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Abstract

Somedatasetandcomputingervironmentsarelargeandinherentlydistributed. For example,image
datamaybegatheredndstoredatdifferentlocationsfor laterprocessingAlthoughdataparallelism
is a well-knawn computationaimodel, thereare few programmingsystemsthat are both easyto
program(for simpleapplications)andableto work acrossadministratve domains.

We introduceTrellis-SDP,a simple data-paralleprogrammingsystemthat facilitatesthe rapid
developmentof data-intensie applications.Trellis-SDPis layeredon top of the Trellis infrastruc-
ture, a software systemfor creatingoverlay metacomputexr userlevel aggreationsof computer
systemsTrellis-SDPis basedn le-le vel dataparallelismandprovidesa MasterWorker program-
ming framawork in which the worker componentsanrun self-containednew or existing binary
applications We describehe designandimplementatiorof Trellis-SDPinterfacesjncluding data-
parallelinterfacesandcollective-communicatiofinterfaces.We evaluateour programmingsystem

with threesimpledata-parallebpplicationsandonenon-trivial seismicdataprocessingpplication.
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Chapter 1

Intr oduction

Data parallelismis awell-known programmingnodel[37]. However, with the developmenbf dis-
tributedcomputingplatforms(suchasclustersmetacomputersverawide-areanetwork (WAN) [12],
andgrids[14]), it canbedif cult to write anddeploy evena simpledata-parallebpplication. This
is unfortunatebecausemary problemsarenaturallydataparallel. For example,mary problemsin
informationretrieval, sorting,andsearchinchave inherentlydata-parallephasesandregularcom-
municationpatternswhich arecharacteristicef simpledata-parallebpplications.Parallelizingan
existing applicationin theseareasmay requireporting (e.g.,usinga message-passirgystem)and
accesdo sourcecode. However, messaggassingcan be complicated,andthe applicationsmay
bein binary-onlyform. With the prevalenceof inherentlydata-parallebpplicationsanddistributed
computingplatforms, thereis a needfor a simple data-paralleprogrammingsystemfor simple
data-paralleproblems. Furthermore as disks becomelarger and cheaperscienti ¢ applications
are usingthis advantageto generateand consumemore datasets.Whenthe total amountof data
becomesverwhelmingandgrows beyondthe transmissiorcapacityof the underlyingnetwork in-
frastructure certaindata-handlingnechanismsnustbe taken into consideratiorto accommodate
this changd23].

We introduceTrellis-SDP,a simple data-paralleprogrammingsystemthat facilitatesthe rapid
developmentof data-intensie applications.Trellis-SDPis layeredon top of the Trellis infrastruc-
ture, a software systemfor creatingoverlay metacomputexr userlevel aggreationsof computer
systemsTrellis-SDPis basedn le-le vel dataparallelism(i.e.,dataparallelismwithin les instead
of in-memorydatastructuregSection3.1)) andprovidesa MasterWorker programmingramenork
in which the worker componentganrun self-containedunmodi ed, new or existing binary appli-
cations.

The main designgoal of Trellis-SDPis to make the programmingof data-paralleland data-
intensize applicationsover a metacomputeassimpleaspossible.Basedon our experiencea large
numberof meaningfulscienti ¢ applicationsarewell-suitedto be parallelized.However, the effort
requiredto portthesecomputation®verthe metacomputersiay bedaunting.For example without

aproperdata-paralleprogrammingsystemanapplicatiorassimpleasadistributedgrep (aregular



expressionpatternmatcheron distributeddata)canbe dif cult to write. By usingTrellis-SDP,we
areableto implementthis distributedgrep in lessthan40 linesof code.

Figurel.1shonsthecompletecodefor themastercomponenof thetrellis grep program.
At line 12 and 16, agrep operationanda metadatale, a physically-distrilutedbut logically-
contiguousle (discussedh detailin Sectiond.2)areprovided. At line 20, acall to thetrellis_
scan() functionis madetoinvokethegrep operatioronremotehosts.At line 25,thetrellis_
scan_readall() functionis calledto readin theresults.We will explainthiscodein moredetail
in Section4.3.1.

In this thesis,we describethe designandimplementatiorof Trellis-SDP,including the back-
groundconceptsandthe applicationprogrammingnterface (API), e.g.,the data-paralleinterface
andthe collective-communicatiorinterface. We evaluateour programmingsystemwith threerel-
atively simple data-parallelapplications(i.e., trellis grep , Content-Basedmage Retrieval
(CBIR) andParallelSortingby Regular Sampling(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[l];
12 char * metafile = argv[2];
13 string  op;
14 int items_read = O;
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  0O;
34}
Figure1.1: The completecodefor the mastercomponenbf the trellis grep program.The

workercomponentsireUnix grep executablesSectiond.3.1providesa moredetailedexplanation
of this code.

1.1 The Trellis Project

Trellis-SDPis designedo be a part of the whole Trellis metacomputingystem. A Trellis meta-



computeris a virtual, batch-processingnd capacity-orientedcomputer[7]. The currentTrellis
metacomputecontainsa batch-schedulesystembasedon placeholdeschedulingor CPUalloca-
tion [29], a securityinfrastructurebasedon the SecureShell (ssh ) software systemfor authenti-
cationandauthorization(i.e., Trellis SecurityInfrastructurg26]), anda distributed le systemfor
global le sharing(i.e., TrellisNFS[7]). Trellis-SDPis our effort to integratea simpleprogramming

systeminto Trellis.

1.2 Motivating Application Domain

Applicationsin mary researchareasinvolve processingf a large amountof data. A typical do-
main of applicationis informationretrieval. As a concreteexample,let us supposehata compary
is providing a servicefor content-basedhusicretrieval (CBMR), which takesa clip of singingor
hummingfrom aclientandthensearchethroughthe musicdatabas¢o nd thetop 10 most-similar
songs. If the databasés too largeto t on one systemand/oris alreadydistributed, it would be
impracticalfor the senerto readin all thedataandperformpitch/rhythmextraction[22] andcom-
parisonalgorithmson a singlesite. Instead pnecanchooseo shipthe musicfeature-atractionand
feature-comparisofunctionsto the siteswheredataresidesandperformthe operationghere.This
functionshippingandremoteexecutionmechanisn{Section2.1.2) not only makesfull useof the
computationapower on eachsite,but alsogreatlyreducegshetrafc overthe WAN.

Anothersimilar exampleis the content-basednageretrieval (CBIR) application,which takes
a sampleimageandreturnsthe top N matchingimagesfrom the imagedatabase We discussthe
CBIR applicationfurtherin Chapters.

It is for the purposeof functionshippingandremoteexecutionthatwe initiated the researclon
Trellis-SDP,which is designedo supportthe easyandef cient programmingof applicationssuch
asCBMR andCBIR to handlelarge collectionsof distributeddatasets.

1.3 Contributions

Therearea numberof existing parallelprogrammingramenorksandeachof themtargetsdifferent

applicationsandplatforms.The contributionsof our programmingramework arethefollowing:

1. Trellis-SDPprovidesa simpleMasterWorker programmingramework (Section3.3) thatfa-
cilitatesthe rapid developmentof data-intensie andnaturallydata-parallebpplicationson a

wide-areanetwork.

2. Trellis-SDPintroducegshemetadatale thatrepresentthenaturally-distriluteddata. Thisfa-
cilitatesthewriting of anon-trivial data-parallebpplicationwith data-parallehndcollective-

communicatiorphases.



3. For mary data-parallecodes,Trellis-SDPallows the loosely-coupledvorkersto run exist-
ing, sequentiabndunmodi ed binaries;the masterandworker binariescanbe separateIn
contrastmary parallel programmingsystemsrequirethe applicationto be recompiledinto
asingle,tightly-coupledbinary (e.g.,typical OpenMPand MPI (MessagePassinginterface)

applications).

1.4 Concluding Remarks

In this chaptey we discusseaur motivation for building Trellis-SDPandgave anexampleof how
Trellis-SDPcanbe used.We alsopresentedhe completesamplecodeof a distributedgrep appli-
cation(Figurel.1)to show thatit canbe simpleto implementa non-trivial data-paralleapplication
using Trellis-SDP.In the next chaptey we discussthe backgroundknowledgeon which our pro-

grammingsystemis basedandreview someof therelatedwork in this eld.



Chapter 2

Background and RelatedWork

In thepreviouschapterweintroducedheTrellis projectanddiscussedhemotivationfor developing
the Trellis simple data-paralleprogrammingframework, Trellis-SDP.In this chapter we present
somerelatedbackgrouncconceptghatin uenced the designandimplementatiorof our work. We

alsooutline severalpreviousprojectsthatarerelevantto our eld of interest.

2.1 Background Concepts
2.1.1 Data Parallelism vs. Task Parallelism

To achieve good performanceon distributed-memorymulticomputerstwo parallel programming
paradigmsare most-commonlyused: task parallelism and data parallelism In the task-parallel
programmingparadigm,a programconsistsof a setof dissimilar (or similar) parallel functions
thatinteractwith eachothervia explicit communicationgndsynchronizationsln the data-parallel
programmingparadigm,a programconsistsof a seriesof operationghatareappliedidenticallyto
all element®f alargedataset,which canbedecomposednddistributedamongmultiple machines.
Figure2.1shavs examplesof atask-parallelvork o w anda data-parallelvork o w.

The majoradwantage®f taskparallelismareits generalityand e xibility. Taskparallelismem-
phasizeshe communicatiorbetweenandcoordinatiorof differenttasks makingit moreapplicable
for exploringapplicationghatuseirregulardatastructuresThedisadwantages thatextra effort may
be requiredfor the programmeto explicitly createparalleltasksand manageall the communica-
tionsandsynchronizationsChanginghecommunicatiompatternof a programmayentailsigni cant
modi cationsto the programsourcecode.

Themajoradwantage®f dataparallelismareits simplicity andscalability Sinceoperationsare
appliedidenticallyto dataitemsin parallel,theamountof parallelismis primarily determinedy the
datasizeof the problem.Higheramountsof parallelismmay be exploited by simply expandingthe
sizeof the problems.In practice, mary scienti ¢ applicationsarenaturallydata-parallet different
levels of the storagehierarchy from instruction-level dataparallelismto le-le vel dataparallelism.

We will discussle-le vel dataparallelismin more detailin Section3.1. The major disadwantage



(a) (b)

Figure2.1: TaskParallelismvs. DataParallelism. (a) Taskparallelismwork o w; (b) Dataparal-
lelismwork o w.

of dataparallelismis thatit is not asgeneralastask parallelism. For applicationswith different
operation®ondifferentdata,it is probablyeasietto utilize task-parallelanguages.

As task parallelismand dataparallelismeachhave strengthsand weaknessesdt canbe inter-
estingto integratethesetwo whensolving a complicatedapplication. For example,in large-scale
simulations theremay be multiple modelssimulatedsimultaneouslyia task parallelism. Within
eachsimulatedmodel,the computatiorcouldinvolve signi cant dataparallelism.

The major differencesbetweentask parallelismand data parallelismare summarizedn Ta-
ble 2.1. Note that someof the comparisonsare generalizations.For example, data-parallelap-
plications,in generalpperateon regulardatastructureshowever, therearealsodata-parallebppli-
cationswith irregular datastructuressuchassparse-matrixnultiplications. Similarly, therecould
betask-parallebpplicationswith verylargedatasizes.

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

large data-parallephases.

2.1.2 Data Locality and Function Shipping

Onecritical issuerelatedto dataparallelismandtaskparallelismis thelocationandsizeof the data
to be processedlt is quite commonin a metacomputingervironmentthat the executableandthe
correspondinglataarenot locatedat the samecomputingsite. In this situation,onecanchooseo
move the datato wherethe executablds located,or vice versa,in orderto maximizeperformance.

