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Abstract

We presenta new approacho predictingpageaccesseto facilitate prefetchingpersistenobjectsin a client/serer
computingervironment. Therelationshipdetweerpersistenbbjectsaremodelledby a discrete-timeMarkovChain,
which allowed us to usea methodcalledhitting timesto computethe pageaccesgprobability andthe meantime to
access page.If theprobability of a pageis higherthanathresholddefinedby cost/benefiparametershenthe page
is a candidatdor prefetching.To determinahe prefetchinghresholdwve considevariouscostparameterso compare
the benefitof a correctprefetchwith the costof anincorrectprefetch.Iln addition,we computethe bestpossibletime
to startthe prefetchoperation. We incorporatedhis prefetchingalgorithminto the EXODUS storagemanagerand
usedthetiming resultsin a simulation.

Keywords: prefetching persistenbbjectstores object-orientediatabasegliscrete-timeMarkov Chains,hitting
timesandhitting probabilities EXODUS storagemanagerhigh performancebjectstoresglient/serer computing.

1 Intr oduction

1.1 PerformanceBottlenecksof PersistentObject Stores

In mary client/serer persistenbbjectstoresthe client requestpagedrom the sener. The sener retrievesthe page
from its local disk andsendst to the client. The pageis insertedinto the client’'s addresspaceandthe application
canwork with the objectsin the page. This pagefetchis anexpensve operation.In Figurel we give an exampleto
shav the mostexpensve elementof sucha pagefetch. The resultswereobtainedby timing the EXODUS storage
manage(ESM) [2]; detailsaboutour computingenvironmentcanbefoundin Section4.1. This testwasmadewith
justoneclientat the sener andthe machineworkloadwaslow.

A major costfactor of the pagefetchis the costfor sendingandreceving a page(setupcosts)via the network.
Thenetworktransfercostis low, comparedvith the setupcosts.All elapsedimesof the costcomponentgapartfrom
networktransferanddisk read)aredependentnthe speedf theprocessorThusthesecostscouldbereducedusing
up-to-dateprocessordyy afactorof 6 andnetworktransfercouldbereducedy higherbandwidthsn which casethe
disk accessvould emege asthemajorbottleneck.The seekcostis themostexpensve partof thedisk acces$dut does
not appeaiin Figurel becauseave readall pagessequentiallyfrom disk. The IPC costcould be reducedoy usinga
disk threadinsteadof adisk process.

1.2 Approachedo Impr ove DatabasePerformance

In orderto reducethe high costof a pagefetch mary researcherhave developedprefetchingtechniques.n object-
orienteddatabase€hang[3] predictsfuture accesseby hints from the datasemanticsn termsof inheritanceand
structuralrelationshipsto prefetchone objectahead. Cheng[4] extendedthis work by addingmultiple hints and
by takinginto accountthe prefetchingdepthand physicalstorageconsiderationsA comple« assemblyoperatorto
load componenbbjectsrecursvely in advancewasintroducedby Keller [9]. In Fido[15], the prefetchingtechnique
employsan associatie memoryto recogniseaccesgatternswithin a context over time. In training mode,object
accesdnformationis gatheredand storedwith a neaest-neighbourassociatie memory In predictionmode,this
informationis usedto recognizepreviously encounteredituations. Gerlhof [6] recordsthe answerof an operation,
i.e. findstheidentifiersof all pageghatwereaccesseduringthe executionof anoperationanduseshis information
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Figurel: Expensie componentsf a pagefetch

to prefetchthis sequencef pagesin Thor[5] eachfetchrequesfrom the client causeghe senerto selecta prefetch
groupcontainingthe objectrequeste@ndrelatedobjects.

In someresearctwork an applications future accesseare predictedby probability models,the valuesof which
were obtainedfrom pastaccesses.In [7] a probability graphwas usedto predict the future file accessj.e. the
probabilitythatonefile will beopenedafteranother In the WWW Bestaros[1] speculateédboutdocumenaccesses
basedupontheirdocumentinterdependencprobabilities.Grimsrud[8] keepsarecordof thedisk clustersvhichwere
accessetmmediatelyafteranotherclusterwith anassociatedveightfor the accesgprobability. An interestingstudy
to preloaddocumentdrom tertiary storagevasmadeby Kraiss[12]. Thiswork is probablymostrelatedto ourwork
becausat usesa continuous-timéviarkov-dain modelto predictthe documentaccess.The main differenceto our
workisthatthey predictthedocument&ccessvhereasve predictthefuturepageaccesdasedn objectrelationships.

