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Abstract

Storageconsumptioncontinuesto grow rapidly, espe-
cially with the popularity of multimedia�les. Worse,
current disk technologiesare reaching physical me-
dia limitations. Storagehardware costs representa
small fraction of overall managementcosts,which in-
cludebackups,quotamaintenance,and constantinter-
ruptionsdue to upgradesto incrementallylarger stor-
age. HSM systemscanextendstoragelifetimesby mi-
gratinginfrequently-used�les to lessexpensivestorage.
Although HSMs canreduceoverall managementcosts,
they alsoaddcostsdueto additionalhardware.

Our key approachto reducingtotal storagemanage-
mentcostsis to reduceactualstorageconsumption.We
achieve this in two ways.First,whereas�les oftenhave
persistentlifetimes, we classify �les into categoriesof
importance,andallow thesystemto reclaimsomespace
basedon a �le' s importance(e.g., transparentlycom-
pressold �les). Second,oursystemprovidesarich setof
policies. We allow usersto tailor their disk usagepoli-
cies,of�oading someof themanagementburdensfrom
thesystemandits administrators.Wehaveimplemented
thesystemandevaluatedit. Performanceoverheadsun-
dernormalusearenegligible. We reportspacesavings
on modernsystemsrangingfrom 20% to 75%, which
resultin extendingstoragelifetimesby up to 72%.

1 Intr oduction
Despiteseeminglyendlessincreasesin the amountof
storageandtheeverdecreasingcostsof hardware,man-
agingstorageis still expensive. Additionally, userscon-
tinue to �ll increasinglylarger disks,worsenedby the
proliferation of large multimedia �les and high-speed
broadbandnetworks. Baker reportedin 1991 that the
sizeof large �les had increasedby ten timessincethe
1985BSD study [1,19]; Roselli [21] reportedin 2000
thatlarge�les weregettingtentimeslargerthanBaker's
reported.Our recentstudies(Section3) show that just
three yearslater, large �les are ten times larger than

Roselli reported. Moreover, storagerequirementsare
continuingto grow at a rateof 50%a year[6]. Finally,
existing harddisk technologyis reachingphysicallim-
itations,makingit harderandcostlier to meetgrowing
userdemands[12].

Storagemanagementcostshave remaineda signi�-
cantcomponentof total storagecosts.Gelbreportedin
1989thatevenin the'70s, storagemanagementcostsat
IBM wereseveral timesmorethanhardwarecosts,and
projectedthatthey would reachtentimesthecostof the
hardware[8]. Today, managementcostsareindeed� ve
to tentimesthecostof underlyinghardwareandareac-
tually increasingas a proportionof cost becauseeach
administratorcanonly managea limited amountof stor-
age[3,7,14–16]. Up to 47% of storagecostsareasso-
ciatedwith administratorsmanuallymanipulating�les
[27]. We believe that reducingthe rateof consumption
of storage,and not waiting for the next generationof
largerstorageproducts,is thebestsolutionto this prob-
lem.

Thankfully, signi�cant savingsarepossible:old data
canbecompressedandregenerabledatacanberemoved.
Previous studies show that over 20% of all �les—
representingover half of the storage—areregenerable
[23]. Our own study, however, shows that15.3%of all
�les are regenerable,but they accountfor only 17.6%
of storagespace;this is becausein recentyears,non-
regenerablemultimedia �les have begun taking large
amountsof space,suggestingthe needto handlemul-
timedia�les differently. Otherstudiesindicatethat82–
85%of storageis consumedby �les thathave not been
accessedin morethana month[2,24]. Ourstudiescon-
�rm this trend,andshow thatof the9 million �les in our
study, 89.1%of themhavenotbeenaccessedin thepast
month,takingup 90.4%of thetotal storage.As overall
storagesizesincrease,more infrequently-used�les are
left onexpensivedisks,insteadof beingconsolidatedor
migrated—therebyincreasingthetotal costof storage.

We concludefrom thesestudiesthatstoragemanage-
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menthasbeena problemin the past,continuesto be a
problemtoday, and is only getting worse—alldespite
growing disk sizes.Morris describedthe ideaof Auto-
nomicComputing,which includes“the system's ability
to adjustto its con�guration andresourceallocationto
achieve predeterminedgoals” [16]. Golding et. al. as-
sert,“storagesystemsmustbeself-managing”[9]. Hier-
archicalStorageManagement(HSM) systemshavemul-
tiple tiers of storage,from high-enddisks to slow and
inexpensive tape drives; infrequently-accesseddata is
movedto slower tiersof theHSM system.HSM's,how-
ever, addmanagementcostsandarenot �e xible enough
for users. Our Elastic Quota System(Equota) is de-
signedto helpthemanagementproblemvia ef�cient use
of storagewhile allowing usersmaximal freedom,all
with minimal administratorintervention.

Elasticquotasenterusersinto acontractwith thesys-
tem: userscanexceedtheir quotawhile spaceis avail-
able,undertheconditionthat thesystemwill beableto
automaticallyreclaimthestoragewhentheneedarises.
Usersor applicationsmaydesignatesome�les aselas-
tic. When spaceruns short, the ElasticQuotaSystem
may reclaim spacefrom those�les marked as elastic;
non-elastic�les maintainexisting semanticsandareac-
countedfor in users' traditionalquotas. Elasticquotas
createsa hierarchyof data's importance:the most im-
portantdatacannever bereclaimed;somedatamaybe
compressed;other datacan be compressedin a lossy
manner;andregenerabledatamaybedeleted.Usersand
systemadministratorscancon�gure �e xible policiesto
designatewhich �les belongto which partof thehierar-
chy. Elasticquotasintroducelittle overheadfor normal
operation,and demonstratethat throughthis new disk
usagemodel,signi�cant spacesavingsarepossible.

The restof this paperis organizedas follows. Sec-
tion 2 discussesbackgroundwork. Section3 describesa
studywe conductedwhich motivatedour designin Sec-
tion 4. Section5 discussesthevariouspolicieswe sup-
port. Section6 presentsmeasurementsandperformance
resultsof variouspolicies.Weconcludein Section7 and
discussfuturedirections.

2 Background
Elasticquotasarecomplementaryto HierarchicalStor-
ageManagement(HSM) systems.HSMsprovide ways
to reclaim disk spaceby moving less-frequentlyac-
cessed�les to aslowerdiskor tape.HSMsoftenprovide
a way to access�les storedon the slower media,rang-
ing from �le searchsoftware to replacingthe original,
migrated�le, with a link to its new location. Thereare
many applicationsfor HSM systems,suchasonlineref-
erencedata(e.g.,CAD/CAM drawings,medicalimag-
ing, etc.), archival storage(e.g., email archiving), and
backupand remotedisasterrecovery (e.g., to improve

restoretimes). Suchdatais becominga growing com-
ponentof total storage;by 2004 over 50% of storage
reportedlywill bereferenceinformation[17].

SeveralHSM systemsarein usetodayincludingUni-
Tree[5], SGI DMF (DataMigration Facility) [26], the
SmartStorageIn�net system[29], IBM StorageMan-
agement[11], VeritasNetBackupStorageMigrator[30],
andpartsof IBM OS/400[20]. Most HSM systemsuse
a combinationof �le sizeand last accesstimes to de-
terminethe�le' seligibility for migration.HP AutoRaid
migratesdatablocksusingpoliciesbasedon accessfre-
quency [31]. Wilkeset.al. implementedthisat theblock
level, andsuggestedthatper-�le policiesin the�le sys-
tem might allow for morepowerful policies; however,
they claim that it is dif�cult to provide an HSM at the
�le systemlevel becausethereare too many different
�le systemimplementationsdeployed. We believe that
usingstackable�le systemscanmitigate this concern,
asthey arerelatively portable[10,28,34]. In addition,
HSMs typically do not take disk spaceusageper user
over time into consideration,and usersare not given
enough�e xibility in choosingstoragecontrol policies.
Webelievethatintegratinguser- andapplication-speci�c
knowledgeinto an HSM systemwould reduceoverall
storagemanagementcosts.

