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Abstract

Bigtableis a distributed storagesystemfor managing
structureddatathat is designedo scaleto a very large
size: petabyteof dataacrossthousandf commodity
seners. Many projectsat Googlestoredatain Bigtable,
including web indexing, Google Earth, and Google Fi-
nance.Theseapplicationsplacevery differentdemands
on Bigtable, both in termsof datasize (from URLs to
webpagedo satelliteimagery)andlateng requirements
(frombaclendbulk processingo real-timedataserving).
DespitethesevarieddemandsBigtablehassuccessfully
provideda e xible, high-performanceolutionfor all of
theseGoogleproducts.n this papemwedescribehesim-
ple datamodelprovidedby Bigtable,which givesclients
dynamiccontrolover datalayoutandformat,andwe de-
scribethedesignandimplementatiorof Bigtable.

1 Intr oduction

Over the last two and a half yearswe have designed,
implementedanddeployeda distributedstoragesystem
for managingstructureddataat GooglecalledBigtable.
Bigtable is designedto reliably scaleto petabytesof
dataandthousand®f machines.Bigtable hasachieved
several goals: wide applicability, scalability high per
formance,and high availability. Bigtable is usedby
more than sixty Google productsand projects,includ-
ing Google Analytics, Google Finance,Orkut, Person-
alized Search Writely, and GoogleEarth. Theseprod-
uctsuseBigtablefor a variety of demandingvorkloads,
which rangefrom throughput-orientedatch-processing
jobs to lateng/-sensitve serving of datato end users.
TheBigtableclusterausedby theseproductsspanawide
rangeof con gurations,from a handfulto thousand®of
seners,andstoreupto severalhundrederabyteof data.
In mary ways,Bigtableresemblesdatabaseit shares
mary implementationstratgies with databasesParal-
lel databasefl4] andmain-memorydatabasefl 3] have

To appear in OSDI 2006|

achieved scalabilityand high performancebut Bigtable
providesadifferentinterfacethansuchsystemsBigtable
doesnot supporta full relationaldatamodel;instead,it

providesclientswith a simple datamodelthat supports
dynamic control over datalayout and format, and al-

lows clientsto reasoraboutthelocality propertiesof the
datarepresentedh the underlyingstorage. Datais in-

dexedusingrow andcolumnnameghatcanbearbitrary
strings.Bigtablealsotreatsdataasuninterpretedtrings,
althoughclients often serializevariousforms of struc-
turedandsemi-structuredlatainto thesestrings.Clients
can control the locality of their data through careful
choicesin their schemas.Finally, Bigtable schemapa-

rameterdet clientsdynamicallycontrolwhetherto sene

dataout of memoryor from disk.

Section2 describeshe datamodelin moredetail,and
Section3 providesan overview of the client API. Sec-
tion4 brie y describesheunderlyingGoogleinfrastruc-
ture on which BigtabledependsSection5 describeghe
fundamental®f the Bigtable implementationand Sec-
tion 6 describessomeof the re nementsthat we made
to improve Bigtable's performance.Section7 provides
measurementsf Bigtable's performance.We describe
several examplesof how Bigtable is usedat Google
in Section8, and discusssomelessonswe learnedin
designingand supportingBigtable in Section9. Fi-
nally, Section10 describeselatedwork, andSection11
present®ur conclusions.

2 Data Model

A Bigtable is a sparse,distributed, persistentmulti-
dimensionalsortedmap. The mapis indexed by a row
key, columnkey, andatimestampgachvaluein themap
is anuninterpretedrrayof bytes.

(row:string, column:string, time:int64) |  string



"contents:"

"anchor:cnnsi.com"

"anchor'my look.ca"

"com.cnn.www" —|

Figurel: A sliceof anexampletablethatstoresWebpages Therow nameis areversedJRL. Thecontents columnfamily con-
tainsthe pagecontentsandthe anchor columnfamily containsthetext of ary anchorghatreferencehe page.CNN's homepage
is referencedy boththe Sportslllustratedandthe MY-look homepagessotherow containscolumnsnamedanchor:cnnsi.com

andanchor:my.look.ca. Eachanchorcell hasoneversion;the contentscolumnhasthreeversions attimestampds, ts, andts.

We settledonthis datamodelafterexaminingavariety
of potentialusesof a Bigtable-like system.As onecon-
creteexamplethat drove someof our designdecisions,
supposeave wantto keepa copy of a large collectionof
web pagesandrelatedinformationthatcouldbe usedby
mary different projects;let us call this particulartable
the Webtable In Webtable we would useURLSs asrow
keys,variousaspect®f webpagesascolumnnamesand
storethe contentof thewebpagesn thecontents: col-
umn underthe timestampswvhenthey were fetched,as
illustratedin Figurel.

Rows

Therow keysin atablearearbitrarystrings(currentlyup

to 64KB in size,although10-100bytesis a typical size
for mostof our users).Every reador write of dataunder
a singlerow key is atomic (regardlesof the numberof

different columnsbeing read or written in the row), a

designdecisionthat malesit easierfor clientsto reason
aboutthesystem$behaior in thepresencef concurrent
updatedo the samerow.

Bigtablemaintainsdatain lexicographicorderby row
key. Therow rangefor atableis dynamicallypartitioned.
Eachrow rangeis calledatablet whichis theunit of dis-
tribution andload balancing.As a result,readsof short
row rangesareef cient andtypically requirecommuni-
cationwith only a small numberof machines. Clients
canexploit this propertyby selectingtheir row keys so
that they get good locality for their dataaccessesFor
example, in Webtable,pagesin the samedomain are
groupedtogetherinto contiguousrows by reversingthe
hostnamecomponentof the URLs. For example,we
storedatafor maps.google.com/index.html underthe
key com.google.maps/index.html. Storingpagesfrom
the samedomainneareachother makes somehostand
domainanalysesnoreef cient.
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Column Families

Columnkeys are groupedinto setscalled columnfami-
lies, whichform thebasicunit of accesgontrol. All data
storedin acolumnfamily is usuallyof the sametype (we
compresglatain the samecolumnfamily together). A

columnfamily mustbe createdbeforedatacanbe stored
underary columnkey in thatfamily; aftera family has
beencreated,any columnkey within the family canbe
used. It is our intentthatthe numberof distinctcolumn
familiesin atablebesmall(in thehundredsatmost),and
thatfamiliesrarelychangeduringoperation.n contrast,
atablemayhave anunboundedumberof columns.

A columnkey is namedusingthe following syntax:
family.quali er. Column family namesmustbe print-
able, but quali ers may be arbitrary strings. An exam-
ple columnfamily for the Webtableis language, which
storeghelanguagen whichawebpagewaswritten. We
useonly onecolumnkey in thelanguage family, andit
storeseachwebpageslanguagdD. Anotherusefulcol-
umnfamily for this tableis anchor; eachcolumnkey in
this family represents single anchor asshown in Fig-
urel. Thequali er is the nameof thereferringsite; the
cell contentds thelink text.

Accesscontrol and both disk and memory account-
ing are performedat the column-family level. In our
Webtableexample, thesecontrols allow us to manage
severaldifferenttypesof applicationssomethataddnew
basedata,somethatreadthebasedataandcreatederived
columnfamilies,andsomethatareonly allowedto view
existing data (and possiblynot even to view all of the
existing familiesfor privacy reasons).

