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Abstract

Desktop computing remains indispensable in scientific
exploration, largely because it provides people with devices
for human interaction and environments for interactive job
execution. However, with today’s rapidly growing data vol-
ume and task complexity, it is increasingly hard for individ-
ual workstations to meet the demands of interactive scien-
tific data processing. The increasing cost of such interac-
tive processing is hindering the productivity of end-to-end
scientific computing workflows. While existing distributed
computing systems allow people to aggregate desktop work-
station resources for parallel computing, the burden of ex-
plicit parallel programming and parallel job execution of-
ten prohibits scientists to take advantage of such platforms.
In this paper, we discuss the need for transparent desktop
parallel computing in scientific data processing. As an ini-
tial step toward this goal, we present our on-going work on
the automatic parallelization of the scripting language R,
a popular tool for statistical computing. Our preliminary
results suggest that a reasonable speedup can be achieved
on real-world sequential R programs without requiring any
code modification.
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1 Introduction

Pawerful parallelcomputersareincreasinglyreliedupon
in scienti ¢ exploration, but thesehigh-endfacilities of-
tenlack meansof directinteractionwith scientistysuchas
throughadisplaydevice). Further thesesystemsareshared
resourcesnormally located off-site and accessedhrough
batchschedulers.Therefore desktopcomputingwill con-
tinue to be an indispensablepart of high-performance
computingwork ows. By allowing direct interactionbe-
tweenend-usersindtheir programs/datggersonatomput-
ers form a window by which peopleinterface daily with
high-endcomputing/storagtacilities. Eventheheaviestsu-
percomputeusersperformpartof their tasks,suchasdata
visualization,on personalcomputers. However, with the
growth speedof high-endsupercomputerandinstruments
(e.g., the aggregate FLOPS suppliedby the world's No.1
supercomputehasincreasedby 800 timesin the past10
years),andconsequentlyhe rapid growth of datavolumes
generatedy thesesystemdb, 8, 7], it is dif cult for indi-
vidual PCsto catchup evenwith the highestcon guration.
As a result, limited throughputin interactve (as opposed
to batch-modejlesktopprocessingftencompromisepeo-
ple's productvity in using powerful remote systemsand
slows down scienti ¢ explorationcycles.

Meanwhile, PCs have bursty workload since they are
also usedfor daily taskssuchas email and text process-
ing, andtheir ownersdo not usethemconstantly In fact,
large portionsof desktopcomputing/storageesourcessit
idle [1, 10]. Suchidle resourcespnce aggreyated, will
signi cantly boostthe performanceand capacityof scien-
tists' desktopprocessing.Most importantly we arefacing
a historicalopportunityfor developingthe next-generation
desktopresourceaggreation infrastructure: as the chal-
lengeincrease$or sustaininghespeedyrowth predictedby
Moore's Law dueto power limitations, leadingchip manu-



facturerssuchaslintel andAMD have directedtheir devel-
opmentefforts to multi-core processorsTheseprocessors
bringunprecedentekdardwareparallelismto ordinarydesk-
top machines.As exploiting parallelismin traditional per
sonalapplicationgnayoftenbelimited by theinherentlyse-
quentialprocessingnannernf thehumanbrain,it is natural
to explore aggreatingidle hardwarefor runningdemand-
ing scienti c computingjobsasa secondaryvorkload.

Harnessingdle resource®n networked personalwork-
stationsfor running parallel/distriluted jobs is not a new
idea. However, this computationmode hasnot becomea
main-streamoption in scienti ¢ dataprocessing. One of
the key problemswith existing systemsis that much ef-
fort has been focused on resource aggregation and manage-
ment, with little emphasis on enabling easy parallel appli-
cation development. Scientistsareoftenexpectedo explic-
itly parallelizetheir existing sequentiabpplicationswhich
is a very demandingandtime-consumingask, usuallyre-
quiring both carefulprogrammingandintensive delugging.

