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File Access Prediction with Adjustable Accuracy

AhmedAmer’  DarrellD. E. Long’
University of California, SantaCruz
a.amer@acm.q darrell@cs.ucsc.edu

Abstract

We describea novel on-line file accesspredictor Re-
cent Popularity capableof rapid adaptationto workload
changeswhile simultaneouslyredicting more eventswith
greateraccuracythanprior efforts. e distinguishthegoal
of predictingthe mosteventsaccuratelyfromthe goal of of-
fering the mostaccurate predictions(whendecliningto of-
fer a predictionis acceptable) For this purposewe present
two distinctmeasuesof accuracy, generl and specificac-
curacy, correspondingto thesegoals. We describehow
our new predictor and an earlier effort, Noah can trade
the numberof eventspredictedfor predictionaccuracy by
modifyingsimpleparametes. Whenpredictionaccuracyis
strictly more importantthan the numberof predictionsof-
fered, trace-basedvaluation demonstateserror ratesas
low as2%, while offering predictionsfor more than 60% of
all file accessvents.

1. Introduction and Motivation

File accesshehaior is not random,it is driven by ap-
plication programsand userbehaior. This fact, coupled
with the growing performanceéottleneckof computerstor
agesystemshasresultedn asignificantamountof research
into improving file systembehaior throughpredictingfu-
tureaccesgvents.Lateng is aneverincreasingcomponent
of dataaccesscosts,which in turn are usually the bottle-
neckfor modernhigh performancesystems.The ability to
predictfuture dataaccessess animportantapproacho ad-
dressinghis growing problem.For thisreasonaccurateac-
cesgredictorsarevery desirabldor datastoragesystems.

In predictive prefetching.file accesgpredictionmodels
are usually coupledwith a cacheto allow the retrieval of

datainto a high-speeatachebeforeit is actuallyrequested.
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Predictve prefetchingrequiresthe predictionof sequences
of file accessegar enoughin advanceto avoid the predic-
tions being untimely. With bursty requestdfor data, pre-
dicting the next requestis not usefulif the actualrequest
arrivesas quickly asthe predictionis available. More re-
centwork [1] hasusedpredictionmodelsto determineénter-
file relationshipsthe cacheis modifiedto utilize suchrela-
tionshipinformationin fetching preconstructedroupsof
highly relatedfiles. Sucha groupingapproachavoids the
timelinessrequirementsf predictive cachingandyetis de-
pendenbn the quality andnatureof the relationshipinfor-
mation. It is thereforeincreasinglyimportantto have effi-
cientfile accessredictorsthat are useful for maintaining
inter-file relationshipinformation, this information canbe
usedto performgroupingandfurtherreachingpredictions.

Anotherform of increasedateng canbe seenin mo-
bile computingervironments,wherea disconnections a
potentiallyunboundediataaccesdateng. If therequested
datais not available locally, an unavoidable wait for the
next available network connection(in the caseof wireless
networks this could be a weakand unreliablelink), or the
physicalshippingof media,is incurred.Evenif high-speed
network connectvity is continuouslyavailable,traveling to
a geographicallydistantlocation could imposesignificant
lateng. Evenwith the fastesnetworks, andbestcompres-
sionalgorithmsasignificantlateng canbeencounteredy
mobile users. The ability to hoarddataon a mobile com-
puter’s local storagegoesa long way toward freeing the
userfrom dependencen the (possibly non-eistent) net-
work connection. An importantstepin developing fully
automatedile hoardingalgorithmsis the ability to auto-
matically identify strongrelationshipsbetweenfiles. The
accurateprediction of the successorelationshipbetween
files is onesuchmechanisnfor identifying stronginter-file
relationshipsandis a direct applicationof the modelswe
discussbelon. Prior works on mobile file hoardingsuch
asCoda[7] and Seer[10] have madesignificantstridesin
automatingthe processof file hoarding,yet sufficient au-
tomationremainsanelusive goal.

