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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 envir onment. But accessing�les remotely
can lead to poor performance, due to network latency.
While caching can alleviate this problem, existing caching
schemeswere designed for desktop clients, and are not
mindful of the network and storagelimitations endemicto
mobile devices.

Much work has beendone on prefetching �les basedon
various predictive methods. While each method may do
well for its target usagepattern, performance can quickly
degradeas usagepatterns change.Our insight is that one
can get the “best of all worlds” by distilling suggestions
fr om 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 system is 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 systemshows
a 10-15% reduction in average�le accesslatency for low-
bandwidth, high-latency connections to the �le server, a
common usagescenario for many mobile users.

I . INTRODUCTION

Disk and network latency bottleneckshave beenon
the minds of systemsresearchersfor many years,and
cachinghas long beenused to alleviate this problem.
Caching is clearly most effective when the client-side
cachecanbe large enoughto hold the commonworking
set of user�les, necessitatingfewer fetcheson demand
over the network. As �le sizes increaseover time,
desktopand laptop userscan maintain distributed �le
systemperformancesimply by increasingthe size of
their local caches.Storageis plentiful, asmulti-gigabyte
harddrivesarenow the norm.

Mobile, handhelddevices,on the other hand,do not
alwayshave this luxury. PDAs commonlyhave a storage
capacityon theorderof megabytes,not gigabytes.While
this canbe augmentedby additionalstorage(suchasan
IBM MicroDrive), theaddedbulk andexpensemake that
an unattractive option to many users.Also, keepingthe

cachein RAM insteadof on anexternaldisk cangreatly
extendpreciousbatterylife by minimizing disk spin up
anddown operations.

The performancepenalty for cache misses is also
higher in a mobile environment.By de�nition, mobile
devices utilize wireless links, which may range from
fairly high-speed(e.g. 802.11) to low bandwidth,high
latency links (e.g.cellulardataaccess).While thepenalty
for a cachemissis not severefor a desktopclient, which
is usually connectedto the �le server via a 10 or 100
Mbps connection,it can be a major considerationfor
mobile clients.

Cacheperformanceimprovementcan be approached
in two ways:onemayeithertry to improve thecachere-
placementstrategy, or to make betterdecisionsregarding
which �les shouldbe cached.Both have beenexplored,
albeit independently, by a number of researchers.We
concentrateon the latter. More speci�cally, we have
developedan algorithmthat predictsfuture �le accesses
from different parameters,or properties, using on-line
learning.Ouralgorithmdynamicallylearnstheeffect that
variouspropertieshave on successful�le accesspredic-
tion and adjusttheir relative importanceaccordingly. If
the environment(a user's working set)doesnot change
very frequently, allowing enoughtime for the algorithm
to learntheaccesspatterns,it shouldperformquitewell.
Thisassumptionis supportedby Kuenning's �ndings [9],
[10], [11].

Most previous attemptsat intelligent �le prefetching
(see Section II) focused on one main criterion, such
as sequenceof previous accesses,semantic distance
between�les, or directory membership.While eachof
thesemay work well for certain usagepatterns,they
cannotadaptto behavior which doesn't �t their a priori
worldview. Our insight is that it should be possible
to run many varied predictorssimultaneously, and let
the systemdecide,basedon past performance,which
predictorpropertiesare returning the best results.This
�e xibility is one of our system's most novel aspects.
Different propertiesmay be designedto work well in
very speci�c settings,but collectively the systemshould
yield goodresultsfor a wide rangeof usagesituations.
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Another major strengthof our systemis its modular
designand the simple interface betweenthe algorithm
module,whichperformsall theorganizationaloperations
andtheactuallearning,andtheproperties,which collec-
tively predict a set of �les to be prefetched.The prop-
ertiesare completelyisolatedfrom eachother, and are
not awareof eachother's existence.Thealgorithmitself
accessesall the propertiesthrough a uniform interface
anddoesnot careabouttheir individual identities.This
level of isolation is 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 sourcecode. The remainderof our system
is platform-independent,allowing easy portability to
various�le andoperatingsystems1.

