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Prefetding is a potential methodto reducewaiting time for retrieving data over wirelessnet-
work connectionghat commonlyoccur in mobile scenarios. Theseconnectiongypically exhibit
low bandwidthas well as high latency This article analyzesfundamentabrinciplesin specula-
tive prefetthing. Basedon a simpli ed systenmodel,thein uence of parametes and strategieson
prefetding performanceds investigatedboth analytically andin simulation. Thereductionof the
meanwaitingtimeis usedasperformanceametric. Anexampleis giventhatmakesuseof the Zipf dis-
tributionto demonstatethein uence of thedocumentsprobability distribution andits parametes.
A low-compleity algorithmthat performsoptimally underthe givenassumptionss presented.

[. Introduction

Radiospectrunis a notoriouslyscarceresource As acon-
sequenceconnectionspeedsover wirelesslinks are and
will generallybe lower thanin the x ed partsof the net-
work by ordersof magnitude. Apart from the well es-
tablisheddata compressiontechniquesand corventional
caching,prefetchingof datagainsinterest,dueto its po-
tentialto improve the performanceof mobile applications.
Prefetchingrelieson the ability to predicta future request
andto proactiely retrieve the necessarglataoverthelim-
ited network resourcebefore the actual requestis made,
therebyreducingthewaiting time for theuser A prefetch-
ing algorithmhasto estimatethe potentialfuture requests
(speculativeprefetdiing). Its performancein termsof the
reductionin waiting time, dependson the degreeof ran-
domnesof the true requestsand the accurag of the es-
timation. Previous researchon algorithmsand architec-
turesfor corventionalcaching[3] hasbeenperformedand
the obtainedresultsare a valuableinformation sourcefor
the investigationof prefetching. A modelfor speculatie
prefetchinghasbeenpresentedby Tuahetal.in [6]. If this
modelis assumedan optimumalgorithmrequiressolving
a stretchknapsackproblem (SKP). The model presented
hereis a variation of Tuah's and resultsin an algorithm
with low computationatomplexity for achieving thetheo-
retical optimumperformance.ln the work presentedere
someunderlyingprinciplesthatarisein prefetchingarein-
vestigatedOur aimis to gainfundamentainsightin these
principleswhich will helpto interpretandunderstandhe
resultsobtainedin trace-drven simulationsand real sys-
tems.

Il.  System Model

Predominantlytracesof application-layertrafc, mostly
HTTP-trafc, have beenusedto carry out performance
analysisand comparisondetweendistinct prefetchingal-
gorithms and combinationsof prefetchingand caching
[2][4][5]. Simulationsbasedon real tracescertainly are
capableo achieze morerealisticresultsthanmodel-based

analysis.Yet, it is dif cult to isolatethe effect of individ-
ual parameter¢hatresultedn the particularusedtrace.As
the characteiof network-trafc changesn dramaticspeed
andextend, it is necessaryo analyzethe performanceof
algorithmsand stratgiesbasedon models,whoseparam-
eters can be arbitarily chosento resemblepotential fu-
ture circumstances.We thereforeintroducea probabilis-
tic modelfor our analysis. The modelis comprisedof an
entity (client) that actsas a discreterandomsourceissu-
ing requestsandother entities(serves) that deliver their
responsesver connectionwith nite bandwidth. We as-
sumethatthe connectionsbandwidthis exclusively dedi-
catedto the transportof responseso this particularclient.
This modelse.g. a scenariowith a mobile device usinga
x ed bandwidthwirelesslink to connectto the conglom-
erateof senersin the internet, with the wirelesslink as
thedominantbottleneckandtheresponsegepresentinghe
dominantdatavolume. We assumehatin a certainsitua-
tion the client requestsaa document. The requestediocu-
mentwill be randomlychosenout of anorderedsetof
documents , With probability ,
size andconnectionspeed for the retrieval of this
document. The documentwill be requestedat previ-
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betweerthe requesigeneratiorandthe momentthe corre-
spondingdocuments completelyretrievedis calledwait-

ingtime . If anew requests generatedluringaspecula-
tiveretrieval for anothedocumentthespeculatreretrieval

is immediatelyinterrupted,whereasn [6] the speculatie

prefetchcompletedeforethe actuallyrequestedlocument
is retrieved.

