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Abstract

We describea novel on-line file accesspredictor, Re-
cent Popularity, capableof rapid adaptationto workload
changeswhile simultaneouslypredictingmore eventswith
greateraccuracythanprior efforts. Wedistinguishthegoal
of predictingthemosteventsaccuratelyfromthegoalof of-
fering themostaccuratepredictions(whendecliningto of-
fer a predictionis acceptable).For this purposewepresent
two distinctmeasuresof accuracy, general andspecificac-
curacy, correspondingto thesegoals. We describehow
our new predictor and an earlier effort, Noah, can trade
the numberof eventspredictedfor predictionaccuracy by
modifyingsimpleparameters. Whenpredictionaccuracyis
strictly more importantthan the numberof predictionsof-
fered, trace-basedevaluation demonstrateserror ratesas
low as2%,whileofferingpredictionsfor more than60%of
all file accessevents.

1. Introduction and Motivation

File accessbehavior is not random,it is driven by ap-
plication programsand userbehavior. This fact, coupled
with thegrowing performancebottleneckof computerstor-
agesystems,hasresultedin asignificantamountof research
into improving file systembehavior throughpredictingfu-
tureaccessevents.Latency is anever-increasingcomponent
of dataaccesscosts,which in turn areusually the bottle-
neckfor modernhigh performancesystems.Theability to
predictfuturedataaccessesis animportantapproachto ad-
dressingthisgrowing problem.For thisreason,accurateac-
cesspredictorsareverydesirablefor datastoragesystems.

In predictive prefetching,file accesspredictionmodels
areusually coupledwith a cacheto allow the retrieval of
datainto a high-speedcachebeforeit is actuallyrequested.

†Supportedin part by the USENIX Association,andthe NationalSci-
enceFoundationawardCCR-9972212.

‡Supportedin part by the Texas AdvancedResearchProgramun-
dergrant003652-0124-1999andtheNationalScienceFoundationaward
CCR-9988390.

Predictive prefetchingrequiresthepredictionof sequences
of file accessesfar enoughin advanceto avoid the predic-
tions being untimely. With bursty requestsfor data,pre-
dicting the next requestis not useful if the actualrequest
arrivesasquickly as the predictionis available. More re-
centwork [1] hasusedpredictionmodelsto determineinter-
file relationships,thecacheis modifiedto utilize suchrela-
tionship information in fetching preconstructedgroupsof
highly relatedfiles. Sucha groupingapproachavoids the
timelinessrequirementsof predictivecaching,andyet is de-
pendenton thequality andnatureof therelationshipinfor-
mation. It is thereforeincreasinglyimportantto have effi-
cient file accesspredictorsthat areuseful for maintaining
inter-file relationshipinformation, this informationcanbe
usedto performgroupingandfurther-reachingpredictions.

Another form of increasedlatency can be seenin mo-
bile computingenvironments,wherea disconnectionis a
potentiallyunboundeddataaccesslatency. If therequested
data is not available locally, an unavoidablewait for the
next availablenetwork connection(in the caseof wireless
networks this could be a weakandunreliablelink), or the
physicalshippingof media,is incurred.Evenif high-speed
network connectivity is continuouslyavailable,traveling to
a geographicallydistantlocation could imposesignificant
latency. Evenwith thefastestnetworks,andbestcompres-
sionalgorithms,asignificantlatency canbeencounteredby
mobile users.The ability to hoarddataon a mobile com-
puter’s local storagegoesa long way toward freeing the
userfrom dependenceon the (possiblynon-existent)net-
work connection. An importantstep in developing fully
automatedfile hoardingalgorithmsis the ability to auto-
matically identify strongrelationshipsbetweenfiles. The
accuratepredictionof the successorrelationshipbetween
files is onesuchmechanismfor identifying stronginter-file
relationships,andis a direct applicationof the modelswe
discussbelow. Prior works on mobile file hoardingsuch
asCoda[7] andSeer[10] have madesignificantstridesin
automatingthe processof file hoarding,yet sufficient au-
tomationremainsanelusivegoal.

