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Abstract

Manysoftware applicationscan, in principle, trademain
memoryconsumption for other resources. For instance,
garbagecollectedlanguageruntimescantradecollection
overheadfor heap size, andmanyprogramscanimprove
their performancebycachingdatathatwasprecomputed,
read from disk or receivedfrom the network. Unfortu-
nately, OSsprovide little usefulinformation about phys-
ical memoryavailability, and so applications usemain
memorycautiously to avoid unnecessary paging when
memoryis scarce.

In this paper, werevisit physicalmemorymanagement
in general-purposeOSs,with the goal to inform inter-
estedapplicationsabout thelevelof contention for physi-
cal memory. Wedefinea severity metricfor memorycon-
tention,which allowsapplicationsto balancethecostof
paging against thecostof freeingandlater regenerating
a memorypage. We describehowthesystemcanmain-
tain theseveritymetricwith low overhead, andarguethat
slightlymodified applicationscanrealizesubstantialper-
formanceimprovements by dynamically adjustingtheir
memoryconsumption to physical memoryavailability.

1 Intr oduction

In the early daysof computing, the limited amount of
physical memoryposeda hardlimit on the sizeof pro-
grams. With the invention of virtual memory, physical
memory managementgot hidden insidetheOS,andap-
plicationswere presented a large addressspacebacked
by physicalmemoryandsecondary storage.This vastly
simplifiedprogramming effort.

However, in practice,applications facea dramatic per-
formancepenaltyif they perchanceoverflow thesystem’s
physical memory and induce paging activity. Applica-
tionsarerun in environmentsoftenunforeseenat devel-
opment time, and are subjectedto unpredictablework-

loads. They aretherefore compelledto be conservative
about their memory use,although they could often im-
prove their performanceby usingmorememorywhenit
is available,andreleasingit whenthereis memory pres-
sure. Moreover, despiteapplications beingconservative
about memory usage,currentsystems(especiallyservers
andolder desktops) do facethe risk of incurring a load
burstthatmayresultin severepaging. Someof this pag-
ing maybefor application memory thatcouldeasilyhave
beenfreed by the application with lower performance
penaltythanpagingit out to disk andlater paging it in.
Therefore we contendthat the virtual memory abstrac-
tion renders applications oblivious of the contention for
physical memory, including thoseapplications that can
usememory pressure information to improve their per-
formanceandthesystem’s robustness.

Our work provides feedback to applications about
physical memory availability andthe current costof re-
claiming memory. This is orthogonal andcomplemen-
tary to application-controlled caching[8, 12] and pag-
ing [22, 5, 10], which allow applications to control the
pagereplacementpolicy andthe mechanism for storing
the contentsof replaced pages.We treatpagingas just
onemechanismto reclaimphysicalmemory; in fact,our
systemwould be relevantanduseful even if pagingwas
hypotheticallydisabled. During normal operation with-
out memory pressure, we encourageapplications to step
up theirmemory consumption,andtry to exclusively use
theiradaptation methodsto manage memory, asfollows.

Many modern applications use algorithms that are
elastic in their ability to tradememory consumption for
performanceor the usageof someother resource, like
CPU, disk or network bandwidth. The following ex-
amplesdescribecommon applications that can achieve
nontrivial performance gainsusinga substantiallylarge
memory footprint, but would prefer to releasemost of
this memory thanto pageit out.

LanguageruntimessuchasJava virtual machinesper-
form garbagecollectionwith substantiallylessoverhead
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they usea large heap; in times of memorypressure
they can quickly releasethis unusedmemory. Many
malloc library implementationstendto retain the mem-
ory that applications free, so as to minimize their sys-
temcalls; this memorycanpotentially bereleasedto the
systemwhenneeded. Databases,web cachesand web
browsers that maintainmemory cachesof disk andnet-
work datacanincreasetheirperformance(oftensubstan-
tially) by enlarging their cachesto very large sizes,or
alleviatememorypressureby releasinga fractionof the
cachethat is cheaper to regeneratethanpageout. More-
over, databases,Java runtimesetc. can configure their
footprints without needfor manual configuration. Many
scientific applications can tradeCPU time for memory
by retaining different amountsof partialresultsthatmay
bereusedat laterstagesin thecomputation. They often
alsohavetheability to vary theirproblemsizeor simula-
tion parameters (suchasaccuracy) in reactionto memory
pressure,which is especiallyusefulsincemany simula-
torsarememorybound.

While it only takes small changes in applications to
support thesememory-relatedadaptations, it is nontriv-
ial to decidewhento invoke theseadaptations,especially
onesthathavesignificant impactontheapplication’sper-
formance.This paper enablesmemory adaptationsusing
the approachof informing applications about the sever-
ity of memory pressure using a carefully chosen met-
ric. This would facilitate elastic applications to inde-
pendently decidewhen and to what extent to perform
their adaptations, thusconsuming moreor lessmemory
asthesituationdemands. By takingadvantage of elastic-
ity in commonapplications,thissystemhasthehigh-level
goalsof improving applicationperformance,systemro-
bustnessunderseverememory pressure,andusercontrol
over memory allocations.

The rest of this sectionpostulatesour key ideasand
motivatesthe problem andthe solutionapproach. Then
Section2 proposesthe severity metric. Using this met-
ric, Section4 describesa kernel-level page replacement
framework using the metric. Section5 presentsresults
of anexperimentalevaluation, to demonstratesignificant
performanceimprovements achieved by common appli-
cationswhen memory is plentiful, and greaterperfor-
mancerobustnessin low-memory situations. Finally,
Section7 alludes to relatedwork and Section8 con-
cludes.

1.1 Key ideas

Our schemeof systemsupport for memory adaptationis
basedon thefollowing four ideas:

(1a) Notifications: Thesystemshouldnotify applica-

tions about impending memorypressure,and give ap-
plicationsa chanceto react to it. Being awareof this,
elasticapplications cansafelyallocatelarge amounts of
memory; whennotified,they canreleasememory by per-
forming actionsthat are lesscostly thanpaging. These
applicationsmayrestoretheir memory allocationsif free
memory becomesavailableagain, thusoperating thesys-
temcloseto full memory utilization.

(1b) Severity metric: Furthermore,thesystemshould
expose information about the severity of memorypres-
sure, using a suitably chosenmetric. This enablesap-
plications to compare the cost of performing a certain
memory releasingactionagainstthe I/O costsbeingin-
curredfor paging, sothat they cangracefully respond to
increasingmemorypressureby takingincreasingly dras-
tic actions.

Thesetwo ideas– notificationsalongwith severity in-
formation–canincreasetheperformanceof elasticappli-
cationswhenexcessmemory is available,aswell asim-
prove robustnessin memory constrainedcircumstances.

(2a) Weighted adaptations: A systemmay be run-
ning several elastic applications, each of which may
autonomouslychoose amongseveral actionsto reduce
memory consumption when notified by the system. It
is therefore desirableto impose a usableand intuitive
schemeof preferences, ultimatelyunderusercontrol, to
determine which applications should first take actions
andto what degree. For example, it should be possible
to make background applicationsmoreaggressive about
shrinking their cachesthaninteractiveapplications.

(2b) Weighted pagereplacement: Finally, a natural
andusefulextensionof this preferencesmodel would be
to bias the pagereplacement policy with theseprefer-
ences. This would, for instance,permit memory from
interactive or soft real-timeapplications to bepagedout
only when memory pressureis severe, whereasback-
groundprocessescanbemademoreattractivecandidates
for page eviction.

The key idea that connects thesefour concepts is a
novel metricto quantify theseverity of memory pressure,
definedbasedontherecency of thelastaccessto thepage
that is the next candidatefor replacement.This severity
metricenablesus to establisha simplequantitative rela-
tionshipbetweenthe memory contention in the system,
the type and degree of applications’ reactions,and the
preferencesmodel.

