64MB pieces(M = 15000), andtheen-
tire outputis placedin one�le (R = 1).

Figure2 shows the progressof the computationover
time. TheY-axisshowstherateatwhichtheinputdatais
scanned.Therategraduallypicksup asmoremachines
areassignedto this MapReducecomputation,andpeaks
at over30GB/swhen1764workershavebeenassigned.
As themaptasks�nish, theratestartsdroppingandhits
zeroabout80 secondsinto thecomputation.The entire
computationtakesapproximately150secondsfrom start
to �nish. This includesabouta minuteof startupover-
head.Theoverheadis dueto thepropagationof thepro-
gramto all workermachines,anddelaysinteractingwith
GFS to openthe set of 1000 input �les and to get the
informationneededfor thelocality optimization.

5.3 Sort

Thesort programsorts1010 100-byterecords(approxi-
mately1 terabyteof data).Thisprogramis modeledafter
theTeraSortbenchmark[10].

The sortingprogramconsistsof lessthan50 lines of
usercode.A three-lineMap functionextractsa 10-byte
sorting key from a text line and emits the key and the
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(c) 200taskskilled

Figure3: Datatransferratesover time for differentexecutionsof thesortprogram

original text line asthe intermediatekey/valuepair. We
useda built-in Identity functionastheReduceoperator.
This functionspassestheintermediatekey/valuepairun-
changedas the output key/valuepair. The �nal sorted
output is written to a setof 2-way replicatedGFS�les
(i.e.,2 terabytesarewrittenastheoutputof theprogram).

As before, the input data is split into 64MB pieces
(M = 15000). We partitionthesortedoutputinto 4000
�les (R = 4000). Thepartitioningfunctionusestheini-
tial bytesof thekey to segregateit into oneof R pieces.

Ourpartitioningfunctionfor thisbenchmarkhasbuilt-
in knowledgeof the distribution of keys. In a general
sortingprogram,we would adda pre-passMapReduce
operationthat would collect a sampleof the keys and
usethedistributionof thesampledkeysto computesplit-
pointsfor the�nal sortingpass.

Figure3 (a) shows theprogressof a normalexecution
of the sort program. The top-left graphshows the rate
at which input is read.Theratepeaksat about13 GB/s
anddiesoff fairly quickly sinceall maptasks�nish be-
fore 200secondshave elapsed.Note that the input rate
is lessthanfor grep. This is becausethesortmaptasks
spendabouthalf theirtimeandI/O bandwidthwriting in-
termediateoutputto their localdisks.Thecorresponding
intermediateoutputfor grephadnegligible size.

The middle-left graphshows the rate at which data
is sentover the network from the map tasksto the re-
duce tasks. This shuf�ing startsas soon as the �rst
maptaskcompletes.The �rst humpin the graphis for

the �rst batchof approximately1700reducetasks(the
entire MapReducewas assignedabout1700 machines,
andeachmachineexecutesat mostonereducetaskat a
time). Roughly300secondsinto thecomputation,some
of these�rst batchof reducetasks�nish and we start
shuf�ing datafor theremainingreducetasks.All of the
shuf�ing isdoneabout600secondsinto thecomputation.

The bottom-leftgraphshows the rateat which sorted
datais writtento the�nal output�les by thereducetasks.
Thereis adelaybetweentheendof the�rst shuf�ing pe-
riod andthestartof thewriting periodbecausethe ma-
chinesarebusysortingtheintermediatedata.Thewrites
continueat a rateof about2-4 GB/s for a while. All of
thewrites�nish about850secondsinto thecomputation.
Includingstartupoverhead,theentirecomputationtakes
891seconds.This is similar to thecurrentbestreported
resultof 1057secondsfor theTeraSortbenchmark[18].

