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Abstract

Storagemanagemenis a well-known methodfor improving the ef ciency of dataintensve and networked
applications.Today's datamanagemensystemsandlemary non-traditionaldataformats,rangingfrom spatial
datato images,video and otherhybrid representationsThis requiresthe useof specializednethodsto query
extractandtransformdatafrom multiple, possiblydistributedsources.Thereis a greatneedto develop ef cient
and scalablemethodologiedor storing and reusingthe resultsof computationdan suchapplications. In this
paper we introducea con gurable storagemanagemengystemthat allows programmergo specifya collection
of storagemanagemenprotocolsfor managingdifferenttypesof datarequestn top of a sharedandpossibly
distributed pool of resources.In addition, dynamicprotocol changerules allow the systemto shift from one
storagemanagemeninethodto anotherdependingon the availability of systemresources.Furthermore the
storagemanagemensystemcan be expandedwith applicationspeci ¢ methodsto look-up and re-usestored
items. We shaov how the storagesystemcan be tunedto speci ¢ workload speci cationswith the help of a
simulationmodelthattakesinto accountboththe costof storagamanagemerrotocolsaswell asthemethodgo
look-upandre-usestoreditems.

1 Intr oduction

In this paperwe introducea con gurableapplicationview storagesystemcalled“CAVES” thatis designedo work
asa middlevare system,connectingmultiple possiblydistributed senersto multiple possiblydistributed clients.
Themainpurposeof ary storagesystemis to reducethe overall turnaroundime betweeranapplicationanda data
provider. To achieve this, storagesystemanale useof the possiblelocality betweendifferentdatarequestandtry
to optimizethe overall performancéy storingdatathatis mostlikely to bere-requesteth the nearfuturein afast
storagemedium.In this paperwe considetthelocal disk of a storagemanagemergystema fastmediumcompared
to networked andpossiblydistantsenersthatprocessomplex databasegueries.In theremainderof this paperwe
will usethetermview to referto the outputof aqueryin ary application.

Examplesof applicationsthat involve costly queriesinclude datawarehousingand datamining applications
processingcomplex queriesover large datasets,applicationsthat use spatialaggrgationsand correlationsover
comple vectordata,biological databasethat processighly complex sequenceomparisoralgorithms large data
setsobtainedfrom scienti ¢ experimentsgtc. In suchapplicationsthetime to processandtransmita singlequery
mayberatherhighevenin thepresencef indicesandthesizeof theoutputmaybeverylarge. Thecostof producing
sucha datasetmight be muchlargerthanthe costof writing andreadingbackthe datasetfrom the local disk. In
regular storagereplacemenalgorithms the goalof the systemis to optimizethetotal numberof hits. Thisassumes
thatthe costof producingeachitemin the storagds uniform. However, thisis notthe casefor complex queriesthat
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Figurel: Thearchitectureof the CAVES system.

aretransmittedover a network which optimizesthe overall savingsin time. As aresult,thereplacemenpoliciesfor
anapplicationmayvary greatlybasedn its workload.

The CAVES systemis designedasa generalpurposestoragemanagemergystenmthatcanbe storedeitherat a
middlenvaresener or at a client machine.lts purposes to storeviews from multiple applicationsandre-usethem
wheneer possible. The CAVES systemis fully programmablemakingit possiblefor applicationsprogrammers
to specifyvariousstoragemanagemenprotocolsthat are bestsuitedfor a given application. The CAVES system
alsoworksasa fastprototypingmachine.lt constantlymonitorsthe generakystembehaior, collectsstatisticsand
measureshe effectivenessof the prede nedstoragemanagememntulesfor a giveninstance.This is accomplished
with the help of a simulationmodel of the actualsystemthat canbe run periodicallyto performspeci ¢ system
optimizations.

The contrikutions of this paperare the following. We rst introducea generalpurposesystemfor managing
differentqueryrequestsrom multiple client applications.We shav how the CAVES systemcanbe customizedo
handledifferentstoragemanagemensystemprotocolsby meansof explicit storagemanagementules. We shav
how view lookup,view reusewith differentqueryrewriting methodsandview managementanbeintegratedwithin
a singlesystem. In addition,we shav how rulesthat govern the dynamicbehaior of the systemcanbe de ned
andexecuted. We develop algorithmsto maintainthe differentdatastructuresusedin the system. We thenshawv
extensve experimentalresultsthat supportour hypothesighat (1) the optimal storagemanagemenprotocolmay
vary greatlybasedon variousfactors,(2) a dynamicallyselftuning systemmayresultin greatsavingsin the overall
performance.

2 General Architecture
Therearethreemainpartsto the CAVES system:

A CAVESinstancespeci cationcorrespondso the collectionof all applicationspeci ¢ storageananagement
rules. Theserulesarespeci ed by anapplicationprogrammemusinga declaratie speci cationlanguagehat
canbe embeddedn an XML document. Examplesof different parametersand their useare explainedin
Section3. Thespeci cationsprovided by the programmearecompiledinto the runtimesystemto producea
customizedstoragesener” for this instance . Thefollowing arethe maincomponentsf the speci cation:



— View usemethods containghemainmethoddor reusingstoredviews from differentapplications.These
methodsareimplementedn advanceby aprogrammeandlinkedto thegenerabystenusingcommands
that are similar to the “createfunction” commandfor userde ned functions. The methodsthat are
createdby an applicationare one of two types. View lookup methodsallow the storagemanagement
systemto comparethe descriptionof two views  and . Thesemethodswill returntrueif a stored
view maybeusedio answeranew request basedon a storedpropertyof theviews. This attribute
canbe a descriptionstring containinga completequeryor a simplerangeon a relationalattribute. The
secondypeof methodsareview Iter methodswvhich allow the storedviews to be usedto answemew,
morerestrictve queries.Many view re-usemethodshave beensuggestedh theinformationintegration
literature suchas query rewriting using views [11, 13, 17]. Other methodsmay involve a zoom-in
operatiorfor vectordata,simpleselectioroperation®nviews, andaggreationof arelationonaspeci c
attribute. Sincethesemethodscan be very costly they shouldbe usedonly whenthey arelikely to
improve the overall systemperformance. We will discusshow this decisioncan be handledby the
CAVES system.

