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Abstract— As mobile, handheld devices have increased
in power and function, users increasingly tr eat them not
as mere organizers, but as an extension of their per-
sonal computing environment. But accessingles remotely
can lead to poor performance, due to network latency.
While caching can alleviate this problem, existing caching
schemeswere designedfor desktop clients, and are not
mindful of the network and storagelimitations endemicto
mobile devices.

Much work hasbeendone on prefetching les basedon
various predictive methods. While each method may do
well for its target usagepattern, performance can quickly
degrade as usagepatterns change.Our insight is that one
can get the “best of all worlds” by distilling suggestions
from varied predictors into one nal prediction. Our
systemlearns how each property performs over time and
dynamically adjusts the weight of eachin the nal decision.
The resulting systemis simple and robust, and supports
an arbitrary number of properties, which can be plugged
in or out at the administrator' s discretion.

Our implementation within the Coda le systemshaws
a 10-15% reduction in average le accesdatency for low-
bandwidth, high-latency connectionsto the le sewer, a
common usagescenario for many mobile users.

. INTRODUCTION

Disk and network lateng bottleneckshave beenon
the minds of systemsresearchergor mary years,and
cachinghas long beenusedto alleviate this problem.
Cachingis clearly most effective when the client-side
cachecanbe large enoughto hold the commonworking
setof user les, necessitatindgewer fetcheson demand
over the network. As le sizes increaseover time,
desktopand laptop userscan maintain distributed le
system performancesimply by increasingthe size of
their local cachesStorageis plentiful, asmulti-gigabyte
hard drivesare now the norm.

Mobile, handhelddevices, on the other hand,do not
alwayshave this luxury. PDAs commonlyhave a storage
capacityon the orderof megabytesnot gigabytesWhile
this canbe augmentedy additionalstorage(suchasan
IBM MicroDrive), theaddedbulk andexpensamnalke that
an unattractve option to mary users.Also, keepingthe

cachein RAM insteadof on an externaldisk cangreatly
extend preciousbatterylife by minimizing disk spin up
and down operations.

The performancepenalty for cache missesis also
higherin a mobile ervironment. By de nition, mobile
devices utilize wireless links, which may range from
fairly high-speed(e.g. 802.11)to low bandwidth,high
lateng links (e.g.cellulardataaccess)While the penalty
for a cachemissis not severefor a desktopclient, which
is usually connectedo the le sener via a 10 or 100
Mbps connection,it can be a major considerationfor
mobile clients.

Cacheperformanceimprovementcan be approached
in two ways:onemay eithertry to improve the cachere-
placemenstratayy, or to make betterdecisionsegarding
which les shouldbe cached Both have beenexplored,
albeit independentlyby a number of researchersWe
concentrateon the latter More speci cally, we have
developedan algorithmthat predictsfuture le accesses
from different parameterspr properties using on-line
learning.Our algorithmdynamicallylearnsthe effectthat
variouspropertieshave on successfulle accesgredic-
tion and adjusttheir relative importanceaccordingly If
the ervironment(a users working set) doesnot change
very frequently allowing enoughtime for the algorithm
to learnthe accesgatternsjt shouldperformquite well.
This assumptioris supportedy Kuennings ndings [9],
[10], [11].

Most previous attemptsat intelligent le prefetching
(see Section Il) focusedon one main criterion, such
as sequenceof previous accessessemantic distance
between les, or directory membershipWhile eachof
thesemay work well for certain usagepatterns,they
cannotadaptto behaior which doesnt t their a priori
worldview. Our insight is that it should be possible
to run mary varied predictorssimultaneouslyand let
the systemdecide, basedon past performance which
predictor propertiesare returning the bestresults. This
e xibility is one of our system$ most novel aspects.
Different propertiesmay be designedto work well in
very speci ¢ settings,but collectively the systemshould
yield goodresultsfor a wide rangeof usagesituations.



Another major strengthof our systemis its modular
designand the simple interface betweenthe algorithm
module,which performsall the organizationabperations
andthe actuallearning,andthe propertieswhich collec-
tively predicta setof les to be prefetched.The prop-
ertiesare completelyisolatedfrom eachother and are
not aware of eachother's existence.The algorithmitself
accessesll the propertiesthrough a uniform interface
and doesnot careabouttheir individual identities. This
level of isolationis preciselywhat allows us to addand
remove the propertiesat will.

We have implementedour systemwithin the Coda
distributed le system,through only a small stub to
the Coda source code. The remainderof our system
is platform-independentallowing easy portability to
various le and operatingsystems.