1.2 Moti vation

Physicalmemory hasbecome cheapand plentiful over
the decades. Therewas intensedebatein the 50’s and
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sovermemory managementpoliciesthatavoid thrash-
ing andminimizepaging for scientificandbusinesscom-
putingtypeworkloads.Today, servers andevendesktop
machinesareequippedwith several GB of RAM, lead-
ing to the prevalent notion that memory shortagesare
easilyeliminatedby adding morememory, that systems
only exhausttheirmemory if they aremisconfigured,and
thatoperating systemsshouldnotneedto domuchabout
memory management.However, we presentkey insights
thatmotivatedusto exploit elasticapplications.�����

One can always envision constructiveuses
for more memory. Currently, programmers are forced
to remainconservative about memory usage.They can
often improve performance by usingmore memory; for
example, the OS can aggressively prefetchand cache
disk blocks to substantiallyimprove file systemperfor-
mance[21], especiallyif the systemhas cheapback-
ground I/O mechanisms like freeblock scheduling [15].
Section5 presentsseveralcommon applications thatcan
achievesignificantperformancegainsthroughhighmem-
ory usagein theabsenceof memory pressure.

We envision future systemsto operate in a regime
wheremainmemory is deliberatelyutilized to a highde-
gree. While 1GB of RAM mayseemexcessive for cur-
rent workloads, we expect that this memory will be al-
mostfully consumedby variousapplications andtheOS,
on both servers and desktops. This is feasibleonly if
applications areableto depend on a systemfacility that
monitorsmemory pressureandinforms themabout when
to allocateor releasememory.���	�

For memoryadaptationsto betheprimarymode
of memorymanagementduringnormal systemoperation,
they needto begraceful andcontinuous,andshouldfre-
quently happen in numerous applications. The key to
gradual adaptations is a continuousseverity metric that
quantifies the cost of reclaimingmemory, in a manner
that applications canindependently andgracefully react
to, suchasby varying its cachesizeby small amounts.
Contrastthis with a naive schemeof memory adaptation
that avoids thrashing by notifying all applications each
time thereis memory pressure,andthey aggressively re-
act by freeing all the memory they can. Clearly, our
graceful adaptation approach is preferable to this naive
schemeif systemsareto run at high memory usage,and
areto support diverseadaptationmethods with unequal
performanceimpact.��
	�

Although computer systemsusuallyhavesuf-
ficient memoryto avoid paging, it is alwayspossibleto
encounteranunexpectedloadburst thatcancausea dis-
astrousperformancedegradation. Workstations,laptops
and various slim devices may have enough RAM (say
1GB) at the time of purchase,but from our experience,

this RAM often becomes insufficient after a couple of
yearsof software installationsandupgrades(especially
of specializedapplications with huge memory require-
ments).Whensystemsbecomesluggish,usersareaccus-
tomedto makingthemmoreresponsive by closingwin-
dows or suspending applications; we contend thatelastic
applications shouldbe exploited to make suchinterven-
tion largely unnecessary.

���	�
It is well-documented that server adminis-

trators find it painful to manually adjust the footprints
of serverapplications for high memoryutilization with-
out paging. For instance,periodically tuning thesizeof
databasecachesis performancecritical, but tricky and
time-consuming[23, 4]. Thereareextensive guidelines
for assigninglarge heapsizesto Java virtual machines
to reducethe frequency andoverheadof garbagecollec-
tion without paging [3]. If suchapplicationsarerunstan-
dalone on the system,thenonecanassigna cache/heap
sizesmallerthanfreememory availableto applications–
althoughconservatively, sincefreememorymaydecrease
dueto allocationsby thekernelor systemservices.How-
ever, it ismuchworseif thedatabaseorJVM isco-located
with otherapplications(whichmaybemoreinstancesof
the same);thenwith dynamic workload fluctuations, it
is painful to tune the memory settingsand achieve the
right balance.Our systemallows diverseapplications to
independentlyconfigure their own footprints, andto dy-
namicallyadjustthemin reactionto memorypressure,by
normalizingtheirmemory adaptationcostagainstacom-
monreferencepoint of potentialpaging cost.

Large-scalesimulationsare often memory intensive,
and can influence their footprints by controlling their
problem size. Usersoftengo through painstakingitera-
tionsto guessa largeenough problemsizethatwill make
thesimulationjust fit into memory. Instead,thesimula-
tion canbe madeportableacrosssystemswith different
amounts of RAM, if it is designedto grow its problem
size until notified of impending memory pressure,and
thenfreezetheproblemsizeandcontinuethesimulation.

While theseelasticapplicationscanreactto freemem-
ory availability information obtained by polling top or
vmstat (this practiceis followed in somespecialized
applications[3]), this informationis insufficient for high
memory utilization. The existenceof the system’s file
cacheoftenleaveslittle memoryactuallyfree,sotherel-
evantinformation(providedby ourseverity metric)is the
cost of reclaimingmemory from the file cache,or by
paging outapplicationmemory, or by freeing application
buffers. Therefore,memorythatwasaccessedalongtime
agomaynever beaccessedagain, andmaybereleasedor
evenpagedout with low performanceimpactto free up
substantialmemory for useof theapplication.
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It is useful to extend CPU nice valuesto

memorymanagement. There has beena recentsurge
of interestingbackgroundapplicationsfor desktopplat-
forms suchaspeer-to-peerfile sharingandwebcaching,
anddistributedcomputationslikeSETI@homeandFold-
ing@home. SharedcomputingplatformslikeCondor [6],
andmore recently, HPL’s PlanetaryComputing [19] and
the Intel ResearchseededPlanetLab[18] support guest
applications with unpredictablememory requirements.
Beyond isolating processesthrough explicit allocation
limits and self-paging [11, 24], therehasbeenlimited
work on control over memory allocation. Using our
memory nice scheme,desktop usersmay specify that
theworkingsetsof interactiveapplications beretainedin
memory, whilepermittingbackgroundapplicationstouse
copiousamounts of memory whenforeground activity is
lessmemory intensive. Sharedhostingsystemscanuse
this by reactively nicing applications to achieve various
QoSobjectives.���	�

Sometimes,users needto run applications
dangerouslycloseto theavailable memory, andwishfor
more assistancefromthesystemin controlling theextent
ofpaging. Suchscenariosarecommonin large-scalesim-
ulations,whereusersare familiar with having to mon-
itor memory availability and paging I/O, and manually
suspendandresumeprocesseslest they thrash.Memory
pressurenotifications canbe usedto automatethis, and
voluntarily sleepat suitablemoments.

2 Severity metric basedon pageage

What is the simplestOS primitive that can effectively
andpracticallyleveragetheelasticityin applications,and
achieve the diverse goals describedabove? We claim
that the primitive is an appropriatechoiceof a single,
well-defined, numeric memory pressureseverity metric
thattheOScontinuouslyreports to applications,coupled
with anotificationto all applicationswheneverthemetric
changessignificantly.

We postulatefour requirementsof themetric.

(1) The metric shouldcharacterizememory pressure,
especiallythefollowing two aspects:thecostof pagere-
placement on applicationperformance whenfree mem-
ory is unavailable, andthecostof imminent paging when
freememory is availablebut closeto exhaustion.

(2) The metric shouldprovide a common andclearly
definedreferencepoint for applications to quantify and
compare the impact of their actionsagainst, and inde-
pendentlydecidewhether to perform anactionat a given
time.

(3) The metric should lend itself to some intuitive

schemefor userspecifiedpreferences(expressedby ex-
tendingCPU “nice” valuesto memory), by simply scal-
ing thevalueof themetric.

(4) Themetricshould becheapto computeandmain-
tain.

Now we proposea metric that fulfills all four require-
ments,andshow how it canbeusedby applications.

2.1 Definition of the severity metric

Wefirst definethepageageof aphysicalmemorypageto
bethetime (in seconds) sinceit waslast referenced.We
usethisto describethecomputationof theseveritymetric
in threescenarios of differentlevelsof memorypressure.

A. When the systemhas exhaustedits fr eememory:
we definethe system-wideseverity metric for memory
pressureto betheageof theleastrecentlyaccessed(old-
est) non-free pagein the system. Note that a smaller
valueof themetricdepictsahigher level of memorycon-
tention1. Thesystemmayboundthemetricby reasonable
limits, say5 seconds( ������� ) andonehour ( ������� ).

Whenthe systemis paging, applicationsmaywish to
comparethepaging costagainstthecostof regenerating
somememorythatthey canpotentially release,to decide
which alternative is cheaper. This decisionis inherently
application-specific. However, the following methodof
comparing amortized costscanserve asa guideline for
many applications.

