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Increasingdemandfor both greaterparallelismand fasterclocks
dictatethat future generationarchitectureswill needto decentral-
ize their resourcesandeliminateprimitivesthat requiresinglecy-
cleglobalcommunication.A Raw microprocessordistributesall of
its resources,including instructionstreams,registerfiles, memory
ports,andALUs, over apipelinedtwo-dimensionalmeshintercon-
nect,andexposesthemfully to the compiler. Becausecommuni-
cation in Raw machinesis distributed,compiling for instruction-
level parallelism(ILP) requiresbothspatialinstructionpartitioning
aswell astraditionaltemporalinstructionscheduling.In addition,
the compiler must explicitly manageall communicationthrough
the interconnect,including the global synchronizationrequiredat
branchpoints.ThispaperdescribesRAWCC,thecompilerwehave
developedfor compiling general-purposesequentialprogramsto
the distributedRaw architecture.We presentperformanceresults
that demonstratethat althoughRaw machinesprovide no mecha-
nismsfor globalcommunicationtheRaw compilercanscheduleto
achievespeedupsthatscalewith thenumberof availablefunctional
units.
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Modernmicroprocessorshaveevolvedwhile maintainingthefaith-
ful representationof a monolithicuniprocessor. While innovations
in the ability to exploit instructionlevel parallelismhave placed
greaterdemandson processorresources,theseresourceshave re-
mainedcentralized,creatingscalability problemat every design
point in amachine.As processordesignerscontinuein theirpursuit
of architecturesthatcanexploit moreparallelismandthusrequire
evenmoreresources,thecracksin theview of a monolithicunder-
lying processorcanno longerbeconcealed.An earlyvisibleeffect
of the scalabilityproblemin commercialarchitecturesis apparent
in theclusteredorganizationof theMultiflow computer[19]. More
recently, theAlpha21264[14] duplicatesits registerfile to provide
therequisitenumberof portsat a reasonableclockspeed.

As theamountof on-chipprocessorresourcescontinuesto in-
crease,thepressuretoward this typeof non-uniformspatialstruc-
ture will continueto mount. Inevitably, from suchhierarchy, re-
sourceaccesseswill have non-uniformlatencies.In particular, reg-
ister or memoryaccessby a functionalunit will have a gradation
of accesstime. This fundamentalchangein processormodelwill
necessitatea correspondingchangein compilertechnology. Thus,�
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instruction scheduling becomes a spatial problem as well as a tem-
poral problem.

The Raw machine[23] is a scalablemicroprocessorarchitec-
turewith non-uniformregisteraccesslatencies(NURA). As such,
its compilationproblemis similar to that which will be encoun-
teredby extrapolationsof existing architectures.In this paper, we
describethecompilationtechniquesusedto exploit ILP ontheRaw
machine,a NURA machinecomposedof fully replicatedprocess-
ing unitsconnectedvia amostlystaticprogrammablenetwork. The
fully exposedhardwareallows the Raw compiler to preciselyor-
chestratecomputationandcommunicationin orderto exploit ILP
within basicblocks.Thecompilerhandlestheorchestrationby per-
formingspatialandtemporalinstructionscheduling,aswell asdata
partitioningusinga distributedon-chipmemorymodel.

This papermakes threecontributions. First, it describesthe
space-timeschedulingof ILP on a Raw machine,borrowing some
techniquesfrom thepartitioningandschedulingof tasksonMIMD
machines.Second,it introducesa new control flow modelbased
onasynchronouslocalbranchesinsidea machinewith multiple in-
dependentinstructionstreams.Finally, it shows that independent
instructionstreamsgivetheRaw machinetheability to toleratetim-
ing variationsdueto dynamicevents.

The restof the paperis organizedas follows. Section2 mo-
tivatesthe needfor NURA machines,and it introducesthe Raw
machineas one suchmachine. Section3 overviews the space-
time schedulingof ILP on a Raw machine. Section4 describes
RAWCC, theRaw compiler, andit explainsthememoryanddata
accessmodelRAWCC implements.Section5 describesthebasic
block orchestrationof ILP. Section6 describestheorchestrationof
control flow. Section7 shows the performanceof RAWCC. Sec-
tion 8 presentsrelatedwork, andSection9 concludes.
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Raw machinesaremadeupof asetof simpletiles,eachwith apor-
tion of theregisterset,aportionof theon-chipmemory, andoneof
thefunctionalunits. Thesetiles communicatevia a scalablepoint-
to-point interconnect.This sectionmotivatestheRaw architecture.
We examinethe scalability problemof modernprocessors,trace
anarchitecturalevolution thatovercomessuchproblems,andshow
thattheRaw architectureis at anadvancedstageof suchanevolu-
tion. Wehighlightnon-uniformregisteraccessasanimportantfea-
turein scalablemachines.WethendescribetheRaw machine,with
emphasisonfeatureswhichmake it anattractivescalablemachine.
Finally, wedescribetherelationshipbetweenaRaw machineanda
VLIW machine.

The Scalability Problem Modernprocessorsarenot designedto
scale.Becausesuperscalarsrequiresignificanthardwareresources



to supportparallel instructionexecution,architectsfor thesema-
chines0 facean uncomfortabledilemma. On the onehand,faster
machinesrequireadditionalhardwareresourcesfor bothcomputa-
tion anddiscovery of ILP. On theotherhand,theseresourcesoften
have quadraticareacomplexity, quadraticconnectivity, andglobal
wiring requirementswhichcanbesatisfiedonly at thecostof cycle
timedegradation.VLIW machinesaddresssomeof theseproblems
by moving thecycle-timeelongatingtaskof discovering ILP from
hardwareto software,but they still suffer scalabilityproblemsdue
to issuebandwidth,multi-portedregisterfiles,caches,andwire de-
lays.

Up to now, commercialmicroprocessorshave faithfully pre-
served their monolithic images.As pressurefrom all sourcesde-
mandscomputersto bebiggerandmorepowerful, this imagewill
be difficult to maintain. A crack is alreadyvisible in the Alpha
21264.In orderto satisfytiming specificationwhile providing the
registerbandwidthneededby its dual-portedcacheandfour func-
tional units, the Alpha duplicatesits register file. Eachphysical
registerfile provideshalf therequiredports.A clusteris formedby
organizingtwo functionalunitsanda cacheport aroundeachreg-
isterfile. Communicationwithin a clusteroccursat normalspeed,
while communicationacrossclusterstakesanadditionalcycle.

This examplesuggestsan evolutionary path that resolves the
scalabilityproblem:imposeahierarchyontheorganizationof hard-
wareresources[22]. A processorcanbecomposedfrom replicated
processingunits whosepipelinesarecoupledtogetherat the reg-
ister level so that they canexploit ILP cooperatively. The VLIW
Multiflow TRACE machineis a machinewhich adoptssucha so-
lution [19]. On the otherhand,its main motivation for this orga-
nization is to provide enoughregisterports. Communicationbe-
tweenclustersareperformedvia global busses,which in modern
andfuture-generationtechnologywouldseverelydegradetheclock
speedof themachine.This problempointsto thenext stepin the
scalabilityevolution – providing a scalableinterconnect.For ma-
chinesof modestsizes,a bus or a full crossbarmay suffice. But
as the numberof componentsincreases,a point to point network
will be necessaryto provide the requiredlatency andbandwidth
at the fastestpossibleclock speed– a progressionreminiscentof
multiprocessorevolution.