We revisit the file accesgpredictor Noah([3], andintro-
ducea new predictor RecentPopularity, both of whichare



Time

Prior
File(i-1)

File(i)

\F\ﬂem /

updated
metadata

Current
File(i-2)

metadata

Prediction
Metadata

(Per-File)

Figure 1. On-line successor prediction.

very well suitedfor identifying inter-file relationships.We
demonstratbow thedefinitionof predictionaccurag needs
to be expandedwhenpredictorsare usedto estimateinter-
file relationships.We go on to demonstratéwow Noahand
RecenPopularity canallow the adjustmenof their predic-
tions’ averageaccurag usingasimplenumericparameter

2. Prediction and Predictors

Ourgoalis to developanaccuraten-linefile accespre-
dictor that maintainslimited perfile stateinformation,and
yetcanbeusedasthebasisfor determiningstronginter-file
relationshipswvith a high degreeof certainty As illustrated
in Figure 1 the role of a predictorin our modelis to ob-
sene afile accessequenceandfor eachfile accesoffer
a predictionfor the following file to be accessed.Sucha
predictoris allowed to maintaina limited amountof addi-
tionalmetadatapreferablyon a perfile basis.We startwith
adiscussiorof two baselinemodelsthatrepresentwo ex-
tremesin adaptability Thesebaselinemodelsoffer a suc-
cessopredictionfor everyfile thatis notbeingencountered
for thefirsttime !

When usedto indicateinterfile relationshipsa predic-
tor should be able to indicate whetherit is confidentin
the predictionit is offering. Our predictionmodels,Noah
andRecentPopularity, have the ability to declineoffering
a prediction,or more preciselythey arecapableof indicat-
ing whetheror notthey have confidencen their prediction.
This differencebetweenpredictionsand guessesndicates
a distinction betweenthe numberof eventscorrectly pre-
dicted,andthe numberof predictionsmadecorrectly For
this purposewe start with a discussionof predictionac-
curag in which we definegenerl and specificprediction
accurag to measurethesedifferent goals. We then de-
scribetwo baselinemodelsfor comparison,and go on to
describeour predictorswhich are capableof tradingnum-

INo on-line predictorcanbe expectedto offer predictionsfor accesses
to filesthathave not beenpreviously encountered.

ber of predictionsmadefor increasedoredictionaccurag.
Thesepredictorsare Noah and RecentPopularity, both of
which can performthis trade-of with the adjustmenbf a
singleparameterRecenfopularity hasthe additionalabil-
ity to increaseéheamountof perfile metadatdor betterper
formance.

2.1. Prediction Accuracy

Predictionaccuray is definedasthe ratio of eventscor-
rectly predictedo all eventsencounteredtor file successor
prediction,we distinguishtwo forms of accurag: genesal
andspecificaccurag. We definegeneralccurag asthera-
tio of file acces®ventscorrectlypredictedo thetotal num-
ber of events. Specificaccuray is definedasthe ratio of
correctfile accesgredictionsto the numberof predictions
offeredby the predictionmodel. This is a particularlyim-
portantdistinctionfor our predictorsNoahandRecentPop-
ularity, dueto their ability to tradeimprovedaccurag for a
reductionin the total numberof eventspredicted.For both
predictorghistrade-of is controlledusinga singlenumeric
parameter

Our predictorsdo notactuallyreducethe numberof pre-
dictionsto improve accurag, they merelyreducethe num-
ber of predictionsthat are offeredwith confidence. They
will offer asuccessopredictionfor ary eventthathasbeen
obsenedatleastoncein the past,but if greateraccurag is
required,thenthey will offer fewer predictionsthat satisfy
thepredictioncriteria. Theratio of such“confident” predic-
tionsto the numberof eventswill be definedasprediction
coverage. We shallseein the experimentalsectionsbelov
thatit is possibleto decreaseapecificinaccurag to aslow
as2%, while sacrificinglessthan40% predictioncoverage,
which is equivalentto being correct98% of the time for
morethan60% of all file accessvents.

