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Abstract
Bigtableis a distributedstoragesystemfor managing

structureddatathat is designedto scaleto a very large
size: petabytesof dataacrossthousandsof commodity
servers.Many projectsat Googlestoredatain Bigtable,
including web indexing, GoogleEarth,andGoogleFi-
nance.Theseapplicationsplacevery differentdemands
on Bigtable, both in termsof datasize (from URLs to
webpagesto satelliteimagery)andlatency requirements
(frombackendbulk processingto real-timedataserving).
Despitethesevarieddemands,Bigtablehassuccessfully
provideda �e xible, high-performancesolutionfor all of
theseGoogleproducts.In thispaperwedescribethesim-
pledatamodelprovidedby Bigtable,whichgivesclients
dynamiccontroloverdatalayoutandformat,andwede-
scribethedesignandimplementationof Bigtable.

1 Intr oduction

Over the last two and a half yearswe have designed,
implemented,anddeployeda distributedstoragesystem
for managingstructureddataat GooglecalledBigtable.
Bigtable is designedto reliably scale to petabytesof
dataandthousandsof machines.Bigtablehasachieved
several goals: wide applicability, scalability, high per-
formance,and high availability. Bigtable is usedby
more than sixty Googleproductsand projects,includ-
ing GoogleAnalytics, GoogleFinance,Orkut, Person-
alizedSearch,Writely, andGoogleEarth. Theseprod-
uctsuseBigtablefor a varietyof demandingworkloads,
which rangefrom throughput-orientedbatch-processing
jobs to latency-sensitive serving of data to end users.
TheBigtableclustersusedby theseproductsspanawide
rangeof con�gurations,from a handfulto thousandsof
servers,andstoreupto severalhundredterabytesof data.

In many ways,Bigtableresemblesadatabase:it shares
many implementationstrategieswith databases.Paral-
lel databases[14] andmain-memorydatabases[13] have

achievedscalabilityandhigh performance,but Bigtable
providesadifferentinterfacethansuchsystems.Bigtable
doesnot supporta full relationaldatamodel; instead,it
providesclientswith a simpledatamodelthat supports
dynamic control over data layout and format, and al-
lowsclientsto reasonaboutthelocality propertiesof the
datarepresentedin the underlyingstorage. Data is in-
dexedusingrow andcolumnnamesthatcanbearbitrary
strings.Bigtablealsotreatsdataasuninterpretedstrings,
althoughclients often serializevariousforms of struc-
turedandsemi-structureddatainto thesestrings.Clients
cancontrol locality of their datathroughcarefulchoices
in theirschemas.Finally, Bigtableschemaparameterslet
clientsdynamicallycontrolwhetherto serve dataout of
memoryor from disk.

Section2 describesthedatamodelin moredetail,and
Section3 providesan overview of the client API. Sec-
tion 4 brie�y describestheunderlyingGoogleinfrastruc-
tureon which Bigtabledepends.Section5 describesthe
fundamentalsof the Bigtable implementation,andSec-
tion 6 describessomeof the re�nementsthat we made
to improve Bigtable's performance.Section7 provides
measurementsof Bigtable's performance.We describe
several examplesof how Bigtable is used at Google
in Section8, and discusssomelessonswe learnedin
designingand supportingBigtable in Section 9. Fi-
nally, Section10 describesrelatedwork, andSection11
presentsourconclusions.

2 Data Model

A Bigtable is a sparse,distributed, persistentmulti-
dimensionalsortedmap. The mapis indexed by a row
key, columnkey, anda timestamp;eachvaluein themap
is anuninterpretedarrayof bytes.

(row:string, column:string, time:int64) ! string
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"CNN.com""CNN"
"<html>..."

"<html>..."
"<html>..."

t9
t6

t3t5 8t

"anchor:cnnsi.com"

"com.cnn.www"

"anchor:my.look.ca""contents:"

Figure1: A sliceof anexampletablethatstoresWebpages.Therow nameis a reversedURL. Thecontents columnfamily con-
tainsthepagecontents,andtheanchor columnfamily containsthetext of any anchorsthatreferencethepage.CNN's homepage
is referencedby boththeSportsIllustratedandtheMY-look homepages,sotherow containscolumnsnamedanchor:cnnsi.com
andanchor:my.look.ca. Eachanchorcell hasoneversion;thecontentscolumnhasthreeversions,at timestampst 3 , t5 , andt6 .

Wesettledonthisdatamodelafterexaminingavariety
of potentialusesof a Bigtable-like system.As onecon-
creteexamplethat drove someof our designdecisions,
supposewe want to keepa copy of a largecollectionof
webpagesandrelatedinformationthatcouldbeusedby
many differentprojects;let us call this particulartable
theWebtable. In Webtable,we would useURLs asrow
keys,variousaspectsof webpagesascolumnnames,and
storethecontentsof thewebpagesin thecontents: col-
umn underthe timestampswhen they were fetched,as
illustratedin Figure1.

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(regardlessof thenumberof
different columnsbeing reador written in the row), a
designdecisionthatmakesit easierfor clientsto reason
aboutthesystem'sbehavior in thepresenceof concurrent
updatesto thesamerow.

Bigtablemaintainsdatain lexicographicorderby row
key. Therow rangefor atableis dynamicallypartitioned.
Eachrow rangeis calledatablet, whichis theunit of dis-
tribution andloadbalancing.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 dataaccesses.For
example, in Webtable,pagesin the samedomain are
groupedtogetherinto contiguousrows by reversingthe
hostnamecomponentsof the URLs. For example,we
storedatafor maps.google.com/index.html underthe
key com.google.maps/index.html. Storingpagesfrom
the samedomainneareachothermakessomehostand
domainanalysesmoreef�cient.

Column Families

Columnkeys aregroupedinto setscalledcolumnfami-
lies, whichform thebasicunit of accesscontrol.All data
storedin acolumnfamily is usuallyof thesametype(we
compressdatain the samecolumnfamily together).A
columnfamily mustbecreatedbeforedatacanbestored
underany columnkey in that family; after a family has
beencreated,any columnkey within the family canbe
used.It is our intent that thenumberof distinctcolumn
familiesin atablebesmall(in thehundredsatmost),and
thatfamiliesrarelychangeduringoperation.In contrast,
a tablemayhaveanunboundednumberof columns.

A column key is namedusing the following syntax:
family:quali�er . Column family namesmust be print-
able,but quali�ers may be arbitrarystrings. An exam-
ple columnfamily for theWebtableis language, which
storesthelanguagein whichawebpagewaswritten. We
useonly onecolumnkey in thelanguage family, andit
storeseachwebpage's languageID. Anotherusefulcol-
umnfamily for this tableis anchor; eachcolumnkey in
this family representsa singleanchor, asshown in Fig-
ure1. Thequali�er is thenameof thereferringsite; the
cell contentsis thelink text.

Accesscontrol and both disk and memoryaccount-
ing are performedat the column-family level. In our
Webtableexample, thesecontrolsallow us to manage
severaldifferenttypesof applications:somethataddnew
basedata,somethatreadthebasedataandcreatederived
columnfamilies,andsomethatareonly allowedto view
existing data(and possiblynot even to view all of the
existing familiesfor privacy reasons).