Sectionll discusseghe various existing approaches
to le prefetchingin the literature. Sectionlll delves
deeply into the designand implementationaspectsof
our system,including a descriptionof the propertieswe
have implemented.Performanceevaluation and results
aredetailedin SectionlV, and SectionV concludes.

Il. RELATED WORK

One of the earliestideasfor le prefetchingwas to
utilize applicationhints that specify future le accesses.
This deterministicprefetchingwasexploredby Patterson
et al. in several articles on Informed Prefething and
Cading [17], [20]. While this techniqueprovided some
importantinsightsinto the tradeofs of prefetchingiit is
not very generalizableas few applicationsproducethe
requiredhints.

At aroundthe sametime, the SEER projectwasborn
at UCLA [9], [10], [11]. The goal of SEER was to
allow disconnectedperationon mobile computersising
automatedhoarding. A rather successfulattempt was
madeto grouprelated les into clustersby keepingtrack
of semantiadistancedetweenhe les anddownloading
as mary completeclustersas possibleonto the mobile
stationascan t into the cacheprior to disconnection.
They de ned semantiadistancebetweensometwo les,
A and B, as the number of referencesto other les
betweenadjacentreferencesto A and B. Subsequent
versionsalso incorporateddirectory membership,‘hot
links”, and le naming corventionsinto the hoarding
decisionprocess.

Appletonand Grif oen [4], [5] useda directedgraph,
the nodesof which representeg@reviously accessedes,
with arcsemanatingfrom eachnodeto the node ( le)

lIn fact, the algorithm module and all properties have been
compiledandtestedboth underLinux andMicrosoft Windows 2000.

that was accessedvithin somelookaheadperiod after
ward. The weight of eacharc wasthe numberof times
it had beenvisited (i.e.,thenumberof timesthe second
le was accessedwithin the lookaheadperiod of the
rst). Thus,if some le wasaccessedhe probability of
someother le beingaccessedsoon” canbe estimated
from the ratio of the weight of the arcto that le to the
cumulative weightsof all arcsleaving the current le.

Kroeger[7], [8] useda multi-ordercontext modelim-
plementedusing a trie, eachnode of which represented
thesequencef consecutie le accessefom therootto
that node.Eachnodekept track of the numberof times
it hadbeenvisited. Slightly reminiscenof Appletonand
Grif oen's model,the childrenof eachnoderepresented
the les thathave in the pastfollowed the accesgo that
le. The probability of eachchild node being the next
victim canbe estimatedrom the ratio of its visit count
to thevisit countof its parentlessone(sincethe parents
visit count hasjust beenincremented)In a later work
[8], Kroeger enhancedis modelby partitioningthe trie
at its rst level and maintaininga limit on the size of
eachpartition.

Several other projectshave subsequentlyried to im-
prove ontheseefforts. The CLUMP project[2] attempted
to leveragethe conceptof semanticdistancedeveloped
asapartof the SEERprojectto prefetchle clustersLei
and Duchampbuilt a unique probability tree similar to
Kroeger's for eachprocess[12]. Vellanki and Chene-
nak revisited the Pattersors Cost-Bene t analysis,but
adaptedit to a probabilistic prefetching ervironment
[21]. Geels unsuccessfullyattemptedto use Markov
Chainsfor le prefetching3]. Finally, anadaptve cache
replacemenalgorithmthat useslearningtechniquesvas
presentedby Ari etal. [1]. This adaptve algorithmis the
closestmodel to ours that we have found in literature.
The main differencebetweentheir work andoursis that
we concentrateon prefetching,whereastheir algorithm
dealswith replacemenstratayies.

All the prefetchingmodelsthat we have seenonly
concentrateon one prediction method, and, thus, our
projectcan be seenas an extensionto the efforts men-
tioned abore. We combinethe probability trie proposed
by Kroeger and probability graph per Appleton's work
with severalotherpropertiesvhich onewould intuitively
expect to be good predictorsof future accessessuch
as le extensionand directory membership.Given all
of thesepotentialpredictors,we developedan algorithm
that learnstheir relative importancein a given erviron-
ment.Indeed ,we feel that oneof the main shortcomings
commonto all the approachego dateis their inability
to performwell in changingenvironments.Our system
allows a set of predictorsto dominatethe prefetching
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decisionsin the ervironmentsto which they are best
suited, and to give way to otherswhen those become
more successful.