Timestamps

Eachcell in a Bigtable cancontainmultiple versionsof
the samedata;theseversionsareindexed by timestamp.
Bigtabletimestampsre64-bitintegers. They canbeas-
signedby Bigtable, in which casethey representreal
time” in microsecondr beexplicitly assignedby client



/I Open the table

Table *T = OpenOrDie("/bigtable/web/webtable");
/I Write a new anchor and delete an old anchor
RowMutation  r1(T, "com.cnn.www");

rl.Set("anchor:www.c-span.org",
rl.Delete("anchor:.www.abc.com");
Operation  op;

Apply(&op,  &rl);

"CNN");

Figure2: writing to Bigtable.

applications. Applicationsthat needto avoid collisions
mustgeneratainiquetimestampghemseles. Different
versionsof a cell arestoredin decreasingimestampor-
der, sothatthe mostrecentversionscanberead rst.

To make the managementf versioneddatalessoner
ous,we supporttwo percolumn-family settingsthattell
Bigtable to garbage-collectell versionsautomatically
Theclientcanspecifyeitherthatonly thelastn versions
of a cell be kept, or that only new-enoughversionsbe
kept (e.g.,only keepvaluesthatwerewritten in the last
sevendays).

In our Webtableexample, we setthe timestampsof
the crawled pagesstoredin the contents: columnto
the times at which thesepage versionswere actually
cravled. The garbage-collectiomechanisndescribed
above letsuskeeponly the mostrecentthreeversionsof
every page.

3 API

The Bigtable API provides functions for creatingand
deleting tablesand column families. It also provides
functionsfor changingcluster table,andcolumnfamily
metadatasuchasaccesgontrolrights.

Client applications can write or delete values in
Bigtable, look up valuesfrom individual rows, or iter-
ateover a subsetf the datain atable. Figure2 shavs
C++ codethatusesa RowMutation abstractiono per
form a seriesof updates.(Irrelevantdetailswereelided
to keepthe exampleshort.) Thecall to Apply performs
an atomic mutationto the Webtable:it addsoneanchor
to www.cnn.com anddeletesa differentanchor

Figure 3 shavs C++ codethat usesa Scanner ab-
stractionto iterateover all anchorsin a particularrow.
Clients can iterate over multiple column families, and
there are several mechanismsfor limiting the rows,
columns,andtimestampsroducedby a scan. For ex-
ample,we couldrestrictthe scanabove to only produce
anchorswhose columns match the regular expression
anchor:*.cnn.com, or to only produceanchorswhose
timestampdall within tendaysof the currenttime.
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Scanner scanner(T);

ScanStream *stream;

stream = scanner.FetchColumnFamily(*anchor");

stream->SetReturnAllVersions();

scanner.Lookup("com.cnn.www");

for (; Istream->Done(); stream->Next()) {

printf("%s %s %lld  %s\n",

scanner.RowName(),
stream->ColumnName(),
stream->MicroTimestamp(),
stream->Value());

Figure3: Readingrom Bigtable.

Bigtablesupportsseveral otherfeatureghatallow the
userto manipulatedatain more complex ways. First,
Bigtablesupportssingle-rav transactionsywhich canbe
usedto performatomicread-modify-writesequenceen
datastoredunderasinglerow key. Bigtabledoesnotcur-
rently supportgeneraltransactionsacrossrow keys, al-
thoughit providesaninterfacefor batchingwritesacross
row keys at the clients. Second,Bigtable allows cells
to be usedas integer counters. Finally, Bigtable sup-
ports the executionof client-suppliedscriptsin the ad-
dressspace®f the seners. The scriptsarewritten in a
languagedevelopedat Googlefor processinglatacalled
Sawzall [28]. At the moment,our Savzall-basedAPI
doesnot allow client scriptsto write backinto Bigtable,
but it doesallow variousforms of datatransformation,

Itering basedon arbitraryexpressionsandsummariza-
tion via a variety of operators.

Bigtablecanbe usedwith MapReducd12], a frame-
work for running large-scaleparallel computationsgde-
velopedat Google. We have written a setof wrappers
thatallow a Bigtableto be usedbothasaninput source
andasanoutputtargetfor MapReducgobs.

4 Building Blocks

Bigtableis built on several other piecesof Googlein-
frastructure. Bigtable usesthe distributed Google File
System(GFS)[17] to storelog anddata les. A Bigtable
clustertypically operatesn a sharedpool of machines
thatrun a wide variety of otherdistributedapplications,
and Bigtable processe®ften sharethe samemachines
with processedrom other applications. Bigtable de-
pendson a clustermanagemensystemfor scheduling
jobs, managingresourcen sharedmachinesdealing
with machinefailures,andmonitoringmachinestatus.
The GoogleSSable le formatis usedinternally to
storeBigtable data. An SSTable providesa persistent,
orderedmmutablemapfrom keysto values whereboth
keysandvaluesarearbitrarybytestrings.Operationsare
providedto look up thevalueassociateavith a speci ed



key, andto iterateover all key/valuepairsin a speci ed
key range.Internally, eachSSTable containsa sequence
of blocks(typically eachblockis 64KB in size,but this
is con gurable). A blockindex (storedat the endof the
SSTable) is usedto locate blocks; the index is loaded
into memorywhen the SSTable is opened. A lookup
canbe performedwith a single disk seek:we rst nd
the appropriateblock by performinga binary searchin
the in-memoryindex, andthenreadingthe appropriate
block from disk. Optionally, an SSTable can be com-
pletelymappednto memory which allows usto perform
lookupsandscanswithouttouchingdisk.

Bigtable relies on a highly-available and persistent
distributed lock servicecalled Chubby[8]. A Chubby
serviceconsistsof ve active replicas,one of which is
electedio bethe masterandactively senerequestsThe
serviceis live whenamajority of thereplicasarerunning
andcancommunicatevith eachother Chubbyusesthe
Paxosalgorithm[9, 23] to keepits replicasconsistentn
the faceof failure. Chubbyprovidesa namespacé¢hat
consistsof directoriesandsmall les. Eachdirectoryor
le canbeusedasalock, andreadsandwritesto a le
areatomic. The Chubbyclient library providesconsis-
tentcachingof Chubby les. EachChubbyclient main-
tainsa sessiorwith a Chubbyservice.A client's session
expiresif it is unableto renav its sessioeasewithin the
leaseexpirationtime. Whena client's sessiorexpires, it
losesary locks and openhandles. Chubbyclients can
also register callbackson Chubby les and directories

for noti cation of change®r sessiorexpiration.

BigtableusesChubbyfor a variety of tasks:to ensure
that thereis at mostone active masterat ary time; to
store the bootstraplocation of Bigtable data (seeSec-
tion 5.1); to discover tablet seners and nalize tablet
senerdeathgseeSection5.2);to storeBigtableschema
information (the columnfamily informationfor eachta-
ble); andto storeaccesgontrollists. If Chubbybecomes
unavailablefor anextendedperiodof time, Bigtablebe-
comesunavailable. We recently measuredhis effect
in 14 Bigtable clustersspanningll Chubbyinstances.
The averagepercentag®f Bigtablesener hoursduring
whichsomedatastoredin Bigtablewasnotavailabledue
to Chubbyunavailability (causedy either Chubbyout-
agesor network issues)was 0.0047%. The percentage
for the single clusterthatwas mostaffectedby Chubby
unavailability was0.0326%.