We revisit thefile accesspredictor, Noah[3], andintro-
ducea new predictor, RecentPopularity, bothof which are
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Figure 1. On-line successor prediction.

very well suitedfor identifying inter-file relationships.We
demonstratehow thedefinitionof predictionaccuracy needs
to beexpandedwhenpredictorsareusedto estimateinter-
file relationships.We go on to demonstratehow Noahand
RecentPopularity canallow theadjustmentof their predic-
tions’ averageaccuracy usingasimplenumericparameter.

2. Prediction and Predictors

Ourgoalis to developanaccurateon-linefile accesspre-
dictor thatmaintainslimited per-file stateinformation,and
yetcanbeusedasthebasisfor determiningstronginter-file
relationshipswith a high degreeof certainty. As illustrated
in Figure 1 the role of a predictor in our model is to ob-
serve a file accesssequence,andfor eachfile accessoffer
a predictionfor the following file to be accessed.Sucha
predictoris allowed to maintaina limited amountof addi-
tionalmetadata,preferablyonaper-file basis.Westartwith
a discussionof two baselinemodelsthat representtwo ex-
tremesin adaptability. Thesebaselinemodelsoffer a suc-
cessorpredictionfor everyfile thatis notbeingencountered
for thefirst time.1

When usedto indicateinter-file relationshipsa predic-
tor should be able to indicate whether it is confident in
the predictionit is offering. Our predictionmodels,Noah
andRecentPopularity, have the ability to declineoffering
a prediction,or morepreciselythey arecapableof indicat-
ing whetheror not they haveconfidencein their prediction.
This differencebetweenpredictionsandguessesindicates
a distinction betweenthe numberof eventscorrectly pre-
dicted,andthe numberof predictionsmadecorrectly. For
this purposewe start with a discussionof predictionac-
curacy in which we definegeneral andspecificprediction
accuracy to measurethesedifferent goals. We then de-
scribetwo baselinemodelsfor comparison,andgo on to
describeour predictorswhich arecapableof tradingnum-

1No on-linepredictorcanbeexpectedto offer predictionsfor accesses
to files thathave not beenpreviously encountered.

ber of predictionsmadefor increasedpredictionaccuracy.
ThesepredictorsareNoahandRecentPopularity, both of
which canperformthis trade-off with the adjustmentof a
singleparameter. RecentPopularity hastheadditionalabil-
ity to increasetheamountof per-file metadatafor betterper-
formance.

2.1. Prediction Accuracy

Predictionaccuracy is definedastheratio of eventscor-
rectlypredictedto all eventsencountered.For file successor
prediction,we distinguishtwo forms of accuracy: general
andspecificaccuracy. Wedefinegeneralaccuracy asthera-
tio of file accesseventscorrectlypredictedto thetotalnum-
ber of events. Specificaccuracy is definedas the ratio of
correctfile accesspredictionsto thenumberof predictions
offeredby the predictionmodel. This is a particularlyim-
portantdistinctionfor ourpredictors,NoahandRecentPop-
ularity, dueto their ability to tradeimprovedaccuracy for a
reductionin thetotal numberof eventspredicted.For both
predictorsthis trade-off is controlledusingasinglenumeric
parameter.

Ourpredictorsdonotactuallyreducethenumberof pre-
dictionsto improve accuracy, they merelyreducethenum-
ber of predictionsthat areofferedwith confidence.They
will offer a successorpredictionfor any eventthathasbeen
observedat leastoncein thepast,but if greateraccuracy is
required,thenthey will offer fewer predictionsthat satisfy
thepredictioncriteria.Theratioof such“confident”predic-
tions to thenumberof eventswill be definedasprediction
coverage. We shall seein theexperimentalsectionsbelow
that it is possibleto decreasespecificinaccuracy to aslow
as2%,while sacrificinglessthan40%predictioncoverage,
which is equivalent to being correct98% of the time for
morethan60%of all file accessevents.

