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Abstract

Somedatasetsandcomputingenvironmentsarelargeandinherentlydistributed.For example,image

datamaybegatheredandstoredatdifferentlocationsfor laterprocessing.Althoughdataparallelism

is a well-known computationalmodel, thereare few programmingsystemsthat are both easyto

program(for simpleapplications)andableto work acrossadministrativedomains.

We introduceTrellis-SDP,a simpledata-parallelprogrammingsystemthat facilitatestherapid

developmentof data-intensive applications.Trellis-SDPis layeredon top of theTrellis infrastruc-

ture, a softwaresystemfor creatingoverlay metacomputers: user-level aggregationsof computer

systems.Trellis-SDPis basedon�le-le vel dataparallelismandprovidesaMaster-Workerprogram-

ming framework in which the worker componentscanrun self-contained,new or existing binary

applications.We describethedesignandimplementationof Trellis-SDPinterfaces,includingdata-

parallelinterfacesandcollective-communicationinterfaces.We evaluateour programmingsystem

with threesimpledata-parallelapplicationsandonenon-trivial seismicdataprocessingapplication.
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Chapter 1

Intr oduction

Dataparallelismis awell-known programmingmodel[37]. However, with thedevelopmentof dis-

tributedcomputingplatforms(suchasclusters,metacomputersoverawide-areanetwork (WAN) [12],

andgrids[14]), it canbedif�cult to write anddeploy evena simpledata-parallelapplication.This

is unfortunatebecausemany problemsarenaturallydataparallel. For example,many problemsin

informationretrieval, sorting,andsearchinghave inherentlydata-parallelphasesandregularcom-

municationpatterns,which arecharacteristicsof simpledata-parallelapplications.Parallelizingan

existing applicationin theseareasmayrequireporting(e.g.,usinga message-passingsystem)and

accessto sourcecode. However, messagepassingcanbe complicated,andthe applicationsmay

bein binary-onlyform. With theprevalenceof inherentlydata-parallelapplicationsanddistributed

computingplatforms, thereis a needfor a simple data-parallelprogrammingsystemfor simple

data-parallelproblems. Furthermore,as disks becomelarger andcheaper, scienti�c applications

areusingthis advantageto generateandconsumemoredatasets.Whenthe total amountof data

becomesoverwhelmingandgrows beyondthetransmissioncapacityof theunderlyingnetwork in-

frastructure,certaindata-handlingmechanismsmustbe taken into considerationto accommodate

this change[23].

We introduceTrellis-SDP,a simpledata-parallelprogrammingsystemthat facilitatestherapid

developmentof data-intensive applications.Trellis-SDPis layeredon top of theTrellis infrastruc-

ture, a softwaresystemfor creatingoverlay metacomputers: user-level aggregationsof computer

systems.Trellis-SDPis basedon�le-le vel dataparallelism(i.e.,dataparallelismwithin �les instead

of in-memorydatastructures(Section3.1))andprovidesaMaster-Workerprogrammingframework

in which theworker componentscanrun self-contained,unmodi�ed, new or existingbinaryappli-

cations.

The main designgoal of Trellis-SDPis to make the programmingof data-paralleland data-

intensiveapplicationsovera metacomputerassimpleaspossible.Basedon our experience,a large

numberof meaningfulscienti�c applicationsarewell-suitedto beparallelized.However, theeffort

requiredto port thesecomputationsoverthemetacomputersmaybedaunting.For example,without

aproperdata-parallelprogrammingsystem,anapplicationassimpleasadistributedgrep (aregular

1



expressionpatternmatcheron distributeddata)canbedif�cult to write. By usingTrellis-SDP,we

areableto implementthis distributedgrep in lessthan40 linesof code.

Figure1.1showsthecompletecodefor themastercomponentof thetrellis grep program.

At line 12 and16 , a grep operationanda metadata�le, a physically-distributedbut logically-

contiguous�le (discussedin detailin Section4.2)areprovided.At line 20,acall to thetrellis_

scan() functionis madeto invokethegrep operationonremotehosts.At line 25,thetrellis_

scan_readall() functionis calledto readin theresults.Wewill explainthiscodein moredetail

in Section4.3.1.

In this thesis,we describethe designandimplementationof Trellis-SDP,including the back-

groundconceptsandthe applicationprogramminginterface(API), e.g.,the data-parallelinterface

andthecollective-communicationinterface. We evaluateour programmingsystemwith threerel-

atively simple data-parallelapplications(i.e., trellis grep , Content-BasedImageRetrieval

(CBIR) andParallelSortingby RegularSampling(PSRS))andonenon-trivial seismicdataprocess-

ing applicationwith 6 GB of input data.

1 #include <string>
2 #include <stdio.h>
3 #include <trellis.h>
4 #include <trellis_sdp.h>
5
6 int main(int argc, char * argv[]){
7
8 Trellis_Request request;
9 Trellis_Status status;

10 void * buffer;
11 char * grep_arg = argv[1];
12 char * metafile = argv[2];
13 string op;
14 int items_read = 0;
15
16 op = "grep " + string(grep_arg);
17
18 trellis_init(argc, argv);
19
20 if(trellis_scan(metafile, op.c_str(), &request)<0){
21 fprintf(stderr, "Scan Failed\n");
22 exit(-1);
23 }else{
24
25 items_read = trellis_scan_readall(&buffer, Trellis_CHAR, request);
26 trellis_scan_wait(request, status);
27 }
28
29 trellis_finalize();
30 if(items_read > 0)
31 printf("%s\n", (char *)buffer);
32
33 return 0;
34 }

Figure1.1: The completecodefor the mastercomponentof the trellis grep program. The
workercomponentsareUnix grep executables.Section4.3.1providesamoredetailedexplanation
of this code.

1.1 The Trellis Project

Trellis-SDPis designedto be a part of the whole Trellis metacomputingsystem.A Trellis meta-

2



computeris a virtual, batch-processingand capacity-orientedcomputer[7]. The currentTrellis

metacomputercontainsa batch-schedulersystembasedon placeholderschedulingfor CPUalloca-

tion [29], a securityinfrastructurebasedon the SecureShell (ssh ) softwaresystemfor authenti-

cationandauthorization(i.e., Trellis SecurityInfrastructure[26]), anda distributed�le systemfor

global�le sharing(i.e.,TrellisNFS[7]). Trellis-SDPis oureffort to integrateasimpleprogramming

systeminto Trellis.

1.2 Moti vating Application Domain

Applicationsin many researchareasinvolve processingof a large amountof data. A typical do-

mainof applicationis informationretrieval. As a concreteexample,let ussupposethata company

is providing a servicefor content-basedmusicretrieval (CBMR), which takesa clip of singingor

hummingfrom aclientandthensearchesthroughthemusicdatabaseto �nd thetop10most-similar

songs. If the databaseis too large to �t on onesystemand/oris alreadydistributed, it would be

impracticalfor theserver to readin all thedataandperformpitch/rhythmextraction[22] andcom-

parisonalgorithmsonasinglesite. Instead,onecanchooseto shipthemusicfeature-extractionand

feature-comparisonfunctionsto thesiteswheredataresides,andperformtheoperationsthere.This

functionshippingandremoteexecutionmechanism(Section2.1.2)not only makesfull useof the

computationalpoweroneachsite,but alsogreatlyreducesthetraf�c over theWAN.

Anothersimilar exampleis thecontent-basedimageretrieval (CBIR) application,which takes

a sampleimageandreturnsthe top N matchingimagesfrom the imagedatabase.We discussthe

CBIR applicationfurtherin Chapter5.

It is for thepurposeof functionshippingandremoteexecutionthatwe initiatedtheresearchon

Trellis-SDP,which is designedto supporttheeasyandef�cient programmingof applicationssuch

asCBMR andCBIR to handlelargecollectionsof distributeddatasets.

1.3 Contributions

Thereareanumberof existingparallelprogrammingframeworksandeachof themtargetsdifferent

applicationsandplatforms.Thecontributionsof our programmingframework arethefollowing:

1. Trellis-SDPprovidesa simpleMaster-Workerprogrammingframework (Section3.3) that fa-

cilitatestherapiddevelopmentof data-intensive andnaturallydata-parallelapplicationson a

wide-areanetwork.

2. Trellis-SDPintroducesthemetadata�le thatrepresentsthenaturally-distributeddata.This fa-

cilitatesthewriting of anon-trivial data-parallelapplicationwith data-parallelandcollective-

communicationphases.

3



3. For many data-parallelcodes,Trellis-SDPallows the loosely-coupledworkersto run exist-

ing, sequentialandunmodi�edbinaries;themasterandworker binariescanbe separate.In

contrast,many parallelprogrammingsystemsrequirethe applicationto be recompiledinto

a single,tightly-coupledbinary(e.g.,typical OpenMPandMPI (MessagePassingInterface)

applications).

1.4 Concluding Remarks

In this chapter, we discussedour motivationfor building Trellis-SDPandgave anexampleof how

Trellis-SDPcanbeused.We alsopresentedthecompletesamplecodeof a distributedgrep appli-

cation(Figure1.1) to show thatit canbesimpleto implementa non-trivial data-parallelapplication

usingTrellis-SDP.In the next chapter, we discussthe backgroundknowledgeon which our pro-

grammingsystemis basedandreview someof therelatedwork in this �eld.
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Chapter 2

Background and RelatedWork

In thepreviouschapter, weintroducedtheTrellisprojectanddiscussedthemotivationfor developing

the Trellis simpledata-parallelprogrammingframework, Trellis-SDP.In this chapter, we present

somerelatedbackgroundconceptsthat in�uenced thedesignandimplementationof our work. We

alsooutlineseveralpreviousprojectsthatarerelevantto our �eld of interest.

2.1 Background Concepts

2.1.1 Data Parallelism vs. TaskParallelism

To achieve goodperformanceon distributed-memorymulticomputers,two parallel programming

paradigmsare most-commonlyused: task parallelism and data parallelism. In the task-parallel

programmingparadigm,a programconsistsof a set of dissimilar (or similar) parallel functions

thatinteractwith eachothervia explicit communicationsandsynchronizations.In thedata-parallel

programmingparadigm,a programconsistsof a seriesof operationsthatareappliedidentically to

all elementsof a largedataset,whichcanbedecomposedanddistributedamongmultiplemachines.

Figure2.1showsexamplesof a task-parallelwork�o w andadata-parallelwork�o w.

Themajoradvantagesof taskparallelismareits generalityand�e xibility . Taskparallelismem-

phasizesthecommunicationbetween,andcoordinationof differenttasks,makingit moreapplicable

for exploringapplicationsthatuseirregulardatastructures.Thedisadvantageis thatextraeffort may

be requiredfor the programmerto explicitly createparallel tasksandmanageall the communica-

tionsandsynchronizations.Changingthecommunicationpatternof aprogrammayentailsigni�cant

modi�cationsto theprogramsourcecode.

Themajoradvantagesof dataparallelismareits simplicity andscalability. Sinceoperationsare

appliedidenticallyto dataitemsin parallel,theamountof parallelismis primarily determinedby the

datasizeof theproblem.Higheramountsof parallelismmaybeexploitedby simplyexpandingthe

sizeof theproblems.In practice,many scienti�c applicationsarenaturallydata-parallelat different

levelsof thestoragehierarchy, from instruction-level dataparallelismto �le-le vel dataparallelism.

We will discuss�le-le vel dataparallelismin moredetail in Section3.1. The major disadvantage
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Figure2.1: TaskParallelismvs. DataParallelism. (a) Taskparallelismwork�o w; (b) Dataparal-
lelism work�o w.

of dataparallelismis that it is not asgeneralas taskparallelism. For applicationswith different

operationsondifferentdata,it is probablyeasierto utilize task-parallellanguages.

As taskparallelismanddataparallelismeachhave strengthsandweaknesses,it canbe inter-

estingto integratethesetwo whensolving a complicatedapplication.For example,in large-scale

simulations,theremay be multiple modelssimulatedsimultaneouslyvia taskparallelism. Within

eachsimulatedmodel,thecomputationcouldinvolvesigni�cant dataparallelism.

The major differencesbetweentask parallelismand dataparallelismare summarizedin Ta-

ble 2.1. Note that someof the comparisonsare generalizations.For example,data-parallelap-

plications,in general,operateon regulardatastructures;however, therearealsodata-parallelappli-

cationswith irregulardatastructures,suchassparse-matrixmultiplications.Similarly, therecould

betask-parallelapplicationswith very largedatasizes.

In this thesis,we exploreprimarily singleprogram,multiple data(SPMD)programswith very

largedata-parallelphases.

2.1.2 Data Locality and Function Shipping

Onecritical issuerelatedto dataparallelismandtaskparallelismis thelocationandsizeof thedata

to be processed.It is quite commonin a metacomputingenvironmentthat theexecutableandthe

correspondingdataarenot locatedat thesamecomputingsite. In this situation,onecanchooseto

move thedatato wheretheexecutableis located,or vice versa,in orderto maximizeperformance.

In a casewherethe datasize is large and the processingis relatively simple, it is wise to move
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TaskParallelism Data Parallelism

De�nition Eachprocessorperformsa
differenttask

Eachprocessorworkson a
different part of the same
data

DataStructure Irregularor regular Regularor irregular

CommonDataSize Relatively small Large

Advantages Flexible andgeneral Simpleandscalable

Disadvantages Extra effort to manage
communicationsand syn-
chronizations

Lessgeneral;
limited applicability

TypicalExamples Traveling SalesmanProb-
lem;
GameTreeSearch

DatabaseSearch;
Matrix Multiplication

Table2.1: A comparisonbetweenTaskParallelismandDataParallelism.

the executableto wherethe datais located. In this way, not only can the computingpower on

individualhostsbefully utilized,thetraf�c overthewide-areanetwork is alsosigni�cantly reduced.