Section II discussesthe various existing approaches
to �le prefetchingin the literature. Section III delves
deeply into the design and implementationaspectsof
our system,including a descriptionof the propertieswe
have implemented.Performanceevaluation and results
aredetailedin SectionIV, andSectionV concludes.

I I . RELATED WORK

One of the earliest ideasfor �le prefetchingwas to
utilize applicationhints that specifyfuture �le accesses.
This deterministicprefetchingwasexploredby Patterson
et al. in several articles on Informed Prefetching and
Caching [17], [20]. While this techniqueprovided some
importantinsightsinto the tradeoffs of prefetching,it is
not very generalizable,as few applicationsproducethe
requiredhints.

At aroundthe sametime, the SEERprojectwasborn
at UCLA [9], [10], [11]. The goal of SEER was to
allow disconnectedoperationon mobilecomputersusing
automatedhoarding. A rather successfulattempt was
madeto grouprelated�les into clustersby keepingtrack
of semanticdistancesbetweenthe�les anddownloading
as many completeclustersas possibleonto the mobile
stationas can �t into the cacheprior to disconnection.
They de�ned semanticdistancebetweensometwo �les,
A and B, as the number of referencesto other �les
betweenadjacentreferencesto A and B. Subsequent
versionsalso incorporateddirectory membership,“hot
links”, and �le naming conventions into the hoarding
decisionprocess.

AppletonandGrif�oen [4], [5] useda directedgraph,
thenodesof which representedpreviouslyaccessed�les,
with arcsemanatingfrom eachnode to the node (�le)

1In fact, the algorithm module and all properties have been
compiledandtestedbothunderLinux andMicrosoft Windows 2000.

that was accessedwithin somelookaheadperiod after-
ward. The weight of eacharc was the numberof times
it hadbeenvisited (i.e.,thenumberof times the second
�le was accessedwithin the lookaheadperiod of the
�rst). Thus,if some�le wasaccessed,the probabilityof
someother �le beingaccessed“soon” canbe estimated
from the ratio of the weight of the arc to that �le to the
cumulative weightsof all arcsleaving the current�le.

Kroeger [7], [8] useda multi-ordercontext modelim-
plementedusinga trie, eachnodeof which represented
thesequenceof consecutive �le accessesfrom theroot to
that node.Eachnodekept track of the numberof times
it hadbeenvisited.Slightly reminiscentof Appletonand
Grif�oen' s model,thechildrenof eachnoderepresented
the �les that have in the pastfollowed the accessto that
�le. The probability of eachchild nodebeing the next
victim canbe estimatedfrom the ratio of its visit count
to thevisit countof its parentlessone(sincetheparent's
visit count has just beenincremented).In a later work
[8], Kroeger enhancedhis modelby partitioningthe trie
at its �rst level and maintaininga limit on the size of
eachpartition.

Several other projectshave subsequentlytried to im-
proveontheseefforts.TheCLUMP project[2] attempted
to leveragethe conceptof semanticdistancedeveloped
asa partof theSEERprojectto prefetch�le clusters.Lei
and Duchampbuilt a uniqueprobability tree similar to
Kroeger's for eachprocess[12]. Vellanki and Cherve-
nak revisited the Patterson's Cost-Bene�t analysis,but
adaptedit to a probabilistic prefetching environment
[21]. Geels unsuccessfullyattemptedto use Markov
Chainsfor �le prefetching[3]. Finally, anadaptivecache
replacementalgorithmthatuseslearningtechniqueswas
presentedby Ari et al. [1]. This adaptivealgorithmis the
closestmodel to ours that we have found in literature.
Themain differencebetweentheir work andoursis that
we concentrateon prefetching,whereastheir algorithm
dealswith replacementstrategies.