2.2. Baseline Models

In prior work [2, 3] we have observed that files canbe
dividedinto two generalcategories,thosethathaveastrong
successorrelationshipto a fixed successorfile, and those
whosesuccessorvariesconsiderablyfor eachfile access.
This fact canbe capturedusingtwo simplesuccessorpre-
dictors,thelastandfirst successorpredictors.

The Last Successorpolicy takes the most recentlyob-
served successorof file A as the successorpredictionfor
the next occurrenceof A. Lei andDuchampusedsucha
predictorasa baselinemodel [11] for comparisonagainst
their approachto file prefetching. Kroeger and Long [8]
presenteda morecarefulanalysisof file accessprediction,
recognizinga surprisinglyhigh accuracy for this predictor.
They notedthatwhenafile predictionschemeis only asked
to provide a single candidatefor the next event, the last-



successorschemeis almostas likely to provide the right
candidateasfar moreelaborateschemesusedin predictive
prefetching[9, 11, 6].

The First Successorpolicy takesthe first observedsuc-
cessorof file A as the successorpredictionfor all subse-
quentoccurrencesof A. Although this may not appearto
bea promisingpolicy, file accesseventsarehighly related,
and both first and last successorare effective at captur-
ing many inter-file relationships. Whereaslast successor
could capturechangesin inter-file relationshipsover time,
anddemonstratedbetteroverall performance,first succes-
sorwasfoundto outperformlastsuccessorfor asubstantial
fractionof files [2]. This canbeunderstoodby considering
anaccesssequencesuchas:

S: ABACABACABACAB454
4
This is anextremeexample,for which a lastsuccessorpre-
dictor would be incorrectfor 100%of file A’s successors,
whereasanunchangingguesswould beincorrectonly 50%
of thetime.

2.3. Noah

Noahis a moreelaboratepredictorwhich we have pre-
sentedin prior work [3]. Themaininnovationof Noahis the
extensionof the last successormodel to filter out noisein
theobservedaccessstream,combiningthedynamicadapt-
ability of last successorwith the prudenceof the first suc-
cessormodel.

Noahis basedon the intuition that noiseis detrimental
to thequality of any deductionsmadefrom dynamicobser-
vations.It ignoresobservationsthatvary too rapidly, effec-
tively actingasa low-passfilter. Givenanaccesssequence
suchas:

S: ABABABACABABAB4
454
Lastsuccessorwouldmaketwo predictionerrorsfor theone
occurrenceof asuccessorotherthanB, andthefirst succes-
sor modelwould be completelyincorrectif B wasnot the
successorof A uponits first occurrence.As with the last-
successormodel,Noahmaintainsa recordof thelastfile to
bea successorto thecurrentfile, but it alsokeepstrackof
a currentsuccessorprediction,which is updatedto become
the last-successoronly if the last successoris observed to
have beencorrectfor a stability countnumberof accesses.
The requiredstability is a parameterof the Noah predic-
tor. Algorithm 1 illustratestheproceduralbehavior of Noah
successorpredictors.

With this stability parameter, Noah is able to demand
greatercertaintyof a successorpredictionbeforeit is of-
feredasanything morethana goodguess.While the last-
successorupdatesits predictionwith every accessto a file,

Algorithm 1 PredictusingNoah

if LastSuccessor6 Fil e6 i 7 18�8:9 Fil e6 i 8 then
Counter 6 Fil e6 i 7 18�8:; Counter 6 Fil e6 i 7 18�8�< 1

else
Counter 6 Fil e6 i 7 18�8:; 0

end if
if Counter 6 Fil e6 i 8�8>= stability then

Prediction 6 i < 18:; LastSuccessor6 i 8
Predicted ; TRUE
Guessed; FALSE

else
Predicted ; FALSE
Guessed; TRUE

end if

and the first successornever updatesits initial prediction,
Noahwill updateafile’ssuccessorif anew successoris ob-
served consistentlyfor a stability numberof accesses.If
this criteria is not satisfied,thenthe unchangedprediction
by Noahis considereda guess,andnot a predictionoffered
with any confidence.