5 Implementation

The Bigtable implementationhas three major compo-
nents:alibrary thatis linkedinto every client, onemas-
tersener, andmary tabletseners. Tabletsenerscanbe
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dynamicallyadded(or removed)from a clusterto acco-
modatechanges$n workloads.

Themasteiis responsibldor assigningabletsto tablet
seners, detectingthe addition and expiration of tablet
seners, balancingtablet-serer load, and garbagecol-
lection of les in GFS.In addition, it handlesschema
changesuchastableandcolumnfamily creations.

Eachtabletsener manages setof tablets(typically
we have somevherebetweertento athousandabletsper
tabletsener). Thetabletsener handlesreadandwrite
requestdo the tabletsthat it hasloaded,andalso splits
tabletsthathave grown too large.

As with mary single-mastedistributed storagesys-
tems[17, 21], clientdatadoesnotmovethroughthemas-
ter: clientscommunicatadirectly with tabletsenersfor
readsandwrites. BecauseBigtableclientsdonotrely on
the masterfor tabletlocation information, mostclients
nevercommunicatevith themaster As aresult,themas-
teris lightly loadedin practice.

A Bigtableclusterstoresa numberof tables.Eachta-
ble consistsof a setof tablets,and eachtabletcontains
all dataassociatedavith arow range.Initially, eachtable
consistsof just onetablet. As a tablegrows, it is auto-
matically split into multiple tablets,eachapproximately
100-200MB in sizeby default.

5.1 Tablet Location

We useathree-level hierarchyanalogouso thatof aB* -
tree[10] to storetabletlocationinformation(Figure4).

UserTablel
Other - -

METADATA
tablets /j B

- \ UserTableN

Root tablet

(1st METADATA tablet)

Chubby file

Figure4: Tabletlocationhierarchy

The rst levelis a le storedin Chubbythat contains
the location of the root tablet Theroot tablet contains
thelocationof all tabletsin a speciaMETADATAable.
EachMETADATAabletcontainsthe locationof a setof
usertablets. Theroot tabletis justthe rst tabletin the
METADATAable, but is treatedspecially—itis never
split—to ensurethatthe tabletlocationhierarchyhasno
morethanthreelevels.

The METADATAable storesthe location of a tablet
undera row key thatis anencodingof thetablet's table



identi er andits endrow. EachMETADATAow stores
approximatelylKB of datain memory With a modest
limit of 128 MB METADAT Aablets,our three-level lo-
cationschemés sufcient to addres23* tablets(or 262
bytesin 128 MB tablets).

Theclientlibrary cachedabletlocations.If the client
doesnot know the location of a tablet, or if it discov-
ers that cachedlocation information is incorrect, then
it recursively moves up the tablet location hierarchy
If the client's cacheis empty the location algorithm
requiresthree network round-trips,including one read
from Chubby If theclient's cacheis stale,the location
algorithmcouldtake up to six round-trips becausestale
cacheentriesareonly discorereduponmissegassuming
that METADATAabletsdo not move very frequently).
Although tablet locationsare storedin memory so no
GFS accessearerequired,we further reducethis cost
in thecommoncaseby having theclientlibrary prefetch
tabletlocations:it readsthe metadatdor morethanone
tabletwheneverit readshe METADATAable.

We also store secondary information in the
METADATAtable, including a log of all events per
taining to eachtablet (such as when a sener begins
servingit). This informationis helpful for dehugging
andperformancenalysis.

5.2 Tablet Assignment

Eachtabletis assignedo onetabletseneratatime. The
masterkeepstrack of the setof live tabletseners,and
the currentassignmenbf tabletsto tablet seners, in-
cluding which tabletsare unassigned Whena tabletis
unassignedanda tabletsener with sufcient room for
the tabletis available, the masterassignsthe tablet by
sendingatabletloadrequesto thetabletsener.

Bigtable usesChubbyto keeptrack of tabletseners.
When a tablet sener starts, it creates,and acquiresan
exclusive lock on, a uniquely-namedle in a specic
Chubbydirectory The mastermonitorsthis directory
(theservesdirectory) to discovertabletseners. A tablet
sener stopsservingits tabletsif it losesits exclusive
lock: e.g.,dueto a network partition that causedthe
sener to loseits Chubbysession.(Chubbyprovidesan
ef cient mechanisnthatallows a tabletsener to check
whetherit still holdsits lock without incurring network
trafc.) A tabletsenerwill attemptto reacquirean ex-
clusivelock onits le aslongasthe le still exists. If the
le nolongerexists, thenthe tabletsener will never be
ableto sene again,soit Kills itself. Whenever a tablet
sener terminatege.g.,becauséhe clustermanagement
systemis removing the tabletsener's machinefrom the
cluster),it attemptgo releasdts lock sothatthe master
will reassigrits tabletsmorequickly.
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The masteris responsibldor detectingwhena tablet
sener is no longerservingits tablets,andfor reassign-
ing thosetabletsas soonaspossible. To detectwhena
tabletsener is no longerservingits tablets,the master
periodically askseachtablet sener for the statusof its
lock. If atabletsener reportsthatit haslost its lock,
or if the masterwasunableto reacha sener during its
last several attempts the masterattemptsto acquirean
exclusivelock onthesener's le. If themasteiis ableto
acquirethelock, thenChubbyis live andthetabletsener
is eitherdeador having troublereachingChubby sothe
masteensureshatthetabletsenercanneverseneagain
by deletingits sener le. Onceasener's le hasheen
deletedthemastercanmove all thetabletsthatwerepre-
viously assignedo thatsenerinto the setof unassigned
tablets. To ensurethat a Bigtable clusteris not vulnera-
bleto networkingissuesetweerthemastemandChubby
themastekills itself if its Chubbysessiorexpires. How-
ever, asdescribedabore, masterfailuresdo not change
theassignmenof tabletsto tabletseners.

When a masteris startedby the clustermanagement
system,it needsto discover the currenttablet assign-
mentsbeforeit canchangethem. The masterexecutes
the following stepsat startup. (1) The mastergrabs
a unique masterlock in Chubby which preventscon-
currentmasterinstantiations. (2) The masterscansthe
seners directory in Chubbyto nd the live seners.
(3) The mastercommunicateswith every live tablet
sener to discoser what tabletsare alreadyassignedo
eachsener. (4) The masterscanghe METADATAable
to learnthe setof tablets.Wheneerthis scanencounters
atabletthatis not alreadyassignedthe masteraddsthe
tabletto the setof unassignedablets,which makesthe
tableteligible for tabletassignment.

Onecomplicationis that the scanof the METADATA
table cannothappenuntil the METADAT Aabletshave
beenassignedTherefore beforestartingthis scan(step
4), themastemddstheroottabletto thesetof unassigned
tabletsif anassignmentor the root tabletwasnot dis-
coveredduringstep3. Thisadditionensureshattheroot
tabletwill be assignedBecausédheroot tabletcontains
the namesof all METADAT Aablets,the masterknows
aboutall of themafterit hasscannedheroottablet.

The set of existing tabletsonly changeswvhen a ta-
bleis createdor deleted two existing tabletsaremeiged
to form one larger tablet, or an existing tabletis split
into two smallertablets. The masteris able to keep
trackof thesechangedecausét initiatesall but thelast.
Tablet splits are treatedspecially since they are initi-
atedby a tabletsener. The tabletsener commitsthe
split by recordinginformationfor the new tabletin the
METADAT Aable. Whenthe split hascommittedit noti-
es themaster In casethesplit noti cation is lost (either



becausehetabletsener or the masterdied), the master
detectdhenew tabletwhenit asksatabletsenerto load
thetabletthathasnow split. Thetabletsenerwill notify
themasterof the split, becaus¢hetabletentryit nds in
the METADATAablewill specifyonly a portion of the
tabletthatthe masterasledit to load.