lll.  Analysis

In our analysiswe will answerthe following generalques-
tions: Whatcriterion shouldwe applyto determinethe se-
guenceof speculatiely retrieveddocuments®o we prefer
smalldocument®verlargedocumentsMHow doesthedis-
tribution of probabilitiesin uence theachievablereduction
in waitingtime ~ ?
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Figure 2: Expectedvalue for waiting time
and arbitrary probability density function
requestime

of the
The expectedwaiting time withoutary prefetchings

no prefetd (1)

We canexpressary sequencef the  possibledocu-
ments asa permutationof the initial orderedset. The
numberof possiblepermutatiorof an  -elementetis
We write element and valueto denotethe -th element
of asetor avaluecalculatedor a particularpermutation .
Theindex is usedto denotethe positionof the particular
permutatioramongary de ned order(e.g. lexicographic)
of all possiblepermutationsHence, and arethe -th
elementof the orderedsetof thedocumentsprobabilities
and sizesafter thesesetshave beenorderedaccordingto
the -th permutationwith permutationsaumberedin the
speci edorder

We calculate , the expectedvalue for
for a chosenpermutation , underthe conditionthat the

requesiarrivesatacertaintime

no prefetd gain )

with

gain

— @)

We try to give an intuitive explanationfor Eqn.3: The
total time available for prefetchingis . It is nec-
essaryto distinguishbetweenthree distinct cases:a) no
attempthas beenmadeto retrieve the chosendocument

before In this caseno time is gained, but the re-
trieval startsimmediatelyat . Hence the minimumtime
gainis . b) the chosendocumentis currently beingre-

trieved. Subtractingthe time investedon the otherdocu-
mentsfrom the total time availablefor prefetchingyields
the time gained. c) the documenthasalreadybeencom-
pletelyretrieved. Thenthe completetime — necessaryo
retrieveit is gained,but not more. Thethreecasesarerep-
resentedy the operation.Finally the expected
valueis calculatedoy weightingwith thedocumentsprob-
abilites  andsummingup overall
Egn.3isillustratedin Fig.2, with , for onearbi-
tray permutation . The uppercurve shavs the expected
value for the waiting time. It is composedof  linear
segments.Eachsegmentcorrespondsvith the retrieval of
oneparticulardocument.For requestsarriving asearly as
, ho improvementis possibleyet. The expected
valuefor thewaiting time is then

no prefetd (4)

which is the samefor all permutations.Independentlyof
the choserpermutatiorthe expectedvaluefor the waiting
timereachezerowhenall documentfiave beenprefetched
after

— ®)
As s distributedaccordingto the expected
valueof theunconditionedvaiting time is
(6)

In orderto minimize it is sufcient to choosehe
permutatiorthat minimizesthe gray-shadedreain Fig. 2.
This can be proved, using the factsthat is
monotonicallydecreasindor all permutations , andthat

. With this in mind andthe obsenation
thatthe slopeof every segmentdependnly on the prob-
ability  of its documentwve canderive a simpletwo-step
algorithm:
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1. sort the documentswith respectto their
probability

2. sequentiallyfetchall documents.

It is importantto notice that the optimum sequencenly
dependon the documentsprobabilitiesnot on their size
or connectionspeed. With this resultwe are now ableto
answertwo of the three questionswe asked when begin-
ning our analysis: The probabilities  shouldbe applied
asthe criterion for determiningthe sequenceln orderto
minimize waiting time, it is not necessaryr bene cial to
prefersmalldocument®ver large documents.

LA, Example

To acquire an understandingfor the in uence of the
probabilities and permutationswe analyze an example.
The parametersin the example shall be ,

The probabilities  shall be
distributed accordingto Zipf's Law?® [1], with
( ) 1 ’ ]
: )-
Fig.3 shawvs theresultingcurvesfor all permuta-

tions,eachrepresenting possibleprefetchingdecision.

1.0

ordered
o reverse ordered
0.8 others

Figure 3: Inuence of permutations (

, Zipf Distribution, ).