Timestamps

Eachcell in a Bigtablecancontainmultiple versionsof
thesamedata;theseversionsareindexedby timestamp.
Bigtabletimestampsare64-bit integers.They canbeas-
signedby Bigtable, in which casethey represent“real
time” in microseconds,or beexplicitly assignedby client
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// Open the table
Table *T = OpenOrDie("/bigtable/web/webtable");

// Write a new anchor and delete an old anchor
RowMutation r1(T, "com.cnn.www");
r1.Set("anchor:www.c-span.org", "CNN");
r1.Delete("anchor:www.abc.com");
Operation op;
Apply(&op, &r1);

Figure2: Writing to Bigtable.

applications.Applicationsthat needto avoid collisions
mustgenerateuniquetimestampsthemselves. Different
versionsof a cell arestoredin decreasingtimestampor-
der, sothatthemostrecentversionscanberead�rst.

To make themanagementof versioneddatalessoner-
ous,we supporttwo per-column-family settingsthattell
Bigtable to garbage-collectcell versionsautomatically.
Theclient canspecifyeitherthatonly 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 set the timestampsof
the crawled pagesstoredin the contents: column to
the times at which thesepageversionswere actually
crawled. The garbage-collectionmechanismdescribed
above letsuskeeponly themostrecentthreeversionsof
everypage.

3 API

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

Client applications can write or delete values in
Bigtable, lookup valuesfrom individual rows, or iter-
ateover a subsetof the datain a table. Figure2 shows
C++ codethatusesaRowMutation abstractionto per-
form a seriesof updates.(Irrelevantdetailswereelided
to keeptheexampleshort.)Thecall to Apply performs
anatomicmutationto theWebtable:it addsoneanchor
to www.cnn.com anddeletesadifferentanchor.

Figure3 shows C++ codethat usesa Scanner ab-
stractionto iterateover all anchorsin a particularrow.
Clients can iterateover multiple column families, and
there are several mechanismsfor limiting the rows,
columns,and timestampsproducedby a scan. For ex-
ample,we couldrestrictthescanabove to only produce
anchorswhosecolumnsmatch the regular expression
anchor:com.cnn.*, or to only produceanchorswhose
timestampsfall within tendaysof thecurrenttime.

Scanner scanner(T);
ScanStream *stream;
stream = scanner.FetchColumnFamily("anchor");
stream->SetReturnAllVersions();
scanner.Lookup("com.cnn.www");
for (; !stream->Done(); stream->Next()) {

printf("%s %s %lld %s\n",
scanner.RowName(),
stream->ColumnName(),
stream->MicroTimestamp(),
stream->Value());

}

Figure3: Readingfrom Bigtable.

Bigtablesupportsseveralotherfeaturesthatallow the
userto manipulatedatain more complex ways. First,
Bigtablesupportssingle-row transactions,which canbe
usedto performatomicread-modify-writesequenceson
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-
dressspacesof the servers. The scriptsarewritten in a
languagedevelopedat Googlefor processingdatacalled
Sawzall [28]. At the moment,our Sawzall-basedAPI
doesnot allow client scriptsto write backinto Bigtable,
but it doesallow variousforms of datatransformation,
�ltering basedon arbitraryexpressions,andsummariza-
tion via a varietyof operators.

Bigtablecanbeusedwith MapReduce[12], a frame-
work for running large-scaleparallel computationsde-
velopedat Google. We have written a setof wrappers
thatallow a Bigtableto be usedbothasan input source
andasanoutputtargetfor MapReducejobs.

4 Building Blocks

Bigtable is built on several other piecesof Google in-
frastructure. Bigtable usesthe distributed GoogleFile
System(GFS)[17] to storelog anddata�les. A Bigtable
clustertypically operatesin a sharedpool of machines
that run a wide varietyof otherdistributedapplications,
and Bigtable processesoften sharethe samemachines
with processesfrom other applications. Bigtable de-
pendson a clustermanagementsystemfor scheduling
jobs, managingresourceson sharedmachines,dealing
with machinefailures,andmonitoringmachinestatus.

The GoogleSSTable �le format is usedinternally to
storeBigtabledata. An SSTable providesa persistent,
orderedimmutablemapfrom keys to values,whereboth
keysandvaluesarearbitrarybytestrings.Operationsare
providedto look up thevalueassociatedwith a speci�ed

To appear in OSDI 2006 3



key, andto iterateover all key/valuepairsin a speci�ed
key range.Internally, eachSSTablecontainsa sequence
of blocks(typically eachblock is 64KB in size,but this
is con�gurable). A block index (storedat theendof the
SSTable) is usedto locateblocks; the index is loaded
into memory when the SSTable is opened. A lookup
canbe performedwith a singledisk seek:we �rst �nd
the appropriateblock by performinga binary searchin
the in-memoryindex, and thenreadingthe appropriate
block from disk. Optionally, an SSTable can be com-
pletelymappedinto memory, whichallowsusto perform
lookupsandscanswithout touchingdisk.

Bigtable relies on a highly-available and persistent
distributed lock servicecalled Chubby[8]. A Chubby
serviceconsistsof � ve active replicas,oneof which is
electedto bethemasterandactively serve requests.The
serviceis livewhenamajorityof thereplicasarerunning
andcancommunicatewith eachother. Chubbyusesthe
Paxosalgorithm[9, 23] to keepits replicasconsistentin
the faceof failure. Chubbyprovidesa namespacethat
consistsof directoriesandsmall �les. Eachdirectoryor
�le canbeusedasa lock, andreadsandwrites to a �le
areatomic. The Chubbyclient library providesconsis-
tentcachingof Chubby�les. EachChubbyclient main-
tainsa sessionwith a Chubbyservice.A client's session
expiresif it is unableto renew its sessionleasewithin the
leaseexpirationtime. Whena client's sessionexpires,it
losesany locks andopenhandles. Chubbyclientscan
also register callbackson Chubby�les and directories
for noti�cation of changesor sessionexpiration.

BigtableusesChubbyfor a varietyof tasks:to ensure
that thereis at most one active masterat any time; to
store the bootstraplocation of Bigtable data (seeSec-
tion 5.1); to discover tablet servers and �nalize tablet
serverdeaths(seeSection5.2); to storeBigtableschema
information(thecolumnfamily informationfor eachta-
ble);andto storeaccesscontrollists. If Chubbybecomes
unavailablefor anextendedperiodof time, Bigtablebe-
comesunavailable. We recently measuredthis effect
in 14 Bigtable clustersspanning11 Chubbyinstances.
Theaveragepercentageof Bigtableserver hoursduring
whichsomedatastoredin Bigtablewasnotavailabledue
to Chubbyunavailability (causedby eitherChubbyout-
agesor network issues)was0.0047%. The percentage
for thesingleclusterthatwasmostaffectedby Chubby
unavailability was0.0326%.

5 Implementation

The Bigtable implementationhas three major compo-
nents:a library that is linkedinto everyclient, onemas-
terserver, andmany tabletservers.Tabletserverscanbe

dynamicallyadded(or removed)from a clusterto acco-
modatechangesin workloads.

Themasteris responsiblefor assigningtabletsto tablet
servers, detectingthe addition and expiration of tablet
servers, balancingtablet-server load, and garbagecol-
lection of �les in GFS. In addition, it handlesschema
changessuchastableandcolumnfamily creations.