5.3 Tablet Sewing

The persistenstateof atabletis storedin GFS,asillus-
tratedin Figure5. Updatesare committedto a commit
log that storesredorecords. Of theseupdatesthe re-
cently committedonesarestoredin memoryin a sorted
buffer calledamemtabletheolderupdatesrestoredn a
sequencef SSTables.To recoveratablet,atabletsener

memtable Read Op
Memory
GFS
‘ tablet log
SSTable Files

Figure5: TabletRepresentation

readsts metadatdrom theMETADATAable. Thismeta-
datacontainsthe list of SSTablesthatcomprisea tablet
and a setof a redo points, which are pointersinto ary
commit logs that may containdatafor the tablet. The
senerreadgheindicesof the SSTablesinto memoryand
reconstructshe memtableby applyingall of theupdates
thathave committedsincetheredopoints.

Whena write operationarrivesat a tabletsener, the
sener checksthatit is well-formed,andthatthe sender
is authorizedto performthe mutation. Authorizationis
performedby readingthelist of permittedwritersfrom a
Chubby le (whichis almostalwaysa hit in the Chubby
client cache).A valid mutationis written to the commit
log. Groupcommitis usedto improve the throughputof
lots of smallmutationg13, 16]. After thewrite hasbeen
committedjits contentsareinsertednto thememtable.

Whena readoperationarrivesat a tabletsener, it is
similarly checledfor well-formednessindproperautho-
rization. A valid readoperationis executedon a memged
view of the sequenceof SSTablesand the memtable.
Sincethe SSTablesand the memtableare lexicograph-
ically sorteddata structures,the memged view can be
formedef ciently.

Incoming read and write operationscan continue
while tabletsaresplit andmemed.
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5.4 Compactions

As write operationgxecute the sizeof thememtabldn-
creasesWhenthememtablesizereachesthresholdthe
memtableis frozen,a nev memtables createdandthe
frozenmemtablds corvertedto an SSTableandwritten
to GFS.This minor compactionprocesshastwo goals:
it shrinksthe memoryusageof the tabletsener, andit
reduceghe amountof datathathasto be readfrom the
commitlog during recovery if this sener dies. Incom-
ing readand write operationscan continuewhile com-
pactionsoccut

Everyminorcompactiorcreateanen SSTable. If this
behaior continuedunchecled, read operationsmight
needto memge updatesfrom an arbitrary number of
SSTbles. Instead,we boundthe numberof such les
by periodically executinga meiging compactionin the
background.A meiging compactionreadsthe contents
of a few SSTablesand the memtable,and writes out a
new SSTable. Theinput SSTablesandmemtablecanbe
discardedhssoonasthe compactiorhas nished.

A meming compactionthat rewrites all SSTables
into exactly one SSTableis calleda major compaction
SSTablesproducedby non-majorcompactioncancon-
tain specialdeletionentriesthatsuppressieleteddatain
older SSTablesthatarestill live. A major compaction,
on the other hand, producesan SSTable that contains
no deletioninformation or deleteddata. Bigtable cy-
clesthroughall of its tabletsandregularly appliesmajor
compactiongo them. Thesemajor compactionsallow
Bigtableto reclaimresourcesisedby deleteddata,and
alsoallow it to ensurethat deleteddatadisappeargérom
the systemin a timely fashion,which is importantfor
serviceghatstoresensitve data.

6 Re nements

The implementationdescribedin the previous section
requireda numberof re nementsto achieve the high
performanceavailability, andreliability requiredby our
users.Thissectiondescribegortionsof theimplementa-
tionin moredetailin orderto highlightthesere nements.

Locality groups

Clientscangroupmultiple columnfamiliestogetheiinto
a locality group. A separateSSTable is generatedor
eachlocality groupin eachtablet. Segregatingcolumn
familiesthatarenottypically accessetbgethelinto sep-
aratelocality groupsenablesmore ef cient reads. For
example,pagemetadatan Webtable(suchaslanguage
and checksums)an be in one locality group, and the
contentsof the pagecanbein a differentgroup: an ap-



plication thatwantsto readthe metadataloesnot need
to readthroughall of the pagecontents.

In addition, some useful tuning parameterscan be
speci edonaperlocality groupbasis.For example alo-
cality groupcanbedeclaredo bein-memory SSTables
for in-memorylocality groupsareloadedlazily into the
memoryof the tabletsener. Onceloaded,columnfam-
ilies that belongto such locality groupscan be read
without accessinghe disk. This featureis useful for
small piecesof datathat are accessedrequently: we
useit internally for the location column family in the
METADATAable.

Compression

Clients can control whetheror not the SSTablesfor a
locality group are compressedand if so, which com-
pressionformat is used. The userspeci ed compres-
sionformatis appliedto eachSSTableblock (whosesize
is controllablevia a locality group speci c tuning pa-
rameter). Although we lose somespaceby compress-
ing eachblock separatelywe bene t in that small por-
tions of an SSTable can be read without decompress-
ing the entire le. Many clientsusea two-passcustom
compressiorscheme. The rst passusesBentley and
Mcllroy's schemg6], which compressefong common
stringsacrossa large window. The secondpassusesa
fastcompressioralgorithmthat looks for repetitionsin
a small 16 KB window of the data. Both compression
passesirevery fast—thg encodeat 100—200MB/s, and
decodeat 400-1000MB/s on modernmachines.

Eventhoughwe emphasizedpeednsteadf spaceae-
ductionwhenchoosingour compressiomlgorithms this
two-passcompressionschemedoes surprisingly well.
For example, in Webtable, we use this compression
schemeo storeWeb pagecontents.In oneexperiment,
we storeda large numberof documentsn a compressed
locality group. For the purposesf the experiment,we
limited oursehesto one versionof eachdocumentin-
steadof storingall versionsavailableto us. The scheme
achieved a 10-to-1 reductionin space. This is much
betterthan typical Gzip reductionsof 3-to-1 or 4-to-1
on HTML pageshecausef the way Webtablerows are
laid out: all pagesfrom a single host are storedclose
to eachother This allows the Bentley-Mcllroy algo-
rithm to identify large amountsof sharedboilerplatein
pagesfrom the samehost. Many applications,not just
Webtable,choosetheir row namesso that similar data
endsup clusteredandthereforeachiese very goodcom-
pressiorratios. Compressiomatiosgetevenbetterwhen
we storemultiple versionsof the samevaluein Bigtable.
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Cachingfor readperformance

To improvereadperformancetabletsenersusetwo lev-

els of caching. The ScanCacheis a higherlevel cache
that cacheghe key-valuepairsreturnedby the SSTable
interfaceto thetabletsener code.The Block Cacheis a
lower-level cachethatcachesSSTablesblocksthatwere
readfrom GFS.The ScanCaches mostusefulfor appli-

cationsthattendto readthe samedatarepeatedly The
Block Cacheis usefulfor applicationsthattendto read
datathatis closeto the datathey recentlyread(e.g.,se-
quentialreads,or randomreadsof differentcolumnsin

thesamelocality groupwithin a hot row).

