
The Stream Virtual Machine

Francois Labonte
Stanford University

flabonte@stanford.edu

Peter Mattson
Reservoir Labs

mattson@reservoir.com

Ian Buck
Stanford University

ianbuck@stanford.edu

Christos Kozyrakis
Stanford University

christos@ee.stanford.edu

Mark Horowitz
Stanford University

horowitz@ee.stanford.edu

Abstract

Streamprogrammingis currentlybeingpushedasa way
to exposeconcurrencyand separate communicationfrom
computation.Sincethere are manystreamlanguagesand
potentialstreamexecutionengines,this paperproposesan
abstract machinemodelthat capturestheessentialcharac-
teristicsof streamarchitectures,theStreamVirtual Machine
(SVM).The goal of the SVM is to improve interoperabil-
ity, allow developpmentof commoncompilationtools and
reasonaboutstreamprogramperformance. TheSVMcon-
tainscontrol processors,slavekernelprocessors,andslave
DMA units.Is is presentedalongwith thecompilationpro-
cessthat takesa streamprogramdownto theSVMand �-
nally downto machinebinary. To extract theparametersfor
our SVMmodel,we usemicro-kernelsto characterizetwo
graphicsprocessors anda streamengine, Imagine. There-
sultsareencouraging; themodelestimatestheperformance
of thetargetmachineswith highaccuracy.

1. Intr oduction

In the past30 years,we have experiencedtremendous
growthin computerperformance,whilekeepingthesequen-
tial executionmodelpresentedto theprogrammerbasically
thesame.Thisexecutionmodelis exempli�ed by theimper-
ative programminglanguagesdevelopedduring the same
timeperiod,C andC++.Theselanguagesabstractedout the
implementationdifferencesof varioussequentialcomput-
ers(pipelineandcachehierarchystructure)but capturedthe
fundamentallycommonfeatures(sequentialcontrol �o w
and uni�ed memorysystem).Nevertheless,our ability to
continueto scalethe performanceof this executionmodel
hasrecentlycomeunder�re dueto excessive power con-
sumption,wire delayissues[1], andlimited extractableILP
in sequentialapplications.Thedif�culties with thesequen-

tial modelhaveencouragedresearchersto exploreotherex-
ecutionmodelsthat matchthe intrinsic constraintsof the
underlyingVLSI technologyandtheparallelismin emerg-
ing applications[7]. Oneresultof this explorationis anin-
creasinginterestin “stream”computations.

A streamprogramconsistsof aselectionof computation
kernelsthatconsumeandproduceelementsfrom streamsof
data.Theadvantagesof this decompositionaremulti-fold.
First, it separatescommunication(the gathersandscatters
of datato andfrom global memory)from the actualcom-
putation.Hence,communicationcan be scheduledahead
of the correspondingcomputation,therebyhiding the cost
of the largememorylatency that is unavoidablein modern
machines.Streamprogramsexplicitly identify which vari-
ablesareonly namesfor valuesin a communicationstream
anddon't needto be written back to memory, and which
hold persistentapplicationstate.This informationreduces
the global memorybandwidth,anothercritical resourcein
a modernmachine.In addition,the streamformulational-
lows the compiler to exposedata-level parallelism(DLP)
betweenstreamelementsin akernelandthread-level paral-
lelism (TLP) acrosskernels.Finally, thestreamingabstrac-
tion matcheswell thestructureandperformanceconstraints
of modern(multi)processors.Thus,it is easierto communi-
cateperformancebottlenecksbackto theprogrammer. For
example,sincecommunicationis explicitly visible to the
programmer, it is easyto point outwherein theapplication
thememorybandwidthbecomesa bottleneck,suchthatthe
programmergainsinsight into what is limiting the perfor-
manceof theapplication.

The stream abstractionsuits data intensive applica-
tions with regular communicationpatterns.Not all appli-
cations�t this modelbut it is a natural�t for theDSP[6],
multimedia[16] andscienti�c[5] computingdomains.Many
researchgroupshavedevelopedarchitecturesfor streamap-
plications.The streamarchitecturespacespansfrom con-
�gurable or staticallyscheduledtiled processors(Raw [20],
TRIPS[19]), to SIMD streamcoprocessorswith a largelo-
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Figure 1. The two-level compilation appr oach
for stream applications.

cal memory for streambuffering (Imagine [18]), and to
commoditygraphicsprocessors[4]. Similar diversity ex-
ists with streamingprogramminglanguages.They vary
from synchronousdata-�ow languageswith in�nite lin-
ear streams(StreamIt[21], Simulink[14]), to languages
with support for multi-dimensional streams and sten-
cils (Brook [3]), andto arraylanguages(Matlab[13]). The
fragmentationin streamarchitecturesand languagescre-
ates an interoperability problem that hinders the wide
adoption of streamcomputing.To run any streampro-
gram on any stream architecture, one must develop
a separatecompiler for every languageand architec-
turepair.

