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Abstract

Streamprogrammingis currentlybeingpushedasa way
to exposeconcurencyand sepaate communicatiorfrom
computation.Sincethere are manystreamlanguagesand
potentialstreamexecutionenginesthis paperproposesan
abstiact macine modelthat captuiesthe essentiatharac-
teristicsof streamarchitectures the StreamVirtual Machine
(SVM). The goal of the SVMis to improve interoperabil-
ity, allow developpmenbf commoncompilationtools and
reasonaboutstreamprogram performance The SVMcon-
tainscontrol processas, slavekernelprocessos, andslave
DMA units.Is is presentedilongwith the compilationpro-
cessthat takesa streamprogram downto the SVMand -
nally downto madinebinary. To extractthe parametesfor
our SVMmodel,we usemicro-kernelsto characterizetwo
graphicsprocessos and a streamenging Imagine There-
sultsare encourging; themodelestimateshe performance
of thetarget madineswith high accuracy.

1. Intr oduction

In the past30 years,we have experiencedremendous
growthin computeperformanceywhile keepinghesequen-
tial executionmodelpresentedo the programmebasically
thesameThisexecutionmodelis exempli ed by theimper
ative programminglanguagedievelopedduring the same
time period,C andC++. Thesdanguagesbstractedutthe
implementationdifferencesof various sequentiakcomput-
ers(pipelineandcachehierarchystructureyut capturedhe
fundamentallycommon features(sequentialcontrol o w
and uni ed memory system).Neverthelesspur ability to
continueto scalethe performanceof this executionmodel
hasrecentlycomeunder re dueto excessve power con-
sumptionwire delayissueq1], andlimited extractableLP
in sequentiabpplicationsThedif culties with the sequen-
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tial modelhave encouragedesearchert exploreotherex-
ecutionmodelsthat matchthe intrinsic constraintsof the
underlyingVLSI technologyandthe parallelismin emeg-
ing applicationg7]. Oneresultof this explorationis anin-
creasingnterestin “stream”computations.

A streamprogramconsistof a selectionof computation
kernelsthatconsumendproduceslementgrom streamf
data.The advantageof this decompositiorare multi-fold.
First, it separatesommunicationthe gathersand scatters
of datato andfrom global memory)from the actualcom-
putation. Hence,communicationcan be scheduledahead
of the correspondingomputation therebyhiding the cost
of the large memorylateng thatis unasoidablein modern
machinesStreamprogramsexplicitly identify which vari-
ablesareonly namedor valuesin acommunicatiorstream
anddon't needto be written backto memory and which
hold persistentapplicationstate.This informationreduces
the global memorybandwidth,anothercritical resourcen
a modernmachine In addition,the streamformulational-
lows the compilerto exposedata-lerel parallelism(DLP)
betweerstreamelementsn akernelandthread-leel paral-
lelism (TLP) acrosskernels Finally, the streamingabstrac-
tion matcheavell the structureandperformanceonstraints
of modern(multi)processorsThus,it is easieto communi-
cateperformancebottlenecksackto the programmerFor
example, since communicationis explicitly visible to the
programmerit is easyto pointoutwherein theapplication
thememorybandwidthbecomes bottleneck suchthatthe
programmeigainsinsightinto whatis limiting the perfor
manceof theapplication.

The stream abstractionsuits data intensve applica-
tions with regular communicationpatterns.Not all appli-
cationst this modelbut it is a natural t for the DSP[6],
multimedia[1§ andscienti c[5] computingdomainsMany
researclyroupshave developedarchitecture$or streamap-
plications.The streamarchitecturespacespansfrom con-

gurable or staticallyschedulediled processorgRaw [20],
TRIPS[19]), to SIMD streamcoprocessorwith alargelo-
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Figure 1. The two-level compilation approach
for stream applications.

cal memory for streambuffering (Imagine [18]), and to

commodity graphicsprocessorg4]. Similar diversity ex-

ists with streamingprogramminglanguages.They vary

from synchronousdata- ow languageswith in nite lin-

ear streams(Streamlt[2], Simulink[14]), to languages
with support for multi-dimensional streams and sten-
cils (Brook [3]), andto arraylanguagegMatlab[13]). The

fragmentationin streamarchitecturesand languagesre-

ates an interoperability problem that hinders the wide

adoption of streamcomputing. To run ary streampro-

gram on ary stream architecture, one must develop
a separatecompiler for every languageand architec-
ture pair.

Thetwo-level compilationapproachn Figurel canmiti-
gatetheengineeringompleity of developinganew stream
languageor architecture.The high level compiler (HLC)
is written oncefor eachstreamlanguageandis responsi-
blefor parallelismdetectionJoadbalancingcoarse-grained
schedulingof streamcomputationsand memorymanage-
ment for streamingdata. The HLC inputs a streampro-
gram and targets an abstractarchitecturemodel. The ab-
stractmodelis parameterizetb describéasictopologyand
performancdeaturesof speci c streamarchitecturesThe
low level compiler(LLC) is writtenoncefor eachstreamar-
chitectureandis responsiblefor instructionmemoryman-
agementand schedulingwithin eachkernel. It inputs the
abstracstreamcodeandgeneratesinarycode.Apart from
allowing for interoperability this compilationmodelallows
thelanguageandHLC developersto focuson fundamental
streamoptimizationsratherthanover-specializinghe com-
piler for the idiosyncraticfeaturesof ary particulararchi-
tecture.