Eachtabletserver managesa setof tablets(typically
wehavesomewherebetweentento athousandtabletsper
tabletserver). The tabletserver handlesreadandwrite
requeststo the tabletsthat it hasloaded,andalsosplits
tabletsthathavegrown too large.

As with many single-masterdistributed storagesys-
tems[17, 21], clientdatadoesnotmovethroughthemas-
ter: clientscommunicatedirectly with tabletserversfor
readsandwrites.BecauseBigtableclientsdonot rely on
the masterfor tablet location information,mostclients
nevercommunicatewith themaster. As aresult,themas-
ter is lightly loadedin practice.

A Bigtableclusterstoresa numberof tables.Eachta-
ble consistsof a setof tablets,andeachtabletcontains
all dataassociatedwith a row range.Initially, eachtable
consistsof just onetablet. As a tablegrows, it is auto-
maticallysplit into multiple tablets,eachapproximately
100-200MB in sizeby default.

5.1 Tablet Location

Weuseathree-levelhierarchyanalogousto thatof aB+ -
tree[10] to storetabletlocationinformation(Figure4).

..

.

...

...

..

.

...

..

.

    tablets
METADATA
     Other

Chubby file 
...

UserTable1

UserTableN

...

...

...

...

...
Root tablet

(1st METADATA tablet)

Figure4: Tabletlocationhierarchy.

The �rst level is a �le storedin Chubbythatcontains
the locationof the root tablet. The root tablet contains
the locationof all tabletsin a specialMETADATAtable.
EachMETADATAtabletcontainsthe locationof a setof
usertablets.Theroot tablet is just the �rst tabletin the
METADATAtable, but is treatedspecially—it is never
split—to ensurethatthetabletlocationhierarchyhasno
morethanthreelevels.

The METADATAtable storesthe location of a tablet
undera row key that is anencodingof the tablet's table
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identi�er andits endrow. EachMETADATArow stores
approximately1KB of datain memory. With a modest
limit of 128MB METADATAtablets,our three-level lo-
cationschemeis suf�cient to address234 tablets(or 261

bytesin 128MB tablets).
Theclient library cachestabletlocations.If theclient

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
requiresthreenetwork round-trips,including one read
from Chubby. If the client's cacheis stale,the location
algorithmcouldtake up to six round-trips,becausestale
cacheentriesareonly discovereduponmisses(assuming
that METADATAtabletsdo not move very frequently).
Although tablet locationsare storedin memory, so no
GFS accessesare required,we further reducethis cost
in thecommoncaseby having theclient library prefetch
tabletlocations:it readsthemetadatafor morethanone
tabletwhenever it readstheMETADATAtable.

We also store secondary information in the
METADATAtable, including a log of all events per-
taining to each tablet (such as when a server begins
serving it). This information is helpful for debugging
andperformanceanalysis.

5.2 Tablet Assignment

Eachtabletis assignedto onetabletserverata time. The
masterkeepstrack of the setof live tabletservers,and
the currentassignmentof tabletsto tablet servers, in-
cluding which tabletsareunassigned.Whena tablet is
unassigned,anda tabletserver with suf�cient room for
the tablet is available, the masterassignsthe tablet by
sendinga tabletloadrequestto thetabletserver.

BigtableusesChubbyto keeptrack of tabletservers.
When a tablet server starts,it creates,and acquiresan
exclusive lock on, a uniquely-named�le in a speci�c
Chubbydirectory. The mastermonitors this directory
(theserversdirectory) to discovertabletservers.A tablet
server stopsserving its tabletsif it losesits exclusive
lock: e.g., due to a network partition that causedthe
server to loseits Chubbysession.(Chubbyprovidesan
ef�cient mechanismthatallows a tabletserver to check
whetherit still holdsits lock without incurringnetwork
traf�c.) A tabletserver will attemptto reacquirean ex-
clusivelock on its �le aslongasthe�le still exists. If the
�le no longerexists, thenthe tabletserver will never be
ableto serve again,so it kills itself. Whenever a tablet
server terminates(e.g.,becausetheclustermanagement
systemis removing thetabletserver's machinefrom the
cluster),it attemptsto releaseits lock so that themaster
will reassignits tabletsmorequickly.

The masteris responsiblefor detectingwhena tablet
server is no longerservingits tablets,andfor reassign-
ing thosetabletsassoonaspossible.To detectwhena
tabletserver is no longerservingits tablets,the master
periodicallyaskseachtabletserver for the statusof its
lock. If a tablet server reportsthat it haslost its lock,
or if the masterwasunableto reacha server during its
last several attempts,the masterattemptsto acquirean
exclusivelock ontheserver's �le. If themasteris ableto
acquirethelock, thenChubbyis liveandthetabletserver
is eitherdeador having troublereachingChubby, sothe
masterensuresthatthetabletservercanneverserveagain
by deletingits server �le. Oncea server's �le hasbeen
deleted,themastercanmoveall thetabletsthatwerepre-
viously assignedto thatserver into thesetof unassigned
tablets.To ensurethata Bigtableclusteris not vulnera-
bleto networkingissuesbetweenthemasterandChubby,
themasterkills itself if its Chubbysessionexpires.How-
ever, asdescribedabove, masterfailuresdo not change
theassignmentof tabletsto tabletservers.

Whena masteris startedby the clustermanagement
system,it needsto discover the current tablet assign-
mentsbeforeit canchangethem. The masterexecutes
the following stepsat startup. (1) The mastergrabs
a uniquemasterlock in Chubby, which preventscon-
currentmasterinstantiations.(2) The masterscansthe
servers directory in Chubby to �nd the live servers.
(3) The master communicateswith every live tablet
server to discover what tabletsare alreadyassignedto
eachserver. (4) ThemasterscanstheMETADATAtable
to learnthesetof tablets.Wheneverthisscanencounters
a tabletthat is not alreadyassigned,themasteraddsthe
tabletto the setof unassignedtablets,which makesthe
tableteligible for tabletassignment.

Onecomplicationis that the scanof the METADATA
table cannothappenuntil the METADATAtabletshave
beenassigned.Therefore,beforestartingthis scan(step
4), themasteraddstheroottabletto thesetof unassigned
tabletsif an assignmentfor the root tabletwasnot dis-
coveredduringstep3. Thisadditionensuresthattheroot
tabletwill beassigned.Becausetheroot tabletcontains
the namesof all METADATAtablets,the masterknows
aboutall of themafterit hasscannedtheroot tablet.

The set of existing tabletsonly changeswhen a ta-
ble is createdor deleted,two existing tabletsaremerged
to form one larger tablet, or an existing tablet is split
into two smaller tablets. The masteris able to keep
trackof thesechangesbecauseit initiatesall but thelast.
Tablet splits are treatedspecially since they are initi-
atedby a tablet server. The tablet server commitsthe
split by recordinginformationfor the new tablet in the
METADATAtable.Whenthesplit hascommitted,it noti-
�es themaster. In casethesplit noti�cation is lost(either
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becausethe tabletserver or themasterdied), themaster
detectsthenew tabletwhenit asksa tabletserver to load
thetabletthathasnow split. Thetabletserverwill notify
themasterof thesplit, becausethetabletentryit �nds in
the METADATAtablewill specifyonly a portion of the
tabletthatthemasteraskedit to load.