A few thingsto note: the input rateis higherthanthe
shuf�e rate and the output rate becauseof our locality
optimization– mostdatais readfrom a local disk and
bypassesour relatively bandwidthconstrainednetwork.
The shuf�e rate is higher than the output rate because
theoutputphasewritestwo copiesof thesorteddata(we
make two replicasof theoutputfor reliability andavail-
ability reasons).We write two replicasbecausethat is
the mechanismfor reliability and availability provided
by our underlying�le system. Network bandwidthre-
quirementsfor writing datawould bereducedif theun-
derlying�le systemusederasurecoding[14] ratherthan
replication.
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5.4 Effect of Backup Tasks

In Figure3 (b), we show an executionof the sort pro-
gramwith backuptasksdisabled.Theexecution�o w is
similar to thatshown in Figure3 (a),exceptthat thereis
a very long tail wherehardly any write activity occurs.
After 960 seconds,all except5 of the reducetasksare
completed.However theselast few stragglersdon't �n-
ish until 300secondslater. Theentirecomputationtakes
1283seconds,anincreaseof 44%in elapsedtime.

5.5 Machine Failur es

In Figure3 (c),weshow anexecutionof thesortprogram
wherewe intentionally killed 200 out of 1746 worker
processesseveral minutes into the computation. The
underlyingclusterschedulerimmediatelyrestartednew
workerprocesseson thesemachines(sinceonly thepro-
cesseswerekilled, the machineswere still functioning
properly).

The worker deathsshow up as a negative input rate
sincesomepreviously completedmapwork disappears
(sincethe correspondingmapworkerswerekilled) and
needsto be redone.The re-executionof this mapwork
happensrelatively quickly. The entirecomputation�n-
ishesin 933secondsincludingstartupoverhead(just an
increaseof 5%over thenormalexecutiontime).

6 Experience

We wrote the �rst versionof the MapReducelibrary in
Februaryof 2003,andmadesigni�cant enhancementsto
it in Augustof 2003,includingthelocality optimization,
dynamicloadbalancingof taskexecutionacrossworker
machines,etc. Sincethat time, we have beenpleasantly
surprisedat how broadlyapplicablethe MapReduceli-
brary hasbeenfor the kinds of problemswe work on.
It hasbeenusedacrossa wide rangeof domainswithin
Google,including:

� large-scalemachinelearningproblems,

� clustering problems for the Google News and
Froogleproducts,

� extractionof datausedto producereportsof popular
queries(e.g.GoogleZeitgeist),

� extractionof propertiesof webpagesfor new exper-
imentsandproducts(e.g. extractionof geographi-
cal locationsfrom a large corpusof web pagesfor
localizedsearch),and

� large-scalegraphcomputations.
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Figure4: MapReduceinstancesover time

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

Table1: MapReducejobsrun in August2004

Figure4 shows the signi�cant growth in the numberof
separateMapReduceprogramscheckedinto ourprimary
sourcecodemanagementsystemover time, from 0 in
early 2003 to almost900 separateinstancesas of late
September2004.MapReducehasbeensosuccessfulbe-
causeit makesit possibleto write a simpleprogramand
run it ef�ciently on a thousandmachinesin the course
of half anhour, greatlyspeedingup thedevelopmentand
prototypingcycle. Furthermore,it allows programmers
who have no experiencewith distributedand/orparallel
systemsto exploit largeamountsof resourceseasily.

At the endof eachjob, the MapReducelibrary logs
statisticsaboutthecomputationalresourcesusedby the
job. In Table1, we show somestatisticsfor a subsetof
MapReducejobsrunat Googlein August2004.

6.1 Lar ge-ScaleIndexing

Oneof our mostsigni�cant usesof MapReduceto date
has beena completerewrite of the productionindex-
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ing systemthatproducesthedatastructuresusedfor the
Googleweb searchservice. The indexing systemtakes
asinputa largesetof documentsthathavebeenretrieved
by our crawling system,storedasasetof GFS�les. The
raw contentsfor thesedocumentsaremorethan20 ter-
abytesof data.Theindexing processrunsasa sequence
of � ve to tenMapReduceoperations.UsingMapReduce
(insteadof thead-hocdistributedpassesin theprior ver-
sionof the indexing system)hasprovidedseveralbene-
�ts:

� Theindexing codeis simpler, smaller, andeasierto
understand,becausethe codethat dealswith fault
tolerance,distribution andparallelizationis hidden
within the MapReducelibrary. For example, the
sizeof onephaseof thecomputationdroppedfrom
approximately3800 lines of C++ codeto approx-
imately 700 lines when expressedusing MapRe-
duce.