This papermalkes the following contributions towards
supportingthe two-level streamcompilationmodel. First,
we introducethe StreamVirtual Machine (SVM), an ab-
stractmodel for streamcomputationsThe SVM consists

of an architecturemodelandan API. The SVM architec-
ture model is a set of parameterghat makes the SVM
matcha given architecturelt captureshe commonchar
acteristicsof streamprocessor&and abstractout any im-
plementationdifferencesThe SVM API provides separa-
tion of control and data-intensie code,explicit communi-
cation via streams.and explicit memory managementor
streamingdata. Second,we demonstratéhow to describe
adwancedyraphicprocessor§GPUs)usingthe SVM archi-
tecturemodel. While GPUswerenot designedspeci cally
for streaming SVM canclosely capturetheir behavior for
streamapplicationsFinally, we verify thevalidity anduse-
fulnessof theabstracmodelby comparingperformances-
timatesfor streamapplicationdescribedat the SVM level
to actualexecutiontimeson availablestreamprocessors.

Section2 presentshe underlyingarchitecturanodelfor
the SVM. Section3 summarizeghe applicationprogram-
merinterface(API) for SVM code.In sectiond, we demon-
stratehow to derivethe SVM architecturenodelparameters
for two GPUsusinga seriesof micro-benchmarksSection
5 presentghe experimentalvalidation of the SVM model.
Finally, Section6 discusseselatedwork andSection7 con-
cludesthe paper

2. The SVM Ar chitecture Model
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Figure 2. SVM Architectural Model

A simpleexamplearchitecturenodelof the SVM shovn
in gure 2 containsthreedifferenttypesof executionen-
gineseachwith its own threadof control. TheControl Pro-
cessoris the masterprocessorand controlsthe operation
of the entiremachine.The control processoessentiallyis-
suesall the operationghatthe machineexecutesThe Ker-
nelandDMA enginessimply allow thecontrolprocessoto
executehigherlevel operationsThekernelprocessoaccel-
eratesghe computatiorof eachof the streamkernels while



theDMA engineis usedto managehedatamovementthat
eachkernelrequires.

By giving eachof the processor#s own threadof con-
trol, the SVM allows the control processoto run aheadof
the actualdataexecutionessentiallyprefetchingfuture op-
erationsfor the dataand memory executionunits. It also
explicitly providesthe dependencéetweenall the stream
operationsto eachof executionengines.Thus the execu-
tion enginesareableto reordercomputatiorfor moreef -
cient execution.Local memoryprovidesthe neededspace
to buffer databetweerdifferentexecutionengines.

For the SVM to work asa good parametrizedarchitec-
tural model, one must be ableto abstracta wide classof
streammachinento this model,while maintainingthe abil-
ity to estimatethe performanceof the real machine While
clearlymodelingthe computationaperformancef the en-
ginesis important,it is alsoimportantto model the size
andbandwidthsof thememoryin themachine A SVM has
threetypesof componentserelisted with their important
parameters:

Processoranhave multiple mastemprocessorgthis is
the casefor streamprocessorand DMA engines).DMA
engineganonly runspeciakernelsvhichwill bedescribed
in the next section, otherwise processorscan run user
de ned code. Theseprocessorsapableof running user
de ned codearethencharacterizedy suchfactorsastheir
operatingrequeng, mix of functionalunits,numberof reg-
istersandSIMD level.

Memoriescomein threedifferent avors:FIFOs,RAMs
and caches.All types are characterizecby their size in
bytes.RAMs are alsode ned by their coherencewith re-
gardgo othermemoriesn thesystemandthebandwidthfor
differenttypesof accessesiamelysequentiabndrandom
access.Streaprocessortake advantageof high bandwidth
local RAM memoriesor FIFOsthatlink streamprocessors
togetherto reducedemandson global memorybandwidth
throughre-useandproducerconsumefocality.

Network Links connectone or mary sendergproces-
sors,memoariesor network links) to oneor mary recevers.
Eachnetwork link is characterizedvith abandwidthandla-
tengy.

3. The SVM API

A SVM can“execute’a C programthat usesthe SVM
API to specify:

1. How computatioris partitionedandassignedo stream
processors.

2. How datais partitionedandassignedo locationsin lo-
calmemories.

3. How datais movedamonglocal memoriesor between
local memoriesandtheglobalmemory

4. How computationson streamprocessorand/ordata
movementsaresynchronized.

The SVM API hasseveral usability objectives (in de-
scendingorderof importgance):

1. Supportefcient translationof API calls for varied
streamingarchitectures.

2. ExpressmappingusingstandardC to enabldow-level
C compilerto parse,analyze,and translatethe API
callswith minimummodi cation.

3. Requireonly localanalysisof singleprocessocodeby
LLC to translatecalls.

4. Allow simple construction of functional simula-
tor through direct implementationof calls for easy
veri cation or performanceestimation.

In essencean applicationexpressedor a SVM usingC
andthe SVM API consistsof onemain() functionfor each
masterprocessoiin the target SVM. Each main function
is executedasthe control thread for that processarCon-
trol threadssynchronizeausinga threadvirtual machineAPI
thatprovidesstandardsynchronizatioronstructge.g.,bar
rier, etc.). Thecontrolthreadrunningon a mastemprocessor
caninvoke specialfunctionson speci ¢ streamprocessors
calledKernels Kernelsoperateon datalocatedin thelocal
memoriesof the streamprocessoras speci ed by Blocks
and Streams Pre-de ned Kernelsexecutedby DMA en-
ginesprovide datamovementKernelssynchronizewith the
control threadusing specialfunctionsand with eachother
usingexplicitly speci eddependences.