The topic of combiningmultiple predictorsis already
well establishedn the learningcommunity The Rosen-
blatt algorithm[18] aswell asneuralnetwork algorithms
arerobustbuilding blocksfor classi cation,learningand
prediction.Most of thesealgorithmsarelinearthreshold
algorithms, making them fast and easyto implement.
Thesemethodsmale predictionsbasedon the weights
of predictors,andtheseweightsarere ned every time a
predictionerrs. The WeightedMajority Algorithm [14]
is yet anotherway to combinepredictors.It works well
whenthe predictorsare experts,i.e. outputa prediction
every time it is requestedThe main differencebetween
the Weighted Majority Algorithm (WMA) and Rosen-
blatt basedschemess that in the WMA the weights
areupdatedn every prediction.The Winnow Algorithm
[13] is similar, but combinesspecialistproperties(not
necessarilyexperts),which have the right to abstainand
return no prediction. For our system,“abstaining” will
meanreturningan empty predictionlist.

All of the above methodspreviously have beenthe-
oretically and empirically evaluated.However, they all
return a single prediction, whereaswe are trying to
predict a numberof les to prefetcheachtime. This
differenceled usto de ne the problemin termsof allo-
catingthe cachebetweenpredictors.Thus,our approach
can be consideredas combining multi- le prefetching
basedon a single-pedictor[2], [8], [11] with single- le
prefetchingbasedon multiple-pedictors [13], [14], [18].
We implementedboth Rosenblatt-basednd specialists-
basedalgorithms. Since it was unclear which would
perform best, we evaluatedour system$ performance
while driven by variationsof both.

A. DesignOverviev

DESIGN AND IMPLEMENTATION

As our systemaimsto performnetwork le prefetch-
ing within the context of a Distributed File System,
the choice of one was a critical design decision. We
ultimately choseCoda[19] as our framevork. Codais
anattractie choicefor severalreasonslt wasdeveloped
primarily as an academicresearchtool, and is often
used/citedn researchproviding us with a sourceof le
tracesand examplesof valid measurementechniques
[16]. It hasalso beenportedto mary combinationsof
hardware and operatingsystems.This dovetails nicely
with our goalof keepingOS-speci ccodeto aminimum.
If we aredesigningour systemto be portable, it follows
we shouldchoosea baseDFS that canfollow us where
we want to go.

As shown in Figure 1, we have broken our logic
into several parts. The primary motivation for this was
portability. Only the Prefetchermodule interfaceswith
the native OS or DFS, and would thereforebe the only
code to changein order to port our systemto new
systems.The entire systemis compiledinto the Coda
client-sidecachemanagerVenus.By linking our source
into Venuswe reducedcommunicatioroverheadgo that
of a function call.

The Prefetchermodule is invoked at critical points
in Venusexecution,suchaswhenservicinga le open
request,or when aboutto fetcha le from network. It
keepsthe higherlevel modulesinformedof le activity,
and actson the prefetchingsuggestiongrovided by the
Algorithm Module.

TheAlgorithm Module consistof the Algorithm logic
(the block labeled*Algorithm” in Figure 1) andvarious
propertydatastructures.

B. Prefether Module

In orderto successfullyimplementprefetchingwithin
the context of the Codadistributed le systemwe need
to be ableto:

1) Monitor all opencallsto les which are part of
the mountednetwork volume(s),and

2) Monitor all fetch-from-serer operations,so that
our logic may suggesappropriateles to prefetch
at thattime.

We canaccomplisthoththesegoalsthroughmodi ca-
tion of the Codaclient software alone,which simpli es
our developmenteffort. Even better the code which
we are concernedwith on the client all residesin the
cachemanageNenuswhichis a userlevel processThe
fact that we do not have to modify the kernel greatly



simpli es the porting of our systemto other operating
systems.

We have de ned a C++ class,prefetcher |, which
encapsulatethe functionality requiredto performintel-
ligent, adaptive prefetching.An instanceof this classis
a memberof Venus'class fsdb (which de nes the
le systemthread).

At the point whereVenusreceivesan upcall from the
kernel requestinga le open, prefetcher obsenes
this andnoti es the Algorithm Module of the le which
wasaccessedsothatit mayin turninform the properties.
Once the FS threadreceves an open request,it rst
checksif the le is alreadyin the Codacache.lf not, it
issuesa Fetch() requestto retrieve the le from the
sener. At this point, the Prefetchercalls the Algorithm
Module, with the le namecurrently beingaccessedit
expectsin returna list of les which are suggestedor
prefetchingatthistime. The Prefetcheparseghelist and
removesthose les from thelist thatarealreadyresident
in the cache(we getthosefor free!). Theremaining les
the Prefetcher‘prefetches” from the sener, using the
standardrFetch()  call. Therefore,the standardvenus
codeis not awareof which les arebeingfetcheddueto
a legitimate cachemiss, and which fetch requestsare a
resultof actionsof the PrefetcherClearly, the Prefetcher
must keeptrack of which requestst generatecand not
invoke the prefetchlogic on thoseto avoid an endless
loop.