All the prefetchingmodels that we have seenonly
concentrateon one prediction method, and, thus, our
project can be seenas an extensionto the efforts men-
tionedabove. We combinethe probability trie proposed
by Kroeger and probability graphper Appleton's work
with severalotherpropertieswhich onewould intuitively
expect to be good predictorsof future accesses,such
as �le extensionand directory membership.Given all
of thesepotentialpredictors,we developedan algorithm
that learnstheir relative importancein a given environ-
ment.Indeed,we feel thatoneof themainshortcomings
commonto all the approachesto date is their inability
to perform well in changingenvironments.Our system
allows a set of predictorsto dominatethe prefetching
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Fig. 1. SystemDesign

decisionsin the environmentsto which they are best
suited, and to give way to otherswhen thosebecome
moresuccessful.

The topic of combiningmultiple predictorsis already
well establishedin the learningcommunity. The Rosen-
blatt algorithm[18] aswell asneuralnetwork algorithms
arerobustbuilding blocksfor classi�cation,learningand
prediction.Most of thesealgorithmsarelinear-threshold
algorithms,making them fast and easy to implement.
Thesemethodsmake predictionsbasedon the weights
of predictors,andtheseweightsarere�ned every time a
predictionerrs. The WeightedMajority Algorithm [14]
is yet anotherway to combinepredictors.It works well
when the predictorsare experts,i.e. outputa prediction
every time it is requested.The main differencebetween
the WeightedMajority Algorithm (WMA) and Rosen-
blatt basedschemesis that in the WMA the weights
areupdatedin every prediction.TheWinnow Algorithm
[13] is similar, but combinesspecialistproperties(not
necessarilyexperts),which have the right to abstainand
return no prediction.For our system,“abstaining” will
meanreturningan emptypredictionlist.

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

I I I . DESIGN AND IMPLEMENTATION

A. DesignOverview

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 framework. Coda is
anattractive choicefor severalreasons.It wasdeveloped
primarily as an academicresearchtool, and is often
used/citedin research,providing us with a sourceof �le
tracesand examplesof valid measurementtechniques
[16]. It has also beenported to many combinationsof
hardware and operatingsystems.This dovetails nicely
with ourgoalof keepingOS-speci�ccodeto aminimum.
If we aredesigningour systemto beportable,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, andwould thereforebe the only
code to changein order to port our system to new
systems.The entire systemis compiled into the Coda
client-sidecachemanager, Venus.By linking our source
into Venuswe reducedcommunicationoverheadsto that
of a function call.

The Prefetchermodule is invoked at critical points
in Venusexecution,suchas when servicinga �le open
request,or when about to fetch a �le from network. It
keepsthe higher-level modulesinformedof �le activity,
andactson the prefetchingsuggestionsprovided by the
Algorithm Module.

TheAlgorithm Moduleconsistsof theAlgorithm logic
(the block labeled“Algorithm” in Figure1) andvarious
propertydatastructures.

B. Prefetcher Module

In orderto successfullyimplementprefetchingwithin
the context of the Codadistributed�le system,we need
to be able to:

1) Monitor all open calls to �les which are part of
the mountednetwork volume(s),and

2) Monitor all fetch-from-server operations,so that
our logic may suggestappropriate�les to prefetch
at that time.

We canaccomplishboththesegoalsthroughmodi�ca-
tion of the Codaclient softwarealone,which simpli�es
our development effort. Even better, the code which
we are concernedwith on the client all residesin the
cachemanagerVenus,which is a user-level process.The
fact that we do not have to modify the kernel greatly
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simpli�es the porting of our systemto other operating
systems.