— Miew manaiementmethods containsthe main storagemanagementulesfor a given application. The
view managemenmethodsare basedon the notion of priority that describegheimportanceof a view
for the clientsof an application. Eachview type storedwithin a singleinstanceof the CAVES system
hasa setof propertiescalledview statistics.All the statisticsthatareto be keptfor views arede ned
by theapplicationprogrammerEachstatistichasmethoddor initializationandupdate Intuitively, each
view may have a setof statisticsthatareinitialized at creationtime suchasthe view creationtime and
thetime to computethatview. In addition,certainstatisticsare updatedasstoredviews getreferenced,
suchasthe numberandtime of hits, etc. In general statisticsupdatemethodsareinvoked by view use
methods. The priority of a view is de ned in termsall of its statisticsanda function over them. The
formulasthatde ne the priority orderingarealsode ned by programmersin addition,theseformulas
may be allowed to changeover time basedon varioussystemparameters.The rulesthat govern this
behaior arealsoa partof theview managemergpeci cationof aninstance.

Both view useandview managemenmnethodsaretightly connectedo eachother Thedescriptionsupplied
by a programmelis rst validatedagainsta grammar In addition, the correctnessnd completenessf all
formulasarealsoveri ed beforeaninstances generated.

Theruntimesystemmanages presetdisk spacewhosesizeis de ned by aninstance.For eachinstancejt
storesasetof views ondisk andall thepertinentstatisticfor theseviewsin memory Eachview hasastatistics
called“priority” thatis computedasedn thecurrentpriority formula. Theruntimesystemcontainsasearch
structurecalleda “priority queue”thatfacilitatesthe basicoperationn theseviews: removal of views with
smallestpriority, updatingpriority of referencediews andinsertionof new views into storaggwith

time for all operationdor a queueof size ). In addition,the runtime CAVES systemmaintainsa number
of systemstatisticsthat rangefrom the meantime of arrival of queryrequestdo the distribution of query
requests.The systemstatisticsare usedto tunethe performanceof the systemto the actualworkloadbeing
experienced.

Thesimulationmodelis the nal componenbf thesystem.Themodelcontainsarealisticmodelof theruntime
systemaugmentedvith the userde ned methodsfor determiningpriority. The declaratie de nition of a
CAVES nstancds usedto generatéghesemethods.Thesimulationmodelis fed theruntimecharacterizations
of the actualsystemusingthe systemstatisticscollected. Thesestatisticsare usedto run variousteststhat
approximatehe actualrequestgo the systemanddeterminethe effectivenessof differentrules. In addition,



the simulationsareusedto discorer new storageamanagememuleswheneer possible. There nementsover
theexisting systemarefed backto theinstanceo improve the performance.

We will now describezachpartin detailin thefollowing sections.

3 StorageManagementin CAVES

In this section,we will describethe applicationspeci c component®f the CAVES systemandshov how they are
usedwithin the runtimesystem.We will mostly concentraten the methodshatdescribethe priority of a view. A
CAVESinstancealwayscontainghefollowing components(1) astoragespacgSS)de nedin termsof apathanda
presetizegivenby SS.size(2) a setof view statisticswith methoddo initialize andupdate(3) asetof querytypes
(QT) thatareto bemanagedy thisinstancalistinguishedy a speci ¢ portthey areattachedo, (4) for eachquery
typei, thesetof view statisticghatwill bemaintainedn thesystem(5) alist of orderformulas
which areformulatedin termsof the view statisticsand simple arithmeticoperatorssuchas , and(6) a
weightvector thatassignsa weightto all theorderformulaswhere

Querytypesin our modelaredatarequestswith differentcomputatiorcostsandoutputsizes.For example,the
computatiorcostof aselectiomqueryis muchsmallerthanthatof anaggreationor a sequencenatchingalgorithm.
In addition, the resultof a simple selectionmay be muchsmallerin sizethanthat of spatialquerythat produces
a comple vector of values. Supposea speci ¢ shareddisk spaceis allocatedto storeviews of differenttypes.
Oneapproacho attackingmultiple typesthanwould be to allocatea speci ¢ percentag®f the spaceto eachtype.
However, it is possiblethatthe views of a speci ¢ typewill underutilize its portion, while anothertype with mary
hits runsout of spacelt makessensahento adaptthe usageof the disk spaceto the actualrequestdeingmadeby
the clients. If for a speci c reasona speci ¢ querytype shouldbe given a higherpriority thenmostotherviews,
thenthis protocolcaneasilybe codedinto statisticsandorderformulaeasdescribedn the next two sections.

3.1 Statistics

EachCAVES instancestoresa numberof views. The actualcontentgbody) of a view is storedon disk while the
otherpropertiesf theviews currentlyin storagearekeptin memory Thesepropertiescalledstatisticsareupdated
periodicallybasecdn differentfactorsasexplainedbelon. We will usethenotation to referto the currentvalue
of statistic for storedview . In this paper we assumehat the storagemanagemensystemdoesnot handle
updatesto the storedviews whenthe underlyingdatasourceschange. This can be accomplishedvith the help
of additionalroutinesto handleincrementalupdatedo the data. Thesemethodsdependgreatly on the underlying
applicationandareout of the scopeof this paper We assumehatfor time critical views, a speci c¢ statisticscalled
“expirationdate”will bespeci edandthestoredviewswill notbeused(henceremovedfrom storagejgfterthistime
point.

In this model,if no speci ¢ view usemethodis providedfor a view type,the default actionis to usea statistics
called“description”. Two views areexpectedo containthe samecontentf their descriptioris identical. We assume
thatqueriesnterceptedy the storagemanagemergystemcarrya headethatcontainghe descriptionof thequery
It is alsopossibleto specifya hashfunctiononthedescriptiongo speedup theview look-upoperation.n this case,
a hashstructureis generatedn top of the views in the system. Examplesof statisticsthat canbe speci ed for a
storagemanagemergystemarelistedin Figure2.