C. Algorithm Module

1) Decision-Makingin the Algorithm Module: The
algorithm module decideswhich les are likely to be
accessedn the nearfuture. As it is expectedto man-
age all data necessaryfor the prediction,it is noti ed
of all le accessesynchronously and passeson this
informationto eachproperty The prefetcherinformsthe
algorithm modulewhene&er Codais aboutto performa
remote le fetch, sothatit may recommendbther les
appropriatefor prefetchat this time (and thus amortize
the costof a remotefetch over several les ratherthan
just one).

To malke this decision,the Algorithm Module itself
relies on a set of propertiesto make their individual
predictions.One can think of the set of propertiesas
predictorsrunning in parallel, unavare of eachothers'
existence.

But how doesthe algorithm module decide who to
believe? We decidedto have the algorithmmoduletrack
the past performanceof each property and adjustthe

2This is importantbecausesomeproperties(for example, the trie)
needto know the exact sequencef le accesses.

relative weightsof eachaccordingly As the prefetcher
monitors cache hits and misses,our systemcan de-
termine if a prediction was too aggressie (le was
prefetched,but never referenced)or too conserative
(cachemissona le whichshouldhave beenprefetched).
While all propertiesare createdequal, they soon may
diverge in importance,as some are obsered by the
global decision-makingunit to be “weak” predictors.
Thus, the algorithm moduleis analogoudo a president,
who deleggatesdecisionsdown to advisers,with some
advisersgiven more trust than othersas a consequence
of their pastservice.The nal decision,of course,s left
up to the global decision-makr, which evaluateseach
potential le from the pool of all les and selectsthe
subsetthat should be prefetched.

We attemptedo answerthe following questionsdur-
ing the algorithm designprocess:

Which propertiesshouldbe usedto rank les?
How do the propertiesrank les?
How do we determinethe nal
prefetch?

The answerto the rst questionis still open, as
thereis a very large numberof le propertieswhich
could be potential predictorsof accesgatterns.nstead
of setting our choicesin stone,we createda modular
architecturehatwould allow additionalpredictorsto be
simply “plugged-in” into the algorithm.

Each property exports the following simple interface
to the Algorithm Module:

le _accessed( le) notify the propertyof a le ac-
cessevent

get prefethedlist(size) ask for a list of predicted
les, whichwould Il up to sizebytesof the cache

The list of prefetchedles thatis returnedmust be
sortedby priority that the respectre propertyassigngo
it. We refer to the relative positionof a le within this
list astherankingof this le with respecto the property

So,how dothe propertiegrank les? We tendto leave
this decisionup to the properties,with one constraint:
the ranking should be an indicator of importancethat
the property attributesto the le, with the importance
decreasingas one moves from the headto the tail of
the predicted le list. The rankingsof the les in the
returnedlist are normalizedto O r 1 by substituting
theindex of the le within thelist into the functionr =
f(p) = p% whenp = 0,1,...is the index.

2) On-Line Learning and Combining Predictionsin
the Algorithm Module:

a) On-Line Learning: So, how doesthe algorithm
module reconcile all the information containedin the
properties?0ur answeris on-line learning. More pre-

list of les to



for (eachproperty)f
if (cachemiss)f
property getprefetchlist(entirecache)

g
rankof_le = property notify_le _accessed( le)
if (cachemiss)f
weight[property]= UpdateVeight(property rank of_ le)
9
g

Fig. 2. Computingweights.UpdateVight functionis implemented
asa part of the speci ¢ learningalgorithm.

cisely we learn the weightsthat will be usedin com-
bining the predictionsfrom different properties.This is
just like a reputationsystem:if we trust a property we
will be morelikely to listen to its predictions.

We decidedto explore two learning approachesthe
linearthresholdmethod(Rosenblatthndthe Winnowing
algorithm. The linearthresholdalgorithm [18] reactsto
counterexampleg(misseshy addingthe currentinput to
the weights; otherwise,the weights remainunchanged.
We usedthis algorithm when the input is the ranking
of the accessede by eachproperty This policy leads
to boostingthe weightsof propertiesthat consideredhe
missed le moreimportant.

The Winnow algorithm also reactsto misses.After
eachmiss, the weight of the propertyis adjustedin the
following way:

if it abstainedthe last time it was called, do not
changeits weight

if it predicteda list of les that containedthe
current le, promoteits weight by multiplying it
by a constant > 1. If thelist doesnt containthe
correct le, punishthe propertyby multiplying its
weightby 0 < < 1.

