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Abstract

We presenta new approachto predictingpageaccessesto facilitate prefetchingpersistentobjectsin a client/server
computingenvironment.Therelationshipsbetweenpersistentobjectsaremodelledby a discrete-timeMarkovChain,
which allowedus to usea methodcalledhitting timesto computethepageaccessprobabilityandthemeantime to
accessa page.If theprobabilityof a pageis higherthana thresholddefinedby cost/benefitparametersthenthepage
is a candidatefor prefetching.To determinetheprefetchingthresholdweconsidervariouscostparametersto compare
thebenefitof a correctprefetchwith thecostof anincorrectprefetch.In addition,we computethebestpossibletime
to start theprefetchoperation.We incorporatedthis prefetchingalgorithminto the EXODUSstoragemanager, and
usedthetiming resultsin a simulation.

Keywords: prefetching,persistentobjectstores,object-orienteddatabases,discrete-timeMarkov Chains,hitting
timesandhitting probabilities,EXODUSstoragemanager, highperformanceobjectstores,client/servercomputing.

1 Intr oduction

1.1 PerformanceBottlenecksof PersistentObject Stores

In many client/server persistentobjectstorestheclient requestspagesfrom theserver. Theserver retrievesthepage
from its local disk andsendsit to the client. Thepageis insertedinto the client’s addressspaceandtheapplication
canwork with theobjectsin thepage.This pagefetch is anexpensive operation.In Figure1 we give anexampleto
show themostexpensive elementsof sucha pagefetch. Theresultswereobtainedby timing theEXODUSstorage
manager(ESM) [2]; detailsaboutour computingenvironmentcanbefoundin Section4.1. This testwasmadewith
justoneclientat theserver andthemachineworkloadwaslow.

A major costfactorof the pagefetch is thecostfor sendingandreceiving a page(setupcosts)via the network.
Thenetworktransfercostis low, comparedwith thesetupcosts.All elapsedtimesof thecostcomponents(apartfrom
networktransferanddiskread)aredependentonthespeedof theprocessor. Thusthesecostscouldbereduced,using
up-to-dateprocessors,by a factorof 6 andnetworktransfercouldbereducedby higherbandwidthsin whichcasethe
diskaccesswouldemergeasthemajorbottleneck.Theseekcostis themostexpensive partof thediskaccessbut does
not appearin Figure1 becausewe readall pagessequentiallyfrom disk. The IPC costcouldbereducedby usinga
disk threadinsteadof adisk process.

1.2 Approachesto Impr oveDatabasePerformance

In orderto reducethehigh costof a pagefetchmany researchershave developedprefetchingtechniques.In object-
orienteddatabasesChang[3] predictsfuture accessesby hints from the datasemanticsin termsof inheritanceand
structuralrelationshipsto prefetchoneobject ahead. Cheng[4] extendedthis work by addingmultiple hints and
by taking into accountthe prefetchingdepthandphysicalstorageconsiderations.A complex assemblyoperatorto
loadcomponentobjectsrecursively in advancewasintroducedby Keller [9]. In Fido [15], theprefetchingtechnique
employsan associative memoryto recogniseaccesspatternswithin a context over time. In training mode,object
accessinformation is gatheredandstoredwith a nearest-neighbourassociative memory. In predictionmode,this
informationis usedto recognizepreviously encounteredsituations.Gerlhof [6] recordsthe answerof anoperation,
i.e. findstheidentifiersof all pagesthatwereaccessedduringtheexecutionof anoperationandusesthis information
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Figure1: Expensive componentsof a pagefetch

to prefetchthis sequenceof pages.In Thor [5] eachfetchrequestfrom theclient causestheserver to selecta prefetch
groupcontainingtheobjectrequestedandrelatedobjects.

