Using Idle Workstationsto I mplement Predictive Prefetching

JasmineY. Q. Wang,JoonSuanOng, YvonneCoady andMichaelJ. Feelg
Departmenbf ComputerScience
Universityof British Columbia
{jwang,jsong,ycoadieele/} @cs.ubc.ca

Abstract

1. Introduction

Prefetchings animportanttechniquefor improving the
performanceof |O-intensive applications. The goalis to
deliver disk datainto memorybeforeapplicationsaccesses
it andthusreduceor eliminatetheir |O-stall time. The key
factorthatlimits the practicaleffectivenesf prefetching,
however, is thatit requiresfuture knowledgeof application
dataaccesses.

Therearetwo approacheshat prefetchingsystemscan
useto gain future-acces$nformation. First, applications
canbe instrumentedo give the systemhints that describe
the datathey are aboutto accesq11, 7, 9, 3]. To be ef-
fective, a hint must both identify the datato be accessed
andalsoestimatewhenit will be accessedThe key draw-
backof this approactis thatit canplacesignificantburden
on programmerso properlyhint their applications.The al-
ternative techniqueis for the systemto predictfuture ref-
erenceshasedon an applications referencehistory. This
approachs automaticandthusplacesno additionalburden
onprogrammershutit depend®ntheexistenceof effective
predictionalgorithms.Sometimegpredictionis easy Most
commerciafile systemsfor example,detectsequentiabc-
cesdo afile andrespondy prefetchingafew blocksahead
of areferencingprogram.For morecomplex referencepat-
terns,however, predictionpresents significantchallenge.

A numberof predictionalgorithmshave beenproposed
thatappeapromisingfrom atheoreticalperspectie. Chief
amongtheseare algorithmsthat are closely modeledon
Markov-baseddata compression2, 12]. The key idea,
whichoriginatedwith Vitter el al. [5, 10], is thatacompres-
sionalgorithmappliedto a programs referencestreanmwill
find commonpatternsin this stream. At runtime, the tail
of anapplicationsreferencestreams matchedagainsipre-
fixesof thesepatternsandthe remainingreferencesn each
matchingpatternareconsideredor prefetching.In theory,

this approactshouldwork well, finding andcapitalizingon
ary patternghatappeaiin a programsreferencestream.In

practice however, this promisehasbeendifficult to realize
becausef the high runtimecostof thesealgorithms.

Traditionalapproachegorce a tradeof betweerpredic-
tion accuray andoverheadlncreasingpredictionaccurag
alsosubstantiallyincreaseshe CPUandmemoryoverhead
that predictionimposeson target applications. As a re-
sult, currentsystemsave beenlimited to low-orderMarkov
modelsthathave only weakpredictve power[1]. Theprac-
tice impactof predictive prefetchinghasthusbeenseverely
constrained.

This paperdescribes predictive prefetchingsystemwe
have build, called GMS-3P(GMS with parallelpredictve
prefetching)thatsolvesthis problemby usingidle worksta-
tionsto run predictionalgorithmsin parallelwith targetap-
plications. GMS-3Pextendsthe GMS globalmemorysys-
tem[6] andperformsprefetchingfrom remoteworkstation
memorysimilarto [11, 1]. GMS-3Pprovidesa prefetch-
ing infrastructurethatis independenbf the choiceof pre-
diction algorithm and that can run multiple algorithmsin
parallel.By usingidle workstationsGMS-3Pmakesit pos-
sible to increaseprediction-algorithmcompleity, increase
thenumberof predictorgdeployed,or refinetrace-datgran-
ularity without adding overheadto the target application.
Our current prototype, for example, runs two high-order
Markov predictionalgorithmsin parallel; one designedo
detecttemporallocality andthe otherspatiallocality.

In the remainderof this paper we first provide some
additional backgroundon Markov-basedprediction algo-
rithms in generaland the algorithmswe implementedfor
GMS-3Pin particular Then,in Section3, we provide on
overview of thedesignof GMS-3Pandin Sectiond4 we pro-
vide ananalysisof its performance.

2. Prediction Algorithms

This sectionprovidesadditionalinsightinto Markov pre-
diction by describingthe predictionalgorithm we imple-
mentedfor our prototype, demonstratingvhy accuratepre-



diction imposessubstantialCPU and memory overhead,
andmotivating the desirability of runningmultiple predic-
tion algorithmsin parallel.