Theresultof theevolution towardscalabilityis amachinewith
a distributedregisterfile interconnectedvia a scalablenetwork. In
thespirit of NUMA machines(Non-UniformMemoryAccess),we
call suchmachinesNURA machines (Non-Uniform Register Ac-
cess).Like a NUMA machine,a NURA machineconnectsits dis-
tributedstoragevia ascalableinterconnect.UnlikeNUMA, NURA
poolsthesharedstorageresourcesat the registerlevel. Becausea
NURA machineexploits ILP of a singleinstructionstream,its in-
terconnectmustprovide latenciesthataremuchlower thanthaton
a multiprocessor.

As thebaseelementof thestoragehierarchy, any changein the
registermodelhasprofoundimplications. The distributednature
of the computationalandstorageelementson a NURA machine
meansthat locality shouldbe consideredwhenassigninginstruc-
tions to functionalunits. Instructionschedulingbecomesa spatial
problemaswell asa temporalproblem.

Raw architecture The Raw machine[23] is a NURA architec-
ture motivatedby the needto designsimple and highly scalable
processors.As depictedin Figure1, a Raw machinecomprisesa
simple, replicatedtile, eachwith its own instructionstream,and
a programmable,tightly integratedinterconnectbetweentiles. A
Raw machinealsosupportsmulti-granular(bit andbyte level) op-
erationsaswell ascustomizableconfigurablelogic, althoughthis
paperdoesnotaddressthesefeatures.

EachRaw tile containsa simplefive-stagepipeline, intercon-
nectedwith other tiles over a pipelined,point-to-pointnetwork.
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Figure1: A Raw microprocessoris a meshof tiles, eachwith a processor
anda switch. The processorcontainsinstructionmemory, datamemory,
registers,ALU, andconfigurablelogic (CL). The switch containsits own
instructionmemory.

Thetile is keptsimpleanddevoid of complex hardwareresources
in orderto maximizetheclockrateandthenumberof tiles thatcan
fit onachip. Raw’snetwork is tightly integratedwith theprocessor
to provide fast,register-level communication.Unlike modernsu-
perscalars,the interfaceto this interconnectis fully exposedto the
software.

Thenetwork interfaceon a Raw machineis integrateddirectly
into the processorpipeline to supportsingle-cycle sendsand re-
ceivesof word-sizedvalues.A word of datatravelsacrossonetile
in oneclock cycle. Thenetwork supportsbothstaticanddynamic
routingthroughthestaticanddynamicswitches,respectively. The
staticswitch is programmable,allowing statically inferablecom-
municationpatternsto beencodedin theinstructionstreamsof the
switches.Thisapproacheliminatestheoverheadof composingand
routinga directionalheader, which in turn allows a singleword of
datato be communicatedefficiently. Accessesto communication
portshaveblockingsemanticsthatprovidenear-neighborflow con-
trol; aprocessoror switchstallsif it is executinganinstructionthat
attemptsto accessan emptyinput port or a full outputport. This
specificationensurescorrectnessin the presenceof timing varia-
tions introducedby dynamiceventssuchasdynamicmemoryref-
erencesandI/O operations,andit obviatesthe lock-stepsynchro-
nizationof programcountersrequiredby many staticallyscheduled
machines.The dynamicswitch is a wormholerouter that makes
routingdecisionsbasedon theheaderof eachmessage.It includes
additionallinesfor flow control. This paperfocuseson communi-
cationusingthestaticnetwork.

TheRaw prototypeusesaMIPSR2000pipelineon its tile. For
theswitch, it usesa strippeddown R2000augmentedwith a route
instruction. Communicationportsareaddedasextensionsto the
registerspace.Thebold arrows in Figure1 shows theorganization
of ports for the staticnetwork on a single tile. Eachswitch on a
tile is connectedto its processorandits four neighborsvia an in-
put port andanoutputport. It takesonecycle to inject a message
from the processorto its switch, receive a messagefrom a switch
to its processor, or routea messagebetweenneighboringtiles. A
single-word messagebetweenneighboringprocessorswould take
four cycles.Note,however, thattheability to accessthecommuni-
cationportsasregisteroperandsallowsusefulcomputationto over-
lap with the actof performinga sendor a receive. Therefore,the
effective overheadof thecommunicationcanbeaslow astwo cy-
cles.

In additionto its scalabilityandsimplicity, theRaw machineis
anattractive NURA machinefor severalreasons:

1 Multisequentiality: Multisequentiality, thepresenceof inde-



pendentinstructionstreamswhichcanhandlemultipleflows
of control, is useful for four reasons.First, it significantly
enhancesthepotentialamountof parallelisma machinecan
exploit [18]. Second,it enablesasynchronous global branch-
ing describedin Section6, a meansof implementingglobal
branchingonRaw’sdistributedinterconnect.Third it enables
control localization, a techniqueweintroducein Section6 to
allow ILP to bescheduledacrossbranches.Finally, it gives
aRaw machinebettertoleranceof dynamiceventscompared
to a VLIW machine,asshown in Section7.

1 Simple, scalable means of expanding the register space: Each
Raw tile containsa portion of the register space. Because
the registersetis distributedalongwith the functionalunits
andmemoryports,thenumberof registersandregisterports
scaleslinearlywith totalmachinesize.Eachtile’s individual
registerset,however, hasonly a relatively small numberof
registersandregisterports,sothecomplexity of theregister
file will not becomean impedimentto increasingthe clock
rate.Additionally, becauseall physicalregistersarearchitec-
turally visible, thecompilercanuseall of themto minimize
thenumberof registerspills.

1 A compiler interface for locality management: TheRaw ma-
chinefully exposesits hardwareto thecompilerby exporting
a simple cost model for communicationand computation.
The compiler, in turn, is responsiblefor the assignmentof
instructionsto Raw tiles. Instructionpartitioningandplace-
ment is bestperformedat compile time becausethe algo-
rithms requirea very large window of instructionsand the
computationalcomplexity is greaterthancanbeaffordedat
run-time.

1 Mechanism for precise orchestration: Raw’s programmable
static switch is an essentialfeaturefor exploiting ILP on
theRaw machine.First, it allows single-word register-level
transferwithout the overheadof composingand routing a
messageheader. Second,the Raw compilercanuseits full
knowledgeof thenetwork statusto minimizecongestionand
routedataaroundhot spots.More importantly, thecompile-
time knowledgeaboutthe order in which messageswill be
received on eachtile obviatesthe run-timeoverheadof de-
terminingthecontentsof incomingmessages.

Relationship between Raw and VLIW machines TheRaw ar-
chitecturedraws much of its inspiration from VLIW machines.
They both sharethe commongoal of statically schedulingILP.
From a macroscopicpoint of view, a Raw machineis the result
of a naturalevolution from a VLIW, driven by the desireto add
morecomputationalresources.

Therearetwo majordistinctionsbetweenaVLIW machineand
Raw machine. First, they differ in resourceorganization. VLIW
machinesof various degreesof scalability have beenproposed,
rangingfrom completelycentralizedmachinesto machineswith
distributedfunctionalunits, registerfiles, andmemory[19]. The
Raw machine,ontheotherhand,is thefirst ILP microprocessorthat
providesa software-exposed,scalable,two-dimensionalintercon-
nectbetweenclustersof resources.This featurelimits thelengthof
all wires to the distancebetweenneighboringtiles, which in turn
enablesa higherclock rate.