The statisticssuchas , , , . and arestaticvalues. Theirinitial valueis set
atthetime theview is admittedto a CAVES instanceandthis valueremainsunchangedsa resultof view use.The

rst threeareobtainedfrom the queryrequesthatinitiated from the client. The remainingstatisticsare obtained
from the sener thatanswershis query Thebodyis theactualview thatis returnedo theusey and are

4



Symbol Meaning Domain
Descriptionof the dataaccessequestor aview Stringor Integer
Sizeof theview KBytes
Typeof aview Integer
Body of aview LOB
Priority of theview (asafunctionof its statistics) Real
Theidentity or priority of theuserwho uses/anstheview | Integer
Averagerateof reference Real
Total numberof hits Real
Total computatiorcost: computatiortime  transfertime ms
Percenbf view usedfor hits 0-100
Thetime theview wasadmittedto storage Time
Time of thelast references Time
Thenetwork addres®f thesenertheview is obtainedrom | IP
Theaveragenetwork transferratefor Kbytes/sec
Theaverageservicerateat Kbytes/sec

Figure2: Examplestatisticsor the CAVES system.

setwhenthe view is admittedto the storage.The computatiorcost  is setby default to thetotal turnaroundime
for thisview. Theinitial valuesfor all thesestatisticsarethenobtainedby parsingthe queryrequestmeasuringhe
sizeof the outputandtiming thereply to therequest.Thesestatisticshave no updatemethod.If thesenerreturning
this view alsosuppliesheactualcomputatiorcost,this canbe storedasanadditionalvalue.

The value of other statisticschangeas views are referencedor hit by the view use methods. Their default
valueis normally a null value or zero. As an example, supposethe value of for a view is the maximum
priority amongall usersthat referenceadhis view. The total numberof is simply incrementeckevery time a
view is referenced.Thelast referencego the view areshufed arytime it is hit, i.e. by setting

and where is the currenttime stampandthe
functions and  referto the new andold valuesof the given statistics.The and statisticsareimple-
mentedsomeavhatdifferently For example,we cancompute asfollows:

where isaconstanvalue.The statisticis usefulwhenwe useview re-usemethodghat Iter storedviews
to answemew userrequest@asdescribedn Section2. Supposea storedview  is usedto answera newv querywith
answer . Then, is calledthe percentageisefor . Theusagestatisticis thencalculatedby multiplying
in theabove formulawith the percentageise. The nal groupof statisticssuchas and arecomputedising
systemfunctionssuchas”ping” or by queryingdatabasefor statisticssuchasthe averageload of a sener. Using
thesefunctions,we canderive an averagerate for both network and sener rates. The updatemethodsfor these
statisticsare executedperiodicallyfor eachsener. Thereis no restrictionon whatandhow mary statisticscanbe
usedin the CAVES systemaslong asmethodsfor initialization andupdatecanbe de ned usingsimpleformulae.
However, the usualtradeof betweeraccurag andcomplity playsanimportantrole in the systemperformance.




3.2 Order Formulae

The secondmportantcomponenbpf a CAVES instanceis a setof orderformulae. Eachorderformulais de ned
in termsof a numberof statisticsin thatinstance.Eachformulareturnsa numericalvalueandthereforeassignsan
orderingamongthe storedviews basedon the currentvaluesof their statistics. In the following, we will assume
the smallesnumberfor anorderformulaindicatesthe leastdesirabletem, i.e. the view with the smallestpriority.
Givenanorderformula , we will usethe notation to denotethe valueof formula for the statisticsof view

. If view doesnotcontainaspeci c statisticthatis usedto compute , thenwe will assume .

The well-known replacemenschemesn operatingsystemssuchasFIFO, LRU (leastrecentlyused)andLFU
(leastfrequentlyused)determinghe priority of views basednthevaluesof statistics , ,and (or ).
Anotherformulathatconsidersheageof aview is givenby (  =oldestrst) where
is a smallconstant.In this formula,the morecostly or the smallera view, the morevaluableit is. Thevalueof the
view decreasebnearly by age.A formula (hitswith frequeng) with frequentlyusedvariationsbasednthe
numberof hitsis givenasfollows:

This formula is similar to formula , however in this casethe numberof hits and the time intenal between
thelast hits is considerednsteadof the ageof a view. If a systemusesthe numberof hits to determinethe
storagemanagemenpolicy, thenit is necessaryo handlenew views in a specialway. Sincethe systemis biased
towardsalreadyexisting views, thenew views will beremosedimmediatelyafterthey areadmittedto thesystem.To
remedythis,anagingfunctionsuchas  isusednitially for new views, thenthisfunctionis phasedutslownly and
replacedy . Hence|f aview is nothit duringthetimeintenal in which is beingusedit will beremoved
wheneer takesover. To mimic thisfunctionality onecanuseaweightedsumsuchas

over thesetwo formulasto determinethe nal priority of aview. In time, thefactor will approacto zeroand

will bethedominantfactorfor computingpriority.

Anotherorderformula (fastnetwork rst) givenby — depend®nthetotal numberof hitsfor a
view andthe amountof time it takesto transmitthis view from its sener to the storagemanagemengystem.This
functiondepend®n the availability of the network bandwidthto answetthis query The slower the connectiorio a
speci ¢ seneris, themorevaluablearethe views thatoriginatefrom this sener. The function maybecalled
thehardestto re-transmit Theseareexamplesof someorderformulasthatcanbede ned for astoragemanagement
system Many otherformulasmaybede ned for differentinstances.

Let bethelist of all orderformulasthatarede ned for agiven CAVES instance A weight
vector is a list of realvaluessuchthat . Then,thepriority of aview in
this instances given by the formula: . This approacho priority

generalizeghe above notion of using multiple functionswith varying importancewhendecidingwhich views to
keepandwhich views to remove.

3.3 View Insertion into CAVES

The nal componenbf abasicCAVESinstancas givenby apriority queue . Thepriority queuds abinarysearch
structurewith complity for both deletionsandinsertions. The priority queuecontainsthe information
aboutstoredviews in theincreasingorderof their priority. Wheneer aview needdo beremovedto free up space,
theitemwith the smallestpriority is locatedandremovedfrom the systemin logarithmictime.

Suppose _ is a CAVES instancewith storagespace , statistics ,
orderformulae , weightvector , thesetof all storedviews with their associatedtatisticsandthe as-
sociatedpriority queue . Theinsertionof anew view into a CAVESinstance _ asshawvn in Figure3is



Figure3: View managemerin the CAVES system.

performedasfollows.

NEWREQUEST( )

Set to ahighnumberand to null
for eachview do
if canbeusedto answer andcostof reusefor then

- costof reusing

if is notnull then //a hit is found
Read from disk andcomputetheanswelto query
Remoretheview from the priority queue
Recomputestatisticsfor usingthe updatemethods
Insert to thepriority queueat

else// no possibleanswersarefound
send toits senerandwait for thereply

while answers to arebeingreturnedby thesenerdo

— return  totheuser



— computethe statisticsfor

— if then //spaceavailablefor the new view
write  todiskandinsert  to andthe priority queue

— else/lno spacedor thenew view
let

nd views thatoptimizesthefollowing formula:
minimize

with respectto

if then
deleteviews from andpriority queue
write  todiskandinsert to andthepriority queue
Thecostof asuccessfulook-upis givenby where in theabsencef arny hashfunctionson

thedescriptionof views for fastlook-up. In theaverage half of the priority queues scannedf we arenotinterested
in thelowestcostview. If we arenotperformingpost- Itering of theviews, thentheactualcostof looking up aview

from the storagesystemis givenby where isthedisktransferate
givenin termsof Kbytes/secandthe constants arethe constantdor the costof look-up (comparingtwo
view descriptions)deletionandinsertion.