Assumefor now thatthesystemusesanapproximately
LRU-basedpagereplacement policy. Then the sever-
ity metric is the ageof the candidate pagefor eviction.
Applications canusethe LRU principle to assumethat
this pagemay not be accessedagainfor approximately
as much time as its age. This enables them to calcu-
late the amortizedpaging I/O cost, by dividing the ex-
pectedpaging I/O servicetime by the expectedtime to
next accessof thepage(i.e.,theseverity). They cancom-
parethis pagingcostagainstthe total regeneration cost
incurred if the application memory is released(i.e., the
time overheadof freeingthe memory, andsubsequently
recomputingor refetching its contents whenthey arere-
quired), amortizedover its own expected time to next ac-
cess,which could be the ageof this chunkof memory.
Thus, the metric enablespaging to serve as a common
reference point to compare against application-specific
costsof freeing memory. Furthermore, this achieves a

1Despitesmallerseverity valuesindicating higher pressure,we still
adoptthis convention of reporting the age(ratherthan sayits recipro-
cal), sothatapplicationscandealwith severity in convenienttimeunits,
andthat our implementation is ableto exponentially separate out larger
severity values.
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global least-impact-first memoryreplacement, wherethe
physical pageor theapplication buffer thathasthe least
overall impactonperformanceis replaced first.

B. When the amount of fr ee memory is small: when
free memory falls betweenzero and a system-defined
threshold (say10% of systemmemory), thenthe sever-
ity metric is gradually decreasedfrom � ����� to its target
valueof the ageof the current pagereplacement candi-
dateif paging wereto occur. In particular, it is computed
by geometricallyinterpolatingbetween� ����� (signifying
no memory pressure) andthetargetvalue. Therationale
is that if free memory drops linearly from 10% to zero,
thenthereportedseverity metricwill dropexponentially
from � ����� to its targetvalue.

This region of decayingseverity metricandthecorre-
sponding earlynotifications is vital, sinceit triesto oper-
atethesystemnearfull memory utilizationwithout over-
flowing it. Thegradual (rather thanabrupt) decayof the
severity metricservesthreeimportant purposes:(a) it al-
lows applications sometime to take actions,especially
time-consumingoneslike garbagecollection. Applica-
tionsthatcanquickly releasememory canhold out until
the severity metric decreasessignificantly below � ����� .
(b) it conveystheurgency of imminentpaging only when
freememoryis low enough, thereby balancing theneeds
of earlynotificationsagainst thedesireto operatethesys-
temcloseto full memory usage.Thusit providesthede-
siredsafetycushion.(c) it helpsto avoid takingall such
memory-releasingactionsacrossthe systemall at once.
Instead,a few of thecheaperand/or time-consumingac-
tionsmayrun first, andmayfreeenough memory to re-
lieve memory pressureandavoid takingmore drasticac-
tions.

C. When fr ee memory is plentiful: paging is not
likely in the nearfuture, so the severity metric is set to��� , definedas

��� � ����� .
Notethatthis metric is continuousto encourageadap-

tationsto begradual. Section6 providesmorerationale
for this definition of theseverity metric,by showing how
it satisfiesthe four requirementsbetterthanseveralpos-
sible alternatives (suchasavailable free memory or the
volumeof pagingI/O).

3 Useof the severity metric

This sectiondescribeshow our systemusesthemetricto
leverage theelasticityin applications,perform nicing of

application actions,andpreferentiallypagememory from
differentprocesses.

3.1 Application interface

Conceptually, the systemalways keepsall applications
informedabout the valueof the severity metric, so that
they maycorrespondingly adaptto try to maintainthein-
variant that the entiresystem(including all applications
andthepager) operatesat thesamelevel of severity.

In practice, thesystemtrackstheageof thepagethat
is thecurrent replacementcandidate,andusesthis asan
approximation to theageof theglobally oldestnon-free
page. It makesthis metriccontinuouslyavailableto ap-
plicationsthrougha new systemcall namedseverity.
A new signalnamedSIGMEM is dispatchedto all applica-
tionseachtime themetricsignificantlychanges,suchas
whenit doublesor halvessincethelastnotification. It is
alsodispatchedevery !#" �

secondwhenevertheseverity
metricis smallerthan � � , therebyenablingapplications
to take periodic actions.

Applications arefree to ignorethis signal. However,
interestedapplications may implement signal handlers
that query the severity metric upon signal receipt, and
then potentially decide whether to releaseor allocate
somememory basedon logic describedshortly. These
signalhandlersmayresidein differentlayersof software,
suchasin applicationcode (possibly even in the source
codeof high level programs),libraries,or languagerun-
times;in the latter two cases,theactualapplication may
notneedto bemodified.

There is no needfor a specialAPI to expressuser-
specifiedpreferencesat a processgranularity: we sim-
ply extendUnix-style per-processCPU nice valuesto
specifyper-processweightsfor the memorysubsystem.
In therarecasethatuserswishto havedifferent CPUand
memory nice values, our systemprovidesan overriding
systemcall namedmemnicethatsetsonly thelatter.

We provide a resourceutilization interfacethrough a
resutil() systemcall that reports thepercentageuti-
lizationof CPU,diskandnetwork interfacesoverthepast
interval of say10 seconds.Also, an iocost() func-
tion reports theaveragetime takenfor recent paging I/O
operations to complete. This includesthedisk queueing
time for paging requestsonly if thequeuelengthis more
thana threshold (10 in our implementation);this is to re-
mainconservativeabout ourprediction accuracy over the
rapidly fluctuating disk queue. Thesesystemcalls may
beusedby someapplications to derive a betterestimate
of pagingI/O time, and to decideif an adaptationthat
affectssomeotherresourceis justifiedif that resourceis
under contention.
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Application modifications

As mentioned earlier, the natureandextent of applica-
tions’ reactionsto memory pressureis basedontheirown
discretionandpolicies. While they may completely ig-
norethe notifications or even maliciouslyallocatemore
memory whenthereis pressure,it would generally bein
their own interestto freesomememoryto avoid paging,
andallocatemore memory whenit is available.

Hence,this sectionprovides detailedguidelines that
cooperativeapplicationsof differenttypesmaychooseto
follow. Thefollowing arefour typesof increasingly dras-
tic actions,wherethe application may react in the de-
scribedmannerto the severity metric notification,in an
attemptto achieve the global least-impact-first replace-
mentdescribed earlier.

(1) Whenthe freepage list is shortandshrinking, the
reportedseverity metricdecreasesexponentiallytowards
its target value,andtriggersinexpensive memory releas-
ing actionsthataretakenbefore pagingevenstarts.For
example, garbage collection and releasingmalloc-held
unusedmemory aretypically cheaper thanpaging.

Themalloc library cancheaplyreleasethe freepages
it retains,sothis actioncanbeprogrammedto take place
whenever theseverity is anything below ��� , or in prac-
tice, whenever there is a notification for any value of
severity.

Full garbagecollectionsuchasin JVMsis moreexpen-
sive;moreover, it is usuallynotpossibleto determine the
costandyield of garbagecollectionbeforehand(except
approximately through statistics).Therefore,we trigger
garbagecollectiononlywhenmemory pressureis slightly
higher, whenthemetric is below a constant(10 minutes
in our implementation). This will allow cheaperactions
to betakenfirst, andwill alsoensurethatold andpresum-
ably inconsequentialpageslying in memory getreleased
or pagedout before garbagecollectionhappens. Thus,
the JVM would get a larger footprint at a relatively low
cost.

(2) If memory releasingactionsthat arecheaper than
paging areunsuccessful in releasingenough memory to
avoid paging altogether, thenfreememory exhaustsand
paging starts,and the severity metric progressively de-
creases.Someapplications (suchasdatabases)maintain
in-memory cachesof file data,whoseregenerationcostis
trivially equal to I/O cost.They canreleasecachebuffers
that were accessedless recently than the severity met-
ric, so that the buffersarepreventedfrom unnecessarily
being paged out to disk. Also, the system-wideLRU-
approximationreplacementpolicy is beingnaturallyex-
tendedto applicationcaches,contingentto alternative re-
placement policiesthattheapplicationmayemploy.