This techniqueis calledfunctionshippingandremoteexecution(Figure2.2),andis actuallybeing

implementedatdifferentlevelsof thestoragehierarchies.A typicalexampleof functionshippingis

ActiveDisks[30], whichimplementsthis ideaat thedisklevel. ActiveDisksis astoragesystemthat

consistsof signi�cant processingpower andon-diskmemorycapacity(Figure2.3). Application-

level processingcan be performedon the Active Disks, which can potentially reducethe traf�c

over the systembus, especiallyunderI/O-boundworkloads. Commonapplicationsaredatabase

operations(suchasselect, join andaggregation) or any �ltering-type operations.Thereareseveral

existingprogrammingmodelsproposedfor ActiveDisks[1].

2.1.3 Master-Worker ProgrammingModel in aMetacomputingEnvir onment

Master-Workercomputingis awidely-usedform of a parallelapplicationprogrammingmodel.It is

conceptuallysimple,andinvolvesdividing a probleminto a numberof smallerindependentworker

units,whichcanbedistributedto remoteworkerprocessesfor computationin parallel.In this thesis,

we usethe Master-Worker programmingmodelto implementdataparallelismwith function ship-

ping andremoteexecution. Beforethe computationis started,we assumethat the datais already

distributedacrossthecomputingsites,andthatthesameexecutablecodesareshippedto thesesites.

Themasterthentriggerstheexecutablein remotecomputinghosts,whereI/O-intensiveoperations

areperformedlocally, andonly a smallamountof datais transferredbackto themasterfor subse-

quentprocessing.
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Figure2.2: FunctionShippingandRemoteExecutionon theWAN: executablesaremoved to the
hostwherethedataresides.

2.2 RelatedWork

Theneedto reducethecomplexity of data-parallelprogramminghasled to a largeamountof work

in the areaof application-speci�ctoolkits. Theseincludeapplication-speci�cor domain-speci�c

languagesandlibraries,programmingframeworks,andproblem-solvingenvironments[23]. Most

of thesetoolkitshavebeenadaptedfrom traditionalparallelanddistributedcomputingsystems;only

a few aredesignedfor grid computingor metacomputing[11]. Existingprogrammingtoolsinclude

message-passinglibraries, object-orientedtools, and middleware systems. We highlight several

majoradvantagesanddisadvantagesof thesework in Table2.2.

2.2.1 MessagePassingModels

MPICH-G2 [27] is a “grid-enabledimplementationof the MessagePassingInterface(MPI) that

allows theprogrammerto run MPI programsacrossadministrative domainsusingalmostthesame

commandsthat would be usedon a clusterof workstations”[24]. More speci�cally, MPICH-G2

is a completeimplementationof the MPI-1 standardthat usesservicesprovided by the Globus

Toolkit [25] to extendtheMPICH implementationof MPI for Grid execution. Thesigni�cant ad-

vantageof MPICH-G2is thattheprogrammercanreuseexistingMPI codewithout having to learn

thespeci�c detailsof eachsite. A pragmaticdisadvantageis thatMPICH-G2requirestheGlobus
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Figure2.3: ActiveDisksarchitecture:applicationscanbedownloadedto thedisks,wheresigni�cant
processingpowerandon-diskmemoryis available.

toolkit to beinstalledin all theadministrativedomains,to addresstheissuesof security, remotepro-

cesscreation,processmonitoring,processcontrol,redirectionof standardinput andoutput,remote

�le accessesandcross-domaincommunications(e.g.,Grid SecurityInfrastructure(GSI), Grid Re-

sourceAllocation andManagementProtocol(GRAM), Monitoring andDiscovery Service(MDS)

andGlobalAccessto SecondaryStorage(GASS)[25]).

Thepopularityof MPI hasspawneda numberof variantsthataddressgrid-relatedissues,such

asdynamicprocessmanagementandmoreef�cient collective operations.TheMagPIelibrary, for

example,implementsMPI's collective operations– suchasbroadcast,barrier, andreductionoper-

ations– with optimizationsfor wide-areasystemsasgrids[20]. ExistingparallelMPI applications

canberun on grid platformsusingMagPIe,by relinkingwith theMagPIelibrary. MagPIecontains

asimpleAPI throughwhichtheunderlyinggrid computingplatformprovidesinformationaboutthe

numberof clustersin use,aswell aswhichprocessis locatedin whichcluster.

2.2.2 Framework Models

DataCutter [17] proposesa�lter -streamprogrammingmodel(originallydesignedfor ActiveDisks[1,

30]) in a grid environment.In this programmingmodel,anapplicationis decomposedinto a setof

�lter samongwhich thecommunicationis carriedout via streams. As with Trellis-SDP,DataCutter

pushesthecomputationto thedata,insteadof migratingthedatato thecomputation[17]. DataCut-
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ter doesnot includetheconceptof a metadata�le. Beforerunningany applicationson DataCutter,

a dird programmustbe startedto maintaina list of nodesthat DataCutterapplicationsmay be

distributedacross,andany nodewishing to be utilized by DataCuttermustrun an appd program

to control the DataCutterapplicationsrunningon the nodes. All �lter placementsmustbe spec-

i�ed in the program. Furthermore,the �lter doesnot supportunmodi�ed binaries,meaningthat

programmerswill probablyhave to rewrite their data-intensive componentsaccordingto the �lter

speci�cations.

MapReduce[10] is a programmingmodeldevelopedat Googleto processlarge datasets. It

providesa simpleandpowerful interfacethatenablesautomaticparallelizationanddistribution of

large-scalecomputations.Built upontheGoogle�le system,MapReducecarriesout a numberof

practicaldesigndecisionsand�ne-tuningsto achievemaximumperformance.

MapReduceis relevantto Trellis-SDPin thatbothsystemsaredesignedto makeit simplefor ap-

plicationprogrammersto implementsimpledata-parallelapplications.Theabstractionof MapRe-

duceis basedon the mapandreduceprimitivespresentin many functional languages.The map

functionprocessesa key/valuepair to generatea setof intermediatekey/valuepairs,andthereduce

function mergesall intermediatevaluesassociatedwith the sameintermediatekey. The program-

merneedsonly to implementthemapandreducefunctions,andthedatadistribution andresource

allocationaretakencareof by theprogrammingframework. Trellis-SDP,however, is moresimilar

to imperativeprogramming,wherethenumberof processorsis known beforethecomputation,and

thedatais alreadydistributed.

MapReducehasbeendemonstratedto beapplicableto awide rangeof realproblemsspeci�c to

Google,suchasmachinelearning,clustering,webcrawling andgraphcomputation.

MW [15] is a softwareframework that allows usersto parallelizescienti�c applicationson a

computationalgrid, usingtheMaster-Worker programmingmodel. This framework is designedto

facilitateMaster-Workerapplicationsrequiringareliabledeliveryof largeamountsof computational

capacity. MW providestwo setsof programminginterfaces:anInfrastructure ProgrammingInter-

facethatportstheMW framework to a grid softwaretoolkit suchasCondor[8] or Globus,andan

ApplicationProgrammingInterfacethat enablesthe Master-Worker paradigm. In both cases,the

userneedsto re-implementa numberof virtual functionsto addresslow-level details– suchasre-

sourcerequestanddetection,remoteexecutionandcommunication.In addition,the programmer

needsto re-implementtheworkersusingMW-speci�c classes– MWTaskandMWWorker.

AppLeS Master Worker Application Template (AMWAT) [34] is a middleware approach

to Master-Worker applicationdevelopmentthat aimsto achieve threedesigngoals: performance,

portability andreasonableeffort. This programmingframework canbeseparatedinto threedistinct

groups:thebasegroupthatprovidesinterfacesto performthe initialization of thebasiccomputa-

tional activities of the application;the transfergroupthat providesinterfacesto performthe data

transfers;and�nally , thecontrol groupthatprovidesinterfacesto performtheschedulingfunctions.

10



AMWAT usestheAppLeSPortableServicescomponentsfor communications.Theseservicescon-

taincommoncommunicationapproaches,suchasMPI, PVM (ParallelVirtualMachine),Unix Sock-

etsandSystemV IPC (interprocesscommunication),plussomeless-commonapproaches,suchas

GlobusInput/Output.As with MW, applicationprogrammersneedto �ll in theapplicationtemplates

with sourcecodes,makingit dif�cult to reuseexistingapplicationbinaries.

Unlike DataCutterandTrellis-SDP,both MW andAMWAT assumethat datacould/shouldbe

movedduringthecomputation;for example,datais notdistributedbeforethecomputationis started.

Also, AMWAT allowsdynamicselectionof masterandworkerprocessesto maximizeperformance.

This is very practicalfor computationally-intensiveapplications,but not for data-intensiveapplica-

tions.

2.2.3 RPC Models

Grid RemoteProcedure Call (RPC) [16] is an RPC model and API for grids. It offers a rel-

atively simpleprogrammingparadigmfor programmingon the grid. Besidesproviding standard

RPCsemanticswith asynchronous,coarse-grained,task-parallelexecution,it providesa high-level

abstractionwherebymany detailsof interactingwith a grid environmentcanbehidden. However,

theGrid RPCprogrammingmodelis notsuitedfor applicationswith data-intensiveor I/O-intensive

phases.Also, sincetheresultof thecomputationis transferredbackto theclient side,therewould

bea problemif thedatasizeis largeandthenetwork bandwidthis low.

JavaRemoteMethod Invocation(RMI) enablesaprogrammerto createdistributedJava-based

applications,in whichthemethodsof remoteJavaobjectscanbeinvokedfrom otherJavavirtual ma-

chines,possiblyon differenthosts.Themainadvantagesof RMI arethatit is truly object-oriented,

that it supportsall thedatatypesof a Java program,andthat it is garbagecollected.Thesefeatures

allow for a clearseparationbetweenthecallerandcallee,andthedevelopmentandmaintenanceof

distributedsystemsarethusmadeeasier.

2.3 Concluding Remarks

In this chapter, we beganby comparingtwo typical parallelprogrammingparadigms:taskparal-

lelism anddata parallelism. We discussedtheir advantagesanddisadvantagesundervariouscir-

cumstances.Naturally, for bothtypesof applications,underdata-intensive workloads,the location

andsizeof thedatawill have a large impacton theapplicationperformance;this is why we intro-

ducedtheconceptof functionshippingandremoteexecution.We implementedthis conceptusing

thecommonMaster-Workerprogrammingmodel,which is simpleandeasyto manage.

We also reviewed someprevious projectsfrom the �eld of programmingmodelson a wide-

areanetwork. Eachmodelhasdifferentdesigngoalsandis suitedto certaintypesof workloads.

This is alsotrue for our system;our targetapplicationsaremainly dataparallelwith I/O-intensive

workloads.
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RelatedWork Advantages Disadvantages

MPICH-G2 [27] Allows reuseof existing MPI
code;
Works across administrative
domains.

Requirestheinstallationof the
Globus toolkit in all adminis-
trativedomains;
Low-level andcomplicated;
Does not supportunmodi�ed
binaries.

DataCutter [17] Simple stream-basedMaster-
Workerprogrammingmodel;
Supports function shipping
andremoteexecution.

Currentversiondoesnot work
acrossadministrativedomains;
No globalnamingof �les;
Does not supportunmodi�ed
binaries.

MapReducei [10] Simple and powerful Master-
Workerprogrammingmodel;
Basedon functionalprogram-
ming, the programmerdoes
not needto take careof data
distributionandprocessorallo-
cation;
Provides fault tolerancewhen
workeror masterfails.

Doesnotwork acrossadminis-
trativedomains;
Does not supportunmodi�ed
binaries.

MW [15] Master-Worker programming
framework;
Suitablefor computationalin-
tensiveapplications;
Works across administrative
domains.

Does not supportunmodi�ed
binaries;
Need to install grid software
toolkit such as Condor and
Globus.

AMWAT [34] Master-Worker programming
framework;
Suitablefor computationalin-
tensiveapplications;
Provides basic performance
predictions;
Allows dynamicselectionsof
masterandworkerprocesses.

Currentversiondoesnot work
acrossadministrativedomains;
Complicatedportingof source
codesto templates.

GridRPC [16] RPCprogrammingextendedto
grids;
Suitable for coarse-grained
task-parallelapplications;
Works across administrative
domains.

Low level;
Not suitablefor data-intensive
or I/O-intensiveapplications;
Requirescomplicatedporting.

Table2.2: A comparisonof relatedwork.
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Chapter 3

Trellis-SDP:File-Level Data
Parallelism

In the previouschapter, we introducedthe backgroundknowledgeandconceptsrelatedto our re-

search.We alsoreviewedseveralwell-known programmingsystems.In this chapter, we focuson

theconcepts,aswell assomepracticalproblemsthathavenotbeenaddressedby previoussystems.

We start by extendingthe conceptof dataparallelismto �le-le vel dataparallelism. We then

presentseveral importantdesignissuesin the developmentof our programmingsystem. These

includesecurity, globalnaming,resourcespeci�cationanddesignphilosophy. We alsoillustratethe

Trellis-SDPexecutionenvironmentandbrie�y discusstheprogramminginterfaceswe provide.