The SVM API is intendedto expressa speci c map-
ping of an applicationderived from portablecode,not as
a programmingool (thoughit couldbe usedassuch).lt is
akin to a high-level assemblylanguageBoth corventional
andstreamprogrammindanguagesanbe compiledto the
SVM API. Constructsin somestreamprogramminglan-
guagegesemblehoseof the SVM API becauseuchlan-
guagesimfor aprogrammingnodelthatresemblesheex-
ecutionmodel,but the constructsdo not necessariljhave a
one-to-onecorrespondencwith SVM API constructsFor
instance the conceptuakernelsin an applicationwritten
with a streamprogramminglanguageare usually not the
sameasthe SVM API Kernelsin a mappingof thatappli-
cation. The former are basedon a logical decomposition,
thelaterarebasedn a hardware-optimizednapping.

3.1. SVM API Constructs

TheSVM API usesstrict C syntaxbut followsanobject-
orientedparadigmthat couplesa structtype “class” with
function “methods” that perform related operations.All
“methods” take a pointerto a struct “object” asthe rst
argument.Each“class” hasaninitialization “method” that



senesasa constructor The termsclass,method,and ob-
jectareusedhenceforthwithout quali cation.

Block and Streamt The SVM API usesBlock and
Stream objects to assigndata to specic hardware lo-
cationsin the streamprocessordocal memoriesand to
refer to locationsin the global memoryfor DMA trans-
fers. A block is simply anarrayassignedo a locationin a
memory A streamis a FIFO queueimplementedasa cir-
cular buffer assignedo a locationin a memory Blocks
and Streamsare initialized with the following meth-
ods?:

voi d svm bl ockl nit(svm Bl ock* b,
mm Mem ranlLocation, size_ t address,
size t capacity, size_t el enmentSize);

void svm stream nit RAM svm Streant s,
mm Mem ranlLocation, size_ t address,
size t capacity, size_ t el enmentSize);

Blocks implementrandom-accesgeadandwrite meth-
ods;streamsmplementblockingpeek,pop,andpushmeth-
ods. Both blocks and streamshave layout constraintshat
enablemeaningfulaliasingof blocksand/orstreamswithin
memory (e.g.,one block canrefer to a region of another
block).

Kernels TheSVM API useKernelobjectso mapfunc-
tions, usually correspondingo someportion of a compu-
tation intensie loop, to streamprocessorsEachspeci c
functionis represenby a Kernel“subclassthat“inherits”
from the Kernelclassby enclosingthe structusedfor Ker
nelclassinsideits own structandcalling Kernelmethodsei-
therdirectly or from within its own methodsA typical Ker-
nel subclasss initialized usinga methodof theform:

voi d svm ker nel Subcl assl ni t(
ker nel Subcl ass* Kk,
nm Proc proclLocati on,
kernel specific argunents);

DMA Kernels The SVM API usesspecialpre-de ned
DMA kernelsubclasseto describeDMA transfersDMA
kernelsare executedby DMA enginesratherthan stream
processordMA kernelsncludemove (equivalentto mem-
cpy), strided scatterand gather(read a records,advance
b records,repeat),and indexed scatterand gather (read
recordsfrom within a block givena block or streamof in-
dices).Eachkind of DMA kernelhasvariationsto handle
block to block and, streamto stream block to stream,and
streamto block transfers For example,a move DMA ker-
nel for a streamto streamtransferis initialized using the
following method:

1 SomeSVM callssimplifi ed/modifi ed here and in example for explana-
tory purposes.

void svm noveS2SI ni t (svm MoveS2S* Kk,
mm Proc dmalLocati on,
svm Streant destStr,

size_t length);

Kernel dependencesThe SVM API usesexplicit de-
pendenceto provide e xible synchronizatiorbetweerker-
nels, including DMA kernels,independenof the control
thread.Prior to execution,a kernelmay be marked asde-
pendenbn anothetkernelusingthefollowing method:

voi d svm ker nel AddDependence(
svm Ker nel * Kk,
svm Ker nel * dependsOnKer nel ) ;

Kernel control: The SVM API useskernelmethodsto
provide synchronizatiorbetweenkernelsand the control
thread.The simplestand mostcommonform of synchro-
nizationis for the control threadto executea kernelusing
the svmkernelRunmethodandwait for it to nish execut-
ing usingthe svmkernel\Wait method.svmkernelRundoes
notimmediatelyexecutea kernel,it enqueued for execu-
tion on a speci ¢ processarWhenthat processornishes
executinga kernelit selectsanenqueuedkernelasthe next
kernelto executeonly if all kernelsit dependsn have n-
ishedexecuting.

More rarely, the control thread may asynchronously
pauseor endakernel'sexecutionusingthesvmkernelRause
or svmkernelEnd methods.In somecasesa kernel may
pauseitself using svmkernelRause svmkernelVait al-
lows a control threadto wait for a kernelto nish exe-
cuting or pauseitself. If a kernelis paused,the control
threadcaninteractwith it by alteringthe elds of the ker-
nel object then calling svmkernelRunagain to resume
execution.

3.2. SVM API Example

StreamProcl StreamProcl

I ' LocalMem1 LocalMem2 ‘
‘ DMA1 ‘ ‘ DMA2 ‘

Figure 3. Simple example application and tar-
get SVM

Considermappingan applicationto a simple SVM as
shawvn in Figure 3. The application lters thencompresses

svm Streant srcStr,
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theimageby a constantatio. The simple SVM consistsof
onemastemprocessoandtwo streanprocessorasshovnin
Figure3. The applicationmay be mappedn severalways,
dependingpn capabilitiesof the hardware.For explanatory
purposesassumehetwo optimalKernelsconsistof the I-
tering and compressiorstages.The Kernelsmay then be
time-multiplexed such that each processorexecutesboth
kernelson half the data(Figure 4a), or space-multiplged
suchthatoneprocessoexecutesachkernelon all thedata
(Figure4b). Datatransferscould useblocksor streamdor
DMA. The SVM API can be usedto specify ary of the
four mappingsshowvn, aswell asothersnot shavn. Table1
shavs commente&VM API codefor thetime-multiplexed
blockedandspace-multiplgedstreamingmappings.