Thetwo-levelcompilationapproachin Figure1canmiti-
gatetheengineeringcomplexity of developinganew stream
languageor architecture.The high level compiler (HLC)
is written oncefor eachstreamlanguageand is responsi-
blefor parallelismdetection,loadbalancing,coarse-grained
schedulingof streamcomputations,andmemorymanage-
ment for streamingdata.The HLC inputs a streampro-
gram and targetsan abstractarchitecturemodel. The ab-
stractmodelis parameterizedto describebasictopologyand
performancefeaturesof speci�c streamarchitectures.The
low level compiler(LLC) is writtenoncefor eachstreamar-
chitectureandis responsiblefor instructionmemoryman-
agementand schedulingwithin eachkernel. It inputs the
abstractstreamcodeandgeneratesbinarycode.Apart from
allowing for interoperability, thiscompilationmodelallows
thelanguageandHLC developersto focuson fundamental
streamoptimizationsratherthanover-specializingthecom-
piler for the idiosyncraticfeaturesof any particulararchi-
tecture.

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

of an architecturemodel andan API. The SVM architec-
ture model is a set of parametersthat makes the SVM
matcha given architecture.It capturesthe commonchar-
acteristicsof streamprocessorsand abstractsout any im-
plementationdifferences.The SVM API providessepara-
tion of control anddata-intensive code,explicit communi-
cation via streams,and explicit memorymanagementfor
streamingdata.Second,we demonstratehow to describe
advancedgraphicsprocessors(GPUs)usingtheSVM archi-
tecturemodel.While GPUswerenot designedspeci�cally
for streaming,SVM cancloselycapturetheir behavior for
streamapplications.Finally, we verify thevalidity anduse-
fulnessof theabstractmodelby comparingperformancees-
timatesfor streamapplicationsdescribedat theSVM level
to actualexecutiontimesonavailablestreamprocessors.

Section2 presentstheunderlyingarchitecturemodelfor
the SVM. Section3 summarizesthe applicationprogram-
merinterface(API) for SVM code.In section4, wedemon-
stratehow to derivetheSVM architecturemodelparameters
for two GPUsusinga seriesof micro-benchmarks.Section
5 presentsthe experimentalvalidationof the SVM model.
Finally, Section6 discussesrelatedwork andSection7 con-
cludesthepaper.

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

A simpleexamplearchitecturemodelof theSVM shown
in �gure 2 containsthreedifferent typesof executionen-
gines,eachwith its own threadof control.TheControl Pro-
cessoris the masterprocessorand controlsthe operation
of theentiremachine.Thecontrolprocessoressentiallyis-
suesall theoperationsthatthemachineexecutes.TheKer-
nel andDMA enginessimplyallow thecontrolprocessorto
executehigherlevel operations.Thekernelprocessoraccel-
eratesthecomputationof eachof thestreamkernels,while



theDMA engineis usedto managethedatamovementthat
eachkernelrequires.

By giving eachof theprocessorsits own threadof con-
trol, theSVM allows thecontrolprocessorto run aheadof
theactualdataexecutionessentiallyprefetchingfutureop-
erationsfor the dataand memoryexecutionunits. It also
explicitly providesthe dependencebetweenall the stream
operationsto eachof executionengines.Thus the execu-
tion enginesareableto reordercomputationfor moreef�-
cient execution.Local memoryprovidesthe neededspace
to buffer databetweendifferentexecutionengines.

For the SVM to work asa goodparametrizedarchitec-
tural model,onemust be able to abstracta wide classof
streammachineinto thismodel,while maintainingtheabil-
ity to estimatetheperformanceof the realmachine.While
clearlymodelingthecomputationalperformanceof theen-
gines is important, it is also important to model the size
andbandwidthsof thememoryin themachine.A SVM has
threetypesof componentsherelisted with their important
parameters:

Processorscanhave multiple masterprocessors(this is
the casefor streamprocessorsandDMA engines).DMA
enginescanonly runspecialkernelswhichwill bedescribed
in the next section, otherwiseprocessorscan run user-
de�ned code.Theseprocessorscapableof running user-
de�ned codearethencharacterizedby suchfactorsastheir
operatingfrequency,mix of functionalunits,numberof reg-
istersandSIMD level.

Memoriescomein threedifferent�a vors:FIFOs,RAMs
and caches.All types are characterizedby their size in
bytes.RAMs arealsode�ned by their coherencewith re-
gardsto othermemoriesin thesystemandthebandwidthfor
differenttypesof accesses,namelysequentialandrandom
access.Streamprocessorstakeadvantageof highbandwidth
local RAM memoriesor FIFOsthat link streamprocessors
togetherto reducedemandson global memorybandwidth
throughre-useandproducer-consumerlocality.

Network Links connectoneor many senders(proces-
sors,memoriesor network links) to oneor many receivers.
Eachnetwork link is characterizedwith abandwidthandla-
tency.

3. The SVM API

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

1. How computationis partitionedandassignedto stream
processors.

2. How datais partitionedandassignedto locationsin lo-
calmemories.

3. How datais movedamonglocalmemoriesor between
localmemoriesandtheglobalmemory.

4. How computationson streamprocessorsand/ordata
movementsaresynchronized.

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

1. Supportef�cient translationof API calls for varied
streamingarchitectures.

2. ExpressmappingusingstandardC to enablelow-level
C compiler to parse,analyze,and translatethe API
callswith minimummodi�cation.

3. Requireonly localanalysisof singleprocessorcodeby
LLC to translatecalls.

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

In essence,anapplicationexpressedfor a SVM usingC
andtheSVM API consistsof onemain() functionfor each
masterprocessorin the target SVM. Eachmain function
is executedas the control thread for that processor. Con-
trol threadssynchronizeusinga threadvirtual machineAPI
thatprovidesstandardsynchronizationconstructs(e.g.,bar-
rier, etc.).Thecontrolthreadrunningonamasterprocessor
caninvoke specialfunctionson speci�c streamprocessors
calledKernels. Kernelsoperateon datalocatedin thelocal
memoriesof the streamprocessorsasspeci�ed by Blocks
and Streams. Pre-de�nedKernelsexecutedby DMA en-
ginesprovidedatamovement.Kernelssynchronizewith the
control threadusingspecialfunctionsandwith eachother
usingexplicitly speci�eddependences.