3.1 File-Level Data Parallelism

We extendthe traditionalconceptof dataparallelism(e.g., the traditionaldata-parallellanguages

suchasFortran90andHigh PerformanceFortran(HPF))to �le-le vel dataparallelism.That is, our

programmingframework is targetedat dataparallelismandcollective communicationswithin �les

in a metacomputingenvironment,insteadof in-memorydatastructures,asillustratedin Figure3.1.

Basedon our experiencein the programmingin a metacomputingenvironment,we claim that

thereareseveraladvantagesto exploring dataparallelismandcollective communicationsat the�le

level:

1. Usingunmodi�ed binaries: Workingat the�le level makesit easyto usesequential,unmod-

i�ed binaries,or make asfew changesaspossibleto theexisting sequential/shared-memory

applications,whenportingtheseapplicationsto a wide-areanetwork. As long asthesequen-

tial executableguaranteesthatit takestheinputfrom a�le or thestandardinput,andgenerates

theoutputto a �le or thestandardoutput,it canbeintegratedinto thewholecomputationeas-

ily andsmoothly.

2. Master-Worker and batch-pipelined executionmodel: Working at the �le level makesit

easyto implementparallelapplicationsusingMaster-Worker andbatch-pipelined(multiple

13



Figure3.1: DataParallelismat differentstoragehierarchies:(a) Dataparallelismat the �le level
: data-paralleloperationson global �les acrossmultiple hosts;(b) Dataparallelismat thememory
level: data-paralleloperationsona globalarrayin mainmemory.

phases)executionmodel. That is, theoutputof onecomputationalphaseis the input of the

next computationalphase.

3. File-level collectivecommunication: Whenperformingcollectivecommunicationsat the�le

level,weimposeless-strictrequirementsonthesynchronizationof processesthanareimposed

by memory-level collectivecommunications.This is becauseintermediatecomputingresults

can be storedon disks until all collective-communicationprocessesare readyto readand

exchangethem.Prior to that time, it is possiblefor theschedulerto schedulejobson theidle

hoststhathavealreadyproducedtheintermediateresults.

Theconceptsof �le-le vel dataparallelism,functionshippingandremoteexecution,andMaster-

Workerprogrammingparadigmprovidethefoundationfor our programmingsystem.
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3.2 DesignIssues

Thedesignandimplementationof Trellis-SDPaddressesseveralimportantissuesin metacomputing

programming[11]. WehavesuccessfullyrunTrellis-SDPapplicationsonawide-areanetwork (Sec-

tion 5.2providessomepreliminaryresults).However, for reasonsof controllability andreliability,

mostof our benchmarksareperformedon clustersof workstations.We will discussthis further in

Chapter5.

3.2.1 Security: The Trellis Security Infrastructur e

Our programmingsystemtakesadvantageof the underlyingTrellis SecurityInfrastructure(TSI)

[26], which is layeredon top of the ssh software system[9, 3], for authenticationand secure

communicationsacrossdifferentadministrative domains.TSI allows singlesign-on(a form of au-

thenticationthatenablesa userto authenticateonceandgainaccessto multiple systems)capability

by con�guring andlaunchingssh-agent processeson all participatinghosts.Unlike theGlobus

SecurityInfrastructure(GSI) [19], which placesmostof thecon�gurationandauthenticationwork

ontothesystemadministrator, TSI managesthesetasksat theuserlevel. Thesystemadministrator

needsonly to giveeachuseranaccount,andinstall ssh – whichhasalreadybeenwidely deployed

onmostplatforms.Figure3.2illustratestheprocessof launchinganssh overlayby auser:theuser

runsa launchAgents tool (not shown in the�gure), which invokesssh- agent- remote and

ssh- add- remote for all participatinghosts,andloadstheremotessh-agent processeswith

acommonkey. Theuserthentypesin only onepassphraseandthessh overlayis established.This

meansthatany of theseparticipatinghostscanaccessoneanotherwithoutapasswordor passphrase.

3.2.2 Global Naming: Secure Copy Locator

We useSecureCopy Locators(SCL) [35] as the �lenames in the global namespace.By using

SCL, theTrellis �le systemcanaccesstheremotedataby �rst copying it ontoa local disk andthen

accessingthelocalcachedcopy of theremote�le. Ourprogrammingsystemextendsthisconceptby

functionshippingthecomputationto theremotehost(asdiscussedin Section2.1.2).For example,

a �le named

scp:ading@cleardale.cs.ualberta.c a:˜/w orker. exe

canbeuniquelyidenti�ed asthe�le worker.exe in thehomedirectoryof accountading athost

cleardale.cs.ualberta.ca .

3.2.3 ResourceSpeci®cation:XML-based Metadata Schema

We representthe programresource(i.e., programdata)by a meta�le. A meta�le is a �le that is

logically contiguous,but (perhaps)physicallydistributedacrossa network (Figure3.1 (a)). An Ex-
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Figure3.2: Launchingthessh overlayinvolvestwo steps:(1) Launchingthessh agentandadding
identitiesat remotehosts.(2) Settingssh environmentvariablesandauthenticatingwithouthuman
interventions.
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tensibleMarkupLanguage(XML)-basedmetadata�le is usedby Trellis-SDPto describeameta�le

(Figure4.1),whichincludesthelocation(expressedasanSCL)andthesizeof thedistributedblocks.

3.2.4 UsingExisting, Sequential,Unmodi®ed Binaries

Onekey designphilosophyof Trellis-SDPis to makeit assimpleaspossibleto write adata-intensive

parallelapplication,whichis why Trellis-SDPallowstheuseof existing,sequential,andunmodi�ed

binaries.As discussedin Section1.2,thisfunctionalitymaybeusefulif theprogrammerhasexisting

binariesor binariesfrom a third party. By usingor reusingexisting binaries,thewholeapplication

developmentcyclecouldbedramaticallysimpli�ed.

Figure3.3: Theinterpositionof anunmodi�ed binaryusingthePtrace program.

In orderto useexisting binaries,we mustensurethat thebinariescanaccessremote�les. This

is doneby thesystemcall tracingin Trellis-SDP.As illustratedin Figure3.3,we write a program

calledPtrace (which usesthe ptrace() systemcall) to interceptthe �le systemcalls in the

application,modify thesystemcall parameters,executesomescripts,andresumethesystemcall.

For example,hereis thesequencewhentheapplicationopensa �le:

1. Ptrace interceptstheentryto thesystemcall open() (c andd in Figure3.3).

2. Ptrace retrievesthe �rst parameterof theopen() systemcall (e in Figure3.3). If it is a

local �le, go to 5 (dashedline in Figure3.3). If it is a remote�lename expressedasanSCL,

go to 3.

3. Ptrace executesascriptwhichusestheTrellis �le systemlibrary to cachetheremote�le to

localdisk (f in Figure3.3).
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4. Ptrace modi�es the �rst parameterof the open() systemcall to be the �lename of the

local cached�le (g in Figure3.3).

5. Ptrace resumesthestoppedsystemcall (h in Figure3.3).

Following thesesteps,the applicationwill accessthe local cached�le. If the �le is modi�ed,

thePtrace programwill interceptthe close() systemcall andwrite the local �le backto the

remotehost.

We usethe Ptrace programin the implementationof Parallel Sortingby Regular Sampling

applicationdescribedin Section5.4, whereremote�le accessis required. AppendixC lists the

sourcecodefor this application.

Besidessystemcall tracing,thereareotherwaysfor anapplicationto accessa remote�le. For

example,by installinganNFS-to-Trellis gateway, NFS(Network File System)clientscanmounta

volumeexportedby thegateway, so eachaccessto a remote�le canbe translatedby the gateway

into a remotedataaccessvia theSecureCopy ([7]).

3.3 Trellis-SDPExecutionEnvir onment

Figure3.4: Theexecutionenvironmentof theTrellis-SDPprogrammingsystem.

Having introducedrelatedconceptsanddesignissues,wenow presentthehigh-leveloverview of

theTrellis-SDPexecutionenvironment.As mentionedearlier, themaindesigngoalof Trellis-SDP
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is to facilitatetheprogrammingof data-intensive applicationswith coarse-grainedcommunication

patternson a wide-areanetwork. For more�ne-grainedandcomplicatedmessagepatterns,we also

supportcertaintypesof groupcommunication.Of course,theoverall performancedependson the

amountandtypeof communicationin theapplication.

Trellis-SDPis well-suitedto applicationswhereit is eithereasyto decomposethe application

into masterandworker components,or wherethe worker componentalreadyexists (e.g.,asa se-

quential,binary executable). In both cases,it is the worker componentthat performsthe data-

intensiveoperationsnearthedata,andit is themastercomponentthatsynchronizesthecomputation

andcollectstheresults.For mostdata-parallelapplications,theamountof datatransferredbetween

themasterandworkershouldbeminimal.

Theprogrammeris responsiblefor identifying which partof theapplicationcanbeparallelized

andwhichpartcannot,andif necessary, extractingtheI/O-intensivecoresin theapplicationinto one

or multiple stand-alonephases,sothattheadditionalcommunicationintroducedby thedecomposi-

tion doesnotpenalizetheoverall taskcompletiontime.

Figure 3.4 illustratesthe executionenvironmentof our programmingsystem. Currently, we

supportthefollowing functions:

1. Data-Parallel Functions – trellis_scan() : Inside a Trellis-SDPprogram,a worker

processis invokedby acall to thetrellis_scan() library function.This functiontakesa

metadata�le andanoperationstringasinputparameters,andtakesahandleto thescanobject

as the output parameter, which will storethe result of the trellis_scan() operation.

The worker processeson remotehostsperformthe speci�ed operationsandeithergenerate

the resultson their local disksor return the resultsbackto the masterprocessvia streams.

In the former case,intermediate�les generatedby different worker processescan also be

describedusinga metadata�le. This intermediatemetadata�le canbe usedin a different

trellis_scan() phase,or it canbe saved to disk. This is useful in a batch-pipelined

workload [13], wherethe output of one worker processmay be the input of a succeeding

worker process.Figure3.5 illustratesa batch-pipelinedworkloadwith threephasesandfour

metadata�les.

2. Collective-CommunicationFunctions– trellis_reduce() and trellis_gather() :

Notein Figure3.4 that, if necessary, groupcommunicationcanbeperformedamongworker

processes.Two group-communicationfunctionsare implemented:trellis_gather()

which performsan all-to-all communication,andtrellis_reduce() which performsa

globalreductionoperation,suchasglobalsumandglobalminimum/maximum.Theseoper-

ationsareat the�le level insteadof thememorylevel becausethey take metadata�les asthe

inputparameter.

3. Initialization andFinalization Functions: Twobasicrun-timefunctionsareprovided:trellis_
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Figure3.5: Metadata�les in a batch-pipelinedworkload.

init() and trellis_finalize() . All Trellis functionsshould be called between

trellis_init() and trellis_finalize() . If pro�ling capability is turnedon,

trellis_finalize() will generatebasicperformancedata.

4. Pro�ling Functions: SinceTrellis-SDPrequiresthatanapplicationbedecomposedinto mul-

tiplephases,it is relativelyeasyto collectsomebasicrun-timeperformancedata.Forexample,

we canrecordtheexecutiontime of eachphaseof anapplicationduringmultiple runs. This

informationcanbeusefulfor predictingtheexecutiontime of theapplicationin futureruns.

We discussourpreliminarystudyof theapplicationpro�ling in AppendixA.

We summarizeall Trellis-SDPfunctionsin Table3.1. As a comparison,we alsolist therelated

MPI functions,togetherwith Trellis-SDPfunctions. Note in the table that MPI doesnot provide

data-parallelfunctionsandthecapabilityto useuser-de�ned binaryoperations.

3.4 Concluding Remarks

In this chapter, we introducedtheconceptof �le-le vel dataparallelismandcollective communica-

tion. We explainedthemotivationbehind�le-le vel dataparallelismanddemonstratedhow our pro-

grammingsystemcanbene�t from this ideain variousways,suchasunmodi�ed binaries,batched-

pipelinedexecutionmodelandsimpleapplicationpro�ling.
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Trellis-SDP MPI Comments
Data Types
Trellis Datatype MPI Datatype
Trellis Op MPI Op
Trellis Request MPI Request Communicationopaqueobject
Trellis Status MPI Status
MessageDatatypes (EquivalentC Types)
Trellis CHAR MPI CHAR signed char
Trellis INT MPI INT signed int
Trellis FLOAT MPI FLOAT float
Trellis DOUBLE MPI DOUBLE double
Trellis LONG MPI LONG signed long int
Prede�ned Reduction Operations
Trellis ADD MPI SUM Globalsum
Trellis MAX MPI MAX FindingMaximum
Trellis MIN MPI MIN FindingMinimum
BasicFunctions
trellis init() MPI Init()
trellis finalize() MPI Finalize()
Data-Parallel Functions
trellis scan() Remote execution in parallel

(non-blocking)
trellis scan read() Readin trellis scan() re-

sult
trellis scan readidx()
trellis scan readall()
parseMetafile() Helperfunction
single file scan() Helperfunction
multi file scan() Helperfunction
Synchronization Functions
trellis scan wait() MPI Wait()
Collective-CommunicationFunctions
trellis gather() MPI Alltoall()
trellis reduce() MPI Reduce() Prede�nedreductionoperations
trellis reduce1() User de�ned reduction opera-

tions(in binaryform)
Pro�ling Functions
registerPhaseStart() Discussedin AppendixA
registerPhaseEnd()

Table3.1: An overview of theTrellis-SDPfunctionswith theanalogousMPI functions.
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We dealtwith several practicaldesignissuesduring the implementationof our programming

system– suchassecurity, globalnamingandresourcespeci�cation. Thesedesigndecisionswere

madeto ensurethatthesystemis simpleandreliableto use.