3.3. SVM API Implementation

The SVM API efciently mapsapplicationsto varied
streamingarchitectureslts constructsexploit the natureof
streamingarchitecturest a level of abstractiorthatallows
straightforvard translationto a speci ¢ architecturewhile
still leaving someroomfor architecturalnnovation.

The control thread/lernel division exploits the hetero-
geneity of streamarchitectureshat containsimple RISC
masterprocessorand streamprocessorsA simple RISC
processoiis smallerthana streamprocessarbut the high
ALU:overheadratio of a stream processoroffers much
higheref ciency (opsperunit areaor power) for codewith
high data-level- or instruction-level- parallelism.The SVM
API is designedo capturecomputationintensve loopsin
Kernelsandassignthemto streamprocessors.

The SVM API is designedto enablea streamproces-
sor to executekernelsin rapid successiorwith minimum

intervening overhead.Separatingnitialization of a kernel
from executionenablesthe control threadto transmitthe
kernel agumentsto a streamprocessotbefore the previ-
ous kernel nishes. Explicitly encodingthe dependences
betweerkernelsallows the streamprocessoandDMA en-
gine to synchronizedirectly using an architecture-speci ¢
method without the masterprocessoracting as “middle
man”.TheDMA engineandstreanprocessomaycommu-
nicatethroughthe local memoryor usea hardware score-
board(asin the Imaginearchitecture)Regardlesf imple-
mentation suchdirect communicatiorellows a DMA load
to befollowedmoreimmediatelyby a kernelexecution,for
instance.

The SVM API supportdwo kindsof DMA: block DMA
andstreamingDMA. Block DMA moveseachlarge block
of dataas an atomic operation.StreamingDMA moves
databetweenFIFO queuesOtherkernelsmay be produc-
ing andconsumingdatato andfrom thosequeuessimulta-
neouslysincesingle consumer/producegueuesdo not re-
quire heavry weight synchronizationStreamingDMA can
reducethe latengy of a seriesof kernels,especiallywhen
space-multiplging is usedasshown in Figure4. Most con-
temporaryDMA enginegdo not directly supportstreaming
DMA, but it can be implementedwith block transfersas
double-(or N-degree)buffering coordinatedby eitherthe
masteror streamprocessar

The SVM API wasdevelopedfor usewith alargerclass
of architectureshanthe SVM modelpresentedn this pa-
per. For instance the streamconstructcan be mappeddi-
rectly to an inter-processof~IFO in the Raw architecture
[20].

4. SVM Characterization

In the two-level compilationmodel,the HLC generates
SVM API codewithoutknowing thedetailedfeaturef the
speci ¢ streamprocessotargeted.To producehigh perfor
mancecode,the HLC usesthe valuesof the SVM parame-
tersthatdescribethe topologyandperformancdeaturesof
thetargetedprocessoat the abstractevel of the SVM (see
Section2).

For stream processorsthat implement an execu-
tion model similar to that of the SVM like the Imag-
ine [8] and Merrimac [5] streamprocessorsthe values
for the SVM parametersare fairly obvious by look-
ing attheirblock diagram Neverthelessfor processorthat
usealternateorganizationsthe SVM parametershat char
acterizetheir behaior with streamapplicationsare less
apparentndrequireanexperimentabpproachin this sec-
tion, we use graphics processors(GPUs) as an exam-
ple of how to characterizenon-comwentionalprocessorst
the SVM level.



Time-multiplexed,block DMA

Space-multiplged,streamingDMA

TT

svm Bl ock i nput Bl,
svm Bl ock unfilterB1,
svm Bl ock filterB1,
svm Bl ock conpressBl,
svm Bl ock out put B1,

/1 Declare kernels to load, filter, conpress, and store dat g
svm MoveB2B | oadl, | oad2;

Filter filterl, filter2;

Conpressor conpressorl, conpressorz2;

svm MoveB2B st orel, store2;

/1 Initialize blocks

svm bl ockl ni t (& nput B1, GMEM  gin, I MGSZ/ 2, Pl XSZ);
svm bl ockl ni t (& nput B2, MEM gin, | MGSZ/ 2, PI XSZ);
svm bl ocklnit(&unfilterBl, LMEML, LADDR1, |MGSZ/2, Pl XSZ);
svm bl ocklnit(&unfilterB2, LMEM2, LADDR1, |MGSZ/2, Pl XSZ);
svm bl ockl nit (&filterBl, LMEML, LADDR2, |MGSZ/2, PIXSZ);
svm bl ockl nit (&filterB2, LMEM2, LADDR2, |MGSZ/2, PIXSZ);
svm bl ockl ni t (& onpressBl, LMEML, LADDR1, |MGSZ/8, Pl XSZ);
svm bl ockl ni t (& onpressB2, LMEM2, LADDR1, |MGSZ/8, Pl XSZ);
svm bl ockl ni t ( &out put B1, GMEM  gout, | MGSZ/ 8, PI XSZ);
svm bl ockl ni t ( &out put B2, GMEM  gout, | MGSZ/ 8, PI XSZ);
/1 Load input data into |ocal nenories

svm noveB2BI ni t (& oadl, DVA_ENGQ NE1,
svm noveB2BI ni t (& oad2, DVA_ENG NE2,
svm ker nel Run( & oad1);
svm ker nel Run( & oad2);

/1
fi
fi

svm ker nel AddDependence(&filterl, & oadl);
svm ker nel AddDependence(&filter2, & oad2);
svm kernel Run(&filterl);
svm kernel Run(&filter2);