5.3 Tablet Serving

Thepersistentstateof a tabletis storedin GFS,asillus-
tratedin Figure5. Updatesarecommittedto a commit
log that storesredo records. Of theseupdates,the re-
centlycommittedonesarestoredin memoryin a sorted
buffercalledamemtable; theolderupdatesarestoredin a
sequenceof SSTables.To recovera tablet,a tabletserver

tablet log

GFS

Memory

Write Op

SSTable Files

memtable Read Op

Figure5: TabletRepresentation

readsits metadatafrom theMETADATAtable.Thismeta-
datacontainsthe list of SSTablesthat comprisea tablet
anda setof a redopoints,which arepointersinto any
commit logs that may containdatafor the tablet. The
serverreadstheindicesof theSSTablesinto memoryand
reconstructsthememtableby applyingall of theupdates
thathavecommittedsincetheredopoints.

Whena write operationarrivesat a tabletserver, the
server checksthat it is well-formed,andthat thesender
is authorizedto performthe mutation. Authorizationis
performedby readingthelist of permittedwritersfrom a
Chubby�le (which is almostalwaysa hit in theChubby
client cache).A valid mutationis written to thecommit
log. Groupcommitis usedto improvethethroughputof
lotsof smallmutations[13, 16]. After thewrite hasbeen
committed,its contentsareinsertedinto thememtable.

Whena readoperationarrivesat a tabletserver, it is
similarly checkedfor well-formednessandproperautho-
rization. A valid readoperationis executedon a merged
view of the sequenceof SSTablesand the memtable.
Sincethe SSTablesand the memtableare lexicograph-
ically sorteddata structures,the merged view can be
formedef�ciently .

Incoming read and write operationscan continue
while tabletsaresplit andmerged.

5.4 Compactions

As write operationsexecute,thesizeof thememtablein-
creases.Whenthememtablesizereachesathreshold,the
memtableis frozen,a new memtableis created,andthe
frozenmemtableis convertedto anSSTableandwritten
to GFS.This minor compactionprocesshastwo goals:
it shrinksthe memoryusageof the tabletserver, andit
reducestheamountof datathathasto bereadfrom the
commit log during recovery if this server dies. Incom-
ing readandwrite operationscancontinuewhile com-
pactionsoccur.

Everyminorcompactioncreatesanew SSTable.If this
behavior continuedunchecked, read operationsmight
need to merge updatesfrom an arbitrary number of
SSTables. Instead,we boundthe numberof such�les
by periodicallyexecutinga merging compactionin the
background.A merging compactionreadsthe contents
of a few SSTablesand the memtable,andwrites out a
new SSTable. Theinput SSTablesandmemtablecanbe
discardedassoonasthecompactionhas�nished.

A merging compaction that rewrites all SSTables
into exactly oneSSTable is calleda major compaction.
SSTablesproducedby non-majorcompactionscancon-
tain specialdeletionentriesthatsuppressdeleteddatain
older SSTablesthat arestill live. A major compaction,
on the other hand, producesan SSTable that contains
no deletion information or deleteddata. Bigtable cy-
clesthroughall of its tabletsandregularlyappliesmajor
compactionsto them. Thesemajor compactionsallow
Bigtableto reclaimresourcesusedby deleteddata,and
alsoallow it to ensurethatdeleteddatadisappearsfrom
the systemin a timely fashion,which is importantfor
servicesthatstoresensitivedata.

6 Re�nements

The implementationdescribedin the previous section
requireda numberof re�nements to achieve the high
performance,availability, andreliability requiredby our
users.Thissectiondescribesportionsof theimplementa-
tion in moredetailin orderto highlightthesere�nements.

Locality groups

Clientscangroupmultiplecolumnfamiliestogetherinto
a locality group. A separateSSTable is generatedfor
eachlocality groupin eachtablet. Segregatingcolumn
familiesthatarenot typically accessedtogetherinto sep-
aratelocality groupsenablesmore ef�cient reads. For
example,pagemetadatain Webtable(suchaslanguage
and checksums)can be in one locality group, and the
contentsof thepagecanbe in a differentgroup: an ap-
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plication that wantsto readthe metadatadoesnot need
to readthroughall of thepagecontents.

In addition, some useful tuning parameterscan be
speci�edonaper-localitygroupbasis.Forexample,alo-
cality groupcanbedeclaredto bein-memory. SSTables
for in-memorylocality groupsareloadedlazily into the
memoryof thetabletserver. Onceloaded,columnfam-
ilies that belong to such locality groups can be read
without accessingthe disk. This featureis useful for
small piecesof data that are accessedfrequently: we
use it internally for the location column family in the
METADATAtable.

Compression

Clients can control whetheror not the SSTablesfor a
locality group are compressed,and if so, which com-
pressionformat is used. The user-speci�ed compres-
sionformatis appliedto eachSSTableblock(whosesize
is controllablevia a locality group speci�c tuning pa-
rameter). Although we lose somespaceby compress-
ing eachblock separately, we bene�t in that small por-
tions of an SSTable can be read without decompress-
ing the entire�le. Many clientsusea two-passcustom
compressionscheme. The �rst passusesBentley and
McIlroy's scheme[6], which compresseslong common
stringsacrossa large window. The secondpassusesa
fastcompressionalgorithmthat looks for repetitionsin
a small 16 KB window of the data. Both compression
passesarevery fast—they encodeat100–200MB/s, and
decodeat 400–1000MB/s onmodernmachines.

Eventhoughweemphasizedspeedinsteadof spacere-
ductionwhenchoosingourcompressionalgorithms,this
two-passcompressionschemedoes surprisingly well.
For example, in Webtable, we use this compression
schemeto storeWeb pagecontents.In oneexperiment,
we storeda largenumberof documentsin a compressed
locality group. For the purposesof the experiment,we
limited ourselves to one versionof eachdocumentin-
steadof storingall versionsavailableto us. Thescheme
achieved a 10-to-1 reduction in space. This is much
better than typical Gzip reductionsof 3-to-1 or 4-to-1
on HTML pagesbecauseof theway Webtablerows are
laid out: all pagesfrom a single host are storedclose
to eachother. This allows the Bentley-McIlroy algo-
rithm to identify large amountsof sharedboilerplatein
pagesfrom the samehost. Many applications,not just
Webtable,choosetheir row namesso that similar data
endsupclustered,andthereforeachieveverygoodcom-
pressionratios.Compressionratiosgetevenbetterwhen
westoremultipleversionsof thesamevaluein Bigtable.

Caching for readperformance

To improvereadperformance,tabletserversusetwo lev-
els of caching. The ScanCacheis a higher-level cache
that cachesthekey-valuepairsreturnedby theSSTable
interfaceto thetabletserver code.TheBlock Cacheis a
lower-level cachethatcachesSSTablesblocksthatwere
readfrom GFS.TheScanCacheis mostusefulfor appli-
cationsthat tendto readthe samedatarepeatedly. The
Block Cacheis useful for applicationsthat tendto read
datathat is closeto thedatathey recentlyread(e.g.,se-
quentialreads,or randomreadsof differentcolumnsin
thesamelocality groupwithin ahot row).