We illustratedtheexecutionenvironmentof theTrellis-SDPprogrammingsystemandsumma-

rizedall coreTrellis-SDPfunctions,comparingthesefunctionswith relatedMPI functions.Details

of theTrellis-SDPfunctionswill beexplainedin thenext chapter.

We also performedsomepreliminary studieson the pro�ling and performancepredictionof

applicationswrittenin Trellis-SDP.Thesearediscussedbrie�y in AppendixA. Wehopeto integrate

this work into our futurescheduler.
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Chapter 4

Implementation Details

In thepreviouschapter, we discussedthe ideaof �le-le vel dataparallelismandtheexecutionenvi-

ronmentof the Trellis-SDPsystem. In this chapter, we discussthe implementationdetailsof our

system,especiallyhow thedesignissuespresentedin thepreviouschapterareput into practice.

4.1 Assumptions

For thecurrentimplementationof Trellis-SDP,we haveseveralrequirementsfor thewholecompu-

tationsetup.Beforethecomputationis started,Trellis-SDPassumesthat:

1. Thedataneededby thecomputationis alreadydistributedacrossthemetacomputer. This is

a commoncasefor wide-areadata-intensive applicationssuchasoperationson a federated

database[18] or informationretrieval applications(e.g.,CBIR application)on a distributed

database.If thedatais notdistributed,toolsareprovidedfor scatteringandgatheringthedata.

2. Themetadata�le, identifying thedistributeddata,alreadyexists(Section4.2). In our current

implementation,themetadata�le containsthelocationandsizeof thedataoneachparticipat-

ing host.If thecomputationcontainsmultiple phases,thentheinput (or output)metadata�le

for all phasesshouldall bemadereadybeforethecomputation.

3. The executablecodefor the worker componentsis alreadydistributedacrossthe metacom-

puter. At this time, we requirethe worker componentsto be available at eachparticipat-

ing host. The programmermust stagethe executablesto eachhost, if they are not there.

In the future, we may supportautomaticstagingof executables.For example,a potential

strategy would be to appendthe addressof the executable(in SCL format, asdiscussedin

Section3.2.2)to the corresponding�le/data to be processedin the metadata�le. Or, if the

executableis a script,wecoulddirectly embedthescriptinto themetadata�le.
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<?xml version="1.0"?>
<BlockList>

<DataBlock>
<Locator>scp:ading@jasper-00:/usr/scratch/data.1 </Locato r>
<Size>108003000</Size>

</DataBlock>
<DataBlock>

<Locator>scp:ading@jasper-01:/usr/scratch/data.2 </Locato r>
<Size>108003000</Size>

</DataBlock>
<DataBlock>

<Locator>scp:ading@jasper-02:/usr/scratch/data.3 </Locato r>
<Size>108003000</Size>

</DataBlock>
<BlockSize>32</BlockSize>

</BlockList>

Figure 4.1: An exampleof a metadata�le that describesa �le that is logically contiguousbut
physicallydistributedacross3 nodesovera local-areanetwork.

4.2 The Metadata File

As discussedearlier, a meta�le is a �le that is logically contiguous,but (perhaps)physicallydis-

tributedacrossanetwork. Aswith otherindex-based�le-allocation schemes,aTrellis-SDPmetadata

�le speci�esthenameandlocationof thedistributedblocksof a logical �le. Themastercomponent

caneitheraccessthe �le asif it wasa single,logical �le, or usethetrellis_scan() function

to performa data-paralleloperationon the physically-distributedblocks. Although it is assumed

that the logical �le is alreadydistributed,a separatetool is providedto distribute (i.e., scatter)the

dataandcreatea correspondingmetadata�le. Anothertool cantake a metadata�le andgatherthe

distributedblocksinto asingle�le ona local �le system.

To maketherepresentationof theprogramdatahumanreadableandextensible[11], themeta�le

is written in XML, as illustrated in Figure 4.1. In the meta�le, eachblock is speci�ed with a

DataBlock nodethat containsa Locator (a string in SCL format) nodeanda Size (an in-

tegerspecifyingthesizeof eachblock, in bytes)node.

In practice,theprogrammingsystemwill createanin-memorymetadataobjectcorrespondingto

a metadata�le. This is analogousto anin-memoryversion(i.e., metadataobject)of a Unix i-node

(i.e., metadata�le). Uponobjectcreation,all of the informationin themetadata�le is parsedand

cachedin theobject(Section4.3providesfurtherdetailson themetadataobject).It is alsopossible

to exporta metadataobjectto disk, in XML format.

4.3 Main Trellis-SDPAPIs

In thissection,weexplain in detailtheimplementationof themainTrellis-SDPAPIs. In additionto

theexplanation,wegiveseveralexamples.
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Figure4.2: Thecontrol�o w insidetrellis scan() .

4.3.1 Trellis Scan

trellis_scan() is themaindata-parallelAPI we introducedandimplementedin Trellis-SDP.

Thedeclarationof trellis_scan() is:

int trellis_scan(const char * metafile, string op, Trellis_Request *
request);

trellis_scan() is (typically) calledin themasterprocess,andtakestwo input parameters

andoneoutputparameter. For input, thereis a metadata�lename (or a regularSCL) andanoper-

ationstring. For output,trellis_scan() will createanopaquecommunicationobject(called

Trellis_Request , similar to theMPI_Request objectin MPI) andreturna handleto it via

thelastparameter.

Thecontrol �o w insidetrellis_scan() is shown in Figure4.2. Uponcalling of thefunc-

tion, the input �le is parsed.Then,dependingon the type of the input �le, two helperfunctions

(visibleonly to Trellis-SDP,not to theprogrammers)arecalled:

int multi_file_scan(MetaHandler * meta, string op, Trellis_Request
* request);

FILE * single_file_scan(string path, string op, int rank);

If thetypeof the input �le is SCP, it meansthat thereis only oneworker processthatneedsto
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beinitiated,sothesingle_file_scan() functionis called.This functionstartsup theworker

processandbuildsa datastreambetweenthemasterandworkerprocess.

If thetypeof theinput �le is ametadata�le, theinformationof themetadata�le is analyzedand

cachedin anin-memorymetadataobject,which is passedasoneof theparametersto themulti_

file_scan() function. This functionwill thencall thesingle_file_scan() function for

eachdatablock in themetadata�le.

The resultsof the multi_file_scan() or single_file_scan() function calls are

storedin the Trellis_Request object. Trellis_Request providestwo typesof member

functions:

1. ReadFunctions:

int trellis_scan_read(void * buffer, Trellis_Datatype datatype,
int nmemb, Trellis_Request request);

int trellis_scan_readidx(void * buffer, Trellis_Datatype datatype,
int nmemb, int index, Trellis_Request request);

int trellis_scan_readall(void ** buffer, Trellis_Datatype datatype,
Trellis_Request request);

Thesefunctionsallow the masterprocessto readandstorethe datareturnedfrom worker

processes.The programmercaneitherchooseto reada speci�ed numberof bytesfrom all

workerprocesses(trellis_scan_read() ) or from asingleworkerprocess(trellis_

scan_readidx() ), or chooseto readall the datathat is available from all worker pro-

cesses(trellis_scan_readall() ). The type of the datato be readis determinedby

theTrellis_Datatype .

2. SynchronizationFunction:

int trellis_scan_wait(Trellis_Request request, Trellis_Status status);

This functionensuresthatall communicationsbetweenmasterandworker processesare�n-

ishedandthedatastreamsopenedby trellis_scan() areclosed. If therearemultiple

phasesin theprogram(whichmeansmultiple trellis_scan() swill becalledin themas-

terprocess),trellis_scan_wait() canserveasabarrierfunctionbetweenphases.

As anexample,Figure4.3 implementsa data-paralleltrellis grep , which is a grep op-

erationon the distributeddata(describedasa metadata�le, asshown in Figure4.4). The code

shown is thecompletecodefor themastercomponent,illustratinghow simplea programcanbeif

theproblemis simple.For theworkercomponent,weusetheunmodi�ed Unix grep program.The

trellis_scan() takesin ametadata�le andstartsup theworkerprocessesin eachremotehost

to performgrep on its localdata(line 20). Themasterprocessthenreadsin theresultsthroughthe
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1 #include <string>
2 #include <stdio.h>
3 #include <trellis.h>
4 #include <trellis_sdp.h>
5
6 int main(int argc, char * argv[]){
7
8 Trellis_Request request;
9 Trellis_Status status;

10 void * buffer;
11 char * grep_arg = argv[1];
12 char * metafile = argv[2];
13 string op;
14 int items_read = 0;
15
16 op = "grep " + string(grep_arg);
17
18 trellis_init(argc, argv);
19
20 if(trellis_scan(metafile, op.c_str(), &request)<0){
21 fprintf(stderr, "Scan Failed\n");
22 exit(-1);
23 }else{
24
25 items_read = trellis_scan_readall(&buffer, Trellis_CHAR, request);
26 trellis_scan_wait(request, status);
27 }
28
29 trellis_finalize();
30 if(items_read > 0)
31 printf("%s\n", (char *)buffer);
32
33 return 0;
34 }

Figure4.3: Thesamplecodefor thetrellis grep program(themastercomponent).Theworker
componentsareUnix grep executables.The locationanddistribution of thedatais abstractedby
themetadata�le shown in Figure4.4.

communicationobjectby calling thetrellis_scan_readall() function(line 25). Notethat

the trellis grep programperformsmostof its data-intensive operationson the remotehosts

andtransfersonly asmallamountof data(with typeTrellis_CHAR ) backto themasterprocess.

At theendof theprogram,themastercalls trellis_scan_wait() (line 26) to closeall open

datastreams.

Anothersamplecodeof a data-parallelapplicationwritten in Trellis-SDPcanbe found in Ap-

pendixB. Section5.3providesmoredetailsof thedescriptionandevaluationof this application.

4.3.2 Trellis Gather

As discussed,trellis_scan() establishescommunicationchannelsbetweenthe masterand

worker processes.This interfaceis suf�cient for embarrassinglydata-parallelapplicationswith no

communicationsamongworker processes.However, somecomplex parallel and distributed ap-

plicationsdo requiregroupcommunications.Thus,we also proposeand implementtwo group-

communicationinterfaces,oneof which is calledtrellis_gather() . This interfaceis similar

to theMPI collective-communicationinterfaceMPI_Alltoall() andMPI_Alltoallv() [28].

Thereareseveral paperson collective communicationson a wide-areanetwork, including the

issuesof performanceandfault tolerance[2, 4, 20]; however, our efforts focusmainly on theAPI
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issuesat this time. We also touch upon a bit of the performanceissueand will discussthis in

Chapter5.

trellis_gather() is calledin themasterprocessandhasthefollowing declaration:

int trellis_gather(const char * metafile_source, const char * metafile_dest,
int ** index_table, Trellis_Datatype datatype);

Thefunctiontakesa sourcemetadata�le, a destinationmetadata�le, an index tablespecifying

how datashouldbe exchanged,and the datatype.The semanticsof this function is the all-to-all

communicationamongworkerprocesses,whereeachworkerprocesssendsdistinctdatato all other

workerprocesses.

As an example,Figure 4.5 illustratesan all-to-all dataexchangeamongthreeworker hosts,

accordingto the index table(index table in Figure4.5) providedby theprogrammer. Eachrow in

theindex tablespeci�eswhich datawithin oneworker hostneedsto besentto otherworker hosts.

For instance,worker host1 indicatesthatdata3, 4 shouldbesentto workerhost2, andthatdata5,

6 shouldbesentto worker host3. Basedon theindex table, Trellis-SDPwill generatea new index

table(index table2in Figure4.5)to determinethelocationswithin eachworkerhostwherethedata

received from otherworker hostsshouldbe stored. For instance,after the dataexchange,data7

from worker host2 will bestoredat index 2 in thereceiving �le in worker host1, anddata13, 14

and15 from workerhost3 will bestoredat index 3, 4 and5 in thereceiving �le in workerhost1.

Figure4.6showsthecontrol�o w insidetrellis_gather() . First,boththesourcemetadata

�le andthedestinationmetadata�le arecheckedto makesurethey havethecorrect�le types.Then,

asexplainedbefore,indicesarecalculated(i.e.,from index tableto index table2) to determinewhere

the exchangeddatashouldbe stored. Finally, a simplehelperprogramsendfile is initiated to

performthepartial�le transferbetweenworkerhosts(i.e.,to retrieveaportionof aremote�le using

scp for datatransport).

As discussedearlier, the semanticsof trellis_gather() are similar to thoseof MPI_

<?xml version="1.0"?>
<BlockList>

<DataBlock>
<Locator>scp:ading@nexus.westgrid.ca:˜/data.1<</ Locator>
<Size>108003000</Size>

</DataBlock>
<DataBlock>

<Locator>scp:ading@lattice.westgrid.ca:˜/data.2< /Locator >
<Size>108003000</Size>

</DataBlock>
<DataBlock>

<Locator>scp:ading@blackhole.westgrid.ca:˜/data. 3</Locat or>
<Size>108003000</Size>

</DataBlock>
<BlockSize>32</BlockSize>

</BlockList>

Figure4.4: The metadata�le usedby the trellis grep programshown in Figure4.3. The
datais distributedon threehostsacrossthreeadministrativedomains:theUniversityof Alberta,the
Universityof CalgaryandSimonFraserUniversity.
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Figure4.5: Theillustrationof theall-to-all communication.