We have de�ned a C++ class,prefetcher , which
encapsulatesthe 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 observes
this andnoti�es the Algorithm Moduleof the �le which
wasaccessed,sothatit mayin turn inform theproperties.
Once the FS thread receives an open request,it �rst
checksif the �le is alreadyin the Codacache.If not, it
issuesa Fetch() requestto retrieve the �le from the
server. At this point, the Prefetchercalls the Algorithm
Module, with the �le namecurrentlybeingaccessed.It
expectsin return a list of �les which are suggestedfor
prefetchingat this time.ThePrefetcherparsesthelist and
removesthose�les from thelist thatarealreadyresident
in thecache(we get thosefor free!). Theremaining�les
the Prefetcher“prefetches” from the server, using the
standardFetch() call. Therefore,the standardVenus
codeis not awareof which �les arebeingfetcheddueto
a legitimatecachemiss,andwhich fetch requestsare a
resultof actionsof thePrefetcher. Clearly, thePrefetcher
must keeptrack of which requestsit generatedand 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
accessedin the near future. As it is expectedto man-
age all data necessaryfor the prediction, it is noti�ed
of all �le accessessynchronously2 and passeson this
informationto eachproperty. Theprefetcherinformsthe
algorithmmodulewhenever Codais aboutto performa
remote�le fetch, so that it may recommendother �les
appropriatefor prefetchat this time (and thus amortize
the cost of a remotefetch over several �les ratherthan
just one).

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

But how does the algorithm module decidewho to
believe?We decidedto have thealgorithmmoduletrack
the past performanceof eachproperty, and adjust the

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

relative weightsof eachaccordingly. As the prefetcher
monitors cache hits and misses,our system can de-
termine if a prediction was too aggressive (�le was
prefetched,but never referenced)or too conservative
(cachemissona �le whichshouldhavebeenprefetched).
While all propertiesare createdequal, they soon may
diverge in importance,as some are observed by the
global decision-makingunit to be “weak” predictors.
Thus,the algorithmmoduleis analogousto a president,
who delegatesdecisionsdown to advisers,with some
advisersgiven more trust than othersas a consequence
of their pastservice.The �nal decision,of course,is left
up to the global decision-maker, which evaluateseach
potential �le from the pool of all �les and selectsthe
subsetthat shouldbe prefetched.

We attemptedto answerthe following questionsdur-
ing the algorithmdesignprocess:

� Which propertiesshouldbe usedto rank �les?
� How do the propertiesrank �les?
� How do we determine the �nal list of �les to

prefetch?

The answer to the �rst question is still open, as
there is a very large number of �le propertieswhich
could be potentialpredictorsof accesspatterns.Instead
of setting our choicesin stone,we createda modular
architecturethat would allow additionalpredictorsto be
simply “plugged-in” into the algorithm.

Eachpropertyexports the following simple interface
to the Algorithm Module:

� �le accessed(�le): notify the propertyof a �le ac-
cessevent

� get prefetchedlist(size): ask for a list of predicted
�les, which would �ll up to sizebytesof the cache

The list of prefetched�les that is returnedmust be
sortedby priority that the respective propertyassignsto
it. We refer to the relative position of a �le within this
list astherankingof this �le with respectto theproperty.

So,how do thepropertiesrank�les? We tendto leave
this decisionup to the properties,with one constraint:
the ranking should be an indicator of importancethat
the property attributes to 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 0� r � 1 by substituting
the index of the �le within the list into the function r =
f (p) = 1

p+1 whenp = 0,1,... is the index.
2) On-Line Learning and CombiningPredictionsin

the Algorithm Module:
a) On-LineLearning: So, how doesthe algorithm

module reconcile all the information containedin the
properties?Our answeris on-line learning. More pre-
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for (eachproperty)f
if (cachemiss) f

property! get prefetchlist(entire cache)
g
rank of �le = property! notify �le accessed(�le)
if (cachemiss) f

weight[property]= UpdateWeight(property, rank of �le)
g

g

Fig. 2. Computingweights.UpdateWeight function is implemented
asa part of the speci�c learningalgorithm.

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

We decidedto explore two learningapproaches:the
linear-thresholdmethod(Rosenblatt)andtheWinnowing
algorithm.The linear-thresholdalgorithm [18] reactsto
counter-examples(misses)by addingthecurrentinput to
the weights;otherwise,the weights remainunchanged.
We usedthis algorithm when the input is the ranking
of the accessed�le by eachproperty. This policy leads
to boostingthe weightsof propertiesthat consideredthe
missed�le more important.