As you can see, this original version of Winnowing
ignoresthe ranking of the le in the predictedlists of
the propertiesthat had a hit. In a hybrid version of
the Winnow algorithm,the promotionfactordependon
the place of the le in the successfulists. As part of
our evaluation, we soughtto determinewhich method
providesthe bestperformance.

In generaltheweightsof all the propertiesareupdated
asfollows (seepseudocodén Figure 2):

1) weightsare only updatedon cachemisses

2) theranking of the le is calculatedbasedon the
emulationcall to get all prefetchingsuggestions
that would t into the entire cache,sincethis is
the maximum amountof spaceary property can

ever service
3) the ranking is calculated based on
position, p, in the list returned by the

getprefetchlist(entirecache) call from the
formula ranking=1}—p, which is just an arbitrary
decreasindunctionin p

Irrespectve of the method, we have to determine
how to combinethe predictionsfrom differentproperties
basedon their weights.We discussour approachto this
in the next subsection.

b) CombiningPredictions: At this point, we had
several options for using the learning schemejust de-
scribedto combinepredictionsmadeby the properties
into one list. A traditional approa,ghwould have been
to calculatethe overall rankingas 5 o gperties Wp  I'p
andto useit, or a revised monotonictransformationof
it, to checkwhetherit is sufcient to Il the tamget size
the prefetcherspeci ed. Another approachis to divide
the available prefetchingstoragespaceaccordingto the
weights,andallow eachpropertyto useits proportionof
thetotal spaceasits own cacheto Il with predictedles.
We chosethe latter approachreferredto as Size Divi-
sion, for several reasonsFirst of all, it is fairer toward
the propertieswith small but signi cant weights.We are
concernediboutsuchpropertiessincethey maybecome
signi cant in unstablesituations,such as a changeof
the working set. Additionally, Size Division allowed us
to leave the ranking decisionscompletelyencapsulated
within the properties, making the primary decision-
making of the algorithm simplerandmore general.The
downsideof the Size Division methodis thatit requires
more computationfrom the module,which will have to
deal with the overlap between le setsreturnedby the
propertieslt alsopuntsmuchof the compleity ontothe
propertiesWe think this is acceptabldecauseroperties
areinherentlymorevolatile unitswhich maybe changed
a number of times, while the body of the Algorithm
Module is stable. Furthermore,the property/algorithm
interface is greatly simpli ed, facilitating dynamic ad-
justmentsthat may often be madeto the properties,as
well asthe processof addingand removing properties.

Thus, our algorithm usesweights to decide on the
proportionof the cacheit allocatego eachproperty This
calculationis straightforward: a propertygetsto prefetch
a portion of the cacheproportionalto its weight divided
by the sumof all weights.

3) Properties: In the previous sectionswe have al-
ludedto the propertiesthat perform most of the think-
ing for the algorithm module, but have thus far been
very vaguein describingwhat they are. The following
subsectionglescribethe seven propertiesthat we have
implemented.

a) Trie: The trie property was createdusing a
multi-ordercontext modeldescribedoy Kroeger[7], [8].
We choseto usesecondorder context, sincethe size of



the trie is exponentialin the context order and Kroeger
shoved no improvementin predicting ability beyond
secondordet

The insight of this propertyis that it is very likely
that mary applicationsor utilities accessthe samese-
guencef les at differenttimes. A goodexampleis a
developmentervironment,wherea Make le will tendto
compile les in the samesequence.

An interestingproblemwe ran into during the imple-
mentationof the trie is that of determiningthe best les
(accordingto cumulatve probability) to placein a x ed
sizedspace This problemturnsout to be NP-Completé,
and, therefore,we useda heuristicthat placedas mary
les aspossibleinto the x edsize,orderedby probability
of futureaccessandtheniteratively replacedhelast le
with a numberof smaller les with higher cumulative
probability

After having implementedhe trie, we found that the
overheadmposedby storingthe completehistory of le
accessess unacceptabléAs canbeeasilyseenthespace
requirement®f atrie of context m to storea databas®f
n accessess O(NM™*1), soin our caseit is O(n?). As n
grows over time, adding les to the databaseaswell as
retrieving predicted le lists becomesslowv. To remedy
this problem, we followed Kroeger's example [8] and
implementedconstantpartitions. Indeed, our resultsin
SectionlV-A.2 shav that varying partition size had a
signi cant affect on the trie overhead.

b) Probability Graph: Thisis exactly the probabil-
ity graphproposedby Appleton and Grif oen [4], [5].
The graphstoreseach le accessas a nodeand tracks
subsequente accessegecordingthe numberof times
agiven le wasa successorSuccessorelationshipsare
representecby directedarcs in the graph, and access
countsare recordedas the weightsof thesearcs.When
theget prefetch _list methodis invoked,theprop-
ertyreturnsall les thatsucceedethecurrentlyaccessed
le within aspeci edlookaheadvindow Thislookahead
window can be seenas the accessdistance,which is
analogougo the semanticdistanceusedin SEER.