In the past,HSMs consistedof fastprimary storage
suchasmagneticdisks,andthenmagnetictapeor op-
tical mediaasa slower yet inexpensive layer. NetApp
NearStoreandsimilar productsbringa new layerto this
hierarchy:lessexpensivelargediskarrays[18]. To con-
servestoragespace,theAS/400allowssomedisksto be
compressedautomatically[20]. Although thesemeth-
odsdecreasethe costof the storagemedium,they add
additionaldevicesthatmustbemanagedby administra-
tors. To reduceoverall storagemanagementcosts,we
claimthattherunawayspaceconsumptionratesmustbe
reduced.

3 Moti vation
It has long been suggestedthat storage needs are
increasing—asquicklyaslargerstoragetechnologiesare
produced.Moreover, eachupgradeis costlyandcarries
with it high �x edcosts[7]. To determinehow bestto re-
ducemanagementcosts,we rana comprehensive study
to quantifythis growth, with aneye towardreducingthe
rateof growth throughanintelligentsetof policies.

We haveidenti�ed threemethodsof reducinggrowth,
eachwith an increasingrisk level. First, datacan be
compressedthroughlosslessmeanssuchasatransparent
compression�le system[20,32]. This methodcarries
very little risk sinceno datais destroyed. Second,mul-
timedia �les suchasJPEGor MP3 canbe re-encoded
with lower quality. This methodcarriessomerisk be-
causenot all of the original datais preserved, but the
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datais still available anduseful. Thereare no known
publishedstudiesthat give speci�c guidelinesfor mul-
timediarecompression,but throughpracticalexperience
within the industryandour own personalobservations
we have determinedacceptableratios. Third, regener-
able �les (e.g., reproducible.o �les) canbe removed.
This methodcarriesmorerisk sincethe�le mustbere-
generatedbeforeit canbeusedagain.

To determinewhatsavingsarepossiblegiventhecur-
rent usageof disk space,we conducteda studyof � ve
sites, for which we had completeaccess. Thesesites
includea total of 3908users,over 9 million �les, and
746GBof datadatingback15years:

� A: A smallsoftwaredevelopmentcompany with 20
programmersand 80 management,sales,market-
ing, andadministrativeuserswith datafrom 1992–
2003.

� B: A large academicdepartmentwith 3581users,
the majority of which arestudentsconductingre-
searchand working on homework assignments.
Our dataincludesshared�le servers,whosedata
wascollectedover15years.

� C: A researchgroupwith 177usersanddatafrom
2000–2003.

� D: An ISPandnetwork integratorwith 10develop-
ersandsystemadministratorswith datafrom 1998–
2003.

� E: A groupof 40 cooperative userswith personal
Websitesanddatafrom 2000–2003.

Eachof thesesiteshasexperiencedreal costsasso-
ciatedwith storage:A underwentseveralmajorstorage
upgradesin thatperiod;B continuouslyupgradesseveral
�le serverseverysixmonths;thestatisticsfor C wereob-
tainedfrom a �le server that wasrecentlyupgraded;D
hasoutgrown its disk capacity, but lacks the resources
to upgrade;andE hasrecentlyinstalledquotasto rein in
diskusage.
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Figure 1: PossibleStorage Savings.Actualamountsappear
to theright of thebars,with thetotal sizeon top.

To simulatea space-reclamationpolicy on these� ve
sites,we consideredthe threespacereclamationmeth-
ods discussedabove. The savings from compression,
lossycompression,andcorrelatedremoval canbe seen
in Figure1. The top white bar is the amountsaved by
risk-freecompression;the next hatchedbar is the sav-
ings from lossy compression;and the next bar down
representssavingsfrom theremoval of regenerable�les.
The amountof storageremainingafter cleaningis the
darkbarat thebottom.

First we considereda transparentcompressionpol-
icy. We consideredall compressible�les that have not
beenaccessedor modi�ed in 90 daysascandidatesfor
compression.In this situation,we save between4.6%
(20.8GB)from groupB and54.1%(41GB)from group
C. Weyield largesavingsongroupC: it has400,988.c
�les thatcompressto 27%of their original sizethereby
saving 4GB storage.GroupB containsa large number
of active users,sothepercentageof �les thatwereused
in thepast90daysis lessthanthatin theothersites.

Next, wetestedtheability to reclaimspaceusinglossy
compression. We did not considermedia �les in the
transparentcompressionmethodbecausegreatersav-
ings can be achieved throughlossy compression.The
lossy compressionsavings re�ect the sum of our sav-
ings from compressingstill images,videos,andsound
�les. The resultsvaried from no savings on group D
to a savings of 35% (4.2GB) for groupE. The largest
overall spacesavings camefrom groupB, where19%
(87.5GB)wassaved. GroupD shows no savings from
lossy compressionbecauseit is a commercialproduct
developmentgroupwherepersonal�les arenotallowed,
whereasgroupsB andE aremoreliberalsites,andthere-
forecontainalargenumberof personal.mp3 and.avi
�les. As media�les grow in popularityandsize,sowill
thesavingsfrom a lossycompressionpolicy.

Finally, we consideredtheremoval of all regenerable
or expendable�les, suchas.o �les (with corresponding
.c 's) and˜ �les, respectively. We accountfor the fact
that these�les mayhave alreadybeencompressed,and
our savings take into accounttheir sizesaftercompres-
sion. We observed savings between0.7% (70MB) for
groupD and40.5%(74.1GB)for groupA. The�les on
groupD werepredominantlyexecutablesand.tar �les
whichcannotberegenerated,whereasgroupA hadlarge
temporarybackuptar �les that wereno longerneeded
(ironically, they werecreatedjust prior to a �le server
migration).

Overall, using all three methods,we save between
16%(1.6GB)and74.2%(135.6GB)of total disk space,
averaging48%savingsacrossall � vegroups.

To verify if applyingtheaforementionedthreespace
reclamationmethodswouldreducetherateof diskspace
consumption,we correlatedtheaveragesavingswe ob-
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tainedin the above environmentswith the SEER[13]
andRoselli [21] traces. We also evaluatedthe useful-
nessof the Sprite [22] andBSD [19] traces.However,
we choseto usetheSEERtracesasthey weremorere-
centandprovideduswith both thepathandgrowth in-
formationneededfor ourstudy. Werequire�lenameand
pathinformation,sinceour spacereclamationmethods
dependon �le typesdeterminedby extension.

TheSEERtracesrangefrom 1 to 6 monthsandrecord
the systemcall activity of nine differentusersworking
onbothconnectedanddisconnectedLinux-basedlaptop
computerswith 810MB IBM DVAA-2810 hard disks.
(Weobtainedsomeof thisinformationdirectlyfrom Ge-
off Kuenning,thechief researcheron theSEERproject,
sinceit wasnot available in existing publications.) In
spiteof the�lenameandgrowth informationavailablein
theSEERtraces,they lack �le sizeinformationneeded
to analyzetheusefulnessof our spacereclamationpoli-
cies. To computethe disk spaceconsumedduring the
traceperiod,wefoundthenumberof �les thatwerecre-
atedduringthetraceperiodandmultiplied this with the
average�le sizein the Roselli traces.We choseto use
theRosellitracesherebecausethey weretakenin 1996,
at aroundthe sametime the SEERtraceswere taken,
andwould thereforegive usa betterestimateof theav-
erage�le sizeon a systemat that time. Unfortunately,
theRosellitraceswereanonymizedandcontainedno�le
nameor pathinformation,so we could not run sample
policieson them,leadingus to correlatethe two traces
togetherto comeup with a realisticusagescenario.As
thecleaningpoliciesarebasedonthe�le extensions,we
computedthespaceconsumedby eachextensionin the
SEERtracesby multiplying thenumberof �les of each
extensionby theaveragesizeof �les of thecorrespond-
ing extensionsthatwe obtainedin our studyof the � ve
groups.
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Figure 2: SEERFile SystemGrowth and Potential Savings
fromEquotaSpaceReclamationPolicies

