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Prefetching is a potential methodto reducewaiting time for retrieving data over wirelessnet-
work connectionsthat commonlyoccur in mobilescenarios. Theseconnectionstypically exhibit
low bandwidthas well as high latency. This article analyzesfundamentalprinciples in specula-
tive prefetching. Basedon a simpli�ed systemmodel,thein�uenceof parametersandstrategieson
prefetching performanceis investigated,both analyticallyand in simulation. Thereductionof the
meanwaitingtimeis usedasperformancemetric.Anexampleis giventhatmakesuseof theZipf dis-
tribution to demonstratethein�uenceof thedocuments'probabilitydistributionandits parameters.
A low-complexity algorithmthatperformsoptimallyunderthegivenassumptionsis presented.

I. Introduction

Radiospectrumis a notoriouslyscarceresource.As acon-
sequenceconnectionspeedsover wireless links are and
will generallybe lower thanin the �x ed partsof the net-
work by ordersof magnitude. Apart from the well es-
tablisheddata compressiontechniquesand conventional
caching,prefetchingof datagainsinterest,due to its po-
tential to improve theperformanceof mobileapplications.
Prefetchingrelieson theability to predicta future request
andto proactively retrieve thenecessarydataover thelim-
ited network resourcebefore the actual requestis made,
therebyreducingthewaiting time for theuser. A prefetch-
ing algorithmhasto estimatethepotentialfuture requests
(speculativeprefetching). Its performance,in termsof the
reductionin waiting time, dependson the degreeof ran-
domnessof the true requestsand the accuracy of the es-
timation. Previous researchon algorithmsand architec-
turesfor conventionalcaching[3] hasbeenperformedand
the obtainedresultsarea valuableinformationsourcefor
the investigationof prefetching. A model for speculative
prefetchinghasbeenpresentedby Tuahet al.in [6]. If this
modelis assumed,anoptimumalgorithmrequiressolving
a stretchknapsackproblem(SKP). The model presented
here is a variation of Tuah's and resultsin an algorithm
with low computationalcomplexity for achieving thetheo-
retical optimumperformance.In thework presentedhere
someunderlyingprinciplesthatarisein prefetchingarein-
vestigated.Our aim is to gainfundamentalinsight in these
principleswhich will help to interpretandunderstandthe
resultsobtainedin trace-driven simulationsand real sys-
tems.

II. System Model

Predominantlytracesof application-layertraf�c, mostly
HTTP-traf�c, have beenused to carry out performance
analysisandcomparisonsbetweendistinctprefetchingal-
gorithms and combinationsof prefetchingand caching
[2][4][5]. Simulationsbasedon real tracescertainly are
capableto achieve morerealisticresultsthanmodel-based

analysis.Yet, it is dif�cult to isolatetheeffect of individ-
ualparametersthatresultedin theparticularusedtrace.As
thecharacterof network-traf�c changesin dramaticspeed
andextend, it is necessaryto analyzethe performanceof
algorithmsandstrategiesbasedon models,whoseparam-
eterscan 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 requests,andotherentities(servers) that deliver their
responsesover connectionswith �nite bandwidth.We as-
sumethat theconnections'bandwidthis exclusively dedi-
catedto thetransportof responsesto this particularclient.
This modelse.g. a scenariowith a mobile device usinga
�x ed bandwidthwirelesslink to connectto the conglom-
erateof servers in the internet,with the wirelesslink as
thedominantbottleneckandtheresponsesrepresentingthe
dominantdatavolume. We assumethat in a certainsitua-
tion the client requestsa document.The requesteddocu-
mentwill be randomlychosenout of an orderedsetof
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�
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size ��� and connectionspeed��� for the retrieval of this
document. The documentwill be requestedat previ-
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Figure1: Document�0/ is chosenat requesttime 132

ously unknown time 1
2 , drawn randomlyfrom a continu-

ousprobabilitydensityfunction 465$798$1�2�: . Theconnections
areavailablefor theprefetchingattemptat 19�;13< . Thetime
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betweentherequestgenerationandthemomentthecorre-
spondingdocumentis completelyretrieved is calledwait-
ing time =?> . If anew requestis generatedduringaspecula-
tiveretrieval for anotherdocument,thespeculativeretrieval
is immediatelyinterrupted,whereasin [6] the speculative
prefetchcompletesbeforetheactuallyrequesteddocument
is retrieved.

III. Analysis

In our analysiswe will answerthefollowing generalques-
tions: Whatcriterionshouldwe applyto determinethese-
quenceof speculatively retrieveddocuments?Do weprefer
smalldocumentsover largedocuments?How doesthedis-
tributionof probabilitiesin�uence theachievablereduction
in waiting time = > ?
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Figure 2: Expectedvalue for waiting time ~•��=?>•€g1
2

�

and arbitrary probability density function 4
5

798$1
2

: of the
requesttime 132 .