In practice,theapplication maytry to matchits inter-
nalmemorypressurewith thesystem’smemory pressure,
sayevery time theseverity metricdoublesor halves,i.e.,
when SIGMEM notifications aredispatched. In the sig-
nal handler, ratherthantry to calculatethe desiredsize
of the cache,the applicationmay enlarge or shrink the
cacheuntil theappropriateseverity criterion is met.This
makestheprogramming modelfor thedatabasecache(or
themodificationsto existingdatabases)verysimple.

(3) Some applications maintain buffers (such as
databasequery cachesorwebcaches)whoseregeneration
mayinvolve severaldisk requestsor mayrequire theuse
of someotherresource suchasCPUor network. As de-
scribedearlier, theseapplications needto empiricallyes-
timatetheregenerationcostsandexpressit in time units.
Thenour guideline for cachereplacementis to compare
the amortized time-costof paging againstthe amortized
time-costof freeingandregeneratingthesebuffers,and
to perform whichever is cheaper. This decisionheuris-
tic canbesuperimposedoverany application-specificre-
placement policy, by expressingonein termsof theother,
or by takingtheir conjunction.

(4) If the systemdoesstart thrashing despiteall the
above, then it may becometoo unresponsive to remain
useful.Applicationsmaythenchooseto reactto very low
valuesof theseverity metricby disablingsomememory
intensive features,or switchingto alternative algorithms
thatuselessmemory. This maysacrificesomefunction-
ality or consistency, or mayincreasetheconsumption of
someother resource,but shouldrestorestability in the
otherwisethrashing system.For example, awebbrowser
maytemporarily suspendimageanimations,oradatabase
cachemay chooseto returnstaleor approximateresults
dependingonwhatis acceptableto theapplication, or an
imageviewer like xv canshow reducedquality images
thattheusercansharpen.

3.3 Extending “nice” to memory

It is useful to be able to discriminatebetweenapplica-
tions in terms of how aggressively theseapplications’
memory-releasingactionsaretaken, andto what extent
theirpagesarepreferredfor pagereplacement.Forexam-
ple, a systemdesigner canimplement a policy that iden-
tifies andprefers interactive applications over others;a
programmerfor a background downloadapplicationcan
nice-down its own memory, making it moreattractive for
eviction; anda usercanrequest for sayanemailapplica-
tion to beleft untouchedwhile therestof thesystemmay
bepaging.

A crudeimplementation of memory nicing for page
replacement may enable the complete prioritization of
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oneprocessfrom others, sothattheformeris effectively
pinned to memory until the other processesare fully
pagedout andtheir actionsfully invoked. However, in a
general-purposeOS,onewould typically preferto assign
weightsto applications (wherethe weightsare derived
from the nice valueof the processasexplainedin Sec-
tion 4). Thendrasticactionsandrecentlyaccessedpages
(e.g.,code,staticdata)from niced-down processescan
competewith mild actionsandolder pages(e.g.,cache
objects)from niced-upprocesses.

Application actionscanbe nicedusingthe following
simple and application-transparentmechanism. Rather
thanreporting theglobalseverity metricidenticallyto all
applications, the systemreportsthe valueof the metric
scaledbytheinverseof theweightof thenotifiedprocess.
Thus,a niced-down processis informed that the sever-
ity is relatively higher, andis inducedinto taking more
drasticactions.

Likewise,pagereplacement canalsobesubjectto nic-
ing, asfollows. Theamortizedpaging costsfor aprocess
maybeamplifiedby linearly scalingdown theageof all
its pagesby theweightof theprocess.Page replacement
is thenperformedin order of the resultingscaledages,
andthe globally reported severity metric is redefined as
themaximum of thescaledagesof non-freepages.Such
weightedpagereplacementwoulduniversallyimposeon
all processes,regardlessof whether they havebeenmod-
ified to useour API; sothis age-basedpagereplacement
servesasaneffective way to control rogueprocesses.

4 Designof the in-kernel system

The kernel portion of our designcomprisesof pageage
maintenance,severity calculationandnotifications,and
age-awarepagereplacement.

Pageagesarecomputedwhile the OS scanspageta-
blesto inspectpagereferencebits. If thebit onanunref-
erencedpage is found to beset,thenthe OS placesthis
pagein a page bucket containing pages of agebetween
zeroand �������%" �

seconds. Every 5 seconds,the OS
scansthesepages,moves unreferenced pagesto thesec-
ondbucket with pagesof age5–10 seconds,andmoves
referencedpagesback to the first bucket. Pagesin the
secondbucket are slightly less likely to be accessedin
thenext 5 seconds, so theOSscanspages in this bucket
every10seconds.In thismanner, theOSmaintainsbuck-
etswith exponentially increasingagerangesuntil � ����� ,
andscanspagesin eachbucket with thefrequency of the
ageof thepagesin thatbucket.

Theseexponentiallyorganized bucketscover thelarge
age range of 5 secondsthrough 1 hour using only 10

buckets.Thecompromiseis ontheaccuracy of ages:this
schememaintainsagescorrectto a factorof 2, andscans
it just as frequently. The exponentof the bucket index
multiplied by � ����� gives the pageage,so the OS does
not needto measure timestampswhile scanningor store
per-page timestamps.For morefine-grainedaccounting
of pageages,this ratio of 2 betweenbucketscanbe re-
finedtosay & � , whichcanbeusefulonmemory intensive
servers.A setof suchage-basedbucketsis maintainedfor
eachprocess,andpagesof thatprocessarestoredin these
buckets.

Now that page agesarebeingefficiently maintained,
thenext goal is to selectthepagewith maximum age,if
the systemwishesto perform LRU-basedpagereplace-
ment. For this purpose,bucketsof thesameindex from
differentprocessesarechainedtogether ononechainper
bucket index. Selectinga pagewith the maximum age
proceedsasfollows. The systemtraversesthesebucket
chainsfrom largestindex downwards(right to left in Fig-
ure1), andfor eachchain,traversesbucketsin thechain
to encounter lists of pagesin thatagerange. A basicap-
proximation to LRU replacement canevict pages in this
order; otherreplacementpoliciescanbeimplementedus-
ing guidelinesprovidedin thenext section.

Nicing processes: The next goal is to nice processes
by scalingtheir pageagesby somefunction of the nice
value. For convenience, we internally associateUnix-
styleCPUnicevalues(typically in the ')( �+*-,/.0�2143 range)
with thememory subsystem.Thereneedsto bea factor
that determines how significant the impactof nicing is;
this is � , designatedto bethescalingconstant (30 in our
implementation). We exponentiallyscalethe nice value
onto the ' � 5-6+798+,9�:6+798�3 rangeof per-processweights,so
thatnicing (down) by

.0�21
correspondsto scalingup the

agesof theprocessby ;<" �	6+798
. On a general-purpose

system,� wouldtypicallybeasmallmultipleof thenum-
berof bucketsperprocess= .

Conceptually, when a process is niced, the system
needsto scaletheprocess’pageagesby this weight,and
thenreorderall pagesin thesystemby their scaledages
for pagereplacement purposes. This canbe made effi-
cientby avoiding division andsortingoperations,asfol-
lows. Adjacentbucketsin any bucket list differ in their
agerange by a factorof 2. To scaleup all of a process’
pagesby ; , we simply have to shift eachof its buckets>�?+@ ; chainsto theright (referto Figure1). Observethat
theexponentof theabsolute index of thebucketafterthis
shift times � ����� is equal to the scaledageof the pages
in the bucket, which is the severity of memory pressure
if thepage is thereplacementcandidate. Becausenicing
only involves detaching a small number of bucketsper
process( = = 3 in the figure and10 in our implementa-
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tion) from their respectivechainsandreattaching themin
differentchains,it is very efficient. Thisefficiency is cen-
tral to ourdesign,andis usefulfor purposesdescribedin
therestof thissectionandin Section4.1.

p1

p3

+3

+2

p2

bucket

pages

process chains

nice values

Increasing page ages

Figure1: Maintaining pages in buckets.

Priority classesand overlap: Observe in the figure
that the buckets of processesACB and A 8 do not overlap
in their index ranges,due to a combination of system-
imposedlimits on pageagesanda sufficient degree of
nicing. Theseprocesseshave therefore beenconsigned
to different priority classes, sothatprocessesin oneclass
cannot induce higherpriority classprocessesto release
memory, eitherby paging or by triggering application ac-
tions. Thereare � D4= disjoint priority classes(3 in our
implementation),andnicingby at least E �4*F� =GD4�H" �2�
shiftstheprocessto thenext priority class.