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 predicted a list of �les that contained the
current �le, promote its weight by multiplying it
by a constant� > 1. If the list doesn't containthe
correct �le, punishthe propertyby multiplying its
weight by 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 promotionfactordependson
the place of the �le in the successfullists. As part of
our evaluation,we sought to determinewhich method
providesthe bestperformance.

In general,theweightsof all thepropertiesareupdated
as follows (seepseudocodein Figure2):

1) weightsareonly updatedon cachemisses
2) the ranking of the �le is calculatedbasedon the

emulationcall to get all prefetchingsuggestions
that would �t into the entire cache,since this is
the maximum amountof spaceany propertycan
ever service

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

get prefetchlist(entirecache) call from the
formula ranking= 1

1+ p, which is just an arbitrary
decreasingfunction in p

Irrespective of the method, we have to determine
how to combinethepredictionsfrom 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 approachwould have been
to calculatethe overall ranking as

P
p2 pr operties wp � rp

and to useit, or a revised monotonictransformationof
it, to checkwhetherit is suf�cient to �ll the target size
the prefetcherspeci�ed. Another approachis to divide
the availableprefetchingstoragespaceaccordingto the
weights,andallow eachpropertyto useits proportionof
thetotalspaceasits own cacheto �ll with predicted�les.
We chosethe latter approach,referredto as Size Divi-
sion, for several reasons.First of all, it is fairer toward
thepropertieswith small but signi�cant weights.We are
concernedaboutsuchproperties,sincethey 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-
makingof the algorithmsimplerandmoregeneral.The
downsideof the SizeDivision methodis that it requires
morecomputationfrom the module,which will have to
deal with the overlap between�le setsreturnedby the
properties.It alsopuntsmuchof thecomplexity ontothe
properties.We think this is acceptablebecauseproperties
areinherentlymorevolatile unitswhich maybechanged
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 as the processof addingandremoving properties.

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

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

a) Trie: The trie property was createdusing a
multi-ordercontext modeldescribedby Kroeger[7], [8].
We choseto usesecondordercontext, sincethe sizeof
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the trie is exponentialin the context order, andKroeger
showed no improvement in predicting ability beyond
secondorder.

The insight of this property is that it is very likely
that many applicationsor utilities accessthe samese-
quencesof �les at different times.A goodexampleis a
developmentenvironment,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 cumulative probability) to placein a �x ed
sizedspace.This problemturnsout to beNP-Complete3,
and, therefore,we useda heuristicthat placedas many
�les aspossibleinto the�x edsize,orderedby probability
of futureaccess,andtheniteratively replacedthelast �le
with a numberof smaller �les with higher cumulative
probability.

After having implementedthe trie, we found that the
overheadimposedby storingthecompletehistoryof �le
accessesis unacceptable.As canbeeasilyseen,thespace
requirementsof a trie of context m to storea databaseof
n accessesis O(nm+1 ), so in our caseit is O(n3). As n
grows over time, adding�les to the database,aswell as
retrieving predicted�le lists becomesslow. To remedy
this problem, we followed Kroeger's example [8] and
implementedconstantpartitions. Indeed,our resultsin
Section IV-A.2 show that varying partition size had a
signi�cant affect on the trie overhead.

b) Probability Graph: This is exactly theprobabil-
ity graphproposedby Appleton and Grif�oen [4], [5].
The graphstoreseach�le accessas a nodeand tracks
subsequent�le accesses,recordingthe numberof times
a given �le wasa successor. Successorrelationshipsare
representedby directed arcs in the graph, and access
countsare recordedas the weightsof thesearcs.When
theget prefetch list methodis invoked,theprop-
erty returnsall �les thatsucceededthecurrentlyaccessed
�le within aspeci�edlookaheadwindow. This lookahead
window can be seenas the accessdistance,which is
analogousto the semanticdistanceusedin SEER.