Wheneer we needto remove a numberof low priority views to free up sufcient spaceto accomodatéhe new
view, we usea heuristicthatapproximateshe abore optimizationformula. We simply nd the rst  lowestpriority
views whosetotal sizeis sufcient to storethe new view. In this case onthe averagea constant numberof views
arescannedor thedeletionoperation.The costof anunsuccessfubok-upthatresultsin theinsertionof a view
andtheremoval of anothewiew is thengivenby assuminghatthe
CAVES sener hasto wait for the wholeview to betransmittedcompletelybeforeit canbe admittedto the system.
Recallthatthe computationcostin our framework is the overall turnaroundime for this querywhich includesthe
computationcostaswell asthe datatransfercost. The overall gain of a hit is given by where is the
costof a successfullook up operation.In mostcasesthelook-upcost is very small . However, an
applicationthatusesqueryrewriting with views may requirean algorithmthatis quadraticor even exponentialin
thelengthof thequerydescriptionstring. In thiscase, mightalsobe substantiatlecreasinghe overall savingsin
time for a hit.

3.4 Ghostpriorities

In the above algorithm,we assumedhatthe priority of views change®nly whentheview is referencedHowever,

this is not true of the function givenas . If the priority of a view dependsn this
function, thenit changesverytimethe clock ticks. In this case the easiessolutionis to resortthe entire priority
queue(ata costof secondsperiodically

Another solutionis to maintainan auxiliary queuecalled time queuewhich is orderedwith respectto time
instants Hence time queueis a priority queuebut storesime valuesinsteadof priorities. Theinsertionanddeletion
costsof the time queueareidenticalto thoseof the priority queue. Any time a new view s insertedinto the
systemijts priority is computedor time . Suppose correspondo the valuesof the
priority for view  attime points basedon the currentstatisticsof this view. If this
view is never hit, thenthesepriority valueswill notchangeaswell. Thevaluesaresimply snapshotef the priority
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of the view at differenttime points. If we insertview into the priority queueaccordingto value , thenthis
valueshouldbereplacedattime point

INSERTION: (1) compute for andinsert into the priority queueusingthis value,(2) createa ghost
instance®f |, setits ghostcounterto andinsertit into thetime queueattime point . Theghostcontains
apointerto theview in the priority queue Notethatthetime queueonly containsatime valuefor , nottheactual
priority.

TIMED OUTPUT: At ary time point, we checkthe smallestelement in the time queue. If its time value
corresponds$o thecurrenttime point,thenweremore  from thetime queueandcomputeits currentpriority based
onthecurrentstatistics.If its priority valuein the priority queues differentthanthe new value,thenwe deletethe
view fromts previouslocationin the priority queueandre-insertt. We decrementheghostcounterby 1, if it is not
zero,thenwe reinsertt attime . If thecounteris zero,we mark in thepriority queueasthe majorcopy.

HIT: If aview is referencedandit containsa ghostinstancen the time queue thenwe updateits priority in
the priority queueasbefore.

DELETION: Wheneer aview needgo beremoved from the priority queueto make spacefor a new view, we
checkif it is amajorcopy. Major copiesareremoved exactly asbefore.However, if theview in questionhasghost
instancesthenwe recomputets priority. If it is still smallerthanthe priority of the next item in the queue then
we remove it togethemwith all of its ghostinstanceslf the actualpriority of this view is greaterwe keepthis view
andproceedo thenext itemin the priority queue(we do not updatethe priority of theview, it will take placein its
scheduledime). Suchaview is consideredo be belov sealevel for thetime being. When&er a ghostinstances
beingconsideredye checkif its currentpriority falls below the currentsealevel (i.e. the smallestpriority pointed
to by the priority queue).If thisis the case thenwe remove all ghostinstancegrom the time queueandre-setsea
level to point to this view.

In this method,the whole priority queueis not re-sortedperiodically Sincethe value of function will
decreasén time, it will eventuallyreachthe smallestpriority valuein the queue.Supposen the averageit takes

seconddo reachthis point. Then,we divide this time intenal into  time pointsand computethe priority
of theviews for eachdiscretetime point. The overall overheadof this approachs the costof maintainingthetime
queue.lf aview typically remainsin storageor avery shorttime,then shouldbevery small. Onthe otherhand,
if istoo smallthenthe priority of views in the priority queueis not accuratamostof thetime, resultingin mary
comparisongor adeletion.In theworstcasethedeletiontime maydeterioraté¢o sinceall theviews mayhave
actualpriority thatis larger thanthe currentpriority. In this casethe whole priority queueis scannedncebefore
ary item canberemoved. However, in our systemwheneer a view is hit, thenits priority is recomputed.If the
value of a statisticsuchasnetwork ratechangesthenthe queueis resorted.If all otherfunctionsproducesmaller
valueswith largertime values thenno view will bebelov sealevel.

Assumenow thatthesizeof thepriority queuearemainsstableat . To computethetotal overheadf thismethod,
we obsenre the following. When&er a view is insertedinto the system, additionalcopiesaregenerated.In the
worstcasethesizeof thetime queues . Let's assumensertionanddeletionboth have the samecost . An
additionalcostof is incurreddueto theinitial insertionof the ghostinstancento thetime queue.Since
the ghostinstances removed from the queueoneby one,anadditionalcostof  is obseredateachtime intenal
for atotal of times(giving a total of overhead).Sincefor eachtime instant,the view is removed from the
priority queueonceandreinsertedagain,anadditionalcostof is added.With theassumptiorthatthe priority
of views decreasén time, the deletioncostremainsthe same so doesthe costof a hit on the storagesystem.As a
result,the maximumtotal overheadf the ghostimplementations

Let uscomparethis to the costof reorderingthe views. Supposdhetime it takesto insert views is givenby

for somearrival rate . Assumethatthe queueis reorderecevery secondsthenwe will reorderthe queue
times. The overheadof eachreorderfunctionis givenby , hencethe total overheads



Whereaswithin thistime period,the maximumoverheacdf theghostimplementations for somesmall
constant . Hence,ghostimplementatioris animprovementof over the reorderingscheme.Note that this
assumesheworstcaseperformancenotthe averagecaseperformance.