The SVM API is intendedto expressa speci�c map-
ping of an applicationderived from portablecode,not as
a programmingtool (thoughit couldbeusedassuch).It is
akin to a high-level assemblylanguage.Both conventional
andstreamprogramminglanguagescanbecompiledto the
SVM API. Constructsin somestreamprogramminglan-
guagesresemblethoseof theSVM API becausesuchlan-
guagesaimfor aprogrammingmodelthatresemblestheex-
ecutionmodel,but theconstructsdo not necessarilyhave a
one-to-onecorrespondencewith SVM API constructs.For
instance,the conceptualkernelsin an applicationwritten
with a streamprogramminglanguageare usually not the
sameastheSVM API Kernelsin a mappingof thatappli-
cation.The former are basedon a logical decomposition,
thelaterarebasedona hardware-optimizedmapping.

3.1. SVM API Constructs

TheSVM API usesstrictC syntax,but followsanobject-
orientedparadigmthat couplesa struct type “class” with
function “methods” that perform related operations.All
“methods” take a pointer to a struct “object” as the �rst
argument.Each“class” hasan initialization “method” that



servesasa constructor. The termsclass,method,andob-
jectareusedhenceforthwithoutquali�cation.

Block and Stream: The SVM API uses Block and
Stream objects to assign data to speci�c hardware lo-
cations in the streamprocessorslocal memoriesand to
refer to locationsin the global memory for DMA trans-
fers.A block is simply anarrayassignedto a locationin a
memory. A streamis a FIFO queueimplementedasa cir-
cular buffer assignedto a location in a memory. Blocks
and Streams are initialized with the following meth-
ods1:

void svm_blockInit(svm_Block* b,
mm_Mem ramLocation, size_t address,
size_t capacity, size_t elementSize);

void svm_streamInitRAM(svm_Stream* s,
mm_Mem ramLocation, size_t address,
size_t capacity, size_t elementSize);

Blocks implementrandom-accessreadandwrite meth-
ods;streamsimplementblockingpeek,pop,andpushmeth-
ods.Both blocksandstreamshave layout constraintsthat
enablemeaningfulaliasingof blocksand/orstreamswithin
memory(e.g.,one block can refer to a region of another
block).

Kernels: TheSVM API usesKernelobjectsto mapfunc-
tions, usuallycorrespondingto someportion of a compu-
tation intensive loop, to streamprocessors.Eachspeci�c
functionis representby a Kernel“subclass”that “inherits”
from theKernelclassby enclosingthestructusedfor Ker-
nelclassinsideits own structandcallingKernelmethodsei-
therdirectlyor from within its own methods.A typicalKer-
nel subclassis initializedusingamethodof theform:

void svm_kernelSubclassInit(
kernelSubclass* k,
mm_Proc procLocation,
kernel specific arguments);

DMA Kernels: The SVM API usesspecialpre-de�ned
DMA kernelsubclassesto describeDMA transfers.DMA
kernelsare executedby DMA enginesratherthan stream
processors.DMA kernelsincludemove(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 Some SVM calls simplified/modified here and in example for explana-
tory purposes.

void svm_moveS2SInit(svm_MoveS2S* k,
mm_Proc dmaLocation, svm_Stream* srcStr,
svm_Stream* destStr, size_t length);

Kernel dependences: The SVM API usesexplicit de-
pendencesto provide �e xible synchronizationbetweenker-
nels, including DMA kernels,independentof the control
thread.Prior to execution,a kernelmay be marked asde-
pendentonanotherkernelusingthefollowing method:

void svm_kernelAddDependence(
svm_Kernel* k,
svm_Kernel* dependsOnKernel);

Kernel control: The SVM API useskernelmethodsto
provide synchronizationbetweenkernelsand the control
thread.The simplestand mostcommonform of synchro-
nizationis for the control threadto executea kernelusing
thesvmkernelRunmethodandwait for it to �nish execut-
ing usingthesvmkernelWait method.svmkernelRundoes
not immediatelyexecutea kernel,it enqueuesit for execu-
tion on a speci�c processor. When that processor�nishes
executinga kernelit selectsanenqueuedkernelasthenext
kernelto executeonly if all kernelsit dependson have �n-
ishedexecuting.

More rarely, the control thread may asynchronously
pauseorendakernel'sexecutionusingthesvmkernelPause
or svmkernelEndmethods.In somecasesa kernel may
pause itself using svmkernelPause; svmkernelWait al-
lows a control threadto wait for a kernel to �nish exe-
cuting or pauseitself. If a kernel is paused,the control
threadcaninteractwith it by alteringthe �elds of theker-
nel object then calling svmkernelRun again to resume
execution.