2.4. Recent Popularity (Best j of k)

Ournew predictorprovidesthestabilitybenefitsof Noah
while allowing for fasteradaptationto workloadchanges.
For thelist of k mostrecentlyobservedsuccessorsof a file,
weselectasapredictionthemostpopularfile. Weoffer this
successorasa predictionif it occursat least j timesin this
list.

Figure 2 illustratesthe operationof recentpopularity
using an example sequence. The prediction offered by
recentpopularity with parametersj and k is denotedas
Best j of k 6 X ? S8 , whereS is theobservedsequenceandX is
the currentfile for which we aremakinga successorpre-
diction. In thefigurewe haveextractedthelistsof immedi-
atesuccessorsfor eachfile encountered,andoffer example
predictionsfor successorsof the file B. Out of the most
recentsix successorsof B the majority is a tie betweenA
andC, eachof which occursthreetimes. The prediction,
Best3of 6 6 B ? S8 , is madeasA asit occursmorerecentlythan
C, recency is the tie-breaker. Best4of 6 6 B ? S8 offers no pre-
diction with confidence,asthemostpopularof the lastsix
successors,A, occurslessthanfour times.

Thefinal examplechoosesC astheBest4of 9 prediction,
as it occursthe most frequentlyamongthe last nine suc-
cessorsof B. By increasingthe value of k recentpopu-
larity takesa majority of a larger sample. This increases
the amountof metadatarequiredper-file, but as we will
seebelow, our experimentalresultsshow that larger sam-
plesresultin bettermajority-basedpredictions.Increasing
the j parametermakesthe predictioncriterion morestrin-
gent,acting in a similar mannerto the stability parameter



File AccessSequence

S: A B C D B C D B D B D B C B C B C A B A B A B A B

Per-File Successors SuccessorCounts

A: B,B,B,B,B B(5)
B: C,C,D,D,C,C,C,A,A,A A(3),C(5),D(2)
C: D,D,B,B,A A(1),B(2),D(2)
D: B,B,B,B B(4)

Best3of 6 @ B ASBDC A
Best4of 6 @ B ASBDC Φ
Best4of 9 @ B ASBDC C

Figure 2. Example sequence and correspond-
ing RecentPopularity predictions.

for Noah. Greater j valuesimply improvedspecificaccu-
racy and reducedpredictioncoverage. Recentpopularity
allows greatflexibility in balancingmetadatarequirements
(throughadjustingk), specificaccuracy andpredictioncov-
erage(throughadjustingj).

3. Empirical Evaluation

Using file systemtraceswe ran experimentsto evalu-
atethe generalaccuracy, predictioncoverage,andspecific
accuracy of our predictors.We comparedtheseresultsfor
Noahandrecentpopularitywith the baselinemodels. We
startwith experimentsthatdemonstratethelimited variabil-
ity of file successors.Theseexperimentsshow thatper-file
trackingof a very limited numberof successorsis enough
to cover almostall successorsthat canbe predictedby the
bestpossibleon-line predictor. For the accuracy andpre-
diction coverageresultswe will actually plot inaccuracy
andomissions.We demonstratethatincreasingNoah’ssta-
bility parameterprogressively reducesspecificinaccuracy
(increasesspecificaccuracy), while simultaneouslyreduc-
ing prediction coverage(increasesprediction omissions).
We will demonstratesimilar behavior for recentpopular-
ity, with theaddedbenefitof consistentlyimprovedgeneral
accuracy.

3.1. Experimental Workloads

Simulationswererun on file systemtracesgatheredus-
ing Carnegie Mellon University’s DFSTracesystem[14].
The testscoveredfive systemsfor durationsrangingfrom
a single day to over a year. The tracesrepresentvaried
workloads,particularlymozartapersonalworkstation,ives,
a systemwith the largestnumberof users,dvorak a sys-
temwith thelargestproportionof write activity, andbarber
a server with the highestnumberof systemcalls per sec-
ond.For clarity wewill referto thesetracesasworkstation,
users, write, andserverrespectively. Thesetracesprovide
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Figure 3. A CDF plot for the workstationwork-
load, indicating how many unique successor s
were obser ved for all files over a period of one
week.

informationat thesystem-calllevel, andrepresenttheorig-
inal streamof accesseventsnot filtered througha cache.
For theseCMU traceswe aremeasuringthe hit-rate for a
wholefile cachebasedon file openrequests.This assumes
a coarsegranularityfor the analysis,we focuson patterns
of file requestsandarenot concernedwith intra-file access
patterns.