In a casewherethe datasize is large and the processings relatively simple, it is wise to move



Task Parallelism Data Parallelism

De nition Eachprocessoperformsa | Eachprocessoworkson a
differenttask different part of the same
data
DataStructure Irregularor regular Regularor irregular
CommonDataSize Relatively small Large
Advantages Flexible andgeneral Simpleandscalable
Disadwantages Extra effort to manage| Lessgeneral;

communicationsand syn- | limited applicability
chronizations

Typical Examples Traveling SalesmanProb- | Databasé&earch;
lem; Matrix Multiplication
GameTreeSearch

Table2.1: A comparisorbetweenTaskParallelismandDataParallelism.

the executableto wherethe datais located. In this way, not only canthe computingpower on
individualhostsbefully utilized,thetraf c overthewide-areanetwork is alsosigni cantly reduced.
This techniquds calledfunctionshippingandremoteexecution(Figure 2.2), andis actuallybeing
implementedat differentlevelsof the storagehierarchiesA typical exampleof functionshippingis
Active Disks[30], whichimplementghisideaatthedisklevel. Active Disksis astoragesystenthat
consistsof signi cant processingpower and on-diskmemorycapacity(Figure 2.3). Application-
level processingcan be performedon the Active Disks, which can potentially reducethe traf c
over the systembus, especiallyunder1/O-boundworkloads. Commonapplicationsare database
operationgsuchasselect join andaggregation) or ary ltering-type operations.Thereareseveral

existing programmingnodelsproposedor Active Disks[1].

2.1.3 Master-Worker Programming Model in aMetacomputing Envir onment

MasterWorker computingis awidely-usedform of a parallelapplicationprogrammingmodel.lt is
conceptuallysimple,andinvolvesdividing a probleminto a numberof smallerindependentvorker
units,which canbedistributedto remoteworker processefor computatiorin parallel.In thisthesis,
we usethe MasterWorker programmingmodelto implementdataparallelismwith function ship-
ping andremoteexecution. Before the computationis started,we assumehatthe datais already
distributedacrosghe computingsites,andthatthe sameexecutablecodesareshippedo thesesites.
The masterthentriggersthe executablen remotecomputinghosts,wherel/O-intensive operations
areperformedocally, andonly a smallamountof datais transferrecbackto the masterfor subse-

guentprocessing.
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Figure2.2: FunctionShippingand RemoteExecutionon the WAN: executablesare movedto the
hostwherethedataresides.

2.2 RelatedWork

Theneedto reducethe compleity of data-paralleprogramminghasled to alarge amountof work
in the areaof application-speci ctoolkits. Theseinclude application-speci cor domain-speci ¢
languagesndlibraries, programmingframeworks, and problem-solvingervironmentg23]. Most
of thesetoolkits have beenadaptedrom traditionalparallelanddistributedcomputingsystemspnly
afew aredesignedor grid computingor metacomputingl1]. Existingprogrammingoolsinclude
message-passiripraries, object-orientedools, and middlevare systems. We highlight several

majoradwantagesnddisadwantage®f thesework in Table2.2.

2.2.1 MessagePassingModels

MPICH-G2 [27] is a “grid-enabledimplementatiorof the MessagePassinginterface (MPI) that
allows the programmeto run MPI programsacrossadministratve domainsusingalmostthe same
commandghat 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 extendthe MPICH implementatiorof MPI for Grid execution. The signi cant ad-
vantageof MPICH-G2is thatthe programmercanreuseexisting MPI codewithout having to learn

the speci ¢ detailsof eachsite. A pragmaticdisadwantages that MPICH-G2 requiresthe Globus
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Figure2.3: Active Disksarchitectureapplicationsanbedownloadedo thedisks,wheresigni cant
processingpower andon-diskmemoryis available.

toolkit to beinstalledin all theadministratve domainsto addressheissuesof security remotepro-

cesscreation,processnonitoring,processontrol, redirectionof standardnput andoutput,remote
le accesseandcross-domairtommunicationge.g.,Grid Securitylnfrastructureg(GSl), Grid Re-
sourceAllocation and ManagemenProtocol(GRAM), Monitoring and Discovery Service(MDS)

andGlobal Accesso Secondanstoragg GASS)[25]).

The popularityof MPI hasspavneda numberof variantsthataddresgrid-relatedissuessuch
asdynamicprocessnanagemerandmoreef cient collective operations.The MagPlelibrary, for
example,implementsMPI's collective operations- suchasbroadcastbarrier andreductionoper
ations— with optimizationsfor wide-areasystemsasgrids[20]. Existing parallelMPI applications
canberunon grid platformsusingMagPle,by relinking with the MagPlelibrary. MagPlecontains
asimpleAPI throughwhich theunderlyinggrid computingplatformprovidesinformationaboutthe

numberof clustersin use,aswell aswhich processs locatedin which cluster

2.2.2 Framework Models

DataCutter [17] proposes: Iter -streamprogrammingnodel(originally designedor Active Disks[1,
30)) in agrid ervironment. In this programmingmodel,anapplicationis decomposethto a setof
Iter samongwhich the communicationis carriedout via streams As with Trellis-SDP,DataCutter

pusheghe computatiorto the data,insteadof migratingthe datato the computatiori17]. DataCut-



ter doesnotincludethe concepiof a metadatale. Beforerunningary applicationson DataCutter
adird programmustbe startedto maintaina list of nodesthat DataCutterapplicationsmay be
distributedacross andarny nodewishingto be utilized by DataCuttermustrun anappd program
to control the DataCutterapplicationsrunning on the nodes. All  lter placementsnustbe spec-
i ed in the program. Furthermorethe Iter doesnot supportunmodi ed binaries,meaningthat
programmerswvill probablyhave to rewrite their data-intensie componentsccordingto the lter
speci cations.

MapReduce[10Q] is a programmingmodel developedat Googleto procesdarge datasets. It
providesa simple and powerful interfacethat enablesautomaticparallelizationand distribution of
large-scalecomputations Built uponthe Google le systemMapReducecarriesout a numberof
practicaldesigndecisionsand ne-tuningsto achieve maximumperformance.

MapReducss relevantto Trellis-SDPin thatbothsystemsaredesignedo malkeit simplefor ap-
plication programmergo implementsimple data-parallebpplications.The abstractiorof MapRe-
duceis basedon the map andreduceprimitives presentin mary functionallanguages.The map
functionprocessea key/valuepair to generatea setof intermediatekey/valuepairs,andthereduce
function memgesall intermediatevaluesassociateavith the sameintermediatekey. The program-
mer needonly to implementthe mapandreducefunctions,andthe datadistribution andresource
allocationaretaken careof by the programmingramework. Trellis-SDP,however, is moresimilar
to imperative programmingwherethe numberof processorss known beforethe computationand
thedatais alreadydistributed.

MapReducéasbeendemonstratetb beapplicableto awide rangeof realproblemsspeci c to
Google,suchasmachindearning,clusteringweb crawling andgraphcomputation.

MW [15] is a software frameawvork that allows usersto parallelizescienti ¢ applicationson a
computationagrid, usingthe MasterWorker programmingmodel. This framework is designedo
facilitateMasterWorkerapplicationgequiringareliabledelivery of largeamountof computational
capacity MW providestwo setsof programmingnterfaces:an Infrastructue Programminginter-
facethatportsthe MW framework to a grid softwaretoolkit suchasCondor[8] or Globus,andan
Application Programminglnterfacethat enableshe MasterWorker paradigm. In both casesthe
userneedso re-implementa numberof virtual functionsto addresdow-level details— suchasre-
sourcerequestand detection,remoteexecutionand communication.In addition,the programmer
needdo re-implementheworkersusingMW-speci c classes- MWTaskandMWWorker.

AppLeS Master Worker Application Template (AMWAT) [34] is a middlevare approach
to MasterWorker applicationdevelopmentthat aimsto achieve threedesigngoals: performance,
portability andreasonableffort. This programmingrameavork canbe separatedhto threedistinct
groups:the basegroupthat providesinterfacesto performtheinitialization of the basiccomputa-
tional actwities of the application;the transfergroupthat providesinterfacesto performthe data

transfersand nally , the contmol groupthatprovidesinterfacesto performthe schedulingunctions.
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AMWAT usesthe AppLeSPortableServicescomponent§or communicationsTheseserviceson-
taincommoncommunicatiorapproachesuchasMPI, PVM (ParallelVirtual Machine) Unix Sock-
etsandSystemV IPC (interproces€ommunication)plus someless-commorapproachessuchas
GlobusInput/Output.As with MW, applicationprogrammerseedo Il in theapplicationtemplates
with sourcecodesmakingit dif cult to reuseexisting applicationbinaries.

Unlike DataCutterand Trellis-SDP,both MW and AMWAT assumehat datacould/shouldbe
movedduringthecomputationfor example datais notdistributedbeforethecomputatioris started.
Also, AMWAT allows dynamicselectionof masterandworker processet maximizeperformance.
This s very practicalfor computationally-intensie applicationsbut not for data-intensie applica-
tions.

2.2.3 RPC Models

Grid Remote Procedure Call (RPC) [16] is an RPC modeland API for grids. It offersa rel-
atively simple programmingparadigmfor programmingon the grid. Besidesproviding standard
RPCsemanticwith asynchronous;oarse-grainedask-parallekexecution,it providesa high-level
abstractionrwherebymary detailsof interactingwith a grid ervironmentcanbe hidden. However,
the Grid RPCprogrammingmodelis not suitedfor applicationswith data-intensie or I/O-intensive
phasesAlso, sincetheresultof the computationis transferredbackto the client side, therewould
beaproblemif thedatasizeis largeandthe network bandwidthis low.

JavaRemoteMethod Invocation (RMI) enablesprogrammeto createdistributedJara-based
applicationsjn whichthemethodsf remoteJava objectscanbeinvokedfrom otherJavavirtual ma-
chines possiblyon differenthosts. The mainadvantage®f RMI arethatit is truly object-oriented,
thatit supportsall the datatypesof a Java program,andthatit is garbagecollected. Thesefeatures
allow for a clearseparatiorbetweerthe callerandcallee,andthe developmentandmaintenancef

distributedsystemsarethusmadeeasier

2.3 Concluding Remarks

In this chapter we beganby comparingtwo typical parallelprogrammingparadigms:task paral-
lelism and data parallelism We discussedheir advantagesand disadwantagesindervariouscir-
cumstancesNaturally, for bothtypesof applicationsunderdata-intensie workloads,the location
andsizeof the datawill have a large impacton the applicationperformancethis is why we intro-
ducedthe conceptof functionshippingandremoteexecution. We implementedhis conceptusing
thecommonMasterWorker programmingmodel,whichis simpleandeasyto manage.

We also reviewed someprevious projectsfrom the eld of programmingmodelson a wide-
areanetwork. Eachmodel hasdifferentdesigngoalsandis suitedto certaintypesof workloads.
This is alsotruefor our system;our target applicationsare mainly dataparallelwith 1/0O-intensve

workloads.
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RelatedWork

Advantages

Disadwantages

MPICH-G2 [27]

Allows reuseof existing MPI
code;

Works across administratve
domains.

Requiregheinstallationof the
Glohus toolkit in all adminis-
trative domains;

Low-level andcomplicated;
Does not supportunmodi ed
binaries.

DataCutter [17]

Simple stream-basedViaster
Worker programmingmodel;

Supports function shipping
andremoteexecution.