In someresearchwork anapplication’s futureaccessesarepredictedby probabilitymodels,thevaluesof which
were obtainedfrom pastaccesses.In [7] a probability graphwas usedto predict the future file access,i.e. the
probabilitythatonefile will beopenedafteranother. In theWWW Bestavros[1] speculatedaboutdocumentaccesses
basedupontheirdocumentinterdependency probabilities.Grimsrud[8] keepsarecordof thediskclusterswhichwere
accessedimmediatelyafteranotherclusterwith anassociatedweightfor theaccessprobability. An interestingstudy
to preloaddocumentsfrom tertiarystoragewasmadeby Kraiss[12]. Thiswork is probablymostrelatedto ourwork
becauseit usesa continuous-timeMarkov-chain modelto predictthe documentaccess.The maindifferenceto our
work is thatthey predictthedocumentsaccesswhereaswepredictthefuturepageaccessbasedonobjectrelationships.

Thenew approachof our work is thecomputationof thepageaccessprobabilityconsideringthestructureof the
relationshipsbetweenpersistentobjects.Objectshavepointersto otherobjectswith associatedtransitionprobabilities.
Every objectbelongsto exactly onepage.Fromthecurrentpositionof theclient navigationwe computetheaccess
probabilityof all adjacentpages.We do this by evaluatingall pathsfrom thecurrentobjectto objectsin theadjacent
pages. The object relationshipsaremodelledusinga Discrete-Time Markov Chain (DTMC) anda methodcalled
hitting timesis usedto computethe pageaccessprobability. If the probability of a pageis higherthana threshold
definedby cost/benefitparametersthenthepageis acandidatefor prefetching.To determinetheprefetchingthreshold
weconsidervariouscostparametersto comparethebenefitof a correctprefetchwith thecostof anincorrectprefetch.

In Section2 we will give an introductionto the modeldefinitions,explain the decisionprocessfor prefetching
andthecomputationof a pageprobability. In Section3 we presentthecostparametersfor a prefetchoperationin a
client/serverarchitecture.Theresultsfrom theimplementationof theprefetchingtechniqueandsimulationresultsare
presentedin Section4. Finally, in Section5 weconcludeourwork andgiveanoutlookto futurework.

2 Prediction Model

2.1 Model Definitions

In a persistentobjectstoreobjectshave relationshipswith otherobjects.Let O denotethesetof objectsin thestore
andlet R

�
O ��� 0 � 1��� O denotethe setof objectrelationshipsbetweenobjects,alongwith a weight for eachsuch

relationship.Theweightdenotestheprobabilitythatwetraversefrom oneobjectto another. Further, let oi � O bethe
currentobjectthatthedatabaseclient is processing.Let o j � O andx � � 0 � 1� . If � oi � x � o j 	 � R thenwesaythatoi

x
��
o j denotingtheprobabilityx thatwego from oi to o j .

Let PGbethesetof databasepagesandpgi � PG thepagethatcontainstheobjectoi , i.e. thepageon which the
client is currentlyprocessing.A pagepgj is saidnot to be residentin the client buffer pool BP, with BP

�
PG, if

pgj � PG� BP. Theconditionfor anobjectrelationshipis  oi � O � ∑ � x : � o j � O : � oi � x � o j 	 � R��� 1, i.e. thesumof
theprobabilitiesassociatedwith theemergingarcsfrom oi mustaddupto 1. For thecasewhenthetraversalterminates



atanobjectweintroducea self-loopfor anobjectoi suchthatoi
x
�� oi denotestheprobabilityx thatthetraversalwill

beterminatedat objectoi.

2.2 PrefetchDecisionModel

In ourpreviouswork ([10], [11]) weuseda Prefetch ObjectDistance(PODpf ) to starttheprefetchoperationd object
processingunits (steps)beforeapplicationaccess.PODpf is computedby dividing the costof a pagefetch1 by the
costof objectprocessing2. We denotea Prefetch StartObject(PSO) asanobjectthatwhenencounteredwill startthe
prefetchoperation.Theadvantageof this approachis thatthesavingsin elapsedtimearehighbut theprobabilitythat
the traversalwill be from the PSOto anobjectin a non-residentpagecouldbe low. Prefetchinga pagelessthand
objectsbeforeaccesshascertainlya lower saving but the probability that we traversefrom the currentobjectto an
objectin anon-residentpagecouldbehigher.