2.2. Basdline M odels

In prior work [2, 3] we have obsenedthat files canbe
dividedinto two generakatejories thosethathave a strong
successorelationshipto a fixed successofile, andthose
whosesuccessowariesconsiderablyfor eachfile access.
This fact canbe capturedusingtwo simple successopre-
dictors,thelastandfirst successopredictors.

The Last Successopolicy takesthe mostrecentlyob-
sened successoof file A asthe successopredictionfor
the next occurrenceof A. Lei and Duchampusedsucha
predictorasa baselinemodel[11] for comparisoragainst
their approachto file prefetching. Kroeger and Long [8]
presentec more carefulanalysisof file accesgrediction,
recognizinga surprisinglyhigh accurag for this predictor
They notedthatwhenafile predictionschemas only asked
to provide a single candidatefor the next event, the last-



successoschemeis almostas likely to provide the right
candidateasfar moreelaborateschemesisedin predictive
prefetchind9, 11, 6].

The First Successopolicy takesthe first obsened suc-
cessorof file A asthe successopredictionfor all subse-
guentoccurrence®f A. Although this may not appearto
be a promisingpolicy, file accessventsarehighly related,
and both first and last successoiare effective at captur
ing mary interfile relationships. Whereaslast successor
could capturechangesn inter-file relationshipsover time,
and demonstratedbetteroverall performancefirst succes-
sorwasfoundto outperformlastsuccessofor a substantial
fractionof files[2]. This canbeunderstoody considering
anaccessequencsuchas:

S: ABACABACABACAB...

Thisis anextremeexample,for which alastsuccessopre-
dictor would be incorrectfor 100% of file A’s successors,
whereasanunchangingyuessvould beincorrectonly 50%
of thetime.

2.3.Noah

Noahis a more elaboratepredictorwhich we have pre-
sentedn prior work [3]. Themaininnovationof Noahis the
extensionof the last successomodelto filter out noisein
the obsenedaccesstream combiningthe dynamicadapt-
ability of last successowith the prudenceof the first suc-
cessomodel.

Noahis basedon the intuition that noiseis detrimental
to the quality of arny deductionsnadefrom dynamicobser
vations.It ignoresobsenationsthatvary too rapidly, effec-
tively actingasa low-passfilter. Givenanaccessequence
suchas:

S: ABABABACABABAB...

Lastsuccessowould maketwo predictionerrorsfor theone
occurrencef asuccessootherthanB, andthefirst succes-
sor modelwould be completelyincorrectif B wasnot the
successoof A uponits first occurrence.As with the last-
successomodel,Noahmaintainsa recordof the lastfile to
be a successoto the currentfile, but it alsokeepstrack of
acurrentsuccessoprediction,which is updatedo become
the last-successaonly if the last successors obsenedto
have beencorrectfor a stability countnumberof accesses.
The requiredstability is a parameternf the Noah predic-
tor. Algorithm 1 illustratesthe procedurabehavior of Noah
successopredictors.

With this stability parameterNoahis able to demand
greatercertainty of a successopredictionbeforeit is of-
feredasanything morethana goodguess.While the last-
successoupdatests predictionwith every accesgo afile,

Algorithm 1 PredictusingNoah

if LagSuccessofFile(i — 1)) = File(i) then
Courter(File(i — 1)) + Courter(File(i — 1)) + 1

else
Courter(File(i— 1)) < 0

end if

if Courter(File(i)) > stability then
Prediction(i + 1) «+ LasSuccessofi)
Predicted«+ TRUE
Guessed— FALSE

else
Predicted+ FALSE
Guessed— TRUE

end if

andthe first successonever updatests initial prediction,
Noahwill updateafile’s successoif anew successois ob-
sened consistentlyfor a stability numberof accesses If
this criteriais not satisfied,thenthe unchangedrediction
by Noahis considered guessandnota predictionoffered
with ary confidence.