Second,thetwo machinesdiffer in their controlflow model.A
VLIW machinehasa singleflow of control,while a Raw machine
has multiple flows of control. As explainedabove, this feature
increasesavailableexploitableparallelism,enablesasynchronous
global branchingandcontrol localization,andimprovestolerance
of dynamicevents.
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The space-timeschedulingof ILP on a Raw machineconsistsof
orchestratingthe parallelismwithin a basicblock acrossthe Raw
tiles andhandlingof the control flow acrossbasicblocks. Basic
block orchestration,in turn, consistsof several tasks: the assign-
ment of instructionsto processingunits (spatialscheduling),the
scheduling of thoseinstructionsonthetiles they areassigned(tem-
poral scheduling),the assignmentof datato tiles, andthe explicit
orchestrationof communicationacrossa meshinterconnect,both
within andacrossbasicblocks.Controlflow betweenbasicblocks
is explicitly orchestratedby the compiler through asynchronous
global branching, an asynchronousmechanismfor implementing
branchingacrossall thetilesusingthestaticnetwork andindividual
branchesoneachtile. In addition,anoptimizationcalledcontrol lo-
calization allows somebranchesin theprogramto affectexecution
ononly onetile.

The two central tasksof the basic-blockorchestraterare the
assignmentandschedulingof instructions.TheRaw compilerper-
forms assignmentin threesteps: clustering,merging, andplace-
ment. Clusteringgroupstogetherinstructions,suchthat instruc-
tions within a clusterhave no parallelismthat can profitably be
exploited given the costof communication.Merging reducesthe
numberof clustersdown to thenumberof processingunitsbymerg-
ing theclusters.Placementperformsa bijective mappingfrom the
merged clustersto the processingunits, taking into accountthe
topology of the interconnect. Schedulingof instructionsis per-
formedwith a traditionallist scheduler.

Other functionalitiesof the basic-blockorchestraterare inte-
gratedinto this framework asseamlesslyaspossible.Dataassign-
mentandinstructionassignmentareimplementedto allow flow of
informationin both directions,thusreflectingthe inter-dependent
natureof thetwo assignmentproblems.Inter-blockandintra-block
communicationarebothidentifiedandhandledin a single,unified
manner. The list scheduleris extendedto schedulenot only com-
putationinstructionsbut communicationinstructionsaswell, in a
mannerwhichguaranteestheresultantscheduleis deadlock-free.

MIMD task scheduling Therearetwo waysto view Raw’sprob-
lem of assigningandschedulinginstructions.From oneperspec-
tive, the Raw compilerstaticallyschedulesILP just like a VLIW
compiler. Therefore,a clusteredVLIW with distributed regis-
tersand functionalunits facesa similar problemasthe Raw ma-
chine [6][10][12]. From anotherperspective, the Raw compiler
schedulestaskson a MIMD machine,wheretasksareat thegran-
ularity of instructions. A MIMD machinefacesa similar assign-
ment/schedulingproblem,but ata coarsergranularity[1][20][26].

TheRaw compilerleveragesresearchin therich field of MIMD
taskscheduling.MIMD schedulingresearchis applicableto clus-
teredVLIWs as well. To our knowledge, this is the first paper
which attemptsto leverageMIMD taskschedulingtechnologyfor
theschedulingof fine-grainedILP. We show thatsuchtechnology
producesgoodresultsdespitehaving fine-grainedtasks(i.e., single
instructions).

? @A�CBED7D
RAWCC, theRaw compiler, is implementedusingtheSUIF com-
piler infrastructure[24]. It compilesboth C andFORTRAN pro-
grams.TheRaw compilerconsistsof threephases.Thefirst phase
performshigh level programanalysisandtransformations.It con-
tains Maps [7], Raw’s compiler managedmemorysystem. The
memoryprovided by Maps and the dataaccessmodel is briefly
describedbelow. The initial phasealso includestraditional tech-
niquessuchasmemorydisambiguation,loop unrolling, andarray
reshape,plusa new controloptimizationtechniqueto bediscussed



in Section6. In the future, it will be extendedwith the advanced
ILP-enhancing0 techniquesdiscussedin Section8.

Thesecondphase,thespace-timescheduler, performstheschedul-
ing of ILP. Its two functions,basicblock orchestrationand con-
trol orchestration,aredescribedin Section5 andSection6, respec-
tively.

The final phasein RAWCC generatescodefor the processors
andtheswitches.It usestheMIPSback-enddevelopedin Machine
SUIF [21], with a few modificationsto handlethecommunication
instructionsandcommunicationregisters.

Memory and data access model Memoryon a Raw machineis
distributedacrossthetiles. TheRaw memorymodelprovidestwo
waysof accessingthismemorysystem,onefor staticreferenceand
onefor dynamicreference.A referenceis staticif every invocation
of it canbedeterminedat compile-timeto referto memoryon one
specifictile. We call this propertythe static residence property.
Sucha referenceis handledby placingit on thecorrespondingtile
at compiletime. A non-staticor dynamicreferenceis handledby
disambiguatingthe addressat run-timein software,usingthe dy-
namicnetwork to handleany necessarycommunication.

The Raw compiler attemptsto generateasmany static refer-
encesaspossible.Staticreferencesareattractive for two reasons.
First, they canproceedwithoutany of theoverheaddueto dynamic
disambiguationandsynchronization.Second,they canpotentially
take advantageof the full memorybandwidth.This paperfocuses
on resultswhich canbeattainedwhentheRaw compilersucceeds
in identifying staticreferences.A full discussionof the compiler
managedmemorysystem,including issuespertainingto dynamic
references,can be found in [7]. In Section7, we do make one
observation relevant to dynamicreferences:decoupledinstruction
streamsallow theRaw machineto toleratetiming variationsdueto
eventssuchasdynamicmemoryaccesses.

Static referencescanbe createdthroughintelligent datamap-
ping andcodetransformation.For arrays,the Raw compilerdis-
tributesthemthroughlow order interleaving, which interleavesthe
arrayselement-wiseacrossthe memorysystem. For array refer-
enceswhichareaffinefunctionsof loopindices,wehavedeveloped
atechniquewhichusesloopunrolling to satisfythestaticresidence
property. Our techniqueis a generalizationof anobservationmade
by Ellis [12]. Detailsarepresentedin [8].

Scalarvaluescommunicatedwithin basicblocksfollow adata-
flow model,so that the tile consuminga valuereceivesit directly
from theproducertile. To communicatevaluesacrossbasicblock
boundaries,eachprogramvariableis assigneda hometile. At the
beginning of a basicblock, the value of a variableis transferred
from its hometo the tiles which usethevariable. At theendof a
basicblock, thevalueof amodifiedvariableis transferredfrom the
computingtile to its hometile.
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Thebasicblock orchestraterexploits the ILP within a basicblock
by distributing the parallelismwithin the basicblock acrossthe
tiles. It transformsa singlebasicblock into anequivalentsetof in-
tercommunicatingbasicblocksthatcanberun in parallelon Raw.
Orchestrationconsistsof assignmentand schedulingof instruc-
tions,assignmentof data,andtheorchestrationof communication.
This sectionfirst gives the implementationdetailsof how the or-
chestraterperformsthesefunctions,followedby a generaldiscus-
sionof its design.