For a finer level of analysiswe alsoconsideredindivid-
ual requestsfor file data,drawn from thetracesprovidedby
Drew Roselliat theUniversityof California,Berkeley [16].
To eliminateany interleaving issues,theseUCB traceswere
processedto representtheworkloadsof individualworksta-
tions, andsimulationswere run againstboth instructional
andresearchmachines.

3.2. Successor Behavior

Analysisof theworkloadsdemonstratedthatfile succes-
sorsshow limited variability, and suggestthat recency of
occurrenceis themostconsistentandaccurateindicatorof
subsequentoccurrence.As an upperboundon how much
metadatais neededto trackfile successorsFigure3 shows
a CDF plot of the numberof uniquesuccessorsobserved
for all files accessedin the CMU workstationworkload.
The datais representative of the other workloadsand in-
dicatesthat over a week,80% of files have fewer thanten
uniquesuccessors,and more than 90% of files have less
than twenty uniquesuccessors.Theseresultsare typical
overall tracesexaminedfor durationsrangingfrom a week
to year. For shorterdurations(a day or less)thereis no-
ticeablylessvariation,with 90%of fileshaving lessthan10
successors.Capturingmost inter-file relationshipsshould
thereforerequire a reasonablylimited amountof per-file
metadata.

The CDF plot of Figure3 suggeststhat trackinga rela-
tivelysmallnumberof successorsperfile is likely to capture
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Figure 4. Miss rates for per-file successor
windo ws of varying sizes, and using diff erent
replacement policies.

mostimmediatesuccessors.Figure4 plotstheperformance
of successorpredictionsbasedon per-file immediatesuc-
cessorlists. The windowsizeis the the numberof unique
successorsmaintainedfor eachfile. The y axis represents
themissratefor eachscheme.A missoccursfor a scheme
if we find thata file’s immediatesuccessorwasnot within
the successorlist maintainedusingthat scheme.Figure4
presentsresultsfor threedifferentupdatepolicies,andone
upperbound:

F LRU – continuouslyupdatestheentireper-file imme-
diatesuccessorlistswith LRU replacement.

F LFU – similar to LRU, but with frequency-basedre-
placement,andrecency tie-breakers.

F Static – this policy simply tracksthefirst windowsize
uniquesuccessorsfor afile, andneverupdatesthelists
whenit’s full.

F Optimal – anoraclethathasperfectknowledgeof suc-
cessorevents,andwill make anaccuratepredictionif
theeventto follow haseveroccurredpreviouslywithin
windowsizeeventsof thecurrentevent.Thisyieldsthe
bestperformancepossibleby any on-linealgorithmin
thisapplication.

Figure4 givesanindicationof theeffectivenessof a lim-
ited amountof per-file statein capturingpossiblesucces-
sors. The most important result of Figure 4 is how low
the miss ratesof even the simplestschemesare for win-
dow sizesof asfew asfive successors.With asfew asfive
or six successors,all schemesweregenerallycomparableto
theoptimalon-linepolicy. Figure4 showsthatit is possible
to capturemost likely successorsfor a file in a very small
window, with near-optimalaccuracy, andutilizing minimal
metadataupdates.Theseresultssupporttheclaim thatsuc-
cessorvariability is generallylow, andtheconsistentsupe-
riority of LRU suggeststhat recency maybe thebestindi-
cationof a successor’s futureimportance.
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Figure 5. Noah’s General Inaccurac y for in-
creasing stability values.