The new approachof our work is the computatiorof the pageaccesgrobability consideringhe structureof the
relationshipdetweerpersistenbbjects.Objectshave pointersto otherobjectswith associatetransitionprobabilities.
Every objectbelongsto exactly onepage. Fromthe currentpositionof the client navigation we computethe access
probability of all adjacenpages.We do this by evaluatingall pathsfrom the currentobjectto objectsin the adjacent
pages. The objectrelationshipsare modelledusing a Discrete-Tme Markov Chain (DTMC) and a methodcalled
hitting timesis usedto computethe pageaccesgprobability. If the probability of a pageis higherthana threshold
definedby cost/benefiparameterthenthepageis a candidatdor prefetching.To determingheprefetchinghreshold
we considervariouscostparameterso comparghe benefitof a correctprefetchwith the costof anincorrectprefetch.

In Section2 we will give anintroductionto the modeldefinitions,explain the decisionprocesdor prefetching
andthe computatiorof a pageprobability. In Section3 we presenthe costparameter$or a prefetchoperationin a
client/sererarchitectureTheresultsfrom theimplementatiorof the prefetchingechniqueandsimulationresultsare
presentedh Sectiond. Finally, in Section5 we concludeour work andgive anoutlookto futurework.

2 Prediction Model

2.1 Model Definitions

In a persistenbbjectstoreobjectshave relationshipswith otherobjects.Let O denotethe setof objectsin the store
andlet RC O x [0, 1] x O denotethe setof objectrelationshipshetweenobjects,alongwith a weightfor eachsuch
relationship.Theweightdenoteghe probabilitythatwe traversefrom oneobjectto another Further let o; € O bethe
currentobjectthatthedatabaselientis processingLet o; € O andx € [0, 1]. If (0;,%,0j) € Rthenwe saythato; SN
0;j denotingthe probabilityx thatwe go from g; to ;.

Let PGbethesetof databas@agesandpg € PG the pagethatcontainsthe objecto;, i.e. the pageon which the
clientis currentlyprocessing.A pagepg; is saidnotto be residentin the client buffer pool BP, with BP C PG, if
pg; € PG\BP. Theconditionfor anobjectrelationships Yo, € O, 5 {x: 30 € O: (0j,X,0j) € R} = 1,i.e. thesumof
theprobabilitiesassociatedvith theemeging arcsfrom o; mustaddupto 1. For thecasenvhenthetraversalterminates



atanobjectwe introducea self-loopfor anobjecto; suchthato; 50 denotegheprobabilityx thatthetraversalwill
beterminatedat objecto;.

2.2 PrefetchDecisionModel

In our previouswork ([10], [11]) we useda Prefett ObjectDistance(PODy¢) to startthe prefetchoperationd object
processingunits (steps)beforeapplicationaccess PODp¢ is computedby dividing the costof a pagefetch' by the
costof objectprocessing We denotea Prefetd StartObject(PSQ asanobjectthatwhenencountereavill startthe
prefetchoperation. Theadwantageof this approachs thatthe savingsin elapsedime arehigh but the probability that
the traversalwill be from the PSOto anobjectin a non-residenpagecould be low. Prefetchinga pagelessthand
objectsbeforeaccessascertainlya lower saving but the probability that we traversefrom the currentobjectto an
objectin anon-residenpagecouldbehigher

In this work we introducea Prefetd DistanceRange(PDR) with a minimal POD (PODyn) and maximalPOD
(PODmay in whichwe would identify aPSQ PODy,y is definedto be the break-@en-pointwhenthe prefetchbenefit
startsto outweighthe prefetchcosts. PODmax hasa highervaluethanPODp¢ becauseéts valuetakesinto account
possibledelaysof the pagefetch. A prefetchstartedearlierthanPODyax would resultin the samebenefit.

First we explain whenwe prefetchpagesandin the next sectionswe describethe componentshatinfluencethis
decisionprocess. Supposé € O is the currentobjectanda € PG\BP is a pagethenwe will denoteby P 4, the
probability that startingin i, we hit® pagea (definitionin Section2.3). Also let CIP be the Costof an Incorrect
Prefetch(definitionin Section3.1) andBCPy, the Benefitof a CorrectPrefetch(definitionin Section3.2) whichiis
dependenbnthe PODparameted. The decisionwhetherto prefetchapageis madeby the following constraint:

X CIP
Pia > gopy ¥aP 1)

To explain this equationit wasderivedfrom:

If the probabilitythatthe pagewill beaccessedultiplied by thebenefitof the pageis greaterthanthe probability
thatthe pageis notaccessedultiplied by the costof anincorrectprefetchthenwe will prefetchthe page.