Figure2 shows the phaseorderingof the basicblock orches-
trater. Eachphaseisdescribedin turnbelow. To facilitatetheexpla-
nation,Figure3 shows thetransformationsperformedby RAWCC
on a sampleprogram.

Communication
L
Code Generator

   Initial Code
Transformation

Instruction
Partitioner

   Event
Scheduler

Data & Instruction
        Placer

Global Data
M
 Partitioner

Figure2: Phaseorderingof thebasicblockorchestrater.

Initial code transformation Initial codetransformationmassages
a basicblock into a form suitablefor subsequentanalysisphases.
Figure3ashowsthetransformationsperformedby thisphase.First,
renaming convertsstatementsof thebasicblock to staticsingleas-
signmentform. Suchconversionremoves anti-dependenciesand
output-dependenciesfrom the basicblock, which in turn exposes
availableparallelism. It is analogousto hardwareregisterrenam-
ing performedby superscalars.

Second,two typesof dummy instructionsare inserted. Read
instructionsareinsertedfor variableswhich arelive-on-entryand
readin thebasicblock. Write instructionsareinsertedfor variables
which are live-on-exit andwritten within the basicblock. These
instructionssimplify theeventualrepresentationof stitch code, the
communicationneededto transfervaluesbetweenthebasicblocks.
Thisrepresentationin turnallowstheeventschedulerto overlapthe
stitchcodewith otherwork in thebasicblock.

Third, expressionsin thesourceprogramaredecomposedinto
instructionsin three-operandform. Three-operandinstructionsare
convenientbecausethey correspondcloselyto thefinal machinein-
structionsandbecausetheir costattributescaneasilybeestimated.
Therefore,they arelogical candidatesto be usedasatomicparti-
tioning andschedulingunits.

Finally, thedependencegraphfor thebasicblockisconstructed.
A noderepresentsaninstruction,andanedgerepresentsatrueflow
dependencebetweentwo instructions. Eachnodeis labeledwith
theestimatedcostof runningtheinstruction.For example,thenode
for a floatingpoint addin theexampleis labeledwith two cycles.
Eachedgerepresentsa word of datatransfer.

Instruction partitioner Theinstructionpartitionerpartitionsthe
original instructionstreaminto multiple instructionstreams,one
for eachtile. It doesnot bind the resultantinstructionstreamsto
specifictiles – thatfunctionis performedby theinstructionplacer.
Whengeneratingthe instructionstreams,the partitionerattempts
to balancethebenefitsof parallelismagainsttheoverheadsof com-
munication.Figure3bshows a sampleoutputof thisphase.

Certaininstructionshave constraintson wherethey canbepar-
titionedandplaced.Readandwrite instructionsto thesamevari-
ablehave to bemappedto theprocessoron which thedataresides
(seeglobal data partitioner anddata and instruction placer below).
Similarly, loadsandstoressatisfyingthestaticresidenceproperty
mustbe mappedto a specifictile. The instructionpartitionerper-
formsitsdutywithoutconsideringtheseconstraints.They aretaken
into accountin the global datapartitionerandin the dataandin-
structionplacer.
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Figure3: An exampleof theprogramtransformationsperformedby RAWCC.(a)shows theinitial programundergoingtransformationsmadeby initial code
transformation; (b) shows resultof instruction partitioner; (c) shows resultof global data partitioner; (d) shows resultof data and instruction placer, (e)
shows resultof communication code generator; (f) shows final resultafterevent scheduler.



Partitioningisperformedthroughclusteringandmergingphases
introducedN in Section3. We describeeachin turn:

Clustering: Clusteringattemptsto partition instructionsto mini-
mizerun-time,assumingnon-zerocommunicationcostbut infinite
processingresources.The costof communicationis modeledas-
suminganidealizeduniformnetwork whoselatency is theaverage
latency of the actualnetwork. Thephasegroupstogetherinstruc-
tions that eitherhave no parallelism,or whoseparallelismis too
fine-grainedto be exploited given the communicationcost. Sub-
sequentphasesguaranteethat instructionswith no mappingcon-
straintsin thesameclusterwill bemappedto thesametile.

RAWCC employs a greedytechniquebasedon theestimation
of completiontime calledDominantSequentClustering[26]. Ini-
tially, eachinstructionnodebelongsto a unit cluster. Communi-
cationbetweenclustersis assigneda uniform cost. Thealgorithm
visits instructionnodesin topologicalorder. At eachstep,it selects
from thelist of candidatestheinstructionon thelongestexecution
path.It thencheckswhethertheselectedinstructioncanmergeinto
theclusterof any of its parentinstructionsto reducetheestimated
completiontimeof theprogram.Estimationof thecompletiontime
is dynamicallyupdatedto take into accounttheclusteringdecisions
alreadymade,andit reflectsthecostof bothcomputationandcom-
munication. The algorithmcompleteswhenall nodeshave been
visitedexactly once.

Merging: Merging combinesclustersto reducethe numberof
clustersdown to the numberof tiles, againassumingan idealized
switchinterconnect.Two usefulheuristicsin merging areto main-
tain loadbalanceandto minimizecommunicationevents.TheRaw
compiler currently usesa locality-sensitive load balancingtech-
nique which tries to minimize communicationeventsunlessthe
load imbalanceexceedsa certainthreshold. We plan to consider
otherstrategies,includingan algorithmbasedon estimatingcom-
pletiontime, in thefuture.

Thecurrentalgorithmis asfollows. TheRaw compilerinitial-
izes N empty partitions(whereN is the numberof tiles), and it
visits clustersin decreasingorderof size. Whenit visits a cluster,
it mergestheclusterinto thepartitionwith which it communicates
the most,unlesssuchmerging resultsin a partitionwhich is 20%
larger thanthe sizeof an averagepartition. If the latter condition
occurs,theclusteris placedinto thesmallestpartitioninstead.

Global data partitioner To communicatevaluesof dataelements
betweenbasicblocks,a scalardataelementis assigneda “home”
tile location. Within basicblocks,renaminglocalizesmostvalue
references,sothatonly theinitial readsandthefinal write of avari-
ableneedto communicatewith its homelocation.Like instruction
mapping,the Raw compilerdividesthe taskof datahomeassign-
mentinto datapartitioninganddataplacement.

The job of the datapartitioneris to groupdataelementsinto
sets,eachof which is to bemappedto thesameprocessor. To pre-
serve locality asmuchaspossible,dataelementswhich tendto be
accessedby thesamethreadshouldbegroupedtogether. To parti-
tion dataelementsinto setswhicharefrequentlyaccessedtogether,
RAWCC performsglobal analysis. The algorithm is as follows.
For initialization,avirtual processornumberis arbitrarilyassigned
to eachinstructionstreamon eachbasicblock, aswell asto each
scalardataelement.In addition,staticallyanalyzablememoryref-
erencesarefirst assigneddummydataelements,andthenthoseele-
mentsareassignedvirtual processornumberscorrespondingto the
physicallocation of the references.Furthermore,the accesspat-
tern of eachinstructionstreamis summarizedwith its affinity to
eachdataelement. An instructionstreamis said to have affinity
for a dataelementif it eitheraccessesthe element,or it produces
the final value for the elementin that basicblock. After initial-
ization, the algorithm attemptsto localizeas many referencesas

possibleby remappingthe instructionstreamsanddataelements.
First, it remapsinstructionstreamsto virtualizedprocessorsgiven
fixedmappingof dataelements.Then,it remapsdataelementsto
virtualizedprocessorsgivenfixedmappingsof instructionstreams.
Only the true dataelements,not the dummydataelementscorre-
spondingto fixedmemoryreferences,areremappedin this phase.
This processrepeatsuntil no incrementalimprovementof locality
canbe found. In the resultingpartition, dataelementsmappedto
the samevirtual processorare likely relatedbasedon the access
patternsof theinstructionstreams.