Evenwhenscientistsarewilling to spendthe time and
effort parallelizing their codes,it is hard for the paral-
lelized codeto run in the networked desktopworkstation
contet. Traditionalparallelprogrammingnterfaces(such
asMPI, PVM, andOpenMP)expectreliableandhomoge-
neousodes.In particular asthedefactostandardor paral-
lel programmingMPI requiresprogrammerdo de ne ex-
plicit datadistribution and inter-processoicommunication
schemesgven when supportedon heterogeneousgynreli-
ablesystemd6]. This requirementvorkswell for simula-
tions running on dedicatednodesin batchmode,but does
not t thedynamicandopportunisticdesktopervironments
wherescientistsun their dataanalysisor visualizationap-
plications. While thereexist e xible interfacesfor master
worker styleparallelcomputinghroughprogrammingPls
ortoolslike DAGMan[4], they still requireusersexplicitly
composédhe masterworker framework.

To provide desktopparallelcomputingasa generalser
vice to assistscientistdn their daily dataanalysiswe need
to nd outhow they caneasilyparallelizetheir crucialand
time-consumingapplications. Or better we wantto auto-
matically parallelizesuchcodesin a transparenaind e xi-
ble way thatis suitablefor opportunistigparallelcomputing
onunreliableidle nodes.

In this paperwe presenbur on-goingwork towardsau-
tomatically parallelizingonetype of commondesktopsci-
enti c computingtasks:dataprocessingisingscriptinglan-
guagessuchas Matlab and Python. More speci cally, we
aregoingto focuson R [11], a popularlanguageandervi-
ronmentfor statisticalcomputing.Techniqueslevelopedin
ourwork, however, may applyto otherhigh-level scripting
languages.

The restof the paperdescribeR, our automaticpar

allelization and executionframework for R.2 pR borrovs
the parallelizing compiler technologyto perform whole-
programdependencanalysisand couplesit with runtime
analysisaswell asdynamictask scheduling.Our prelimi-
nary resultsshav that pR produceggood speedupwithout
ary modi cation to thesequentiascript. Althoughour cur
rently prototypestill runsin batchmodeonacomputerclus-
ter, the pR designallows it to be extendedto the desktop
ervironmentand interactve executionin a fairly straight-
forwardway. Giventhe penasive useof scriptinglanguage
tools and the increasingamountof datato be processed,
sucha framework will be ableto increasescientists'data
analysisproductvity without bringing them the hassleof
traditionalparallelcomputing.

2 The pR framework overview

R [11] is anopen-sourcesoftwareandlanguagé€or sta-
tisticalcomputingandgraphicswhichis widely usedby the
statistics pioinformatics,engineeringand nance commu-
nities. It hasa centempartthatwasdevelopedby its corede-
velopmenteamandprovidesadd-onhooksfor externalde-
veloperdo write andaddextensionpackagesTheR source
codeswerewritten mainly in C. R canbe usedon various
platformssuchasLinux, MacintoshandWindows andcan
bedownloadedrom the CRAN (ComprehensieR Archive
Network) site at http://www.r-project.og/.

R is aninterpretedanguagewhosebasicdatastructure
and entity is an object. Internally an R objectis imple-
mentedasa C structSEXPREQwhosenamingroughlycor-
responddo a Lisp “S-expressiori. For example,an object
may be a vector of numericvaluesor a vectorof charac-
ter strings. R alsoprovidesa list, an objectconsistingof a
collectionof objects.

R canbeusedin bothinteractive andbatchmodes.Our
currentpR prototypetargetsbatchmodeexecution,while
our next stepis to extendit to supportinteractize runs. In
thebatchmode,anR scriptis suppliedasa le andexecuted
from the R prompt. Resultscanbe written into output les
or retrieved from the standardoutputasin the interactve
mode.

A detaileddiscussionof relatedwork in parallelizing
high-level scriptinglanguagesanbefoundin ourtechnical
report[9]. Herewebrie y describesereralexisting parallel
R toolsor ervironments.

2An expandedversiondiscussingdR in moredetailsis currentlyunder
submissiorfor publication[9].