3.2. SVM API Example
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Figure 3. Simple example application and tar-
get SVM

Considermappingan applicationto a simple SVM as
shown in Figure3. Theapplication�lters thencompresses
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Figure 4. Possib le mappings of example

theimageby a constantratio.ThesimpleSVM consistsof
onemasterprocessorandtwo streamprocessorsasshown in
Figure3. Theapplicationmaybemappedin severalways,
dependingon capabilitiesof thehardware.For explanatory
purposes,assumethetwo optimalKernelsconsistof the�l-
tering and compressionstages.The Kernelsmay then be
time-multiplexed such that eachprocessorexecutesboth
kernelson half the data(Figure4a), or space-multiplexed
suchthatoneprocessorexecuteseachkernelonall thedata
(Figure4b). Datatransferscoulduseblocksor streamsfor
DMA. The SVM API can be usedto specify any of the
four mappingsshown, aswell asothersnot shown. Table1
showscommentedSVM API codefor thetime-multiplexed
blockedandspace-multiplexedstreamingmappings.

3.3. SVM API Implementation

The SVM API ef�ciently mapsapplicationsto varied
streamingarchitectures.Its constructsexploit thenatureof
streamingarchitecturesat a level of abstractionthatallows
straightforward translationto a speci�c architecturewhile
still leaving someroomfor architecturalinnovation.

The control thread/kernel division exploits the hetero-
geneityof streamarchitecturesthat containsimple RISC
masterprocessorsand streamprocessors.A simple RISC
processoris smallerthana streamprocessor, but the high
ALU:overheadratio of a streamprocessoroffers much
higheref�ciency (opsperunit areaor power) for codewith
high data-level- or instruction-level- parallelism.TheSVM
API is designedto capturecomputationintensive loops in
Kernelsandassignthemto streamprocessors.

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

interveningoverhead.Separatinginitialization of a kernel
from executionenablesthe control threadto transmit the
kernel argumentsto a streamprocessorbeforethe previ-
ous kernel �nishes. Explicitly encodingthe dependences
betweenkernelsallows thestreamprocessorandDMA en-
gine to synchronizedirectly usingan architecture-speci�c
method without the masterprocessoracting as “middle
man”.TheDMA engineandstreamprocessormaycommu-
nicatethroughthe local memoryor usea hardwarescore-
board(asin theImaginearchitecture).Regardlessof imple-
mentation,suchdirectcommunicationallows a DMA load
to befollowedmoreimmediatelyby akernelexecution,for
instance.

TheSVM API supportstwo kindsof DMA: blockDMA
andstreamingDMA. Block DMA moveseachlargeblock
of data as an atomic operation.StreamingDMA moves
databetweenFIFO queues.Otherkernelsmay be produc-
ing andconsumingdatato andfrom thosequeuessimulta-
neouslysincesingleconsumer/producerqueuesdo not re-
quire heavy weight synchronization.StreamingDMA can
reducethe latency of a seriesof kernels,especiallywhen
space-multiplexing is usedasshown in Figure4. Mostcon-
temporaryDMA enginesdo not directly supportstreaming
DMA, but it can be implementedwith block transfersas
double-(or N-degree)buffering coordinatedby either the
masteror streamprocessor.

TheSVM API wasdevelopedfor usewith a largerclass
of architecturesthanthe SVM modelpresentedin this pa-
per. For instance,the streamconstructcanbe mappeddi-
rectly to an inter-processorFIFO in the Raw architecture
[20].

4. SVM Characterization

In the two-level compilationmodel,the HLC generates
SVM API codewithoutknowing thedetailedfeaturesof the
speci�c streamprocessortargeted.To producehigh perfor-
mancecode,theHLC usesthevaluesof theSVM parame-
tersthatdescribethetopologyandperformancefeaturesof
thetargetedprocessorat theabstractlevel of theSVM (see
Section2).

For stream processors that implement an execu-
tion model similar to that of the SVM like the Imag-
ine [8] and Merrimac [5] streamprocessors,the values
for the SVM parametersare fairly obvious by look-
ing at theirblockdiagram.Nevertheless,for processorsthat
usealternateorganizations,theSVM parametersthatchar-
acterizetheir behavior with streamapplicationsare less
apparentandrequireanexperimentalapproach.In this sec-
tion, we use graphics processors(GPUs) as an exam-
ple of how to characterizenon-conventionalprocessorsat
theSVM level.