Bloom �lters

As describedin Section5.3,a readoperationhasto read
from all SSTablesthat make up the stateof a tablet.
If theseSSTablesare not in memory, we may end up
doing many disk accesses.We reducethe numberof
accessesby allowing clients to specify that Bloom �l-
ters [7] should be createdfor SSTables in a particu-
lar locality group. A Bloom �lter allows us to ask
whetheran SSTablemight containany datafor a spec-
i�ed row/columnpair. For certainapplications,a small
amountof tabletserver memoryusedfor storingBloom
�lters drasticallyreducesthe numberof disk seeksre-
quired for read operations. Our use of Bloom �lters
alsoimplies that most lookupsfor non-existentrows or
columnsdonotneedto touchdisk.

Commit-log implementation

If we kept the commit log for eachtablet in a separate
log �le, a very large numberof �les would be written
concurrentlyin GFS.Dependingon the underlying�le
systemimplementationoneachGFSserver, thesewrites
couldcausea largenumberof disk seeksto write to the
differentphysicallog �les. In addition,having separate
log �les per tabletalsoreducesthe effectivenessof the
groupcommitoptimization,sincegroupswould tendto
be smaller. To �x theseissues,we appendmutations
to a single commit log per tablet server, co-mingling
mutationsfor different tabletsin the samephysicallog
�le [18, 20].

Using onelog providessigni�cant performanceben-
e�ts during normaloperation,but it complicatesrecov-
ery. Whena tabletserver dies,the tabletsthat it served
will bemovedto a largenumberof othertabletservers:
eachserver typically loadsa small numberof the orig-
inal server's tablets. To recover the statefor a tablet,
thenew tabletserver needsto reapplythemutationsfor
that tablet from the commit log written by the original
tablet server. However, the mutationsfor thesetablets
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wereco-mingledin thesamephysicallog �le. Oneap-
proachwould be for eachnew tabletserver to readthis
full commitlog �le andapplyjust theentriesneededfor
the tabletsit needsto recover. However, undersucha
scheme,if 100 machineswere eachassigneda single
tabletfrom a failedtabletserver, thenthe log �le would
beread100times(onceby eachserver).

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 particular tablet are
contiguousandcanthereforebereadef�ciently with one
disk seekfollowed by a sequentialread. To parallelize
the sorting, we partition the log �le into 64 MB seg-
ments,and sort eachsegment in parallel on different
tabletservers.This sortingprocessis coordinatedby the
masterandis initiatedwhena tabletserver indicatesthat
it needsto recovermutationsfrom somecommitlog �le.

Writing commitlogsto GFSsometimescausesperfor-
mancehiccupsfor avarietyof reasons(e.g.,aGFSserver
machineinvolved in the write crashes,or the network
pathstraversedto reachthe particularsetof threeGFS
servers is suffering network congestion,or is heavily
loaded).To protectmutationsfrom GFSlatency spikes,
eachtabletserver actuallyhastwo log writing threads,
eachwriting to its own log �le; only oneof thesetwo
threadsis actively in useat a time. If writes to the ac-
tive log �le areperformingpoorly, thelog �le writing is
switchedto the other thread,andmutationsthat are in
thecommitlog queuearewrittenby thenewly active log
writing thread. Log entriescontainsequencenumbers
to allow therecovery processto elideduplicatedentries
resultingfrom this log switchingprocess.

Speedingup tablet recovery

If the mastermoves a tablet from one tablet server to
another, thesourcetabletserver �rst doesa minor com-
pactionon that tablet. This compactionreducesrecov-
ery timeby reducingtheamountof uncompactedstatein
thetabletserver's commit log. After �nishing this com-
paction,thetabletserverstopsservingthetablet.Before
it actuallyunloadsthe tablet, the tabletserver doesan-
other(usuallyvery fast)minor compactionto eliminate
any remaininguncompactedstatein the tablet server's
log that arrived while the �rst minor compactionwas
being performed. After this secondminor compaction
is complete,the tablet can be loadedon anothertablet
serverwithout requiringany recoveryof log entries.

Exploiting immutability

Besidesthe SSTable caches,variousother partsof the
Bigtablesystemhave beensimpli�ed by thefact thatall

of theSSTablesthatwe generateareimmutable.For ex-
ample,we do not needany synchronizationof accesses
to the�le systemwhenreadingfrom SSTables.As a re-
sult, concurrency controlover rows canbeimplemented
very ef�ciently . The only mutabledatastructurethat is
accessedby bothreadsandwritesis thememtable.To re-
ducecontentionduringreadsof thememtable,we make
eachmemtablerow copy-on-write andallow readsand
writesto proceedin parallel.

SinceSSTablesareimmutable,theproblemof perma-
nently removing deleteddatais transformedto garbage
collectingobsoleteSSTables.Eachtablet'sSSTablesare
registeredin theMETADATAtable. Themasterremoves
obsoleteSSTablesasa mark-and-sweepgarbagecollec-
tion [25] overthesetof SSTables,wheretheMETADATA
tablecontainsthesetof roots.

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

7 PerformanceEvaluation

We set up a Bigtable clusterwith N tablet servers to
measurethe performanceandscalabilityof Bigtableas
N is varied.Thetabletserverswerecon�gured to use1
GB of memoryandto write to a GFScell consistingof
1786machineswith two 400GB IDE harddriveseach.
N client machinesgeneratedtheBigtableload usedfor
thesetests.(Weusedthesamenumberof clientsastablet
servers to ensurethat clients were never a bottleneck.)
Eachmachinehadtwo dual-coreOpteron2 GHz chips,
enoughphysicalmemoryto hold the working setof all
running processes,and a single gigabit Ethernetlink.
The machineswerearrangedin a two-level tree-shaped
switchednetwork with approximately100-200Gbpsof
aggregatebandwidthavailableat theroot. All of thema-
chineswerein thesamehostingfacility andthereforethe
round-trip time betweenany pair of machineswas less
thanamillisecond.

The tablet servers and master, test clients, and GFS
serversall ran on thesamesetof machines.Every ma-
chineran a GFSserver. Someof themachinesalsoran
either a tablet server, or a client process,or processes
from otherjobsthatwereusingthepoolat thesametime
astheseexperiments.

R is thedistinctnumberof Bigtablerow keysinvolved
in thetest.R waschosensothateachbenchmarkreador
wroteapproximately1 GB of datapertabletserver.

The sequentialwrite benchmarkusedrow keys with
names0 to R � 1. This spaceof row keys was parti-
tionedinto 10N equal-sizedranges.Theserangeswere
assignedto theN clientsby a centralschedulerthatas-
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# of Tablet Servers
Experiment 1 50 250 500

randomreads 1212 593 479 241
randomreads(mem) 10811 8511 8000 6250
randomwrites 8850 3745 3425 2000
sequentialreads 4425 2463 2625 2469
sequentialwrites 8547 3623 2451 1905
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Figure6: Numberof 1000-bytevaluesread/writtenpersecond.The tableshows the rateper tabletserver; thegraphshows the
aggregaterate.

signedthenext availablerangeto a client assoonasthe
client �nished processingthepreviousrangeassignedto
it. This dynamicassignmenthelpedmitigatetheeffects
of performancevariationscausedby otherprocessesrun-
ningontheclientmachines.Wewroteasinglestringun-
der eachrow key. Eachstring wasgeneratedrandomly
andwas thereforeuncompressible.In addition,strings
underdifferent row key were distinct, so no cross-row
compressionwaspossible.Therandomwrite benchmark
wassimilar exceptthat the row key washashedmodulo
R immediatelybeforewriting sothatthewrite loadwas
spreadroughlyuniformly acrosstheentirerow spacefor
theentiredurationof thebenchmark.