2.4. Recent Popularity (Best j of k)

Ournew predictorprovidesthestability benefitsof Noah
while allowing for fasteradaptationto workload changes.
For thelist of k mostrecentlyobsenedsuccessoref afile,
we selectasapredictionthemostpopularfile. We offer this
successoasa predictionif it occursatleastj timesin this
list.

Figure 2 illustratesthe operationof recentpopularity
using an example sequence. The prediction offered by
recentpopularity with parametersj and k is denotedas
Bes; o k(X|S), whereSis the obseredsequencandX is
the currentfile for which we are making a successopre-
diction. In the figurewe have extractedthe lists of immedi-
atesuccessorfor eachfile encounteredandoffer example
predictionsfor successorsf the file B. Out of the most
recentsix successorsf B the majority is a tie betweenA
andC, eachof which occursthreetimes. The prediction,
Bedsofs(B|S), is madeasA asit occursmorerecentlythan
C, receng is thetie-brealer. Bedsots(B|S) offers no pre-
diction with confidenceasthe mostpopularof the last six
successordh, occurslessthanfour times.

The final examplechoose< asthe Bedsorg prediction,
asit occursthe mostfrequentlyamongthe last nine suc-
cessorsof B. By increasingthe value of k recentpopu-
larity takes a majority of a larger sample. This increases
the amountof metadatarequiredperfile, but aswe will
seebelaw, our experimentalresultsshov that larger sam-
plesresultin bettermajority-baseredictions.Increasing
the ] parametemakesthe predictioncriterion more strin-
gent,actingin a similar mannerto the stability parameter



File AccessSequence

S: ABCDBCDBDBDBCBCBCABABABAB

Per-File Successar Successo€ounts
A: B,B,B,BB B(5)
B: C,C,D,D,C,C.CAAA A(3),C(5)D(?2)
C: D,D,BBA A(1),B(2),D(2)
D: B,BB,B B(4)

Be$30f6(8|5) =A

Bessofs(B|S) = ®

Bedsorg(B|S) =C

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

for Noah. Greaterj valuesimply improved specificaccu-
ragy and reducedpredictioncoverage. Recentpopularity
allows greatflexibility in balancingmetadataequirements
(throughadjustingk), specificaccurag andpredictioncov-
erage(throughadjustingj).

3. Empirical Evaluation

Using file systemtraceswe ran experimentsto evalu-
atethe generalaccurag, predictioncoverage,and specific
accurag of our predictors. We comparedheseresultsfor
Noahandrecentpopularitywith the baselinemodels. We
startwith experimentghatdemonstratéhelimited variabil-
ity of file successorsTheseexperimentsshow that perfile
trackingof a very limited numberof successors enough
to cover almostall successorthatcanbe predictedby the
bestpossibleon-line predictor For the accurag and pre-
diction coverageresultswe will actually plot inaccurag
andomissions.We demonstrat¢hatincreasingNoah's sta-
bility parametemprogressiely reducesspecificinaccurayg
(increasespecificaccurag), while simultaneouslyeduc-
ing prediction coverage(increasesrediction omissions).
We will demonstratesimilar behavior for recentpopular
ity, with theaddedbenefitof consistentlyimprovedgeneral
accurag.

3.1. Experimental Workloads

Simulationswererun on file systemtracesgatheredus-
ing Carngjie Mellon University’s DFSTrace system[14].
The testscoveredfive systemdor durationsrangingfrom
a single day to over a year The tracesrepresentvaried
workloads particularlymozartapersonaivorkstationjves
a systemwith the largestnumberof users,dvorak a sys-
temwith thelargestproportionof write actiity, andbarber
a sener with the highestnumberof systemcalls per sec-
ond. For clarity we will referto thesetracesasworkstation
uses, write, andserverrespectiely. Thesetracesprovide

100

80 -

60 -

% of Files

40

20 -

1 10 100 1000
Unique Successors

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 the system-callevel, andrepresenthe orig-
inal streamof accesseventsnot filtered througha cache.
For theseCMU traceswe are measuringhe hit-ratefor a
wholefile cachebasedon file openrequestsThis assumes
a coarsegranularityfor the analysis,we focuson patterns
of file requestandarenot concerneavith intra-file access
patterns.