The resultsof our analysiscanbe seenin Figure2.
All of theselinesbegin at1.8GB,sinceeachof the9 lap-
topsin theSEERtraceshadSlackwareLinux installed,
which consumedabout200MB eachin system�les and
swapspaceat that time. At therateof growth exhibited

in thetraces,theharddrivesin themachineswouldneed
to beupgradedafter11.14months.Adding a compres-
sion policy extendsthe disks' lifetime to 18.5 months.
Adding a lossy compressionpolicy extendsthe disks'
lifetime to 18.7 months. Finally, the savings from re-
moving regenerable�les extendedthedisks' lifetime to
19.2 months. Thesetechniquesstretchthe disks' life-
timesbeyondthe18 monthdoublingperiodof Moore's
law. Although the savings from lossy and correlated
�les are small here,we believe this is a result of the
dataavailablein the traces.Although the SEERtraces
did provide �lenames,only certain�lenamesremained
unanonymized,leaving us to estimategrowth basedon
averageswe computedacrossall 9 million �les in the
� ve groupstudy. Also, lossy-compression–basedpoli-
cies are centeredaroundmedia �les, which have in-
creasedin popularityin recentyears.Nevertheless,our
conservativestudyshowsthatwecanstill reducegrowth
ratesby 52%. Furthermore,as the numberand foot-
print of large-sizedmedia�les increaseand large �les
get even larger [1, 21], so will the savings from lossy
compression.Basedontheseresults,wehaveconcluded
thatpoliciessuchasthesethreeareverypromisingstor-
agemanagementcost-reductiontechniques.

4 Design
Our two primarydesigngoalswereto allow for (1) ver-
satileand(2) ef�cient elasticquotapolicy management
techniques.An additionalgoalwasto avoid changesto
theexistingOSto supportelasticquotas.To achievever-
satility we designeda �e xible policy managementcon-
�guration languagefor useby administratorsandusers;
a numberof user-level andkernelfeaturesexist to sup-
port this �e xibility . To achieve ef�ciency we designed
thesystemto run asa kernel�le systemwith DB3 [25]
databasesaccessibleto theuser-level tools. Finally, we
useda stackable�le systemto ensurewe do not have to
modify existing �le systemssuchasExt3 [33].

Giventheabove goals,thedesignof anelasticquota
�le systemhasto answeronekey question:how to iden-
tify a �le as elasticvs. persistent. A relatedquestion
is how to ef�ciently locateall elastic�les onagiven�le
system.Wemarka�le aselasticusingasingleinodebit;
suchsparebits areavailablein mostmoderndisk-based
�le systemssuchasFFS,UFS, andExt2/3. Changing
elasticityhereinvolvesusinga standardioctl to turn
the bit on or off. Our prototypeusesthe Ext3 nodump
bit, which indicatesthata �le shouldnot bebackedup,
so the semanticsalreadymake sensefor elastic �les.
Moststackable�le systemsattemptto achievecomplete
independencefrom theunderlying�le system.Our im-
plementation,however, takesadvantageof speci�c Ext2
or Ext3featureswithoutmodifyingthem(only 9 linesof
Ext2/Ext3speci�c codeareneeded).Locatingall elastic
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�les requiresrecursive scanningof all �les andcheck-
ing if theinodebit is onor off. To improveperformance
andversatility in this designwe alsorecordelastic�le
informationin DB3 databases:userIDs, �lenames,and
inodenumbers.TheseDB3 databasesimprove perfor-
mance,but if lost, they canbe regeneratedfrom infor-
mationcontainedwithin the�le system.

4.1 Ar chitecture
Figure3 shows the overall architectureof our system.
We describeeachcomponentin the �gure andthenthe
interactionsbetweeneachcomponent. Thereare four
componentsin our system:

Quota
Elastic

Utilities
Management

User
Process

Database Policy
Thread

Thread

U
S

E
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RUBBERD

ioctl's
quota
syscalls calls
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K
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Figure3: ElasticQuotaArchitecture

1. EQFS: Theelasticquota�le systemis a stackable
�le systemthat is mountedon top of anotherdisk-
based�le systemsuch as Ext3. EQFS includes
a component(Edquot)that indirectly managesthe
kernel's native quotaaccounting.EQFSmay also
be con�gured to sendmessagesto a user space
component,Rubberd.

2. DB3 databases: Thesedatabasesrecordinforma-
tion about elastic �les. We have two types of
databases. First, for each user we maintain a
databasethat mapsinode numbersof elastic �les
to their names,which we denotein this paperas
I! N. Having separatedatabasesfor eachuseral-
lows us to locateall of the elastic �les of a user
easily, aswell asenumerateall elastic�les by go-
ing over eachper-userdatabase.The secondtype
of databasewe maintain(denotedU! A) records
anabusefactor for eachuserdenotinghow “good”
or “bad” hasa givenuserbeenwith respectto his-

torical utilization of disk space.We describeabuse
factorsin detail in Section5.3.

3. Rubberd: This user-level daemoncontainstwo
threads. The databasemanagementthreadis re-
sponsiblefor updatingthevariousDB3 databases.
The policy thread executescleaning policies at
given times, which often involves querying the
DB3 databases.

4. Elastic Quota Utilities : Theseutilities includeen-
hancedversionsof the quota-utils package,
usedto query, set,andcontroluserandgroupquo-
tas. We enhancedtheseutilities to supportelastic
quotas.We alsocreatednew utilities thatcanbuild
or querytheDB3 databases;this is usefulto build
the DB3 databasesfrom an existing �le systemor
to quickly list all elastic�les ownedby a user.

4.2 SystemOperation

Beforewe describeour system's operation,we describe
how quotasare accountedon a systemwithout elastic
quotas.In traditionaloperatingsystems,quotaaccount-
ing is oftenintegratedwith thenativedisk-based�le sys-
tem.SinceLinux supportsanumberof �le systemswith
quotas,quotaaccountingis an independentVFS com-
ponentcalleddquot. Usually, systemcalls invoke VFS
operationswhich in turn call �le-system–speci�coper-
ations. However, unlike other VFS code,Dquot code
doesnot call the�le system.Instead,thenative �le sys-
temcalls theDquotoperationsdirectly. This Dquotop-
erationsvectoris initialized whenquotasareturnedon
for that�le systemby thesystemadministratoror atboot
time. Thereasonfor this reversecallingsequenceis that
only thenativedisk-based�le systemknowswhenauser
operationhasresultedin achangein theconsumptionof
inodesor disk blocks.

Ourstackable�le systemEQFSintercepts�le system
operations,performs related elastic quota operations,
and then passesthe operationto the lower �le system
(Ext2, Ext3, etc.). EQFSalsointerceptsquotamanage-
mentoperationsandinsertsits own setof operationsin a
componentcallededquot. Figure3 shows that thecall-
ing conventionfor regular�le systemoperationsis from
a userprocessissuinga systemcall, to thestackable�le
system,andthendown to the lower �le system.How-
ever, thecalling conventionfor elasticquotaoperations
is reversed:from thelower�le system,throughourelas-
tic quotamanagement(Edquot),andto the VFS's own
quotamanagement(Dquot). We devisedthis novel in-
terceptionform—or reversestacking—to avoid chang-
ing eithertheVFS(i.e.,Dquot)or native �le systems.

Eachuseron our systemhastwo UIDs: onethatac-
countsfor persistentquotasand anotherthat accounts
for elasticquotas.Thelatter, calledtheshadowUID, is
simply theones-complementof theformer. Theshadow
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UID doesnotmodify existingownershipor permissions
semantics;it is only usedfor quotaaccounting.Users
executesystemcalls which the VFS translatesinto �le
systemoperations. We passthoseoperationsto Ext3.
WhenExt3callsEQFS'sEdquotoperations,Edquotde-
terminesif the operationwasfor an elasticor a persis-
tent �le, by inspectingthe �le' s elasticinodebit. If the
accountingoperationwasfor anelastic�le, Edquottells
Dquotto accountfor thechangedresource(inodeor disk
block) in theshadow UID. In thismannerit is easyto ac-
count for elasticandpersistentquotasseparately;both
kernel and user-level utilities can easily �nd out how
muchpersistentor elasticspacea useris using,which
easesRubberd'spolicy managementtasks.