Time-multiplexed,blockDMA Space-multiplexed,streamingDMA
// Declare blocks for input, intermediate, and output data
svm_Block inputB1, inputB2;
svm_Block unfilterB1, unfilterB2;
svm_Block filterB1, filterB2;
svm_Block compressB1, compressB2;
svm_Block outputB1, outputB2;
// Declare kernels to load, filter, compress, and store data
svm_MoveB2B load1, load2;
Filter filter1, filter2;
Compressor compressor1, compressor2;
svm_MoveB2B store1, store2;
// Initialize blocks
svm_blockInit(&inputB1, GMEM, gin, IMGSZ/2, PIXSZ);
svm_blockInit(&inputB2, MEM, gin, IMGSZ/2, PIXSZ);
svm_blockInit(&unfilterB1, LMEM1, LADDR1, IMGSZ/2, PIXSZ);
svm_blockInit(&unfilterB2, LMEM2, LADDR1, IMGSZ/2, PIXSZ);
svm_blockInit(&filterB1, LMEM1, LADDR2, IMGSZ/2, PIXSZ);
svm_blockInit(&filterB2, LMEM2, LADDR2, IMGSZ/2, PIXSZ);
svm_blockInit(&compressB1, LMEM1, LADDR1, IMGSZ/8, PIXSZ);
svm_blockInit(&compressB2, LMEM2, LADDR1, IMGSZ/8, PIXSZ);
svm_blockInit(&outputB1, GMEM, gout, IMGSZ/8, PIXSZ);
svm_blockInit(&outputB2, GMEM, gout, IMGSZ/8, PIXSZ);
// Load input data into local memories
svm_moveB2BInit(&load1, DMA_ENGINE1, inputB1 unfilterB1);
svm_moveB2BInit(&load2, DMA_ENGINE2, inputB2, unfilterB2);
svm_kernelRun(&load1);
svm_kernelRun(&load2);
// Filter data in local memories after it has been loaded
filterInit(&filter1, PROC1, unfilterB1, filterB1);
filterInit(&filter2, PROC2, unfilterB2, filterB2);
svm_kernelAddDependence(&filter1, &load1);
svm_kernelAddDependence(&filter2, &load2);
svm_kernelRun(&filter1);
svm_kernelRun(&filter2);
// Compress data in local memories after it is filtered
compressorInit(&compressor1, PROC1, filterB1, compressB1);
compressorInit(&compressor2, PROC2, filterB2, compressB2);
svm_kernelAddDependence(&compressor1, &filter1);
svm_kernelAddDependence(&compressor2, &filter2);
svm_kernelRun(&compressor1);
svm_kernelRun(&compressor2);
// Store compressed data to global memory
svm_moveB2BInit(&store1, DMA_ENGINE1, compressB1, outputB1);
svm_moveB2BInit(&store2, DMA_ENGINE2, compressB2, outputB2);
svm_kernelAddDependence(&store1, &compressor1);
svm_kernelAddDependence(&store2, &compressor2);
svm_kernelRun(&store1);
svm_kernelRun(&store2);
// Wait for data to be stored
svm_kernelWaitMultiple(&store1, &store2);

// Declare streams for input, intermediate,
// and output data
svm_Stream inputS;
svm_Stream unfilterS;
svm_Stream filterS;
svm_Stream uncompS;
svm_Stream compressS;
svm_Stream outputS;

// Declare kernels to load, compress, move, filter,
// and store data
svm_MoveS2S load;
Filter filter;
svm_MoveS2S move;
Compressor compressor;
svm_MoveS2S store;

// Initialize streams. Streams do not need to hold all
// data at once just some buffer.
svm_streamInit(&inputS, GMEM, gin, IMGSZ, PIXSZ);
svm_streamInit(&unfilterS, LMEM1, LADDR1, BUFSZ, PIXSZ);
svm_streamInit(&filterS, LMEM1, LADDR2, BUFSZ, PIXSZ);
svm_streamInit(&uncompS, LMEM2, LADDR1, BUFSZ, PIXSZ);
svm_streamInit(&compressS, LEM1, LADDR2, BUFSZ/4, PIXSZ);
svm_streamInit(&outputS, GMEM, gout, IMGSZ/4, PIXSZ);

// Load input data into local memories
svm_moveS2SInit(&load, DMA_ENGINE1, inputS, unfilterS);
svm_kernelRun(&load);

// Filter data in local memories after it has been loaded
filterInit(&filter, PROC1, unfilterS, filterS);
svm_kernelRun(&filter);

// Store compressed data to global memory
svm_moveS2SInit(&move, DMA_ENGINE1, filterS, uncompS);
svm_kernelRun(&move);

// Compress data in local memories after it is filtered
compressorInit(&compressor, PROC2, uncompS, compressS);
svm_kernelRun(&compressor);

// Store compressed data to global memory
svm_moveS2SInit(&store, DMA_ENGINE2, compressS, outputS);
svm_kernelRun(&store);

// Wait for data to be stored
svm_kernelWait(&store);

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

4.1. GPUsfor StreamingComputations

GPUs are custom processorsfor high-bandwidth3D
graphicsfor personalcomputers.Theirbasictaskis to trans-
form a setof trianglesthat describea sceneinto a raster-
ized imageunder the control of an API like OpenGLor
Direct3D. During the pastdecade,the computationcapa-
bilities of GPUshasexplodedto tensof GFLOPSas the
demandfor more realistic3-D imagesexpanded.Modern
GPUsarealsoequippedwith alarge,high-bandwidthframe
buffer (hundredsof MBytes) and a dedicated,high-speed
interfaceto the main memorycontroller of the computer
(GBytes/sec).

Harnessingthecomputationalpowerof GPUsfor stream
applicationsis enabledby thefactthatGPUsarebecoming

generallyprogrammable.CurrentgenerationGPUsallow
applicationprogrammersto write codefor two partsof the
graphicspipeline,thevertex enginethat typically operates
ongeometricvertices[11] andthefragmentenginethattyp-
ically performsshadingandblendingoperationsontheout-
put pixels. Several researchershave demonstratedimpres-
siveapplicationperformanceby programmingfragmenten-
ginesin assemblyor low level languageslikeCg [12].

Thebasiccomponentsof apersonalcomputerwith apro-
grammableGPU�t within theSVM architecturemodelas
shown in Figure5. ThemainCPUis thecontrolprocessor,
thememorycontrolleris theDMA engine,themainmem-
ory is theglobalmemory, theframebufferasthelocalmem-
ory, andthefragmentenginewith its registersasthestream
processorwith its local register�le. Hence,it is reasonable
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Figure 5. Graphics Processor s mapped to
SVM

to targetGPUsasstreamprocessorswith thetwo-levelcom-
pilation model.Usinga compilerlike theonefor 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 investigatetheSVM modelparameters
for thebestgraphicsprocessorscurrentlyavailable,theATI
Radeon9800ProandtheNvidia GeForceFX5900Ultra.