For afiner level of analysiswe alsoconsideredndivid-
ualrequestdor file data,drawvn from thetracegprovidedby
Drew Roselliatthe Universityof California,Berkeley [16].
To eliminateary interleaving issuestheseUCB tracesvere
processetb representheworkloadsof individual worksta-
tions, and simulationswere run againstboth instructional
andresearchmachines.

3.2. Successor Behavior

Analysisof theworkloadsdemonstratethatfile succes-
sorsshav limited variability, and suggestthat receng of
occurrencas the mostconsistenandaccuratendicator of
subsequenoccurrence.As an upperboundon how much
metadatas neededo trackfile successorfigure3 shavs
a CDF plot of the numberof unique successorsbsened
for all files accessedn the CMU workstationworkload.
The datais representatie of the other workloadsand in-
dicatesthat over a week, 80% of files have fewer thanten
unique successorsand more than 90% of files have less
than twenty unique successors.Theseresultsare typical
over all tracesexaminedfor durationsrangingfrom aweek
to year For shorterdurations(a day or less)thereis no-
ticeablylessvariation,with 90%of files having lessthan10
successors Capturingmostinterfile relationshipsshould
thereforerequire a reasonablylimited amountof perfile
metadata.

The CDF plot of Figure 3 suggestshattrackingarela-
tively smallnumberof successorgerfile 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.

mostimmediatesuccessordrigure4 plotsthe performance
of successopredictionsbasedon perfile immediatesuc-
cessotlists. The windowsizeis the the numberof unique
successormaintainedfor eachfile. They axisrepresents
the missratefor eachscheme A missoccursfor ascheme
if we find thata file’'s immediatesuccessowas not within
the successolist maintainedusing that scheme.Figure 4
presentsesultsfor threedifferentupdatepolicies,andone
upperbound:

e L RU — continuouslyupdateghe entireperfile imme-
diatesuccessolists with LRU replacement.

e LFU — similar to LRU, but with frequeng-basedre-
placementandreceng tie-brealers.

e Static —this policy simply tracksthefirst windowsize
uniquesuccessorfor afile, andneverupdateghelists
whenit’s full.

e Optimal —anoraclethathasperfectknowledgeof suc-
cessorevents,andwill make an accuratepredictionif
theeventto follow haseveroccurredpreviouslywithin
windowsizeeventsof thecurrentevent. Thisyieldsthe
bestperformancegossibleby arny on-linealgorithmin
thisapplication.

Figure4 givesanindicationof the effectivenes®of alim-
ited amountof perfile statein capturingpossiblesucces-
sors. The mostimportantresult of Figure 4 is how low
the missratesof even the simplestschemesare for win-
dow sizesof asfew asfive successorsWith asfew asfive
or six successorgll schemesveregenerallycomparableo
theoptimalon-linepolicy. Figure4 shavsthatit is possible
to capturemostlikely successorfor afile in a very small
window, with nearoptimalaccurag, andutilizing minimal
metadataipdates.Theseresultssupportthe claim thatsuc-
cessowariability is generallylow, andthe consistensupe-
riority of LRU suggestshatreceng may be the bestindi-
cationof a successos futureimportance.
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Figure 5. Noah's General Inaccuracy for in-
creasing stability values.