3.5 Dynamic StorageManagement

All of the abore component®f the CAVES systemare staticanddo not changein time. However, it is unlikely
that a single storagemanagemenprotocol will optimize the performancen the presenceof varying workloads
and systemparameters.To this end, the CAVES systemincorporatesdynamicrulesthat de ne how the general
priority computationshouldbe changed.Eachrule in the systemusesaggrgatesover the statisticsof the stored
views suchas andconstantsEachsuchtermis calledaweightchange
term. A weight changeatomis ary expressionof the form where areweight changetermsand

. Sofar, we have restrictedall weightchangegermsto parametershatcanbe computed
iteratively with a x ednumberof variables.Hence the overheadf maintainingthesegures is nggligible. A weight
changeaule in the CAVES systemis anexpressiorof theform:

where areweight changeatoms, , isarealnumberand is theidenti er for anorder
formulain the speci c instance.The satishctionof a weightchangeatomat ary giventime pointis de ned in the
usualway by evaluatingeachfunction at thattime point andcheckingthe correctnessf the comparisoroperator
A weightchangerule evaluateto true at a time point if all the atomsin the body of the rule evaluatesto true at
time . Thesign in theheadof aweightchangeule indicateswhetherthe changen theweightshouldbe additive
() ormultiplicative ( ). Thefollowing algorithmdescribefiow weightchangesreusedwithin a CAVES instance:

Algorithm ChangeVeight( )
Input: . asetof weightchangeules, : aweightvector

for to do

— let
— if evaluatedo trueattime then

if then
else

let
for to do

Returnthemodi ed weightvector

As anexample considetheorderformula whichwasde nedas —. Thisformulamaynotmale
asigni cant effectin the overall performancef the systemin mostcaseslt might evenhave a negative impacton
the performancesinceit tendsto favor views from slow seners. If all otherfactorswereequal,thenviews with the
samehit ratiowill bepreferredover smallerviews regardlesof their sizes.If thisresultsin mary largerviews being
admitted,it will be a suboptimatatolution. It is possibleto housemary smallviews insteadof a singlelarge view.
However, this formulamay prove usefulin the extremecasesvhencertainsenersareextremelyslow andprovide
views thatarereferencedairly frequentlyanddo not hinderperformanceln this casejt makessensdo keepthese
views in storagesincethe estimatedcostof reconstructingheseviews is too high. This canbe accomplishedy
aweight changerule thatincreaseshe weight of this formulawhene&er the minimum transfertime for oneof the
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senersfallsbelov aspeci ¢ tresholdanddecreasets weightif theminimumtransfertime risesabore thistreshold.
Thiscanbede ned asfollows:

Notethatthe weightchangesrescaleddown in the abore algorithm. However, the weightof anorderformula
may never bea neggative value. If no otherruleseffecttheweightof , thentheabove rulessene the purposeof
turning onandoff basenthevalues and . Theweightchangeulesin thesystemarede ned usingthe
above declaratre languageaogetherwith all the otherview managemenmnethods.They areevaluatedperiodically
If the underlyingweightvectorchangesasa result,thenthe whole priority queueis resortedaccordingto the new
priority function.

3.6 Runtime costparameters

One of the main objectves of the CAVES systemis to tune the various systemparameterdasedon the actual
performanceof the system. To this end, we collectand maintaina numberof runtime costparameterg for
short). A numberof s areusedto tunethe dynamicallychangingvariablesof the CAVES system. The rest
aremaintainedassystemstatisticsandarefed to a simulationmodelof the systemfor varioustests.This approach
mimicsthe notion of costbasedqueryoptimizationin relationaldatabasesThe objectie in this caseisto nd the
bestcombinationof adjustablgparameterghatoptimizethe performance.

The sthatcanbe maintainedor theruntimesystemarethefollowing: the meanarrival rateof queriesjotal
numberof itemsin the queueon average thehit ratio (in hits/sec)savingsin time ratio, averagespaceusageratio,
andtheaveragerateof removal andinsertionto the priority queue(in views/sec).In addition,for all orderformulas
thatarecurrentlyactive (have non-zeroweight), we keepstatisticsto measurehe generalstandardieviation of the
valuesproduced.Thevaluesoutputby thesefunctionsarenormalizedusingtheir standarcieviation. This way the
systemis not naturallybiasediowardsformulasthatproducenumbersn largerrange.

Sinceoperationssuchas changingthe overall weight vector and checkingnetwork and sener rates( )
requirethepriority queueto beresortedtheseoperationshouldbe performedatherinfrequently To determinehis,
we usethe savings in time parametewhich is measuredy . This formuladisregards
the overheadbf usingthe priority queueandreadingtheview from disk. Thisis alsothe measureave try to optimize
in our simulationsof the system.To measurehis, we maintainthe currentsumof two functions,namely

and . Anytimeaview is hit, we updatethesevaluesby and . Anytime
aview needdo beretrieved from the sener, we intercepttheanswerandonly update usingthe sameformula.
Wheneer , which meanghe overall savingsis belov 10%,thenwe try to improve the performanceéy

checkingif any of theweightchangeulesapplyto the currentcase.

Thefollowing are sthatarekeptastheoverall systenstatisticsaandareeventuallyreportedo thesimulation
model along with the abaore mentionedparameters.We maintainfor eachquerytype in the system,the mean
arrival rate, the averagesize and the averagetime compleity (in termsof seconds).Furthermore we maintain
the distribution of querydescriptionshat arerequesteds a histogram. If a hashfunctionis provided for query
descriptiondor this type,we canbuild the histogramon the valuesof the hashfunction for a more precise gure.
Themainideabehindthisis to measurg¢helocality amongthequeriedfor agivenview type. For eachpossiblehash
value,we maintaina counteron the numberof requestdor theitemsin thatvalue. Theideais to keepa counterof
all requestsegardlessof whetherthey werein the cacheor not. In addition,we canbuild histogramson the size
andtime compl«ity valuesto geta moreaccuratepicture of the distribution of requestsalongtheseaxes. These
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valuesarethenuseto generatavorkloadsthatapproximatehe actualbehaior of the system Finally, amorecostly
approactwould beto log all requestsn the systemanduseit to emulatethe actualworkloadin the simulation.We
expect,in mostcases histogramwill provide sufcient detailfor thetests.