c) Last Successor:This property relies on long-
termtemporallocality of �le accesses.In otherwords,it
“records” the immediatesuccessorof eachaccessed�le
and, when asked, releasesthis object to the algorithm.
While this is thesimplestpropertythatwe dealwith, in-
tuitively it shouldbefairly effective,aswe would expect
peopleto often follow the sameworking patterns.This,
naturally, is subsumedby theTrie andProbabilityGraph
properties,which not only maintain the last successor,
but a set of successors(thus, providing a probability

3It canbe reducedfrom the Knapsackproblem.

distribution of future successors,as opposedto a point
estimate).

d) Directory Distance: Directory Membership
property tries to relate �le systemlocality to temporal
locality of access,since �les that reside in the same
folder are likely to be a part of the sameworking set.
This propertykeepstrack of the directory in which the
accessed�le residesand its predictionsare basedon
directorydistance.Distanceof 0 betweentwo given�les
indicatesthat they arein the samedirectory;distanceof
1 meansthat one �le lives in the parentdirectory of
the other, andso on. Predictionsaremadeby following
the directory hierarchy and ranking �les accordingto
directorydistance.

e) Directory Probability Graph: This property
maintainsa successorgraph of directoriesin the same
way as the Probability Graphpropertydescribedabove
maintainsa successorgraphof �les.

f) Directory LRU: Directory LRU maintains a
FIFO queueof directories.Whena directoryis accessed,
it is addedto a queue,possibly displacing the Least
RecentlyUseddirectory. Whenreturningtheprefetching
suggestions,it follows the queueddirectoriesfrom the
top of the queue,ranking �les accordingly.

g) File Extension:Intuitively, this againseemslike
a good indicator of accesslocality, as it is easy to
envision applicationssuchasa compileror MP3 player
accessingmany �les of sameextensiononeafteranother.

IV. PERFORMANCE EVALUATION

Our testsetupconsistedof two Dell Latitudelaptops,
both with Pentium III 900 MHz processors,512 MB
RAM, and 10/100 Mbit/s Ethernet cards. While the
laptop used as the client is certainly more powerful
than most handhelddevices, this shouldnot affect our
results,giventhatnetwork latency andcachesizearethe
limiting factorsin thesetests.We useda Linux kernel
module (NistNet) to simulate various network band-
widthsbetweenclient andserver. Both testmachinesran
Linux kernel2.4.18-3andCodasoftwarerelease5.3.19.
The Codaserver software is unmodi�ed; the client was
runningour modi�ed Venuscachemanagerasdescribed
above.

We identi�ed two scenarioswe wanted to evaluate.
First, we obtainedtracesof actual �le accessesfrom a
client at Carnegie Mellon University, andreplayedthese
tracesto comparethe performanceof our modi�ed sys-
temto baselineCoda,andto a Trie approach(Kroeger's
solution).Second,we ran a more contemporarybench-
markby placingthesourcetreeof theApachewebserver
in Coda,andmeasuringthe time to build (forcing fetch
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of source�les over the network) for a rangeof network
latencies.

A. EvaluationsusingCodaTraces

The following testswere performedwith �le access
callssimulatedfrom Codatracescollectedon themozart
computer at Carnegie Mellon University in 1993 for
a period of about one month. This particular machine
waschosenbecauseit is describedasbeinga “typical”
workstation.Basedon the information in the traces,we
regeneratedall the �les with their original �le sizes(but
�lled with randomdata).As thesetracesare 10 years
old, the �le sizesaremuchsmallerthanwhat would be
commontoday. If we useda cachesize,therefore,which
would be reasonablefor a mobile user today (such as
15 or 30 megabytes),the entire working set touchedin
the run of the tracesmight �t in the cache,negating
most of our system's effectiveness.Instead,we useda
small cachesize of 4 MB. As the ratio of cachesize
to working set size is a critical determiningfactor in
cacheperformance,we believe this small cachewith
thesesmallold traceswill give usa similar performance
evaluation of our systemas a larger cachewould in
tandemwith contemporary, larger-sized�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 prefetch these�les, we had to assign
somerealisticsizesto these�les. We did this by follow-
ing a depth�rst searchthroughthe�le hierarchyandas-
signing,to any zero-byte�les, the last sizeencountered.
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 much impacton the results.