In contrast, note that buckets of processesA B and AJI
in the figure overlap to somedegree, so the recently
accessedpagesof A I compete with older pagesof AKB ,
achieving thetypeof overlap usuallydesiredin practice.

Sharedand unmappedpages: Pageagesarescaledby
the nice value of the processassociatedwith the page.
However, somepages are sharedamongmultiple pro-
cesses,whereas others belong to none. The latter con-
sist of unmappedpages,andfile cachepagesthat were
accessedby thekernel onbehalfof processesthataccess
thefile through theread/writeinterface.

We addressthesharedpageissueby maintaining page
agesat the granularity of virtual page mappings rather
thanphysicalpages.Thenwe definethescaledpageage
to bethesmallestof thevirtual page ages,scaledby the
nicevaluesof therespectiveprocesses.Agemaintenance
at thevirtual page level is necessarybecausewhenapro-
cessis niceddown(saybecauseit is malicious),its shared
pagesreflectthis new nicevalue.

Wesolvetheunmappedpageissueby associatingsuch
owner-lessprocesseswith specialsetsof unmappedbuck-
ets. Unmapping apageis anindication thatthepagemay
notbeaccessedagain, sowenicedownsuchpagesby as-
signingthemthenicevalueof theprocessthatunmapped
it, biasedby a constant(1 in our implementation). This
is analogousto (andmoreflexible than)FreeBSD’s ap-
proach of deactivating pages that it considersunlikely to
beaccessedagain.

Finally, it ispossibleto implementastripped-downand
approximateversionof memory pressureseverity notifi-
cations,with nothing moreof thedesignproposedabove.
While this is trivial to deploy, it hasthedisadvantageof
not extending nice to memorymanagement,nor being
ableto dosoefficiently.

4.1 Usesof efficient nicing

Agenicingprovidesaversatileframework for threetech-
niques briefly describedhere.

(a) Nicing-down cleanpages

Cleanpagesarelessexpensive to evict thandirty pages,
sincethey canbe releasedwithout first writing themto
disk; their I/O cost is only that of pagingthemin if ac-
cessedlater. To prefer cleanpagesfor eviction, we scale
up the agesof cleanpagesby a factorof two; it is also
conceivable to dynamically adjust the scalingfactor to
depend on the amount of transientdisk contention. We
believe this is a moresystematicapproachto distinguish
cleanand dirty pagesthan the second-chance schemes
that OSscurrently employ. In practice,we achieve this
scalingby associatingcleanpageswith a separatesetof
bucketsandshifting themonepositionto theright.

Applicationbuffers aregenerally dirty, so theagesof
theirbufferscanbecomparedin theusualmanneragainst
the severity metric; however, if a buffer is known to be
clean(e.g.,cleanlymemory mappedfiles or anonymous
memory with a backingstorecopy), thentheapplication
maychooseto scaleup theageof suchbuffers by a fac-
tor of two to compare exactly against cleanpages in the
kernel.

(b) Specializedpagereplacementpolicies

Thispaperhas,sofar, described age-aware page replace-
mentusingan LRU-basedpolicy. However, our system
is fundamentallynot tied down to any specificreplace-
ment policy. For example, it is possibleto easily bias
pageagesby somefunction of the frequency of pageac-
cesses.This achieves a partial least-frequently-accessed
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policy, similar to activationcountsin FreeBSDand
pageaging in Linux [17], but with finer control on the
amount of bias. Again, efficient nicing is crucial for im-
plementing this.

(c) Self-paging bias

Our designalso facilitatessystemadministrators to im-
part a bias towards self-paging [11], to ensurethat pro-
cessesneedingmemory mainly induceeviction of pages
from their own footprint. This canbe achieved as fol-
lows: wheneverthereis memorypressure,thesystemcan
determine which processneeds memory at the moment.
It couldthentemporarily nice-down thatprocessby some
biasspecifiedby theadministrator, perform pagereplace-
ment,andrestoreits nicevalue.

We have not implemented this in our system,as we
deemthis feature to be inappropriatein general-purpose
OSs. However, on specialpurposeOSs,suchas those
usedfor sharedhostingenvironments,self-paging bias
subsumes(andis moreflexible than) simplememory iso-
lation. A largeself-paging bias(exceeding E �+*M� =MD4� ,
from 4) would temporarily drop the memoryrequesting
process into a lower priority class, thus achieving
memory isolationof processesfrom eachother(expected
to be usedin conjunction with suitablearbitration for
allocatingmemory) [24]. Finally, a smallervalueof the
biasproducesa novel effect of partial isolation, where
thecoreworking setsof processesareisolated,whereas
olderpagesof all processesaremadegloballyavailable.

To summarize, our proposedage-basedmemory man-
agement substratefacilitatessystemprogrammersto im-
plement awiderangeof policies,in amoreflexible man-
nerthancurrentOSstypically allow.

4.2 Designchallenges

We present threetechnical issuesthat this systemfaces
in practice,alongwith corresponding solutions. These
considerationsarecrucial towardsmakingmemory adap-
tationspractical.

4.2.1 Priority inversion

Whenaprocessis niceddown, its pageswill bepreferred
for replacement even when they are more recentlyac-
cessedthanotherpagesin thesystem.Thismayincrease
thetotal paging I/O, andmayinducesomeextent of pri-
ority inversionby degradingtheperformanceof niced-up
processes(asa resultof beingniced-up).

Solution: Nice for memory worksbestin combina-
tion with aproportionaldiskscheduler suchasCello [20]
or YFQ [7] so that nicevaluescanbeextended into the
disksubsystem.

4.2.2 Inter nal fragmentation

Applicationbuffersmaybesmallerthanphysicalpages.
If somebufferson a page wererecently accessedwhile
most othersareold, then the applicationmay not wish
to releasesuchpageswhennotifiedof memory pressure.
Coupledwith thefactthatit mayhaveinitially allocateda
largeamount of memory, this applicationmayseemlike
a memory hog.

Solution: Theapplication mayenforcethatits buffers
bea multiple of pagesize(suchasin theMySQL query
cache);otherwise it maycalculatebuffer agesastheav-
erageageof thebuffersin thecontainer page,to allow for
fair comparisonsagainsttheseverity metric. It mayalso
be moreaggressive about shrinking if it detectsinternal
fragmentation.

4.2.3 Double paging

Thevery actof anapplication releasingmemory buffers
maycauseit to inadvertentlypagein someof thatmem-
ory. For instance,a garbagecollectormayneedto exam-
ine memory pages (possiblyafterpaging themin) before
deciding whether they aregarbage.

Solution: We requestapplicationsthatmayfacethis
issueto consider usingthemincore systemcall to deter-
mineif asetof pagesis in mainmemory or backing store,
andto try to account for thepotential page-in costbefore
accessingor releasingthememory.

5 Evaluation

We implemented the severity systemcall and the
SIGMEM notificationsin the Linux-2.4.4andFreeBSD-
4.3 operatingsystems.In the latter case,we alsoimple-
mentedour age-awarepagereplacementstrategy so that
nicecouldbeextended to memory management.

The behaviour is as expected: when paging starts,
pagesfrom dormant background processeswith agesof�	�����%" �

hour get evicted. Subjectto moderateload
with sporadicpaging, theseverity metricdropsto a few
minutesor even to seconds. Rapidandextensivememory
accesscausesthemetricto fall to � ����� " �

seconds.

Wenow examineseveralelasticapplicationstodemon-
stratetheperformancegainsachieved by beinglesscon-
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servative, theeliminationof theneedfor manual footprint
configuration,theimprovedrobustnessundersubsequent
memory pressure,and the ability to nice processesfor
memory – all with low overhead.

Our experimentalplatform in mostcasesis anAthlon
800MHz machine with 256MB of RAM. In the final
experiment, we also usea systemwith 1GB of RAM,
for characterizing overheadasthesizeof mainmemory
scales.

5.1 Garbagecollection in Java

This sectionexperimentswith heapsizeconfigurationof
theSunJavavirtual machine(version1.4.102),andcon-
trols theheapsizeby triggering garbagecollection.