3.7 Applications of the CAVES architecture

The CAVES architectureandthe underlyingstoragemanagemenprotocolsdescribedn this papercanbe usedto
implementa variety of differenttypesof protocolswith small changesandadditionsto the overall system.In this
sectionwe will examinesomeof thesemethods.

Semanticcachingmethods[5] usethe notion of spatiallocality to determinethe priority of views. Suppose
we considerrangeselectionsover a singlerelation. Then,two views aresaidto be spatially closeto eachotherif
their rangesareoverlappingin space Wheneer a speci c view  is referencedthenthereis high probability that
views thatarespatiallycloseto  will alsobereferencedHence,ahit on increaseshe priority of otherviews
in the storagesystemwhich canbe implementedn a view look-up function. Wheneer we searchfor  in our
storagewe compareagainstevery storedview. For eachview, we canalsooutputwhetherit is spatiallycloseto
Furthermoresuchmethodsalsocollapseoverlappingintervals which canbe addedasstorageoptimizationmethods
thatareexecutedwhennew views areadmittedto the system.

Anotherpossibleuseof the systemis the prefetchingof views thatarelikely to bereferencedn the nearfuture.
This information can be obtainedin a numberof ways. We cansimply keepa historicallog of all pastrequests
andminethis informationperiodically We searchor itemsthatarefrequentlyrequestedogethewithin a speci ¢
time window. Wheneer ary of theseviews is requestedthe storagesystemactiely issuesrequestgo retrieve
the remainingviews in that group. Another possibleway to achieve this is to keepinformationon all possible
descriptionghatarerequestedy the systemregardlesof whetherthey arecurrentlyin storageor not. For these
view descriptionswe build a hashstructureand maintainfor eachdescriptiona numberof statisticssuchastotal
numberof hitsor averagerateof requestsWheneerthevalueof oneof thesestatisticggyoesabove acertainthreshold
for someview thatis not currentlyin storagethe systemactiely issuesa requesfor this view andattemptgo
admitit to thestorage.

4 The simulation model and environment

The CAVES systemis fully implementedn Java. Due to spacerestrictions,we do not go into the detailsof the
actualsystem.We have testedthe CAVES systemagainsta databaseener anda requesigeneratoand measured
the costof varioustypesof operationgperformedby the system. The simulationmodelusedin our experiments
usesa realisticmodelof the actual CAVES system. It simulatesa priority queue,a numberof statisticsandorder
formulasover these. For eachpriority queueoperation,i.e. insertion,lookup anddeletion,it factorsin the cost
parametershatwere measuredigainstthe actualsystem.In our simulation,we use ve querytypeswith varying
characteristics.Eachquerytype hasa description(numberof distinct possiblequeryrequests), , lower and
upperboundson and lter factor Thevalue refersto theactualdatathe queryhasto read
from disk to answerthe query The compleity measureefersto the numberof timesthe datahasto be transferred
to andfrom disk. For example,a disk-boundsortoperatiorwould have to readthe datatwice andwrite oncefor the
temporarystep.Hence,it hascompl«ity zero. In our querytypes,we useequalityandrangeselectionswith very
low complity andvarying lter factor two join type operationsvith mid rangedor all values,and nally ahigh
compl«ity query suchasa multi-passaggrgation.

In theinitialization step,the simulatorgeneratesll possiblerequestdor thesequerytypes. The valuesof the
complity and Iter factor parametersre normally distributed over the given ranges. A workload consistsof a
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combinationof querytypeswith differentpercentagesThe requestsare uniformly distributed acrossquerytypes
with the given percentagesWithin eachquerytype, the queriesare sentbasedon a normal distribution with a
standarddeviation of 20%, correspondingo the notion of locality. Hence certainviews for a givenquerytypeare
expectedo berequestedanorefrequentlythanthe others.The simulatortakesasinput meanarrival time for queries.
The queryrequestesre generatedat randomintenals that are exponentiallydistributed aroundthe meanarrival

time.

Eachquerytypeis sentto a differentdatasener with varying network characteristicsThe disk speedof each
seneraswell asthe CAVES sener aresetto beaconstantlatatransferatethroughouthesimulations.Thenetwork
speecparametersontaingminimum, maximum,meanvaluesfor datatransferatesaswell asthe standardleviation
of thenetwork speedvertime. Thechangesn network transferatesarenormallydistributedoverthegivenranges.
The network speedor asener becomegonstanuntil achangen network speedaventoccurs.Theseeventsoccur
attime intenalsthatareexponentiallydistributedaroundthe meanarrival time for transfertime changesEachtime
suchaneventoccur for eachsener, weroll a veway dice. Hence eachsener changespeedvith a probability of

. Anytime, thesener network ratesarechangedthewhole priority queueis reordered.

Thepoliciesfor admittingandremaoving views is aswe have discussedn the previous sections.In our simula-
tions,we rst runthesimulatoronceto nd thestandardieviation of all formulasused.Then,we run the simulator
thesecondime, thistime normalizingthe valuesproducecdy thesefunctionby their standardieviations.

Eachview requestis rst searchedor in the priority queue. If the view is found, thenthe total time spent
handlingtherequesis incrementedy the priority queuesearchime plusthedisk transfertime. The priority of the
view is updatedbasednthefactthata hit occurredandthentheview is repositionedn the priority queuebasecdn
its new priority, andthe costof this operationis addedo the overall cost. If theview is a miss,CAVES increments
thetime by the priority queuesearchime, plusthetime to computethe view in the sener andthetime to transfer
it overthe network. We assumehatthe querysener rst computeghe views completelyandthensendshemover
thenetwork. This allows usto simplify thesimulationmodel.If thediskin the CAVES systemis busydueto aread
or awrite operationthenthentheview doesnot getstoredandgetsdropped.Otherwisef theview meetgheentry
criteriatheview getsputin the cachebasedon priority. If thereis notenoughroomin the storageotherviews get
removed until it will t. Thediskis busyduringthistime periodsoary view requestshataremisseddoesnot get
serviced Also thetimeit would take for every view requesto be processedavithoutthe CAVES is computed.