Thesequentialreadbenchmarkgeneratedrow keysin
exactly thesamewayasthesequentialwrite benchmark,
but insteadof writing undertherow key, it readthestring
storedundertherow key (whichwaswrittenby anearlier
invocationof thesequentialwrite benchmark).Similarly,
the randomreadbenchmarkshadowedtheoperationof
therandomwrite benchmark.

The scanbenchmarkis similar to the sequentialread
benchmark,but usessupportprovided by the Bigtable
API for scanningover all valuesin a row range. Us-
ing a scanreducesthenumberof RPCsexecutedby the
benchmarksincea singleRPCfetchesa largesequence
of valuesfrom atabletserver.

Therandomreads(mem) benchmarkis similar to the
randomreadbenchmark,but thelocality groupthatcon-
tains the benchmarkdatais marked as in-memory, and
thereforethe readsaresatis�ed from the tabletserver's
memoryinsteadof requiringa GFSread. For just this
benchmark,we reducedthe amountof dataper tablet
server from 1 GB to 100 MB so that it would �t com-
fortably in thememoryavailableto thetabletserver.

Figure6 shows two views on theperformanceof our
benchmarkswhenreadingandwriting 1000-bytevalues
to Bigtable. The tableshows the numberof operations
persecondpertabletserver; thegraphshows theaggre-
gatenumberof operationspersecond.

Singletablet-server performance

Let us �rst considerperformancewith just one tablet
server. Randomreadsareslowerthanall otheroperations
by anorderof magnitudeor more.Eachrandomreadin-
volvesthe transferof a 64 KB SSTable block over the
network from GFSto a tabletserver, outof whichonly a
single1000-bytevalueis used.Thetabletserverexecutes
approximately1200 readsper second,which translates
into approximately75MB/s of datareadfrom GFS.This
bandwidthis enoughto saturatethe tabletserver CPUs
becauseof overheadsin our networking stack,SSTable
parsing,and Bigtable code,and is also almostenough
to saturatethe network links usedin our system. Most
Bigtableapplicationswith this typeof anaccesspattern
reducetheblocksizeto asmallervalue,typically 8KB.

Randomreadsfrom memory are much fastersince
each1000-bytereadis satis�ed from the tabletserver's
localmemorywithout fetchinga large64KB blockfrom
GFS.

Randomandsequentialwritesperformbetterthanran-
domreadssinceeachtabletserver appendsall incoming
writes to a singlecommit log andusesgroupcommit to
streamthesewrites ef�ciently to GFS.Thereis no sig-
ni�cant differencebetweenthe performanceof random
writesandsequentialwrites; in bothcases,all writes to
thetabletserverarerecordedin thesamecommitlog.

Sequentialreadsperform better than randomreads
sinceevery 64 KB SSTable block that is fetchedfrom
GFSis storedinto our block cache,whereit is usedto
serve thenext 64 readrequests.

Scansareevenfastersincethetabletservercanreturn
a large numberof valuesin responseto a single client
RPC,and thereforeRPC overheadis amortizedover a
largenumberof values.

Scaling

Aggregatethroughputincreasesdramatically, by over a
factorof a hundred,aswe increasethenumberof tablet
servers in the systemfrom 1 to 500. For example,the
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# of tablet servers # of clusters

0 .. 19 259
20 .. 49 47
50 .. 99 20

100 .. 499 50
> 500 12

Table1: Distribution of numberof tabletserversin Bigtable
clusters.

performanceof randomreadsfrom memoryincreasesby
almosta factorof 300asthenumberof tabletserver in-
creasesby a factorof 500.Thisbehavior occursbecause
thebottleneckon performancefor this benchmarkis the
individual tabletserverCPU.

However, performancedoesnot increaselinearly. For
mostbenchmarks,thereis asigni�cant dropin per-server
throughputwhengoingfrom 1 to 50 tabletservers.This
drop is causedby imbalancein load in multiple server
con�gurations,often dueto otherprocessescontending
for CPUandnetwork. Our loadbalancingalgorithmat-
temptsto dealwith this imbalance,but cannotdo a per-
fect job for two mainreasons:rebalancingis throttledto
reducethe numberof tabletmovements(a tablet is un-
availablefor ashorttime, typically lessthanonesecond,
whenit is moved),andtheloadgeneratedby our bench-
marksshiftsaroundasthebenchmarkprogresses.

Therandomreadbenchmarkshows theworstscaling
(an increasein aggregatethroughputby only a factorof
100 for a 500-fold increasein numberof servers). This
behavior occursbecause(asexplainedabove)wetransfer
onelarge64KB block over thenetwork for every 1000-
byte read. This transfersaturatesvariousshared1 Gi-
gabit links in our network andasa result,theper-server
throughputdropssigni�cantly asweincreasethenumber
of machines.

8 Real Applications

As of August2006,thereare388non-testBigtableclus-
tersrunningin variousGooglemachineclusters,with a
combinedtotal of about24,500tabletservers. Table1
shows a roughdistribution of tabletserversper cluster.
Many of theseclustersare usedfor developmentpur-
posesandthereforeareidle for signi�cant periods.One
groupof 14 busy clusterswith 8069total tabletservers
saw an aggregatevolume of more than 1.2 million re-
questsper second,with incomingRPC traf�c of about
741MB/s andoutgoingRPCtraf�c of about16GB/s.

Table2 providessomedataabouta few of the tables
currently in use. Sometablesstoredatathat is served
to users,whereasothersstoredatafor batchprocessing;
the tablesrangewidely in total size, averagecell size,

percentageof dataservedfrom memory, andcomplexity
of thetableschema.In therestof thissection,webrie�y
describehow threeproductteamsuseBigtable.

8.1 GoogleAnalytics

GoogleAnalytics (analytics.google.com) is a service
that helps webmastersanalyzetraf�c patternsat their
web sites. It providesaggregatestatistics,suchas the
numberof uniquevisitors per day and the pageviews
perURL perday, aswell assite-trackingreports,suchas
thepercentageof usersthatmadea purchase,giventhat
they earlierviewedaspeci�c page.

To enable the service, webmastersembeda small
JavaScriptprogramin their web pages. This program
is invokedwhenevera pageis visited. It recordsvarious
informationabouttherequestin GoogleAnalytics,such
asa useridenti�er and informationaboutthe pagebe-
ing fetched.GoogleAnalyticssummarizesthis dataand
makesit availableto webmasters.

We brie�y describetwo of the tablesusedby Google
Analytics. The raw click table (˜200 TB) maintainsa
row for eachend-usersession.Therow nameis a tuple
containingthewebsite's nameandthetime at which the
sessionwascreated.This schemaensuresthat sessions
thatvisit thesamewebsitearecontiguous,andthatthey
aresortedchronologically. Thistablecompressesto 14%
of its original size.