Currentversiondoesnot work
acrossadministratve domains;
No globalnamingof les;
Does not supportunmodi ed
binaries.

MapReducse [10]

Simple and powerful Master
Worker programmingmodel;
Basedon functional program-
ming, the programmerdoes
not needto take care of data
distributionandprocessoallo-
cation;

Provides fault tolerancewhen
worker or masteffails.

Doesnotwork acrossadminis-
trative domains;

Does not supportunmodi ed
binaries.

MW [15] MasterWorker programming| Does not supportunmodi ed
framework; binaries;
Suitablefor computationain- | Needto install grid software
tensve applications; toolkit such as Condor and
Works across administratve | Globus.
domains.

AMWAT [34] MasterWorker programming| Currentversiondoesnotwork

framework;

Suitablefor computationain-

tensve applications;

Provides basic performance
predictions;

Allows dynamic selectionsof

masterandworker processes.

acrossadministratvedomains;
Complicatedporting of source
codegto templates.

GridRPC [16]

RPCprogrammingextendedo
grids;

Suitable for coarse-grained
task-parallebpplications;
Works across administratve
domains.

Low level;

Not suitablefor data-intensie
or I/O-intensive applications;

Requirescomplicatedporting.

Table2.2: A comparisorof relatedwork.
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Chapter 3

Trellis-SDP: File-Level Data
Parallelism

In the previous chaptey we introducedthe backgroundknowledgeand conceptselatedto our re-
search.We alsoreviewed several well-known programmingsystems.In this chapterwe focuson
theconceptsaswell assomepracticalproblemsthathave not beenaddressedly previoussystems.
We startby extendingthe conceptof dataparallelismto le-le vel dataparallelism. We then
presentseveral importantdesignissuesin the developmentof our programmingsystem. These
includesecurity globalnaming,resourcespeci cationanddesignphilosophy We alsoillustratethe

Trellis-SDPexecutionervironmentandbrie y discusghe programmingnterfaceswe provide.

3.1 File-Level Data Parallelism

We extendthe traditional conceptof dataparallelism(e.qg.,the traditional data-parallelanguages
suchasFortran90andHigh Performancd-ortran(HPF))to le-le vel dataparallelism. Thatis, our
programmingrramenork is targetedat dataparallelismandcollective communicationsvithin les
in ametacomputingnvironment,insteadof in-memorydatastructuresasillustratedin Figure3.1.
Basedon our experiencein the programmingn a metacomputingrvironment,we claim that
thereareseveraladvantagedo exploring dataparallelismandcollective communicationgtthe le

level:

1. Usingunmodi ed binaries: Working atthe le level makesit easyto usesequentialunmod-
i ed binaries,or make asfew changesaspossibleto the existing sequential/shared-memory
applicationsywhenportingtheseapplicationgo a wide-areanetwork. As long asthe sequen-
tial executableguaranteethatit takestheinputfroma le orthestandardnput,andgenerates
theoutputto a le orthestandardutput,it canbeintegratedinto thewholecomputatioreas-

ily andsmoothly

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

easyto implementparallel applicationsusing MasterWorker and batch-pipelinedmultiple

13



(a) Global Metadata File across Multiple Hosts.
All Components are logically one file.

(b) Global Array in Memory

Figure 3.1: DataParallelismat differentstoragehierarchies:(a) Dataparallelismat the le level
. data-parallebperationson global les acrossmultiple hosts;(b) Dataparallelismat the memory
level: data-parallebperation®n aglobalarrayin mainmemory

phaseskxecutionmodel. Thatis, the outputof one computationaphases the input of the

next computationaphase.

3. File-level collective communication: Whenperformingcollectve communicationsitthe le
level, weimposdess-strictequirementsnthesynchronizatiomwf processethanareimposed
by memory-level collective communicationsThis is becauséntermediatecomputingresults
can be storedon disks until all collectve-communicatiorprocessesre readyto readand
exchangehem. Prior to thattime, it is possiblefor the scheduleto schedulgobsontheidle

hoststhathave alreadyproducedheintermediateesults.

Theconceptof le-le vel dataparallelism functionshippingandremoteexecution,andMaster

Worker programmingparadigmprovide the foundationfor our programmingsystem.
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3.2 Designlssues

Thedesignandimplementatiorof Trellis-SDPaddresseseveralimportantissuesn metacomputing
programmind11]. We have successfullyunTrellis-SDPapplication®nawide-areanetwork (Sec-
tion 5.2 providessomepreliminaryresults). However, for reason®f controllability andreliability,
mostof our benchmarksare performedon clustersof workstations.We will discusghis furtherin
Chaptens.

3.2.1 Security: The Trellis Security Infrastructur e

Our programmingsystemtakes advantageof the underlying Trellis Security Infrastructure(TSI)
[26], which is layeredon top of the ssh software system[9, 3], for authenticatiorand secure
communicationacrosdifferentadministratve domains. TSI allows singlesign-on(a form of au-
thenticationthatenablesa userto authenticat®nceandgainaccesdo multiple systemskapability
by con guring andlaunchingssh-agent  processesn all participatinghosts.Unlike the Globus
SecurityInfrastructurg(GSI) [19], which placesmostof the con guration andauthenticatiorwork
ontothe systemadministratoy TS| manageshesetasksat the userlevel. The systemadministrator
needsonly to give eachuseranaccountandinstallssh —which hasalreadybeenwidely deployed
on mostplatforms.Figure3.2illustratestheproces®f launchinganssh overlayby auser:theuser
runsalaunchAgents tool (notshavn in the gure), whichinvokesssh- agent- remote and
ssh- add- remote for all participatinghosts,andloadsthe remotessh-agent  processesvith
acommonkey. Theuserthentypesin only onepassphrasandthessh overlayis establishedThis

meanghatary of theseparticipatinghostscanacces®neanothemwithoutapassverd or passphrase.

3.2.2 Global Naming: Secure Copy Locator

We use SecureCopy Locators(SCL) [35] asthe lenamesin the global namespace.By using
SCL,theTrellis le systemcanaccessheremotedataby rst copying it ontoalocal disk andthen
accessinghelocal cachedtopy of theremotele. Ourprogrammingsystemextendsthis concepby
functionshippingthe computatiorto the remotehost(asdiscussedn Section2.1.2). For example,

a le named
scp:ading@cleardale.cs.ualberta.c a’/lw orker. exe

canbeuniquelyidenti ed asthe le worker.exe inthehomedirectoryof accountading athost

cleardale.cs.ualberta.ca

3.2.3 Resource Speci®cation: XML-based Metadata Schema

We representhe programresource(i.e., programdata)by a metale. A metale is a le thatis

logically contiguoushut (perhapsphysicallydistributedacrossa network (Figure3.1 (a)). An Ex-
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Host 1 Host 2

SSH agent
public key
ENYV variables

SSH agent
public key
ENYV variables

SSH agent
public key
ENV variables

SSH agent
public key
ENYV variables

ﬁ Launch SSH agent and add identity:

ssh—agent-remote,

Set ENV variable and authenticate
without human intervention:
source SSH_AGENT_PID, SSH_AUTH SOCK

ssh (without typing a password or passphrase)

Figure3.2: Launchingthessh overlayinvolvestwo steps:(1) Launchingthessh agentandadding
identitiesatremotehosts.(2) Settingssh ervironmentvariablesandauthenticatingvithouthuman
interventions.
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tensibleMarkupLanguaggXML)-basedmetadatale is usedby Trellis-SDPto describeameta le
(Figure4.1),whichincludeghelocation(expresse@sanSCL)andthesizeof thedistributedblocks.

3.2.4 UsingExisting, Sequential,Unmodi®ed Binaries

Onekey designphilosophyof Trellis-SDPis to makeit assimpleaspossibleo write adata-intensie
parallelapplicationwhichis why Trellis-SDPallows the useof existing, sequentialandunmodi ed
binaries.As discussedh Sectionl.2,thisfunctionalitymaybeusefulif theprogrammehasexisting
binariesor binariesfrom a third party. By usingor reusingexisting binaries the whole application

developmentycle couldbe dramaticallysimpli ed.

Ptl'ace e. get syscall c. file syscall App

) parameter A
g. modify syscall A 1. file syscall
parameter ) return
A 1 |a. fork() b. exec() A
j. catch ! A
result f. syster( ) >
A ! N

1

1

1

]

[}

]

l

1

: d. trap file syscall enter Kernel
1

\ 4 h. file syscall resume

i. trap file syscall exit )
k. file syscall exit resume

Figure3.3: Theinterpositionof anunmodi ed binaryusingthe Ptrace program.

In orderto useexisting binaries we mustensurethatthe binariescanaccessemote les. This
is doneby the systemcall tracingin Trellis-SDP.As illustratedin Figure 3.3, we write a program
calledPtrace (which usesthe ptrace()  systemcall) to interceptthe le systemcallsin the
application,modify the systemcall parametersexecutesomescripts,andresumethe systemcall.

For example hereis thesequencevhentheapplicationopensa le:

1. Ptrace interceptgheentryto thesystemcall open() (canddin Figure3.3).

2. Ptrace retrievesthe rst parameteof theopen() systemcall (ein Figure3.3). If itisa
local le, goto5 (dashedine in Figure3.3).If it is aremote lename expressecsanSCL,

goto 3.

3. Ptrace executesascriptwhichusesheTrellis le systenlibrary to cachetheremotele to
localdisk (f in Figure3.3).
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4. Ptrace modi es the rst parameteof theopen() systemcall to bethe lename of the

localcachedle (gin Figure3.3).
5. Ptrace resumeghestoppedsystemcall (hin Figure3.3).

Following thesesteps,the applicationwill accesghelocal cachedle. If the le is modi ed,
the Ptrace programwill intercepttheclose()  systemcall andwrite thelocal le backto the
remotehost.

We usethe Ptrace programin the implementationof Parallel Sortingby Regular Sampling
applicationdescribedn Section5.4, whereremote le accesds required. Appendix C lists the
sourcecodefor this application.

Besidessystemcall tracing,thereareotherwaysfor anapplicationto accesa remote le. For
example,by installingan NFS-to-Trellis gatavay, NFS (Network File System)clientscanmounta
volume exportedby the gatavay, so eachaccesgo aremote le canbe translatedoy the gatavay

into aremotedataacceswia the SecureCopy ([7]).

3.3 Trellis-SDPExecution Environment

!
| Metacomputer HPC Center 1 Control ——>

Build on 88H COverlay
(Trellis Security Infrastmicture)

trellis_scan( )
trelliz_gatherv( )
trellis_reduce( )

Worker 1

Worker 2 Worker 3

Figure3.4: The executionervironmentof the Trellis-SDPprogrammingsystem.

Having introducedelatedconceptanddesignissuesye now presenthehigh-level overview of

the Trellis-SDPexecutionervironment. As mentioneckearlier the main designgoal of Trellis-SDP
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is to facilitatethe programmingof data-intensie applicationswith coarse-grainedommunication
patternson awide-areanetwork. For more ne-grainedandcomplicatednessag@atternswe also
supportcertaintypesof groupcommunication Of course the overall performancelependsn the
amountandtype of communicationn theapplication.

Trellis-SDPis well-suitedto applicationswhereit is eithereasyto decomposehe application
into masterandworker componentspr wherethe worker componentlreadyexists (e.g.,asa se-
guential, binary executable). In both casesit is the worker componentthat performsthe data-
intensive operationsiearthedata,andit is the mastercomponenthatsynchronizeshe computation
andcollectstheresults.For mostdata-parallebpplicationsthe amountof datatransferrecetween
the masterandworker shouldbe minimal

The programmeis responsibldor identifying which partof the applicationcanbe parallelized
andwhich partcannotandif necessaryextractingthel/O-intensive coresin theapplicationinto one
or multiple stand-alonghasessothatthe additionalcommunicatiorintroducedby the decomposi-
tion doesnot penalizethe overalltaskcompletiontime.