Figure3cshowsthepartitioningof datavaluesinto suchaffinity
sets.Note thatvariablesintroducedby initial code transformation
(e.g., O P and QSRUT P ) do not needto be partitionedbecausetheir
scopesarelimited to thebasicblock.

Data and instruction placer Thedataandinstructionplacermaps
virtualizeddatasetsandinstructionstreamsto physicalprocessors.
Figure 3d shows a sampleoutput of this phase. The placement
phaseremoves the assumptionof the idealizedinterconnectand
takesinto accountthenon-uniformnetwork latency. Placementof
eachdatapartition is currentlydrivenby thosedataelementswith
processorpreferences,i.e., thosecorrespondingto fixed memory
references.It is performedbeforeinstructionplacementto allow
costestimationduring instructionplacementto accountfor the lo-
cationof data.In additionalto mappingdatasetsto processors,the
dataplacementphasealsolocksthedummyreadandwrite instruc-
tionsto thehomelocationsof thecorrespondingdataelements.

For instructionplacement,RAWCC usesa swap-basedgreedy
algorithmto minimize the communicationbandwidth. It initially
assignsclustersto arbitrarytiles,andit looksfor pairsof mappings
thatcanbeswappedto reducethetotal numberof communication
hops.

Communication code generator Thecommunicationcodegen-
eratortranslateseachnon-localedge(an edgewhosesourceand
destinationnodesaremappedto differenttiles) in thedependence
graphinto communicationinstructionswhich route the necessary
datavalue from the sourcetile to the destinationtile. Figure3e
showsanexampleof suchtransformation.Communicationinstruc-
tions include send and receive instructionson the processorsas
well asroute instructionson theswitches.New nodesareinserted
into thegraphto representthecommunicationinstructions,andthe
edgesof thesourceanddestinationnodesareupdatedto reflectthe
new dependencerelationsarisingfrom insertionof thecommunica-
tion nodes.To minimizethevolumeof communication,edgeswith
thesamesourceareservicedjointly by asinglemulticastoperation,
thoughthis optimizationis not illustratedin theexample.

The current compilation strategy assumesthat network con-
tentionis low, sothatthechoiceof messagerouteshaslessimpact
on the codequality comparedto the choiceof instructionparti-
tions or event schedules.Therefore,communicationcodegener-
ation in RAWCC usesdimension-orderedrouting; this spatialas-
pect of communicationschedulingis completelymechanical. If
contentionis determinedto be a performancebottleneck,a more
flexible techniquecanbeemployed.

Event scheduler Theeventschedulerschedulesthecomputation
andcommunicationeventswithin a basicblock with the goal of
producingtheminimalestimatedrun-time.Becauseroutingin Raw
is itself specifiedwith explicit switch instructions,all eventsto be
scheduledareinstructions.Therefore,theschedulingproblemis a
generalizationof thetraditionalinstructionschedulingproblem.

Thejob of schedulingcommunicationinstructionscarrieswith
it the responsibilityof ensuringthe absenceof deadlocksin the
network. If individual communicationinstructionsarescheduled
separately, theRaw compilerwould needto explicitly managethe
buffering resourceson eachcommunicationport to ensuretheab-



senceof deadlock.Instead,RAWCCavoidstheneedfor suchman-
agementV by treatinga single-source,multiple-destinationcommu-
nicationpathasa singleschedulingunit. Whena communication
path is scheduled,contiguoustime slotsare reserved for instruc-
tionsin thepathsothatthepathincursnodelayin thestaticsched-
ule. By reservingthe appropriatetime slot at the nodeof each
communicationinstruction,thecompilerautomaticallyreservesthe
correspondingchannelresourcesneededto ensurethattheinstruc-
tion caneventuallymake progress.

Thougheventschedulingis a staticproblem,theschedulegen-
eratedmustremaindeadlock-freeandcorrecteven in thepresence
of dynamiceventssuchascachemisses.TheRaw systemusesthe
static ordering property, implementedthroughnear-neighborflow
control,to ensurethis behavior. Thestaticorderingpropertystates
that if a scheduledoesnot deadlock,then any schedulewith the
sameorderof communicationeventswill not deadlock. Because
dynamiceventslikecachemissesonly addextra latency but donot
changethe orderof communicationevents,they do not affect the
correctnessof theschedule.

Thestaticorderingpropertyalsoallowsthescheduletobestored
ascompactinstructionstreams.Timing informationneedsnot be
preservedin theinstructionstreamto ensurecorrectness,thusobvi-
atingtheneedto insertno-opinstructions.Figure3f shows a sam-
ple outputof the event scheduler. Note, first, the properordering
of therouteinstructionson theswitches,and,second,thesuccess-
ful overlapof computationwith communicationon WYX , wherethe
processorcomputesandwrites Z while waitingonthevalueof O P .

RAWCC usesa singlegreedylist schedulerto scheduleboth
computationandcommunication.The algorithmkeepstrack of a
readylist of tasks. A taskis eithera computationor a communi-
cationpath. As long asthe list is not empty, it selectsandsched-
ulesthetaskonthereadylist with thehighestpriority. Thepriority
schemeis basedonthefollowingobservation.Thepriority of atask
shouldbedirectly proportionalto theimpactit hason thecomple-
tion timeof theprogram.This impact,in turn,is lower-boundedby
two propertiesof the task: its level, definedto be its critical path
lengthto an exit node;andits average fertility, definedto be the
numberof descendentnodesdividedby thenumberof processors.
Therefore,we definethepriority of a taskto bea weightedsumof
thesetwo properties.

Discussion Therearetwo reasonsfor decomposingthespace-time
instructionschedulingprobleminto multiple phases.First, givena
machinewith anon-uniformnetwork, empiricalresultshaveshown
thatseparatingassignmentfrom schedulingyieldssuperiorperfor-
mance[25]. Furthermore,given a graphwith fine-grainedparal-
lelism, having a clusteringphasehasbeenshown to improve per-
formance[11].

In addition,thespace-timeschedulingproblem,aswell aseach
of its subproblems,is NPcomplete[20]. Decomposingtheproblem
into a setof greedyheuristicsenablesus to develop an algorithm
which is computationallytractable.Thesuccessof this approach,
of course,dependsheavily on carefullychoosingtheproblemde-
composition. The decompositionshouldbe such that decisions
madebeanearlierphaseshouldnot inhibit subsequentphasesfrom
makinggooddecisions.

Webelievethatseparatingtheclusteringandschedulingphases
wasagooddecompositiondecision.Thebenefitsof dividing merg-
ing andplacementhave beenlessclear. Combiningthemso that
merging is sensitive to the processortopologymay be preferable,
especiallybecauseon a Raw machinesomememoryinstructions
have predeterminedprocessormappings.We intendto explorethis
issuein thefuture.