3.3. The Accuracy of Noah

Figure 5 shows the generalinaccurag of Noah com-
paredto the first and last successomodels. The x axis
representsncreasingvaluesfor stability from zeroto ten.
It shouldbe notedthatwhenNoahusesa stability value of
zeroits behavior is equivalentto that of the last successor
model. They axisrepresentthepercentagef all file access
eventsnot correctlypredictedor guessedy the predictors.
Lastandfirst successoareindicatedasconstanwalues,as
they have no parameterandareonly affectedby the work-
load. For generalaccurag, the bestperformanceof Noah
is foundwith a stability valueof one. This meanghe most
eventscanbepredicteccorrectlyif we employ alastsucces-
sorpolicy thatwaitsfor onefurtheraccesdeforechanging
its successoprediction. Theperformanceyainfor themore
adaptabldast successomodelis morepronouncedor the
serverworkloadthantheworkstatiorworkload,yetfor both
workloadswe seea further 3 to 5% performanceémprove-
mentwhenusingNoabh. In this andmostfollowing figures
weonly presentesultsfor theworkstationandserverwork-
loads,but they arerepresentatie of all workloadstested.
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Figure 6. Noah's Prediction Coverage for in-
creasing stability values.

In Figure®6, the x axisrepresentdNoah’s stability, while
on the y axis we plot the percentageof eventsfor which
Noah andthe baselinemodelscould not offer a confident
prediction. The baselinemodelsalways offer a confident
predictionwhen a predictionis possible. The prediction
omissionsof 2 to 3% (predictioncoverageof 97 to 98%)
plottedfor the baselinemodelsrepresenthe percentagef
file accessventsthat presentedhe predictorswith a nen
file, never encounteredyefore. As expectedfor Noah,the
percentag®f omittedpredictionsincreasessthe required
stability is increased.

Figure 6 indicatedthat increasingthe requiredstability
to tenincreasedhe percentagef predictionsnot madeto
the rangeof 40 to 50%. This may seemlike a substantial
price to pay, but by consideringFigure 7 we seewhat this
reductionin predictionsoffersin return. Figure7 plotsthe
specificinaccurag of Noahcomparedo the baselineanod-
els. The x axis againrepresentstability values. The most
impressve thing to noteon this graphis therapidreduction
in specificinaccurag. With stability valuesstartingaround
four, we quickly seeNoah’s specificpredictioninaccurag
reducedo 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 prediction coverageresults(Figure 6) we know

thatwith a stability valueof four Noahoffersconfidentpre-

dictionsfor almost70% of all file accessvents.

In short, by increasingthe stability parameteiof Noah
we are ableto reducespecificpredictioninaccurag to as
low as2% while still offering predictionsfor morethantwo
thirds of all accessventsencounteredNoahss failing ap-
pearsto bein the generalinaccurag results,for which we
do not seea consistenbehaior for increasedstability val-
ues.

3.4. The Accuracy of Recent Popularity

Noah's problemof non-decreasingenerainaccurag is
not facedwhenusingrecentpopularity which shavs more
monotonicgenerainaccurag trends.Recentpopularitysi-
multaneouslallows greatercontrol over the trade-of with
predictioncoverage.

Figure8 shonvsthegenerainaccuray of recentpopular
ity comparedo the first andlast successomodels. The x
axis representsncreasingvaluesfor the requiredmajority
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Figure 8. Recent Popularity’ s General Inaccu-
racy for increasing j values and diff erent k
values.

parametefthe j parameter) They axisrepresentshe per
centageof all file accessventsnot correctly predictedor
guessedy thepredictors.Lastandfirst successoareagain
indicatedasconstantalueswhile for recentpopularitywe
provide multiple plots for valuesof k rangingfrom tento
twenty. Plotsfor recentpopularityareof varyinglengthbe-
causej valuescannotexceedk values.In otherwords,you
cannotrequirea majority greaterthanthe numberof suc-
cessorsnaintainedthe quorumcannotbe greaterthanthe
total numberof members.