5.1.1 Elasticity:

First we explore the elasticity in Java VMs, to measure
theextent to which a largeheapreducesgarbagecollec-
tion overheadandimprovesperformance.Theseperfor-
mancecharacteristicsnecessarilydependonthenatureof
theJavaapplication, suchasits memory demands andits
rateof garbageproduction.

We useda simulationexperimentbasedon theScribe
peer-to-peermulticastsystemimplemented on FreePas-
try [9]. We wrote a Scribe application where 10,000
Scribenodessend100KB messagesto other nodes;each
nodemaintains a local buffer of up to ten messagesto
simulatea streamingvideo multicastscenario. We also
varied the 100KB messagesize to 1MB, to exercise a
morememoryintensive situation,andobserveddifferent
behaviour from theJVM.

Figure 2 depicts the fraction of time that the JVM
spendsgarbagecollecting. In the100KBand1MB cases,
the minimum memory requirementsof the application
area mere22MB and43MB respectively. Providing the
two simulations a large heapsize of 220MB decreases
the garbage collection overheadby factorsof 6.7 and
4.4 respectively. Also, thesegains arecontinuous: with
morememory, garbagecollections becomerelatively in-
frequent and the overheadcorrespondingly drops. As
Figure3 indicates,this resultsin a total execution time
decreaseby factorsof 2.1and4.4respectively. Thus,de-
pending on theJavaapplication, theJVM canbehighly
elastictowardsmemoryusageandperformance.

If the heap size is set to exceed 220MB, then it
overflows the freememory availablefor applicationson
the 256MB machine. Thensomewhat surprisingly, the
100KB simulationdoesnot thrash: this is becausethis
application continuouslygenerates independentgarbage
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Figure2: Fractionof GC time.
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Figure3: JVM running time for differentheapsizes.

objectsthatareeasilycollectible;moreover, theperiodic
generationalgarbagecollectionof theyoungheapasper-
formed by the Sun JVM suffices to matchthis rate of
garbagegeneration. On the otherhand,the 1MB case
generatesgarbagetoo fastfor theperiodic collection, so
it severely thrasheswhenits heapsizeevenmicroscopi-
cally exceedstheavailablesize.Also, otherapplications
that generateinter-linked garbageobjectsmay accumu-
late garbagefaster, so thereis never a guaranteethat an
infinitely large heapsize will work. The table in Fig-
ure 4 depictsthis suddenspike in running time for the
sensitive 1MB simulation,against differentvaluesof the
JVM heapsize.Thisindicatesthatfor someapplications,
thrashingcanbea performancedisaster.

5.1.2 Severity-basedadaptations:

We instrumentedthe Scribeapplicationwith a handler
for severity notifications. This signal handler is coded
within a JNI module,whichexports a simpleregistration
schemeto theJava program. On receiptof SIGMEM, the
JNI method callstheseverity systemcall, andpasses
this valueto theJava-basedhandler. This handler simply
callsSystem.gc() if theseverity metric is lessthana
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Memoryconsumption Runtime
220MB 240.7 sec
225MB 249.3 sec
227MB 255.7 sec
228MB 506.8 sec
230MB 817.7 sec
231MB nevercompletes

Figure4: Runtimespike in the1MB casedueto thrash-
ing.

constant,setto 10minutesin our implementation(asde-
scribedin Section3.2). Thus,in timesof memory pres-
sure,someold pagesin thesystemgetevictedfirst, and
thengarbagecollectionoccurs. If the severity remains
high, thenthenotificationarrivesperiodically every sec-
ond,thustriggering garbagecollectionsufficiently often.

WesettheJVM heapsizeto avery largevalue(10GB),
and allowed the severity notifications to control it ex-
clusively through garbagecollection. Undernormal ex-
ecution, the heapgrew till 222MB and 219MB in the
100KB and1MB experimentsrespectively, andthenpe-
riodic garbagecollectionmaintainedthesystemcloseto
full memoryutilization. The entireexperiment runs in
lessthan10 minutes,sowhentheseverity metricfor the
JVM pagesis comparedagainst garbagecollection, the
latter getspreferredover pagingout partsof the JVM.
This eliminatesthe needfor manual heapsizeconfigu-
ration, makingthe simulationportable acrossmachines
with differentamounts of RAM.

But operating closeto availableRAM might be dan-
gerous if anotherapplication wereto suddenly consumed
a lot of memory. To study this, we ran a memory hog
that allocatedandactively accessed90MB of memory.
Without our severity adaptations, the 100KB simulation
degradesin performanceby 150% (runtimesdepicted in
Figure5), andthe1MB simulationthrashesasexpected.
With theseverity notificationsandthegarbagecollection
handler, theJVM reactsto thememory hogby gracefully
decreasing its footprint till bothapplications areaccom-
modatedin RAM. As aresultof usingasmallerheap,the
two simulationssufferaslowdownof only25%and55%,
andthe systemdoesnot thrash. This demonstrateshow
our systemenablesapplicationsto berobustunder mem-
ory pressure, while improving their performance when
freememoryis available.

5.1.3 Nicing-down memory hogs:

As a final experiment,we niced-down the memory hog
process by 14, which is just enough to pushit into the
next priority class(seeSection4). ThentheJVM ranwith
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Figure5: JVM running timeswith memory hog.

heapset to the full 220MB it normally consumes, and
thememory hogreplacesmemory from its own footprint.
Thus,theeffectsof this rogueprocessareisolatedfrom
theJVM. This hogapplicationaccessesmemory rapidly,
so nicing it down by a small amount (lessthan14) has
little or noeffect.

Section 4.2.1 alludes to priority inversion possible
when a process is niced, say becausethe memory hog
processcausesdiskinterferencewith theJVM. Thisprob-
lem is not observed becausethe JVM doesnot perform
muchdisk I/O – neitherfile I/O nor paging. Even if it
doesperform I/O, our proportional disk schedulerwould
ensurethat it receives a fair shareof disk service,and
would not be starved dueto paging I/O from the mem-
ory hog. It would still suffer a slight latency degradation
becausedisk I/O cannotbeperfectly isolated,but this ef-
fect canbereducedusinga combinationof modern disk
scheduling techniques.

5.2 Mozilla cache

This experimentdemonstratestheapplicability of mem-
ory adaptation to desktopenvironments. The Mozilla
webbrowsermaintainsamemory cacheof incoming web
objectsandpre-rendered pixmaps.We measure theload-
ing time for a seriesof image-intensive webpages,start-
ing from a coldcacheandwarmcachesof small(10MB)
andlarge(200MB) sizes.Usingasmallcachereducesthe
loadingtimebyafactorof 3.5dueto thecachedpixmaps,
whereasa large cachereducesit by an additional factor
of up to 2. For real web client workloads [14], benefits
acquiredthroughcaching mayvarydependingonbrows-
ing patterns,andon whethertheworking setis closerto
10MB or 100MB. In general, whenmemoryis plentiful,
it is worthwhile usinga largecache.

We implemented the memory resizingadaptation in
Mozilla by partially taking the actionsthat “clear mem-
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ory cache”does. Mozilla hassomeinternal support for
reactingto memorypressure: whenits memory module
detectsallocationfailures,or whenit triggersalow mem-
orycondition (whichit neverdoesonUnix systems),then
othersubsystemsbecomemoreconservativeabout mem-
ory usage.Sincethereis noexternal interfaceconnecting
Mozilla to thesystem’s memorymanagementunit (such
asaseverity metricnotification), thisaspectof Mozilla is
underdeveloped,andsowedid notuseit.

If thesystemfirst encountersmemory pressure(sever-
ity drops from �P� to �Q����� ), thena severity notification
is received, and the browser shrinks its cacheto a rea-
sonablevalue of 30MB. Upon increasingmemorypres-
sure,the browseris ableto releasean additional 20MB
of memory with modestperformancedegradation. It is
actuallycheaperto pagetheseobjectsto andfrom disk
thanto fetchthemover thenetwork (milliseconds versus
seconds); however, dueto the low hit ratestypically ob-
served for web pages,our adaptation finds it cheaperto
simplyfreealargefractionof thecache, bringing it down
to 10MB aslongasthereisn’t severeandsustainedmem-
ory pressure.Therefore theapplicationmustfactorin the
cachehit ratewhile estimatingtheeffective regeneration
costof its objects.