Alltoall() . Themajordifferenceis that in MPI_Alltoall() , boththesendingdataandthe

receiving dataresidein thememory, regardlessof whetherit is in aremotehostor a localhost,while

in trellis_gather() , both the sendingandreceiving endsare�les storedon disks,andare

speci�ed by metadata�les. Therefore,thenumbersin the index tablerepresenttheoffsetsrelative

to �les insteadof displacementsrelative to memorybuffers.

Figure4.7 shows thesamplecodeof PhaseThreeof theParallelSortingby RegularSampling

(PSRS)application(discussedin detail in Section5.4). This is an exampleof how trellis_

gather() is used.AppendixC lists thecompletecodefor thePSRSapplication.

4.3.3 Trellis Reduce

The other collective-communicationAPI we introducedand implementedis called trellis_

reduce() . The inclusion of the function is againbasedon our hands-onexperiencewith real

scienti�c applications,andwefoundthisAPI necessarywhendesigningaparallelseismicdatapro-

cessingapplication(Section5.5). trellis_reduce() is similar to MPI'sMPI_Reduce() and

performsglobal reductionoperationsacrossall worker processes.The reductionoperationcanbe

either:oneof a prede�nedlist of operations(suchasglobalsum,maximumor minimum)or a pro-

gram/executableprovidedby theuser. Again, thedifferencebetweentrellis_reduce() and

MPI_Reduce() is that the former works at the �le-le vel while the latter works at the memory-

level.
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Figure4.6: Thecontrol�o w insidetrellis gather() .

Thedeclarationof trellis_reduce() is:

int trellis_reduce(const char * metafile_source, const char * metafile_dest,
int count, Trellis_Datatype datatype, Trellis_Op op);

int trellis_reduce1(const char * metafile_source, const char * metafile_dest,
const char * reduce_op);

Thereare two reducefunctions: trellis_reduce() andtrellis_reduce1() . Both

functionstake a sourcemetadata�le anda receiving metadata�le asinput parameters.Thediffer-

enceis that trellis_reduce() performsthesystem-de�nedreductionoperationsTrellis_

Op, while trellis_reduce1() performstheuser-de�ned reductionoperations(in theform of

a stand-aloneexecutable).In thissection,we focuson thedescriptionof trellis_reduce1() .

Figure4.8 illustratesthecontrol�o w insidetrellis_reduce1() . Thebasicstepsare:

1. A localreductionoperationis performedatworkerprocessesto reduceall thedatathatis local

to theremotehost.
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...

int phase3(const char * metafile_localsorted, const char * metafile_gather,
int ** index_table, Trellis_Datatype datatype)

{
int rval;
rval = trellis_gather(metafile_localsorted, metafile_gather, index_table, datatype);
return rval;

}

int main(int argc, char * argv[]){

int *sample_array;
int **index_table;

char metafile_in[] = "input.meta";
char metafile_localsorted[] = "localsorted.meta";
char metafile_gather[] = "sortgather.meta";
char metafile_globalsorted[] = "sorted.meta";

...

trellis_init(argc, argv);
sample_array = phase1(metafile_in, metafile_localsorted);
index_table = phase2(metafile_localsorted, sample_array);
rval = phase3(metafile_localsorted, metafile_gather, index_table, Trellis_INT);

...

trellis_finalize();
return 0;

}

Figure4.7: The samplecodeof PhaseThreeof theParallel Sortingby Regular Sampling(PSRS)
applicationshowing how trellis gather() is used.

2. A global reductionoperationis performedat the masterprocessto reduceall intermediate

resultsfrom workerprocesses.

Forstep1,weextendthede�nition of ametadata�le sothatthedatablockcanalsobeadirectory

insteadof just a �le. For example,Figure4.9 shows themetadata�le we usefor theseismicdata

processingapplication– trellis LSAVA (Section5.5). Eachblock in the metadata�le is a

directorycontainingall thelocal �les to bereduced.

In addition,we write two helperprogramscalledreduce daemon andreduce . Theusage

of thetwo programsare:

reduce_daemon reduce_op directory

reduce sendfile1 ... sendfileN receivefile reduce_op

The reduce daemon programis initiated by the call to the trellis_scan() function

insidethe trellis_reduce1() function. The programin turn calls the reduce programto

reduceall local datausing the user-provided reduce op program. The intermediateresultsare

storedin �les at remotehostsandthepathnamesof these�les arepassedbackto themasterprocess

via theTrellis_Request object.

In step2, themasterprocesssimply callsthereduce programagain,andreducesall interme-

diateresultsinto thedestinationmetadata�le, usingthesamereduce op program.
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Figure4.8: Thecontrol�o w insidetrellis reduce() .

Thereasonweuseastand-alonehelperprogram,insteadof ahelperfunction,is thatit is simple

and it is consistentwith our ideasof using unmodi�ed binariesin the programmingsystem. In

addition,if wewantto makechangesto thesehelperprograms(e.g.,to optimizethereducealgorithm

in thereduce program),wedonotneedto rebuild theentireprogrammingsystem.

Figure4.10showsseverallinesof codestakenfrom thetrellis LSAVAprogram,whichuses

trellis_reduce1() . Thisfunctiontakesanexistingreduceprogramsusum to mergemultiple

source�les into a singledestination�le. Thecompletecodefor thetrellis LSAVAprogramis

listedin AppendixD.

TheTrellis-SDPfunctionswe have proposedandimplementedsofar aremainly modelledafter

a subsetof MPI functionstargetedat data-parallelapplications.We believe thesefunctionsshould

beableto handlemostof thecommondata-parallelapplications.Of course,therearecaseswehave

not considereddueto the limited numberof benchmarkingapplications.We hopeto extractmore

interestingAPIswhenweexploremoreapplicationsin thefuture.

4.4 Concluding Remarks

In this chapter, we discussedthe implementationof threemajor Trellis-SDPAPIs: trellis_

scan() , trellis_gather() , and trellis_reduce1() . TheseAPIs are basedon real

applicationsandwebelievethey areableto handlemostof thecommondata-parallelapplications.
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<?xml version="1.0"?>
<BlockList>

<DataBlock>
<Locator>scp:jasper-04:/usr/scratch/ading/SEISMI C/input/ </Locat or>
<Size>65536</Size>

</DataBlock>
<DataBlock>

<Locator>scp:jasper-07:/usr/scratch/ading/SEISMI C/input/ </Locat or>
<Size>65536</Size>

</DataBlock>
<SpaceBlock>

<Locator>scp:jasper-01:test/free/</Locator>
<Size>512</Size>

</SpaceBlock>
<BlockSize>32</BlockSize>

</BlockList>

Figure4.9: Themetadata�le usedby thetrellis LSAVAprogramshown in AppendixD. The
datablock is a directorycontainingall thelocal �les to bereduced.

...

int main(int argc, char * argv[]){

...

char * reduce_op = "susum";
char * metafile_input = argv[2];
char metafile_output[] = "LSAVA.data/LSAVA_OUTPUT.meta";

trellis_init(argc, argv);

...

if(trellis_reduce1(metafile_input, metafile_output, reduce_op) < 0)
{

fprintf(stderr, "Reduce Failed\n");
exit(-1);

}

trellis_finalize();
return 0;

}

Figure4.10:Thesamplecodeof theseismicdataprocessingapplication(trellis LSAVA) show-
ing how trellis reduce1() is used.
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To summarizethemainfeaturesof theTrellis-SDPAPIs:

1. Trellis-SDPworksat the�le-le vel; thesendingdataandreceiving dataarestoredondisksand

representedby metadata�les.

2. Trellis-SDPis ableto useexistingexecutables,notonly for trellis_scan() , but alsofor

collective-communicationinterfaces(trellis_gather() andtrellis_reduce1() ;

bothuseseveralhelperprogramsinsteadof helperfunctions).
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Chapter 5

Applications and Empirical
Evaluations

In thischapter, wepresenttheempiricalevaluationsof Trellis-SDP.Weevaluatetheperformanceof

four data-intensiveapplicationswritten in Trellis-SDP,includingexecutiontimes,speedups,andthe

breakdown of theexecutiontimes. We alsomeasuretheoverheadin the executiontimesincurred

by Trellis-SDPandshow that, for naturallydata-parallelapplicationswith coarsegranularity, our

programingsystemis easyto useandhasreasonablygoodperformance.

To measurethetrellis_scan() performanceonly, weusethedistributedtrellis grep

(Section4.3.1)andthe content-basedimageretrieval (CBIR) application. To measurethe perfor-

manceof trellis_scan() andtrellis_gather() , weusetheParallelSortingby Regular

Sampling(PSRS)application,which containsan all-to-all communicationphase.To measurethe

performanceof trellis_scan() andtrellis_reduce() , weuseaseismicdataprocessing

application(3D LSAVA migrationapplication)developedat theDepartmentof Physics,University

of Alberta. We take theoriginal OpenMPimplementationof the3D LSAVA migrationapplication

andconvert it into adistributed-memoryapplicationusingTrellis-SDP.

5.1 Experimental Methodologyand Platform

All applicationsarerunon thelocal-areanetwork becausea LAN is a morecontrolledenvironment

for benchmarkingapplicationswith collective communications.To demonstratethat Trellis-SDP

worksacrossadministrativedomains,wepresentthebenchmarkingresultsfor thetrellis grep

application(Section4.3.1)runonawide-areanetwork.

All experimentsrunon theLAN usethesamehardwarecon�guration.We useAMD AthlonXP

MP 1800+processorsrunningat1.5GHz,eachwith 1.5GB of RAM. All localdiskdrivesinterface

with thecomputerusingaSCSI(SmallComputerSystemInterface).Thenodesareconnectedwith

a 100Mbps,switchedFastEthernetnetwork. All nodesrun Linux, with kernelversion2.4.18.

For the WAN settings,the remotenodeswe useare locatedat the University of Calgary, the

35



HostName AdministrativeDomain Con�guration

nexus.westgrid.ca Universityof Alberta MIPS R16000IP35700MHz,8GB RAM, Irix

lattice.westgrid.ca Universityof Calgary AlphaES451GHz,4GB RAM, Tru64

blackhole.westgrid.ca SimonFraserUniversity AMD Opteron2.4GHz,4GB RAM, Linux

Table5.1: The WAN settingsfor benchmarkingthe trellis grep application.The machines
arelocatedat threedifferentadministrative domains:the University of Alberta, the University of
CalgaryandSimonFraserUniversity.

Universityof AlbertaandSimonFraserUniversity. Table5.1 providesthedetailedinformationof

thesehosts.

Finally, asmentionedin Section4.1,all thedataneededfor computationsin theexperimentsare

manuallydistributedatthestartsincewearetargetingnaturally-distributedapplications.In addition,

meta�lesdescribingthedistributionof thedataarereadybeforethecomputation.

5.2 Distrib uted Grep

In this experiment,we benchmarkthedistributedgrep (trellis grep ) applicationintroduced

in Section4.3.1.As describedearlier, trellis grep performsa grep operationon distributed

data.Thesourcecodeof themastercomponentis listedin Figure4.3.Theworkercomponentof the

applicationis theUnix grep program.

We performthis benchmarkin both theLAN andWAN environments.For the LAN environ-

ment,we usethemetadata�le listedin Figure4.1; for theWAN environment,we usethemetadata

�le listedin Figure4.4.Wetestthreesetsof inputdatain bothcases,andthetotalsizeof thedataare

309MB, 618MB, and927MB, respectively. The datais uniformly distributedacrossthreeworker

hosts.All experimentsarerun 10 times,andonly theaveragenumbersarereported.Thestandard

deviationsarelessthan3% of theaverage.

Table5.2 shows the executiontimesof trellis grep observed from the masterhostand

eachworker host for all threedatasetsin the LAN environment. Sincethe LAN environmentis

homogeneous,theresultsobservedfrom all worker hostsarealmostidentical. However, thereis a

difference(about0.7 seconds)betweentheexecutiontimesobservedfrom themasterhostandthe

worker hosts. This is duemainly to the overheadof the programmingsystem(e.g., ssh startup

time). Additionaldiscussionon theoverheadis providedin latersections.

Table5.3showstheexecutiontimesof trellis grep observedfromthemasterhostandeach

workerhostfor thesameinput datasetsin theWAN environment.This time, theexecutiontimesat

differentworkerhostsaresigni�cantly different(for example,with 309MBinputdata,theexecution

timeat lattice.westgrid.cais 7.81seconds,while theexecutiontimeat blackhole.westgrid.cais only

0.25seconds),aseachworkerhosthasdifferenthardwareandsoftwarecon�gurations.For all tests,

thetotal executiontime observedat themasterhostis alwaysgreaterthanthemaximumexecution
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time of all worker hosts.This is theeffect of synchronizationat themasterhost,plus theoverhead

of theprogrammingsystem.

Hosts ExecutionTimes(in seconds)

DataSize:309MB DataSize:618MB DataSize:927MB

jasper-03 (sequential) 1.48 3.01 4.73

jasper-03 (master) 1.25 1.77 2.28

jasper-00 (worker) 0.53 1.07 1.58

jasper-01 (worker) 0.53 1.04 1.55

jasper-02 (worker) 0.53 1.05 1.51

Table5.2: The executiontime of the trellis grep application,asobserved from the master
hostandeachworkerhostin a LAN environment,with threedifferentsetsof inputdata.