Thebasicblock orchestraterintegratesits additionalresponsi-
bilities relatively seamlesslyinto the basicspace-timescheduling
framework. By insertingdummy instructionsto representhome

tiles,inter-basic-blockcommunicationcanberepresentedthesame
way as intra-basic-blockcommunication. The needfor explicit
communicationis identified through edgesbetweeninstructions
mappedto different tiles, andcommunicationcodegenerationis
performedby replacingtheseedgeswith a chainof communica-
tion instructions.Theresultantgraphis thenpresentedto a vanilla
greedylist scheduler, modifiedto treateachcommunicationpathas
a singleschedulingunit. This list scheduleris thenableto gener-
ateacorrectandgreedilyoptimizedschedulefor bothcomputation
andcommunication.

Likeatraditionaluniprocessorcompiler, RAWCCfacesaphase
orderingproblemwith eventschedulingandregisterallocation.Cur-
rently, the event schedulerruns beforeregister allocation; it has
no registerconsumptioninformationanddoesnot considerregis-
ter pressurewhenperformingthescheduling.Theconsequenceis
two-fold. First, instructioncostsmay be underestimatedbecause
they do not includespill costs. Second,the event schedulermay
exposetoo much parallelism,which cannotbe efficiently utilized
but which comesat a costof increasedregisterpressure.Theex-
perimentalresultsfor fpppp-kernelin Section7 illustratethisprob-
lem. We areexploring this issueandhave examineda promising
approachwhich adjuststheprioritiesof instructionsbasedon how
the instructionseffect theregisterpressure.In addition,we intend
to explore the possibility of cooperative inter-tile registeralloca-
tion.

[ DH� � ��
��>%C�"

�! �#!�	��

�!��� � �
Raw tiles cooperateto exploit ILP within a basicblock. Between
basicblocks,theRaw compilerhasto orchestratethecontrolflow
onall thetiles. Thisorchestrationisperformedthroughasynchronous
global branching. To reducetheneedto incurthecostof thisglobal
orchestrationandexpandthescopeof thebasicblock orchestrater,
theRaw compilerperformscontrol localization, acontroloptimiza-
tion which localizestheeffectsof abranchin aprogramto asingle
tile.

Asynchronous global branching TheRaw machineimplements
global branchingasynchronouslyin software by using the static
network andlocal branches.First, thebranchvalueis broadcasted
to all the tiles throughthe static network. This communication
is exportedandscheduledexplicitly by the compilerjust like any
othercommunication,so that it canoverlap with othercomputa-
tion in the basicblock. Then, eachtile and switch individually
performsa branchwithout synchronizationat the endof its basic
block execution. Correctexecutionis ensureddespiteintroducing
this asynchrony becauseof thestaticorderingproperty.

Theoverheadof globalbranchingonaRaw machineis explicit
in the broadcastof the branchcondition. This contrastswith the
implicit overheadof globalwiring incurredby globalbranchingin
VLIWs andsuperscalars.Raw’s explicit overheadis desirablefor
threereasons.First, the compilercanhide the overheadby over-
lapping it with useful work. Second,this branchingmodel does
not requirededicatedwires usedonly for branching. Third, the
approachis consistentwith theRaw philosophyof eliminatingall
global wires,which taken asa whole enablesa muchfasterclock
speed.

Control localization Controllocalizationis thetechniqueof treat-
ing a branch-containingcodesequenceasa singleunit during as-
signmentandscheduling.Thisassignment/schedulingunit is called
a macro-instruction. Thetechniqueis a controloptimizationmade
possiblethoughRaw’s independentflows of control,which allows
aRaw machinetoexecutedifferentmacro-instructionsconcurrently
ondifferenttiles. By localizingtheeffectsof branchesto individual
tiles,controllocalizationavoidsthebroadcastcostof asynchronous



Benchmark Source Lang. Lines Primary Seq.RT Description
of code Array size (cycles)

fpppp-kernel Spec92 FORTRAN 735 - 8.98K ElectronInterval Derivatives
btrix Nasa7:Spec92 FORTRAN 236 15 \ 15 \ 15 \ 5 287M VectorizedBlock Tri-DiagonalSolver
cholesky Nasa7:Spec92 FORTRAN 126 3 \ 32 \ 32 34.3M Cholesky Decomposition/Substitution
vpenta Nasa7:Spec92 FORTRAN 157 32 \ 32 21.0M Inverts3 PentadiagonalsSimultaneously
tomcatv Spec92 FORTRAN 254 32 \ 32 78.4M MeshGenerationwith Thompson’sSolver
mxm Nasa7:Spec92 FORTRAN 64 32 \ 64,64 \ 8 2.01M Matrix Multiplication
life Rawbench C 118 32 \ 32 2.44M Conway’sGameof Life
jacobi Rawbench C 59 32 \ 32 2.38M JacobiRelaxation

Table1: Benchmarkcharacteristics.ColumnSeq. RT shows therun-timefor theuniprocessorcodegeneratedby theMachsuifMIPS compiler.

macroins

(a) (b)

Figure 4: An illustration of control localization. (a) shows a control
flow graphbeforecontrol localization.Eachoval is an instruction,andthe
dashedbox marksthecodesequenceto becontrol localized.(b) shows the
controlflow graphaftercontrol localization.

globalbranching.
Figure4 showsanexampleof controllocalization.In thefigure,

4ashows a controlflow graphbeforecontrol localization,with the
dashedbox markingthesequenceof codeto becontrol localized.
4b shows the control flow graphafter control localization,where
the original branchhasbeenhiddeninsidethe macro-instruction.
Note that control localizationhasmerged the four original basic
blocksinto a singlemacro-extendedbasicblock,within which ILP
canbeorchestratedby thebasicblock orchestrater.

To controllocalizeacodesequence,theRaw compilerdoesthe
following. First, theRaw compilerverifiesthat thecodesequence
canin factbeplacedonasingletile, whichmeansthateither(1) all
its memoryoperationsrefer to a single tile, or (2) enoughmem-
ory operationsandall their precedingcomputationscansafelybe
separatedfrom thecodesequencesothat(1) is satisfied.Next, the
compiler identifiesthe input variablesthe codesequencerequires
andtheoutputvariablesthecodesequencegenerates.Thesevari-
ablesarecomputedby takingtheunionof their correspondingsets
overall possiblepathswithin thecodesequence.In addition,given
avariablefor whichavalueis generatedononebut notall pathsof
theprogram,thevariablehasto beconsideredasaninput variable
aswell. This input is neededto allow the codesequenceto pro-
duceavalid valueof thevariableindependentof thepathtraversed
insideit. The resultof identifying thesevariablesis that thecode
sequencecanbeassignedandscheduledlike a regular instruction
duringbasicblock orchestration.

In practice,controllocalizationhasbeeninvaluablein allowing
RAWCC to useunrolling to exposeparallelismin innerloopscon-
tainingcontrol flow. Currently, RAWCC adaptsthesimplepolicy
of localizing into a singlemacro-instructionevery localizablefor-
wardcontrolflow structure,suchasarbitrarynestingsof IF-THEN-

Benchmark N=1 N=2 N=4 N=8 N=16 N=32

fpppp-kernel 0.48 0.68 1.36 3.01 6.02 9.42
btrix 0.83 1.48 2.61 4.40 8.58 9.64
cholsky 0.88 1.68 3.38 5.48 10.30 14.81
vpenta 0.70 1.76 3.31 6.38 10.59 19.20
tomcatv 0.92 1.64 2.76 5.52 9.91 19.31
mxm 0.94 1.97 3.60 6.64 12.20 23.19
life 0.94 1.71 3.00 6.64 12.66 23.86
jacobi 0.89 1.70 3.39 6.89 13.95 38.35

Table 2: BenchmarkSpeedup. Speedupcomparesthe run-time of the
RAWCC-compiledcodeversusthe run-timeof the codegeneratedby the
MachsuifMIPScompiler.