Wehavetwomethodsfor keepingtrackof elastic�les.
The �rst, calledfull mode, is to track eachrelevant �le
operation.The second,callednull mode, is to periodi-
cally (e.g.,nightly) generatealist of elastic�les from the
�le system.Theadvantageof full modeis thatthelist of
elastic�les will alwaysbecurrent;theadvantageof the
null modeis thatoverheadis minimizedduringnormal
systemoperation.The modecanbe selectedusingthe
“netlink” optionin rubberd.conf (seeTable1). We
evaluatedbothmodesin Section6.

If runningin full mode,wheneverEQFSperformscer-
tain operationsthataffectanelastic�le, it informsRub-
berd of that event. Rubberdrecordsthe statusof that
elastic�le in the DB3 databases.EQFSinforms Rub-
berd aboutcreation,deletion, renames,hard links, or
ownershipchangesof elastic�les. Additionally, when-
ever a persistent�le is madeelasticor an elastic�le is
madepersistent,EQFStreatsthis asa creationor dele-
tion event, respectively. EQFScommunicatesthis in-
formationwith Rubberd's databasemanagementthread
overaLinux kernel-to-usersocketcallednetlink.

When operatingin full mode, Rubberd's database
managementthreadlistens for netlink messagesfrom
EQFS.When it receives a message,Rubberddecodes
it andappliestheproperoperationon theper-userI! N
database.For example,userscanmake a �le elasticus-
ing thechattr (change�le attributes)utility onLinux.
Whenthey turn on theelasticbit on a �le, EQFSsends
a “createelastic�le” netlink messageto Rubberdalong
with the UID, inodenumber, and the nameof the �le.
Rubberdthenperformsa DB3 “put” methodto inserta
new entry in thatuser's I! N database,usingthe inode
numberaskey andthe�le' snameastheentry'svalue.

Rubberd'spolicy threadexecutesagivenpolicy asde-
�ned by thesystemadministrators.SupposeRubberd's
policy threadis executinga removal policy to reclaim
disk spaceby deletingregenerableelastic �les. Rub-
berdinvokesunlink operationsthroughEQFS,which
in turn are passedto Ext3 and Dquot. When using
full mode,EQFSsendsa netlink messageto Rubberd's

databasemanagementthread—in this casea “delete
elastic�le” netlink message.Rubberdis multi-threaded
becauseit hasto concurrentlyinvokeEQFSsystemcalls
andreceiveandprocessnetlink messagesfrom EQFS.

Whenusingnull mode,theDB3 databaseswill notbe
up-to-datewith respectto the�le system.Nevertheless,
thismodeis usefulfor atime-basedpolicy suchasclean-
ing oldest�les �rst, sinceolder�les arelikely to remain
in theDB3 database.SinceRubberdobtainsinformation
aboutall �les at cleaningtime, even if the �le wasup-
datedafter thenightly generationof thedatabase,Rub-
berdwill still useup-to-date�le attributes.If Rubberdis
not ableto reclaimenoughspaceusingthe previously-
generateddatabases,it will initiate a more expensive
recursive scanof the �le systemto generateup-to-date
databases.Systemadministratorsmustweightheadded
bene�t of up-to-dateaccountingwith the extra perfor-
manceoverheadintroducedby EQFS's full mode.

Rubberdis con�gured to wakeup periodically and
recordhistorical abusefactorsfor eachuser, denoting
theuser's averageelasticspaceutilization over a period
of time. Rubberdgetsthe list of all users,their elastic
and persistentdisk usage,and their elasticand persis-
tentquotas(if any). With thesenumbers,Rubberdcom-
putesan updatedabusefactor, andstoresthis value in
theU! A database.We describeabusefactorsin more
detail in Section5.3.

4.3 Elasticity Modes
EQFSsupports� ve methodsof determiningwhena �le
becomeselastic. This allows us to leverageuserand
application-speci�cknowledgewhen determininghow
to reclaimspace.

First,userscantogglethe�le' selasticityby usingthe
standardLinux chattr tool. This allows usersto con-
trol elasticity on a per �le basis. Oncea �le is made
elasticor persistent,moving it to otherdirectoriesonthe
systemdoesnot changeits elasticity.

Second,userscanusechattr to toggle the elastic
bit on a directoryinode.EQFSinheritstheelasticbit to
any newly-created�le or sub-directory, similarly to how
a new �le' sgroupis inheritedin a setgiddirectory. This
elasticity modeis useful for whole elastichierarchies,
suchas/tmp or auser'sWebbrowsercachedirectory.

Third, userscantell EQFS(via an ioctl ) whether
�les thatarenewly createdshouldbeelasticor not. This
modeworks similarly to how the newgrp command
setsthedefault groupthat all newly-created�les or di-
rectoriesshoulduse. One usefor this mode is when
usersunpackan important sourcedistribution; before
beginning to build the package,userscansetthis elas-
ticity modefor all future �les. Thatway, all newly cre-
ated�les during the build, regardlessof their location,
will be elastic: objects,libraries, executables,header-
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dependency �les, etc.
Fourth, userscan tell EQFS(again,via an ioctl )

which newly-created �les should be elastic by their
name. Speci�cally, userscan specify a small num-
ber of �le extension strings that are matched by
eqfs create from a newly-created�le name. This
modeis particularlyusefulbecauseusersoftenthink of
theimportanceof �les by their type—orextension(e.g.,
.c aremore importantthan.o �les becausethe latter
canbeeasilyregeneratedfrom theformer).

Finally, applicationdevelopersmayknow bestwhich
�les arearebestmarkedelastic.Sincemany temporary
�les are not createdby users,but ratherby programs,
weaddedanew �ag to theopen andcreat EQFS�le
systemmethods:O ELASTIC. This �ag tells EQFSto
createthe new �le aselastic. For example,Emacscan
automaticallycreateits ˜ backup�les elastically.

5 Elastic Quota Policies
The coreof the elasticquotasystemis its handlingof
spacereclamationpolicies. EQFS is the �le system
thatprovideselasticitysupportandworksin conjunction
with Rubberd,the user-spacedaemonthat implements
cleaningpolicies,asseenin Figure3.

We start (Section5.1) with a generaldiscussionof
the designissuesinvolved in policies; aswe see,there
areoftencon�icting concernsthatmustbecarefullybal-
ancedto provideaconvenient,fair, andversatilesystem.
In Section5.2wediscussthedesignof Rubberd'spolicy
enginefromtheperspectivesof usersandadministrators.
In Section5.3wediscusshow Rubberddeterminesfairly
how muchdisk spaceto reclaimandfrom which users;
thatculminatesin Section5.4wherewedetailtheactual
methodsandalgorithmswe useto reclaimdisk space;
and�nally in Section5.5wedescribehow elasticquotas
maybeusedin varioussituations.

5.1 Policy DesignConsiderations
File systemmanagementinvolvestwo parties: the run-
ningsystemandthepeopleinvolved(administratorsand
users).

To the system,�le systemreclamationmustbe ef�-
cient so as not to disturb normal operations. For ex-
ample,whenRubberdwakesup periodically, it mustbe
able to quickly determineif the �le systemis over the
administrator-de�ned high watermark. If so, Rubberd
must be able to locateall elastic�les quickly because
those�les are candidatesfor removal. Moreover, de-
pendingonthepolicy, Rubberdwill alsoneedto �nd out
certainattributesof elastic�les: owner, size,lastmodi-
�cation time,etc.

To thepeopleinvolved, �le systemreclamationpoli-
ciesmustconsiderthreefactors:convenience,fairness,
andgaming.Thesethreefactorsareimportantespecially

in light of ef�ciency, becausesomepoliciescouldbeex-
ecutedmoreef�ciently thanothers. We describethese
threefactorsnext. However, theoverall designgoalsof
thiswork wereto provideasmuch�e xibility to bothad-
ministratorsand usersto decideon the suitableset of
policiesthatmeettheir site's needs.

Convenience The systemshouldbe easyto useand
simpleto understand.Usersshouldbe ableto �nd out
how muchdisk spacethey areconsumingin persistent
andelastic�les andwhich of their elastic�les will be
reclaimed�rst. Administratorsshouldbeableto con�g-
urenew policieseasily.

Thealgorithmsusedto de�ne aworstoffendershould
besimpleandeasyto understand.For exampleconsid-
ering the currenttotal elasticusageis simpleandeasy
to understand.A morecomplex algorithmcould count
theelasticspaceusageover time asa weightedaverage.
Althoughsuchanalgorithmis alsomorefair, becauseit
accountsfor historicalusage,it might be moredif�cult
to understandby users.