2.1. The PPM Algorithm

The predictionalgorithmwe implementedor the GMS-
3P prototypeis closelybasedon the prediction-by-partial-
matchingcompresso(PPM) describedby Bell et al. [2].
The algorithm processeshe online accesgraceof an ap-
plicationto build a setof Markov predictorsfor thattrace
andthenuseshemto predictthe next likely accessesach
Markov predictororganizesthe traceinto substringsof a
given size and associateprobabilitieswith eachthat in-
dicate their prevalencein the accesshistory. Given an
input history of ABCABDABC, for example, the order
two Markov predictor which storesstringsof lengththree,
would recordthe fact that the string AB is followed by C
with probability2/3andby D with aprobabilityof 1/3. The
orderoneMarkov predictorwouldrecordthefactthatB fol-
lows A with probability 1 andthatC follows B andD with
probability 1/3.

In eachstep, PPM recevesinformation aboutthe pro-
gram’s mostrecentaccessandit updateshe Markov pre-
dictorsaccordingly It thenattemptsa partialmatchagainst
the Markov predictors. If a matchis found, the predictors
provide a list of accessethat have followed the reference
string in the pastalongwith their probabilities. An access
with sufficiently high probability is considereda prefetch
candidate.The algorithmthencheckseachprefetchcandi-
dateto determineif the targetnodealreadystoresit in its
memoryandif not, the candidatas prefetched.

ThePPMalgorithmhasthreeparameters:

e o: orderis thelengthof the history substringthat the
algorithmusesto find a match;

e d: depthis the numberof accessesto the future the
algorithmattemptgo predict;

o ¢: thresholds theminimumprobabilityanaccessnust
have in orderto be considered prefetchcandidate.

A PPMof ordero anddepthd consistof o + d Markov
predictorsof orderi, whereo < i < o + d. A Markov
predictorof ordero is atrie of heighto + 1. Startingatthe
root, thereis a pathin thetrie for every stringin the input
streamof lengtho + 1 or less. A referencecountis associ-
atedwith eachnodethatindicatethe numberof timesthat
stringappearsn thereferencehistory. A nodes probability
is computedby dividing its referencecount by that of its
parent.

As suggestedy [2], all Markov predictorsare repre-
sentedandupdatedsimultaneouslhusinga singletrie with

Figure 1. The trie for ABC.

vine pointers.For every stringof length! in thetrie, avine
pointerlinks the last nodeof the string to the last nodeof
thestringof lengthl — 1, formedwhenthelastcharacteof
thestringof length/ is added asillustratedin Figurel.

2.2. Temporal vs. Spatial L ocality

PredictionalgorithmssuchasPPMcanbeusedto detect
eithertemporalocality or spatiallocality. In thedescription
of PPMpresentedbove, theinputto PPMwasstatedto be
an accesdrace. If this traceis the sequencef addresses
(or pagenumbers)accessetyy the program,the algorithm
will detecttempoal locality in thereferencestream Refer
encesequencethatappearnftenin the historywill appear
asheaily-weightedstringsin the PPM Markov predictors.
As aresult,whenthe prefix of onesuchstringis seenthe
predictorcanpredictthattheaccessesepresenteih there-
mainderof the string may comenext.

If the PPM predictoris configureddifferently, however,
it canbe usedto detectspatiallocality insteadof temporal
locality. In this alternateconfigurationthe PPM usesrel-
ative differencebetweenan accessandthe accesghat pre-
cedesit, not accesseaddresgor pagenumber). If a pro-
gramaccessepagesl0, 20, and 30, for example,the PPM
algorithm would receve asinput 10, 10, and 10. When
PPMfinds a patch,the predictedvalueis addedto the last
actualaddresgor pagenumber)in the referencestreamto
formulatethe prefetchcandidatge.g.,40in this case).