Let Onr (Ongr € O andOnr € PG\BP) bethesetof objectswhicharenotin the buffer poolwheretherearepaths
from the currentpagepg. For thepurposeof our model,for every elementoy (ox € Onr) We checkconstraini(1) for
every objecto; which haspathto oy in the distancerange(PODwin < d < PODnay). If constraint(1) is fulfilled then
we defineobjecto; asa PSQ Theremaybe a numberof pathsfrom o; to o, thatis exponentialin d. However, aswe
shallsee we do not have to examineeachpathindividually.

Let Oppr (Oppr C O) betheobjectsin the PDRwhich have apathto a pagea. Thenwe computethe heatof an
objecto; € Opprto accespagea by:

hea(o;, ) :]Pi}mBCP(d‘)—(l—]P)i,q) -CIP 3)

For objectswith anin-degreeof 1 we comparethe hea(o;, a) valueof a referencingobjectwith the referenced
objectandidentify only the objectwith the highervalueasa PSQ This processcould involve a comparisorover
multiple objects.TheidentifiedPSOhasthenthetheoreticabptimaldistanceto prefetcha page(PODoy: ).

After the analysingprocesswe decidewhetherto prefetchfrom the persistenstore. If the estimatedbenefits
outweighthefixed costs(threadandsocketcreation)thenwe will useprefetching.

2.3 Computation of the PageAccessProbability

A DTMC is a stochastigprocessvhich is the simplestgeneralisationf a sequencef independentandomvariables.
A Markov Chainis arandomsequencé which the dependencof the successie eventsgoesbackonly oneunit in

1We distinguishbetweera pagefetchfrom servermemoryandonefrom the servers disk.
20bjectprocessingncludesa fixed systemcostandvariableuserprocessingost.
3To hit apagemeanghetraversalfrom a currentobjectto anobjectin anothepage.



time# In otherwords,thefutureprobabilisticoehaiour of theprocessiepend®nly onthe presenstateof theprocess
andis notinfluencedby its pasthistory.

Let (Xn)n>0 bea DTMC with transitionmatrix P. We associat@ne statein the DTMC with oneobjectandthe
currentstateis associatedvith the currentobject. The hitting time of a pagea is the randomvariableH® : Q —
{0,1,2,...} U{} givenby

H% w) =inf{n>0: X,(w) € a} 4)

H%(w) is onestateof a to behit attime w. The probabilitystartingin objecti that(Xn)n>0 everhitsa is then

hiq:]P’i(Hq<°°). (5)

Themeantime takenfor (Xn)n>0 to reacha is eithern stepsor o stepsandgivenby

kl-q:Ei(Hq): z n]P)(Hq:n)—I-OO]P)(Hq:OO) (6)

n<oo

The meanhitting time andthe hitting probability canbe calculatedoy linear equations With Theoreml we are
ableto establishthe equationgor thehitting probability.

Theorem1 Thevectorof hitting probabilitiesh® = (h* : i € O) is theminimalnon-ngativesolutionto the systerof
linear equations

h = 1 forica @)
h' = Yico pijh‘j’ fori¢a

Themeanhitting time canalsobe calculatedy linearequations:

Theorem2 Thevectorof meanhitting timesk® = (k% : i € O) is theminimalnon-ngativesolutionto the systenof
linear equations

ki =0 foriea .
{qu = 1+3j¢q Pijk] foriga (8)

The proof for boththeoremsanbefoundin [14]. We solve theseequationnline by aniterative methodcalled
conjugategradientandoff-line by the LU decompositioralgorithm (for moreimplementatiordetailsseesection4).
In addition,we definethetwo following rulesdescribinghe adaptiornto our ervironment:

Rule 1: Let A bethesetof statescorrespondingo the objectsin O thathave a pathto anobjectin apagea. For the
settingof the equationgo calculatethe hitting probability (accordingo Theoreml) andthe meanhitting time
(accordingo Theorem?) we only considerstateghatareelementf A (0; € A).