Bloom lters

As describedn Section5.3,areadoperationhasto read
from all SSTablesthat make up the stateof a tablet.
If theseSSTablesare notin memory we may end up
doing mary disk accesses.We reducethe numberof
accessedy allowing clientsto specify that Bloom |-
ters [7] should be createdfor SSTablesin a particu-
lar locality group. A Bloom lter allows us to ask
whetheran SSTable might containary datafor a spec-
i ed row/columnpair. For certainapplicationsa small
amountof tabletsener memoryusedfor storingBloom
Iters drasticallyreducesthe numberof disk seeksre-
quired for read operations. Our use of Bloom lIters
alsoimplies that mostlookupsfor non-eistentrows or
columnsdo not needto touchdisk.

Commit-log implementation

If we keptthe commitlog for eachtabletin a separate
log le, avery large numberof les would be written
concurrentlyin GFS. Dependingon the underlying le
systemimplementatioron eachGFSsener, thesewrites
could causea large numberof disk seekgo write to the
differentphysicallog les. In addition,having separate
log les pertabletalsoreduceghe effectivenesf the
groupcommitoptimization,sincegroupswould tendto
be smaller To x theseissues,we appendmutations
to a single commit log per tablet sener, co-mingling
mutationsfor differenttabletsin the samephysicallog
le [18, 2Q].

Using onelog providessigni cant performanceben-
e ts during normaloperation,but it complicatesrecov-
ery. Whenatabletsener dies,the tabletsthatit sened
will be movedto alarge numberof othertabletseners:
eachsener typically loadsa small numberof the orig-
inal sener's tablets. To recover the statefor a tablet,
the new tabletsener needsto reapplythe mutationsfor
that tabletfrom the commitlog written by the original
tabletsener. However, the mutationsfor thesetablets



were co-mingledin the samephysicallog le. Oneap-
proachwould be for eachnew tabletsener to readthis
full commitlog le andapplyjustthe entriesneededor
the tabletsit needsto recover. However, undersucha
scheme,if 100 machineswere eachassigneda single
tabletfrom afailedtabletsener, thenthelog le would
beread100times(onceby eachsener).

We avoid duplicating log reads by rst sort-
ing the commit log entries in order of the keys
htable; row name;log sequence numberi. In the
sortedoutput, all mutationsfor a particulartablet are
contiguousandcanthereforebereadef ciently with one
disk seekfollowed by a sequentiaread. To parallelize
the sorting, we partition the log le into 64 MB se&g-
ments, and sort eachseggmentin parallel on different
tabletseners. This sortingprocesss coordinatedy the
masterandis initiatedwhenatabletsenerindicateshat
it needdo recorer mutationsfrom somecommitlog le.

Writing commitlogsto GFSsometimegauseperfor
mancehiccupsfor avarietyof reasonge.g.,aGFSsener
machineinvolved in the write crashespr the network
pathstraversedto reachthe particularsetof three GFS
seners is suffering network congestion,or is heaily
loaded). To protectmutationsfrom GFSlateng spikes,
eachtablet sener actually hastwo log writing threads,
eachwriting to its own log le; only one of thesetwo
threadsis actively in useat a time. If writesto the ac-
tivelog le areperformingpoorly, thelog le writing is
switchedto the otherthread,and mutationsthat arein
thecommitlog queuearewritten by the newly active log
writing thread. Log entriescontain sequencenumbers
to allow the recovery procesdo elide duplicatedentries
resultingfrom this log switchingprocess.

Speedingup tablet recovery

If the mastermoves a tabletfrom one tablet sener to

anotherthe sourcetabletsener rst doesa minor com-
pactionon that tablet. This compactionreducesecor-

erytime by reducingtheamountof uncompactedtatein

thetabletsener's commitlog. After nishing this com-
paction thetabletsener stopsservingthetablet. Before
it actually unloadsthe tablet, the tabletsener doesan-
other (usually very fast) minor compactionto eliminate
ary remaininguncompactedtatein the tabletsener's

log that arrived while the rst minor compactionwas
being performed. After this secondminor compaction
is complete,the tabletcan be loadedon anothertablet
senerwithoutrequiringary recovery of log entries.

Exploiting immutability

Besidesthe SSTable cachesyvariousother partsof the
Bigtablesystemhave beensimpli ed by the factthatall
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of the SSTablesthatwe generatareimmutable.For ex-
ample,we do not needary synchronizatiorof accesses
tothe le systemwhenreadingfrom SSTables.As are-
sult, concurreng control over rows canbeimplemented
very ef ciently. The only mutabledatastructurethatis
accessetly bothreadsandwritesis thememtable Tore-
ducecontentionduring readsof the memtablewe make
eachmemtablerow copy-on-write and allow readsand
writesto proceedn parallel.

SinceSSTablesareimmutable the problemof perma-
nently removing deleteddatais transformedo garbage
collectingobsoleteSSTables.Eachtablet's SSTablesare
registeredin the METADATAable. The masteremoves
obsoleteSSTablesasa mark-and-sweeparbagecollec-
tion[25] overthesetof SSTableswheretheMETADATA
tablecontaingthe setof roots.

Finally, the immutability of SSTablesenablesus to
split tabletsquickly. Insteadof generatinga new setof
SSTablesfor eachchild tablet, we let the child tablets
sharethe SSTablesof the parenttablet.

7 PerformanceEvaluation

We setup a Bigtable clusterwith N tablet senersto
measurehe performanceand scalability of Bigtable as
N is varied. Thetabletsenerswerecon guredto usel
GB of memoryandto write to a GFScell consistingof
1786 machineswith two 400 GB IDE harddriveseach.
N client machineggeneratedhe Bigtableload usedfor
thesdests.(We usedthesamenumberof clientsastablet
senersto ensurethat clients were never a bottleneck.)
Eachmachinehadtwo dual-coreOpteron2 GHz chips,
enoughphysicalmemoryto hold the working setof all
running processesand a single gigabit Ethernetlink.
The machinesverearrangedn a two-level tree-shaped
switchednetwork with approximatelyl00-200Gbpsof
aggrejatebandwidthavailableattheroot. All of thema-
chineswerein the samehostingfacility andthereforethe
round-triptime betweenary pair of machinesvasless
thanamillisecond.

The tablet seners and master test clients, and GFS
senersall ran on the samesetof machines.Every ma-
chinerana GFSsener. Someof the machinesalsoran
either a tablet sener, or a client process,or processes
from otherjobsthatwereusingthepool atthe sametime
astheseexperiments.

R isthedistinctnumberof Bigtablerow keysinvolved
in thetest.R waschosersothateachbenchmarkeador
wroteapproximatelyl GB of datapertabletsener.

The sequentialwrite benchmarkusedrow keys with
namesO to R 1. This spaceof row keys was parti-
tionedinto 10N equal-sizedanges.Theserangeswere
assignedo theN clientsby a centralschedulethat as-



# of Tablet Sewvers
Experiment 1] 50 ] 250 ] 500
randomreads 1212 593 | 479 | 241
randomreads(mem) | 10811 | 8511 | 8000 | 6250
randomwrites 8850 | 3745 | 3425 | 2000
sequentiateads 4425 | 2463 | 2625 | 2469
sequentialvrites 8547 | 3623 | 2451 | 1905
scans 15385 | 10526 | 9524 | 7843
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3- m- random reads (mem)
3M 4—— random writes

i- -o- sequential reads
J—%— sequential writes

Values read/written per second
2
1
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Figure6: Numberof 1000-bytevaluesread/writtenper second. The table shaws the rate pertabletsener; the graphshaws the

aggreaterate.

signedthe next availablerangeto a client assoonasthe
client nished processindhe previousrangeassignedo
it. This dynamicassignmenhelpedmitigatethe effects
of performanceariationscausedy otherprocessesun-
ning ontheclientmachinesWe wroteasinglestringun-
dereachrow key. Eachstringwasgeneratedandomly
andwas thereforeuncompressibleln addition, strings
underdifferentrow key were distinct, so no cross-rov
compressiomvaspossible.Therandomwrite benchmark
wassimilar exceptthatthe row key washashednodulo
R immediatelybeforewriting sothatthe write load was
spreadoughlyuniformly acrosghe entirerow spaceor
theentiredurationof the benchmark.