In this work we introducea Prefetch DistanceRange(PDR) with a minimalPOD (PODmin) andmaximalPOD
(PODmax) in whichwewould identify a PSO. PODmin is definedto bethebreak-even-pointwhentheprefetchbenefit
startsto outweighthe prefetchcosts. PODmax hasa highervaluethanPODpf becauseits valuetakesinto account
possibledelaysof thepagefetch.A prefetchstartedearlierthanPODmax would resultin thesamebenefit.

First we explain whenwe prefetchpagesandin thenext sectionswe describethecomponentsthat influencethis
decisionprocess.Supposei � O is the currentobject andα � PG� BP is a pagethen we will denoteby � i � α � the
probability that startingin i, we hit3 pageα (definition in Section2.3). Also let CIP be the Costof an Incorrect
Prefetch(definitionin Section3.1) andBCP� d � theBenefitof a CorrectPrefetch(definition in Section3.2) which is
dependenton thePODparameterd. Thedecisionwhetherto prefetchapageis madeby thefollowingconstraint:

� i � α � CIP
BCP� d��� CIP (1)

To explain this equationit wasderivedfrom:

� i � α �BCP� d � � � 1 
 � i � α 	 � CIP (2)

If theprobabilitythatthepagewill beaccessedmultipliedby thebenefitof thepageis greaterthantheprobability
thatthepageis notaccessedmultipliedby thecostof anincorrectprefetchthenwewill prefetchthepage.

Let ONR (ONR
�

O andONR �� PG� BP) bethesetof objectswhicharenot in thebuffer poolwheretherearepaths
from thecurrentpagepgi. For thepurposeof ourmodel,for every elementok (ok � ONR) wecheckconstraint(1) for
every objectoi which haspathto ok in thedistancerange(PODMin � d � PODmax). If constraint(1) is fulfilled then
wedefineobjectoi asa PSO. Theremaybea numberof pathsfrom oi to ok thatis exponentialin d. However, aswe
shallsee,wedonot have to examineeachpathindividually.

Let OPDR (OPDR
�

O) betheobjectsin thePDRwhich have a pathto a pageα. Thenwecomputetheheatof an
objectoi � OPDR to accesspageα by:

heat � oi � α 	 ��� i � α �BCP� d � 
 � 1 
 � i � α 	 � CIP (3)

For objectswith an in-degreeof 1 we comparethe heat � oi � α 	 valueof a referencingobjectwith the referenced
objectandidentify only the objectwith the highervalueasa PSO. This processcould involve a comparisonover
multipleobjects.TheidentifiedPSOhasthenthetheoreticaloptimaldistanceto prefetcha page(PODopt ).

After the analysingprocesswe decidewhetherto prefetchfrom the persistentstore. If the estimatedbenefits
outweighthefixedcosts(threadandsocketcreation)thenwewill useprefetching.

2.3 Computation of the PageAccessProbability

A DTMC is a stochasticprocesswhich is thesimplestgeneralisationof a sequenceof independentrandomvariables.
A Markov Chainis a randomsequencein which thedependency of thesuccessive eventsgoesbackonly oneunit in

1We distinguishbetweenapagefetchfrom servermemoryandonefrom theserver’sdisk.
2Objectprocessingincludesafixedsystemcostandvariableuserprocessingcost.
3To hit apagemeansthetraversalfrom acurrentobjectto anobjectin anotherpage.



time.4 In otherwords,thefutureprobabilisticbehaviour of theprocessdependsonlyonthepresentstateof theprocess
andis not influencedby its pasthistory.