ELSE constructsandcasestatements.This simplepolicy hasen-
abledusto achieve theperformancereportedin Section7. A more
flexible approachwhich variesthe granularityof localizationwill
beexploitedin thefuture.
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This sectionpresentssomeearly performanceresultsof the Raw
compiler. We show the performanceof the Raw compiler as a
whole, and then we measurethe portion of the performancedue
to high level transformationsandadvancedlocality optimizations.
In addition,we studyhow multisequentialitycanreducethesensi-
tivity of performanceto dynamicdisturbances.

Experimentsareperformedon theRaw simulator, whichsimu-
latestheRaw prototypedescribedin Section2. Latenciesof theba-
sic instructionsareasfollows: 2-cycle load,1-cycle store,1-cycle
integeraddor subtract;12-cycle integermultiply; 35-cycle integer
divide; 2-cycle floating addor subtract;4-cycle floating multiply;
and12-cyclefloatingdivide.

ThebenchmarksweselectincludeprogramsfromtheRaw bench-
marksuite[4], programkernelsfromthenasa7benchmarkof Spec92,
tomcatvof Spec92,andthekernelbasicblock which accountsfor
50% of the run-time in fpppp of Spec92. Sincethe Raw proto-
typecurrentlydoesnot supportdouble-precisionfloatingpoint, all
floatingpoint operationsin theoriginal benchmarksareconverted
to singleprecision.Table1 givessomebasiccharacteristicsof the
benchmarks.

Speedup Wecompareresultsof theRaw compilerwith theresults
of aMIPScompilerprovidedby Machsuif[21] targetedfor aMIPS
R2000.Table2 shows thespeedupsattainedby thebenchmarksfor
Raw machinesof variousnumberof tile. Theresultsshow thatthe
Raw compileris ableto exploit ILP profitablyacrosstheRaw tiles
for all thebenchmarks.Theaveragespeedupon32 tiles is 19.7.

All the benchmarksexcept fpppp-kernelaredensematrix ap-
plications.Theseapplicationsperformparticularlywell on a Raw
machinebecausearbitrarily largeamountof parallelismcanbeex-
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Figure5: Breakdown of speedupon 32 tiles into base component,high-
level component,andadvanced-locality component.

posedto the Raw compilerby unrolling the loop. Currently, the
Raw compilerunrolls loopsby the minimum amountrequiredto
guaranteethe static residenceproperty referredto in Section4,
which in mostof thesecasesexposeasmany copiesof the inner
loop for schedulingof ILP astherearenumberof processors.The
only exceptionis btrix. Its inner loopshandlearraydimensionsof
eitherfive or fifteen.Therefore,themaximumparallelismexposed
to thebasicblock orchestrateris at mostfiveor fifteen.

Many of thesebenchmarkshave beenparallelizedonmultipro-
cessorsby recognizingdo-allparallelismanddistributingsuchpar-
allelism acrossthe processors.Raw detectsthe sameparallelism
by partiallyunrollingaloopanddistributingindividual instructions
acrosstiles. TheRaw approachis moreflexible, however, because
it canscheduledo-acrossparallelismcontainedin loopswith loop
carrieddependences.For example,several loopsin tomcatvcon-
tain reductionoperations,which areloop carrieddependences.In
multiprocessors,the compilerneedsto recognizea reductionand
handleit asa specialcase.TheRaw compilerhandlesthedepen-
dencenaturally, the sameway it handlesany otherarbitrary loop
carrieddependences.

The size of the datasetsin thesebenchmarksis intentionally
madeto be small to featurethe low communicationoverheadof
Raw. Traditionalmultiprocessors,with theirhighoverheads,would
beunableto attainspeedupfor suchdatasets[2].

Most of thespeedupattainedcanbeattributedto theexploita-
tion of ILP, but unrolling playsa beneficialrole aswell. Unrolling
speedsup a programby reducingits loop overheadandexposing
scalaroptimizationsacrossloopiterations.This lattereffectis most
evidentin thejacobiandlife benchmarks,whereconsecutive itera-
tionsshareloadsto thesamearrayelementsthatcanbeoptimized
throughcommonsubexpressionelimination.

Fpppp-kernel is different from the rest of the applicationsin
that it containsirregularfine-grainedparallelism.This application
stressesthe locality/parallelismtradeoff capabilityof the instruc-
tion partitioner. For thefpppp-kernelonasingletile, thecodegen-
eratedby theRaw compileris significantlyworsethanthatgener-
atedby the original MIPS compiler. The reasonis that the Raw
compiler attemptsto exposethe maximal amountof parallelism
without regard to register pressure. As the numberof tiles in-
creases,however, the numberof availableregistersincreasescor-
respondingly, and the spill penaltyof this instructionscheduling
policy reduces.The net result is excellentspeedup,occasionally
attainingmore than a factor of two speedupwhen doubling the
numberof tiles.
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Figure6: Speedupof applicationsin thepresenceof dynamicdisturbances
for two machinemodels.Theleft graphshows resultsfor amachinewith a
singlepc which muststall synchronously;theright graphshows resultsfor
aRaw machinewith multiplepcswhichcanstall asynchronously.

Speedup breakdown Figure5 divides the speedupfor 32 tiles
for eachapplicationinto threecomponents:base, high-level, and
advanced-locality. The base speedupis the speedupfrom a base
compilerwhich usessimpleunrolling andmoderatelocality opti-
mization.

High-level shows the additionalspeedupwhenthe basecom-
piler is augmentedwith high level transformations,which include
control localizationandarray reshape.� Array reshaperefersto
thetechniqueof tailoringthelayoutof anarrayto avoid hotspotsin
memoryaccessesacrossconsecutive iterationsof a loop. It is im-
plementedby allocatinga tailoredcopy of anarrayto a loop when
theloop hasa layoutpreferencewhich differs from theactuallay-
out. This techniqueincurstheoverheadof arraycopying between
theglobalandthetailoredarraybeforeandaftertheloop,but most
loopsdo enoughcomputationon thearraysto make this overhead
worthwhile. Btrix, cholesky, andvpentabenefit from this trans-
formation,while life andtomcatvget their speedupimprovements
from controllocalization.

Advanced-locality shows theperformancegain from advanced
locality optimizations.Theseoptimizationsincludethe useof lo-
cality sensitivealgorithmsfor datapartitioningandfor themerging
phaseduringinstructionpartitioning,asdescribedin Section5. The
figureshows thatall applicationsexceptbtrix andfppppattainsiz-
ablebenefitsfrom theseoptimizations.The averageperformance
gainof all theapplicationsis 60%.