¢) Last Successor:This property relies on long-
termtemporallocality of le accessedn otherwords,it
“records” the immediatesuccessoof eachaccessede
and, when asled, releaseghis objectto the algorithm.
While this is the simplestpropertythatwe dealwith, in-
tuitively it shouldbefairly effective, aswe would expect
peopleto often follow the sameworking patterns.This,
naturally is subsumedy the Trie andProbabilityGraph
properties,which not only maintain the last successor
but a set of successorgthus, providing a probability

%It canbe reducedfrom the Knapsackproblem.

distribution of future successorsas opposedto a point
estimate).

d) Directory Distance: Directory Membership
propertytries to relate le systemlocality to temporal
locality of access,since les that residein the same
folder are likely to be a part of the sameworking set.
This property keepstrack of the directoryin which the
accessedle residesand its predictionsare basedon
directorydistance Distanceof 0 betweertwo given les
indicatesthatthey arein the samedirectory;distanceof
1 meansthat one le livesin the parentdirectory of
the other and so on. Predictionsare madeby following
the directory hierarchy and ranking les accordingto
directorydistance.

e) Directory Probability Graph: This property
maintainsa successograph of directoriesin the same
way as the Probability Graph property describedabove
maintainsa successographof les.

f) Directory LRU: Directory LRU maintains a
FIFO queueof directoriesWhenadirectoryis accessed,
it is addedto a queue,possibly displacing the Least
RecentlyUseddirectory Whenreturningthe prefetching
suggestionsit follows the queueddirectoriesfrom the
top of the queue,ranking les accordingly

g) File Extension:Intuitively, this againseemdike
a good indicator of accesslocality, as it is easy to
ervision applicationssuchasa compileror MP3 player
accessingnary les of sameextensiononeafteranother

IV. PERFORMANCE EVALUATION

Our testsetupconsistedof two Dell Latitudelaptops,
both with PentiumIll 900 MHz processors512 MB
RAM, and 10/100 Mbit/s Ethernet cards. While the
laptop used as the client is certainly more powerful
than most handhelddevices, this should not affect our
results,giventhatnetwork lateng/ andcachesizearethe
limiting factorsin thesetests.We useda Linux kernel
module (NistNet) to simulate various network band-
widths betweerclientandsener. Both testmachinegan
Linux kernel2.4.18-3and Codasoftwarereleases.3.19.
The Codasener software is unmodi ed; the client was
runningour modi ed Venuscachemanagelasdescribed
above.

We identi ed two scenarioswe wantedto evaluate.
First, we obtainedtracesof actual le accesse$rom a
client at Carngjie Mellon University, andreplayedthese
tracesto comparethe performanceof our modi ed sys-
temto baselineCoda,andto a Trie approachKroeger's
solution). Second,we ran a more contemporanbench-
markby placingthe sourcetreeof the Apachewebsener
in Coda,and measuringthe time to build (forcing fetch



of source les over the network) for a rangeof network
latencies.

A. Evaluationsusing Coda Traces

The following testswere performedwith le access
callssimulatedfrom Codatracescollectedon the mozart
computerat Carngjie Mellon University in 1993 for
a period of about one month. This particular machine
was chosenbecausét is describedas being a “typical”
workstation.Basedon the informationin the traces,we
regeneratedll the les with their original le sizes(but
lled with randomdata). As thesetracesare 10 years
old, the le sizesare muchsmallerthanwhatwould be
commontoday If we useda cachesize,thereforewhich
would be reasonabldor a mobile usertoday (such as
15 or 30 megabytes)the entire working settouchedin
the run of the tracesmight t in the cache,negating
most of our systems effectiveness.Instead,we useda
small cachesize of 4 MB. As the ratio of cachesize
to working set size is a critical determiningfactor in
cache performance,we believe this small cache with
thesesmall old traceswill give usa similar performance
evaluation of our systemas a larger cachewould in
tandemwith contemporarylargersized les.

One notableshortcomingin the Codatraceswas the
lack of le size information for les that were never
openedduring the tracing period. Since some of our
propertiesmay prefetchthese les, we had to assign
somerealisticsizesto these les. We did this by follow-
ing adepth rst searchthroughthe le hierarchyandas-

signing,to ary zero-byte les, thelastsizeencountered.