Figure 3.4 illustratesthe executionernvironmentof our programmingsystem. Currently we

supportthefollowing functions:

1. Data-Parallel Functions — trellis_scan() . Inside a Trellis-SDP program,a worker
processs invokedby a call to thetrellis_scan() library function. This functiontakesa
metadatale andanoperatiorstringasinput parametersandtakesahandleto thescanobject
asthe output parameterwhich will storethe result of the trellis_scan() operation.
The worker processesn remotehostsperformthe speci ed operationsand eithergenerate
the resultson their local disks or returnthe resultsbackto the masterprocessvia streams.
In the former case,intermediateles generatedy differentworker processe€an also be
describedusinga metadatale. This intermediatemetadatale canbe usedin a different
trellis_scan() phaseor it canbe saredto disk. This is usefulin a batch-pipelined
workload[13], wherethe output of one worker processmay be the input of a succeeding
worker process.Figure3.5illustratesa batch-pipelinedvorkloadwith threephasesandfour

metadatales.

2. Collective-CommunicationFunctions—trellis_reduce() andtrellis_gather()
Notein Figure3.4 that,if necessarygroupcommunicatiorcanbe performedamongworker
processes.Two group-communicatiofiunctionsare implemented:trellis_gather()
which performsan all-to-all communicationandtrellis_reduce() which performsa
globalreductionoperation suchasglobal sumandglobal minimum/maximum.Theseoper
ationsareatthe le level insteadof the memorylevel becausehey take metadatales asthe

input parameter

3. Initialization and Finalization Functions: Two basicrun-timefunctionsareprovided:trellis_
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Metafile 1

Phase 1

Metafile 2

Phase 2

Metafile 3

Phase 3

Metafile 4

D Local File Q Process

Figure3.5: Metadatales in abatch-pipelinedvorkload.

init() and trellis_finalize() . All Trellis functions should be called between
trellis_init() and trellis_finalize() . If proling capabilityis turnedon,

trellis_finalize() will generatéasicperformancelata.

. Proling Functions: SinceTrellis-SDPrequireghatanapplicationbedecomposethto mul-
tiple phasesit is relatively easyto collectsomebasicrun-timeperformancelata.For example,
we canrecordthe executiontime of eachphaseof anapplicationduring multiple runs. This
informationcanbe usefulfor predictingthe executiontime of the applicationin futureruns.

We discussour preliminarystudyof theapplicationpro ling in AppendixA.

We summarizeall Trellis-SDPfunctionsin Table3.1. As a comparisonyve alsolist therelated

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

data-parallefunctionsandthe capabilityto useuserde ned binaryoperations.

3.4 Concluding Remarks

In this chapteywe introducedthe conceptof le-le vel dataparallelismandcollective communica-

tion. We explainedthe motivationbehind le-le vel dataparallelismanddemonstratetiow our pro-

grammingsystemcanbene t from thisideain 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 Communicatioropaqueobject
Trellis  _Status MPI_Status

MessageDatatypes (EquivalentC Types)
Trelis _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

trelis  _scan _wait() | MPI_Wait() |

Collective-CommunicationFunctions

trellis _gather()
trellis _reduce()
trellis _reducel()

MPI_Alltoall()
MPI_Reduce()

Prede nedreductionoperations
User de ned reduction opera-
tions(in binaryform)

Pro ling Functions

registerPhaseStart()
registerPhaseEnd()

Discussedn AppendixA

Table3.1: An overview of the Trellis-SDPfunctionswith theanalogousviPI functions.
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We dealtwith several practicaldesignissuesduring the implementationof our programming
system— suchassecurity global namingandresourcespeci cation. Thesedesigndecisionswere
madeto ensurghatthe systemis simpleandreliableto use.

We illustratedthe executionenvironmentof the Trellis-SDPprogrammingsystemandsumma-
rizedall coreTrellis-SDPfunctions,comparinghesefunctionswith relatedMPI functions.Details
of the Trellis-SDPfunctionswill beexplainedin thenext chapter

We also performedsomepreliminary studieson the pro ling and performanceprediction of
applicationswrittenin Trellis-SDP.Thesearediscussedbrie y in AppendixA. We hopeto integrate

this work into our future scheduler
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Chapter 4

Implementation Detalls

In the previous chapterwe discussedheideaof le-le vel dataparallelismandthe executionervi-
ronmentof the Trellis-SDPsystem. In this chaptey we discussthe implementatiordetailsof our

systemgespeciallyhow the designissuespresentedn the previouschapterareputinto practice.

4.1 Assumptions

For the currentimplementatiorof Trellis-SDP,we have severalrequirementsor thewhole compu-

tationsetup.Beforethe computatioris started,Trellis-SDPassumeshat:

1. Thedataneededdy the computatioris alreadydistributedacrosghe metacomputerThis is
a commoncasefor wide-areadata-intensie applicationssuchas operationson a federated
databasg18] or informationretrieval applications(e.g.,CBIR application)on a distributed

databaself thedatais notdistributed,toolsareprovidedfor scatteringandgatheringhedata.

2. Themetadatale, identifyingthedistributeddata,alreadyexists(Section4.2). In our current
implementationthemetadatale containghelocationandsizeof thedataoneachparticipat-
ing host.If the computatiorcontainsmultiple phasesthentheinput (or output)metadatale

for all phaseshouldall be madereadybeforethe computation.

3. The executablecodefor the worker componentss alreadydistributed acrossthe metacom-
puter At this time, we requirethe worker componentgo be available at eachparticipat-
ing host. The programmemust stagethe executablego eachhost, if they are not there.
In the future, we may supportautomaticstagingof executables.For example,a potential
stratgly would be to appendthe addresf the executable(in SCL format, as discussedn
Section3.2.2)to the correspondingle/data to be processedn the metadatale. Or, if the

executablas a script,we coulddirectly embedhe scriptinto the metadatale.
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<?xml version="1.0"?>
<BlockList>
<DataBlock>
<Locator>scp:ading@jasper-00:/ust/scratch/data.1 </Locato r>
<Size>108003000</Size>
</DataBlock>
<DataBlock>
<Locator>scp:ading@jasper-01:/ust/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 metadatale that describesa le thatis logically contiguousbut
physicallydistributedacross3 nodesover alocal-areanetwork.

4.2 The Metadata File

As discusseckarlier a metale is a le thatis logically contiguousbut (perhaps)yhysicallydis-
tributedacrossanetwork. As with otherindex-basedle-allocation schemesaTrellis-SDPmetadata
le speci esthenameandlocationof the distributedblocksof alogical le. Themastercomponent
caneitheraccesghe le asif it wasasingle,logical le, or usethetrellis_scan() function
to performa data-parallebperationon the physically-distritutedblocks. Althoughit is assumed
thatthelogical le is alreadydistributed,a separataool is providedto distribute (i.e., scatter)the
dataandcreatea correspondingnetadatale. Anothertool cantake a metadatale andgatherthe
distributedblocksinto asingle le onalocal le system.

To maketherepresentatioof theprogramdatahumanreadableandextensible11], themeta le
is written in XML, asillustratedin Figure 4.1. In the metale, eachblock is speci ed with a
DataBlock nodethat containsa Locator (a stringin SCL format) nodeanda Size (anin-
tegerspecifyingthe sizeof eachblock, in bytes)node.

In practice theprogrammingsystemwill createanin-memorymetadatabjectcorrespondingo
ametadatale. Thisis analogougo anin-memoryversion(i.e., metadatabject)of a Unix i-node
(i.e., metadatale). Uponobjectcreation,all of theinformationin the metadatale is parsedand
cachedn the object(Sectiond.3 providesfurtherdetailson the metadatabject). It is alsopossible

to exporta metadatabjectto disk,in XML format.

4.3 Main Trellis-SDPAPIs

In this sectionwe explainin detailtheimplementatiorof themainTrellis-SDPAPIs. In additionto

theexplanationwe give severalexamples.
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Figure4.2: Thecontrol o w insidetrellis _scan()

4.3.1 Trellis Scan

trellis_scan() is the main data-paralleAPI we introducedandimplementedn Trellis-SDP.
Thedeclaratiorof trellis_scan() is:

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

trellis_scan() is (typically) calledin the mastemprocessandtakestwo input parameters
andoneoutputparameterFor input, thereis a metadatalename (or a regular SCL) andanoper
ation string. For output,trellis_scan() will createan opaquecommunicatiorobject(called
Trellis_Request , similar to the MPI_Request objectin MPI) andreturna handleto it via
thelastparameter

Thecontrol o w insidetrellis_scan() is shawvn in Figure4.2. Uponcalling of thefunc-
tion, theinput le is parsed.Then,dependingon the type of theinput le, two helperfunctions

(visible only to Trellis-SDP,notto the programmersgarecalled:

int  multi_file_scan(MetaHandler * meta, string op, Trellis_Request
* request);
FILE * single_file_scan(string path, string op, int rank);

If thetype of theinput le is SCR it meanghatthereis only oneworker procesghatneedso
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beinitiated,sothesingle_file_scan() functionis called. This functionstartsup the worker
processaandbuilds a datastreambetweerthe masterandworker process.

If thetypeof theinput le isametadatale, theinformationof themetadatale is analyzedand
cachedn anin-memorymetadatabject,which is passedisoneof the parameterso the multi_
file_scan() function. This functionwill thencall the single_file_scan() function for

eachdatablockin the metadatale.

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 **  huffer, Trellis_Datatype datatype,
Trellis_Request request);

Thesefunctionsallow the masterprocessto readand storethe datareturnedfrom worker
processesThe programmeican eitherchooseto reada speci ed numberof bytesfrom all
workerprocesseérellis_scan_read() ) or from asingleworker procesgtrellis_

scan_readidx() ), or chooseto readall the datathat is available from all worker pro-
cessegtrellis_scan_readall() ). Thetype of the datato be readis determinecby

theTrellis_Datatype
2. SynchronizatiorFunction:

int trellis_scan_wait(Trellis_Request request,  Trellis_Status status);

This function ensureghatall communicationdetweemmasterandworker processeare n-
ishedandthe datastreamspenedby trellis_scan() areclosed. If therearemultiple
phasesn the program(which meansmultiple trellis_scan() swill becalledin themas-

ter process)irellis_scan_wait() cansene asabarrierfunctionbetweerphases.

As an example,Figure 4.3 implementsa data-paralletrellis grep , whichisagrep op-
erationon the distributed data(describedas a metadatale, asshowvn in Figure4.4). The code
shawn is the completecodefor the mastercomponentillustrating how simplea programcanbe if
theproblemis simple. For theworker componentywe usetheunmodi ed Unix grep program.The
trellis_scan() takesin ametadatale andstartsup theworker processes eachremotehost

to performgrep onits local data(line 20). Themasteiprocesghenreadsn 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[l];
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 = ftrellis_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 programthemastecomponent)Theworker

componentareUnix grep executablesThelocationanddistribution of the datais abstractedy
themetadatale shavnin Figure4.4.

communicatiorobjectby calling thetrellis_scan_readall() function(line 25). Notethat
thetrellis grep programperformsmostof its data-intensie operationson the remotehosts
andtransfersonly asmallamountof data(with typeTrellis_ CHAR ) backto the mastemprocess.
At the endof the program,the mastercallstrellis_scan_wait() (line 26) to closeall open
datastreams.