Themostimportantfeatureof Figure8 is how consistent
the reductionin generalinaccurag is for all variationsin
the parameterof recentpopularity As with Noah, there
is a reductionin total incorrectly predictedeventsby ap-
proximatelyfive percent.Unlike Noabh,this reductiondoes
notexhibit alocalminimum,butis consistenfor increasing
valuesof j (therequiredmajority). We have presenteanly
the workstationand serverworkloads,but this behaior is
consistenticrossall testedworkloads.

Figure9 shows the effect of increasingthe j parameter
on predictioncoverage As with Noah's stability parameter
increasinghe requiredmajority j resultsin a greatemum-
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Figure 9. Recent Popularity’ s Prediction Cov-
erage for increasing | values and diff erent k
values.

ber of eventsnot resultingin a confidentprediction. Un-

like Noah, this reductionis much less pronouncedwhen
shorterperfile successolists (smallerk parameterspre
used.Whenalist of only tenprior successoris maintained,
the predictionomissionsdo not exceed20to 25%, giving a

predictioncoverageof 75to 80%.

For improving generalaccurag, it would appeargood
to chooselower j and k values,where recentpopularity
could provide the greatestprediction coverageusing the
leastmetadata,and yet still provide good predictionim-
provement. Maintaininglongerperfile successolists (in-
creased values)providesa benefitwhenwe considerthe
specificaccurag of recentpopularity Figure 10 plotsthe
specificinaccurag of recentpopularity comparedto the
baselinemodels. We shaw resultsfor all four testedCMU
workloadsand Figure 11 shaws similar resultsfor sample
instructionalandresearctsystemgrom the Berkeley work-
loads. Betweenthe Berkeley and CMU workloadsthereis
a noticeabledifferencein the performanceof the baseline
models specificallythefirst successomodelperformsvery
poorly comparedo last successor The point we wish to
illustrateis the consisteng in the behaior of recentpop-



ularity acrossall workloads. We seea steadydecreasén
specificinaccuray asweincreasehe j parameterFurther — - s
more,this decreasés morepronouncediswe increasehe
k parameter

With recentpopularity, the greaterthe numberof per
file successormaintainedthe k parameter)the morepro-
nouncedandrapidthe effect of increasingherequiredma-
jority (the j parameter)If greatergeneralpredictionaccu-
ragy is required shortersuccessolists with lower majority
requirementglow j andk values)resultin a consistenand
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reliableimprovementin generalaccurag, while requiring j Parameter
lessadditionalmetadataand metadataupdates.If we wish
to userecentpopularityfor accurateelationshipestimation (a)uses

we cantradereducedpredictioncoveragefor increasedpe-
cific accurag by increasingthe j value. If we wantto in-
creaseheeffect of increasinghe j valueon specificaccu-
ragy, we canincreasehek values(therebysacrificingaddi-
tionalmetadata).

4. Related Work

Specific Predictor Inaccuracy (%)

Our work hasdrawn from prior work in distributedfile
systems predictive prefetching,and datagrouping. Grif-

fioen and Appleton presenteda file prefetchingscheme i Parameter

basedon graph-basedelationshipg6]. Their probability

graphsarelimited to trackingfrequeng of accesswithin a (b) workstation
particular“look-ahead”window size. On the other hand, ¥ T e —
our predictorsare primarily basedon immediatereceny 2| ] taisg ¥

(succession)Qur modelsarealsoindependenof any con-
cept of look-aheadwindow size, as we limit our predic-
torsto the task of predictingsuccessorsRecentwork by
Shriver et al. [18] has provided analytical reasoningfor
the benefitsof read-aheadbuffering and prefetching. The
use of the last successomodel for file prediction, and

Specific Predictor Inaccuracy (%)
=
a

moreelaboratdechniquedbasedn patternmatchingwere 0

first presentedby Lei and Duchamp[11]. Later work by j Parameter
KroegerandLong[8] introducedheadditive accurag met-

ric, whichweightedpredictionaccurag by thenumericpre- (c) server

diction likelihood offered by the predictor Our measure
of specificaccurag is similar, but requiresmuch lessin-
formation from the predictor Specificaccurag requires
an indication of confidenceor lack thereofin the predic-
tion, additive accurag requiresa numericestimateof lik e-
lihood. KroegerandLong’'s work alsocomparedhe pre-
dictive performanceof the last successomodel to Grif-