/1

conpressor | nit(&onpressorl, PROCL,
conpr essor | nit(&conpressor2, PROC2,
svm ker nel AddDependence( &onpressorl, &filterl);
svm ker nel AddDependence( &onpressor2, & ilter2);
svm ker nel Run( &onpressor1);
svm ker nel Run( &onpr essor 2);

11l

svm noveB2BI ni t (&st orel,
svm noveB2BI ni t (&store2, DVA_ENG NE2,
svm ker nel AddDependence( &storel, &conpressorl);
svm ker nel AddDependence( &store2, &conpressor?2);
svm ker nel Run( &storel);
svm ker nel Run( &st ore2);

11

svm kernel Wai t Mul ti pl e(&storel, &store2);

Declare blocks for 1Tnput, 1nternediate, and out put data
i nput B2;

unfil terB2;

filterB2;

conpr essB2;

out put B2;

inputBl unfilterBl);
inputB2, unfilterB2);

Filter data in local nmenories after it has been | oaded
Iterlnit(&ilterl, PROCL, unfilterBl, filterBl);
Iterlnit(&ilter2, PROC2, unfilterB2, filterB2);

nenories after it is filtered
filterBl, conpressBl);
filterB2, conpressB2);

Conpress data in |ocal

Store conpressed data to gl obal nenory
DVA_ENG NE1, conpressBl,
conpr essB2,

out put B1) ;
out put B2) ;

Wait for data to be stored

11l
Il

svm Streami nput S;
svm StreamunfiltersS;
svm StreamfiltersS;
svm St ream unconps;
svm St ream conpr essS;
svm St ream out put S;

11
11l

svm MoveS2S | oad;

Filter filter;
svm MoveS2S nove;
Conpressor conpressor;

svm _MoveS2S store;

/1
/1

svm stream nit (& nputS, GVEM  gin, | MGSZ, Pl XSz) ;
svm stream nit(&unfilterS, LMEML, LADDRl, BUFSZ, Pl XSz) ;
svmstream nit(&filterS, LMEML, LADDR2, BUFSZ, Pl XSz) ;
svm streanl ni t (&nconps, LMVEM2, LADDR1, BUFSZ, Pl XSZ) ;
svm streanl nit (&conpressS, LEML, LADDR2, BUFSZ/ 4, Pl XSZ);
svm streanm nit(&out putS, GVEM  gout, | MGSZ/ 4, PI XSZ);
/1 Load input data into |ocal nenories

svm noveS2SI nit (& oad, DVA_ENG NE1, inputS, unfilterS);

svm ker nel Run( & oad);

11

filterlnit(&ilter,
svm kernel Run(&filter);

11l

svm noveS2SI ni t (&move,
svm ker nel Run( &ve) ;

11l

conpr essor | nit(&conpressor,
svm ker nel Run( &onpressor);

11

svm noveS2SI nit (&store,
svm ker nel Run(&store);

11

svm kernel Vit (&store);

Decl are streanms for input,
and out put data

i nternediate,

Decl are kernels to | oad,
and store data

conpress, nove, filter,

Initialize streanms. Streans do not need to hold a

data at once just sone buffer.

nenories after it has been | oaded
PROCL, unfilterS, filterS);

Filter data in |ocal

Store conpressed data to gl obal
DVA_ENG NE1,

menory

filterS, uncompS);

nenories after it is filtered
PROC2, unconpS, conpressS);

Conpress data in |ocal

Store conpressed data to gl obal nenory
DVA_ENG NE2, conpressS, outputS);

Wait for data to be stored

Table 1. SVM API code for two possib le mappings of example

4.1. GPUsfor StreamingComputations

GPUs are custom processordor high-bandwidth3D
graphicdor personatomputersTheirbasictaskis totrans-
form a setof trianglesthat describea sceneinto a raster
ized image underthe control of an API like OpenGL or
Direct3D. During the pastdecade the computationcapa-
bilities of GPUshasexplodedto tensof GFLOPSasthe
demandfor more realistic 3-D imagesexpanded Modern
GPUsarealsoequippedwith alarge,high-bandwidttiframe
buffer (hundredsof MBytes) and a dedicated high-speed
interfaceto the main memory controller of the computer
(GBytes/sec).

Harnessinghe computationapower of GPUsfor stream
applicationds enabledby thefactthat GPUsarebecoming

generallyprogrammableCurrentgenerationGPUs allow
applicationprogrammergo write codefor two partsof the
graphicspipeline,the vertex enginethat typically operates
ongeometrioverticeg11] andthefragmentenginethattyp-
ically performsshadingandblendingoperation®ntheout-
put pixels. Several researcherfiave demonstratedmpres-
sive applicationperformancdoy programmindgragmenten-
ginesin assemblyor low level language$ike Cg[12].

Thebasiccomponentsf apersonatomputemith apro-
grammableGPU t within the SVM architecturemodelas
shawvn in Figure5. Themain CPUis the control processar
the memorycontrolleris the DMA engine the mainmem-
oryistheglobalmemorytheframebuffer asthelocalmem-
ory, andthefragmentenginewith its registersasthe stream
processowith its local register le. Hence,it is reasonable
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totagetGPUsasstreanprocessorwith thetwo-level com-
pilation model.Using a compilerlik e the onefor Cg asthe
LLC, the two-level compilationmodelhasthe potentialto
allow general,high level, streamapplicationsto be easily
targetedto GPUhardware.

4.2. Characterization Methodology

In this study we investigatehe SVM modelparameters
for thebestgraphicsprocessorsurrentlyavailable,the ATI
Radeor®800Proandthe Nvidia GeForceFX5900Ultra.