Hosts ExecutionTimes(in seconds)

DataSize:309MB DataSize:618MB DataSize:927MB

cleardale.cs.ualberta.ca(master) 9.65 17.37 25.01

nexus.westgrid.ca(worker) 5.15 10.27 15.44

lattice.westgrid.ca(worker) 7.81 15.54 23.19

blackhole.westgrid.ca(worker) 0.25 0.49 0.69

Table5.3: The executiontime of the trellis grep application,asobserved from the master
hostandeachworkerhostin a WAN environment,with threedifferentsetsof inputdata.

The purposeof this experimentis to demonstratethat for simple data-parallelapplications,

Trellis-SDPworks in both theLAN andWAN environments.We presentadditionalperformance-

relatedmetricsin laterexperiments.

5.3 Content-BasedImageRetrieval

In this experiment,we examineadditionalperformancemetricsof trellis_scan() andrelated

functions.We implementa typical informationretrieval application:content-basedimageretrieval

(CBIR).

5.3.1 Application Description

For a computer, retrieving imagesbasedon imagecontentis a dif�cult task.Unlike humanbeings,

who mayeasilyrecognizeobjectsin animage– say, “a redcar”– computersdo not understandthe

contentsof theimage.Researchersin differentdisciplines(e.g.,computervision,signalprocessing,

biology, neuroscience)haveproposedvariousalgorithmsin this area[31]. It is idealto parallelizea
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Figure5.1: Thecontrol�o w of thecontent-basedimageretrieval (CBIR) application

CBIR applicationusingourprogrammingsystembecauseit is data-intensive,is easyto decompose,

andthecomputationis embarrassinglyparallel.

The processof writing a distributedCBIR applicationusingTrellis-SDPis similar to that of

theCBMR exampledescribedin Section1. ThesequentialCBIR applicationtakesa samplequery

imageand performsa feature-extractionalgorithm on the imageto generatea multidimensional

featurevector(e.g.,color, edgeandtextureinformationarevectorcomponents).Thefeaturevector

is thensearchedthroughthe featurespaceto �nd the top � most-matchedfeaturevectors. That

is, thefeaturespaceis formedby all thefeaturevectorsthathave beengeneratedby preprocessing

all imagesin the imagedatabase.New featurevectorsarecontinuouslyaddedto thefeaturespace

during thequeryprocesses.It shouldbenotedthat therearecertainissuesrelatedwith distributed

CBIR applications,suchaslocal relevanceversusglobalrelevance[5]. But we usethis application

mainly for benchmarkingpurposesanddonot look at theseissues.

5.3.2 Experimental Setup

To write adistributedversionof CBIR, theapplicationis �rst decomposedinto amastercomponent

and two worker components:featureextractionand featurecomparison.The numberof worker

componentsdependson how the imagedatabaseis distributed. Figure5.1 depictsthecontrol �o w

of thedistributedCBIR application.

As shown in the �gure, the two worker componentsarewritten usingdifferenttools. We build

the feature-extractioncomponentusingMATLAB – sinceit greatly simpli�es matrix-basedpro-

gramming– while we build thefeature-comparisoncomponentusingstandardC. In practice,when

usingTrellis-SDP,a programmermaychooseto write theworkercomponentusinghis/herfavorite
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ImageDatabase Sequential 2 WorkerHosts 4 WorkerHosts 8 WorkerHosts

Size Time � Time � Time � Time �

60,000 101.67 0.87 56.40 1.28 28.77 1.03 16.19 1.04

Table5.4: Theraw executiontime of theCBIR application:Time is theaverageexecutiontime (5
repeatedruns)in seconds,� is thestandarddeviation.

language,to speedup thesoftwaredevelopmentprocess.

This experimentis performedin a LAN environmentandwe useup to 8 computingnodes(as

describedin Section5.1). Theimagedatabasecontains60,000imageswith a total featurespaceof

600MBytes(i.e.,all thefeaturevectorstake600MBytes).

5.3.3 Experimental Results

Figure5.2: The speedupof the distributedCBIR application. The sizeof the imagedatabaseis
600MB.

Themainexperimentis thescalabilitytest,which involvesdistributing theimagedatabaseonto

differentnumbersof nodes.This is shown in Table5.4 wheretheaverageraw executiontimesof
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Figure5.3: Theoverheadsof theprogrammingsystemin theCBIR application.

theCBIR applicationon 2, 4 and8 worker hosts,plusthesequentialexecutiontime,aregiven.We

alsopresenta speedupgraphto furtherillustratethescalabilityof theapplication(Figure5.2).

ThedistributedCBIR applicationshowsgoodscalabilitywhenthenumberof participatingnodes

increases.This is expected,sincethe distributedCBIR is naturallyparallel. The contribution of

Trellis-SDPis in simplifying the implementationof the CBIR application(Appendix B) and in

minimizing theoverheadsthatdetractfrom linearspeedup.

To gainsomeinsight into theoverheads(e.g.,thestartuptime of ssh connectionsandtheen-

cryptionof thecommunicationchannel),wemeasureandfactoroutthessh startuptimes,compared

to theoverall executiontime (Figure5.3). Theworst caseoverheadis 15.5%whenthenumberof

nodesis 8. This is understandablesincethe numberof ssh calls andconnectionsgrows linearly

for CBIR, with thenumberof nodes.As shown with thenext application(Section5.4),ssh startup

overheadscanbecomeabottleneckasthenumberof workerprocessesgrows,especiallywhengroup

communicationis involved.

5.3.4 Discussionand Conclusion

Content-basedimageretrieval is a typical data-intensive anddata-parallelapplication.In practice,

many real applicationsfall into this category, for example,distributeddatabaseoperations,image

processinganddatamining. Trellis-SDPis designedfor thiskind of applicationandourexperimen-
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tal resultsdemonstratethattheoverheadsintroducedby Trellis-SDPareminimal.

5.4 Parallel Sorting by Regular Sampling

We usetheParallelSortingby RegularSampling(PSRS)applicationto benchmarkthetrellis_

gather() , in additionto trellis_scan() . Themain purposeof thePSRSexperimentis to

show that our programmingsystemworks for parallelapplicationswith all-to-all communication

phases.

5.4.1 Application Description

ParallelSortingby RegularSamplingis analgorithmthatis suitablefor many parallelarchitectures.

It has“good load balancingproperties,modestcommunicationneeds,andgoodlocality of refer-

ences”[21]. To sort the datadistributedon � hosts,the algorithmdividesthe whole processinto

four phases,which �ts well with ourprogrammingsystem.

In PhaseOne,eachworker componentsortsits local datausingquick sort . Then,regular

samplesarecollectedfrom eachsortedlocal dataandmergedtogetherin the mastercomponent.

Mergedregularsamplesarealsosortedusingquick sort . In PhaseTwo, ����� pivotsarefound

from thesortedregularsamplesandsentbackto eachworkercomponent,which partitionsits local

dataaccordingto the pivots. In PhaseThree,thereis a communication-intensive dataexchange

wherethe ���	� partitionin eachworkercomponentis transferredto the �
�	� worker. Finally, in Phase

Four, the exchangedpartitionsin eachworker are merged using n-way merge sort , and the

algorithmends.

Figure5.4shows thecontrol �o w of PSRSusingTrellis-SDP.To simplify the implementation,

wecreatethreeworkercomponentsoneachremotehost:the�rst componentperformsthelocalsort

andcollectssamples;thesecondreadsin pivotsandgeneratesthepartition index information;the

lastcomponentexchangesthedatapartitionsusingtrellis_gather() , anddoesa �nal local

mergesort. Thesorteddatastill residesin remotehostsandis representedby a metadata�le in the

masterhost.

5.4.2 Experimental Setup

Thisexperimentis performedin aLAN environment.Theexperimentalsetupis thesameastheone

describedin Section5.3.2,exceptthat thedatasetusedcontains1 GB of unsorted(binary) integers

(i.e., 256 million keys), in total. While benchmarking,no otherapplicationsarerun on the same

cluster.
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Figure5.4: Thecontrol�o w of thePSRSapplication.

DataSizein TotalRealExecutionTimes(in seconds)

Total Sequential 2 WorkerHosts 4 WorkerHosts 8 WorkerHosts

1GB 184.62 149.34 73.61 48.88

Table5.5: Theraw executiontimeof thePSRSapplicationon2, 4 and8 workerhosts.
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Figure5.5: Thespeedupof thePSRSapplication.

5.4.3 Experimental Results

Scalability

The raw executiontime andspeedupgraphsof the distributedPSRSapplicationaregiven in Ta-

ble5.5andFigure5.5.Theexecutiontimeis anaverageof 5 repeatedruns.As seenfrom the�gure,

for 8 workerhosts,we obtaina speedupof 3.7. This is not high,comparedwith thepreviousCBIR

experimentbut, consideringthe all-to-all communications,anda securedatatransfer, the result is

reasonable.In fact, we aremoreinterestedin identifying the overheadsof Trellis-SDPfor group

communications.

ExecutionTime Breakdown

We usethephase-by-phaseanalysisto quantifytheexecutiontimesin eachphase.Figure5.6 illus-

tratesthebreakdown of theexecutiontime of PSRS.As expected,PhaseThreebecomesa perfor-

mancebottleneckwhenthe numberof worker hostsincreases.For example,whenthereareonly

two workerhosts,PhaseThreeis 22%of thetotal executiontime. But, whenthenumberof worker

hostsincreasesto eight,PhaseThreegrows to 55%.
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Figure5.6: The breakdown of the executiontime of the PSRSapplicationwith default ssh . (a)
phase-by-phasewith realtime; (b) phase-by-phasewith percentageof realtime.

The major reasonsfor this bottleneckare the saturationof the network bandwidth(i.e., ex-

changingmillions of keys), the numberof ssh connections,and the dataencryptionoverheads.

For all-to-all communicationsamong� worker componentsin PhaseThree,thereare ��� ����� ssh

connections.

To furtherquantifytheoverhead,weperformanadditionaltestby replacingall ssh connections

in PhaseThreewith rsh (which is fasterthanssh sincersh usescleartext channels).Figure5.7

shows thenew breakdown of theexecutiontime of PSRSwith rsh enabledin PhaseThree.With

rsh , both the total executiontime andthe percentageof the executiontime for PhaseThreeare

reduced.Figure5.8moredirectly shows theimpactof thechoiceof theunderlyingcommunication

mechanism.

5.4.4 Discussionand Conclusion

In this section,we have shown the experimentalresultsfor the PSRSapplication. As expected,

due to an all-to-all communicationphasein the application,the overheadintroducedby Trellis-

SDPis signi�cantly larger thanthat in theCBIR application.In the future,we plan to explore the

communicationoptimizationof ssh for largedatatransfers.

5.5 SeismicData Processingby 3D LSAVA Migration

Weusethe3DLSAVA migrationapplicationto testtrellis_scan() andtrellis_reduce() .

For this application,we testtwo setsof input data:onesmalldataset(32 MB) andonelargedata

set(6 GB). Sincea considerableamountof resourcesarerequiredto processthelargedataset(i.e.,

it takesmorethantwo weeksto processthe6 GB dataon 8 worker hosts),it is impracticalto com-
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Figure5.7: The breakdown of the executiontime of the PSRSapplicationwith rsh enabledin
PhaseThree.(a)phase-by-phasewith realtime; (b) phase-by-phasewith percentageof realtime.

Figure5.8: The overheadsof theprogrammingsystemin the PSRSapplicationwith differentun-
derlyingcommunicationmechanisms.
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Figure5.9: Thecontrol�o w of the3D LSAVA migrationapplicationwith smallinput dataset.

pletethe entirecomputationin a reasonablyshort time. Nevertheless,it is still demonstratedthat

Trellis-SDPworks for the applicationthat handleslarge amountsof data,andwe provide all the

experimentalresultscollected.

5.5.1 Application Description

To demonstratethatTrellis-SDPis applicableto large-scalescienti�c applications,we collaborate

with the researchgroupin the SeismicImageProcessingLab, Departmentof Physics,University

of Alberta. We port their novel 3-dimensionalleast-squareamplitudeversusangle(3D LSAVA)

migrationapplicationfor seismicdataprocessingto clustersof workstationsusingTrellis-SDP.

Thegoalof the3D LSAVA migrationapplicationis to processtheraw seismicdata,andmake

good-qualityimagesof theearth'sinterior. Theraw seismicdataiscollectedby there�ection seismic

prospectingtechnology. For example,at �rst, a survey areais de�ned at theearth's surface;then,a

meshof sources(i.e.,theequipmentfor impulsivesoundwaves)is deployedandactivatedacrossthe

area;�nally , echoesof thesources(arriving from multiple directions)arerecordedby thereceivers

(i.e.,geophoneor hydrophone)nearby[6].

To processthedata,�rst, thedatais transformedfrom time-domaininto frequency-domainusing

FastFourierTransform(FFT).Then,for eachfrequency unit, eachlayer is iteratively processedby

the3D LSAVA migrationalgorithm.Theresultof eachfrequency unit is a�x-sized two-dimensional
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sizeof input numberof frequencies numberof layers sizeof globalmodel

smalldata 32MBytes 99 130(4 meters/layer) 1.94MBytes

largedata 6 GBytes 178 210(20 meters/layer) 9 GBytes

Table5.6: Theparametersof thesmalldatasetandthelargedatasetfor the3D LSAVA migration
application.

matrix. The�nal modelis generatedby globallysummingupall matrices[36].