Anothersamplecodeof a data-parallebpplicationwritten in Trellis-SDPcanbe foundin Ap-

pendixB. Section5.3 providesmoredetailsof the descriptionandevaluationof this application.

4.3.2 Trellis Gather

As discussedtrellis_scan() establishecommunicationchannelsbetweenthe masterand
worker processesThis interfaceis sufcient for embarrassinglylata-parallebpplicationswith no
communicationsamongworker processes.However, somecomplex parallel and distributed ap-
plicationsdo require group communications.Thus, we also proposeand implementtwo group-
communicatiorinterfacesoneof whichis calledtrellis_gather() . Thisinterfaceis similar
totheMPI collective-communicatioimterfaceMPI_Alltoall() andMPI_Alltoallv() [28].

Thereare several paperson collectve communication®n a wide-areanetwork, including the

issuesof performanceandfaulttolerance[2, 4, 20]; however, our efforts focusmainly on the API
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issuesat this time. We alsotouch upon a bit of the performanceassueand will discussthis in

Chapters.
trellis_gather() is calledin themastemprocessandhasthefollowing declaration:
int  trellis_gather(const char * metafile_source, const char * metafile_dest,

int  ** index_table, Trellis_Datatype datatype);

The functiontakesa sourcemetadatale, adestinatiormetadatale, anindex tablespecifying
how datashouldbe exchangedandthe datatype. The semanticsof this function is the all-to-all
communicatioramongworker processesyhereeachworker processenddlistinctdatato all other
worker processes.

As an example, Figure 4.5 illustratesan all-to-all dataexchangeamongthreeworker hosts,
accordingto theindex table (index_table in Figure4.5) provided by the programmer Eachrow in
theindex_table speci eswhich datawithin oneworker hostneedgo be sentto otherworker hosts.
For instanceworker host1 indicatesthatdata3, 4 shouldbe sentto worker host2, andthatdatab,
6 shouldbe sentto worker host3. Basedon theindex_table, Trellis-SDPwill generatea new index
table(index_table2in Figure4.5)to determinehelocationswithin eachworker hostwherethe data
receved from otherworker hostsshouldbe stored. For instance after the dataexchangedata7
from worker host2 will be storedatindex 2 in thereceving le in worker host1, anddatal3, 14
and15from worker host3 will bestoredatindex 3,4 and5 in thereceving le in workerhost1.

Figure4.6shavsthecontrol o w insidetrellis_gather() . First,boththesourceanetadata

le andthedestinatiormetadatale arechecledto make surethey havethecorrectle types.Then,
asexplainedbefore indicesarecalculatedi.e.,fromindex_tableto index_table2 to determinevhere
the exchangeddatashouldbe stored. Finally, a simple helperprogramsendfile s initiatedto
performthepartial le transfetbetweerworkerhosts(i.e.,to retrieve aportionof aremotele using
scp for datatransport).

As discusseckarlier 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>

Figure 4.4: The metadatale usedby the trellis grep programshavn in Figure4.3. The
datais distributedon threehostsacrosghreeadministratve domains:ithe University of Alberta,the
Universityof CalgaryandSimonFrasetUniversity.
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Figure4.5: Theillustrationof theall-to-all communication.

Alltoall() . Themajordifferenceis thatin MPI_Alltoall() , boththe sendingdataandthe
receving dataresidein thememory regardlesof whetheiit is in aremotehostor alocal host,while
in trellis_gather() , both the sendingandreceving endsare les storedon disks,andare
speci ed by metadatales. Therefore the numberdan theindex_table representhe offsetsrelative
to les insteadof displacementselative to memorybuffers.

Figure4.7 shaws the samplecodeof PhaseThreeof the Parallel Sortingby Regular Sampling
(PSRS)application(discussedn detail in Section5.4). This is an exampleof how trellis_

gather() isused.AppendixC lists thecompletecodefor the PSRSapplication.

4.3.3 Trellis Reduce

The other collective-communicatioPAPl we introducedand implementedis called trellis_

reduce() . Theinclusion of the function is againbasedon our hands-onexperiencewith real
scienti ¢ applicationsandwe foundthis APl necessarywhendesigninga parallelseismicdatapro-
cessingapplication(Sections.5). trellis_reduce() is similarto MPI'sMPI_Reduce() and
performsglobal reductionoperationsacrossall worker processesThe reductionoperationcanbe
either: oneof aprede nedlist of operationgsuchasglobal sum,maximumor minimum)or a pro-
gram/eecutableprovided by the user Again, the differencebetweertrellis_reduce() and
MPI_Reduce() is thatthe formerworks at the le-le vel while the latter works at the memory-

level.
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Thedeclaratiorof trellis_reduce() is:

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

int trellis_reducel(const char * metafile_source, const char * metafile_dest,

const char * reduce_op);

Therearetwo reducefunctions: trellis_reduce() andtrellis_reducel() . Both

functionstake a sourcemetadatale andareceving metadatale asinputparametersThe differ-

enceis thattrellis_reduce() performsthe system-de nedeductionoperationslrellis_

Op, while trellis_reducel() performsthe userde ned reductionoperationgin the form of

astand-alonexecutable)In this sectionwe focuson the descriptionof trellis_reducel()

Figure4.8illustratesthecontrol o w insidetrellis_reducel() . Thebasicstepsare:

1. Alocalreductionoperatioris performedatworker processe® 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 = phasel(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 the Parallel Sortingby Regular Sampling(PSRS)
applicationshaving how trellis _gather() isused.

2. A global reductionoperationis performedat the masterprocesso reduceall intermediate

resultsfrom worker processes.

For stepl, weextendthede nition of ametadatale sothatthedatablockcanalsobeadirectory
insteadof justa le. For example,Figure4.9 showvs the metadatale we usefor the seismicdata
processingapplication— trellis LSAVA (Section5.5). Eachblock in the metadatale 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 sendfilel ... sendfileN receivefile reduce_op
The reduce _daemon programis initiated by the call to the trellis_scan() function
insidethe trellis_reducel() function. The programin turn callsthe reduce programto

reduceall local datausing the userprovided reduce _op program. The intermediateresultsare
storedin les atremotehostsandthe pathnamesf theseles arepassedackto the mastemprocess
viatheTrellis_Request object.

In step2, the mastemprocesssimply callsthereduce programagain,andreducesall interme-

diateresultsinto the destinatiormetadatale, usingthesamereduce _op program.
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Thereasorwe usea stand-alondelperprogram insteadof a helperfunction,is thatit is simple
andit is consistentwith our ideasof usingunmodi ed binariesin the programmingsystem. In
addition,if wewantto make changeso thesehelpemprogramge.g.,to optimizethereducealgorithm
in thereduce program)we do not needto rekuild the entireprogrammingsystem.

Figure4.10shavsseverallinesof codegakenfrom thetrellis LSAVAprogramwhichuses
trellis_reducel() . Thisfunctiontakesanexisting reducegprogramsusum to meigemultiple
sourceles into asingledestinationle. Thecompletecodefor thetrellis LSAVAprogramis
listedin AppendixD.

The Trellis-SDPfunctionswe have proposedindimplementedsofar aremainly modelledafter
a subsef MPI functionstargetedat data-parallebpplications.We believe thesefunctionsshould
beableto handlemostof thecommondata-parallehpplications Of coursetherearecasesve have
not consideredlueto the limited numberof benchmarkingapplications.We hopeto extractmore

interestingAPls whenwe explore moreapplicationdn thefuture.

4.4 Concluding Remarks

In this chaptey we discussedhe implementationof three major Trellis-SDP APIs: trellis_
scan() , trellis_gather() , andtrellis_reducel() . TheseAPIs are basedon real

applicationsandwe believe they areableto handlemostof thecommondata-paralleapplications.
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<?xml version="1.0"?>
<BlockList>
<DataBlock>

<Size>65536</Size>
</DataBlock>
<DataBlock>

<Size>65536</Size>

</DataBlock>

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

</SpaceBlock>

<BlockSize>32</BlockSize>

</BlockList>

<Locator>scp:jasper-04:/usr/scratch/ading/SEISMI

<Locator>scp:jasper-07:/usr/scratch/ading/SEISMI

Clinput/  </Locat or>

Clinput/  </Locat or>

Figure4.9: Themetadatale usedby thetrellis

LSAVAprogramshovn in AppendixD. The

datablockis a directorycontainingall thelocal les to bereduced.

int  main(int argc, char * argv[]{
char * reduce_op = "susum";
char * metafile_input = argv[2];
char metafile_output[] =

trellis_init(argc, argv);

"LSAVA.data/LSAVA_OUTPUT.meta";

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

}

trellis_finalize();

return 0;

}
Figure4.10: Thesamplecodeof theseismicdataprocessingpplication(trellis LSAVA shaw-

ing how trellis _reducel() isused.
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To summarizehe mainfeaturesof the Trellis-SDPAPIs:

1. Trellis-SDPworksatthe le-le vel; thesendingdataandreceving dataarestoredondisksand

representetdy metadatales.

2. Trellis-SDPis ableto useexisting executablesnot only for trellis_scan() , but alsofor
collectve-communicatiofinterfaces(trellis_gather() andtrellis_reducel()

bothuseseveralhelperprogramsnsteadof helperfunctions).
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Chapter 5

Applications and Empirical
Evaluations

In this chapterwe presentheempiricalevaluationsof Trellis-SDP .We evaluatethe performancef
four data-intensie applicationswrittenin Trellis-SDP,includingexecutiontimes,speedupsandthe
breakdaovn of the executiontimes. We alsomeasurehe overheadn the executiontimesincurred
by Trellis-SDPandshaw that, for naturally data-parallebpplicationswith coarsegranularity our
programingsystemis easyto useandhasreasonablyoodperformance.

To measurehetrellis_scan() performancenly, we usethedistributedtrellis grep
(Section4.3.1)andthe content-basednageretrieval (CBIR) application. To measurehe perfor
manceof trellis_scan() andtrellis_gather() , we usethe Parallel Sortingby Regular
Sampling(PSRS)application,which containsan all-to-all communicatiorphase.To measurehe
performancef trellis_scan() andtrellis_reduce() , We usea seismicdataprocessing
application(3D LSAVA migrationapplication)developedat the Departmenbf PhysicsUniversity
of Alberta. We take the original OpenMPimplementatiorof the 3D LSAVA migrationapplication

andcorvertit into adistributed-memoryapplicationusingTrellis-SDP.

5.1 Experimental Methodology and Platform

All applicationsarerun onthelocal-areanetwork because LAN is a morecontrolledenvironment
for benchmarkingapplicationswith collectve communications.To demonstratehat Trellis-SDP
worksacrossadministratve domainswe presenthebenchmarkingesultsfor thetrellis grep
application(Section4.3.1)run on awide-areanetwork.

All experimentgunonthe LAN usethesamehardwarecon guration. We useAMD AthlonXP
MP 1800+processorsunningat 1.5 GHz, eachwith 1.5GB of RAM. All localdisk drivesinterface
with the computerusinga SCSI(Small ComputerSysteminterface). Thenodesareconnectedvith
a100Mbps, switchedFastEthernemnetwork. All nodesrun Linux, with kernelversion2.4.18.

For the WAN settings,the remotenodeswe usearelocatedat the University of Calgary the
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HostName Administratve Domain | Con guration

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

lattice.westgrid.ca Universityof Calgary Alpha ES451GHz,4GB RAM, Tru64

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

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

University of Albertaand SimonFraserUniversity. Table5.1 providesthe detailedinformationof
thesehosts.