LibrariessuchasRmpi[16] andrpvm[13] providewrap-
persto popular parallel programmingpackagedike MPI
and PVM. Usersof theselibraries needto explicitly or-
chestratehe messageassingin the parallel executionof
their scripts. Anothercateyory of tools, including our own
RScalLARACK [14, 15], supporttransparentxecution of
standardR functionsby usingexternalnumericalcomputa-
tion packagesuchasthe ScalL ARACK library [2]. How-
ever, this type of tools cannotexploit task parallelismand
are only suitablefor closely coupled,homogeneougrvi-
ronments.

The snav packageg[12] is probablythe closestrelated
projectto our framawork, in the sensehatbothtoolsallow
usersto parallelizeindependenbperations. snov works
with interactve executionwhile pR currentlyonly supports
batch-moderuns. However, pR's parallelizationis much
moregeneralfor example,it canparallelizetwo heteroge-
neousfunctioncalls),andunlike snowv, pR doesnotrequire
any modi cation to thesequentiaR sourcecode.

Our key obsenationis thatthe usepatternof high-level
scripting languagesis signi cantly different from those
of general-purposeompiledlanguagesuchas C/C++ or
Fortran. Most R codesare composedof high-level pre-
built functions [3] typically written in a compiled lan-
guagebut madeavailable to R ervironmentthrough dy-
namically loadablelibraries. On the other hand, while
userswould not frequently write their own nestedloops
to implementtasks such as matrix operations(as mary
such operationsare already provided by R), loops are
widely usedto carry out similar tasksrepeatedlysuchas
Markov Chain Monte Carlo, bootstrapsamplingor lik eli-
hood maximizationor going througha collection of data
les. These“coarse-grained’operations,comparedwith
“ne-grained” loopsusedin numericalfunctions,typically
havelessinter-iterationdependengandhigherperiteration
executioncost,makingthemideal candidategor data-level
parallelization.

As aresult,in designinghis proof-of-concepparallelR
framawork, we focuson parallelizingtwo typesof opera-
tions: function calls andloops. In a typical computation-
intensive R program(and programsin otherlanguagess
well), thesetwo form the bulk of theexecutiontime. To our
bestknowledge pRis theonly systenthatperformswhole-
programautomaticparallelizationof a scripting language
(thestateof theartin parallelscriptinglanguagevasnicely
summarizedor Matlab [3] andthe discussioralsoapplies
toR).

Here we highlight the two major innovationsin the
most recentpR design. The rst oneis runtime analy-
sis/parallelization. We performdynamicdependenganal-
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Figure 1. pR Architecture .

ysisbeforeinterpretingR statementsindidentify tasksand
loopsthat canbe parallelized.This allows usto go beyond
loop parallelization,which hasbeenthe primary focus of
parallelizingcompilers,to alsoexploit taskparallelismbe-
tweenary two statementsln addition,we performincre-
mental analysisthat delaysthe processingof conditional
branchesand dynamicloop boundsuntil the relatedvari-
ablesareevaluated.

To parallelizean entire programat the granularity of
individual statementshowever, may generatetoo much
schedulinganddatacommunicatioroverheadandhurt the
overallperformanceWe addresshis with our secondnno-
vation - a selective and asymmetric parallelization model.
Insteadof generatinga symmetric Single ProcessMulti-
ple Data(SPMD) type of parallelcodeusingone or more
“fork-join” sessionswe adopta mastesworker paradigm
that only “outsources”the expensve jobs (i.e., function
callsandloops)to the workers. All thelight-weightopera-
tions,suchassimplestatementandconditionalstatements
thatdo notcontainany loopsor functioncalls,areexecuted
locally by the master This selectve andasymmetrigparal-
lelizationapproactreduceghe parallelexecutionoverhead
aswell asthecommunicatiorcost.

Thekey featureof pRis thatit dynamicallyandtranspar
ently analyzesa sequentiaR sourcescriptandaccordingly
parallelizesits execution. The resultsof partial execution
are collectedto performfurther analysisat run time. The
framawork is built ontop of anddoesnot requireary mod-
i cations to the native R environment. Internally, the MPI
library is usedfor internodecommunication.