1) NetworkLatencyEvaluation: Wehypothesizedour
systemwould be more bene�cial as network latency to
the�le server increases,aswhatevercomputationalover-
headour systemhasintroducedshouldbeovershadowed
by thenetwork delayto fetcha �le. Any overheadwould
essentiallybehiddenby naturalidle periodsbetween�le
fetchesin the traces,andtheseidle periodswould grow
longerasnetwork latency to server increases.

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

� no propertiesactive (baselineCodabehavior)
� Trie only (Kroeger's method[7])
� all properties,linear threshold (Rosenblatt)algo-

rithm
� all properties,SpecialistsWinnow algorithm
� all properties,SpecialistsHybrid algorithm

Bandwidth Trie SpecialistsWinnow 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%

28.8 Kb/s 11.64% 14.46% 11.29%

TABLE I

PERCENTAGE IMPROVEMENT IN TRACE PLAYBACK TIME BY

ALGORITHM METHOD. (a negativenumberindicatestrace
playback time increased)

For eachtestlistedabove,weusedthenetwork latency
simulator to simulate a range of network conditions
betweenthe client and server, correspondingto typical
mobile usagescenarios.For example, 10 Mb/s and 1
Mb/s would correspondto typical (low) latenciesfor on-
campuswirelessLAN access,500Kb/s and100Kb/s to
accessto the �le server from off-campusvia DSL or
a cablemodem,and56 Kb/s and28.8 Kb/s to wireless
WAN access,througha slow cellular link. Thetestscript
referenced45685 �les. All tests were repeatedthree
times,and the averageused.

Figure 3 shows the averageaccesslatency vs. band-
width, for eachprefetchercon�guration. Averageaccess
latency is calculatedasthe total time requiredto replay
the entireCodatraceset,dividedby the total numberof
�le accesses.We have omittedthe resultsfor the Linear
ThresholdAlgorithm, asthey turnedout to bevery poor
(twice as bad as the other three con�gurations). From
post-examinationof our tracesand logs, it is clear that
the Linear ThresholdAlgorithm did not converge fast
enoughto provide bene�t. That is, it actedon far too
many poor recommendationsbecauseit did not adjust
therelative propertyweightsquickly enough.As onecan
see,however, the more aggressive Winnowing scheme
generatedfar betterresults.

The results show that our systemdoes not provide
muchbene�t for LAN speeds(1-10 Mb/s), but asband-
width dropsand latency to the �le server increases,our
systembegins to out-performthe baseCodaimplemen-
tation. One can concludethat on the high bandwidth
runsour poorperformanceis dueto our inherentsystem
overhead.As �le accesslatenciesincrease,this overhead
makes up less of the total run time, and effects of
our prefetchingcausesenoughcachehits to make the
difference. Our SpecialistsWinnow implementation is
consistentlythe best, beating unmodi�ed Coda's per-
formancefor all bandwidths500 Kb/s and below. Its
successis especiallypronouncedfor the testswith the
leastamountof bandwidthandhighestlatency to server–
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Fig. 3. Avg. AccessLatency (ms) vs. Network Bandwidthto Server

our systembeatsthe baselineby 10% for the 56 Kb/s
tests,and almost 15% for the 28.8 Kb/s tests.These
lower bandwidthscorrespondto our target application
(weakly connectedmobile devices).

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

2) Trie Overhead:Our ultimate goal is to make this
systemadaptoptimally to changesin network speed,and
a necessarystep is to learn how our parametersaffect
both latency andoverhead.This informationcanbe later
usedto createalgorithmsthat maximize the end-user's
utility, which we assumeto be an inverse function of
average�le accesslatency per byte.