5.3 Malloc-held unusedmemory

The FreeBSDmalloc implementation retains memory
that is freed by applications to minimize the number
of systemcalls, and avoid a performancedegradation
that we observed to be up to a factorof 8 in the worst
case.However, with almostnegligible penalty, it canre-
leasethis memory to thesystemonly whenthereis con-
tention, and achieve significant gains. On average, on
our workstations,application footprints containat least
5% of malloc-held unusedpages,and frequently 10%
or more. Quantity-wise, the X server is the application
with themostmemory of this kind (up to 10 MB), while
percentage-wiseit is thewindow manager(almostalways
over 50%of its in-corememory). A simpleSIGMEM han-
dler that releasestheseunusedpages canbe embedded
into libc, anddynamically linked applications neednot
bechanged.

5.4 Overheadmeasurement

Our in-kernel designefficiently performs threekey op-
erations: (1) maintaining pageages,(2) selectingmax-
weighted-agepage for replacement,and(3) nicing pro-
cessesfor memory. The only appreciableoverheaden-
counteredby oursystemis while scanningpagesfor not-
ing pagereference bits. We now characterizethis over-

head.

Oursystemscanspagesonly asfrequentlyastheirage
itself, so the common-caseoverheadof scanning would
be quite low. Indeed,on a systemwith 256MB RAM
running memory intensive applications suchasa kernel
build and a Mozilla web browser, the overheadof our
systemis aslow as0.1%.

To exercisethepathologicalcase,wemeasurethetime
it takesto scanall thepageson thesystemonce. This in-
cludesscanning freepagesandkernelpages,andis there-
fore more than the maximumpossibleoverhead. This
scanningis observed to take 40ms, so if it is performed
asoftenasonceevery � ����� " �-R

, thentheoverheadis
0.8%.This scaleslinearlywith moreRAM, soona 1GB
RAM machine, thispathological caseoverheadis 3.1%.

Weperform pagescanningevenwithout memory pres-
sure, but under normal operation, pages would rarely
haveagesof a few seconds,andwith plentyof freemem-
ory, the freepageswould not bescanned. Therefore we
deemit okayto scanall thetime,with theadvantagethat
a suddenburst of memory pressurewould encounter a
statewherepageagesareknown andsensibleactionscan
be taken. Finally, if the overheadis found to be large
with many GB of RAM, it is alwayspossibleto grace-
fully compromise accuracy for efficiency by increasing� ����� .

6 Discussion

6.1 Trust and incentive

Weassumethatapplicationscooperatewith theOSto im-
proveoverall systemperformance.Faulty, greedy, or ma-
licious applications canat worst increasememory pres-
sureby allocatingtoo muchmemory andignoring mem-
ory pressurenotifications. This is essentiallyno differ-
ent from current general-purposeOSs,andcanbe pre-
ventedby extraneousmechanisms suchasperformance
isolation[24]. Moreover, oursystemenablesusersto iso-
late suchrogue applications by nicing themdown with
respectto memory (by scalinguptheirpageages),which
we describe in thenext section.

It is fundamentallyimpossiblefor thesystemto distin-
guish a maliciousapplicationfrom a genuine onewith
high memory demands that the user prefers to meet.
Therefore, other than this ability to nice processesfor
memory, wedonot try to incorporateany isolationmech-
anismsor strategy-proof decisionsinto the OS. In the
samespirit, we alsoaim for overall performanceby pre-
sentingapplications with a global severity metric,rather
thanper-processfairnessby normalizing the metric for
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eachprocessto somebaseline.For the latter, we simply
rely onnicing.

The main incentive for a programmerto modify ap-
plicationsfor our systemeven when other applications
mightbenon-cooperative is thatit allows theapplication
tosafelyusecopiousamountsof memory without therisk
of paging, or in thelongterm,beingniceddown for being
non-cooperative.

6.2 Deploymentstrategy

This sectionexamines the migration pathbetweencur-
rent systemsanda world whereelasticapplicationsare
distributedwith appropriatehooks. Firstly, the deploy-
ment can be incremental. Programmerscan indepen-
dentlycodesmall hooks into elasticapplications, which
areinnocuousif the systemdoesnot have severity sup-
port. Otherwise,thehooks control theallocationandre-
leaseof resizablememoryregions. Not all applications
needto support thesehooks; however, benefitsaccrueto
both the cooperatingapplication as well as the system
when more and more applications (and libraries, mod-
ules,etc.)support them.

Secondly, thesehooks aresmall andeasy. From our
experiencein modifying applications, it involves identi-
fying resizablememory regions,andthemannerof resiz-
ing them. Sometimesfixed-sizeregions (with sizespec-
ified at startup)have to be recoded to be dynamically
resizableif possible. Then implement a signalhandler
thateitherenlargesor shrinks thecacheuntil theseverity
condition is met. Someadaptationsmayneedto explic-
itly profile its regenerationcost in time units; also, for
caches,it maybeusefulto measure theiraveragehit ratio
andcalculatetheeffective regenerationcostby multiply-
ing thetwo. For atypicaladaptation, wefoundthatabout
10–100linesof codeandanafternoonof instrumentation
timesuffices.

7 Relatedwork

Memory management is an old problem, and is now
nearlyirrelevant dueto theabundanceof physicalmem-
ory. Yet, there is a fundamentalproblem in that mem-
ory is difficult to manage andapplication-heldmemory
is largely unmanagedby theOS. If andwhenthis prob-
lem ever materializesin the form of memory exhaustion
andthrashing, theconsequencesarefatal. Thereis a cir-
cularchainof reasoning thatkeepscurrent systemsgen-
erally away from this disaster. Programmersareconser-
vative aboutmemoryconsumption(at thecostof perfor-
mance), andusersandadministratorsexert effort to man-

agememory. Automating memory managementandex-
tractinghigh performancethrough liberal memory con-
sumptionhasalwaysbeenanunattainable goaldueto in-
sufficientsupport from bothsidesof thesystem– theOS
andtheapplications – andtheabsenceof a simpleprim-
itive that facilitatesthis synergy acrossdiverseapplica-
tion types.We have providedthis link throughour novel
severity metric, andhave realizedthe potential to solve
this long-standingproblem of general-purposememory
managementusingapplication adaptations.

This sectiondescribespastefforts alongthe threedi-
rectionsthat converge into our solution,namelyOS and
application support for memory adaptations,andOSsup-
port for policy control onmemory allocation.

OS support for memory adaptations

Thereis a huge body of work in application-controlled
pagereplacementmechanismsandpolicies[22, 11, 5, 10,
8, 12]. Our work is distinct from the above in that it is
orthogonal and complementaryto paging. To the best
of our knowledge,our work is unique in that it enables
applications to dynamically adjust their memoryusage
basedon a metricprovidedby thekernelthat quantifies
thedegreeof memory contentionandenablescomparison
of thecostsof reclaiming memory fromdifferent sources.
Now we compareour work in more detail against some
of theseothersystems.

In differentschemesfor externalpage cachemanage-
ment[8, 12], applicationsareinvolved in controlling re-
placement in theOSfile cache.Our work canbeviewed
asa generalizationof this concept to applicationmem-
ory. Our key insight is uniquefrom the above two: [8]
usesa two-level schemefor allocatingmemory in the
kernelanddeciding replacementpoliciesin applications,
and [12] takes the approach of exposing pagefaults to
applications,whereaswe convey a metric thatquantifies
memory pressureandtake independent decisions based
on that.

Extensiblekernel technology [5, 10] allows applica-
tions to modify operating systempolicies in a flexi-
ble manner. As such, sophisticatedapplications could
usetheir extensioninterfacesto participatein physical
memory management. Our systeminsteadis aimedat
enabling application-assistedphysical memory manage-
ment in general-purposeoperating systems,via limited
kernelchangesandfew new APIs.

The NemesisOS providesmemory isolationvia self-
paging [11]. Our systemcanalsoprovide isolationbe-
tweenprocessesin termsof memory; in fact,asSection4
explains, we alsoenable partial isolationthrough anad-
justableself-paging bias. However, our systemis pri-
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marily aimedat allowing elasticapplications to exploit
theavailablephysicalmemory, andtheisolationaspectis
consideredanessentialsecondary feature.