Whenusersrun their R scriptsin parallelusingpR, one
of the processorsthe onewith the MPI rank0, is assigned
asthemaster node, while the othersbecomeworker nodes.
As shawvn in Figurel, thereis anR processunningon the



masterandeachof theworker nodes.This processxecutes
individual R tasks:functionsandparallelizedioopson the
workersandall the othertaskson themaster

The basicexecutionunit in pRis anR rask (or task for
brevity), which is the nest unit for scheduling.A taskis
essentiallyone or multiple R statementgroupedtogether
asaresultof parsing,dependencanalysisandloop trans-
formation. A taskcanbe a part of a parallelizedloop, a
standardfunction call, or a block of other statementde-
tweenthesetwo typesof objects. As showvn in Figurel,
thereis anR processunningon the masterandeachof the
workernodes.This processxecuteR tasks:functionsand
parallelizedoopson theworkersandall the othertaskson
themaster

The major compleity of pR residesat the masterside,
which performsdynamic code analysis,on-the- y paral-
lelization,taskschedulingandworker coordination.These
arecarriedout by two componentsan analyzer anda par-
allel execution engine.

The analyzerforms the front-endof our pR system.Its
primary functionality is to perform syntacticand semantic
analysisof R scripts. SuchanalysishelpspR identify exe-
cutionunitsandtheir precedenceelationshipto exploit task
anddataparallelism.

The parallelexecutionengineworks asthe back-endof
pR andtakesinput from the analyzer It is responsibldor
dispatchingtasks,coordinatingthe communicatioramong
theworkers,supervisinghelocal R processingandcollect-
ing results.

The analyzerpauseswhere static analysisis not suf-
cient to perform parallelization, such as conditional
branchesandloopswith dynamicbounds.The analyzere-
sumesits analysisafter the parallel executionenginepro-
vides appropriateruntime evaluationresults. In this case,
theseresultsarefed-backto the analyzerasshown in Fig-
urel.

Eachof the worker nodesalsohasa front-endprocess,
which interactswith the masterand other worker nodes.
This way, datacommunicationcan be performedwithout
interruptingthe R taskexecutioncarriedout by the R pro-
cess. The front-end processnmanageshe data, tasks,and
messagefor theworker. It suppliestheR processwith task
scriptsandinput data,andcollectsthe outputdatafrom the
latter.

The inter-node communicationin pR is performedvia
MPI, while the inter-processcommunicatioron eachnode
is performedvia the UNIX domainsoclets.

3 Preliminary results

In this section,we give partof our experimentalresults
in evaluatingpR. Our experimentswere performedon the
clusterlocatedat NCSU, which has16 2-way SMP

35 T T T T T T
. PR
30 | pR-ideal —5— i
25 —
g 20} .
el
[0}
a
& 15+ -
10 -
5 - .
0 1 1 1 1
1 2 4 8 16 32

Number of Processors

Figure 2. Performance of pR with the Boost
application.

nodeseachwith two dual-coreAMD Opteron265 proces-
sors.Thenodeshave 2GB memoryeachandareconnected
using Gigabit Ethernetand run FedoraCore 5. A single
NFSsenermanage§50GBof sharedRAID storage.

Consideringhespacdimit, herewe only presentesults
from Boost,a real-world applicationthatwe acquiredfrom
the StatisticsDepartmentat NCSU. This codeis a simu-
lation study evaluatingan in-houseboostingalgorithmfor
the nonlineartransformatiormodelwith censoredurvival
data. The nonlineartransformatiormodelis comple, and
theboostingalgorithmis computationallyintensive. More-
over, the simulation study often requiresa large number
of repeateddatagenerationand model tting, andthe to-
tal computationatime canbeforbidding.