Rule 2: To calculatethe meartime thatwe hit a pageo we have to consideronly transitiongrom statesn A to states
in A. If theconditionYo; € O,y {x: J0; € O: (0j,X,0j) € R} = 1is notfulfilled arymorebecause stateis not
in A thenwe have to recalculatehe probabilitytransitions.The new probabilityvaluesfor X' arecomputeddy a
methodcalledre-normalisation

Xi
X=cm 9)
PRIERS
wherewe only considertransitionprobabilitiesx; to the objectscorrespondingo the statesn A.

Example re-normalisation: Supposewe have o, 0y, 0y, 0w € O andxy, %2, X3 € [0, 1] with the transitionso

24 00 0 225 0, andoy =2 oy, Letor, 04,0y € A @andoy ¢ A. Thenthevaluesfor X; andx, arecomputecby
Xy = X1/ (X1 + %2) andfor x, = X2/ (X1 + X2).



Page 1 Page 2

075 | —|

@ 0.25

P 3
0.75 age
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Example hitting equations: Figure2 depictsa simpleexampleof objectsthatareresidentin a pagewith refer
encedo otherobjects.The probabilityto hit page2 startingin objecto; is computedasfollows:

hy = 1

h, = 1

hs = 0.25hg

hy = 0.75h,

hy = 0.5hy+0.25h3

As aresult,the accesgprobability of page2 is 0.4375andof page3 is 0.5625. The meantime to accesgpage?,
startingin 04, is thencomputedy the following equations:

ke = 0

k, = 0

ks = 1+ 1ks

ky = 141k,

kk = 1+ zkz + 1ks
3 3

Startingfrom o; the meantime to accesage? is 2 andto page3 is 1.75. Thetransitionvaluesfor equationsg
to k3 areobtainedaccordingo Rule 2.

3 Cost-BenefitModel

3.1 Costof an Incorr ect PrefetchRequest

Thiscostdescribesheadditionalelapsedimefor theapplicationdueto anincorrectprefetch.Everyincorrectprefetch
imposesa highersynchronisatiorostfor theDemandThreatb accesglobaldata. Table1l shavsthecostparameters
whichinfluencethe costof anincorrectprefetch.CIP is thencomputecdoy:

CIP=Ccs+Cu+Cr (10)

4Timein the contextof a DTMC meanssimply anumberof steps.



Parameter

Description |

Cep Costfor client processingvhich includesAuditing, Buffer Managemen{exceptCr andCrg),
10, Concurreng Control,NetworkProcessingMemoryManagement.

Ces Increasedostof context switchesdueto prefetchthreadsL et Ccq1) bethecontext switchcost
for one prefetchthreadandlet o, be the scale-factodependenon the numberof prefetch
threadsp.

_ — Ces=Cegy) - Op)

Cm Additional waiting time andprocessingostfor the DemandThreatb acquireandreleasemu-

texes.Let Cop1y bethemutex costfor oneprefetchthread.
Cem = Cemin) - O(p)

Cpr Costfor usingprefetchinformation(not for solvingthehitting timesequations).

Cpw Costfor waiting until a pagerequestrrivesat theclient. Let Cpyy (1) bethewaiting costfor a
requesto thesenerwith 1 clientandd ) ascale-factofor thedelayof a pagefetchdependent
onthenumberof clientsc atthesener.

Crw = Cpw(1) - Oc)

Cr Costfor the replacementf a pagewith anincorrectprefetchedage.The replacedhagemay
beaccessedgain.

{ Cpw+Ccp if pageis accessedgain
Cr= .
0 otherwise

Cre Thecostfor thereplacemenof a pagewith acorrectprefetchedage. Thereplacedbagemay
beaccessebeforethe prefetchegage.

Con— Cpw +Ccp if replacedpageis accessetieforeprefetchegage
RB— 0 otherwise

Cs Costfor the DemandThreatb wait on a semaphoréonly whenthe DemandThreadtallsfor
theprefetchedbage).