Theexpectedwaiting time withoutany prefetchingis
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We canexpressany sequenceof the
�

possibledocu-
ments ��� asa permutationof the initial orderedset. The
numberof possiblepermutationof an

�

-elementsetis
�Œ‹

.
We write • element� and • valueto denotethe � -th element
of asetor avaluecalculatedfor aparticularpermutationŽ .
Theindex Ž is usedto denotethepositionof theparticular
permutationamongany de�ned order(e.g. lexicographic)
of all possiblepermutations.Hence,•

��� and •

�p� arethe � -th
elementsof theorderedsetof thedocuments'probabilities
andsizesafter thesesetshave beenorderedaccordingto
the Ž -th permutationwith permutationsnumberedin the
speci�edorder.

We calculate~;•0•a=
>

€'1�2	• , the expectedvalue for =
>

for a chosenpermutationŽ , underthe condition that the

requestarrivesat acertaintime 132
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We try to give an intuitive explanationfor Eqn.3: The
total time available for prefetchingis 1 2

’

1 < . It is nec-
essaryto distinguishbetweenthreedistinct cases:a) no
attempthas beenmadeto retrieve the chosendocument
before 1 2 . In this caseno time is gained, but the re-
trieval startsimmediatelyat 132 . Hence,theminimumtime
gain is

›
. b) the chosendocumentis currentlybeing re-

trieved. Subtractingthe time investedon the otherdocu-
mentsfrom the total time availablefor prefetchingyields
the time gained. c) the documenthasalreadybeencom-
pletelyretrieved.Thenthecompletetime ¤C¥�¦

¤q§

¦

necessaryto
retrieve it is gained,but not more.Thethreecasesarerep-
resentedby the ”�•†–©¨ª”�™'š operation.Finally theexpected
valueis calculatedby weightingwith thedocuments'prob-
abilities •

�
� andsummingupoverall �ª�«
��
���

�

.
Eqn.3 is illustratedin Fig.2, with 1

<
�

› , for onearbi-
tray permutationŽ . The uppercurve shows the expected
value for the waiting time. It is composedof

�

linear
segments.Eachsegmentcorrespondswith theretrieval of
oneparticulardocument.For requestsarriving asearlyas

1�2¬�
›
, no improvementis possibleyet. The expected

valuefor thewaiting time is then

~
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which is the samefor all permutations.Independentlyof
thechosenpermutationtheexpectedvaluefor thewaiting
timereacheszerowhenall documentshavebeenprefetched
after
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As 1�2 is distributedaccordingto 465$798C1�29: the expected
valueof theunconditionedwaiting time is
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In orderto minimize ~•��=
>

� it is suf�cient to choosethe
permutationthatminimizesthegray-shadedareain Fig.2.
This can be proved, using the factsthat ~²•"•C=‚>´€'1

2
• is

monotonicallydecreasingfor all permutationsŽ , andthat
4

5
798$1

2
:|¶

›°·
1

2 . With this in mind andtheobservation
that theslopeof every segmentdependsonly on theprob-
ability �¯� of its documentwe 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 optimumsequenceonly
dependson the documents'probabilitiesnot on their size
or connectionspeed.With this resultwe arenow ableto
answertwo of the threequestionswe asked whenbegin-
ning our analysis:The probabilities�­� shouldbe applied
asthe criterion for determiningthe sequence.In orderto
minimizewaiting time, it is not necessaryor bene�cial to
prefersmalldocumentsover largedocuments.

III.A. Example

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

�

� ¸ ,
� � �V� � �¹
 · �ª�«
����
�

�

. The probabilities � � shall be
distributed accordingto Zipf 's Law1 [1], with º»�¼


(� ‡˜½¾› � ¿ ›"À , �¯Á ½�› �ÃÂ › ¿�
 , �¯Ä ½¾› �†
�ÅÆ¸ › , ��Ç ½�› �†
 › Â › ,
��È ½É› � ›"À 
�¸ , ��Ê ½Ë› � › ¸ ÀÆ› ).
Fig.3 shows theresultingcurvesfor all ¸

‹

�ÍÌÆÂ › permuta-
tions,eachrepresentinga possibleprefetchingdecision.
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Figure 3: In�uence of permutations ( �	‡ª���
�V�œÊ°�Í
Æ�

�­‡µ�
������Ê©�¹
 , Zipf Distribution, ºÎ�«
 ).