Thereclamationmethodalsoheavily in�uencescon-
venience.Having a �le removedis lessconvenientthan
atransparentcompressionpolicy. Equallyimportant,the
usershouldbe aware of what non-transparentactions
havebeenperformedon their �les by thesystem.

Fairness Fairnessis hard to quantify precisely. It is
oftenperceivedby theindividualusersashow they per-
sonallyfeel that thesystemandtheadministratorstreat
them.It is importantto provideanumberof policiesthat
canbetailoredto asite'sown needs.For example,some
usersmight considera largest-�le-�rst removal policy
unfair becauserecently-created�les may be reclaimed
aftera shortperiodof time. Otherusersmight feel that
an oldest-creation-timepolicy is unfair becauseit does
notaccountfor recency or frequency of use.

For thesereasons,the policiesthat aremorefair are
basedon individual users'disk spaceusage.In partic-
ular, usersthat consumemore disk spaceover longer
periodsof time shouldbe consideredthe worst offend-
ers. Overall, it is morefair if theamountof disk space
beingcleanedis proportionalto the level of offenseof
eachuserwho is using elasticspace. Oncethe worst
offenderis determinedandtheamountof disk spaceto
cleanfrom that useris calculated,however, the system
mustde�ne whichspeci�c �les shouldbereclaimed�rst
from that user. Basic policiesallow for time-basedor
size-basedpoliciesfor eachuser. For theutmostin �e x-
ibility , usersareallowedto de�ne their own orderedlist
of �les to be reclaimed�rst. This not just allows users
to overridesystem-widepolicies,but alsoto de�ne new
policiesbasedon�lenamesandotherattributes(e.g.,re-
move*.o and*˜ �les �rst).
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Gaming Gamingis de�ned astheability of individual
usersto circumvent the systemand prevent their �les
from beingreclaimed�rst. Goodpoliciesshouldbere-
sistantto gaming.For example,aglobalLRU policy that
removesolder�les couldbecircumventedby �les' own-
erssimply by readingor touch ing those�les. Some
policiesaremoredif�cult to game,for examplea pol-
icy that removesthe largest�les �rst. Userscouldsplit
their large�les into smallerchunks,but thenhave to as-
semblethepartsbackbeforethelarge�le couldbeused
again. Policiesthat aredif�cult to gameincludea per-
userworst-offenderpolicy. Regardlessof the�le' s times
or sizes,a userstill ownsthesametotal amountof data.
Suchpolicieswork well on multi-usersystemswhereit
is expectedthatuserswill try to gamethesystem.

Therearecertainsituationswheregamingmaynotbe
animportantfactorin choosingpolicies. Certainglobal
policies(e.g.,by time or size)maystill beusefulin sit-
uationssuchaswith a smallgroupof cooperative users
who do no have an incentive to circumvent thesystem;
suchgamingcouldhurt theircolleagues'ability to work.
Anotherusefulscenariowheregamingis not anissueis
a single-userworkstation:to sucha user, elasticquotas
canbea usefulmethodof ensuringthat temporary�les
getautomaticallycleanedperiodically.

5.2 Rubberd Con�guration Files
Administrators Administratorstypically control two
con�guration �les in /etc : (1) an elastic quotas
con�guration �le (policy.conf ) and (2) a Rub-
berd con�guration �le that de�nes startup options
(rubberd.conf ).

Thepolicy con�guration�le (policy.conf ) usesa
simplesyntaxasfollows. Thecon�guration�le mayde-
�ne multiple policies,oneper line. WhenRubberdhas
to reclaimspace,it �rst determineshow muchspaceit
shouldreclaim—thegoal. Rubberdthenexecuteseach
policy in orderuntil thegoalis reachedor nomorepoli-
ciescanbe executed.Eachline in this �le hasthe fol-
lowing space-delimitedformat:

type method sort [f il ter :::] (1)

The �rst parameter, type, de�nes what kind of pol-
icy to useandcanhave oneof threevalues: global
for a global policy, user for a per-user policy, and
user profile for a per-userpolicy that �rst consid-
ersthe user's own personalpolicy �le. In this way ad-
ministratorscanpermitusersto de�ne policieson their
�les. Thesecondparameter, method, de�neshow space
shouldbe reclaimed.Our prototypede�nes four meth-
odscurrently:gzip for apolicy thattransparentlycom-
presses�les (on accessthe �le is automaticallydecom-
pressedwith no userintervention),lossy for a policy
thatre-encodesmultimedia�les usinglowerbitrates,rm

for apolicy thatdeletes�les, andcustom whichallows
a customizedcommandto be run. In this way, admin-
istratorscande�ne a systempolicy that�rst compresses
�les andthenremovesthem:suchapolicy hasthebene-
�t thatenoughspacemaybereclaimedby compressing
�les and userscan still get accessto their elastic �les
through transparentdecompression.A custompolicy
usingmv andtar could be usedtogetherasan HSM
system,archiving and migrating �les to slower media
at cleaningtime. The third parameter, sort, de�nes the
orderof �les beingreclaimed.We de�ne several keys:
size (in disk blocks) for sorting by largest �le �rst,
mtime for sortingby oldestmodi�cation time �rst, and
similarly for ctime andatime . Theremainingentries
onthepolicy line areoptionalandde�ne �lename �lters
to applythepolicy to. If notspeci�ed,thepolicy applies
to all �les.

Considerthefollowing policy.conf �le:
global rm size Ä .bak core .tmp
user gzip mtime
user_profile rm atime .o
user_profile lossy atime .jpg .mpg .mp3 .avi

The�rst line startsasimpleglobalpolicy thatwill delete
obviously unnecessaryelastic�les suchasbackup�les
usedby editors.WhenRubberdtriesto reclaimspace,it
will try to bringthesystemdown to thegoallevel by this
�rst policy line. If thatis insuf�cient, Rubberdwill pro-
ceedandapply the secondpolicy line, which de�nes a
per-userpolicy thatwill compressall elastic�les. Next,
Rubberdwill performa userpolicy that removescom-
piler object�les thathave not beenreadin a while, but
allows usersto overridethesystemdefaults. Finally, if
still notenoughspacehasbeenreclaimed,Rubberdwill
apply a lossy compressionpolicy on multimedia�les,
again allowing usersto override the default selection
basedonatime.

TheRubberdcon�guration�le (rubberd.conf ) is
simpleandde�nestheparametersdescribedin Table1.

Parameter Meaning
hi watermarkN % diskusageto begin cleaning
lo watermarkN % diskusageto stopcleaning
statfsinterval S diskusagecheckinterval (sec)
mountpoint M nameof EQFSmountto monitor
netlink on| off processnetlinkmessages?
abusecurM modeto computecurrentusage
abuseavg I N linearhistoricalabusefactors
abuseexp I D exponentialhistorical abusefac-

tors

Table1: Rubberd con�guration �le parameters. We describe
abusefactors in Section5.3.

Users If thesystemadministratorhasallowedusersto
determinetheirown reclamationpolicies,userscanthen
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usewhateverpolicy they desirefor determiningtheorder
in which their �les arereclaimed�rst. The userpolicy
�le can only instruct Rubberdto prefer those�les for
reclamation�rst; if not enoughspacecanbereclaimed,
Rubberdwill continueto reclaimspaceasde�ned in the
system-widepolicy �le, policy.conf .

Entry Meaning
class/foo.tgz a relativepathnameto a �le
˜/misc a non-recursivedirectory
˜/tmp// a recursivedirectory
src/eqfs/*.o all object�les in a speci�c directory
src//*.o all object�les recursively undersrc
˜//*.mp3 all MP3 �les anywherein homedir.

Table2: Exampleuserpolicy �le entries

A user-de�ned policy is simply a newline-delimited
list of �le anddirectorynamesorsimplepatternsthereof,
designedto be both �e xible andeasyto use. Eachline
can list a relative or absolutenameof a �le or direc-
tory. A double-slash(// ) syntaxat the endof a direc-
tory namesigni�es thatthedirectoryshouldbescanned
recursively. In addition, simple �le extensionpatterns
canbespeci�ed. Table2 shows a few examplesandex-
plainsthem.