The bulk of computationin Boostis spenton a loop,
whichcontainsotherloops. Theonly modi cation we made
to Boostbeforerunningit in pRis to changehe numberof
iterationsin oneinnerloop (whichis notparallelized}o re-
ducetheexecutiontime,astheoriginal coderunsfor dozens
of hours.

Figure 2 shows the speedupmf running Boostwith pR,
on 2 to 32 processorsyith the “1 processor'data point
marking the sequentialrunning time of Boostin the na-
tive R environment.We alsoplot theideal speedugor pR,
which growslinearly with the numberof workers(notethat
the masterdoesnot carry out ary heary-weight computa-
tion). For example,with 8 processorghe ideal speedup
is 7. Theresultsindicatethat the actualpR performance,
including all the preprocessinganalysis,and scheduling
overheadfollows theideal speedupprettywell, until when
thereare 15 workers. Up to this point, the R taskcompu-
tationtime still decreaseBnearly, but the pR initialization
and datacommunicationoverheadbecomesamore signi -
cant(Tablel1 will give moredetails). The overall speedup



with 15workersis 13.5. Whenthe numberof processorss
increasedo 32, thegapbetweertheideal speedumndthe
pR actualperformancewvidens: the actualspeedugs 24.7
ratherthantheidealspeedupf 31. Thisis mainly dueto the
factthatthe contentiorbetweerthetwo processorsneach
SMP node,asthe computatiorspeedugthe speedupn ex-
ecutingBoost's main loop) dropsto aroundl1.5from 16 to
32 processorsMeanwhile,the pR overheadalsoincreases
whenbothprocessorsnanodeareused.

2 4 8 16 32
Initialization 0.05| 0.13| 0.31 | 0.65| 1.28
Analysis 0.00 | 0.00 | 0.00 | 0.01 | 0.04
MasterMPI 0.00 | 0.00 | 0.00 | 0.00 | 0.01
Max wkr. serial. | 0.42 | 0.69 | 1.15 | 2.05 | 3.19
Max wkr MPI 0.00 | 0.03 | 0.07 | 0.15 | 0.26
Max wkr soclet | 0.01 | 0.01 | 0.02 | 0.04 | 0.05

Table 1. Itemized overhead with the Boost code, in per-
centage of the total execution time. The sequential execu-
tion time of Boost is 2070.7 seconds.

Tables1 lists the itemizedoverheadmeasuredrom the
Boosttests,in the percentagef the total executiontime.
E.g.,“0.05" in a cell means0.05% of the total execution
time is spenton this particularcateyory of overhead.

We measuresix typesof pR overhead. “Initialization”
includesthe costof initializing the masterand the worker
processegerformingtheinitial communicationandload-
ing necessariibraries.“Analysis”includesthetotal depen-
denceanalysigime. “MasterMPI” is the sumof time spent
onmessageassingftertheinitialization phaseonthemas-
ter node. The next threecateyoriesstandfor the dataseri-
alization,inter-nodecommunicatior(MPI), andintra-node
communication(soclet), respectiely. The dataserializa-
tion standgor the processvherethe underlyingR erviron-
mentpacksandunpacksR dataobjectsinto buffers.

For eachtypeof operationwe sumup thetotal overhead
spenton suchoperationson eachworker, andthenreport
the maximumvalueacrossll theworkers.

From Table 1, we seethat the analysisand the master
node schedulingoverhead(from the MPI communication
time atthemaster)arebothquitesmall, evenwith 31 work-
ers.Initialization, ontheotherhand,steadilyincreasesvith
the numberof workers,becausghis processnvolvesload-
ing libraries at the workers. This overheadgrows as the
I/O contentionincreasesgspeciallywith the NFS sener
equippedat our testcluster

The worker-side overheadheavily relies on how data-
intensive anapplicationis. With Boost,the total amountof
datadistributedacrosgheworkersis around1lOMB, andthe
dataserializationand messagassingoverheadmay take
asmuchas3.5% of the total executiontime. In particular
we have foundthatthe R serializationproceduras signi -

cantlyslowerthantheinterprocessocommunication.