The summarytable(˜20 TB) containsvariousprede-
�ned summariesfor eachwebsite. This table is gener-
atedfrom the raw click tableby periodicallyscheduled
MapReducejobs. EachMapReducejob extractsrecent
sessiondatafrom the raw click table. The overall sys-
tem's throughputis limited by the throughputof GFS.
This tablecompressesto 29%of its original size.

8.2 GoogleEarth

Google operatesa collection of servicesthat provide
userswith accessto high-resolutionsatelliteimageryof
theworld's surface,boththroughtheweb-basedGoogle
Maps interface (maps.google.com) and through the
Google Earth (earth.google.com) customclient soft-
ware. Theseproductsallow usersto navigateacrossthe
world's surface: they canpan,view, andannotatesatel-
lite imageryat many differentlevelsof resolution.This
systemusesonetableto preprocessdata,anda different
setof tablesfor servingclientdata.

Thepreprocessingpipelineusesonetableto storeraw
imagery. During preprocessing,the imageryis cleaned
andconsolidatedinto �nal servingdata.This tablecon-
tainsapproximately70 terabytesof dataandthereforeis
servedfrom disk. Theimagesareef�ciently compressed
already, soBigtablecompressionis disabled.
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Project Table size Compression # Cells # Column # Locality % in Latency-
name (TB) ratio (billions) Families Groups memory sensitive?

Crawl 800 11% 1000 16 8 0% No
Crawl 50 33% 200 2 2 0% No

Google Analytics 20 29% 10 1 1 0% Yes
Google Analytics 200 14% 80 1 1 0% Yes

Google Base 2 31% 10 29 3 15% Yes
Google Earth 0.5 64% 8 7 2 33% Yes
Google Earth 70 – 9 8 3 0% No

Orkut 9 – 0.9 8 5 1% Yes
PersonalizedSearch 4 47% 6 93 11 5% Yes

Table2: Characteristicsof a few tablesin productionuse.Tablesize(measuredbeforecompression)and# Cellsindicateapproxi-
matesizes.Compressionratio is notgivenfor tablesthathave compressiondisabled.

Eachrow in the imagerytable correspondsto a sin-
gle geographicsegment.Rows arenamedto ensurethat
adjacentgeographicsegmentsarestoredneareachother.
The tablecontainsa columnfamily to keeptrackof the
sourcesof datafor eachsegment. This column family
hasa largenumberof columns:essentiallyonefor each
raw dataimage.Sinceeachsegmentis only built from a
few images,this columnfamily is verysparse.

The preprocessingpipelinereliesheavily on MapRe-
duceoverBigtableto transformdata.Theoverallsystem
processesover1 MB/secof datapertabletserverduring
someof theseMapReducejobs.

Theservingsystemusesonetableto index datastored
in GFS.This table is relatively small (˜500 GB), but it
mustserve tensof thousandsof queriesper secondper
datacenterwith low latency. As a result, this table is
hostedacrosshundredsof tabletserversandcontainsin-
memorycolumnfamilies.

8.3 PersonalizedSearch

PersonalizedSearch(www.google.com/psearch) is an
opt-in servicethatrecordsuserqueriesandclicks across
a variety of Googlepropertiessuchasweb search,im-
ages,andnews. Userscanbrowsetheir searchhistories
to revisit their old queriesandclicks, andthey canask
for personalizedsearchresultsbasedon their historical
Googleusagepatterns.

PersonalizedSearch stores each user's data in
Bigtable. Eachuserhasa uniqueuseridandis assigned
a row namedby thatuserid. All useractionsarestored
in a table.A separatecolumnfamily is reservedfor each
typeof action(for example,thereis acolumnfamily that
storesall web queries). Eachdataelementusesas its
Bigtabletimestampthetime at which thecorresponding
useractionoccurred.PersonalizedSearchgeneratesuser
pro�les usinga MapReduceover Bigtable. Theseuser
pro�les areusedto personalizelivesearchresults.

ThePersonalizedSearchdatais replicatedacrosssev-
eral Bigtableclustersto increaseavailability and to re-
ducelatency dueto distancefrom clients.ThePersonal-
izedSearchteamoriginally built aclient-sidereplication
mechanismontopof Bigtablethatensuredeventualcon-
sistency of all replicas. The currentsystemnow usesa
replicationsubsystemthatis built into theservers.

Thedesignof thePersonalizedSearchstoragesystem
allows othergroupsto addnew per-userinformationin
their own columns,andthesystemis now usedby many
otherGooglepropertiesthatneedto storeper-usercon-
�guration optionsandsettings.Sharinga tableamongst
many groupsresultedin an unusuallylarge numberof
column families. To help supportsharing,we addeda
simple quotamechanismto Bigtable to limit the stor-
ageconsumptionby any particularclient in sharedta-
bles; this mechanismprovides someisolation between
thevariousproductgroupsusingthissystemfor per-user
informationstorage.

9 Lessons

In theprocessof designing,implementing,maintaining,
and supportingBigtable, we gaineduseful experience
andlearnedseveralinterestinglessons.

One lessonwe learnedis that large distributed sys-
temsare vulnerableto many typesof failures,not just
thestandardnetwork partitionsandfail-stopfailuresas-
sumedin many distributedprotocols. For example,we
have seenproblemsdueto all of the following causes:
memoryandnetwork corruption,largeclock skew, hung
machines,extendedandasymmetricnetwork partitions,
bugsin othersystemsthatwe areusing(Chubbyfor ex-
ample),over�ow of GFS quotas,and plannedand un-
plannedhardwaremaintenance.As wehavegainedmore
experiencewith theseproblems,wehaveaddressedthem
by changingvariousprotocols. For example,we added
checksummingto ourRPCmechanism.Wealsohandled
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someproblemsby removing assumptionsmadeby one
part of thesystemaboutanotherpart. For example,we
stoppedassumingagivenChubbyoperationcouldreturn
only oneof a �x edsetof errors.

Another lessonwe learnedis that it is important to
delayaddingnew featuresuntil it is clearhow the new
featureswill beused.For example,we initially planned
to supportgeneral-purposetransactionsin our API. Be-
causewe did not have animmediateusefor them,how-
ever, we did not implementthem. Now that we have
many real applicationsrunning on Bigtable, we have
beenableto examinetheiractualneeds,andhavediscov-
eredthatmostapplicationsrequireonly single-row trans-
actions.Wherepeoplehave requesteddistributedtrans-
actions,the most importantuseis for maintainingsec-
ondaryindices,andwe plan to adda specializedmech-
anism to satisfy this need. The new mechanismwill
be lessgeneralthandistributedtransactions,but will be
moreef�cient (especiallyfor updatesthatspanhundreds
of rows or more)andwill also interactbetterwith our
schemefor optimisticcross-data-centerreplication.

A practical lessonthat we learnedfrom supporting
Bigtableis the importanceof propersystem-level mon-
itoring (i.e., monitoringboth Bigtable itself, aswell as
theclientprocessesusingBigtable).For example,weex-
tendedourRPCsystemsothatfor asampleof theRPCs,
it keepsadetailedtraceof theimportantactionsdoneon
behalf of that RPC.This featurehasallowed us to de-
tect and �x many problemssuchaslock contentionon
tablet datastructures,slow writes to GFS while com-
mitting Bigtable mutations,and stuck accessesto the
METADATAtablewhenMETADATAtabletsareunavail-
able. Anotherexampleof usefulmonitoring is that ev-
ery Bigtableclusteris registeredin Chubby. This allows
us to trackdown all clusters,discover how big they are,
seewhichversionsof oursoftwarethey arerunning,how
muchtraf�c they arereceiving, andwhetheror not there
areany problemssuchasunexpectedlylargelatencies.