� Theperformanceof theMapReducelibrary is good
enoughthat we can keep conceptuallyunrelated
computationsseparate,insteadof mixing themto-
getherto avoid extra passesover the data. This
makesit easyto changethe indexing process.For
example, one changethat took a few months to
make in our old indexing systemtook only a few
daysto implementin thenew system.

� The indexing processhasbecomemuch easierto
operate,becausemost of the problemscausedby
machinefailures,slow machines,and networking
hiccupsaredealtwith automaticallyby theMapRe-
ducelibrary withoutoperatorintervention.Further-
more,it is easyto improve theperformanceof the
indexing processby addingnew machinesto thein-
dexing cluster.

7 RelatedWork

Many systemshave provided restrictedprogramming
modelsandusedthe restrictionsto parallelizethecom-
putationautomatically. Forexample,anassociativefunc-
tion canbecomputedover all pre�xesof an N element
arrayin logN timeonN processorsusingparallelpre�x
computations[6, 9, 13]. MapReducecanbeconsidered
a simpli�cation anddistillation of someof thesemodels
basedon our experiencewith large real-world compu-
tations. More signi�cantly, we provide a fault-tolerant
implementationthat scalesto thousandsof processors.
In contrast,mostof theparallelprocessingsystemshave
only beenimplementedon smallerscalesandleave the
detailsof handlingmachinefailuresto theprogrammer.

Bulk SynchronousProgramming[17] andsomeMPI
primitives [11] provide higher-level abstractionsthat

make it easierfor programmersto write parallel pro-
grams. A key differencebetweenthesesystemsand
MapReduceis thatMapReduceexploitsa restrictedpro-
grammingmodel to parallelizethe userprogramauto-
maticallyandto providetransparentfault-tolerance.

Our locality optimizationdraws its inspiration from
techniquessuchasactive disks[12, 15], wherecompu-
tation is pushedinto processingelementsthat areclose
to local disks,to reducethe amountof datasentacross
I/O subsystemsor the network. We run on commodity
processorsto whicha smallnumberof disksaredirectly
connectedinsteadof runningdirectly on disk controller
processors,but thegeneralapproachis similar.

Our backuptask mechanismis similar to the eager
schedulingmechanismemployed in the CharlotteSys-
tem [3]. One of the shortcomingsof simple eager
schedulingis thatif agiventaskcausesrepeatedfailures,
theentirecomputationfails to complete.We �x somein-
stancesof thisproblemwith ourmechanismfor skipping
badrecords.

TheMapReduceimplementationreliesonanin-house
clustermanagementsystemthat is responsiblefor dis-
tributing andrunningusertaskson a largecollectionof
sharedmachines.Thoughnot thefocusof thispaper, the
clustermanagementsystemis similar in spirit to other
systemssuchasCondor[16].

The sorting facility that is a part of the MapReduce
library is similar in operationto NOW-Sort [1]. Source
machines(mapworkers)partition the datato be sorted
and sendit to one of R reduceworkers. Eachreduce
worker sortsits datalocally (in memoryif possible).Of
courseNOW-Sortdoesnot have theuser-de�nable Map
andReducefunctionsthatmakeour library widely appli-
cable.

River [2] providesa programmingmodelwherepro-
cessescommunicatewith eachother by sendingdata
over distributed queues. Like MapReduce,the River
systemtries to provide goodaveragecaseperformance
even in the presenceof non-uniformitiesintroducedby
heterogeneoushardwareor systemperturbations.River
achievesthis by carefulschedulingof disk andnetwork
transfersto achievebalancedcompletiontimes.MapRe-
ducehasa different approach. By restrictingthe pro-
gramming model, the MapReduceframework is able
to partition the problem into a large numberof �ne-
grainedtasks. Thesetasksare dynamicallyscheduled
onavailableworkerssothatfasterworkersprocessmore
tasks. The restrictedprogrammingmodel also allows
us to scheduleredundantexecutionsof tasksnear the
endof thejob which greatlyreducescompletiontime in
thepresenceof non-uniformities(suchasslow or stuck
workers).