3. GM S-3P Implementation

GMS-3Pis implementedas an extensionto the GMS
globalmemorysystemfor workstationand PC clusterg6].
GMSis integratedwith the operatingsystems virtual mem-
ory andfile-buffer cacheto automaticallypagedatafrom
remotememoryandto implementaglobalreplacemenpol-
icy. Using GMS, programghatneedmorememorythanis
availablelocally have automaticaccesdo idle memoryon
otherworkstationsn the network. Whena virtual-memory
or file accessmissesin local memory GMS determines
whetherthe desiredpageis storedon a remotenode and
if so, GMS fetchesthe pagefrom thatnodeinsteadof from
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Figure 2. Nodes in GMS-3P.

disk. GMS usesalogically centralizedput fully distributed
global page directoryto locatepagesn globalmemory

GMS improvespagefaultlateng by two ordersof mag-
nitude if pagesare read from remote memory insteadof
disk. Remote-memorpagefault lateng is still high, how-
ever, comparedvith accesdo local pages.As aresult,|O-
intensive applicationsstill spendmostof theirtime waiting
for datato arrivein local memory evenwhenthereis suffi-
cientremotememoryto storethedata.

The goal of GMS-3Pis to automaticallyprefetchdata
from remotememoryusing GMS. We have confinedour-
selvesto remote-memoryrefetching becauserefetching
from disk presentsconsiderablechallengedor predictive
prefetching[1]. The main problemis that disk lateng is
solargethatit is necessaryo predictsubstantiallyfurther
into the future thanrequiredfor remote-memonyprefetch-
ing. We believe, thatthe GMS-3Pframework provideshope
for Markov-basedlisk prefetching put this beliefhasyetto
be confirmedby experiments.

Theremainderof this sectiondetailsour designin three
parts. First, we describethe overall architectureof the sys-
tem. Secondwe describethe additionmechanismaeeded
to run multiple prefetchalgorithms. Finally, we describe
our customizedcommunicatiorprotocolfor sendingtrace
datafrom thetargetapplicationto the predictionnode.

3.1. System Architecture

Figure2 outlinesthearchitectureof GMS-3P Thereis a
circlein thediagramfor eachnodeof interest. Arrowsindi-
catetheflow of messageamongthenodes.Thetargetnode
runsan application,sendinga list of its pagefaultsto the
predictionnode,which runsthe predictionalgorithm. The
directory nodestoresthe GMS directory entriesfor pages
in question.In thefigure, thedirectoryis shovn asasingle

node but, asdescribedbove, everynodestoresaportionof
the global directory;a pages directorynodeis determined
by computedasahashonits globally uniquename.Finally,
the storingnodestoresa copy of thetargetpagein its local
memory

The predictionnode maintainsa list of the pagesthat
arestoredby the targetnode. It updateshis list basedon
thereferencestreamit receivesfrom thetargetnodeandin-
formationit receivesfrom the GMS directory nodeabout
pagesthat are discardedby the target node. The predic-
tion node usesthis list to determinewhich prefetchcan-
didatesare storedon the target nodeand which shouldbe
prefetched.

To prefetcha page,the predictionnodesendsa request
messagéor the pageto the pages directorynode. The di-
rectorynodedeterminedf thepageis storedin globalmem-
ory andif soif forwardsthe requesimessagéo the storing
node.Finally, the storingnodeforwardsthe pageto thetar
getnode.

Whenprefetchedgagesarrive at thetargetnodethey are
storedin a fixed-sizeFIFO prefetchbuffer. If the prefetch
buffer is full, the pageat the endof the buffer is discarded
anda messagés sentto the predictionnodeto inform it of
thediscard.Whena pagein the prefetchbuffer is accessed
by anapplicationonthetargetnode thepageis movedfrom
theprefetchbuffer into thevirtual memorysystenor thefile
buffer cache,dependingon the natureof the access.The
role of the prefetchbuffer is to limit theamountof memory
consumedy prefetchegrageghathave notbeenaccessed.
As predictionis a speculatie processwe expectto predict
mary pagedhatareneveraccessedrhismechanisnis thus
neededo remove prefetchmistalesfrom the targetnode’s
memory

3.2. Multiple Prediction Algorithms

Multiple predictionalgorithmscanbeexecutedon asin-
gle predictionnodeor on multiple predictionnodesin par
allel. If multiple nodesare used,the target nodesendsits
traceinformation to a designatednasterpredictionnode.
This node thenforwardsthe traceto the other prediction
nodes.