Finally, asmentionedn Section4.1,all the dataneededor computationsn theexperimentsare
manuallydistributedatthestartsincewe aretargetingnaturally-distritutedapplicationsln addition,

meta lesdescribinghedistribution of the dataarereadybeforethe computation.

5.2 Distributed Grep

In this experimentwe benchmarkhe distributedgrep (trellis grep ) applicationintroduced
in Section4.3.1. As describecearlier, trellis grep performsagrep operationon distributed
data.Thesourcecodeof themastercomponents listedin Figure4.3. Theworker componenbf the
applicationis the Unix grep program.

We performthis benchmarkn boththe LAN andWAN environments. For the LAN erviron-
ment,we usethe metadatale listedin Figure4.1;for the WAN ervironment,we usethe metadata
le listedin Figure4.4. Wetestthreesetsof inputdatain bothcasesandthetotal sizeof thedataare
309MB, 618MB, and927MB, respectiely. The datais uniformly distributedacrossthreeworker
hosts.All experimentsarerun 10 times,andonly the averagenumbersarereported.The standard
deviationsarelessthan3% of the average.

Table 5.2 shavs the executiontimes of trellis grep obsenedfrom the masterhostand
eachworker hostfor all threedatasetsin the LAN ervironment. Sincethe LAN ernvironmentis
homogeneougheresultsobsenedfrom all worker hostsarealmostidentical. However, thereis a
difference(about0.7 secondspetweerthe executiontimesobsened from the masterhostandthe
worker hosts. This is due mainly to the overheadof the programmingsystem(e.g., ssh startup
time). Additional discussioron theoverheads providedin latersections.

Table5.3shavstheexecutiontimesof trellis grep obsenredfromthemastehostandeach
worker hostfor the sameinput datasetsin the WAN environment.Thistime, the executiontimesat
differentworker hostsaresigni cantly different(for example with 309MB inputdata theexecution
time atlattice.westgrid.c& 7.81secondswhile the executiontime at blackhole.westgrid.cis only
0.25seconds)aseachworker hosthasdifferenthardwareandsoftwarecon gurations.For all tests,

the total executiontime obseredat the masterhostis alwaysgreaterthanthe maximumexecution
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time of all worker hosts. This is the effect of synchronizatiorat the masterost,plusthe overhead

of the programmingsystem.

Hosts ExecutionTimes(in seconds)
DataSize:309MB | DataSize:618MB | DataSize:927MB
jasper03 (sequential) 1.48 3.01 4.73
jasper03 (master) 1.25 1.77 2.28
jasper00 (worker) 0.53 1.07 1.58
jasper01 (worker) 0.53 1.04 1.55
jasper02 (worker) 0.53 1.05 1.51
Table5.2: The executiontime of the trellis grep application,asobsered from the master

hostandeachworkerhostin aLAN ernvironment,with threedifferentsetsof input data.

Hosts ExecutionTimes(in seconds)
DataSize:309MB | DataSize:618MB | DataSize:927MB
cleardale.cs.ualberta.fmaster) 9.65 17.37 25.01
nexus.westgrid.céworker) 5.15 10.27 15.44
lattice.westgrid.cgworker) 7.81 15.54 23.19
blackhole.westgrid.céworker) 0.25 0.49 0.69
Table5.3: The executiontime of the trellis grep application,asobsened from the master

hostandeachworkerhostin aWAN ervironmentwith threedifferentsetsof input data.

The purposeof this experimentis to demonstratehat for simple data-parallelapplications,
Trellis-SDPworksin boththe LAN andWAN ervironments.We presentadditionalperformance-

relatedmetricsin laterexperiments.

5.3 Content-Basedimage Retrieval

In this experimentwe examineadditionalperformancemetricsof trellis_scan() andrelated
functions. We implementa typical informationretrieval application:content-basednageretrieval
(CBIR).

5.3.1 Application Description

For a computeyretrieving imagesbasedn imagecontentis a dif cult task. Unlike humanbeings,
who may easilyrecognizeobjectsin animage— say “a red car’— computersdo not understandhe
contentof theimage.Researchers differentdisciplines(e.g.,computenision, signalprocessing,

biology, neuroscienceave proposedrariousalgorithmsin this area[31]. It is idealto parallelizea
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Figure5.1: Thecontrol o w of the content-basednageretrieval (CBIR) application

CBIR applicationusingour programmingsystenbecausét is data-intensie, is easyto decompose,
andthe computationis embarrassinglyparallel.

The processof writing a distributed CBIR applicationusing Trellis-SDPis similar to that of
the CBMR exampledescribedn Sectionl. The sequentiaCBIR applicationtakesa samplequery
image and performsa feature-atraction algorithm on the imageto generatea multidimensional
featurevector(e.g.,color, edgeandtexture informationarevectorcomponents)The featurevector
is then searchedhroughthe featurespaceto nd thetop most-matchedeaturevectors. That
is, the featurespacds formedby all the featurevectorsthathave beengeneratedby preprocessing
all imagesin theimagedatabaseNew featurevectorsare continuouslyaddedto the featurespace
duringthe queryprocessesilt shouldbe notedthatthereare certainissueselatedwith distributed
CBIR applicationssuchaslocal relevanceversusglobalrelevance[5]. But we usethis application

mainly for benchmarkingpurposesnddo notlook attheseissues.

5.3.2 Experimental Setup

To write adistributedversionof CBIR, theapplicationis rst decomposethto a mastercomponent
andtwo worker components:featureextraction and featurecomparison. The numberof worker
componentslependson how theimagedatabasés distributed. Figure5.1 depictsthe control o w
of thedistributedCBIR application.

As shawvn in the gure, thetwo worker componentarewritten usingdifferenttools. We build
the feature-atractioncomponentusing MATLAB — sinceit greatly simpli es matrix-basedoro-
gramming- while we build the feature-comparisooomponentisingstandardC. In practice when

usingTrellis-SDP,a programmemay chooseto write the worker componentisinghis/herfavorite
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ImageDatabasel Sequential | 2 WorkerHosts | 4 Worker Hosts | 8 Worker Hosts

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 the CBIR application: Time is the averageexecutiontime (5
repeateduns)in seconds, is the standardleviation.

languageto speedup the softwaredevelopmentrocess.

This experimentis performedin a LAN ervironmentandwe useup to 8 computingnodes(as
describedn Section5.1). Theimagedatabaseontains60,000imageswith a total featurespaceof
600MBYytes(i.e., all thefeaturevectorstake 600 MBytes).

5.3.3 Experimental Results

Linear

Distributed CBIR

Figure5.2: The speedupof the distributed CBIR application. The size of the image databasés
600MB.

Themainexperimentis the scalabilitytest,which involvesdistributing the imagedatabasento

differentnumbersof nodes. This is shavn in Table5.4 wherethe averageraw executiontimes of
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Figure5.3: The overhead®f the programmingsystemin the CBIR application.

the CBIR applicationon 2, 4 and8 worker hosts plusthe sequentiakxecutiontime, aregiven. We
alsopresenta speedumgraphto furtherillustratethe scalabilityof the application(Figure5.2).

ThedistributedCBIR applicationrshavs goodscalabilitywhenthenumberof participatinghodes
increases.This is expected,sincethe distributed CBIR is naturally parallel. The contribtution of
Trellis-SDPis in simplifying the implementationof the CBIR application(Appendix B) andin
minimizing the overheadshatdetractfrom linearspeedup.

To gainsomeinsightinto the overheadge.g.,the startuptime of ssh connectionsandthe en-
cryptionof thecommunicatiorchannel)we measurendfactoroutthessh startuptimes,compared
to the overall executiontime (Figure5.3). The worst caseoverheads 15.5%whenthe numberof
nodesis 8. This is understandableincethe numberof ssh calls andconnectiongyrows linearly
for CBIR, with the numberof nodes.As shovn with the next application(Section5.4),ssh startup
overheadsanbecomeabottleneckasthenumberof worker processegrows, especiallywhengroup

communications involved.

5.3.4 Discussionand Conclusion

Content-basetmageretrieval is a typical data-intensie anddata-parallebpplication. In practice,
mary real applicationsfall into this category, for example,distributed databas@perationsjmage

processing@nddatamining. Trellis-SDPis designedor thiskind of applicationandour experimen-
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tal resultsdemonstrat¢hatthe overheadsntroducedby Trellis-SDPareminimal.

5.4 Parallel Sorting by Regular Sampling

We usethe Parallel Sortingby Regular Sampling(PSRS)applicationto benchmarkhetrellis_
gather() , in additionto trellis_scan() . Themain purposeof the PSRSexperimentis to
shaw that our programmingsystemworks for parallelapplicationswith all-to-all communication

phases.

5.4.1 Application Description

Parallel Sortingby Regular Samplingis analgorithmthatis suitablefor mary parallelarchitectures.
It has“good load balancingpropertiesmodestcommunicatiomeeds.and good locality of refer
ences’[21]. To sortthe datadistributedon hosts,the algorithmdividesthe whole processnto
four phaseswhich ts well with our programmingsystem.

In PhaseOne,eachworker componensortsits local datausingquick  sort . Then,regular
samplesare collectedfrom eachsortedlocal dataand memedtogetherin the mastercomponent.
Mergedregularsamplesarealsosortedusingquick  sort . In Phaselwo, pivotsarefound
from the sortedregular samplesandsentbackto eachworker componentwhich partitionsits local
dataaccordingto the pivots. In PhaseThree,thereis a communication-intense dataexchange
wherethe  partitionin eachworker components transferredothe  worker. Finally, in Phase
Four, the exchangedpartitionsin eachworker are memged using n-way merge sort , andthe
algorithmends.

Figure5.4 shavs the control o w of PSRSusingTrellis-SDP.To simplify theimplementation,
we createthreeworker component®n eachremotehost:the rst componenperformsthelocal sort
andcollectssamplesthe secondreadsin pivots andgenerateshe partitionindex information;the
lastcomponenexchangeghe datapartitionsusingtrellis_gather() , anddoesa nal local
meige sort. The sorteddatastill residesn remotehostsandis representetty a metadatale in the

masterhost.

5.4.2 Experimental Setup

This experimentis performedn a LAN ernvironment.Theexperimentaketupis thesameastheone
describedn Section5.3.2,exceptthatthe datasetsedcontainsl GB of unsortedbinary)integers
(i.e., 256 million keys), in total. While benchmarkingno otherapplicationsare run on the same

cluster
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Worker . Worker
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Figure5.4: Thecontrol o w of the PSRSapplication.

DataSizein Total RealExecutionTimes(in seconds)
Total Sequential| 2 WorkerHosts | 4 Worker Hosts | 8 Worker Hosts
1GB 184.62 149.34 73.61 48.88

Table5.5: Theraw executiontime of the PSRSapplicationon 2, 4 and8 worker hosts.
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Figure5.5: Thespeedumf the PSRSapplication.

5.4.3 Experimental Results
Scalability

The raw executiontime and speedupraphsof the distributed PSRSapplicationare givenin Ta-
ble 5.5andFigure5.5. Theexecutiontime is anaverageof 5 repeateduns. As seenfrom the gure,

for 8 worker hosts we obtaina speedupf 3.7. Thisis not high, comparedwith the previousCBIR
experimentbut, consideringthe all-to-all communicationsand a securedatatransfer the resultis
reasonableln fact, we are moreinterestedn identifying the overheadf Trellis-SDPfor group

communications.