3.3. The Accuracy of Noah

Figure 5 shows the generalinaccuracy of Noah com-
paredto the first and last successormodels. The x axis
representsincreasingvaluesfor stability from zeroto ten.
It shouldbenotedthatwhenNoahusesa stability valueof
zeroits behavior is equivalentto that of the last successor
model.Theyaxisrepresentsthepercentageof all file access
eventsnot correctlypredictedor guessedby thepredictors.
Lastandfirst successorareindicatedasconstantvalues,as
they haveno parametersandareonly affectedby thework-
load. For generalaccuracy, the bestperformanceof Noah
is foundwith a stability valueof one.This meansthemost
eventscanbepredictedcorrectlyif weemploy alastsucces-
sorpolicy thatwaitsfor onefurtheraccessbeforechanging
its successorprediction.Theperformancegainfor themore
adaptablelastsuccessormodelis morepronouncedfor the
serverworkloadthantheworkstationworkload,yetfor both
workloadswe seea further3 to 5% performanceimprove-
mentwhenusingNoah. In this andmostfollowing figures
weonly presentresultsfor theworkstationandserverwork-
loads,but they arerepresentativeof all workloadstested.
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Figure 6. Noah’s Prediction Coverage for in-
creasing stability values.

In Figure6, thex axisrepresentsNoah’s stability, while
on the y axis we plot the percentageof eventsfor which
Noahand the baselinemodelscould not offer a confident
prediction. The baselinemodelsalways offer a confident
predictionwhen a prediction is possible. The prediction
omissionsof 2 to 3% (predictioncoverageof 97 to 98%)
plottedfor thebaselinemodelsrepresentthepercentageof
file accesseventsthat presentedthe predictorswith a new
file, never encounteredbefore. As expectedfor Noah,the
percentageof omittedpredictionsincreasesastherequired
stability is increased.

Figure6 indicatedthat increasingthe requiredstability
to ten increasedthe percentageof predictionsnot madeto
the rangeof 40 to 50%. This may seemlike a substantial
price to pay, but by consideringFigure7 we seewhat this
reductionin predictionsoffers in return. Figure7 plots the
specificinaccuracy of Noahcomparedto thebaselinemod-
els. Thex axisagainrepresentsstability values.Themost
impressivething to noteon thisgraphis therapidreduction
in specificinaccuracy. With stability valuesstartingaround
four, we quickly seeNoah’s specificpredictioninaccuracy
reducedto aslittle as2 to 4%. This meansthat96 to 98%
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Figure 7. Noah’s Specific Inaccurac y for in-
creasing stability values.

of all predictionsofferedby Noaharecorrect.Furthermore,
from the predictioncoverageresults(Figure 6) we know
thatwith astabilityvalueof four Noahoffersconfidentpre-
dictionsfor almost70%of all file accessevents.

In short, by increasingthe stability parameterof Noah
we areable to reducespecificpredictioninaccuracy to as
low as2%while still offeringpredictionsfor morethantwo
thirds of all accesseventsencountered.Noah’s failing ap-
pearsto be in thegeneralinaccuracy results,for which we
do not seea consistentbehavior for increasedstability val-
ues.

3.4. The Accuracy of Recent Popularity

Noah’sproblemof non-decreasinggeneralinaccuracy is
not facedwhenusingrecentpopularity, which shows more
monotonicgeneralinaccuracy trends.Recentpopularitysi-
multaneouslyallows greatercontrolover thetrade-off with
predictioncoverage.

Figure8 showsthegeneralinaccuracy of recentpopular-
ity comparedto the first andlast successormodels. The x
axis representsincreasingvaluesfor the requiredmajority
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Figure 8. Recent Popularity’ s General Inaccu-
racy for increasing j values and diff erent k
values.

parameter(the j parameter).They axisrepresentstheper-
centageof all file accesseventsnot correctlypredictedor
guessedby thepredictors.Lastandfirst successorareagain
indicatedasconstantvalues,while for recentpopularitywe
provide multiple plots for valuesof k rangingfrom ten to
twenty. Plotsfor recentpopularityareof varyinglengthbe-
causej valuescannotexceedk values.In otherwords,you
cannotrequirea majority greaterthan the numberof suc-
cessorsmaintained,the quorumcannotbe greaterthanthe
totalnumberof members.