CertainSVM parameterssuchas the frame buffer ca-
pacity are easy to obtain from datasheets.On the other
hand,sustainedGFLOPSandbandwidthparametersaredif-
�cult to calculatefrom advertisedpeak ratesdue to the
irregular nature of the GPU organization.Fragmenten-
ginesusepacked (SIMD) arithmeticto achieve high com-
putationalthroughput.However, their instructionset does
not includeany control �o w instructionssuchasbranches
2, which complicatescomputationswith conditionalstate-
ments.Memory accessesto programdata must use tex-
ture load and store instructionsinto the two dimensional
framebuffer. Furthermore,loadaccessesare�rst �ltered by
acacheoptimizedfor thespatiallocality of textureaccesses
whereanindividualaccessinterpolatesa texturesampleby
lookinginto neighboringvaluesin atwo dimensionalspace.
Finally, fragmentprogramsundergo recompilationwhen
loadedon the GPU.The vendor-providedloadersperform
dynamicreallocationof register and expandor transform
assemblyinstructionsinto native operationsof the graph-
icsengine.

To accuratelyestimatethe SVM model parametersfor
thetwo GPUs,we usea seriesof micro-benchmarks.Each
micro-benchmarktargetsa speci�c performancefeatureof

2 The opposite constraint is true for the vertex engine.

theGPU,suchasits sustainedperformancein thepresence
of conditionalsor the sustainedbandwidthfrom the local
memoryto thelocal register�le. We wrotethebenchmarks
in OpenGLARB fragmentprogramassembly[2] or com-
piled themfrom Cg. Specialcarewasnecessaryto ensure
that the loaderdoesnot optimize away the resourcecon-
straintwe aretrying to measurein eachcase.Thetestplat-
formswerebothhighendworkstations,containinga 3GHz
Pentium4 with a 800MHzfront-sidebus,2GB of 400MHz
DDR DRAM andanAGP8xbus,runningWindowsXP and
latestreleasedriversfrom thegraphicscardvendors.

4.3. Micr o-Kernel Analysis

4.3.1. Compute Unit Figure 6 shows the number of
SIMD instructionsper secondthat can be executedfor
eachof differentcomputeoperations3. Many of thesein-
structionsoperateon all four componentsof thedata.This
measurementwas 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 hardware is consistentat 3G instructionsper
second(12 G�ops) for most operations,with only a few
exceptions.Theseexceptionsareassumedto be causedby
functionsthatareimplementedin multiple instructions(up
to 10 for trigonometricfunctions).The3G instructionrate
matchesthepublishedspecsfor theATI part:380MHzwith
eightfragmentpipelinesgivestheoreticalmaximumperfor-
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 supposedto be at 450MHz with four
fragmentpipelines,thissuggeststhateachpipelinehasthree
Multiply-Add units for a theoreticalthroughputof 5.4G
Inst. All other instructionsseemto bene�t from only one
functional unit per pipeline, also trigonometricfunctions
bene�t from someaccelerationthat bring their throughput
up to 2GInst/s.

4.3.2. Local RegisterFile In bothgraphicsprocessorsthe
architecturalsizeof the register�le is 32 registers(of four
�oats each).This limitation is enforcedby thegraphicscard
driver. We will now look at how thebandwidthbetweenlo-
cal registersandthecomputeunitsaffectsthemachineper-
formance.

In a machinewith a fully connectedregister �le, we
would expect the instructionsper secondto remaincon-
stantindependentlyof thenumberof live register. Figure7

3 Instruction description available in [2]
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Figure 6. Instructions per second
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Figure 7. Impact of Live Register s on FLOPS

showsthatATI' sregisterorganizationmatchesourexpecta-
tion with performanceunchangedasthenumberof livereg-
istersis increased(only MUL is shown for simplicity) The
datafor Nvidia clearlyindicatesahierarchicalregisterorga-
nization,sinceperformancedropsdramaticallyasthenum-
berof live registersincreases.

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

4.3.3. Local Memory The local streammemoryon the
GPU is the graphicsmemorywhich is nominally 256MB
on currentgraphicscard.Someof this spaceis usedby the
framebuffers,andvertex data.The actualsizeof streams
that can be presentis 176MB out of 256MB for both ar-
chitectures.Individual streams(textures)canbeat most4k
by 4k (of 4 �oats) on Nvidia and2k by 2k on ATI. Tex-
turesin onedimensionarealsolimited to 2k for ATI and4k
for Nvidia, makingthemusefulonly for smallstreams.

GPU's memorysystemshave a cacheto capturespacial
locality in texture accesseswherean individual accessin-
terpolatesa texture sampleby looking at neighboringval-
ues.GPUsusethe texture cacheasa bandwidthampli�er
like many DSP processors.Unfortunately, if we truly are

streamingdataoutof thelocal memory, andonly readingit
once,this cachewill not improvememorybandwidth.
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Figure 8. Memor y Band width

Figure8 shows the effective memorybandwidthwhen
varying the accessstride and the numberof texturesac-
cessedin a kernel(all accessedwith thesamestride).ATI' s
memoryaccessseemsto be optimizedfor accessinga sin-
gle texture at unit stride(19.6GB/s) while Nvidia is opti-
mizedfor two texturesatunit stride(16.9GB/s).