Commonsensesuggeststhat the morepronouncedthe
differencesin thedocuments'probabilities�

� are,thebet-
ter theperformanceof pefetchingcanget.Thedistribution
accordingto Zipf 's Law facilitatesa quantitative analysis
of this conjecture. By varying º we can adjust the dis-
tribution from beingabsolutely�at ( º¹�

›
) to a stronger

pronouncingof the likelier documentswhen º risesto 
"�
›

(or higher).This effect is depictedin Fig.4. Decreasingº

reducesthedistancebetweenbestandworststrategy. Fig.5

1Zipf 's Law statesthat the probability of the Ï -th most likely event
is proportionalto Ð�ÑKÏ . This is alsocalled the strict Zipf 's Law. Many
interestingexperimentsshow a slight modi�cation of this law. They can
bemoreadequatelymodelledwith a probabilityproportionalto Ð�ÑKÏCÒ for
the Ï -th mostlikely event.Thevalue Ó thentypically takesavalueof less
thanunity. For Ó˜ÔÕÐ this modi�ed law is equivalent to thestrict Zipf 's
Law.

showstheordered(best)andreverseordered(worst)strate-
gies.We canseethatfor thecaseº´� ›

, whenall
�

doc-
umentshave thesameprobability � � �¹
 ¨

�

, nodifference
betweenthebestandtheworststrategy exists.
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Figure4: In�uence of º , Zipf Distribution (
�

�‘¸ ).
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Figure 5: In�uence of º ( �	‡ª���
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����Ê©�«
 ,
Zipf Distribution).

IV . Simulation

To augmentandverify the analysisMonte-Carlosimula-
tionsareperformed.Theparameters(�

� , �
� , �

� ) arechosen
to matchtheexample.In the�rst simulationtheprefetching
controller (PC) hasa-priori knowledgeof the documents'
probabilities�¯� . Theactualwaitingtimes =

>�×
�\ØÙ�¹
��
����Ú

are measuredfor Ú � 

›Æ›"›

trials. The meanvalue
=

>
�

‡

ÛÝÜ

Û

 

…ˆ‡

=
>�× is plottedin Fig.6 for several 132 . Sim-

ulationresultsandtheoreticalanalysisshow goodconsen-
sus.
In thesecondsimulation 132 is uniformly distributedfrom

Þ

›
��=­>¯®Kß (This distribution simpli�es interpretationof re-

sults. Otherdistributionse.gPoisson,Paretoareusedfor
more realistic scenarios). Furthermore,the PC has no
a-priori knowledgeof �

� andusestherelative frequency of
observeddocumentsasestimationsof �

� in thissimulation.
Thelearningbehaviour andthein�uenceof º areshown in
Fig.7. Accordingto the theoreticalanalysisperformance
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of thePCshouldincreasewith thevalueof º . ThePCex-
ploits theasymmetriesin thedocuments'probabilities.We
can seefor the particularsetupof parametersthe reduc-
tion of =	> . It takesapproximately
 › ( Â › , Å › ) visits for

º;� › � › ( º;� › �Ãà , º;�á
Æ� › ) for thePCto gatherenough
observationsfor a goodestimationof the probabilities� �

thatis necessaryto reachits asymptoticperformance.With
theseobservationsandthe resultsof theanalysisdepicted
in Fig.5 we have answeredthethird questionon thein�u-
enceof the distribution of probabilitieson the achievable
performance.
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Figure 6: In�uence of permutations,simulation result
( ��‡µ�
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 , Zipf Distribution, ºâ�«
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V. Conclusions and Further Work

Themeanwaitingtimeis minimizedbyprefetchingwith an
algorithmwith low computationalcomplexity. Theperfor-
manceof aPCwith a-priori knowledgeof theprobabilities

�
� , that follows theproposedalgorithm,constitutesanup-

per boundon theachievablereductionin waiting time. A
PC's strategy, to usetherelative frequenciesof occurrance
asestimatesfor thedocuments'probabilities,is optimalin
themaximum-likelihoodsense.
For a typical of today's mobile scenarios,i.e. WWW-
browsingovera circuit-switchedandair-time chargedper-

sonalcommunicationsystemtheproposedmodelandalgo-
rithm is resemblingreality fairly well.
Interesting extensions to the current model are time-
varyingdocumentprobabilities� � 8C13: andindividualproba-
bility densityfunctions 4 5 798$1 2 €Æ� � : of therequesttime 1 2

for eachdocument� � .
It is alsodesirableto enhancethemodelto allow theanaly-
sis of other scenarioswherethe bottleneckconnectionis
usedby a multitudeof users simultaneously. For minimiz-
ing the global waiting in this broaderscenarioit is some-
timesnecessaryto refrainfrom prefetchingdocumentswith
lowerprobabilities�¯� . We furtherintendto improvethePC
to obtainandexploit additionalinformation(soft informa-
tion) on thereliability of its estimation.This problemcan
betreatedby Bayesianinference.
Basedon the extensive work on architecturesand proto-
cols (for an overview andexcellentstartingpoint see[3])
theimplementationanddeploymentof ef�cient systemsre-
mainstheutmostobjective.
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