Let (Xn 	 n 0 bea DTMC with transitionmatrix P. We associateonestatein theDTMC with oneobjectandthe
currentstateis associatedwith the currentobject. The hitting time of a pageα is the randomvariableHα : Ω �� 0 � 1 � 2 �"!#!$!$�&% � ∞ � givenby

Hα � ω 	 � inf � n ' 0 : Xn � ω 	 � α � (4)

Hα � ω 	 is onestateof α to behit at timeω. Theprobabilitystartingin objecti that(Xn 	 n 0 ever hitsα is then

hα
i ��� i � Hα ( ∞ 	 ! (5)

Themeantime takenfor (Xn 	 n 0 to reachα is eithern stepsor ∞ stepsandgivenby

kα
i � Ei � Hα 	 � ∑

n) ∞
n �*� Hα � n	,+ ∞ �-� Hα � ∞ 	 (6)

Themeanhitting time andthehitting probabilitycanbecalculatedby linearequations.With Theorem1 we are
ableto establishtheequationsfor thehitting probability.

Theorem 1 Thevectorof hitting probabilitieshα �.� hα
i : i � O	 is theminimalnon-negativesolutionto thesystemof

linear equations

/
hα

i � 1 for i � α
hα

i � ∑ j 0 O pi jhα
j for i 1� α (7)

Themeanhitting timecanalsobecalculatedby linearequations:

Theorem 2 Thevectorof meanhitting timeskα �2� kα : i � O	 is theminimalnon-negativesolutionto thesystemof
linear equations

/
kα

i � 0 for i � α
kα

i � 1 + ∑ j 30 α pi jkα
j for i 1� α (8)

Theproof for boththeoremscanbefoundin [14]. We solve theseequationsonlineby aniterative methodcalled
conjugategradientandoff-line by theLU decompositionalgorithm(for moreimplementationdetailsseesection4).
In addition,wedefinethetwo followingrulesdescribingtheadaptionto ourenvironment:

Rule 1: Let λ bethesetof statescorrespondingto theobjectsin O thathave a pathto anobjectin a pageα. For the
settingof theequationsto calculatethehitting probability(accordingto Theorem1) andthemeanhitting time
(accordingto Theorem2) weonly considerstatesthatareelementsof λ (oi � λ).

Rule 2: To calculatethemeantimethatwehit apageα wehaveto consideronly transitionsfrom statesin λ to states
in λ. If thecondition  oi � O � ∑ � x : � o j � O : � oi � x � o j 	 � R�4� 1 is not fulfilled anymorebecausea stateis not
in λ thenwehave to recalculatetheprobabilitytransitions.Thenew probabilityvaluesfor x5i arecomputedby a
methodcalledre-normalisation:

x5i � xi

∑m
j 6 1x j

(9)

whereweonly considertransitionprobabilitiesx j to theobjectscorrespondingto thestatesin λ.

Example re-normalisation: Supposewe have ot � ou � ov � ow � O andx1 � x2 � x3 � � 0 � 1� with the transitionsot
x1
�� ou, ot

x2
�� ov andot
x3
�� ow. Let ot � ou � ov � λ andow 1� λ. Thenthevaluesfor x51 andx52 arecomputedby

x51 � x1 17� x1 + x2 	 andfor x52 � x2 18� x1 + x2 	 .
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Figure2: Probabilitygraph

Example hitting equations: Figure2 depictsa simpleexampleof objectsthatareresidentin a pagewith refer-
encesto otherobjects.Theprobabilityto hit page2 startingin objecto1 is computedasfollows:

9,: � ;9,< � ;9,= � >?!A@CB 9 :9,D � >?!AECB 9 <98F � >?!AB 9,D + >?!A@,B 9,=
As a result,theaccessprobabilityof page2 is 0 ! 4375andof page3 is 0.5625.Themeantime to accesspage2,

startingin o1, is thencomputedby thefollowingequations:

G : � >G8< � >G8= � ; + ; G :G D � ; + ; GH<G�F � ; + @I G8D + ;I G8=
Startingfrom o1 themeantime to accesspage2 is 2 andto page3 is 1.75. Thetransitionvaluesfor equationsk1

to k3 areobtainedaccordingto Rule2.