Unit stride is the default accessmodefor most stream
computationwhere multiple streamscan be accessedat
the sametime as input. Assumingkernelswith two input
streamsthe effective unit stridebandwidthfor both archi-
tecturesis 16GB/s.

Anotherimportantbandwidthparameteris whenthelo-
cal memoryis beingaccessedrandomlywith eachkernel
loop generatingan index like for a SVM block. Because
wehavemultipleparallelinstancesgeneratingarandomad-
dress,thereis possibilityof bothreusein thecache,aswell
asbankcon�icts in thememorysystem.

Figure8 also shows the randomaccessmemoryband-
width. Theexperimentis setup to reada texturenormally
(singlestride)andusethetexturedataasanaddressto sam-
plepossiblymultipleothertextures.Thedatain thestarting
texturewasinitializedto randomvalues.Thesizeof thetex-
turebeingrandomlyaccessedis shown on theX axis.

Both ATI andNvidia hardwarebehave asexpectedin-
creasingthe effective memory bandwidth when the ac-
cessedtexture is small.Thedropin bandwidthfor bothar-
chitecturesfrom 1kB to 4kB leadsusto believethatthetex-
turecachesizeis aroundthatvalue.TheNvidia hardwareis



againoptimizedfor two textures,while ATI achievespeak
performancewith one.

This dataindicatesthat thesemachinecanachieve close
to their peakmemoryperformanceif theaccessesarecus-
tomized for eachmachine,and that randomaccessesto
smalldatastructureswill bequiteeffective.Thelatteris im-
portantif wewantto implementsmalllookuptablesfor use
in someof ourkernels.

4.3.4. Global Memory In the worst-case,the Global
Memory will be placedin the processor's memoryandbe
visible to both the hostCPU andthe streamco-processor.
It would storestreamsthat eitherdon't �t the local mem-
ory and/or need to be manipulatedby the host proces-
sor.

Todaythehostmemoryis connectedto a memorycon-
troller chipsetwhich hasprivatelinks to boththeprocessor
andthegraphicprocessor. Thecurrentgenerationgraphics
link is calledAGP8xwhichhasapeakbandwidthof 2GB/s.

On GPUs,mosttransfersbetweenthehostmemoryand
the graphicsmemoryareto transfertexturesto the graph-
icsprocessor, andnot to transferdatafrom theGPUbackto
hostmemory. In addition,sometimesthetexturesfor anap-
plication can exceedthe storageavailable in the graphics
memory. As a result,the graphicsdriver usuallymakesit-
self a copy of thetexture in thehost's memoryin casethat
texture is evicted from the graphicsmemoryandneedsto
bere-transferedlater. Sincewe needto sendall datato the
graphicsprocessoras textures,this copying by the driver
will slow down theeffective transferrate.

ATI doesbetterin global to local memorywhile Nvidia
doesbetter in local to global memory. Overall, local to
globalmemorybandwidthis muchlower thanglobal to lo-
cal memorybandwidth,althoughwe cannotseeany reason
why otherthanthe driversarenot optimizedfor it as it is
not in thecritical pathof graphicsapplications.

4.4. SVM Parameters

SVM Parameter ATI Nvidia
LocalMemoryCapacity 176MB 176MB
Globalto LocalMemoryBW 0.92GB/s 0.35GB/s
Local to GlobalMemoryBW 0.13GB/s 0.18GB/s
Local to RegisterMemoryBW 16GB/s 16GB/s
RegisterFile BW 179GB/s F(#reg)
PeakGFLOPS 12G�ops F(#reg)

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

Our useof micro-kernelshasenabledus to extract key
machinemodelparametersfor the useof GPUsasstream
processorsin Table 2. The complex natureof GPUs re-
quiresus to considerexpandingour performanceparame-
tersslightly to capturethe dependenceof the Nvidia ma-
chine'sperformanceto thenumberof live registers.

5. SVM Validation

Our goal is to show that theSVM is a reasonableinter-
mediateformat thatcanbetargetedby a HLC to give high
performancefor a givenstreamarchitecture.We havechar-
acterizeda non-streamspeci�c architectureslike GPUsfor
our SVM machinemodelandthis sectionusesthis model
to estimatetheirperformanceona few applications.

5.1. Methodology

The �rst optimizing high level compiler is presentlyin
development(Reservoir Labs' R-Streamcompiler),but not
yet available.Hence,we comparehand-writtenSVM code
running on a simulatorthat estimatesrun-timesbasedon
machinemodelparametersto low-level coderunningonre-
spectivearchitectures.

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

The SVM simulatoris an implementationof the SVM
API that runsSVM codecorrectlyandestimatesthe run-
timeof anapplication.Run-timeestimatesarebasedon the
bandwidthrequirementsof the different levels of memory
hierarchyandthecomputationrun-timesof kernels.Some-
times,computationandDMA transfersoverlapup to asyn-
chronizationpoint, like whena kernelA is runningwhile
kernelB's input datais loaded,kernelB hasto wait for A
to completeand it' s datato be loaded.The SVM simula-
tor takesinto accountthegreaterrun-timeof thedependen-
cies.