Thesequentiateadbenchmarlgeneratedow keysin
exactly the sameway asthe sequentialvrite benchmark,
but insteadof writing undertherow key, it readthestring
storedundertherow key (whichwaswrittenby anearlier
invocationof thesequentialvrite benchmark) Similarly,
the randomread benchmarkshadeved the operationof
therandomwrite benchmark.

The scanbenchmarks similar to the sequentiatead
benchmarkbut usessupportprovided by the Bigtable
API for scanningover all valuesin a row range. Us-
ing a scanreduceghe numberof RPCsexecutedby the
benchmarksincea single RPCfetchesa large sequence
of valuesfrom atabletsener.

Therandomreads(mem) benchmarks similar to the
randomreadbenchmarkbut thelocality groupthatcon-
tainsthe benchmarkdatais marked asin-memory and
thereforethe readsare satis ed from the tabletsener's
memoryinsteadof requiringa GFSread. For just this
benchmarkwe reducedthe amountof dataper tablet
sener from 1 GB to 100 MB sothatit would t com-
fortably in thememoryavailableto thetabletsener.

Figure 6 shavs two views on the performanceof our
benchmarksvhenreadingandwriting 1000-bytevalues
to Bigtable. The table shovs the numberof operations
per secondpertabletsener; the graphshows the aggre-
gatenumberof operationgpersecond.
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Singletablet-sever performance

Let us rst considerperformancewith just one tablet
sener. Randonreadsareslowerthanall otheroperations
by anorderof magnitudeor more.Eachrandomreadin-
volvesthe transferof a 64 KB SSTable block over the
network from GFSto atabletsener, out of whichonly a
single1000-bytevalueis used.Thetabletsenerexecutes
approximatelyl200 readsper second which translates
into approximately75MB/s of datareadfrom GFS.This
bandwidthis enoughto saturatethe tabletsener CPUs
becausef overheadsn our networking stack,SSTable
parsing,and Bigtable code,and is also almostenough
to saturatethe network links usedin our system. Most
Bigtableapplicationswith this type of anaccesgattern
reducetheblock sizeto asmallervalue,typically 8KB.
Randomreadsfrom memory are much fastersince
each1000-bytereadis satis ed from the tabletsener's
localmemorywithoutfetchingalarge64 KB block from
GFS.
Randomandsequentialritesperformbetterthanran-
domreadssinceeachtabletsener appendsll incoming
writesto a singlecommitlog andusesgroupcommitto
streamthesewrites ef ciently to GFS.Thereis no sig-
ni cant differencebetweenthe performanceof random
writes andsequentialnrites; in both casesall writesto
thetabletsener arerecordedn the samecommitlog.
Sequentialreads perform better than randomreads
sinceevery 64 KB SSTable block that is fetchedfrom
GFSis storedinto our block cache,whereit is usedto
senethenext 64 readrequests.
Scansareevenfastersincethetabletsener canreturn
a large numberof valuesin responseo a single client
RPC, and thereforeRPC overheadis amortizedover a
large numberof values.

Scaling

Aggregatethroughputincreaseglramatically by over a
factorof a hundred aswe increasehe numberof tablet
senersin the systemfrom 1 to 500. For example,the



| #of tablet severs | #of clusters |

o . 19 259

20 . 49 47

50 .. 99 20
100 499 50

> 500 12

Table 1: Distribution of numberof tabletsenersin Bigtable
clusters.

performancef randomreadsrom memaoryincreasedy
almosta factorof 300 asthe numberof tabletsenerin-
creasedy afactorof 500. This behaior occursbecause
the bottleneckon performancedor this benchmarks the
individual tabletsener CPU.

However, performancealoesnotincreasdinearly. For
mostbenchmarksthereis asigni cant dropin persener
throughputwhengoingfrom 1 to 50 tabletseners. This
drop is causedby imbalancein load in multiple sener
con gurations,often dueto otherprocessesontending
for CPUandnetwork. Our load balancingalgorithmat-
temptsto dealwith this imbalanceput cannotdo a per
fectjob for two mainreasonsrebalancings throttledto
reducethe numberof tabletmovementga tabletis un-
availablefor a shorttime, typically lessthanonesecond,
whenit is moved),andtheload generatedby our bench-
marksshiftsaroundasthe benchmarlprogresses.

The randomreadbenchmarkshavs the worst scaling
(anincreasdan aggreyatethroughputby only a factorof
100 for a 500-fold increasen numberof seners). This
behaior occurdhecauséasexplainedabore)we transfer
onelarge 64KB block over the network for every 1000-
byte read. This transfersaturatessarioussharedl Gi-
gabitlinks in our network andasaresult,the persener
throughputdropssigni cantly asweincreasehenumber
of machines.

8 Real Applications

As of August2006,thereare388non-testBigtableclus-
tersrunningin variousGooglemachineclusterswith a
combinedtotal of about24,500tabletseners. Table 1
shavs a roughdistribution of tabletseners per cluster
Many of theseclustersare usedfor developmentpur-
posesandthereforeareidle for signi cant periods.One
groupof 14 busy clusterswith 8069total tabletseners
sav an aggregatevolume of more than 1.2 million re-
guestsper second,with incoming RPCtraf c of about
741MB/s andoutgoingRPCtrafc of aboutl6 GB/s.
Table 2 providessomedataabouta few of the tables
currentlyin use. Sometablesstoredatathatis sened
to userswhereathersstoredatafor batchprocessing;
the tablesrangewidely in total size, averagecell size,

To appearin OSDI 2006

percentagef datasenedfrom memory andcompleity
of thetableschemaln therestof this sectionwe brie y
describehow threeproductteamsuseBigtable.

8.1 GoogleAnalytics

Google Analytics (analytics.google.com) is a service
that helps webmastersanalyzetrafc patternsat their
web sites. It provides aggreate statistics,suchasthe
numberof unique visitors per day and the pageviews
perURL perday, aswell assite-trackingreportssuchas
the percentagef usersthatmadea purchasegiventhat
they earlierviewedaspeci c page.

To enablethe service, webmastereembeda small
JavaScriptprogramin their web pages. This program
is invokedwheneer a pageis visited. It recordsvarious
informationaboutthe requesin GoogleAnalytics,such
asa useridenti er andinformationaboutthe pagebe-
ing fetched.GoogleAnalytics summarizeshis dataand
malkesit availableto webmasters.

We brie y describewo of the tablesusedby Google
Analytics. The raw click table ("200 TB) maintainsa
row for eachend-useisession.The row nameis atuple
containingthe websites nameandthetime at which the
sessionwascreated. This schemaensureghat sessions
thatvisit the sameweb site arecontiguousandthatthey
aresortedchronologically Thistablecompresse® 14%
of its original size.