5.3 AbuseFactors

To reclaim somedisk space,Rubberdmust fairly dis-
tribute the amountof reclaimedspaceamongall users
that consumeany elasticspace. To decidehow much
diskspaceto reclaimfrom eachuser, Rubberdcomputes
an abusefactor (AF) for all users. ThenRubberddis-
tributesthe amountof spaceto reclaimfrom eachuser
proportionallyto their AF. For example,supposeRub-
berdneedsto clean6MB of disk spacefrom two users;
userA's AF is 10 anduserB's AF is 20; thenRubberd
will clean2MB from userA and4MB from userB.

Decidinghow to computean AF, however, canvary
dependingon what is perceivedasfair by usersandad-
ministratorsfor a given site. Therefore,we provide a
varietyof methodsfor administratorsto tailor thecom-
putationof AFs to thesite's needs.First,we de�ne two
typesof AF calculations:onethatconsidersthecurrent
usageanda secondthatconsidershistoricalusage.Cur-
rentusageis betterat trackingusers'existingelasticus-
age;historicalusagetakesinto accountusers'behavior
patternsover longerperiodsof time.

As anexample,considertwo users:userA hasnever
usedelasticspaceand just in the pastday begancon-
suming100MB; userB hasusedexactly 50MB of elas-
tic spaceeachday for the past� ve days. Basedon the
currentusagepolicy alone, userA's AF will be dou-
ble thatof userB. During cleaning,twice asmuchdisk

spacewill be reclaimedfrom userA thanfrom userB.
Thispolicy canbeconsideredfair to thesystem—andall
userson thesystem—becauseit will cleanspacebased
on how much is currentlybeing used. However, such
a policy may unfairly punishuserA who, on average,
hasnot usedasmuchasuserB: userA's usageover the
� ve days,averagedper day, is just 20MB. Therefore,
a historical usagepolicy may be consideredmore fair
becauseit takes into accountlong-termbehavior. The
conversecould also be true: a pastdisk spaceabuser
couldhavea highaverageusage,but currentlyis notus-
ing much disk space;a history-basedAF could result
in many of this user's elastic�les beingcompressedor
deleted.Interestingly, historicalabusefactorsmaypro-
motemoreresponsiblediskusageover time,andreward
thosewith loweraverageusageby allowing themto con-
sumemoredisk spaceduringa shorterperiodof time.

Table1 showsthethreeRubberdcon�gurationparam-
etersusedto computeabusefactors. Rubberdalways
computesthecurrentusageperuser(Uc) atcon�gurable
intervals. If theadministratorcon�gured theuseof his-
torical factors,then Rubberdalso computesa running
compositeAF andstoresit in a DB3 �le.

Curr ent Usage The Rubberd con�guration �le
(rubberd.conf ) parameter abuse cur takes a
single parameterthat de�nes the mode in which total
currentusage(Uc) is computedcurrently:

Ue In thismodeweonly considerthetotalelasticusage
(Ue, in disk blocks) that the userconsumes.This
modeconsiderselasticusageseparatelyfrom per-
sistentquotasor persistentusage;it is mostuseful
in environmentswith smallpersistentquotas.

Ue � Ap Userswhouseelastic�les andalsohaveaper-
sistentquotamay not have consumedall of their
persistentquota. Suchuserscould argue that Ue

aloneis notafair assessmentof theirusagebecause
they have persistentquotaavailable(Ap) andthey
could simply convert someof their elastic�les to
persistentones.Therefore,this methodcomputesa
user's currentusageastheamountof elasticspace
consumedminustheavailablepersistentquotathe
userhas(truncatedto zero).

Ue + Up Similarly to thepreviousmode,thismodecon-
sidersthecurrentusageasthetotal amountof disk
spaceauserconsumes—thesumof bothelasticand
persistentusage.Thismodecouldbeusefulin envi-
ronmentswherecertainuserscouldhave very dif-
ferentpersistentquotas. In suchan environment,
userswith largepersistentquotascouldbeviewed
as“hogging” disk spaceascomparedto userswith
smallerpersistentquotas.

Our systemsupportsseveralmoremodesto compute
currentusage,basedon percentagesof usagevs. some
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total;we omit discussionof thosefor brevity.

Historical Usage TheRubberdcon�gurationparame-
terabuse avg computesalinearaverageof usageover
aperiodof time. Thisoptiontakestwo parameters:I de-
�nes the interval in secondsbetweensamplingsof cur-
rentusage;N de�nes thenumberof samplesto include
in the runningaverage. This modegivesequalimpor-
tanceto eachsampleinterval, but quickly “forgets”us-
ageprior to theoldestsample.ThesmallerI is, themore
closelythis modetrackselasticusage.

The con�guration parameterabuse exp computes
an exponentiallydecayingaverage. This option takes
two parameters:I is thesamplinginterval; D is thede-
cay factor. For example,with D = 2, the computa-
tion half-life decaysevery I seconds.Thebene�t of this
modeis thatit never forgetsentirelya user'spastusage,
but considersmorerecentusageprogressively moreim-
portantthanolderusage.

5.4 CleaningOperation
To reclaim elasticspace,Rubberdperiodically checks
(via statfs ) to seeif thehighwatermarkwasreached.
If so,Rubberdspawns a new threadto performthe ac-
tualcleaning.Thethreadreadstheglobalpolicy �le and
applieseachpolicy sequentiallyuntil thelow watermark
is metor all policy entriesareenforced.

The application of each policy proceedsin three
phases:abusecalculation,candidateselection,andap-
plication. For userpolicies,Rubberdretrievestheabuse
factorof eachuserand thendeterminesthe numberof
blocks to cleanfrom eachuserproportionallyaccord-
ing to theabusefactor. For globalpolicieswe skip this
stepsinceall �les areconsideredwithout regardto the
owner's abusefactor. Rubberdperformsthe candidate
selectionand applicationphasesonly once for global
policies. For userpolicies, thesetwo phasesare per-
formedoncefor eachuser.

In thecandidateselectionphasewe �rst retrievefrom
the DB3 databasesall possiblecandidateinode num-
bers.ThenRubberdgetsthestatusinformation(sizeand
times)for each�le usingbistat , a custombulk-inode
stat ioctl we wrote which bypassesnamelookupsand
retrieves a numberof stat structuresat once. Rub-
berdthensortsthecandidatesbasedon thepolicy (say,
by sizeor age). For global policieswe iteratethrough
eachuserdatabaseandstoreall candidatesin an array.
For userpolicies we simply fetch all entriesfrom the
appropriatedatabase.When a �le patternis speci�ed
in policy.conf , we retrieve each�le namefrom the
databaseandcompareit againstthepattern.We discard
thatnamesincemost�les will nothaveany cleaningop-
erationsperformedon them. The lastphaseof thecan-
didateselectionis to sort theentiresetof candidatesas
de�ned in policy.conf .

In theapplicationphase,we startat the �rst element
of the candidatearrayandretrieve its name(or names
if a hard link exists) from the DB3 database. Then
we reclaimdisk spaceusingthe administratorsupplied
method.For examplewe,compressthe�le if the“gzip”
policy wascon�gured. As we performthe application
phase,wetally thenumberof blocksreclaimedbasedon
the previously-obtainedstat information; this avoids
having to call statfs aftereach�le removal to check
if thelow watermarkwasreached.

EachtimeRubberdcompletesanapplicationphase,it
runsstatfs andcomputesthe numberof blocksthat
still needto be cleaned. If this numberis not positive
thencleaningterminates.This givessmallerabusersa
slight advantage. Sincewe canonly reclaimspaceon
a per-�le basis,this meansthat the goal for eachuser
is really a minimum goal. For example,supposeRub-
berdcomputesthatit needsto reclaim2MB from agiven
user, andthencompressestheoldest�le which happens
to save3MB in size:Rubberdwindsupreclaimingmore
spacethan the minimum computedfor that user. This
excessspacereclaimedfrom thelargestabusersendsup
bene�tingthesmallestabusers,becauseRubberdwill re-
claim lessspacefrom theseusers.