4.1 Experimental Setup

In our experimentswe testeda numberof functions,thefunctions , ,and

— providedthebestresults.Also, sincethesefunctionsdo not have ary factorsin common they provided
agoodtestcase.We will referto as respectiely. We ran 6800simulationexperiments
usingthesefunctions.All simulationsare  seconduns( hours)with vequerytypesand veassociated
seners. Eachsener hasnetwork rate rangingbetween0.1 Kbytes/sedo 1000 Kbytes/secwith a meanof 100
Kbytes/secThedisk speedsisedfor all thesenerswere2.5Mbytes/se@andfor CAVES was5 M/sec.Thechanges
in thestandardieviationfor network speedareonly appliedto senersservingquerytypesl and3. Thetablesbelov
shaws all differentquerytypesandthe six workloadswe have experimentedvith, andtheremainingparameters.
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QType Desc| Size(K) | Complity | FF | W-0 | W-1 | W-2 | W-3 | W-4 | W-5
1000 | 10-500 3-10 20 6 10 | 10 | 10 | 40
1 500 | 175-200| 90-100 20 | 47 5 40 | 10 | 20
2 500 | 175-200| 90-100 20 | 47 5 10 | 40 | 20
3 200 10-50 50-100 20 0 40 | 40 | 40 | 10
4 100 10-50 100-200 20 0 40 0 0 10

ADNNDNPE
|
G WNNDN

Parameter Range
Meanarrival time for requests Onequeryevery 1,5,and10sec
Meantime for network ratechanges 100,and1000sec
Standarddeviation for network ratechanges| 2,5, and10K/sec
Storagespace 1280,2560and5120
Weightsfor

4.2 Results

In this section,we presentour performancaesultsacrossa wide variety of parametersWe begin our discussion
with an examinationof how the differentweight caseseffect our threemajor performancemetricsacrossall ve
workloads. The rst major performancemetricsis speedup.Speedups de ned to be the overall executionof the
workloadwithout CAVES divided by the executiontime of a given workloadwith CAVES. The secondmetricis
hit-ratio andis de ned to be the numberof “hits” within the view storagesystemdivided by the total numberof
accesseer requestsThelastview storagesystemmetricis “averageviews in cache”(AVINC). Thismetricdenotes
thenumberof views in the cacheaveragedovertime.

From the outsetof this work, it hasbeenour hypothesighat a con gurable storagemanagemensystemthat
supportsdynamicchangerules would be of considerableperformancebene t over a static storagemanagement
system.Thefollowing workloadexperimentalatais our rst proofthatthis would bethe case.

Figure4 plots speedumsa function of weightcasesacrossall ve workloadcases.Here,we obsere thatthe
bestweightcasdn termsof speedupariesacrosdifferentworkloads.For example,if welook atworkload2, which
usesmostly querytype 2 and 3, we obsere the bestrangeis weightcasesl6 andabove, however if we usedthose
casenworkloads0, 1 or 2 we would clearlynotbeachieving theoptimalperformanceMoreover, we obsere that
weightcasesl0 throughl5 yield good performancdor workload?2, but very poor performancdor workload4, in
facttheworseperformancef all.

Adding to theseresultsarethe hit-ratio resultspresentedn Figure5. In this gure, the hit-ratio is shavn as
functionof theweightcasesacrossall workloads.Whatis interestinghereis thatfor workloads2 and4, thehit-ratio
is actuallyinverselyproportionatlto realperformancdi.e., speedup)Obsenre thatweightcasesl0 through15yield
the highesthit-ratio, yet arenot the bestperformancecasegeportedin Figure4. Clearly for workload4, the best
hit-ratio yields the lowestperformance.The explanationfor this behaior is thatbecausell views are not of the
samesize,or complity, hits may not be agoodmeasureof performanceasdonewith typical processorcaching
systems.However, hits do play animportantrole in the storagemanagemensystemand shouldnot be ignored.
As shawn in the speedupesults,it wasthe weightcaseghatutilized aweightedcombinationof , and that
yieldedthe bestperformancdrecall,that ).

AVINC resultsareshavn in Figure6. Like thehit-ratio,we nd thatthe AVINC performancenetricnotto bea
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goodpredictorof performancdor similarreasons.

T
"workloadQ" using 1:2 —+—
16 "workloadl" using 1:2 --->-- |
"workload2" using 1:2 ---X---
"workload3" using 1:2 {1
"workload4" using 1:2 —-M--
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Figure4: Comparisorof speedugasa functionof weightcasesacrossall workloadcases.

In this next setof performancegraphswe presenthe performancenetricsasa function of weightcasesacross
all cachesizestested.In Figure7, we obsere thatthe bestweightcasedoesnotvary with cachesize. Thesendings
areunderscoredby thehit-ratioandAVINC resultsshavn in Figures8 and9 respectiely. This meanghatchanges
to the weightsis largely independentf cachesizeandin facta goodweight selectionfor a given workloadmay
work well for mary differentcachesizes.Thisis agood nding sinceit allows theview storagesystento optimize
andself-tunetheweightwithoutregardto cachesize.

Like cachesize,we obsere a similar behaor with meanrequestime with regardto whenweightsshouldbe
changed.In Figures10, 11 and12, we shav the speeduphit-ratio and AVINC results,respectrely. Here,we see
thatthe sameweightcaseprovidesthe bestperformancecrossall therequestime casesTheseresultssuggesthat
meanrequestime is not afactorthatshouldbe consideredvhendecidingon whento changeweightfactorsin the
view storagemanagemergystem.

The nal performancealataseriesconsidershe effect of the performanceametricsasa function of weightcases
on the change-turn-arouhtime (CTAT) parameterHere,we seea performanceicturewhereCTAT doesimpact
whenweightchangeshouldbe made.In Figure13, we seethatthe bestspeedugor CTAT 0 is underweightcases
11throughl4, howveverthe bestweightcasedor CTAT 1 arel5andabore. Moreover, we obsere thatfor CTAT O,
cased5andaboveyield signi cantly lower performancdor CTAT 0. Sowhile CTAT 1 coulduseCTAT 0'sweights
thatoppositedoesnot appearo betrue.

If we examine,hit-ratio and AVINC, asshavn in Figures14 and15, we nd anotherexampleof wherethese
two parameterslo not predictperformance Again, this phenomenotis attributedto large sizeandmore comple
views having a greatimpactto be storedthansmaller easierto re-createviews.
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Figure5: Comparisorof hit-ratio asa functionof weightcasesacrossall workloadcases.