Execution Time Breakdown

We usethe phase-by-phasgnalysisto quantify the executiontimesin eachphase Figure5.6illus-
tratesthe breakdavn of the executiontime of PSRS As expected,PhaseThreebecomesa perfor
mancebottleneckwhenthe numberof worker hostsincreases.For example,whenthereare only
two worker hosts,PhaseThreeis 22% of the total executiontime. But, whenthe numberof worker

hostsincreaseso eight, Phaserhreegrows to 55%.
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Figure5.6: The breakdevn of the executiontime of the PSRSapplicationwith default ssh. (a)
phase-by-phaseith realtime; (b) phase-by-phaseith percentagef realtime.

The major reasondfor this bottleneckare the saturationof the network bandwidth(i.e., ex-
changingmillions of keys), the numberof ssh connectionsand the dataencryptionoverheads.
For all-to-all communication@mong worker componentsn PhaseThree,thereare ssh
connections.

To furtherquantifytheoverheadwe performanadditionaltestby replacingall ssh connections
in PhaseThreewith rsh (whichis fasterthanssh sincersh usescleartext channels)Figure5.7
shaws the new breakdavn of the executiontime of PSRSwith rsh enabledn PhaseThree. With
rsh , both the total executiontime andthe percentag®f the executiontime for PhaseThreeare
reduced Figure5.8 moredirectly shavs theimpactof the choiceof the underlyingcommunication

mechanism.

5.4.4 Discussionand Conclusion

In this section,we have shavn the experimentalresultsfor the PSRSapplication. As expected,
dueto an all-to-all communicationphasein the application,the overheadintroducedby Trellis-
SDPis signi cantly largerthanthatin the CBIR application. In the future, we planto explorethe

communicatioroptimizationof ssh for large datatransfers.

5.5 SeismicData Processingoy 3D LSAVA Migration

We usethe3D LSAVA migrationapplicatiorto testtrellis_scan() andtrellis_reduce()
For this application,we testtwo setsof input data: onesmall dataset(32 MB) andonelarge data
set(6 GB). Sincea considerablemountof resourcesrerequiredto procesghelargedataset(i.e.,

it takesmorethantwo weeksto procesghe 6 GB dataon 8 worker hosts),it is impracticalto com-
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Figure5.9: The control o w of the 3D LSAVA migrationapplicationwith smallinput dataset.

pletethe entire computationin a reasonablyshorttime. Neverthelessit is still demonstratedhat
Trellis-SDPworks for the applicationthat handleslarge amountsof data,andwe provide all the

experimentakesultscollected.

5.5.1 Application Description

To demonstratéhat Trellis-SDPis applicableto large-scalescienti ¢ applicationswe collaborate
with the researchgroupin the SeismiclmageProcessind ab, Departmenof Physics,University
of Alberta. We port their novel 3-dimensionaleast-squar@amplitudeversusangle (3D LSAVA)
migrationapplicationfor seismicdataprocessingdo clustersof workstationausingTrellis-SDP.

The goal of the 3D LSAVA migrationapplicationis to procesghe raw seismicdata,andmake
good-qualitymagesof theearthsinterior. Theraw seismiadatais collectedby there ection seismic
prospectingechnology For example,at rst, asurey areais de ned atthe earths surface;then,a
meshof sourcegi.e.,theequipmenfor impulsive soundwaves)is deployedandactivatedacrosghe
area; nally , echoef the sourceqarriving from multiple directions)arerecordedoy therecevers
(i.e.,geophoner hydrophonehearby[6].

To procesghedata, rst, thedatais transformedrom time-domairinto frequeng-domainusing
FastFourier Transform(FFT). Then,for eachfrequeng unit, eachlayeris iteratively processedy

the3D LSAVA migrationalgorithm.Theresultof eachfrequeng unitis 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: The parametersf the smalldatasetandthelarge datasetfor the 3D LSAVA migration
application.

matrix. The nal modelis generatedby globally summingup all matriceq36].

Theoriginal 3D LSAVA migrationapplicatiorwasimplementedisingtheshared-memor@penMP
system.In this implementationthe global modelresidesn the main memoryandis sharedby all
processes.Eachprocessupdatesthis memoryregion after processinga frequeng unit. To port
this applicationto a distributed-memonenvironment,we factorout into a separatexecutablethe
functionto processll frequeng unitsin parallelvia trellis_scan() , andgeneratehe result
for eachfrequeng unit locally. As illustratedin Figure 5.9, eachworker procesgakesin anin-
put frequeny le andavelocity le, andgenerates two-dimensionamodelonto the local disk.
Whenall local modelsare generateda global sum (i.e., a merge operation)is invoked by calling
trellis_reduce() , whichproducegheglobalmodel.Notethatthereductionoperatiorusesan
existing binary taken directly from the Centerfor Waveform Phenomena/Seismignix (CWP/SU)
packag€g32]. The nal globalmodelcanbe visualized(i.e., the seismicimage)andexaminedby

experts.

5.5.2 Benchmark Setup

Theexperimentsarerunin aLAN environmentonly; theLAN settingsaredescribedn Section5.1.
We usetwo setsof input datato evaluatethis application. Oneis a small syntheticdataset,

which contains32MB of input data,andthe nal modelis approximately\2MB. We performsimple

speedupestsandmeasurehe breakdevn of the executiontime, usingthe small dataset.

The other input datausedis a 6GB 3D SEG/EAGE (i.e., Society of Exploration Geophysi-
cists/Europearissociationof Geoscientistand Engineers)salt model dataset,which hasbeen
widely usedby the oil andgasindustryfor the researctof three-dimensionaeismicsurweys. For
8 worker hosts,the processingf this datawill producel98GBof outputdataon eachworker host
before nal reduction. Sincethereis not enoughdisk spaceto accommodat¢he data,we choose
to make somemaodi cationsto the code.Insteadof computingall layersin arow, andgeneratinga
large setof local modelsfor eachworker host,we have eachworker processomputeonly a single
layerfor all frequenciesat atime. After eachlayeris completedat all worker processesa reduc-
tion operationis performedandan intermediatemodelfor thatlayeris generatecandmovedto a
backupstorage.Then,the computationandreductionfor anotherayer is initiated until we nish
processingll layers.Finally, aglobalreductionis performedon all intermediatenodelsto generate

the nal globalmaodel.In this way, we requirelessthan4GB of disk spaceto procesonelayerfor
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Figure5.10: Thecontrol o w of the3D LSAVA migrationapplicationwith largeinput dataset.
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Figure5.11: Thevisualizationof the 3D LSAVA migrationapplicationfor the smallinput dataset.

eachworker host. The control o w of the modi ed 3D LSAVA migrationapplicationis shavn in
Figure5.10.

Somedetailedparametersf thetwo datasetsarelistedin Table5.6.

5.5.3 Experimental Results
Small Synthetic Data

Figure5.11illustratesthe visualizedresultof the 3D LSAVA migrationapplicationfor the small
dataset.Sincethisis only asyntheticdataset,it doesnot have realgeographianeaningsHowever,
in orderto studythe propertiesof the application,it is still valuableto measureghe scalability the
breakdaevn of the executiontimesof differentphasesandthe ssh startupoverheads.Theresults
areshowvnin Figures5.12,5.13and5.14,respectiely.

Figure5.12indicatesthatthedistributed3D LSAVA migrationapplicationhasgoodscalability
For example whenthenumberof workerhostsis 8, we getaspeedumumberof 7.3. Thisis because
the majority of the computatioris donein the scanphase(i.e., phaseone),andthereductionphase

(i.e., phasewo) takesup to only 5% of thetotal executiontime, asshavn in Figure5.13. The ssh
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time on scanoperations| time onreductionoperations| total executiontime

120layers 210.67hours 1.93hours 212.6hours

Table5.7: Thetotal time spentto generatel 20layersof the nal modelof the3D LSAVA migration
applicationusing8 worker hosts.The sizeof theinput datais 6GB.

startupoverheads alsonegligible, accordingto Figure5.14. The worst caseoverheads 3.7% of

thetotal executiontime whenthe numberof worker hostsis 8.

3D SEG/EAGE Salt Model Dataset

We completethe processingf 120layers(2400meters)out of 210layersof the globalmodel,and
theresulthasbeenveri ed to be correct. Figure5.15illustratesonepro le of the 3D modelthatis
generatedIn the gure, the noticeablecurvesarere ections resultingfrom differentpropertiesof
adjacenstrata.

The total time spentin generatinghe 120 layersof the global modelusing 8 worker hostsis
givenin Table5.7. Thetimesspenton all scanphasesndall reductionphasesrealsoreportedn
thesametable. Sincea considerableamountof timeis requiredto completethewhole computation,
giventhe currentsystemcon gurations,it is impracticalto measurespeedupst this problemscale.
(For example,212.6hours(8.86days)arespentto process 20layers;atleastanotherestimated 60
hourswill be neededn orderto completethe entire210layers). However, from Table5.7 we can
seethat the reductionoperationgake lessthan1% of the total executiontime. This indicatesthat
the 3D LSAVA migrationapplicationon the large datasethasthe potentialto have goodscalability
if we addmoreprocessorso thecomputation.

Thereareseveral factorscontributing to the long runningtime of the modi ed 3D LSAVA mi-
grationapplication(Section5.5.2)in the currentsystemcon gurations. In additionto the time for
the additionall/O (writing to andreadingfrom disks) betweenscanphasesandthe time for the
extra reductionphaseghat generatehe intermediatenodels,therearetwo othermajor overheads

introducedby themodi cation:

1. If we procesonelayeratatime, we needto readin thevelocity le (366MB)for eachlayer,
which takesapproximatelyl0 secondseachtime. If we processall layersin a row (before

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

2. If weproces®onelayeratatime, wealsorunfftw_create plan() for eachlayer, which
takes approximately33 secondseachtime. If we processall layersin a row, we needto

performfftw_create_plan() only once.

Giventhe abovefacts,if we hadsufcient storageon eachworker hostandprocessedll layers

in arow, wewould expectto reducethetotal executiontime by atleast31.5hourson 8 worker hosts.
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Figure5.15: Thevisualizationof the 3D LSAVA migrationapplicationfor the 3D SEG/EAGE salt
modeldataset.
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5.5.4 Discussionand Conclusion

In this section,we presentedhe experimentalresultsof the 3D LSAVA migrationapplication,a
projectcarriedout in cooperatiorwith the researchers the Departmenof Physics,University of

Alberta. The signi cant featuresof this experimentare:

1. The3D LSAVA migrationapplicationis a non-trivial application developedindependentlat
the Departmenbf PhysicsUniversity of Alberta.

2. Theamountof datathatwasprocesseds extremelylarge.

3. Althoughthe porting of the original OpenMPprogramto the clustersof workstationsneeds
sourcecode modi cations, we have managedo make the changesas minimal as possible
by using Trellis-SDP.In fact, the only changerequiredis the way the original application
outputstheresults. The OpenMPprogramwritesthe local modelsto a large shared-memory
region, andperformsthe globalsumatthe sametime; themodi ed program(the Trellis-SDP
version) rst generateshelocal modelsto les, thenall the local modelsarememgedby the

globalreduction.

We have veri ed thatthe trellis versionof the 3D LSAVA migrationapplicationproducegshe
correctresultsfor bothsmallandlarge datasets,andhave alsodemonstratethatit hasgoodscala-
bility.

5.6 Concluding Remarks

In this chapterwe have giventhe empiricalevaluationsof our Trellis-SDPsystem We studiedfour
applications:distributed grep , content-basedmageretrieval, Parallel Sorting by Regular Sam-
pling, andseismicdataprocessingy 3D LSAVA migration. The resultswe obtainedare summa-

rizedasfollows:

1. Trellis-SDPcanwork acrossadministratve domaing(Section5.2).

2. For simple data-parallelapplicationswith coarse-grainedommunicationpatterns,Trellis-
SDPdoesnotintroduceexcessie overheacandthe applicationshavs goodscalability (Sec-
tion 5.3).