3 Cost-BenefitModel

3.1 Costof an Incorr ect PrefetchRequest

Thiscostdescribestheadditionalelapsedtimefor theapplicationdueto anincorrectprefetch.Everyincorrectprefetch
imposesahighersynchronisationcostfor theDemandThreadto accessglobaldata.Table1 showsthecostparameters
which influencethecostof anincorrectprefetch.CIP is thencomputedby:

CIP � CCS + CM + CR (10)

4Time in thecontextof aDTMC meanssimplyanumberof steps.



Parameter Description

CCP Costfor clientprocessingwhich includesAuditing, Buffer Management(exceptCR andCRB),
IO, Concurrency Control,NetworkProcessing,MemoryManagement.

CCS Increasedcostof context switchesdueto prefetchthreads.LetCCS� 1� bethecontext switchcost
for oneprefetchthreadandlet σ � p� be the scale-factordependenton the numberof prefetch
threadsp.

CCS � CCS� 1� � σ � p�
CM Additionalwaiting timeandprocessingcostfor theDemandThreadto acquireandreleasemu-

texes.Let CCM � 1� bethemutex costfor oneprefetchthread.

CCM � CCM � 1� � σ � p�
CPR Costfor usingprefetchinformation(not for solvingthehitting timesequations).
CPW Costfor waiting until a pagerequestarrivesat theclient. Let CPW � 1� bethewaiting costfor a

requestto theserverwith 1 clientandδ � c � ascale-factorfor thedelayof apagefetchdependent
on thenumberof clientsc at theserver.

CPW � CPW � 1� � δ � c �
CR Costfor thereplacementof a pagewith anincorrectprefetchedpage.Thereplacedpagemay

beaccessedagain.

CR �
/

CPW + CCP if pageis accessedagain
0 otherwise

CRB Thecostfor thereplacementof a pagewith a correctprefetchedpage.Thereplacedpagemay
beaccessedbeforetheprefetchedpage.

CRB �
/

CPW + CCP if replacedpageis accessedbeforeprefetchedpage
0 otherwise

CS Costfor theDemandThreadto wait on a semaphore(only whentheDemandThreadstallsfor
theprefetchedpage).

BP Let CO bethecostof processingoneobject;recallthatd is theprefetchdistanceparameter.

BP �
/

CPW + CCP if prefetchedpageis residentonaccess
CO � d otherwise

Table1: Cost/Benefitparameters



Table2: Computerperformancespecification

Parameter Server Client

SPARCstation 20Model502 10Model514

Main Memory 512MB 224MB

Virtual Memory 491MB 657MB

Numberof CPUs 2 4

Cyclespeed 50MHz 50MHz

Table3: Disk controllerperformance

Parameter Disk controller

ExternalTransferRate 20Mbytes/sec

AverageSeek(Read/Write) 9/10.5msec

AverageLatency 5.54msec

3.2 Benefitof a Correct PrefetchRequest

Themaximumsaving for a prefetchis only achievedwhentheprefetchedpagearrivesat theclientbeforeapplication
access.ThebenefitBCP dependsontheamountof savingsminustheprefetchcosts:

BCP � BP 
 CCS 
 CM 
 CPR 
 CRB 
 CS (11)

3.3 Costand Benefitof a Multiple-Page-Request

If we predictmultiple pagesto prefetchaccordingto constraint(1) we coulddemandthemby a singlerequestfrom
theserver. Theserver wouldreadthepagesfrom diskandsendthembackto theclienteither(a)separatelywhentime
constraintsaretight or (b) in a batchif time is not a problem.