BAD-FS [5] hasa very differentprogrammingmodel
from MapReduce,andunlike MapReduce,is targetedto
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theexecutionof jobsacrossa wide-areanetwork. How-
ever, thereare two fundamentalsimilarities. (1) Both
systemsuse redundantexecutionto recover from data
loss causedby failures. (2) Both use locality-aware
schedulingto reducetheamountof datasentacrosscon-
gestednetwork links.

TACC [7] is a system designedto simplify con-
structionof highly-availablenetworked services. Like
MapReduce,it reliesonre-executionasamechanismfor
implementingfault-tolerance.

8 Conclusions

TheMapReduceprogrammingmodelhasbeensuccess-
fully usedat Googlefor many differentpurposes.We
attributethis successto severalreasons.First, themodel
is easyto use,evenfor programmerswithout experience
with parallelanddistributedsystems,sinceit hidesthe
details of parallelization,fault-tolerance,locality opti-
mization, and load balancing. Second,a large variety
of problemsareeasilyexpressibleasMapReducecom-
putations.For example,MapReduceis usedfor thegen-
erationof datafor Google's productionweb searchser-
vice, for sorting,for datamining, for machinelearning,
andmany othersystems.Third, we have developedan
implementationof MapReducethatscalesto largeclus-
tersof machinescomprisingthousandsof machines.The
implementationmakesef�cient useof thesemachinere-
sourcesandthereforeis suitablefor useon many of the
largecomputationalproblemsencounteredat Google.

We have learnedseveral thingsfrom this work. First,
restrictingtheprogrammingmodelmakesit easyto par-
allelize and distribute computationsand to make such
computationsfault-tolerant.Second,network bandwidth
is a scarceresource.A numberof optimizationsin our
systemarethereforetargetedat reducingthe amountof
datasentacrossthenetwork: thelocality optimizational-
lowsusto readdatafrom localdisks,andwriting asingle
copy of theintermediatedatato localdisksavesnetwork
bandwidth. Third, redundantexecutioncanbe usedto
reducethe impactof slow machines,andto handlema-
chinefailuresanddataloss.
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A Word Frequency

This sectioncontainsa programthat countsthenumber
of occurrencesof eachuniqueword in asetof input �les
speci�edon thecommandline.

#include "mapreduce/mapreduce.h"

// User's map function
class WordCounter : public Mapper {

public:
virtual void Map(const MapInput& input) {

const string& text = input.value();
const int n = text.size();
for (int i = 0; i < n; ) {

// Skip past leading whitespace
while ((i < n) && isspace(text[i]))

i++;

// Find word end
int start = i;
while ((i < n) && !isspace(text[i]))

i++;

if (start < i)
Emit(text.substr(start,i-start),"1");

}
}

};
REGISTER_MAPPER(WordCounter);

// User's reduce function
class Adder : public Reducer {

virtual void Reduce(ReduceInput* input) {
// Iterate over all entries with the
// same key and add the values
int64 value = 0;
while (!input->done()) {

value += StringToInt(input->value());
input->NextValue();

}

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

}
};
REGISTER_REDUCER(Adder);

int main(int argc, char** argv) {
ParseCommandLineFlags(argc, argv);

MapReduceSpecification spec;

// Store list of input files into "spec"
for (int i = 1; i < argc; i++) {

MapReduceInput* input = spec.add_input();
input->set_format("text");
input->set_filepattern(argv[i]);
input->set_mapper_class("WordCounter");

}

// Specify the output files:
// /gfs/test/freq-00000-of-00100
// /gfs/test/freq-00001-of-00100
// ...
MapReduceOutput* out = spec.output();
out->set_filebase("/gfs/test/freq");
out->set_num_tasks(100);
out->set_format("text");
out->set_reducer_class("Adder");

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

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

// Now run it
MapReduceResult result;
if (!MapReduce(spec, &result)) abort();

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

return 0;
}
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