Specific Predictor Inaccuracy (%)

fioen and Appleton’s scheme and more effective schemes sh o ]

basedon context modelinganddatacompression9]. The 0l s 1?4 : f{m =

first proposedapplicationof datacompressiortechniques i Parameter

to file accesgpredictionwaspresentedby Vitter andKrish-

nan[25, 4]. Prior works on Noah[3] have comparedt to (d) write

KroegerandLong’s [8] predictors. Thereis alsoa signifi- Figure 10. Recent Popularity’ s Specific Inac-
cantbody of work on using transparentompilerdirected curacy for increasing j values and diff erent k

approacheg$13] and application-leel hints for improved values.
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Figure 11. Recent Popularity’ s Specific Inac-
curacy for the Berkeley traces.

prefetching15].

Groupinghasbeenappliedfor dataplacementTheear
liest suchworks attemptedisedfrequeng-basedestimates
of accesdlikelihood to optimize the placementof popu-
lar data. Attemptsto optimally placefiles on disk were
originally donemanually placingfrequentlyaccessediles
closerto the centerof the disk. The needto automatethis
processwvasaddressedby the work of Staelinand Garcia-
Molina [20, 21, 22]. This work dealtwith optimal place-
ment, but offeredmodelsbasedon the assumptiorthatfile
acces®ventsareindependentTheseapproachesadeno
attemptto capturedynamicrelationshipdetweerfiles. The
Berkeley FastFile System(FFS)[12, 19 includesattempts
to grouprelateddata,e.g. file dataandmetadatainto cylin-
dertrackson disk.

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

closeevents,andapplieda clusteringalgorithmto build file
hoardsfrom suchrelatedfiles. In our approachwe arenot
dependenbn suchaspecificmeasuresf inter-file relation-
ship, and make no attemptto constructa large file hoard.
Instead we requireonly knowledgeof the sequencef file
accessvents,and determinearbitrarily accurateinter-file
relationships Examplesof the stateof theartin automated
file groupinginclude C-FFSI5] (collocating FFS), which
basesgroupingon a directory-membershifeuristic, and
Hummingbird[17] which utilizes the underlyingstructure
of web files. In contrast,our modeldoesnot requireary
knowledgeof underlyingdatastructuresasour predictors
establishsuccessiomredictionsbasedon obsenedfile ac-
cesshehaior, asopposedo inferencefrom file locationor
content.

5. Conclusion

We have definedgeneraland specificaccurag as dis-
tinct measure®f predictionaccurag. Theformerindicat-
ing total eventscorrectlypredictedandusefulfor predictors
usedin prefetchingwhile the latterindicatesthe accuray
of predictionsoffered by a predictionmodelthat can de-
cline to make a predictionif its criteria are not satisfied.
We presentedwo predictorswith suchcriteria, Noahwith
asimplestability parameterandthe new RecentPopularity
predictor Both predictorsarecapableof reducingthenum-
berof predictionsmadein exchangeor anincreasedik eli-
hoodof thosepredictionsbeingaccurateRecenpopularity
shavs more consistenimprovementsin generalaccurag
thanNoah,andthe additionalability to trademetadatae-
guirementdor greatersensitvity to the predictioncriteria.

Whenpredictionaccurag is strictly moreimportantthan
the numberof predictionsoffered, trace-baseawvaluation
hasdemonstrategrror ratesaslow as 2%, while offering
predictionsfor morethan60%of all file acces®vents.Pre-
dictionsfor moreeventscanbe madeat the expenseof re-
ductionsin accurag, andfor bothNoahandrecentpopular
ity this trade-of is controlledthroughone simple numeric
parameter
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