The summarytable ("20 TB) containsvariousprede-

ned summariefor eachwebsite. This tableis gener

atedfrom theraw click table by periodically scheduled
MapReducgobs. EachMapReducgob extractsrecent
sessiordatafrom the raw click table. The overall sys-

tem's throughputis limited by the throughputof GFS.

Thistablecompresset 29%of its original size.

8.2 GoogleEarth

Google operatesa collection of servicesthat provide
userswith accesgo high-resolutiorsatelliteimageryof
theworld's surface,boththroughthe web-basedsoogle
Maps interface (maps.google.com) and through the
Google Earth (earth.google.com) customclient soft-
ware. Theseproductsallow usersto navigateacrosshe
world's surface: they canpan,view, andannotatesatel-
lite imageryat mary differentlevels of resolution. This
systemusesonetableto preprocesslata,anda different
setof tablesfor servingclient data.

Thepreprocessingipelineusesonetableto storeraw
imagery During preprocessingthe imageryis cleaned
andconsolidatednto nal servingdata. This tablecon-
tainsapproximately70 terabyteof dataandthereforeis
senedfrom disk. Theimagesareef ciently compressed
already soBigtablecompressiotis disabled.
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Project Tablesize | Compression| #Cells | #Column | # Locality % in Latency-
name (TB) ratio (billions) Families Groups | memory | sensitve?
Crawl 800 11% 1000 16 8 0% No
Crawl 50 33% 200 2 2 0% No

Goayle Analytics 20 29% 10 1 1 0% Yes
Goale Analytics 200 14% 80 1 1 0% Yes
Goale Base 2 31% 10 29 3 15% Yes
Goale Earth 0.5 64% 8 7 2 33% Yes
Goale Earth 70 - 9 8 3 0% No
Orkut 9 - 0.9 8 5 1% Yes
PersonalizedSeach 4 47% 6 93 11 5% Yes

Table2: Characteristicef afew tablesin productionuse. Table size(measuredeforecompressionaind# Cellsindicateapproxi-
matesizes.Compessiorratio is not givenfor tablesthathave compressiomlisabled.

Eachrow in the imagerytable correspondgo a sin-
gle geographisegment. Rows arenamedto ensurethat
adjacengeographiceggmentsarestoredneareachother
The table containsa columnfamily to keeptrack of the
sourcesof datafor eachsegment. This columnfamily
hasa large numberof columns:essentiallyonefor each
raw dataimage. Sinceeachsegmentis only built from a
few imagesthis columnfamily is very sparse.

The preprocessingipelinereliesheasily on MapRe-
duceoverBigtableto transformdata. The overall system
processesver 1 MB/secof datapertabletsenerduring
someof theseMapReducgobs.

Theservingsystenusesonetableto index datastored
in GFS. This tableis relatively small ("500 GB), but it
mustsene tensof thousand®f queriesper secondper
datacentemwith low lateng. As a result, this table is
hostedacrosshundredsf tabletsenersandcontainsn-
memorycolumnfamilies.

8.3 PersonalizedSeaich

Personalize&earchiwww.google.com/psearch) is an
opt-in servicethatrecordsuserqueriesandclicks across
a variety of Googlepropertiessuchasweb search,m-
ages,andnews. Userscanbrowsetheir searchhistories
to revisit their old queriesand clicks, andthey canask
for personalizedsearchresultsbasedon their historical
Googleusagepatterns.

Personalized Search stores each users data in
Bigtable. Eachuserhasa uniqueuseridandis assigned
a row namedby thatuserid. All useractionsarestored
in atable.A separateolumnfamily is resenedfor each
typeof action(for example thereis acolumnfamily that
storesall web queries). Eachdataelementusesasits
Bigtabletimestampthetime at which the corresponding
useractionoccurred.Personalize&earctgeneratesiser
pro les usinga MapReduceover Bigtable. Theseuser
pro les areusedto personalizdive searchresults.
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ThePersonalize@earchdatais replicatedacrossser-
eral Bigtable clustersto increaseavailability andto re-
ducelatengy dueto distancefrom clients. The Personal-
ized Searchteamoriginally built a client-sidereplication
mechanisnontop of Bigtablethatensuredventualcon-
sisteny of all replicas. The currentsystemnow usesa
replicationsubsystenthatis built into theseners.

The designof the Personalize®earchstoragesystem
allows othergroupsto add new peruserinformationin
their own columns,andthe systemis now usedby mary
otherGooglepropertieshat needto storeperusercon-
guration optionsandsettings.Sharinga tableamongst
mary groupsresultedin an unusuallylarge numberof
columnfamilies. To help supportsharing,we addeda
simple quotamechanismto Bigtable to limit the stor
ageconsumptionby ary particularclient in sharedta-
bles; this mechanismprovides someisolation between
thevariousproductgroupsusingthis systenfor peruser
informationstorage.

9 Lessons

In the procesf designingimplementingmaintaining,
and supportingBigtable, we gaineduseful experience
andlearnedseveralinterestingessons.

One lessonwe learnedis that large distributed sys-
temsare vulnerableto mary typesof failures,not just
the standarchetwork partitionsandfail-stopfailuresas-
sumedin mary distributed protocols. For example,we
have seenproblemsdueto all of the following causes:
memoryandnetwork corruption large clock skew, hung
machinesgxtendedand asymmetricnetwork partitions,
bugsin othersystemghatwe areusing(Chubbyfor ex-
ample), over ow of GFS quotas,and plannedand un-
plannechardwaremaintenanceAs we have gainedmore
experiencewith theseproblemswe have addressethem
by changingvariousprotocols. For example,we added
checksummingo our RPCmechanismWe alsohandled
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someproblemsby remaoving assumptionsnadeby one
part of the systemaboutanotherpart. For example,we
stoppedassuminga givenChubbyoperationcouldreturn
only oneof a x edsetof errors.

Another lessonwe learnedis that it is importantto
delayaddingnew featuresuntil it is clearhow the new
featureswill beused.For example,we initially planned
to supportgeneral-purpos&ansactionsn our API. Be-
causewe did not have animmediateusefor them,how-
ever, we did not implementthem. Now that we have
mary real applicationsrunning on Bigtable, we have
beenableto examinetheiractualneedsandhave discor-
eredthatmostapplicationgequireonly single-rav trans-
actions. Wherepeoplehave requestedlistributedtrans-
actions,the mostimportantuseis for maintainingsec-
ondaryindices,andwe planto adda specializednech-
anismto satisfy this need. The new mechanismwill
be lessgeneralthandistributedtransactionsbut will be
moreef cient (especiallyfor updateghatspanhundreds
of rows or more)andwill alsointeractbetterwith our
schemdor optimisticcross-data-centeeplication.

A practical lessonthat we learnedfrom supporting
Bigtableis the importanceof propersystem-lgel mon-
itoring (i.e., monitoring both Bigtableitself, aswell as
theclientprocesseasingBigtable).For example we ex-
tendedour RPCsystensothatfor asampleof theRPCs,
it keepsa detailedtraceof theimportantactionsdoneon
behalf of that RPC. This featurehasallowed us to de-
tectand x mary problemssuchaslock contentionon
tablet data structures,slow writes to GFS while com-
mitting Bigtable mutations, and stuck accesseso the
METADATAablewhenMETADAT Aabletsare unavail-
able. Anotherexampleof usefulmonitoringis that ev-
ery Bigtableclusteris registeredn Chubby This allows
usto trackdown all clustersdiscover how big they are,
seewhichversionsof our softwarethey arerunning,how
muchtraf ¢ they arereceving, andwhetheror notthere
areary problemssuchasunexpectedlyiarge latencies.