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

TABLE II

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 between0 and
100. The results are shown in Figure 4. It can be
noted that the relationshipappearslinear, and so we
ran a linear regressionto determinethe coef�cients of
theTrieOverhead(partitionsize)function.TheR2 of the
regressionwasover0.99,indicatingthat this relationship
can indeedbe approximatedby a linear function with
regressioncoef�cient of 9.79andthe interceptof 40.77.

We thenexperimentallyevaluatedtheeffectof varying
trie partition size on accesslatency in the trace tests
describedabove. The network speedwas10 Mb/s LAN
connectionto the server. The resultsare shown in Ta-
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ble II. This shows that optimal partition size is small
for a high-bandwidthconnection.The resultswould be
moreinterestingfor higherlatencies,wherethe inherent
network delay would maskwhatever Trie overheadhas
beenintroduced.We plan to investigatethis further in
the future.

B. Apache Source Compilation

Bandwidth Baseline SpecialistsWinnow
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

28.8 Kb/s 7055 6996

TABLE III

TIME TO COMPILE APACHE SOURCE IN A

NETWORK-MOUNTED DIRECTORY (SECONDS)

To testour systemwith a morecontemporaryworking
set, we placed the source code tree of the Apache
web server (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 theunmodi�ed Codabaselineandour system
(SpecialistsWinnow) areshown in TableIII, for thesame
rangeof bandwidthsasfor our tracereplaytests.All tests
wererepeatedthreetimesand the averageused.

The resultsshow a small but signi�cant reductionof
userwait time for the entirerangeof bandwidthstested.
One would expectour systemto performwell for such
a test,as sourcecompilationof this sort generallywill
featureperiodsof network fetches,followed by periods
of CPU activity while the �les are compiled. During
thesecompilation periods the network link would be
relatively idle, andthereforeprefetchrequestscouldthen
be servicedwithout making any other requestswait in
Coda's queue.

V. CONCLUSION

File prefetchingin distributed �le systemshas been
a topic of researchfor many years, and a wealth of
suggestionsfor predicting�le accessescanbe found in
theliterature.Our contribution is to provide a convenient
framework to combinethe numerousprefetchingtech-
niquesinto onepowerful predictor, which automatically
adjuststo its environment. While most studiesof �le
system accesspatterns only report aggregate results
(for the sake of statisticalsigni�cance), different users

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

Our resultsshow up to a 15% reductionin �le access
latency on trace replay for the low-bandwidth, high-
latency connectionswhich are often a fact of life for
mobile users.Our systemalso outperformedKroger's
trie, a competingtechnique,on all tests.While these
resultsarevery encouraging,our systemcurrentlyrelies
on several performance/overheadtradeoffs, which we
manually set accordingto empirical evidence.Clearly,
it would be preferableto have the systemself-tunethe
relevantparameters,andthis is a focusof ongoingwork.
We believe in particular that optimal, automatictuning
of the algorithmic learning parameterswould result in
improvedperformancefor our Apachecompilationtests,
sincewe expectedbetterresultsthanwereobtained.

It is clear our systemis often of little use for low-
latency connections,andin fact, imposesanoverheadin
thosecases.Consequently, we are exploring the effects
of making the systemaware of the server connection
status.It would seemideal for our systemto back-off
andnot wastecomputationtime whenit cannothelp the
situation,but thenspringbackinto actionwhennetwork
conditionsdeteriorate.

It is possiblethat technologicalimprovements(such
as dramaticincreasesin Microdrive speed,energy ef�-
ciency and cost) could obviate the needfor better �le
prefetching techniques.We expect in the short term,
however, thatthethelackof ubiquitous,high-speedwire-
lessnetwork access,combinedwith increasingworking
�le setsizes,will continueto impactmobile �le access
performance.In themeantime,systemssuchasoursmeet
a need,by simply andcheaplyenhancingmobile users'
computingexperiences.
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