The SVM simulator evaluates kernel run-times us-
ing a linear model, each kernel having a startup and
tear-down cost independentof the numberof streamel-
ementsto be consumed,and a incrementalcost with the
numberof streamelementsto be consumed.So in addi-
tion to the SVM API code, the SVM simulator requires
the linear cost function of eachkernel.The kernelsched-
ule from a low-level compilerwould be ideal, but for the
GPUs they were estimatedlooking at the fragmentpro-
graminstructionsrequirementsin termsof memory, local
registersandarithmeticinstructions.



The three test architecturesare Imagine [8], a dedi-
cated streamarchitectureand the GPUs from both ATI
andNvidia. The SVM codefor both GPUsdiffer only in
their kernel costs functions and their bandwidthfor dif-
ferent typesof accesses.The SVM codefor Imaginedif-
fers from theGPUSVM codein that it hasa smallerlocal
streammemorywhich forcessomeapplicationsto be fur-
ther strip-minedwhenthey do not completely�t the local
streammemory. Also Imaginehassomesupportfor reduc-
tionswhichhasto beimplementedasmultiplepassesonthe
GPU.TheImaginehardwareevaluationwasdoneusingits
nativeprogrammingsystemof StreamC,KernelC[8] runon
its cycleaccuratesimulator.

5.2. Validation Results

Threeapplicationswerechosenandevaluatedfor differ-
ent input datasetssizesto comparehow theSVM simula-
tor, calibratedwith themachinemodelparametersextracted
throughmicro-kernels,comparesto the actual run-times:
ImageSegmentation,2D FFT andMatrix Vector-Multiply.
In all cases,theSVM providesagoodestimateof themodel
machineperformance.
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Figure 9. Matrix Vector Multipl y run-times

Matrix VectorMultiply containsa reductionin onedi-
mensionwhichontheGPUhaveto beimplementedin mul-
tiple passeswhichfavor dimensionswhichareamultipleof
4, the reductionfactor. Figure9 shows thecomparisonsof
run times for the architecturesand their SVMs. The ATI
hardware incursa greatercost whenexecutingreductions
by redirectingan outputstreamasthe input streamof the
next kernel.This is re�ected in thehigh costeven for low
dimensions.It is alsoverysensitive to thenumberof reduc-
tion passesnecessaryvisible in thesawtoothbehavior.

This applicationis bandwidthlimited for all architec-
tures,with a high initial cost for reductionson the ATI
hardware.TheSVM simulatortracksfairly well theperfor-
mancebehavior althoughit doesnot capturethesensitivity
to thedimensionson theATI hardware.

FFT is an exampleof an applicationwhich shows al-
mostidenticalperformancebehavior on all 3 architectures
asshown in Figure10.AlthoughtheSVM simulatoris not
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Figure 10. 2D FFT run-times

veryaccuratefor thesmalldimensionsit trackswell theper-
formanceof largerdata-sets
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Figure 11. Image Segmentation run-times

Figure11 comparesImageSegmentationbothGPUsto
their SVM. This applicationis computelimited andscales
linearlywith thenumberof pixelsto beprocessed.Onboth
GPUs the kernel costsfunctionsbasedon the arithmetic
ops,local registerusedandstreammemoryaccesspattern
arequitecloseto theactualones.

6. RelatedWork

Streamprogrammingand languagesinherit a lot from
the body of work on synchronousdata-�ow programming
environments [10]. Generally stream programminglan-
guagesstrove to expressdata-level parallelismandthesep-
aration of computation and communication such that
a compiler can reasonabout the program without los-
ing toomuchexpressiveness.

More recentwork on streamprogramminglanguages
like StreamIt[21] constrainthe programto synchronous
data-�ow to enablepowerful compileroptimizations.The
Brookstreaminglanguage[3] augmentsC with conceptsof
streamsand kernels.Kernelsare fully data-parallelwith-
out carriedstate,while streamscan only be manipulated
throughde�ned streamoperators.

Data-parallelarchitectureshave madea come-backre-
centlydueto thediminishingreturnsof ILP gainsin a sin-
gle thread.Vectorprocessorswhetherfor embedded[9] or
scienti�c purposessharealot of commonbene�tswith ded-
icatedstreamarchitecturesfor media[8] or scienti�c [5] ap-
plications.Someotherarchitectureslike Raw [20] exploit



streamsby mappingan applicationspatiallyacrosshomo-
geneoussimpleprocessors.

This is not the �rst time that GPUshave beenusedfor
generalpurposecomputationwhetherby portingcomplete
a singleapplication[17] or by creatinga generalpurpose
framework to programGPUs[4]. This worksdiffers in that
it usesGPU as an example architecturetargetedfor the
streamprogrammingmodelthroughanintermediaterepre-
sentation,theSVM, without lossof performance.

7. Conclusion

We have presentedthe StreamVirtual Machine(SVM)
asanintermediateform thatcanrepresentdiversearchitec-
turestargetedby a streamprogrammingmodel.The SVM
architecturalmodel de�nes the essentialcharacteristicsof
a streammachine.Theseparametersspecify the size and
bandwidthsof thememories,andthecomputationratesof
theprocessors.Weextracttheseparametersby usingmicro-
kernelsrun on targetedmachineswith no public architec-
turaldetails.

The initial resultsarequite promising.With theselim-
ited parameters,theSVM modelis ableto capturetheper-
formancetrendquite accuratelyand is able in mostcases
to matchtheabsoluteperformance.Our next stepis to cre-
ateacompilationsystemthatusesthismodelasaninterme-
diateform.
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