Certain SVM parametersuchas the frame buffer ca-
pacity are easyto obtain from datasheetsOn the other
hand sustainedsFLOP Sandbandwidthparameteraredif-

cult to calculatefrom adwertised peak ratesdue to the
irregular nature of the GPU organization.Fragmenten-
ginesusepacked (SIMD) arithmeticto achiese high com-
putationalthroughput.However, their instructionset does
notincludeary control o w instructionssuchasbranches
2, which complicatescomputationswith conditionalstate-
ments.Memory accesseso program data must use tex-
ture load and store instructionsinto the two dimensional
framebuffer. Furthermoreloadaccesseare rst Itered by
acacheoptimizedfor thespatiallocality of textureaccesses
whereanindividual accessnterpolatesa texture sampleby
lookinginto neighboringvaluesin atwo dimensionaspace.
Finally, fragmentprogramsundego recompilationwhen
loadedon the GPU. The vendorprovided loadersperform
dynamicreallocationof register and expandor transform
assemblyinstructionsinto native operationsof the graph-
icsengine.

To accuratelyestimatethe SVM model parametergor
thetwo GPUs,we usea seriesof micro-benchmarksEach
micro-benchmarkargetsa speci ¢ performancdeatureof

2 Theopposite constraint is true for the vertex engine.

the GPU, suchasits sustainegberformancen the presence
of conditionalsor the sustainecbandwidthfrom the local
memoryto thelocalregister le. We wrotethebenchmarks
in OpenGLARB fragmentprogramassembly2] or com-
piled themfrom Cg. Specialcarewasnecessaryo ensure
that the loaderdoesnot optimize avay the resourcecon-
straintwe aretrying to measuren eachcase.Thetestplat-
formswerebothhigh endworkstationscontaininga 3GHz
Pentium4 with a 800MHz front-sidebus, 2GB of 400MHz
DDR DRAM andanAGP8x bus,runningWindows XP and
latestreleaseadriversfrom the graphicscardvendors.

4.3. Micro-Kernel Analysis

4.3.1. Compute Unit Figure 6 shavs the number of
SIMD instructionsper secondthat can be executedfor
eachof differentcomputeoperations®. Many of thesein-
structionsoperateon all four component®f the data.This
measuremenivas madeusing only one live register be-
causewe will seelater that the numberof live registers
can have an impact on the peak instruction through-
put.

The ATI hardwareis consistentat 3G instructionsper
second(12 G ops) for most operationswith only a few
exceptions.Theseexceptionsareassumedo be causedy
functionsthatareimplementedn multiple instructions(up
to 10 for trigonometricfunctions).The 3G instructionrate
matcheghe publishedspecgor the ATI part: 380MHzwith
eightfragmentpipelinesgivestheoreticamaximumperfor
manceof 3.04G Instructions/s.

TheNvidia hardwarehasmorevariationin performance.
It implementsmost combinationsof multiplies and ad-
ditions at 5G Inst/s (20 G ops) while all other instruc-
tions are performedat less than 2.5G Inst/s. Given the
GeForceFXclock is supposedo be at 450MHz with four
fragmenipipelinesthissuggestthateachpipelinehasthree
Multiply-Add units for a theoreticalthroughputof 5.4G
Inst. All otherinstructionsseemto bene t from only one
functional unit per pipeline, also trigonometricfunctions
bene t from someacceleratiorthat bring their throughput
upto 2G Inst/s.

4.3.2. Local RegisterFile In bothgraphicgprocessorghe
architecturakizeof theregister le is 32 registers(of four
oats each)Thislimitation is enforcedoy thegraphicscard
driver. We will now look athow the bandwidthbetweerlo-
cal registersandthe computeunits affectsthe machineper
formance.

In a machinewith a fully connectedregister le, we
would expect the instructionsper secondto remain con-
stantindependentlyf the numberof live register Figure7

3 Instruction description available in [2]
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shavsthatATI' sregisterorganizatiormatchesur expecta-
tion with performancainchangea@sthenumberof livereg-
istersis increasedonly MUL is shavn for simplicity) The
datafor Nvidia clearlyindicatesahierarchicalegisterorga-
nization,sinceperformancealropsdramaticallyasthe num-
berof live registersincreases.

On Nvidia, most instructions' performancefalls off
sharply once more than threelive registersare used,just
like MUL instructionin Figure 7. Dot product(DP3) in-
structionswhich take two vectorsand producea scalar
valuedegradein performancemuchslower thanMUL in-
struction.The lessdramaticcutoff in performancefor dot
productsleads us to believe that this performancelim-
itation is a register bandwidthissue. For the ATI chip,
the register bandwidthis roughly 179 GB/s. Nvidia's lo-
cal register bandwidthis a function of the numberof live
registers

4.3.3. Local Memory The local streammemory on the
GPU is the graphicsmemorywhich is nominally 256 MB
on currentgraphicscard. Someof this spacds usedby the
frame buffers, and vertex data.The actualsize of streams
that can be presentis 176MB out of 256MB for both ar-
chitecturesindividual streamgtextures)canbe at most4k
by 4k (of 4 oats) on Nvidia and 2k by 2k on ATI. Tex-
turesin onedimensiorarealsolimited to 2k for ATI and4k
for Nvidia, makingthemusefulonly for smallstreams.
GPU's memorysystemshave a cacheto capturespacial
locality in texture accessesvherean individual accessn-
terpolatesa texture sampleby looking at neighboringval-
ues.GPUsusethe texture cacheas a bandwidthampli er
like mary DSP processorsUnfortunately if we truly are

streamingdataout of thelocal memory andonly readingit
once,this cachewill notimprove memorybandwidth.