Themostimportantfeatureof Figure8 is how consistent
the reductionin generalinaccuracy is for all variationsin
the parametersof recentpopularity. As with Noah, there
is a reductionin total incorrectly predictedeventsby ap-
proximatelyfive percent.Unlike Noah,this reductiondoes
notexhibit a localminimum,but is consistentfor increasing
valuesof j (therequiredmajority). We havepresentedonly
the workstationandserverworkloads,but this behavior is
consistentacrossall testedworkloads.

Figure9 shows the effect of increasingthe j parameter
onpredictioncoverage.As with Noah’sstabilityparameter,
increasingtherequiredmajority j resultsin a greaternum-
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Figure 9. Recent Popularity’ s Prediction Cov-
erage for increasing j values and diff erent k
values.

ber of eventsnot resultingin a confidentprediction. Un-
like Noah, this reductionis much lesspronouncedwhen
shorterper-file successorlists (smaller k parameters)are
used.Whenalist of only tenprior successorsis maintained,
thepredictionomissionsdo not exceed20 to 25%,giving a
predictioncoverageof 75 to 80%.

For improving generalaccuracy, it would appeargood
to chooselower j and k values,where recentpopularity
could provide the greatestprediction coverageusing the
least metadata,and yet still provide good prediction im-
provement.Maintaininglongerper-file successorlists (in-
creasedk values)providesa benefitwhenwe considerthe
specificaccuracy of recentpopularity. Figure10 plots the
specific inaccuracy of recentpopularity comparedto the
baselinemodels.We show resultsfor all four testedCMU
workloadsandFigure11 shows similar resultsfor sample
instructionalandresearchsystemsfrom theBerkeley work-
loads.BetweentheBerkeley andCMU workloadsthereis
a noticeabledifferencein the performanceof the baseline
models,specificallythefirst successormodelperformsvery
poorly comparedto last successor. The point we wish to
illustrate is the consistency in the behavior of recentpop-



ularity acrossall workloads. We seea steadydecreasein
specificinaccuracy asweincreasethe j parameter. Further-
more,this decreaseis morepronouncedaswe increasethe
k parameter.

With recentpopularity, the greaterthe numberof per-
file successorsmaintained(thek parameter),themorepro-
nouncedandrapidtheeffectof increasingtherequiredma-
jority (the j parameter).If greatergeneralpredictionaccu-
racy is required,shortersuccessorlists with lower majority
requirements(low j andk values)resultin a consistentand
reliable improvementin generalaccuracy, while requiring
lessadditionalmetadataandmetadataupdates.If we wish
to userecentpopularityfor accuraterelationshipestimation
wecantradereducedpredictioncoveragefor increasedspe-
cific accuracy by increasingthe j value. If we want to in-
creasetheeffect of increasingthe j valueon specificaccu-
racy, we canincreasethek values(therebysacrificingaddi-
tionalmetadata).

4. Related Work

Our work hasdrawn from prior work in distributedfile
systems,predictive prefetching,and datagrouping. Grif-
fioen and Appleton presenteda file prefetchingscheme
basedon graph-basedrelationships[6]. Their probability
graphsarelimited to trackingfrequency of accesswithin a
particular“look-ahead”window size. On the other hand,
our predictorsare primarily basedon immediaterecency
(succession),Our modelsarealsoindependentof any con-
cept of look-aheadwindow size, as we limit our predic-
tors to the taskof predictingsuccessors.Recentwork by
Shriver et al. [18] has provided analytical reasoningfor
the benefitsof read-aheadbuffering andprefetching. The
use of the last successormodel for file prediction, and
moreelaboratetechniquesbasedonpatternmatching,were
first presentedby Lei and Duchamp[11]. Later work by
KroegerandLong[8] introducedtheadditiveaccuracy met-
ric, whichweightedpredictionaccuracy by thenumericpre-
diction likelihood offered by the predictor. Our measure
of specificaccuracy is similar, but requiresmuch lessin-
formation from the predictor. Specificaccuracy requires
an indication of confidenceor lack thereof in the predic-
tion, additive accuracy requiresa numericestimateof like-
lihood. Kroeger andLong’s work alsocomparedthe pre-
dictive performanceof the last successormodel to Grif-
fioen andAppleton’s scheme,andmoreeffective schemes
basedon context modelinganddatacompression[9]. The
first proposedapplicationof datacompressiontechniques
to file accesspredictionwaspresentedby Vitter andKrish-
nan[25, 4]. Prior works on Noah[3] have comparedit to
KroegerandLong’s [8] predictors.Thereis alsoa signifi-
cantbody of work on using transparentcompiler-directed
approaches[13] and application-level hints for improved
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Figure 10. Recent Popularity’ s Specific Inac-
curac y for increasing j values and diff erent k
values.
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Figure 11. Recent Popularity’ s Specific Inac-
curac y for the Berkele y traces.