Overall, it appearghatthe analysisandschedulingpro-
tocol of pR is quite ef cient, while the dataserialization
procedureprovidedby R requiresalot of improvement.

In our other experiments[9], we have comparedthe
performanceof pR with that of the snawv package[12],
which exploits embarrassinglyarallel tasksand doesre-
quire codemodi cation. We usedtwo synthetictestcases,
onecomputation-intensie andthe otherboth computation-
anddata-intensie. We have foundthat pR matchesnav's
performancgachieving a nearly linear speedup)with the
rst code,andsigni cantly outperformssnowv with the sec-
ondone.

4 Discussion

With pR,we madethe rst steptowardtransparendesk-
top parallelcomputing.Basedon our experienceof imple-
mentingand evaluatingpR, we are corvinced that script-
ing languagesre (1) suitablefor parallelizationdueto the
alundanceof bothtaskanddataparallelismin userapplica-
tions, and(2) readycandidategor runtime,automaticpar
allelizationdueto their limited syntaxandthe interpreted
natureof their execution.

Although it is much more challengingto perform au-
tomatic parallelizationon desktopdataprocessingpplica-
tionsin generalwe believe thatthis rst stepattacksawide
rangeof tools that are usedextensiely in mary elds of
sciencegspeciallyfor dataanalysis.With frameworkslike
PR, userscansimply run their sequentiatodein a parallel
ervironment,withoutseeingary detailsregardingtask/data
decompositioninter-processcommunicatiorand synchro-
nization,andtaskscheduling.

However, as mentionedearlier our currentsystemtar
getsbatch-modexecutionon a traditionalmulti-processor
platform,while the ultimategoal of our projectis to enable
transparentjnteractive parallel computingon distributed
desktopmachinesin the next phaseof the project,we plan
to approachhis goalin two directions.

First, we plan to enableinteractive executionwith pR.
SincepR canalreadyperformincrementatiependencanal-
ysis, conductingonline parallelizationwhile a usertypes
in commandss not dif cult. However, we mustdealwith
the dataplacement/communicatioproblem: the dataac-
cesgatternis notknown in advance . While transferringall
intermediateesultsto the client machinemay signi cantly
increasedatatraf c, it canreducethe responsdime if the
userdirectly requestghe data. One possiblestrateyy is to
intelligently replicatedataobjects,sothatthe client canre-
trievetheintermediater nal outputquickly, while thedata
locality of subsequentomputatiorat theworker nodescan
still be exploited.

Thesecondstepis moredemandingwe will improve pR



to work onheterogeneousndunreliabledesktopmachines.
This requiresus to have more e xible parallelizationand

schedulingschemesaswell asappropriatefault-tolerance

measureskor one,the currentproof-of-conceptmplemen-
tation of pR hasnot takeninto accountissuessuchasload
balancingor locality-avare scheduling. Theseissueswill
becomevery importantwhenwe move to the desktopen-
vironment, with large differencesbetweenindividual ma-
chines'computationcapacity aswell asmuchlower inter-
nodecommunicatiorperformancehanon clusters.Finally,
alarge-capacitysharedle systemis oftennot availablein
adesktopervironmentandwe have to dealwith distributed
I/O too.

5 Conclusion

In this paper we gave the motivation for interactve,
transparenparallelcomputingin an opportunisticdesktop
ernvironment.We presente@R,anautomaticuntimeparal-
lelization framework for the popularR scriptinglanguage,
asour initial effort in bringing transparenparallel com-
puting to assistscientists'in their increasinglydemanding
desktopdataprocessingasks.

With our preliminary resultsobtainedthrough pR, we
shav thata reasonablespeeduganbe achievedon areal-
world statisticsapplicationwithout ary modi cation to the
sequentiabourcecode. With extensiongo handleinterac-
tive workloadsaswell asheterogeneousndunreliablema-
chines,we expectto enablescientiststo make useof idle
workstationresourcesroundthemto run mary datapro-
cessingscriptswithout changingeitherthe executioninter-
faceor thescriptsthemseles.
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