5.5 UsageScenarios
The Equotasystemis �e xible andcanbe con�gured to
work well in many situations.Herewedescribetwo pos-
siblescenariosin whichEquotamight beused.

Lar geGroup File Server The�rst scenariois thatof
a large university-wideserver. Userson sucha large
serverusuallyareanonymousto eachother, andwill try
to get asmuchout of the systemaspossible. Gaming
would bea majorconcern,astherewould belittle to no
cooperationbetweenusers.In suchasituation,bothper-
sistentandelasticquotaswouldhaveto beset.Although
thepurposeof elasticsystemsis to allow analmostin�-
nite amountof spaceto users,it would benecessaryon
sucha large systemto setelasticquotas. Userswould
not be allowed to useover a certainamountof elastic
space,thusavoiding denial-of-serviceattacksandother
gamingof the system. We expectRubberdto monitor
disk usagemorecloselyat intervalsasshortasanhour,
andreclaima large percentageof disk spacewhenthe
systemgoesover thehigh watermark.In sucha hostile
environment,Rubberdwill usea long historical abuse
factor, soasto accountfor longer-trendsof diskabuse.

Small Developer Community Server The second
scenariois thatof acooperativegroupof softwaredevel-
opers.In suchagroup,bothelasticandpersistentquotas
maybeunlimited: all of thedisk spacewill beavailable
to elasticor persistent�les. Equota's automaticclean-
ing mechanismsmay be attractive to sucha groupthat
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would ratherspendtime programmingthan managing
�les. Sincethe groupis cooperative, they areworking
toward a commongoal, and the chancefor gamingis
small. Sucha groupwould useEquotato markcertain
patternsof �les for deletion,suchasall regenerable�les
(compiler-generatedones).Theseadvancedusersmight
modify someof their tools to usetheO ELASTIC �ag
to designatecertainapplication-generated�les elasticby
default. Suchausercommunitywill alsomakeextensive
useof per-userpolicy �les, for exampleto markpersonal
MP3 �les elastic.

6 PerformanceEvaluation
To evaluateelasticquotasin a realworld operatingsys-
tem environment,we implementeda prototypeof our
elasticquotasystemon Linux 2.4.18.We presentsome
experimentalresultsusingourprototypeEQFSandRub-
berdimplementations.We comparedEQFSto Linux's
Ext3 journaling�le system.We thenmeasuredthe im-
pactof Rubberdona runningsystem.

All of our experimentswereconductedon a 1.7Ghz
Intel Pentium4 machine,with 128MBof RAM, running
RedHat Linux 7.3,usinga vanilla Linux kernelversion
2.4.18.Webelievethismachinerepresentsasmallgroup
�le server that could bene�t from running the Equota
system. For the experimental�le system,we useda
30GB7200RPM WesternDigital Caviar IDE disk. All
other libraries,executables,userutilities, headers,and
systemdataresidedon theroot �le systemlocatedon a
20GB7200RPM WesternDigital Caviar IDE disk. All
testswereperformedwith a coldcache,achievedby un-
mountingandremountingthe �le systemsbetweentest
iterations.We repeatedall experimentsseveral timesto
ensurestabilityandobservedlow standarddeviationsfor
mostof our tests.We reportany signi�cant standardde-
viationsthatarosein our tests.

6.1 SteadyStateSystemBenchmarks
To measurethe performanceof EQFS, we stacked it
above Ext3 andcomparedits performanceto Ext3. We
testedthe performanceof EQFSin four differentcon-
�gurations: basic Ext3 (EXT3), EQFS stackingalone
with netlink messagesturnedoff (NULL), EQFSwith
netlink messagesturned on and Rubberdprocessing
messagesbut not writing them to DB3s (NET), and
EQFS with netlink messagesand Rubberdupdating
databases(FULL). This set of con�gurations isolates
theoverheadof eachindividual systemcomponent.For
non-elastic�les the performanceoverheadis the same
asthatof NULL regardlessof thecon�guration,because
theonly overheadincurredis thatof stacking.We used
two workloadsfor ourexperiments:(1) unpacking,con-
�guration, build anddeletionof theGcc3.1sourcetree,
and(2) aninoderprogramwewroteto createalarge�le

setandthenremove it.

Gcc compile The �rst workloadwe usedwasto con-
�gure and build the Gcc source. Gcc containsabout
15,000�les and provides us with a fair mix of reads,
writes,andlookups.Weunpackedthedistribution,rana
configure andmake, andthendeletedthebuild tree.

inoder-rm For thesecondworkload,we wrotea pro-
gramcalledinoder . It creates10004KB �les within
100 directories,for a total of 100,000�les. By mak-
ing a uniform dataset,we canmeasuretheperformance
moreprecisely. SinceEQFSmanipulatesmeta-dataop-
erations(e.g., creation,deletion,etc.), this benchmark
demonstratestheworst-caseoverheadof our system.

6.2 CleaningBenchmarks

To evaluateRubberd,wemeasuredits �le systemclean-
ingperformance.To providerealisticresultsoncommon
�le server datasets,we useda working setof �les col-
lectedoveraperiodof 18monthsfrom ourown produc-
tion �le server. Figure4 shows the frequency andsize
distribution of our dataset. The working set includes
theactual�les of 121users,many of whomaresoftware
developersor students.The �le set includes1,194,133
inodesand totals over 26GB in size; more than 99%
of the inodesare regular �les. 24% of the usersuse
lessthan1MB of storage;27%of usersusebetween1–
100MB;38%of usersusebetween100MB–1GBof stor-
age;and11%of usersconsumemorethan1GB of stor-
ageeach.Average�le sizein this setis 21.8KB,match-
ing resultsreportedelsewhere[21]. The mostpopular
�le sizewas4KB, while the total sizedistribution was
bi-modal,peakingat32KB and1GB.Eventhoughthere
areonly a handfulof �les in the1GB range,they repre-
senta largeportion of the total spaceconsumedby the
�le set.We treatedthis entireworking setasbeingelas-
tic, a worst casescenariofor our system.Using EQFS
mountedin full modeonExt3,we ranexperimentswith
the working set for measuringRubberd's performance
by cleaningelastic�les usingtheDB3 databases.
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Cleaning Policy The Rubberdbenchmarkwe used
measuredthe time it took to cleana portionof thedisk
onanotherwiseidle systemusingseveralcleaningpoli-
cies. We choseto usethe cleaningmethodsof gzip
andrm. We do not reportresultsfor lossycompression
becausethey weresimilar to the losslessbenchmarkre-
sults. We ran several typesof cleaningteststo appro-
priately measureEquota's performance.We ran incre-
mentalandfull cleaningtestsfor globalgzip policies
sortedby time andsize. We ran the sametestsusinga
userrm policy. Incrementalcleaningis wheretheclean-
ing threadcleanedthesystemfrom 100%to 90%,from
90%to 80%,80%to 70%,etc.until the�le systemwas
at 0% capacity. A full cleaningtest is wherethe �le
systemwascleanedfrom 100%to 90%, then100%to
80%, 100%to 70%, etc.until 100%to 0%. While we
donotexpectRubberdto cleanmorethan5%to 10%of
thedisk in practice,we chosesuchlargevaluesto avoid
under-representingthecostof Rubberd'soperation.

Betweencleaningtestswe neededto start from our
original working setbeforeeachtest. We recreatedour
�le systemfrom anidenticalimagedisk usingdd. The
sourcediskhadourdatasetwith pre-built quota�les and
DB3s. This ensuredthatour �le systemwaslaid out in
exactly thesameway for eachtest.

6.3 SteadyStateSystemResults
Gcc Compile For the NULL mode benchmark,we
recordeda 0.7% increasein elapsedtime; 0.6% in-
creasein usertime; anda 5.5%increasein systemtime.
For FULL mode,usertime increased0.4%from thatof
EXT3, elapsedtime rose1.5%andsystemtime roseby
5.9%for FULL mode.Rubberdconsumed1.3CPUsec-
ondsin NULL modeand5.1CPUsecondsin FULL mode
(out of 1950secondstotal elapsedtime for the bench-
mark). This demonstratesthatundernormalconditions
EQFSdoesnothaveanoticeableperformanceoverhead.