—e— ATI 1texture
—=— ATI 2 textures
—— ATI 3textures
— - Nvidia1 texture
— - Nvidia2 textures
— -— Nvidia3 textures

Strided Access Mem BW (GB/s)
Random Access Mem BW (GB/s)
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Figure 8. Memory Band width

Figure 8 shaws the effective memorybandwidthwhen
varying the accessstride and the numberof texturesac-
cessedn akernel(all accessewith thesamestride).ATI's
memoryaccesseemdo be optimizedfor accessing sin-
gle texture at unit stride (19.6 GB/s) while Nvidia is opti-
mizedfor two texturesat unit stride(16.9GB/s).

Unit strideis the default accessmodefor most stream
computationwhere multiple streamscan be accessedat
the sametime asinput. Assumingkernelswith two input
streamghe effective unit stride bandwidthfor both archi-
tecturess 16 GB/s.

Anotherimportantbandwidthparameteis whenthelo-
cal memoryis beingaccessedandomlywith eachkernel
loop generatingan index like for a SVM block. Because
we have multiple parallelinstancegeneratingrandomad-
dressthereis possibility of bothreusen thecacheaswell
asbankcon icts in thememorysystem.

Figure 8 also shavs the randomaccessmemoryband-
width. The experimentis setup to reada texture normally
(singlestride)andusethetexturedataasanaddress$o sam-
ple possiblymultiple othertextures.Thedatain thestarting
texturewasinitializedto randomvalues Thesizeof thetex-
turebeingrandomlyaccessed shavn onthe X axis.

Both ATl and Nvidia hardware behae as expectedin-
creasingthe effective memory bandwidth when the ac-
cessedextureis small. The dropin bandwidthfor bothar
chitecturesrom 1kB to 4kB leadsusto believe thatthetex-
turecachesizeis aroundthatvalue. TheNvidia hardwareis



againoptimizedfor two textures,while ATI achievespeak
performancevith one.

This dataindicatesthatthesemachinecanachiese close
to their peakmemoryperformancef the accesseare cus-
tomized for each machine,and that random accessego
smalldatastructuresvill bequiteeffective. Thelatterisim-
portantif we wantto implementsmalllookuptablesfor use
in someof ourkernels.

4.3.4. Global Memory In the worst-case,the Global
Memory will be placedin the processos memoryandbe
visible to both the host CPU andthe streamco-processor
It would storestreamghat eitherdon't t the local mem-
ory and/or needto be manipulatedby the host proces-
sor.

Todaythe hostmemoryis connectedo a memorycon-
troller chipsetwhich hasprivatelinks to boththe processor
andthe graphicprocessarThe currentgeneratiorgraphics
link is calledAGP8x whichhasa peakbandwidthof 2GB/s.

On GPUs,mosttransfersbetweerthe hostmemoryand
the graphicsmemoryareto transfertexturesto the graph-
ics processqgrandnotto transferdatafrom the GPUbackto
hostmemory In addition,sometimeshetexturesfor anap-
plication can exceedthe storageavailablein the graphics
memory As a result,the graphicsdriver usually makesit-
selfacopy of thetexturein the host's memoryin casethat
texture is evicted from the graphicsmemoryand needsto
bere-transferedater Sincewe needto sendall datato the
graphicsprocessofas textures, this copying by the driver
will slow down the effective transferrate.

ATI doesbetterin globalto local memorywhile Nvidia
doesbetterin local to global memory Overall, local to
globalmemorybandwidthis muchlower thanglobalto lo-
cal memorybandwidth,althoughwe cannotseeary reason
why otherthanthe driversare not optimizedfor it asit is
notin thecritical pathof graphicsapplications.

4.4, SVM Parameters

SVM Parameter ATI Nvidia
Local Memory Capacity 176 MB 176 MB
Globalto LocalMemoryBW | 0.92GB/s | 0.35GB/s
Localto GlobalMemoryBW | 0.13GB/s | 0.18GB/s
Localto RegisterMemoryBW | 16 GB/s | 16 GB/s
RegisterFile BW 179GB/s | F(#reg)
PeakGFLOPS 12G ops | F(#rey)

Table 2. SVM parameter s for two stream pro-
cessor s

Our useof micro-kernelshasenabledus to extract key
machinemodel parametergor the useof GPUsas stream
processorsn Table 2. The complex nature of GPUsre-
quiresus to considerexpandingour performanceparame-
tersslightly to capturethe dependencef the Nvidia ma-
chine's performancéo the numberof live registers.

5. SVM Validation

Our goalis to shav thatthe SVM is a reasonablénter-
mediateformatthat canbe targetedby a HLC to give high
performancdor a givenstreamarchitectureWe have char
acterizeda non-streanspeci c architecturedike GPUsfor
our SVM machinemodelandthis sectionusesthis model
to estimatetheir performanceon afew applications.

5.1. Methodology

The rst optimizing high level compileris presentlyin
developmentReserwir Labs' R-Streancompiler),but not
yet available.Hence we comparehand-writtenSVM code
running on a simulatorthat estimatesun-timesbasedon
machinemodelparameterto low-level coderunningonre-
spectve architectures.

We are leveragingwork doneon porting streamappli-
cationto GPUsfrom [4] wherepart of the Brook stream-
ing languagewas compiled down to GPUs. This system
wasusedto generatdow-level GPU codeandto sene as
framawork to hand-writethe SVM code(kernelsand con-
trol code).

The SVM simulatoris an implementationof the SVM
API thatruns SVM codecorrectly and estimateghe run-
time of anapplication.Run-timeestimatesrebasedn the
bandwidthrequirementof the differentlevels of memory
hierarchyandthe computatiorrun-timesof kernels.Some-
times,computatiorandDMA transfersoverlapupto asyn-
chronizationpoint, like whena kernel A is runningwhile
kernelB's input datais loaded,kernelB hasto wait for A
to completeandit's datato be loaded.The SVM simula-
tor takesinto accounthegreaterun-timeof the dependen-
cies.