prefetching[15].

Groupinghasbeenappliedfor dataplacement.Theear-
liest suchworksattemptedusedfrequency-basedestimates
of accesslikelihood to optimize the placementof popu-
lar data. Attempts to optimally placefiles on disk were
originally donemanually, placingfrequentlyaccessedfiles
closerto the centerof the disk. The needto automatethis
processwasaddressedby the work of StaelinandGarcia-
Molina [20, 21, 22]. This work dealtwith optimal place-
ment,but offeredmodelsbasedon theassumptionthatfile
accesseventsareindependent.Theseapproachesmadeno
attemptto capturedynamicrelationshipsbetweenfiles. The
Berkeley FastFile System(FFS)[12, 19] includesattempts
to grouprelateddata,e.g. file dataandmetadata,into cylin-
dertrackson disk.

Dynamic groups[23] attemptto exploit inter-file rela-
tionships, but require explicit applicationhints to deter-
mine group membership. Earlier work on the automatic
detectionof working sets includesthe work of Tait and
Duchamp[24]. TheSeerprojectalsoattemptedto usefile
groups,but for mobile file hoarding[10]. Seeruseda re-
lationshipestimatorbasedon the overlapof file openand

closeevents,andappliedaclusteringalgorithmto build file
hoardsfrom suchrelatedfiles. In our approachwe arenot
dependentonsuchaspecificmeasuresof inter-file relation-
ship, andmake no attemptto constructa large file hoard.
Instead,we requireonly knowledgeof thesequenceof file
accessevents,anddeterminearbitrarily accurateinter-file
relationships.Examplesof thestateof theart in automated
file groupinginclude C-FFS[5] (collocatingFFS),which
basesgroupingon a directory-membershipheuristic, and
Hummingbird[17] which utilizes the underlyingstructure
of web files. In contrast,our modeldoesnot requireany
knowledgeof underlyingdatastructures,asour predictors
establishsuccessionpredictionsbasedon observedfile ac-
cessbehavior, asopposedto inferencefrom file locationor
content.

5. Conclusion

We have definedgeneraland specificaccuracy as dis-
tinct measuresof predictionaccuracy. The former indicat-
ing totaleventscorrectlypredictedandusefulfor predictors
usedin prefetching,while the latter indicatesthe accuracy
of predictionsoffered by a predictionmodel that can de-
cline to make a prediction if its criteria are not satisfied.
We presentedtwo predictorswith suchcriteria,Noahwith
asimplestabilityparameter, andthenew RecentPopularity
predictor. Bothpredictorsarecapableof reducingthenum-
berof predictionsmadein exchangefor anincreasedlikeli-
hoodof thosepredictionsbeingaccurate.Recentpopularity
shows more consistentimprovementsin generalaccuracy
thanNoah,andthe additionalability to trademetadatare-
quirementsfor greatersensitivity to thepredictioncriteria.

Whenpredictionaccuracy is strictly moreimportantthan
the numberof predictionsoffered, trace-basedevaluation
hasdemonstrateserror ratesas low as2%, while offering
predictionsfor morethan60%of all file accessevents.Pre-
dictionsfor moreeventscanbemadeat theexpenseof re-
ductionsin accuracy, andfor bothNoahandrecentpopular-
ity this trade-off is controlledthroughonesimplenumeric
parameter.
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