Inoder-rm results The inoder test demonstratesthe
overheadfor meta-dataoperationsof various equota
components.Theresultsfor inodercanbeseenin Fig-
ure5. Thestandarddeviationsfor this testwerebetween
1.7% and13.6%. We have determinedthat the bursty
journalingbehavior of Ext3 causedsometeststo mani-
festahigherstandarddeviation [4].

For ourNULL, NET, andFULL con�gurations,�le cre-
ationshowselapsedtimeoverheadsover EXT3 of 5.3%,
13.9%,and89.9%,respectively; overheadsfor usertime
of 2.8%,33.0%,and96.9%;andoverheadsfor system
time of 14.2%,24.2%,and35.7%.For our NULL, NET,
and FULL con�gurations, �le deletion shows elapsed
overheadsover EXT3 of 40.0%,53.7%,and206.4%,re-
spectively; overheadsfor user time of 20.0%, 82.8%,
and 77.8%; and overheadsfor systemtime of 51.4%,
71.3%, and 81.7%. The resultsshow that the largest
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Figure5: CreationandDeletionof 100,0004KBFiles

overheadin FULL modeis DB3 access.For NET, Rub-
berdsystemandusertimeswere1.93and0.71seconds,
respectively. For FULL, Rubberdsystemandusertimes
grew to 5.84and7.37seconds,respectively. Thoughthe
overheadfor someoperationsis high in this intensetest,
webelievethatthecompilebenchmarksmoreaccurately
representactualuseractivity. Theinoder resultsindi-
catethat reducingDB3 operationsis bene�cial. To this
end, administratorsmay elect to usethe EQFS NULL

mode(seeSection4.2).

6.4 Cleaning results
Compressionpolicies At the beginning of our test,
our �le systemwas �lled to 94% of its capacity. Our
diskwascleanedfrom 94%to 41%(Figure6), aneffec-
tive compressionratio of 1.78:1. We couldnot cleanto
below 41% becausenot all objectscanbe compressed
(e.g,alreadycompressed�les, directories,andthenon-
elasticquota�le and rubberdDB3 databases).As ex-
pected,theCPUtime of this compressionpolicy domi-
natesthetest(89%of elapsedtime). We alsorana full
cleaningpolicy, andasexpectedthetimefor agivenwa-
termarkwasroughlythesumof thepreviousincremental
watermarks.
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Figure6: Elapsedtimefor anincrementalcompressionpolicy
sortedby atimeusing10%goal increments.Thewidth of the
bar indicatestheactualamountof spacecleaned.

We also ran compressionpolicies sortedby mtime,
ctime, and size. The sorting attribute had little to do
with theamountof time thata policy run took. This is
becausethe time a compressionpolicy takesis primar-
ily a function of the amountof datareclaimed,which
remainsconstant(only the orderof �les changes).To
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conservespace,we donot reporttheseresults.

Removal sorted by time The incrementalremoval
testsortedby atimeshowedanalmostconstantelapsed,
system,andusercleaningtimes(Figure7). Thesystem
andusertimesaresmall (2% of elapsed)andfollow the
sametrendaselapsedtime(thiswasthecasefor all other
testsaswell).
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Figure 7: Elapsedtime for incrementalremoval sortedby
atimeusing10% goal increments.Thewidth of the bar indi-
catestheactualamountof spacecleaned.

Since�les arechosenby atime,andsizeis not taken
into considerationwhenchoosingthe�le to becleaned,
the resultstake on a constantcomplexity. Our results
show that cleaningtook placebetween94% and 5%.
The disk cannot be cleanedto zerobecausenot all di-
rectorieswill be removed, and the quota�le andDB3
databases,which take up lessthan1% of the total disk
space,are not elastic. Variationsin theseresultscan
be seenin the low cleaningtimes for low watermarks
90% and60%. The �leset we usedhadtwo large �les
thatfell within the94–90%and70–60%intervalswhen
sortedby atime.Thehighernumbersfor the10–5%in-
terval were the resultof many small �les in that range
of atimes. This shows us that removal is a function of
meta-dataoperations.In acasewhereyouwantconstant
cleaningpenalties,suchas a systemwith a small low
watermark,it is bestto useanatimesortalgorithm.Full
removalpoliciesaresimilarto full compressionpolicies,
in thata givenwatermarktakesroughlythesumof pre-
viousincrementalwatermarks.We do not reportresults
for sortingby mtime andctime,becausethey arecom-
parableto atime.

Removal sortedby size Incrementalcleaningpolicies
sortedby sizeshoweddifferentresultsthanthosesorted
by atime. Whencleaningby sizethereis a linear rela-
tionshipbetweenthelow watermarkandthetimeit takes
to clean. The elapsed,system,andusertimesincrease
linearly with eachiteration of this incrementalpolicy
(Figure8). Theseresultswereexpectedbecausethere-
moval of a �le is a meta-dataoperationand is mostly
independentof thesizeof the�le beingremoved.

Full cleaningfor a givenwatermarkis againroughly
the sumof all previous incrementalwatermarks.How-
ever, this yields the interestingpropertythat aswater-
marksdecreasetheprogressionof timeis O(N 2) for full

cleaningby size.
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Figure 8: Elapsedtime for incrementalcleansortedby size
using10%goal increments.Thewidth of thebar indicatesthe
actualamountof spacecleaned.

For both the full and incrementalpolicies (by size),
Rubberdcleanedto its �rst few goalswith thedeletionof
the�rst few large�les. As more�les aredeleted,smaller
�les areselectedfor removal, andthusit takesmoreof
themto meeta goal. Sincethegoalsaresizebased,as
time goeson, it takeslongerto meetlower watermarks
for the �le system. In normaloperation,it will not be
necessaryto cleanmany small �les whenusinga size-
basedpolicy sincethe larger �les will hopefully bring
thesystemquickly below thelow watermark.

7 Conclusionsand Future Work

Themaincontributionof thiswork is thatwedeveloped
a systemthatreducesstoragemanagementcosts,by ex-
tendingthe lifetime of disksup to 72%,throughintelli-
gentspacereclamationpolicies. Threeadditionalcon-
tributionsincludethe following. First, we utilized user
andapplication-speci�cknowledgeto increasetheuse-
fulnessof storagemanagementpolicies. For example,
we provide severaldifferentwaysto decidewhena �le
becomeselastic: from the directory's mode, from the
�le' s name,from the user's login session,andeven by
theapplicationitself. Second,we usetransparentcom-
pressionas anotherlayer in the HSM system,without
the needfor administratorsto manageanotherdevice.
Third, throughthe conceptof an abusefactorwe have
introducedhistoricaluseinto quotasystems.

We conducteda comprehensive studywhich demon-
stratesthatstorageconsumptionandassociatedmanage-
mentcostscontinueto grow. Our studyalsoshows that
signi�cant spacesavingsarepossible,whichwe believe
will directly translateinto managementcostsavings.

Our Linux prototypeincludesmany featuresthat al-
low bothsiteadministratorsandusersto customizeelas-
tic quotapolicies. Our policy engineis �e xible, allow-
ing a variety of methodsfor elasticspacereclamation.
Our evaluationshows that the performanceoverheads
aresmall andacceptablefor day-to-dayuse. Addition-
ally, ourwork providesanextensibleframework for new
or custompolicies to be added. Through the use of

13



stacking,wecanextendthesebene�tsto any �le system.
We plan to expand the de�nition of persistentand

elastic�les to include�le lifetimesandpriorities.A �le
lifetime would includea minimumlifetime anda maxi-
mumlifetime. A persistent�le hasanin�nite minimum
lifetime and an elastic �le hasa minimum lifetime of
zero. The minimum lifetime would be useful for data
that may not be relevant for longer than someprede-
�ned time period. A maximumlifetime would enable
theautomaticmigrationor deletionof �les; thiscouldbe
valuablebecauseit would ensurea company's records
retentionpolicy is enforcedor personalinformation is
not availableafter a certainpoint. File priorities could
determinewhenandhow �les shouldbe backed up or
migrated. We believe that �le lifetimes and priorities
shouldbe �rst-class attributesthat all �le systemssup-
port,andplanto modify theOSandVFSaccordingly.
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