Whenmultiple predictionalgorithmsareused,oneaddi-
tional testis performedprior to approving a candidatepage
for prefetching.Eachpredictionalgorithmmonitorstheac-
curag of its last few predictionsand only prefetcheghe
candidatef its currentaccurag is above athreshold.lt de-
terminespredictionaccurag using hysteresisy checking
to seehow mary of the pagest predictsactuallyappeaitin
theprogramsaccesgracewithin theexpectamountof time
following the prediction.

This approachallows the systemto run multiple predic-
tors that are eachdesignedto capturea different type of
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Figure 3. Sender and Receiver Rings in GMS-
3P.

accesgattern(e.g.,temporalocality vs. spatiallocality) in
suchaway thatwhena predictoris doingapoorjob it shuts
itself off andthus hasno impacton performance.A dor-
mantpredictorcontinuego recevve theapplications access
traceandto make predictions put thesepredictedpagesare
not prefected. Whenever the predictordetermineghat its
predictionaccuray hasrisenabove thethresholdjt imme-
diatelyresumegprefetching.

3.3. Trace Communication

A key goal of our systemis to minimize the overhead
predictionimposesonthetargetnode.It wasthusimportant
to provide an efficientmeandor the targetnodeto sendits
accesdraceto the predictionnode.

Our prototypesystemis implementedn a clustercon-
nectedby the Myrinet gigabit network. Myrinet network
interfacesareimplementedvith a host-programmablaet-
work processarWe modifiedthefirmwareprogranrunning
on this processoto provide a lightweight communication
mechanisnior tracedata.Usingthis modifiedfirmwarethe
faulting nodeis ableto senda traceentryto the prediction
nodeby performingoneprogrammed-I@eadandonewrite
to adaptomemoryin thecommoncase.Thetotal overhead
of theseoperationds lessthan2.2 us in our experimental
testbed.

Our modifiedcommunicatiormechanisnis depictedin
Figure3; it is connectiorbasedandconsistof two circular
buffer rings. The sendring is storedin memoryon-board
the sendingnodes network processoandthe receve ring
is storedin the receving nodes hostmemory Eachring
consistof a setof 32-bitentries.

The sendinghostmaintainsa pointerto the next avail-
able entry in the sendring. To senda messageijt uses
programmed-IQo readthe entry from the network proces-
sor's memoryto determinef the entryis actuallyfree. We

Location Latency (us)
Local Memory(unmapped 6
PrefetchBuffer 44
GMS RemoteMemory 209

Table 1. Page access latency seen by an ap-
plication program.

usesa uniquetag valueto indicatethat the entry is avail-
able.If so,thehostcompleteghe sendby writing the value
to be sentinto theentry. If not, the hostskipssendingthe
message.

The network processoron the senderalso maintainsa
pointerto the next availableslotin the sendring. It period-
ically checksthe valuestoredin this slot againstthe avail-
abletag,detectinga new valuewritten by thehostwhenthe
valueis it readsdoesnot matchthis tag. Whenit receves
a new value, it formulatesa messagesendsthe message,
writesthe “available” tagto thering entry, andadvancests
ring pointet

The procesdollowed on the receving nodeis similar.
Whenthemessagarrives,thenetwork processouseshost-
memoryDMA to copy therecevedvalueinto thenext avail-
ableslot in the receve ring and advancesits ring pointet
A threadon the receving host periodically polls the next
availablering slotwaiting for anew value.Whenit receves
thevalue, it copiesit into a datastructureaccessibléo the
predictionalgorithm,writesthe“available”taginto thering
entry, andadwancests own ring pointer

4. Performance Analysis

Our experimentswere conductedon a cluster of 266-
MHz Pentiumll PCswith 128-MB of memory running
FreeBSD2.2.5andwith a pagesizeof 4-KB. The PCsare
connectedy theMyrinet network thatuses33-MHz LANai
4.1 network processorsvith 1-MB of on-board SRAM.
Our prototypesystemfor GMS-3P modifiesthe Trapeze
Myrinet control programthat runson the LANai andthe
GMS systemintegratedwith FreeBSD.