While we understandthat this is not statistically the
mostappropriatesolution,we felt thatsincewe will still
mostly prefetch les with known size, this workaround
would not have muchimpacton the results.

1) NetworkLatencyEvaluation: We hypothesizeaur
systemwould be more bene cial as network lateng to
the le senerincreasesaswhatever computationabver
headour systemhasintroducedshouldbe overshadwed
by the network delayto fetcha le. Any overheadwvould
essentiallybe hiddenby naturalidle periodsbetweenle
fetchesin the traces,andtheseidle periodswould grow
longerasnetwork lateng to sener increases.

We ran the Coda traces describedabove, for the
following Prefetchercon gurations:

no propertiesactive (baselineCodabehaior)

Trie only (Kroeger's method[7])

all properties,linear threshold (Rosenblatt)algo-
rithm

all properties Specialistswinnow algorithm

all properties SpecialistsHybrid algorithm

Bandwidth Trie SpecialistsWwhnow | SpecialistsHybrid
10 Mb/s 7.92% -5.75% -2.67%
1 Mb/s -5.99% -12.1% -18.89%
500 Kb/s 9.15% 4.62% 10.59%
100 Kb/s 3.12% 23.65% -9.23%
56 Kb/s 7.65% 10.16% -9.34%
28.8Kb/s || 11.64% 14.46% 11.29%
TABLE |

PERCENTAGE IMPROVEMENT IN TRACE PLAYBACK TIME BY
ALGORITHM METHOD. (a negative numberindicatestrace
playbak time increased

For eachtestlistedabove, we usedthe network lateng
simulator to simulate a range of network conditions
betweenthe client and sener, correspondingo typical
mobile usagescenarios.For example, 10 Mb/s and 1
Mb/s would correspondo typical (low) latenciesfor on-
campuswirelessLAN accessb500Kb/s and 100 Kb/s to
accessto the le sener from off-campusvia DSL or
a cablemodem,and 56 Kb/s and 28.8 Kb/s to wireless
WAN accessthrougha slow cellularlink. Thetestscript
referenced45685 les. All tests were repeatedthree
times, andthe averageused.

Figure 3 shows the averageaccesdateng vs. band-
width, for eachprefetchercon guration. Averageaccess
lateng is calculatedasthe total time requiredto replay
the entire Codatraceset,divided by the total numberof
le accessesNe have omittedthe resultsfor the Linear
ThresholdAlgorithm, asthey turnedout to be very poor
(twice as bad as the other three con gurations). From
post-examinationof our tracesandlogs, it is clearthat
the Linear ThresholdAlgorithm did not corverge fast
enoughto provide bene t. Thatis, it actedon far too
mary poor recommendationecausdt did not adjust
therelative propertyweightsquickly enough As onecan
see,however, the more aggressie Winnowing scheme
generatedar betterresults.

The resultsshow that our systemdoes not provide
muchbene t for LAN speedq1-10 Mb/s), but asband-
width dropsandlateng to the le senerincreasespur
systembegins to out-performthe baseCodaimplemen-
tation. One can concludethat on the high bandwidth
runsour poor performances dueto our inherentsystem
overheadAs le accesdatenciesncreasethis overhead
makes up less of the total run time, and effects of
our prefetchingcausesenoughcachehits to make the
difference. Our Specialists\w\inow implementationis
consistentlythe best, beating unmodi ed Codas per
formancefor all bandwidths500 Kb/s and below. Its
succesds especiallypronouncedor the testswith the
leastamountof bandwidthandhighestlateng to sener-
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our systembeatsthe baselineby 10% for the 56 Kb/s
tests, and almost 15% for the 28.8 Kb/s tests. These
lower bandwidthscorrespondto our tamget application
(weakly connectednobile devices).

We also comparedour performanceto an optimized
version of Kroeger's trie, to shed light on how our
systemstacksup to a proven methodfrom the literature.
The resultsshov our systemoutperformsKroeger's trie
for 100, 56, and 28.8 Kb/s connectionsand for higher
bandwidthsthe performanceds comparable.

2) Trie Overhead: Our ultimate goal is to make this
systemadaptoptimally to changesn network speedand
a necessarstepis to learn how our parametersaffect
bothlateny andoverheadThis informationcanbe later
usedto createalgorithmsthat maximize the end-uses
utility, which we assumeto be an inverse function of
average le accesdateng per byte.