3. Trellis-SDPworks for parallelapplicationswith all-to-all collectve-communicatiorphases.
However, the collective-communicatiophasesnay becomea performancéottleneckin the

applicationgSection5.4).

4. Trellis-SDPworks for applicationghat needto processrery large datasets. Due to limited

resourcesywe werenot ableto scaletheapplicationbeyond 8 worker hosts(Section5.5).

54



Chapter 6

Conclusion

In this thesis,we presentedhe designandimplementatiorof Trellis-SDP,a simple data-parallel
programmingsystem.One major contribution of this work is that Trellis-SDPenablesfastdevel-
opmentof data-intensie andnaturallydata-parallebpplicationsn a metacomputingrvironment.
Another major contribution of Trellis-SDPis thatit allows worker processeso run existing, un-
modi ed binaries. Trellis-SDPalsousesthe metadatale to representles or directoriesthatare
distributedacrosghe wide-areanetwork.

Trellis-SDPis built upontheexisting Trellis projectandprovidesa MasterWorker programming
framawork. Functionshippingandremoteexecutionstratgyiesareadoptedo move the executables
to the worker hostswherethe dataresides. To integratethe metadatale into our programming
system,we introducedthe le-le vel dataparallelismand le-le vel collective-communicatiorcon-
ceptsenablingthedata-paralleindcollective-communicatiomperationgo beperformedatthe le
level, insteadof atthe memorylevel. This offersseveraladvantagessuchasfacilitatinga batched-
pipelinedexecutionmodelandrequiringless-stricisynchronizatiorof parallelprocessesspecially
in ametacomputingnvironment.

We discussedll the major applicationprogramminginterfacesthat we proposedandimple-
mented,and gave detailedexamplesof how theseinterfacescanbe usedto write non-trivial data-
parallelapplications.We demonstratethatif the problemitself is simple,theimplementatiorcan
alsobesimple.

We evaluatedTrellis-SDPusingfour applicationsthe distributedtrellis grep application
demonstratethat Trellis-SDPworks over a wide-areanetwork; the content-base@nageretrieval
applicationdemonstratethatfor data-paralleapplicationwithoutcollective-communicatiophases,
theoverheadntroducedby Trellis-SDPis minimal, andthe applicationshavs goodscalability;the
Parallel Sorting by Regular Samplingapplicationandthe 3D seismicdataprocessingapplication
demonstrat¢hatTrellis-SDPworksfor applicationswith collective-communicatiophasesandthat
Trellis-SDPis reliablewhenthe applicationis requiredto proceswery largedatasets.

Futureresearchdirectionsmay includethe investigationof otherdata-intensie applicationso

further improve the programmingsystemwith regardto simplicity and ef ciency; the designof

55



abstractionge.g., meta les); the implementationof library functions(e.g., trellis_scan() ,
trellis_gather() andtrellis_reduce() ), and the evaluationof techniquego create

data-parallebpplications.
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Appendix A

Preliminary Study of Application
Pro®ling and Performance Prediction

In this thesis,our programmingsystemassumesstatic datadistribution and resourceallocation.
This meansthat the selectionof masterand worker hostsare determinedbeforethe computation
starts,and thereare no datamovementsinvolved. In practice,if we wantto run an application
acrossawide-areanetwork, aschedulers almostalwaysneededo ensurdhatlimited resourcesre
allocatedto differentworkloadsor jobsin areasonabléashion.In this chapterwe brie y discuss
our preliminaryeffort on the applicationpro ling modelandperformancepredictionmodel,based
on Trellis-SDP for our futurescheduler

Schedulingn a metacomputingrvironmentis challenging.The ability to make goodschedul-
ing decisiongelieslargely on theamountandaccurag of the systemandthe applicationinforma-
tion. However, thedynamically-changingysteminformationandthe detailedapplicationinforma-
tion maynotbereadilyavailable,or maybetoo expensveto collect.

We assumehatthe researcton the schedulingof data-parallebpplicationss a practicalstart-
ing point becausealata-parallelapplicationsare simple, and have coarse-grainedommunication
patterns.More speci cally, we focuson the load balancingproblemfor data-parallebpplications
writtenin Trellis-SDP FigureA.l illustratesthecontrol o w for theloadbalancingof a Trellis-SDP
application.First,theapplicationandsystempro ling datafrom previousrunsarecollectedandan-
alyzed.Then,a performanceredictionmodelis built uponthepro ling information,andprovided
to theschedulerThe schedulerawareof the currentsystemstatus pbtainsthe estimatedexecution

time from the performancepredictionmodeland, nally , generateshe bestschedulingscheme.

A.1 Application Pro®Iing

SinceTrellis-SDPworksatthe le level,andTrellis-SDPapplicationsarewrittenin data-paralleand
collectve-communicatiophasesye cannaturallyextendour systemto integrateapplicationpro-

ling capabilitiesat a coarse-grainetbvel. Currently we areinterestedn the numberof phasesn
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Metacomputer Model

Application Model
Number of worker hosts Number of processors
Number of application phases Processor speed
Characteristics of each phase Memory capacity
(Data-parallel or Collective- Network topology
communication.) Network latency/bandwidth

Operating Systems

X

Execution time of each phase

Qprevious runs ...

Performance Prediction Model

Scheduler (future work)

e.g., Backfilling Scheduling Policy

l

Load Balancing

FigureA.1: Thecontrol o w for theloadbalancingof Trellis-SDPapplications

the application the characteristicef eachphase(data-parallephase®r 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 functionsare calledat the beginning andthe end of eachphaserespectiely, if the
userturnsonthepro ling capabilityof the programmingsystem.In this way, the numberandtypes

of phasesaswell asthetime spentin eachphasearerecordedduring eachrun of the application.

Thisinformationwill beanalyzedandfedinto the performancepredictionmodel.
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A.2 PerformancePrediction and Scheduling
A.2.1 Intr oduction

The performanceredictionmodelis a metricusedto predictthe expectedapplicationperformance
atfutureruns. The performancenodelusesthe applicationpro ling dataandsystemcon guration
datagatheredrom previous runsto make the estimation. Currently we are experimentingwith a
simpleperformancepredictionmodelbasedn homogeneouarchitectures.

Our performanceprediction model may be useful if the scheduleris adoptinga back lling
schedulingpolicy wheretheremight be some*“holes” in the job waiting queuegFigure A.2). If

the schedulepredictsthatthe run-timeof a later submittedapplicationcanbe t into thetime slot

of the*holes”, thatapplicationcanbe schedulecarliet

A A
“HO]e”

Time

Job 1

1 Processors P

FigureA.2: Theback lling schedulingpolicy. Theremightbe“holes” in thejob waiting queues.

A.2.2 Prediction of the Execution Time

The modelwe usedfor executiontime predictionis takenfrom Sevcik [33]. This modeltakesinto

accounthefollowing majorissues:

1. Theessentiatomputationalvork of the application(e.g.,the sequentiatunningtime of the

application).

2. Theimbalancewith whichthe essentialvork is distributedacrosghe processors.
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3. Theoverheadntroducedfor parallelprocessinge.g.,the overheadf the programmingsys-

tem/frameavork).
4. Thecommunicatiorandcongestiordelays.

Theoriginalmodelis de ned as:

where representshe sequentiacomputationalvork of the application, is the numberof
processors,  representshe unevennesamongthework distributedacross processors, rep-
resentghe overheadntroducedby the parallelprocessingand representshe communication
andcongestiordelays(afunctionof ).

In our study we assumethat the datais always evenly distributed acrossprocessesnd we
consideronly homogeneousrchitecture so equalsto . We further simplify the modelby
remaoving the factorsfor communicationand congestiondelays, since we assumedata-intensie
operationf the applicationare performedlocally by worker processesandonly a smallamount

of dataneeddo betransferredverthe network. The nal modelwe useis:

where s still the sequentiacomputationalvork of the applicationand is the numberof
processors. is ourversionof theoverheadntroducedby parallelprocessinggdetermined
by thehistoricalpro ling of theapplicationwhere isthenumberof phasesn theapplicationand
is theaverageoverheador eachphasgbasicallyssh startupoverheadswhich hasbeen
discussedh Chapters).

A.3 Preliminary Evaluation Results

In the previous section,we presentedur simple performancepredictionmodelfor homogeneous

architecturedy thefollowing equation:

We evaluatethis equationby the CBIR applicationdescribedn Section5.3. The experimentis
performedn the LAN ervironmentwith 2, 4 and8 worker hosts.We measurehe actualexecution
time of the applicationrunningon a givennumberof worker hosts,andusethe equationto derive
the predictedexecutiontime of the applicationrunningon differentnumberof worker hosts. The
resultsareshovn in TableA.1.

Fromthetable,we canseethattheworst-casgoredictionerroris lessthan5%, which indicates
that our performancepredictionmodelis relatively accurateand practicalfor simple data-parallel

applications.
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2 worker hosts 4 worker hosts 8 worker hosts
actual(s) | predicteds) | 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 - -

Table A.1: The predictionof the executiontime of the CBIR applicationon differentnumbersof
worker hosts.
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Appendix B

Source Codefor 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[l];
char * sample_offset = argv[2];
char * top_n = argv[3];

char * metafile = argv[4];

int items_read = O;

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);
telsef
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
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  O;
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Appendix C

Source Codefor 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_PATHusr/scratch/ading/PSRS/mergesort”

int  DISK_NUM;

int SUBARRAY_SIZE;
int SAMPLE_EACH;
int INDEX_PIVOTS;

int * phasel(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  opl, op2;

Trellis_Request request;
Trellis_Status status;
sprintf(sample_each_string, "%d", SAMPLE_EACH);
sprintf(subarray_num_string, "%d", SUBARRAY_SIZE);
opl = string(LOCALSORT_PATH) + " " + string(subarray_num_string);
op2 = string(GSAMPLE_PATH) + " " + string(subarray_num_string)+
+ string(sample_each_string);
if(trellis_scan(metafile_in, opl, &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, |

int  ** index_table;
FILE * pivots_file_fp;
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string
string

quicksort(sample_array,
= (int

pivots_array

1 i
=i
pivots_array([i

for(i

}

pivots_file_name

pivots_file_fp = fopen(pivots_file_name.c_str(),

if(pivots_file_fp == NULL){
fprintf(stderr, "Open Pivots File
exit(-1);

}

for(i = 0; i < DISK_NUM- 1; i++)
fprintf(pivots_file_fp, "%d\n",

fclose(pivots_file_fp);

pivots_file_scl
index_table

pivots_file_name;
pivots_file_scl;

< DISK_NUM; i++){
* DISK_NUM + INDEX_PIVOTS -
sample_array[j];

_1]

= string(getenv("HOME"))

pivots_file_scl);

free(pivots_array);

return  index_table;

}

int phase3(const char
metafile_gather,
return

}

void phase4d(const char

* metafile_localsorted,
int ** index table,

trellis_gather(metafile_localsorted,

* metafile_gather,

string  op;
Trellis_Request request;
Trellis_Status status;

op = string(MERGESORT_PATH);

if(trellis_scan(metafile_gather,

op,

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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W),

Error\n™);
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file";
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*

const char
Trellis_Datatype datatype){
metafile_gather,
index_table, datatype);

char *

metafile_globalsorted){
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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 = phasel(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  0O;
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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 argce, char * argv[]){

Trellis_Request request;

Trellis_Status status;

char * metafile_scan = argv[l];

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_reducel(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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