5 RelatedWork

Therehasbeena greatdealof researchin cachemanagemen(primarystorage)nethodgor databassystemsSuch
methodsprovide simpleandhard-and-dst criteriafor decidingwhich pagesto keepin memorygiven their usage
andsize. Examplesof thesemethodsnclude[8, 12, 16]. A relatedareaof researctiocuseson determiningwhich
pageswill likely be referencedn the future and prefetchingthosepages.For example,Kraissand Weikum [10]
provide a comprehense framevork that decideshow to move objectsvertically betweenprimary secondaryand
tertiarystoragesystemsasedn aprobabilisticmodelandusagestatistics While the CAVES systemcanexploit all
theseresults, CAVES mustextendthemto develop storageamanagemerpoliciesthattake into accountcostfactors
associatedvith a distributedarchitectureanddynamicparametersAs aresult,the problemthat CAVES addresses
is differentfrom the traditionalcachemanagemenroblemsaddresseh the papersabove.

To addresshesedifferentrequirementsthe CAVES systemsiusesclient-sidecachingof views. Client-sidedata
cachingandreuseis a commonlyusedqueryoptimizationmethod[3, 4, 5, 15]. In mostcasesthe cacheddatais
modeledat the tuple level or at a singlerelationlevel. However, mediatedsystemsmultimediaapplicationsand
somedatamining applicationsmay storemore complex views. See,for example,[2, 17, 18, 19]. Use of view
de nitions to derive alternatequeryplanssuchasqueryrewriting hasalsobeenan active areaof research See for
example,[6, 11, 13, 14]. While the CAVES systemexploits this previous work, the integrationof thesealgorithms
with theassociatedtoragemanagementoliciesasrequiredby CAVES hasnot beenexploredin theliteratureyet.

To our knowledge thereis no unifying theoreticaframework for specifyingdynamicview replacemenpolicies
basednagenerahotionof precedencéwithoutsuchaframework, it is notpossiblelo developaprincipledstorage
managementystemthathandlesmultiple policiesandthattakesinto accountoth staticanddynamicfactors.The
CAVES systemis asigni cant stepin thisdirection. Thetwo researclprojectsotherthanCAVES thatcomeclosest
to doingthis arethe cacheinvestmenstratgiesof FranklinandKossmanrj7] andthe DynaMatsystemof Kotidis
andRoussopoulof9].
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Figure6: Comparisorof averageviewsin cacheasafunctionof weightcasesacrossall workloadcases.

Franklin and Kossmanr|7] demonstrateéhat cachingof views in a distributed systemcan have a signi cant
positive impacton query processingerformance.This resultis achiered with a simulationstudyusinga variety
of staticandhistory-baseaachingpolicies. The studydoesnot includedynamicpoliciesthatvary betweerclient
applicationaandquerytypesasis the casein the CAVES systemhowever. DynaMat[9] usesa”"goodness’measure
to materializeviews at multiple levels to optimize query processingor a datawarehouse.lt usesthe incoming
gueriego dynamicallyaltertheviews thatarematerialized DynaMatis designedor therestricteddomainof a data
cubein adatawarehouselt usesa x ed”"goodness’measurdor admittinga view into the cacheandmanaginghe
cache.The CAVES systemis notfocusedon a particulardomainof applicabilityandemphasizetheuseof dynamic
measure®f goodness.Neverthelessthe DynaMat systemdemonstratethat signi cant performancebene ts are
possible.Neitherthework of FranklinandKossmanmor DynaMatconsiderusingsimulationto dynamicallytune
theview managemengystemwhile it runs,asis donein the CAVES system.

6 Conclusionsand Future Work

In this paper we have discussed generalarchitectureor disk boundstoragemanagementWe have shavn that
our methodprovidessigni cant performancemprovementsover a variety of workloadswith varyingdemandson

the network and computationakesourceof distributed seners. We have shavn that our architectureintegrates
view reusemethodswith storagemanagementWe have introducedthe notion of dynamicchangeruleson storage
managemenprotocols. Theserules allow the systemto optimize its performancebasedon the runtime system
parameters.We have shavn with experimentalresultsthat the optimal storagemanagemenimethodsmay vary

drasticallybasedon variousfactors.Thekey ndings from thestudyinclude:

Dynamicweightchangerulesappeato have a signi cant performancéene t.
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Figure7: Comparisorof speeduasa function

of weightcasesacrossall cachesizecases.

Hit countsand/orhit-ratio areimportantparameter$or storagesystemput shouldbe consideredn conjunc-
tion with otherfactorsto yield constantlygoodstoragesystemperformance.

Cachesizedoesnot appeato impactweightchangedecisionsaandin factappeato be uniformly goodacross

awide rangeof cachesizes.

Like cachesize,meanrequestime doesnot appeato impactweightchangedecisions.

Finally, change-turn-arountime (CTAT) doesappeato impactweightchangesandshouldbe consideredn

thedynamicdecisionprocess.

We arecurrentlyworking on automatedanethoddor generatingsimulationexperimentgrom within CAVES and
developingmethoddo interpretthe resultsof theseexperiments.Theseresultswill allow usto discorer new order
formulasthat might provide performancegains,optimal cutof pointsfor dynamicchangerulesandnewv dynamic
weight changerules. Thereare mary otherfactorsthat may have a profoundeffect on performancesuchasthe
costandavailability of a view reusemethod the percentageiew use. Suchmethodsarevital for applicationghat
procesdarge datasetssuchasmapdata,datacubesgtc.. We areplanningto run testson bothsimulateddataaswell
asreal-life applicationgo develop customizedstoragemanagemenprotocolsfor differentscenarios.In addition,
we arecurrentlyplanningto parallelizethe simulationmodelandexpandits capabilitiesto includemary clientsas
well assupporta hierarchyof seners. This parallelsimulationmodelwill allow usto investigateenterprisdevel
con gurations,aswell asrapidly explorethe statespaceof a wide rangeof parameters.
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Figure8: Comparisorof hit-ratio asa functionof weightcasesacrossll cachesizecases.
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Figurell: Comparisorof hit-ratio asa functionof weightcasesicrossall requestime cases.
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Figure12: Comparisorof averageviews in cacheasa functionof weightcasesacrossall requestime cases.
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Figure13: Comparisorof speedufasa functionof weightcasesacrossall change-turn-arouhtime (CTAT) cases
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Figurel4: Comparisorof hit-ratio asa functionof weightcasesacrossall CTAT cases.
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Figurel5: Comparisorof averageviews in cacheasafunctionof weightcasesacrossall CTAT cases.
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