4.1. Microbenchmarks

Table1 givesthe memoryaccesdateny seenby anap-
plicationprogramfor datastoredin un-mappedocal mem-
ory, the GMS-3Pprefetchbuffer,andGMSremotememory
The 44 us overheadassociatedvith accessinga prefetch
pageis the time requiredfor a pagefault to trap into the
kernel,locatethetargetpagein the prefetchbuffer, move it
from the prefetchbuffer, andmapit into thetargetapplica-
tion. A prefetchedpagecanbe accesseaearlyfive times
fasterthanaremotepage which requires209 us.
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Figure4 shows a timeline of the operationon different
nodesin the processf prefetching.It startswith the trace
collectionandendswith receving thepredictedoage.From
left to right, thetopline is thetracecollectionandcommuni-
cationoverheadnthetargetnode(2.2:s); thesecondine is
thepredictionprocessingn the predictionnode(26.s); the
next line is thelook up andrequesgeneratioronthe GMS
directorynode(GCD) (6us); the fourth line is the look up
and pageforwarding on the storing node (PFD) (75.7us);
andthelastline is the targetnodeacceptinghe prefetched
page(2.@s). Figure4 wascomputedusingthe Pentiumcy-
cle countertakingthe medianof 250 executions.

Figure5 depictsthe elapsedime on the active nodefor
the gms_getpage (i.e., pagefault) operationin the origi-
nal GMS systemandin GMS-3P Therearethreebars,one
for a GMS remote-memorypagefault, onefor a GMS-3P
prefetchhit, anda third for a GMS-3Pmiss. In the case
of a miss, the tarmget pageis fetchedon demandfrom re-
mote memory Eachbaris subdvided into threesections
thatshav: (1) the overheadon the target nodeto request

thepage,(2) thetime thetargetnodespendswaiting for the
pageto arrive in its memory and (3) the overheadon the
targetnodeto mapthatpage.

4.2. Application Performance

Spaceconstraindimit the amountof performancedata
we can presenthere. In the final paperwe will present
performanceesultsfor four applicationsusingGMS-3P:a
syntheticapplication,LU decomposition[8], the OO7 ob-
jectorientedbenchmarl4], andmatrix multiply.

Using the syntheticapplicationwe demonstrateéhatin-
creasingthe order and depthof the PPM predictionalgo-
rithm reduceghe applications 10-stall time. For example,
orderl, depthl reducedO-stall time by 10% comparedo
standardSMS, while order3, depth3 cutslO-stall time in
half.

Using the other applicationswe demonstratehat these
speedupscanberealizedby realprogramsFor LU decom-
positionusingorderl, depthl, 20% of pagefaultsarehits
in the prefetchcachethis numberincreaseso 33% for or-
der 3, depth3. The sizeof the PPMtrie is 5% of thetotal
problemsizefor order3, depth3, but only 1.5%for order
1, depthl. For OO7,IO-stalltime is reducedby afactorof
four.

5. Conclusions

This paper describes GMS-3R a novel predictive
prefetchingsystemthat usesidle workstationsto execute
Markov-basedgredictionalgorithmsin parallelwith atarget
application. The GMS-3Pon the applicationnodeusinga
lightweightcommunicatiorprotocolto sendthe addresof
every pagefault to a designategredictionnode. The pre-
dictionnodeusingthis informationto selectprefetchcandi-
datesandto determindf thesecandidatesrestoredby the
applicationnode. If not, GMS-3Pusing the GMS global
memorysystemto determinef the prefetchcandidatesre
storedon anothemodein the workstationclusterandif so,
sendsa messagéo thosenodesdirectingthemto sendthe
desiredpagedo theapplicationnode.

This approachimproves on previous work by offload-
ing predictionoverheado idle nodesandthuseliminating
the needto tradeof accurag for reducedoverhead.As a
result, GMS-3Pcanrun higherorderMarkov-basedpredic-
tion algorithmscomparedo previous systemsandcanalso
run multiple algorithmsin parallel. Hysteresisis usedto
determinewhich of the parallelpredictorsactuallyperform
prefetching.We believe that, by usinga systemlike GMS-
3R it is now possiblefor practicalsystemso fully realize
thepromiseof Markov-basegredictionto substantiallym-
prove therunningtime of mary I0-boundapplications.
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