Partition Size (%) | Avg. AccessLateny (ms)
0 961
10 876
20 1174
30 1331
40 1325
50 1664
60 1749
70 1668
80 1980
90 1797
100 1946

TABLE Il
TRIE PARTITION SIZE VS. AVERAGE ACCESS LATENCY
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Fig. 4. Trie Overheadvs. Partition Size

While doing our preliminary experiments,we found
that Trie property accountsfor a good proportion of
the system overhead, and, thus, is a good place to
startour overheadanalysis.We collectedTrie overhead
information for partition size varying betweenQ and
100. The results are showvn in Figure 4. It can be
noted that the relationship appearslinear, and so we
ran a linear regressionto determinethe coefcients of
the TrieOverhead(partitiorsize) function. The R? of the
regressiorwasover 0.99,indicatingthatthis relationship
can indeed be approximatedby a linear function with
regressioncoefcient of 9.79 andtheinterceptof 40.77.

We thenexperimentallyevaluatedhe effect of varying
trie partition size on accesslateng in the trace tests
describedabove. The network speedwas 10 Mb/s LAN
connectionto the sener. The resultsare showvn in Ta-



ble 1l. This shavs that optimal partition size is small
for a high-bandwidthconnection.The resultswould be
moreinterestingfor higherlatencieswherethe inherent
network delay would maskwhatever Trie overheadhas
beenintroduced.We plan to investigatethis further in
the future.

B. Apade Source Compilation

Bandwidth || Baseline| SpecialistsWhnow
10 Mb/s 270 260
1 Mb/s 683 677
500 Kb/s 930 914
100 Kb/s 1513 1496
56 Kb/s 3028 3023
28.8Kb/s 7055 6996
TABLE 1l

TIME TO COMPILE APACHE SOURCE IN A
NETWORK-MOUNTED DIRECTORY (SECONDS)

To testour systemwith a morecontemporaryvorking
set, we placed the source code tree of the Apache
web sener (approx.22.5 MB) in a codadirectory We
then ran test runs, starting from a cold 15 MB cache,
and did “make clean” and “make” on this source.Our
resultsfor the unmodi ed Codabaselineandour system
(SpecialistsWnow) areshowvn in Tablelll, for thesame
rangeof bandwidthsasfor ourtracereplaytests All tests
were repeatedhreetimes andthe averageused.

The resultsshov a small but signi cant reductionof
userwait time for the entirerangeof bandwidthstested.
Onewould expectour systemto performwell for such
a test, as sourcecompilationof this sort generallywill
featureperiodsof network fetches,followed by periods
of CPU actvity while the les are compiled. During
these compilation periods the network link would be
relatively idle, andthereforeprefetchrequestouldthen
be servicedwithout making any other requestswait in
Codas queue.

V. CONCLUSION

File prefetchingin distributed le systemshasbeen
a topic of researchfor mary years, and a wealth of
suggestiongor predicting le accessesan be foundin
theliterature.Our contribution is to provide a corvenient
framewvork to combinethe numerousprefetchingtech-
niquesinto one powerful predictor which automatically
adjuststo its ervironment. While most studiesof le
system accesspatternsonly report aggregate results
(for the sale of statisticalsigni cance), different users

clearly will have somavhat different accesspatterns.
This motivatedus to pursueour compositeapproach.

Our resultsshow up to a 15% reductionin le access
lateny on trace replay for the low-bandwidth, high-
latengy connectionswhich are often a fact of life for
mobile users.Our systemalso outperformedKroger's
trie, a competingtechnique,on all tests. While these
resultsare very encouragingpur systemcurrentlyrelies
on several performance/eerheadtradeofs, which we
manually set accordingto empirical evidence.Clearly,
it would be preferableto have the systemself-tunethe
relevantparametersandthisis afocusof ongoingwork.
We believe in particularthat optimal, automatictuning
of the algorithmic learning parametersvould resultin
improved performancdor our Apachecompilationtests,
sincewe expectedbetterresultsthan were obtained.

It is clear our systemis often of little use for low-
lateng connectionsandin fact,imposesanoverheadn
thosecases.Consequentlywe are exploring the effects
of making the systemaware of the sener connection
status.It would seemideal for our systemto back-of
and not wastecomputatiortime whenit cannothelpthe
situation,but thenspringbackinto actionwhennetwork
conditionsdeteriorate.

It is possiblethat technologicalimprovements(such
as dramaticincreasesn Microdrive speed,enegy ef-
ciengy and cost) could obviate the needfor better le
prefetching techniques.We expect in the short term,
however, thatthethelack of ubiquitous high-speedvire-
lessnetwork accesscombinedwith increasingworking
le setsizes,will continueto impactmobile le access
performanceln themeantimesystemsuchasoursmeet
a need,by simply and cheaplyenhancingmobile users'
computingexperiences.
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