Bp Let Co bethe costof processingneobject;recallthatd is the prefetchdistanceparameter

Bo — Cpw +Ccp if prefetchecpageis residentonaccess
P= Co-d  otherwise

Tablel: Cost/Benefiparameters



Table2: Computemperformancespecification

Parameter Sener Client
SFARCstation 20 Model502 10 Model514
Main Memory 512MB 224MB
Virtual Memory 491MB 657MB
Numberof CPUs 2 4
Cyclespeed 50 MHz 50 MHz

Table3: Disk controllerperformance

Parameter Disk controller
ExternalTransferRate 20 Mbytes/sec
AverageSeek(Read/Write) 9/10.5msec
Averagel ateny 5.54msec

3.2 Benefitof a Correct PrefetchRequest

Themaximumsaving for a prefetchis only achiezedwhenthe prefetchedgagearrivesat the client beforeapplication
accessThebenefitBCP depend®nthe amountof savings minusthe prefetchcosts:

BCP = Bp —Ccs— Cu —Cpr—Cre—Cs (11)

3.3 Costand Benefitof a Multiple-Page-Request

If we predictmultiple pageso prefetchaccordingto constraint(1) we could demandhemby a singlerequestrom
thesener. Thesenerwouldreadthe pagedrom diskandsendthembackto theclienteither(a) separatelyhentime
constraintaretight or (b) in abatchif timeis notaproblem.

A Multiple-Page-Requestasthe advantagethatthe processingoston theclientandtheseneris lower thantwo
singlerequestgwhich reducesCcp andCpy) becausesomefunctionshave to be executedonly once. It alsoreduces
thenetworkcosts(which affectsCpy). Thecostsof threadmanagemen(Cy andCcs) arealsolowerbecausenultiple
pagesarerequestedby justonethread.

4 Performance Analysis

4.1 Environment

We incorporatedrefetchthreaddnto theclient ESM. Eachprefetchthreadhasan associatedocketto communicate
with the sener. The sener senes eachrequestsequentially A separatahreadis usedto solve the hitting times
equationsatruntime. A moredetaileddescriptionof the prefetchingarchitecturecanbe foundin [11].

In Table2 we give a specificatiorof the computerausedin our experiments. The SunFast Ethernetnetworkis
runningat 100 Mb/sec.The performancef thedisk controlleris presentedn Table3.

4.2 Implementation Results

In this Sectionwe presentthe resultsthat we obtainedfrom timing ESM with one client connectedo the sener.
Dividing the costof a pagefetchfrom disk (7943ps®) by the costof processingneobject(799 ps) resultsin avalue
of 10for PODps.

In Figure3 we shav theamountof savingsthatcanbe achieed by oneprefetchrequestiependendn the prefetch
distance A prefetchis alreadysuccessfulvith adistanceof 1 (PODwin) andthe maximumimprovements achievedat
adistanceof 11 objects(PODmay). Fromtheseempiricalresultswe developeda Benefitformula(12) which computes

5Thisis anoptimisticvalue. We assumalisk pagego bestoredin clusterswhichreduceshe averageseektime.
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Figure3: Savingsof oneprefetchoperation

the amountof savings of a prefetchgiventhe distance.We usedthe leastsquaresnethodto find theline of bestfit
relatingdistanceandbenefitwhich resultsin:

bendit(d) = —782us-d+ 109us (12)

Thevariablebenefitin formula12 is almostashigh asthe costof objectprocessingThe benefitvaluesarehighly
influencedby the settingsof the object processingcostand the pagefetch cost. We also measuredhe costof an
incorrectprefetchwhichis about1573ps higherthana Demandetch.

For an efficient implementatiorto solve the hitting times equationswe comparedb algorithms. We usedtwo
directmethods Gauss-Jorda(GJ)andLU-decompositiorfLU), whichcomputeanexactsolution;andthreeiterative
methods Successie Over-Relaxation(SOR),Gauss-Seid€lGS)andConjugatesradienCG). A detaileddescription
of thesealgorithmscanbefoundin [16].

110 objects
25 objects
B 50 objects
100 objects

Elapsed time
(millisec.)

Figure4: Computatiortime to solwe linearequations

Figure4 shavsthe elapsedimesof thesealgorithmsto computea matrix with n objects.LU is the fasterdirect
methodandCG is thefastesiterative method. Thereforewe usethe CG methodin a separatéhreadon-lineandthe
LU methodoff-line. In our applicationthe numberof objectsin the matrix is determinedby the numberof objects
in the equivalenceclass,i.e. all the objectsthat have a pathfrom the currentpageto the pageto be computed. If



Table4: Simulationparameters

Parameter Setting(us)
Objectprocessing 799
1 PagePrefetch Pagefetch 7943
Incorrectprefetch 1573
Variablebenefit -782
Fixed costbenefit 109
PODmin / PODmax 1/11
2 PagePrefetch Pagefetch 9804
Incorrectprefetch 2360
Variablebenefit -782
Fixed costbenefit 163
PODmin / PODmax 1/13

the threadfor the computationgetstoo busy we have to continuethe computatiorafter the transaction.Pleasenote
thatall thecomputatioris doneautomaticallyandthedatabas@dministratohasonly afew adjustmentso make.e.qg.
determinghe userobjectprocessingost.