Themostimportantlessonwe learnedis thevalueof
simpledesigns.Givenboththesizeof oursystem(about
100,000lines of non-testcode),aswell asthe fact that
code evolves over time in unexpectedways, we have
foundthatcodeanddesignclarity areof immensehelpin
codemaintenanceanddebugging. Oneexampleof this
is our tablet-server membershipprotocol. Our �rst pro-
tocol wassimple: the masterperiodically issuedleases
to tabletservers,andtabletserverskilled themselvesif
their leaseexpired.However, thisprotocolreducedavail-
ability signi�cantly in thepresenceof network problems,
and thereforewe redesignedthe protocolseveral times
until we hada protocol that performedwell. However,
theresultingprotocolwastoocomplex anddependedon
thebehavior of Chubbyfeaturesthatwereseldomexer-

cisedby otherapplications.We discoveredthatwe were
spendingan inordinateamountof time debugging ob-
scurecornercases,notonly in Bigtablecode,but alsoin
Chubbycode.Eventually, wescrappedthis protocoland
moved to a newer simplerprotocol that dependssolely
onwidely-usedChubbyfeatures.

10 RelatedWork

TheBoxwoodproject[24] hascomponentsthatoverlap
in somewayswith Chubby, GFS,andBigtable,sinceit
providesfor distributedagreement,locking, distributed
chunk storage,and distributed B-tree storage. In each
casewhere there is overlap, it appearsthat the Box-
wood'scomponentis targetedat a somewhatlower level
than the correspondingGoogleservice. The Boxwood
project's goal is to provide infrastructurefor building
higher-level servicessuchas �le systemsor databases,
while the goal of Bigtable is to directly supportclient
applicationsthatwish to storedata.

Many recentprojectshavetackledtheproblemof pro-
viding distributed storageor higher-level servicesover
wide areanetworks, often at “Internet scale.” This in-
cludeswork on distributedhashtablesthat beganwith
projectssuchasCAN [29], Chord [32], Tapestry[37],
andPastry[30]. Thesesystemsaddressconcernsthatdo
notarisefor Bigtable,suchashighly variablebandwidth,
untrustedparticipants,or frequentrecon�guration; de-
centralizedcontrolandByzantinefault tolerancearenot
Bigtablegoals.

In termsof thedistributeddatastoragemodelthatone
might provide to applicationdevelopers,we believe the
key-valuepair modelprovidedby distributedB-treesor
distributedhashtablesis too limiting. Key-valuepairs
area usefulbuilding block, but they shouldnot be the
only building block one provides to developers. The
model we choseis richer than simple key-value pairs,
andsupportssparsesemi-structureddata. Nonetheless,
it is still simpleenoughthat it lendsitself to a very ef�-
cient�at-�le representation,andit is transparentenough
(via locality groups)to allow ourusersto tuneimportant
behaviorsof thesystem.

Several databasevendors have developed parallel
databasesthatcanstorelargevolumesof data.Oracle's
RealApplicationClusterdatabase[27] usesshareddisks
to storedata(BigtableusesGFS)anda distributedlock
manager(BigtableusesChubby). IBM' s DB2 Parallel
Edition[4] is basedonashared-nothing[33] architecture
similar to Bigtable. EachDB2 server is responsiblefor
a subsetof the rows in a tablewhich it storesin a local
relationaldatabase.Both productsprovide a complete
relationalmodelwith transactions.
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Bigtable locality groupsrealizesimilar compression
and disk readperformancebene�ts observed for other
systemsthat organizedataon disk usingcolumn-based
ratherthanrow-basedstorage,includingC-Store[1, 34]
and commercialproductssuchas SybaseIQ [15, 36],
SenSage[31], KDB+ [22], andthe ColumnBM storage
layer in MonetDB/X100[38]. Anothersystemthatdoes
verticalandhorizontaldatapartioninginto �at �les and
achievesgooddatacompressionratios is AT&T' s Day-
tonadatabase[19]. Locality groupsdonotsupportCPU-
cache-level optimizations,such as thosedescribedby
Ailamaki [2].

The mannerin which Bigtable usesmemtablesand
SSTablesto storeupdatesto tabletsis analogousto the
way that theLog-StructuredMergeTree[26] storesup-
datesto index data. In both systems,sorteddata is
buffered in memory beforebeing written to disk, and
readsmustmergedatafrom memoryanddisk.

C-StoreandBigtablesharemany characteristics:both
systemsusea shared-nothingarchitectureandhave two
differentdatastructures,onefor recentwrites, andone
for storinglong-liveddata,with a mechanismfor mov-
ing datafrom one form to the other. The systemsdif-
fer signi�cantly in their API: C-Store behaves like a
relationaldatabase,whereasBigtable providesa lower
level readandwrite interfaceandis designedto support
many thousandsof suchoperationspersecondperserver.
C-Store is also a “read-optimizedrelational DBMS”,
whereasBigtable provides good performanceon both
read-intensiveandwrite-intensiveapplications.

Bigtable's loadbalancerhasto solvesomeof thesame
kindsof loadandmemorybalancingproblemsfacedby
shared-nothingdatabases(e.g.,[11, 35]). Ourproblemis
somewhatsimpler:(1) wedonotconsiderthepossibility
of multiple copiesof thesamedata,possiblyin alternate
formsdueto views or indices;(2) we let theusertell us
whatdatabelongsin memoryandwhatdatashouldstay
ondisk,ratherthantrying to determinethisdynamically;
(3) wehavenocomplex queriesto executeor optimize.

11 Conclusions

We have describedBigtable, a distributed systemfor
storingstructureddataat Google.Bigtableclustershave
beenin productionusesinceApril 2005,andwe spent
roughly seven person-yearson designandimplementa-
tion beforethatdate.As of August2006,morethansixty
projectsare using Bigtable. Our userslike the perfor-
manceandhighavailability providedby theBigtableim-
plementation,andthatthey canscalethecapacityof their
clustersby simply addingmoremachinesto thesystem
astheir resourcedemandschangeover time.

Given the unusualinterfaceto Bigtable, an interest-
ing questionis how dif�cult it hasbeenfor our usersto
adaptto usingit. New usersaresometimesuncertainof
how to bestusetheBigtableinterface,particularlyif they
areaccustomedto usingrelationaldatabasesthatsupport
general-purposetransactions.Nevertheless,thefactthat
many GoogleproductssuccessfullyuseBigtabledemon-
stratesthatour designworkswell in practice.

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

Finally, we have found that thereare signi�cant ad-
vantagesto building ourown storagesolutionatGoogle.
We have gottena substantialamountof �e xibility from
designingour own data model for Bigtable. In addi-
tion, our control over Bigtable's implementation,and
theotherGoogleinfrastructureuponwhich Bigtablede-
pends,meansthatwecanremovebottlenecksandinef�-
cienciesasthey arise.
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