Theoriginal3D LSAVA migrationapplicationwasimplementedusingtheshared-memoryOpenMP

system.In this implementation,theglobalmodelresidesin themainmemoryandis sharedby all

processes.Eachprocessupdatesthis memoryregion after processinga frequency unit. To port

this applicationto a distributed-memoryenvironment,we factorout into a separateexecutablethe

function to processall frequency units in parallelvia trellis_scan() , andgeneratetheresult

for eachfrequency unit locally. As illustratedin Figure5.9, eachworker processtakes in an in-

put frequency �le anda velocity �le, andgeneratesa two-dimensionalmodelonto the local disk.

Whenall local modelsaregenerated,a global sum(i.e., a merge operation)is invokedby calling

trellis_reduce() , whichproducestheglobalmodel.Notethatthereductionoperationusesan

existing binary takendirectly from theCenterfor WaveformPhenomena/SeismicUnix (CWP/SU)

package[32]. The �nal globalmodelcanbevisualized(i.e., theseismicimage)andexaminedby

experts.

5.5.2 Benchmark Setup

Theexperimentsarerun in aLAN environmentonly; theLAN settingsaredescribedin Section5.1.

We usetwo setsof input datato evaluatethis application. One is a small syntheticdataset,

whichcontains32MB of input data,andthe�nal modelis approximately2MB. We performsimple

speeduptestsandmeasurethebreakdown of theexecutiontime,usingthesmalldataset.

The other input datausedis a 6GB 3D SEG/EAGE (i.e., Societyof ExplorationGeophysi-

cists/EuropeanAssociationof Geoscientistsand Engineers)salt model dataset,which hasbeen

widely usedby theoil andgasindustryfor theresearchof three-dimensionalseismicsurveys. For

8 worker hosts,theprocessingof this datawill produce198GBof outputdataon eachworker host

before�nal reduction. Sincethereis not enoughdisk spaceto accommodatethedata,we choose

to make somemodi�cations to thecode.Insteadof computingall layersin a row, andgeneratinga

largesetof local modelsfor eachworker host,we have eachworker processcomputeonly a single

layer for all frequenciesat a time. After eachlayer is completedat all worker processes,a reduc-

tion operationis performedandan intermediatemodelfor that layer is generatedandmoved to a

backupstorage.Then,the computationandreductionfor anotherlayer is initiated until we �nish

processingall layers.Finally, aglobalreductionis performedonall intermediatemodelsto generate

the�nal globalmodel. In this way, we requirelessthan4GB of disk spaceto processonelayerfor
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Figure5.10:Thecontrol�o w of the3D LSAVA migrationapplicationwith largeinput dataset.
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Figure5.11:Thevisualizationof the3D LSAVA migrationapplicationfor thesmall input dataset.

eachworker host. Thecontrol �o w of themodi�ed 3D LSAVA migrationapplicationis shown in

Figure5.10.

Somedetailedparametersof thetwo datasetsarelistedin Table5.6.

5.5.3 Experimental Results

Small SyntheticData

Figure5.11 illustratesthe visualizedresultof the 3D LSAVA migrationapplicationfor the small

dataset.Sincethis is only asyntheticdataset,it doesnothaverealgeographicmeanings.However,

in orderto studythepropertiesof theapplication,it is still valuableto measurethescalability, the

breakdown of theexecutiontimesof differentphases,andthessh startupoverheads.Theresults

areshown in Figures5.12,5.13and5.14,respectively.

Figure5.12indicatesthatthedistributed3D LSAVA migrationapplicationhasgoodscalability.

For example,whenthenumberof workerhostsis 8,wegetaspeedupnumberof 7.3.Thisis because

themajority of thecomputationis donein thescanphase(i.e., phaseone),andthereductionphase

(i.e.,phasetwo) takesup to only 5% of thetotal executiontime,asshown in Figure5.13.Thessh
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Figure5.12:Thespeedupof the3D LSAVA migrationapplicationin a LAN environment.
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Figure5.13:Thebreakdownof theexecutiontimeof the3D LSAVA migrationapplicationin aLAN
environment.
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Figure5.14: Thessh startupoverheadof the3D LSAVA migrationapplicationin a LAN environ-
ment.
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timeonscanoperations timeon reductionoperations totalexecutiontime

120layers 210.67hours 1.93hours 212.6hours

Table5.7: Thetotal timespentto generate120layersof the�nal modelof the3D LSAVA migration
applicationusing8 workerhosts.Thesizeof theinputdatais 6GB.

startupoverheadis alsonegligible, accordingto Figure5.14. The worst caseoverheadis 3.7%of

thetotal executiontimewhenthenumberof workerhostsis 8.

3D SEG/EAGE Salt Model Dataset

We completetheprocessingof 120layers(2400meters)out of 210layersof theglobalmodel,and

theresulthasbeenveri�ed to becorrect.Figure5.15illustratesonepro�le of the3D modelthat is

generated.In the �gure, thenoticeablecurvesarere�ections resultingfrom differentpropertiesof

adjacentstrata.

The total time spentin generatingthe 120 layersof the global modelusing8 worker hostsis

givenin Table5.7. Thetimesspenton all scanphasesandall reductionphasesarealsoreportedin

thesametable.Sinceaconsiderableamountof time is requiredto completethewholecomputation,

giventhecurrentsystemcon�gurations,it is impracticalto measurespeedupsat this problemscale.

(For example,212.6hours(8.86days)arespentto process120layers;at leastanotherestimated160

hourswill beneededin orderto completetheentire210layers).However, from Table5.7 we can

seethat the reductionoperationstake lessthan1% of the total executiontime. This indicatesthat

the3D LSAVA migrationapplicationon thelargedatasethasthepotentialto havegoodscalability

if we addmoreprocessorsto thecomputation.

Thereareseveral factorscontributing to the long runningtime of themodi�ed 3D LSAVA mi-

grationapplication(Section5.5.2)in thecurrentsystemcon�gurations. In additionto the time for

the additionalI/O (writing to andreadingfrom disks)betweenscanphases,andthe time for the

extra reductionphasesthatgeneratethe intermediatemodels,therearetwo othermajoroverheads

introducedby themodi�cation:

1. If we processonelayerat a time,we needto readin thevelocity �le (366MB) for eachlayer,

which takesapproximately10 secondseachtime. If we processall layersin a row (before

modi�cation), we needto readin thevelocity �le only once.

2. If weprocessonelayeratatime,wealsorunfftw_create_plan() for eachlayer, which

takes approximately33 secondseachtime. If we processall layersin a row, we needto

performfftw_create_plan() only once.

Giventheabovefacts,if we hadsuf�cient storageon eachworkerhostandprocessedall layers

in arow, wewouldexpectto reducethetotalexecutiontimeby at least31.5hourson8 workerhosts.
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Figure5.15: Thevisualizationof the3D LSAVA migrationapplicationfor the3D SEG/EAGE salt
modeldataset.
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5.5.4 Discussionand Conclusion

In this section,we presentedthe experimentalresultsof the 3D LSAVA migrationapplication,a

projectcarriedout in cooperationwith theresearchersin theDepartmentof Physics,Universityof

Alberta.Thesigni�cant featuresof this experimentare:

1. The3D LSAVA migrationapplicationis anon-trivial application,developedindependentlyat

theDepartmentof Physics,Universityof Alberta.

2. Theamountof datathatwasprocessedis extremelylarge.

3. Althoughtheportingof theoriginal OpenMPprogramto theclustersof workstationsneeds

sourcecodemodi�cations, we have managedto make the changesasminimal as possible

by usingTrellis-SDP.In fact, the only changerequiredis the way the original application

outputstheresults.TheOpenMPprogramwritesthe local modelsto a largeshared-memory

region,andperformstheglobalsumat thesametime; themodi�ed program(theTrellis-SDP

version)�rst generatesthe local modelsto �les, thenall the local modelsaremergedby the

globalreduction.

We have veri�ed that the trellis versionof the 3D LSAVA migrationapplicationproducesthe

correctresultsfor bothsmallandlargedatasets,andhavealsodemonstratedthatit hasgoodscala-

bility.

5.6 Concluding Remarks

In this chapter, we havegiventheempiricalevaluationsof ourTrellis-SDPsystem.We studiedfour

applications:distributedgrep , content-basedimageretrieval, Parallel Sorting by Regular Sam-

pling, andseismicdataprocessingby 3D LSAVA migration. Theresultswe obtainedaresumma-

rizedasfollows:

1. Trellis-SDPcanwork acrossadministrativedomains(Section5.2).

2. For simple data-parallelapplicationswith coarse-grainedcommunicationpatterns,Trellis-

SDPdoesnot introduceexcessive overheadandtheapplicationshows goodscalability(Sec-

tion 5.3).

3. Trellis-SDPworks for parallelapplicationswith all-to-all collective-communicationphases.

However, thecollective-communicationphasesmaybecomea performancebottleneckin the

applications(Section5.4).

4. Trellis-SDPworks for applicationsthatneedto processvery largedatasets.Due to limited

resources,wewerenotableto scaletheapplicationbeyond8 workerhosts(Section5.5).
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Chapter 6

Conclusion

In this thesis,we presentedthe designandimplementationof Trellis-SDP,a simpledata-parallel

programmingsystem.Onemajor contribution of this work is that Trellis-SDPenablesfastdevel-

opmentof data-intensive andnaturallydata-parallelapplicationsin a metacomputingenvironment.

Anothermajor contribution of Trellis-SDPis that it allows worker processesto run existing, un-

modi�ed binaries. Trellis-SDPalsousesthe metadata�le to represent�les or directoriesthat are

distributedacrossthewide-areanetwork.

Trellis-SDPis built upontheexistingTrellis projectandprovidesaMaster-Workerprogramming

framework. Functionshippingandremoteexecutionstrategiesareadoptedto movetheexecutables

to the worker hostswherethe dataresides. To integratethe metadata�le into our programming

system,we introducedthe �le-le vel dataparallelismand�le-le vel collective-communicationcon-

cepts,enablingthedata-parallelandcollective-communicationoperationsto beperformedat the�le

level, insteadof at thememorylevel. This offersseveraladvantages,suchasfacilitatinga batched-

pipelinedexecutionmodelandrequiringless-strictsynchronizationof parallelprocesses,especially

in a metacomputingenvironment.

We discussedall the major applicationprogramminginterfacesthat we proposedand imple-

mented,andgave detailedexamplesof how theseinterfacescanbe usedto write non-trivial data-

parallelapplications.We demonstratedthat if theproblemitself is simple,the implementationcan

alsobesimple.

We evaluatedTrellis-SDPusingfour applications:thedistributedtrellis grep application

demonstratesthat Trellis-SDPworks over a wide-areanetwork; the content-basedimageretrieval

applicationdemonstratesthatfor data-parallelapplicationwithoutcollective-communicationphases,

theoverheadintroducedby Trellis-SDPis minimal,andtheapplicationshowsgoodscalability;the

Parallel Sortingby Regular Samplingapplicationandthe 3D seismicdataprocessingapplication

demonstratethatTrellis-SDPworksfor applicationswith collective-communicationphases,andthat

Trellis-SDPis reliablewhentheapplicationis requiredto processvery largedatasets.

Futureresearchdirectionsmay includethe investigationof otherdata-intensive applicationsto

further improve the programmingsystemwith regard to simplicity and ef�ciency; the designof
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abstractions(e.g.,meta�les); the implementationof library functions(e.g., trellis_scan() ,

trellis_gather() and trellis_reduce() ), and the evaluationof techniquesto create

data-parallelapplications.
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Appendix A

Preliminary Study of Application
Pro®ling and PerformancePrediction

In this thesis,our programmingsystemassumesstatic datadistribution and resourceallocation.

This meansthat the selectionof masterandworker hostsaredeterminedbeforethe computation

starts,and thereare no datamovementsinvolved. In practice,if we want to run an application

acrossawide-areanetwork, ascheduleris almostalwaysneededto ensurethatlimited resourcesare

allocatedto differentworkloadsor jobs in a reasonablefashion.In this chapter, we brie�y discuss

our preliminaryeffort on theapplicationpro�ling modelandperformancepredictionmodel,based

onTrellis-SDP,for our futurescheduler.

Schedulingin a metacomputingenvironmentis challenging.Theability to make goodschedul-

ing decisionsrelieslargely on theamountandaccuracy of thesystemandtheapplicationinforma-

tion. However, thedynamically-changingsysteminformationandthedetailedapplicationinforma-

tion maynotbereadilyavailable,or maybetooexpensiveto collect.

We assumethat the researchon theschedulingof data-parallelapplicationsis a practicalstart-

ing point becausedata-parallelapplicationsare simple, and have coarse-grainedcommunication

patterns.More speci�cally, we focuson the load balancingproblemfor data-parallelapplications

written in Trellis-SDP.FigureA.1 illustratesthecontrol�o w for theloadbalancingof aTrellis-SDP

application.First, theapplicationandsystempro�ling datafrom previousrunsarecollectedandan-

alyzed.Then,a performancepredictionmodelis built uponthepro�ling information,andprovided

to thescheduler. Thescheduler, awareof thecurrentsystemstatus,obtainstheestimatedexecution

time from theperformancepredictionmodeland,�nally , generatesthebestschedulingscheme.