A Multiple-Page-Requesthastheadvantagethattheprocessingcoston theclientandtheserver is lower thantwo
singlerequests(which reducesCCP andCPW) becausesomefunctionshave to beexecutedonly once.It alsoreduces
thenetworkcosts(whichaffectsCPW). Thecostsof threadmanagement(CM andCCS) arealsolowerbecausemultiple
pagesarerequestedby just onethread.

4 PerformanceAnalysis

4.1 Envir onment

We incorporatedprefetchthreadsinto theclient ESM.Eachprefetchthreadhasanassociatedsocketto communicate
with the server. The server serves eachrequestsequentially. A separatethreadis usedto solve the hitting times
equationsat run time. A moredetaileddescriptionof theprefetchingarchitecturecanbefoundin [11].

In Table2 we give a specificationof the computersusedin our experiments.The SunFast Ethernetnetworkis
runningat100Mb/sec.Theperformanceof thedisk controlleris presentedin Table3.

4.2 Implementation Results

In this Sectionwe presentthe resultsthat we obtainedfrom timing ESM with oneclient connectedto the server.
Dividing thecostof a pagefetchfrom disk (7943µs5) by thecostof processingoneobject(799µs) resultsin a value
of 10 for PODpf .

In Figure3 weshow theamountof savingsthatcanbeachievedby oneprefetchrequestdependentontheprefetch
distance.A prefetchis alreadysuccessfulwith adistanceof 1 (PODmin) andthemaximumimprovementis achievedat
adistanceof 11objects(PODmax). FromtheseempiricalresultswedevelopedaBenefitformula(12)whichcomputes

5This is anoptimisticvalue.We assumedisk pagesto bestoredin clusterswhichreducestheaverageseektime.
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theamountof savingsof a prefetchgiven thedistance.We usedthe leastsquaresmethodto find the line of bestfit
relatingdistanceandbenefitwhich resultsin:

benef it � d 	 � 
 782µs � d + 109µs (12)

Thevariablebenefitin formula12 is almostashighasthecostof objectprocessing.Thebenefitvaluesarehighly
influencedby the settingsof the object processingcostand the pagefetch cost. We alsomeasuredthe costof an
incorrectprefetchwhich is about1573µshigherthana Demandfetch.

For an efficient implementationto solve the hitting timesequationswe compared5 algorithms. We usedtwo
directmethods- Gauss-Jordan(GJ)andLU-decomposition(LU), whichcomputeanexactsolution;andthreeiterative
methods- SuccessiveOver-Relaxation(SOR),Gauss-Seidel(GS)andConjugateGradient(CG).A detaileddescription
of thesealgorithmscanbefoundin [16].
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Figure4 shows theelapsedtimesof thesealgorithmsto computea matrix with n objects.LU is thefasterdirect
methodandCG is thefastestiterative method.Thereforewe usetheCG methodin a separatethreadon-lineandthe
LU methodoff-line. In our applicationthenumberof objectsin the matrix is determinedby the numberof objects
in the equivalenceclass,i.e. all the objectsthat have a path from the currentpageto the pageto be computed.If



Table4: Simulationparameters

Parameter Setting(µs)

Objectprocessing 799

1 PagePrefetch: Pagefetch 7943

Incorrectprefetch 1573

Variablebenefit -782

Fixedcostbenefit 109

PODmin / PODmax 1/11

2 PagePrefetch: Pagefetch 9804

Incorrectprefetch 2360

Variablebenefit -782

Fixedcostbenefit 163

PODmin / PODmax 1/13

the threadfor thecomputationgetstoo busywe have to continuethecomputationafter the transaction.Pleasenote
thatall thecomputationis doneautomaticallyandthedatabaseadministratorhasonly a few adjustmentsto make,e.g.
determinetheuserobjectprocessingcost.