The most importantlessonwe learnedis the value
of simple designs. Given both the size of our system
(about100,000lines of non-testcode), as well as the
factthatcodeevolvesovertime in unexpectedwvays,we
have found that codeanddesignclarity are of immense
help in code maintenanceand dehugging. One exam-
ple of thisis ourtablet-serer membershigrotocol. Our
rst protocolwassimple:the masterperiodicallyissued
leasesto tablet seners, andtablet senerskilled them-
sehesif their leaseexpired. Unfortunately this proto-
col reducedavailability signi cantly in the presenceof
network problems,andwasalso sensitve to masterre-
covery time. We redesignedhe protocol several times
until we hada protocolthat performedwell. However,
theresultingprotocolwastoo complex anddependean
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the behavior of Chubbyfeatureshatwere seldomexer-
cisedby otherapplications We discoveredthatwe were
spendingan inordinateamountof time dehugging ob-
scurecornercasesnotonly in Bigtablecode,but alsoin
Chubbycode.Eventually we scrappedhis protocoland
moved to a newer simpler protocolthat dependssolely
onwidely-usedChubbyfeatures.

10 RelatedWork

The Boxwood project[24] hascomponentshat overlap
in somewayswith Chubby GFS,andBigtable,sinceit
providesfor distributed agreementlocking, distributed
chunk storage,and distributed B-tree storage. In each
casewhere thereis overlap, it appearsthat the Box-
wood's components targetedat a somavhatlower level
thanthe correspondingsoogleservice. The Boxwood
project’s goal is to provide infrastructurefor building
higherlevel servicessuchas le systemsor databases,
while the goal of Bigtableis to directly supportclient
applicationghatwish to storedata.

Many recentprojectshave tackledthe problemof pro-
viding distributed storageor higherlevel servicesover
wide areanetworks, often at “Internet scal€. This in-
cludeswork on distributed hashtablesthat beganwith
projectssuchas CAN [29], Chord[32], Tapestry[37],
andPastry[30]. Thesesystemsaaddressoncernghatdo
notarisefor Bigtable,suchashighly variablebandwidth,
untrustedparticipants,or frequentrecon guration; de-
centralizedcontrolandByzantinefault tolerancearenot
Bigtablegoals.

In termsof thedistributeddatastoraganodelthatone
might provide to applicationdeveloperswe believe the
key-value pair modelprovided by distributed B-treesor
distributed hashtablesis too limiting. Key-value pairs
are a useful building block, but they shouldnot be the
only building block one provides to developers. The
model we choseis richer than simple key-value pairs,
and supportssparsesemi-structuredlata. Nonetheless,
it is still simpleenoughthatit lendsitself to a very ef -
cient at- le representatiorandit is transparenénough
(via locality groups)to allow our usersto tuneimportant
behaiors of the system.

Several databasevendors have developed parallel
databasethatcanstorelarge volumesof data. Oracles
RealApplicationClusterdatabas§27] usessharedisks
to storedata(BigtableusesGFS)anda distributedlock
managef(Bigtable usesChubby). IBM's DB2 Parallel
Edition[4] is basednashared-nothing33] architecture
similar to Bigtable. EachDB2 sener is responsibleor
a subsebf therows in a tablewhich it storesin alocal
relational database.Both productsprovide a complete
relationalmodelwith transactions.
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Bigtable locality groupsrealize similar compression
and disk read performancebene ts obsenred for other
systemghat organizedataon disk using column-based
ratherthanrow-basedstoragejncluding C-Store[1, 34]
and commercialproductssuch as SybaselQ [15, 36],
SenSag¢31], KDB+ [22], andthe ColumnBM storage
layerin MonetDB/X100[38]. Anothersystemthatdoes
verticaland horizontaldatapartioninginto at les and
achievesgooddatacompressiomatiosis AT&T' s Day-
tonadatabasg§l9]. Locality groupsdo notsupportCPU-
cache-leel optimizations, such as those describedby
Ailamaki [2].

The mannerin which Bigtable usesmemtablesand
SSTablesto storeupdatedgo tabletsis analogougo the
way thatthe Log-StructuredMerge Tree[26] storesup-
datesto index data. In both systems,sorted data is
buffered in memory before being written to disk, and
readsmustmergedatafrom memoryanddisk.

C-StoreandBigtablesharemary characteristicsboth
systemausea shared-nothin@rchitectureand have two
differentdatastructurespnefor recentwrites, and one
for storinglong-lived data,with a mechanisnfor mov-
ing datafrom oneform to the other The systemsdif-
fer signi cantly in their APIl: C-Store behaes like a
relationaldatabasewhereasBigtable provides a lower
level readandwrite interfaceandis designedo support
mary thousandsf suchoperationpersecongpersener.
C-Storeis also a “read-optimizedrelational DBMS”,
whereasBigtable provides good performanceon both
read-intensie andwrite-intensve applications.

Bigtable'sloadbalancehasto solve someof thesame
kinds of load andmemaorybalancingproblemsfacedby
shared-nothingatabasege.g.,[11, 35]). Ourproblemis
someavhatsimpler: (1) we do notconsideithe possibility
of multiple copiesof the samedata,possiblyin alternate
formsdueto views or indices;(2) we let the usertell us
whatdatabelongsn memoryandwhatdatashouldstay
ondisk, ratherthantrying to determinehis dynamically;
(3) we have no complex queriesto executeor optimize.

11 Conclusions

We have describedBigtable, a distributed systemfor

storingstructureddataat Google.Bigtableclustershave

beenin productionusesinceApril 2005,andwe spent
roughly seven person-yearsn designandimplementa-
tion beforethatdate.As of August2006,morethansixty

projectsare using Bigtable. Our userslike the perfor

manceandhigh availability providedby the Bigtableim-

plementationandthatthey canscalethe capacityof their

clustersby simply addingmore machinedo the system
astheirresourcalemandshangeovertime.
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Given the unusualinterfaceto Bigtable, an interest-
ing questionis how dif cult it hasbeenfor our usersto
adaptto usingit. New usersaresometimesincertainof
how to bestusetheBigtableinterface particularlyif they
areaccustometb usingrelationaldatabasethatsupport
general-purpostransactionsNeverthelessthe factthat
mary GoogleproductssuccessfullyuseBigtabledemon-
strateghatour designworkswell in practice.

We arein the processof implementingseveral addi-
tional Bigtable features,suchas supportfor secondary
indicesandinfrastructurefor building cross-data-center
replicatedBigtableswith multiple masterreplicas. We
have alsobegundeploying Bigtableasa serviceto prod-
uctgroupssothatindividualgroupsdonotneedo main-
tain their own clusters. As our serviceclustersscale,
we will needto dealwith moreresource-sharingssues
within Bigtableitself [3, 5].

Finally, we have found that thereare signi cant ad-
vantageso building our own storagesolutionat Google.
We have gottena substantiabmountof e xibility from
designingour own data model for Bigtable. In addi-
tion, our control over Bigtable's implementation,and
the otherGoogleinfrastructureuponwhich Bigtablede-
pendsmeanghatwe canremove bottlenecksandinef -
cienciesasthey arise.
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