Commonsensesuggestghat the more pronouncedhe
differencedn the documentsprobabilities are,the bet-
ter the performancef pefetchingcanget. Thedistribution
accordingto Zipf's Law facilitatesa quantitatve analysis
of this conjecture. By varying we can adjustthe dis-
tribution from beingabsolutely at ( ) to a stronger
pronouncingof thelikelier documentsvhen risesto
(or higher). This effectis depictedin Fig.4. Decreasing
reduceghedistancebetweerbestandworststratgy. Fig.5

1Zipf's Law statesthat the probability of the -th mostlikely event
is proportionalto . This is alsocalledthe strict Zipf's Law. Marny
interestingexperimentsshav a slight modi cation of this law. They can
be moreadequatelynodelledwith a probability proportionalto for
the -th mostlikely event. Thevalue thentypically takesavalueof less
thanunity. For this modi ed law is equivalentto the strict Zipf's
Law.

shavstheorderedbest)andreverseorderedworst)strate-
gies. We canseethatfor the case , whenall  doc-
umentshave the sameprobability , hodifference
betweerthe bestandthe worststratey exists.
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Figure4: In uence of

, Zipf Distribution ( ).
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Figure5: Inuence of ( ,
Zipf Distribution).

V. Simulation

To augmentand verify the analysisMonte-Carlosimula-
tionsareperformed.Theparameter§ , , )arechosen
to matchtheexample.In the rst simulationtheprefetting
contoller (PC) hasa-priori knowledgeof the documents'
probabilities . Theactualwaitingtimes
are measuredfor trials. The meanvalue
I is plottedin Fig. 6 for several . Sim-
ulationresultsandtheoreticalanalysisshav goodconsen-
sus.
In the secondsimulation  is uniformly distributed from
(This distribution simpli es interpretationof re-
sults. Otherdistributionse.g Poisson Paretoare usedfor
more realistic scenarios). Furthermore,the PC has no
a-prioriknowledgeof andusegherelative frequeny of
obseneddocumentasestimation®f  in thissimulation.
Thelearningbehaiour andthein uenceof areshavnin
Fig.7. Accordingto the theoreticalanalysisperformance
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of the PC shouldincreasewith thevalueof . ThePCex-
ploits theasymmetriesn thedocumentsprobabilities.We
can seefor the particularsetupof parameterghe reduc-
tion of . It takesapproximately ( , ) visits for
( , ) for the PCto gatherenough
obsenationsfor a good estimationof the probabilities
thatis necessaryo reachits asymptotiqperformanceWith
theseobsenationsandthe resultsof the analysisdepicted
in Fig.5 we have answeredhethird questionon thein u-
enceof the distribution of probabilitieson the achievable

performance.
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Figure 6: Inuence of permutations,simulation result
( , Zipf Distribution, ).
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Figure7: In uence of , simulationresult(
, Zipf Distribution),  equallydistributed.

V. Conclusions and Further Work

Themeanwaitingtimeis minimizedby prefetchingwith an
algorithmwith low computationatomplexity. The perfor
manceof a PCwith a-prioriknowledgeof the probabilities
, thatfollows the proposedalgorithm, constitutesan up-
per boundon the achiezablereductionin waiting time. A
PC's stratgy, to usetherelative frequencie®f occurrance
asestimatedor the documentsprobabilities,is optimalin
themaximum-likelihoodsense.
For a typical of today's mobile scenarios,i.e. WWW-
browsingover a circuit-switchedandair-time chagedper

sonalcommunicatiorsystentheproposednodelandalgo-
rithm is resemblingeality fairly well.

Interesting extensionsto the current model are time-
varyingdocumenprobabilities andindividual proba-
bility densityfunctions of therequestime
for eachdocument .

It is alsodesirablgo enhanceéhe modelto allow theanaly-
sis of other scenariosvherethe bottleneckconnectionis
usedby a multitudeof usess simultaneouslyFor minimiz-
ing the global waiting in this broaderscenariat is some-
timesnecessaryo refrainfrom prefetchingdocumentsvith
lower probabilities . We furtherintendto improvethePC
to obtainandexploit additionalinformation(soft informa-
tion) on the reliability of its estimation.This problemcan
betreatedby Bayesiarinference.

Basedon the extensive work on architecturesand proto-
cols (for an overview andexcellentstartingpoint see[3])
theimplementatioranddeploymentof ef cient systemse-
mainsthe utmostobjectie.
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