4.3 Simulation Results

In thesimulationwe wantto presentthebenefitsof prefetchingwhich arevery dependenton theobjectrelationship
structuresandthe probability transitions.For examplea linked list is a very easycandidatefor predictionwhereas
objectswith fan-outof 10referencedobjectsareverydifficult to predict.Weusedthediscreteprocessbasedsimulation
packageC++Sim[13] andpresentedconstantcostfactorsin Table4. Weassumethatthebuffer spaceis infinite.

To testour prefetchingalgorithmwe createdtwo differentbenchmarks.In bothbenchmarksevery branchobject
hasanout-degreeof 2. In thefirst benchmarkthe distancefrom the entryobjectin thepageto anobjectin another
pageis 10. In this distancethereare4 branchobjectsand6 non-branchobjectswhichmakesa totalof 62objectsin a
pageand16 referencesto differentpages.Every pagehasthesamestructureandwe access1000pages.In Figure5
we show theresultof this testwith 3 applications:Demand(without any prefetching),a 1 PagePrefetch(1PP)anda
2 PagePrefetch(2PP)technique.Theapplicationswith a + signalsoconsidertheheat parameterto starttheprefetch
at thebestpossibleobject.
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Figure5: Testresultof Benchmark1

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



objectgraphwascontrolledby a draw-operator6. TheDemandapplicationhasconstantvaluesandis independentof
thetransitionprobabilities.1PPand1PP+performequallywell until thetransitionprobabilityof 0.8afterwhich1PP+
is betterbecauseof a later but moreaccurateprefetch. 2PP+is alwaysbetterthan2PPandthe 1 pageprefetching
techniquesbecauseit hasa higherhit ratio. At thetransitionprobabilitiesof 0.65and0.6all prefetchingapplications
suffer from a badhit ratio imposedby difficult pagepredictions.Figure5 shows thegeneraladvantageof our tech-
nique:If thetransitionprobabilitiesallow prefetchingit canreduceelapsedtimedrasticallybut if not it won’t decrease
performance.

In thesecondbenchmarkthedistancefrom anentryobjectto anobjectin anotherpageis now 16,with 3 branch
objectsin betweenwhich resultsin 8 referencesto otherpages.Themajordifferenceto benchmark1 is that thelast
branchobject in the high probability pathhasa 0.5 probability to both objects. This resultsin 2 referencedpages
with high probabilities. Figure6 shows the resultof this test. In generalthe prefetchingapplicationshow a better
performancethan in the previous benchmarkbecausethereareonly 8 adjacentpagesandthesepagesareeasierto
predict. 1PPand1PP+show thesameelapsedtime for all transitionprobabilities.Both applicationsdo not perform
well at theprobabilityof 1.0becausethelastbranchobjectwith 0.5probabilityimposesa high incorrectprefetching
timefor both.2PP+showsitssuperiorityagainespeciallywith lowerprobabilitiesbecauseof amoreaccurateprefetch.
Figure6 alsoshowsthatit is beneficialto prefetchgivenall possibleprobabilities.
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5 Conclusionsand Futur eWork

We presenteda prefetchingtechniqueto fetchpagesbeforeaccessto avoid expensive pagefaults. Thepageaccess
probabilityis computedby amethodcalledhitting times. Thedatabaseclientnavigatesthroughtheobjectgraph.From
thecurrentpositionof theclientnavigationin a pagewe computetheprobabilityof every adjacentpage.If a pageis
not residentandthepageprobabilityis higherthanspecificthreshold,determinedby costandbenefitparameters,then
thepageis a candidatefor prefetching.Theresultof our simulationis thatprefetchingcanimprove performanceif
objectaccessis reasonablypredictable.

We arecurrentlycontinuingoursimulationsto evaluateour techniqueunderdifferentobjectclusteringstructures.
We alsowantto integratea buffer replacementstrategy. Theeffect of thenumberof updatesis anotheropenresearch
problem.
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