4.3 Simulation Results

In the simulationwe wantto presenthe benefitsof prefetchingwhich arevery dependenbn the objectrelationship
structuresandthe probability transitions. For examplea linked list is a very easycandidatgor predictionwhereas
objectswith fan-outof 10referencedbjectsarevery difficult to predict. We usedthediscreteprocesbasedsimulation
packageC++Sim[13] andpresented¢onstantostfactorsin Table4. We assumehatthe buffer spaces infinite.

To testour prefetchingalgorithmwe createdwo differentbenchmarksin both benchmark®very branchobject
hasanout-dgreeof 2. In the first benchmarkhe distancefrom the entry objectin the pageto an objectin another
pageis 10. In this distancehereare4 branchobjectsand6 non-branctobjectswhich makesatotal of 62 objectsin a
pageand16 referenceso differentpages.Every pagehasthe samestructureandwe accesd 000pages.In Figure5
we shav theresultof this testwith 3 applications:Demand(without ary prefetching)a 1 PagePrefetch(1PP)anda
2 PagePrefetch(2PP)technique Theapplicationswvith a+ signalsoconsidetthe hea parameteto startthe prefetch
atthebestpossibleobject.
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Figureb: Testresultof Benchmarkl

We variedthe transitionprobabilitiesof the branchobjectsfrom 1.0 down to 0.5. The navigation throughthe



objectgraphwascontrolledby a draw-opeator®. The Demandapplicationhasconstanwaluesandis independentf
thetransitionprobabilities.1PPand1PP+performequallywell until thetransitionprobabilityof 0.8 afterwhich 1PP+
is betterbecausef a later but more accurateprefetch. 2PP+is alwaysbetterthan2PPandthe 1 pageprefetching
techniguedecausdt hasa higherhit ratio. At thetransitionprobabilitiesof 0.65and0.6 all prefetchingapplications
suffer from a badhit ratio imposedby difficult pagepredictions.Figure5 shows the generaladvantageof our tech-
nique:If thetransitionprobabilitiesallow prefetchingt canreduceelapsedime drasticallybutif notit won’t decrease
performance.

In the seconcbenchmarkhe distancefrom anentry objectto an objectin anothempageis now 16, with 3 branch
objectsin betweenwhich resultsin 8 referenceso otherpages.The major differenceto benchmarkl is thatthelast
branchobjectin the high probability pathhasa 0.5 probability to both objects. This resultsin 2 referencechages
with high probabilities. Figure 6 shavs theresultof this test. In generalthe prefetchingapplicationshowv a better
performancahanin the previous benchmarkbecausehereare only 8 adjacenfpagesandthesepagesare easierto
predict. 1PPand1PP+shav the sameelapsedime for all transitionprobabilities. Both applicationsdo not perform
well atthe probability of 1.0 becausé¢helastbranchobjectwith 0.5 probabilityimposesa high incorrectprefetching
timefor both. 2PP+shaowsits superiorityagainespeciallywith lowerprobabilitiesbecausef amoreaccuraterefetch.
Figure6 alsoshavsthatit is beneficialto prefetchgivenall possibleprobabilities.
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Figure6: Testresultof Benchmark2

5 Conclusionsand Futur e Work

We presented prefetchingtechniqueto fetch pagesbeforeaccesso avoid expensve pagefaults. The pageaccess
probabilityis computedy amethodcalledhitting times Thedatabaselientnavigatesthroughthe objectgraph.From
the currentpositionof the client navigationin a pagewe computethe probability of every adjacenpage.If a pageis
notresidentandthe pageprobabilityis higherthanspecificthreshold determinedy costandbenefitparameterghen
the pageis a candidatgor prefetching. The resultof our simulationis that prefetchingcanimprove performancef
objectaccesss reasonablyredictable.

We arecurrentlycontinuingour simulationsto evaluateour techniqueunderdifferentobjectclusteringstructures.
We alsowantto integratea buffer replacemenstratgy. The effect of the numberof updatess anotheropenresearch
problem.
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