Recently, the VMware ESX server suggestsa tech-
niquecalledballooning to cooperatively manage mem-
ory betweenthe OS andvirtual machineguestOSsfor
sharedhosting[25]. Our systemalsonotifieselasticap-
plicationsabout memory relatedevents,so in thatsense
there’s a similarity; however, we target a mostly coop-
erative settingin a general-purposeOS(ratherthantreat
applicationsasblackor grayboxeslike in VMware),and
ourgoalsandtechniquesarequitedifferent.

TheMachOS supports externalpaging, whereappli-
cationsimplementcustompagersinvokedby theOS[22].
Our systemalsoperformsmemory-relatednotifications,
but it is different in that it conveys a severity metric to
enablesapplications to adapttheirmemory useaccording
to thecostof usingthismemory.

The Solaris2.0 operating systemprovidesmany fea-
turesfor advancedmemory management. For instance,
it provides detailedguidelines for manually analyzing
memory pressure, by interpreting the output of vmstat,
memtool, etc.[16] S 7.1.5. It doesnotautomatethismem-
ory pressureanalysis,nor doesit explore applicationre-
actionsto it. Furthermore,thecriteriauseddo not quan-
tify theageof pagesin thesystem,andarenotusefulfor
adaptations.

Application support for memory adaptations

In theoppositedirection,elasticapplicationshavealways
neededsomemeansof determining how large to settheir
configurationparameters.

Someapplications rely on the programmer’s and the
user’s judgement to calculatethis size. For example,
thereis considerable literature on thewebon tuning the
size of databasecaches[23, 4]. While co-locating the
databasewith otherapplicationssuchaswebservers,this
sizeneeds to bechosen(andre-chosen)carefully. A doc-
umentedrule of thumbis to calculatethehit ratio of the
cachefor eachtentativevalueof thecachesize,andkeep
enlarging it until thehit ratio curve flattensout. With our
system,the databasecanbe madeto automatically tune
its querycacheto a sizewheretheoldestqueryresultin
thecachehasslightly highercostof freeing andregener-
ating thanthecostof pagingI/O. This approximatesthe
optimalcachesize.

Likewise, there are extensive guidelines for setting
JVM heapsizesin applications suchas the BEA We-
bLogic server [3]. Therule of thumb is to minimize the
time spentperforming garbagecollection, while maxi-

mizing thenumber of clientsit is ableto support. There-
fore, the heapsizemaybe conservatively set to 80% of
systemmemory. Furthermore, theheapsizeneedsto be
manually observed before andafter full garbagecollec-
tions; if the heapsize does not change by much, then
the heapsize settingmay be decreasedto increasethe
number of clientsor to benefit otherapplications, with-
out excessively impacting the garbagecollection over-
head.Garbage collectionmayalsobeperformedwithin
the young heap(generationalGC) for taking advantage
of cachelocality. Interactive applications may alsocol-
lect whenthe useris experiencingperiodsof idle time.
Our systemdoesnot insist thatall thesegarbagecollec-
tionheuristicsbeignored: in fact,generationalcollection,
idle time collection, etc. are always beneficial. How-
ever, wheneverthesecheapcollectionsproveinsufficient,
our systemenablesfull garbagecollection to trigger at
key moments,namelywhenthereis memory pressureof
nontrivial severity. Thus,manualinterventionfor tuning
JVM heapsizescanbealmostcompletelymadeunneces-
sary.

Someother applications attempt to provide internal
support for adapting their footprint, andinevitably runup
against thelackof system-wideknowledge.Forexample,
asSection5.2describes,theMozilla webbrowserhasa
partiallydevelopedscaffolding for releasingcachemem-
ory from varioussubsystems(through an internalnotifi-
cation scheme)when thereis memory pressure.How-
ever, on Unix systems,theonly meansof triggering this
is to watchfor malloc failures – which happenupon ex-
haustionof virtual memory or uponreachinga resource
limit. On Windows systems,it alsowatchesfor the free
memory pool to reach5%,but this ignorestheexistence
of thefile cache,andcannot capture degreesof memory
severity. In oursystem,we cansimply hookthis internal
memory adaptationschemeto a SIGMEM handler. How-
ever, thissupport in Mozilla is currently immature,sowe
havenotusedit.

Policiesfor memory allocation control

Traditionally, memory in general-purposeoperatingsys-
temshasbeenallocatedto applications on a needbasis.
Proportional scheduling paradigms for other resources
havebeenadaptedto memory [24, 11] in theform of iso-
lation or partitioning. However, they encounter the ob-
stacleof not knowing the appropriatepartitionsize,and
having to decideit manuallyor throughsomesituation-
specificpolicy. Isolationalsodoesnot caterto applica-
tions’ memory demands, sinceit fails to distinguish be-
tweenmemory allocations for needyandalmost-idle pro-
cesses.Therefore practicalusesof memoryisolationare
limited.
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The VMwareESX server usesmemory isolationbe-
tweenvirtual machines, but proposesa concept called
idle page tax [25]. At a high level, it inverselyscalesthe
memory proportions of eachvirtual machineby a statis-
tically estimatedfractionof its pagesthathave not been
accessedfor alongtime. Thus,theapparentdifferenceof
this estimatefrom our severity metric is thatof thefrac-
tion of old pages versustheageof theoldestpage.

Interestingly, eachof thesetwo metricsis appropriate
to thecorrespondingproblem. In theVMwarecase,the
OSwishesto recoverpages from thevirtual machinethat
holdsa lot of idle memory. Theuseof this pagemayde-
pendontheguestOS’s internaluseof thepage,sotheOS
usesacombinationof ballooning to triggertheguestOS’s
pagereplacement policy, andforcedpageout in timesof
severepressure. On the otherhand, our systemhasthe
cooperationof applications,andaimsto releasetheold-
est page in the system, to maintaina balancedlevel of
severity acrossapplications. Beyond that it handsover
thechoiceof freeing thepageto theapplication’s policy.

In [2], web servers areadaptively allocatedresources
to meeta high-level throughputcriterion. They aresub-
ject to an initial admissioncontrol phase,so whenthey
areonline,they arepartitionedthesameamount of mem-
ory asinitially planned. Over time, their characteristics
arestudied,andthesepartitions adjustedthroughestima-
tionsof theirworking sets.

Thisnon-cooperativescenariodoesnotdirectlylendit-
self to our memory adaptation system.Yet, thereis use
for a partial isolationschemeon the lines of what Sec-
tion 4 proposes.Thenthecoreworking setsof the web
servers are retainedin memoryand isolatedfrom each
other, while old memorypagesaregracefully sharedbe-
tweenall web servers to toleratebursty workloadsand
smoothen the periods betweenpartition readjustments.
Theage-basedseverity metricis thekey to providing par-
tial isolation.

Solarisprovides a featureknown as priority paging,
which is mainly applicable to sharedcode in dynamic
libraries [16] S 5.8.4. This is different from the memory
nicingmechanismwe proposein thispaper.

Other virtual memory APIs

Thereis literatureon OSsupport for garbagecollection,
mostlyin theformof remapping orunmappingpagesthat
have beenswappedout. The Symbolics3600architec-
turecloselyintertwined GCwith virtual memory, andthe
AIX disclaim systemcall canbeusedfor similarpur-
poses[13] S 6.5. Our systemprovidesa differentkind of
OS support for garbagecollection, gearedtowardsheap
sizemanagement.

Appel andLi [1] identify a setof OS virtual memory
primitives that canbe exported to several classesof in-
terestedapplications for considerable performancebene-
fit. Theseinclude concurrent andgenerational garbage
collection, sharedvirtual memory, concurrent check-
pointing,persistentstores,extending addressability, data-
compressionpaging, andheapoverflow detection. These
primitives arepertinent to memory protection, whereas
our systemproposesa primitive that exposesmemory
pressure.

8 Conclusion

This paperproposesa memory managementsystemthat
notifies applications about the level of contention for
physicalmemory. Applications thathaveelasticmemory
requirementscan reactby adjusting their memory con-
sumptionin accordanceto thecurrent costof usingmem-
ory. This mechanismallows many applications to im-
prove their performanceby moreaggressively allocating
memory whenthereis no contention, while at the same
timeit improvessystemrobustnessby avoidingor reduc-
ing paging. It minimizes the needfor manualfootprint
configuration, andenablesa meansof extending “nice”
to memorymanagement.
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