The SVM simulator evaluates kernel run-times us-
ing a linear model, each kernel having a startup and
teardown cost independenpf the numberof streamel-
ementsto be consumedand a incrementalcost with the
numberof streamelementsto be consumedSo in addi-
tion to the SVM API code,the SVM simulator requires
the linear costfunction of eachkernel. The kernelsched-
ule from a low-level compilerwould be ideal, but for the
GPUsthey were estimatedlooking at the fragmentpro-
graminstructionsrequirementsn termsof memory local
registersandarithmeticinstructions.



The three test architecturesare Imagine [8], a dedi-
cated streamarchitectureand the GPUs from both ATI
and Nvidia. The SVM codefor both GPUsdiffer only in
their kernel costsfunctions and their bandwidthfor dif-
ferenttypesof accessesThe SVM codefor Imaginedif-
fersfrom the GPU SVM codein thatit hasa smallerlocal
streammemorywhich forcessomeapplicationsto be fur-
ther strip-minedwhenthey do not completely t thelocal
streammemory Also Imaginehassomesupportfor reduc-
tionswhich hasto beimplementecasmultiple passesnthe
GPU.Thelmaginehardwareevaluationwasdoneusingits
native programmingsystenof StreamCKernelC[8] runon
its cycle accuratesimulator

5.2. Validation Results

Threeapplicationsverechoserandevaluatedfor differ-
entinput datasetssizesto comparehow the SVM simula-
tor, calibratedwith themachinemodelparametersxtracted
through micro-kernels,compareso the actual run-times:
ImageSegmentation2D FFT andMatrix VectorMultiply.
In all casesthe SVM providesagoodestimateof themodel
machineperformance.

0 256 512 768 1024 1280 1536 1792 2048
Vector Side Vector Side
ATI MatrixVecMul Nvidia MatrixVecMul

Imagine MatrixVecMul

Figure 9. Matrix Vector Multipl y run-times

Matrix Vector Multiply containsa reductionin onedi-
mensionwhich onthe GPUhave to beimplementedn mul-
tiple passesvhich favor dimensionsvhich areamultiple of
4, thereductionfactor Figure9 shavs the comparison®f
run times for the architecturesand their SVMs. The ATI
hardware incurs a greatercost when executingreductions
by redirectingan outputstreamasthe input streamof the
next kernel. This is re ected in the high costevenfor low
dimensionsilt is alsovery sensitve to the numberof reduc-
tion passesecessaryisible in thesavtoothbehaior.

This applicationis bandwidthlimited for all architec-
tures, with a high initial cost for reductionson the ATI
hardware.The SVM simulatortracksfairly well the perfor
mancebehaior althoughit doesnot capturethe sensitvity
to thedimensiononthe ATl hardware.

FFT is an example of an applicationwhich shows al-
mostidentical performancebehaior on all 3 architectures
asshown in Figure10. Althoughthe SVM simulatoris not

ATI FFT Nvidia FFT Imagine FFT

Figure 10. 2D FFT run-times

veryaccuratdor thesmalldimensionst trackswell theper
formanceof largerdata-sets
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Figure 11. Image Segmentation run-times

Figure 11 comparedmage Segmentationboth GPUsto
their SVM. This applicationis computelimited andscales
linearly with the numberof pixelsto be processedOn both
GPUsthe kernel costsfunctions basedon the arithmetic
ops,local registerusedand streammemoryaccesgattern
arequitecloseto theactualones.

6. RelatedWork

Streamprogrammingand languagesnherit a lot from
the body of work on synchronousiata- ow programming
ervironments[10]. Generally stream programminglan-
guagesstrove to expressdata-level parallelismandthe sep-
aration of computation and communication such that
a compiler can reasonabout the program without los-
ing too muchexpressieness.

More recentwork on streamprogramminglanguages
like Streamlt[21] constrainthe programto synchronous
data- ow to enablepowerful compiler optimizations.The
Brook streamindanguagd3] augment< with conceptof
streamsand kernels.Kernelsare fully data-parallelwith-
out carried state,while streamscan only be manipulated
throughde ned streamoperators.

Data-parallelarchitectureshave madea come-backre-
centlydueto the diminishingreturnsof ILP gainsin a sin-
gle thread.Vectorprocessorsvhetherfor embedded9] or
scienti ¢ purposesharealot of commonbene tswith ded-
icatedstreamarchitecture$or media[8] or scienti ¢ [5] ap-
plications.Someotherarchitecturedike Raw [20] exploit



streamsby mappingan applicationspatially acrosshomo-
geneousimpleprocessors.

This is not the rst time that GPUshave beenusedfor
generalpurposecomputatiorwhetherby porting complete
a single application[17] or by creatinga generalpurpose
frameawork to programGPUs[4. This works differsin that
it usesGPU as an example architecturetargetedfor the
streamprogrammingmodelthroughanintermediateepre-
sentationthe SVM, without lossof performance.

7. Conclusion

We have presentedhe StreamVirtual Machine(SVM)
asanintermediatdorm thatcanrepresentliversearchitec-
turestargetedby a streamprogrammingmodel. The SVM
architecturalmodel de nes the essentiakcharacteristicof
a streammachine.Theseparameterspecify the size and
bandwidthsof the memories andthe computatiornratesof
theprocessorsiVe extracttheseparameterby usingmicro-
kernelsrun on targetedmachineswith no public architec-
tural details.

The initial resultsare quite promising.With theselim-
ited parametershe SVM modelis ableto capturethe per
formancetrend quite accuratelyandis ablein mostcases
to matchthe absoluteperformanceOur next stepis to cre-
ateacompilationsystemhatuseghis modelasaninterme-
diateform.
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