A.1 Application Pro®ling

SinceTrellis-SDPworksatthe�le level,andTrellis-SDPapplicationsarewrittenin data-paralleland

collective-communicationphases,we cannaturallyextendour systemto integrateapplicationpro-

�ling capabilitiesat a coarse-grainedlevel. Currently, we areinterestedin thenumberof phasesin
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FigureA.1: Thecontrol�o w for theloadbalancingof Trellis-SDPapplications

theapplication,thecharacteristicsof eachphase(data-parallelphasesor collective-communication

phases),the executiontime of eachphase,and the numberof worker hosts. Our programming

systemmaintainsa staticpro�ling object.It providestwo functions:

void Profile::registerPhaseStart(struct timeval start_time,
const char * phase);

void Profile::registerPhaseEnd(struct timeval end_time);

Thesetwo functionsarecalledat thebeginningandtheendof eachphase,respectively, if the

userturnson thepro�ling capabilityof theprogrammingsystem.In thisway, thenumberandtypes

of phases,aswell asthetime spentin eachphase,arerecordedduringeachrun of theapplication.

This informationwill beanalyzedandfed into theperformancepredictionmodel.
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A.2 PerformancePrediction and Scheduling

A.2.1 Intr oduction

Theperformancepredictionmodelis ametricusedto predicttheexpectedapplicationperformance

at futureruns.Theperformancemodelusestheapplicationpro�ling dataandsystemcon�guration

datagatheredfrom previous runsto make theestimation.Currently, we areexperimentingwith a

simpleperformancepredictionmodelbasedonhomogeneousarchitectures.

Our performanceprediction model may be useful if the scheduleris adoptinga back�lling

schedulingpolicy wheretheremight be some“holes” in the job waiting queues(FigureA.2). If

theschedulerpredictsthat therun-timeof a latersubmittedapplicationcanbe�t into thetime slot

of the“holes”, thatapplicationcanbescheduledearlier.

FigureA.2: Theback�lling schedulingpolicy. Theremight be“holes” in thejob waitingqueues.

A.2.2 Prediction of the Execution Time

Themodelwe usedfor executiontime predictionis takenfrom Sevcik [33]. This modeltakesinto

accountthefollowing majorissues:

1. Theessentialcomputationalwork of theapplication(e.g.,thesequentialrunningtime of the

application).

2. Theimbalancewith which theessentialwork is distributedacrosstheprocessors.
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3. Theoverheadintroducedfor parallelprocessing(e.g.,theoverheadof theprogrammingsys-

tem/framework).

4. Thecommunicationandcongestiondelays.

Theoriginalmodelis de�ned as:
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where
�

representsthe sequentialcomputationalwork of the application,� is the numberof

processors,� � � � representstheunevennessamongthework distributedacross� processors,



rep-

resentstheoverheadintroducedby theparallelprocessing,and
�

� � � representsthecommunication

andcongestiondelays(a functionof � ).

In our study, we assumethat the data is always evenly distributed acrossprocessesand we

consideronly homogeneousarchitecture,so � � � � equalsto � . We further simplify the modelby

removing the factorsfor communicationand congestiondelays,sincewe assumedata-intensive

operationsof theapplicationareperformedlocally by worker processes,andonly a small amount

of dataneedsto betransferredover thenetwork. The�nal modelweuseis:
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where
�

is still the sequentialcomputationalwork of the applicationand � is the numberof

processors.
�

�
�

	���� �

� � is ourversionof theoverheadintroducedbyparallelprocessing,determined

by thehistoricalpro�ling of theapplication,where
�

is thenumberof phasesin theapplicationand

�
�

	������

� � is theaverageoverheadfor eachphase(basicallyssh startupoverheads,whichhasbeen

discussedin Chapter5).

A.3 Preliminary Evaluation Results

In the previoussection,we presentedour simpleperformancepredictionmodelfor homogeneous

architecturesby thefollowing equation:

�
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�
�

	������

� �

We evaluatethis equationby theCBIR applicationdescribedin Section5.3. Theexperimentis

performedin theLAN environmentwith 2, 4 and8 workerhosts.We measuretheactualexecution

time of theapplicationrunningon a givennumberof worker hosts,andusetheequationto derive

the predictedexecutiontime of theapplicationrunningon differentnumberof worker hosts.The

resultsareshown in TableA.1.

Fromthetable,we canseethattheworst-casepredictionerror is lessthan5%,which indicates

that our performancepredictionmodelis relatively accurateandpracticalfor simpledata-parallel

applications.
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2 workerhosts 4 workerhosts 8 workerhosts

actual(s) predicted(s) error actual(s) predicted(s) error actual predicted error

55.78 – – 28.5 28.99 1.7% 15.45 16.1 4.2%

55.78 54.8 1.8% 28.5 – – 15.45 15.9 2.9%

55.78 53.5 4.1% 28.5 27.6 3.2% 15.45 – –

TableA.1: The predictionof the executiontime of the CBIR applicationon differentnumbersof
workerhosts.
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Appendix B

SourceCodefor CBIR Application

#define DISABLE_MACRO_REPLACEMENT

#include <string>
#include <trellis.h>
#include <trellis_sdp.h>
#include <iostream>
#include <stdlib.h>
#include <assert.h>

struct top{
float distance;
int index;

} * toplist = NULL;

int main(int argc, char * argv[] ){

Trellis_Request request;
Trellis_Status status;

char * sample_disk = argv[1];
char * sample_offset = argv[2];
char * top_n = argv[3];
char * metafile = argv[4];
int items_read = 0;
string op;
float * buffer;

op += "query " + string(sample_disk) + " " + string(sample_offset)
+ " " + string(top_n);

trellis_init(argc, argv);

if(trellis_scan(metafile, op.c_str(), &request) < 0){
fprintf(stderr, "Scan Failed\n");
exit(-1);

}else{
memset(buffer,0, BUF_SIZE);
items_read = trellis_scan_readall(&buffer, Trellis_FLOAT,

request);
trellis_scan_wait(request, status);

assert(items_read > 0);
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toplist = (struct top *)malloc(items_read / 2 *
sizeof(struct top));

for(int i = 0; i < items_read/2; i++){
toplist[i].distance = buffer[i*2];
toplist[i].index = (int)(buffer[i*2+1]);

}

quicksort(toplist, 0, items_read/2 - 1);
for(int i = 0; i < items_read/2; i++)

printf("%f %d\n", toplist[i].distance,
toplist[i].index);

}

trellis_finalize();

if(toplist!=NULL){
free(toplist);
toplist = NULL;

}

return 0;
}
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Appendix C

SourceCodefor PSRSApplication

#define DISABLE_MACRO_REPLACEMENT

#include <trellis.h>
#include <trellis_sdp.h>
#include <string>
#include <iostream>
#include <stdlib.h>
#include <unistd.h>
#include "quicksort.h"

using namespace std;

#define PTRACE_PATH"ptrace"
#define LOCALSORT_PATH"/usr/scratch/ading/PSRS/localsort"
#define GSAMPLE_PATH"/usr/scratch/ading/PSRS/gathersample"
#define COLLECTIDX_PATH"/usr/scratch/ading/PSRS/collectidx"
#define MERGESORT_PATH"/usr/scratch/ading/PSRS/mergesort"

int DISK_NUM;
int SUBARRAY_SIZE;
int SAMPLE_EACH;
int INDEX_PIVOTS;

int * phase1(const char * metafile_in, const char * metafile_localsorted){

char sample_each_string[1024], subarray_num_string[1024];
int * sample_array = NULL;
int items_read;
string op1, op2;
Trellis_Request request;
Trellis_Status status;

sprintf(sample_each_string, "%d", SAMPLE_EACH);
sprintf(subarray_num_string, "%d", SUBARRAY_SIZE);
op1 = string(LOCALSORT_PATH) + " " + string(subarray_num_string);
op2 = string(GSAMPLE_PATH) + " " + string(subarray_num_string)+ " "

+ string(sample_each_string);

if(trellis_scan(metafile_in, op1, &request) < 0){
fprintf(stderr, "Scan Failed\n");
exit(-1);

}
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trellis_scan_wait(request, status);

if(trellis_scan(metafile_localsorted, op2, &request) < 0){
fprintf(stderr, "Scan Failed\n");
exit(-1);

}
sample_array = (int *)malloc(DISK_NUM * SAMPLE_EACH* sizeof(int));
items_read = trellis_scan_read(sample_array, Trellis_INT,

DISK_NUM * SAMPLE_EACH, request);
trellis_scan_wait(request, status);

return sample_array;
}

int ** collect_index_info(const char * metafile_localsorted,
string pivots_file_name){

char disk_num_string[1024], subarray_num_string[1024];
int ** index_table = NULL;
string op;
Trellis_Request request;
Trellis_Status status;
int items_received;

sprintf(disk_num_string, "%d", DISK_NUM);
sprintf(subarray_num_string, "%d", SUBARRAY_SIZE);

op = string(PTRACE_PATH) + " " + string(COLLECTIDX_PATH) + " " +
string(subarray_num_string) + " " + string(disk_num_string)

+ " " + pivots_file_name;

if(trellis_scan(metafile_localsorted, op, &request) < 0){
fprintf(stderr, "Scan Failed\n");
exit(-1);

}

index_table = (int **)malloc(scan->GetDisknum() * sizeof(int *));
for(int key = 0; key < scan->GetDisknum(); key++){

index_table[key] = (int *)malloc(scan->GetDisknum() * 2 *
sizeof(int));

items_received = trellis_scan_readidx(index_table[key],
Trellis_INT, scan->GetDisknum() * 2, key,
request);

if(items_received < 0){
fprintf(stderr, "Scan Failed\n");
exit(-1);

}
}

trellis_scan_wait(request, status);
return index_table;

}

int ** phase2(const char * metafile_localsorted, int * sample_array){

int * pivots_array = NULL;
int i, j;
int ** index_table;
FILE * pivots_file_fp;
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string pivots_file_name;
string pivots_file_scl;

quicksort(sample_array, 0, DISK_NUM * SAMPLE_EACH- 1);
pivots_array = (int *)malloc((DISK_NUM-1)*sizeof(int));

for(i = 1; i < DISK_NUM; i++){
j = i * DISK_NUM + INDEX_PIVOTS - 1;
pivots_array[i-1] = sample_array[j];

}

pivots_file_name = string(getenv("HOME")) + "/pivots_file";
pivots_file_fp = fopen(pivots_file_name.c_str(), "w");
if(pivots_file_fp == NULL){

fprintf(stderr, "Open Pivots File Error\n");
exit(-1);

}
for(i = 0; i < DISK_NUM - 1; i++)

fprintf(pivots_file_fp, "%d\n", pivots_array[i]);
fclose(pivots_file_fp);

pivots_file_scl = "scp:"+string(getenv("HOST"))+":pivots_ file";
index_table = collect_index_info(metafile_localsort ed,

pivots_file_scl);
free(pivots_array);

return index_table;
}

int phase3(const char * metafile_localsorted, const char *
metafile_gather, int ** index_table, Trellis_Datatype datatype){

return trellis_gather(metafile_localsorted, metafile_gather,
index_table, datatype);

}

void phase4(const char * metafile_gather, const char *
metafile_globalsorted){

string op;
Trellis_Request request;
Trellis_Status status;

op = string(MERGESORT_PATH);
if(trellis_scan(metafile_gather, op, &request) <0 ){

fprintf(stderr, "Scan Failed\n");
exit(-1);

}
trellis_scan_wait(request, status);

return;
}

int main(int argc, char * argv[] ){

int * sample_array = NULL;
int ** index_table;
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char metafile_in[] = "tosort.meta";
char metafile_localsorted[] = "localsorted.meta";
char metafile_gather[] = "sortgather.meta";
char metafile_globalsorted[] = "sorted.meta";

int size;

DISK_NUM = 8;
SUBARRAY_SIZE= 33554400;
SAMPLE_EACH= DISK_NUM;
INDEX_PIVOTS = DISK_NUM/2;

trellis_init(argc, argv);

sample_array = phase1(metafile_in, metafile_localsorted);
index_table = phase2(metafile_localsorted, sample_array);
phase3(metafile_localsorted, metafile_gather, index_table,

Trellis_INT);
phase4(metafile_gather, metafile_globalsorted);

for(int i = 0; i < DISK_NUM; i++)
free(index_table[i]);

free(index_table);
free(sample_array);

trellis_finalize();

return 0;

}
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Appendix D

SourceCodefor 3D LSAVA
Migration Application

#define DISABLE_MACRO_REPLACEMENT

#include <string>
#include <string.h>
#include <stdio.h>
#include <trellis.h>
#include <trellis_sdp.h>

int main(int argc, char * argv[]){

Trellis_Request request;
Trellis_Status status;

char * metafile_scan = argv[1];
char * scan_op = "/usr/scratch/ading/SEISMIC/LS_AVA ";
char * reduce_op = "susum";
char * metafile_input = argv[2];
char * host_num = argv[3];
char scan_command[1024];
char metafile_output[] = "LSAVA.data/LSAVA_OUTPUT.meta";

trellis_init(argc, argv);

/* Trellis Scan */

memset(scan_command, 0, 1024);
strcat(scan_command, scan_op);
strcat(scan_command, host_num);
if(trellis_scan(metafile_scan, scan_command, &request) <0 ){

fprintf(stderr, "Scan Failed\n");
exit(-1);

}

trellis_scan_wait(request, status);

/* Trellis Reduce */

if(trellis_reduce1(metafile_input, metafile_output, reduce_op)<0){
fprintf(stderr, "Reduce Failed\n");
exit(-1);
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}

trellis_finalize();
return 0;

}
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