Effects of dynamic events The Raw compilerattemptsto stati-
cally orchestrateall aspectsof programexecution. Not all events,
however, arestaticallypredictable.Somedynamiceventsinclude
I/O operationsanddynamicmemoryoperationswith unknown tile
locations. We study the effects of run-timedisturbancessuchas
dynamicmemoryoperationson a Raw machine. We model the
disturbancesin our simulatorasrandomeventswhich happenon
loadsandstores,with a 5% chanceof occurrenceandan average
stall time of 100 cycles. We examinethe effects of suchdistur-
banceson two machinemodels.Oneis a faithful representationof
theRaw machine;theothermodelsa synchronousmachinewith a
singleinstructionstream.OnaRaw machine,adynamiceventonly
directlyeffectstheprocessoronwhichtheeventoccurs.Othertiles
can proceedindependentlyuntil they needto communicatewith
the blocked processor. On the synchronousmachine,however, a
dynamiceventstallstheentiremachineimmediately. This behav-
ior is similar to how a VLIW respondsto adynamicevent. ��

Array reshapeis currentlyhand-applied;it is in theprocessof beingautomated.�
Many VLIWs supportnon-blockingstores,aswell asloadswhich block on use

insteadof blocking on miss. Thesefeaturesreducebut do not eliminatethe adverse
effectsof stallingtheentiremachine,andthey comewith a potentialpenaltyin clock



Figure6 shows theperformanceof eachmachinemodelin the
presence0 of dynamicevents. Speedupis measuredrelative to the
MIPS-compiledcodesimulatedwith dynamicdisturbances.The
resultsshow that asynchrony on Raw reducesthe sensitivity of
performanceto dynamicdisturbances.Speedupfor the Raw ma-
chineis on average2.9 timesbetterthanthat for thesynchronous
machine. In absoluteterms, the Raw machinestill achieves re-
spectablespeedupsfor all applications. On 32 tiles, speedupon
fpppp is 3.0, while speedupsfor the restof theapplicationsareat
least7.6.
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Dueto spacelimitations,we only discusspastwork that is closely
relatedto theproblemof space-timeschedulingof ILP, whichis the
focusof thispaper. For acomparisonof Raw to otherarchitectures,
pleasereferto [23].

TheMIMD taskschedulingproblemis similar to Raw’sspace-
time instructionschedulingproblem,with tasksat the granular-
ity of instructions. RAWCC adaptsa decomposedview of the
probleminfluencedby MIMD taskscheduling.Sarkar, for exam-
ple, employs a threestepapproach:clustering,combinedmerg-
ing/placement,andtemporalscheduling[20]. Similarly, Yangand
Gerasoulisusesclustering,merging,andtemporalscheduling,with-
out the needfor placementbecausethey target a machinewith a
symmetricnetwork [25]. Overall, thebodyof work onMIMD task
schedulingis enormous;readersarereferredto [1] for a survey of
somerepresentative algorithms.Onemajordistinctionbetweenthe
problemsonMIMD andonRaw is thatonRaw certaintasks(static
memoryreferences)have predeterminedprocessormappings.

In thedomainof ILP scheduling,theBulldog compilerfacesa
problemwhichmostresemblesthatof theRaw compiler, becauseit
targetsaVLIW machinewhichdistributesnotonly functionalunits
andregisterfiles but memoryaswell, all connectedtogethervia a
partial crossbar[12]. Therefore,it too hasto handlememoryref-
erenceswhich have predeterminedprocessormappings. Bulldog
adoptsa two-stepapproach,with an assignmentphasefollowed
by a schedulingphase.Assignmentis performedby analgorithm
calledBottom-UpGreedy(BUG),acritical-pathbasedmappingal-
gorithmthatusesfixedmemoryanddatanodesto guidetheplace-
mentof othernodes.Like theapproachadoptedby theclustering
algorithm in RAWCC, BUG visits the instructionstopologically,
andit greedilyattemptsto assigneachinstructionto theprocessor
that is locally the bestchoice. Schedulingis then performedby
greedylist scheduling.

Thereare two key differencesbetweenthe Bulldog approach
andtheRAWCC aapproach.First, BUG performsassignmentin a
singlestepwhichsimultaneouslyaddressescritical path,dataaffin-
ity, andprocessorpreferenceissues.RAWCC, on theotherhand,
dividesassignmentinto clustering,merging, andplacement.Sec-
ond,theassignmentphasein BUG is drivenby agreedydepth-first
traversalthatmapsall instructionsin a connectedsubgraphwith a
commonroot beforeprocessingthe next subgraph.As observed
in [19], sucha greedyalgorithmis often inappropriatefor parallel
computationssuchasthoseobtainedby unrollingparallelloops.In
contrast,instructionassignmentin RAWCC usesa global priority
functionthatcanintermingleinstructionsfrom differentconnected
componentsof thedatadependencegraph.

Other work has consideredcompilation for several kinds of
clusteredVLIW architectures.A LC-VLIW is a clusteredVLIW
with limited connectivity which requiresexplicit instructionsfor
inter-clusterregister-to-register datamovement[9]. Its compiler
performsschedulingbeforeassignment,andtheassignmentphase
usesa min-cut algorithmadaptedfrom circuit partitioningwhich

speed.

tries to minimize communication.This algorithm,however, does
notdirectlyattempttooptimizetheexecutionlengthof inputDAGs.

Threeotherpiecesof work discusscompilationalgorithmsfor
clusteredVLIWs with full connectivity. The Multiflow compiler
usesavariantof BUG describedabove [19]. UAS (UnifiedAssign-
and-Schedule)performsassignmentandschedulingof instructions
in a singlestep,usinga greedy, list-scheduling-like algorithm[6].
Desoli describesanalgorithmtargetedfor graphswith a largede-
greeof symmetry[10]. The algorithm bearssomesemblanceto
the Raw partitioningapproach,with a clustering-like phaseanda
merging-like phase.Onedifferencebetweenthetwo approachesis
thealgorithmusedto identify clusters.In addition,Desoli’s clus-
teringphasehasa thresholdparameterwhich limits thesizeof the
clusters.Thisparameteris adjustediteratively to look for thevalue
which yields thebestexecutiontimes. TheRaw approach,in con-
trast,allowsthegraphstructureto determinethesizeof theclusters.

Thestructureof theRaw compileris alsosimilar to thatof the
Virtual Wires compiler for mappingcircuits to FPGAs[5], with
phasesfor partitioning,placement,andscheduling.Thetwo com-
pilation problems,however, arefundamentallydifferentfrom each
other, becausea Raw machinemultiplexes its computationalre-
sources(theprocessors)while anFPGAsystemdoesnot.

Many ILP-enhancingtechniqueshave beendevelopedto in-
creasethe amountof parallelismavailable within a basicblock.
Thesetechniquesinclude control speculation[16], dataspecula-
tion [22], trace/superblockscheduling[13] [15], andpredicatedex-
ecution[3]. With someadjustments,many of thesetechniquesare
applicableto Raw.

Raw’s techniquesfor handlingcontrol flow arerelatedto sev-
eral researchideas. Asynchronousglobal branchingis similar to
autonomousbranching,abranchingtechniquefor aclusteredVLIW
with an independenti-cacheon eachcluster [6]. The technique
eliminatestheneedto broadcastbranchtargetsby keepingabranch
oneachcluster.

Control localizationis relatedto researchin two areas. It re-
sembleshierarchicalreduction[17] in thatthey bothsharetheidea
of collapsingcontrol constructsinto a singleabstractnode. They
differ in motivation and context. Control localizationis usedto
enableparallelexecutionof control constructson a machinewith
multiple instructionstreams,while hierarchicalreductionis usedto
enableloopswith controlflow to besoftwarepipelinedonaVLIW.
In addition,control localizationis similar with Multiscalarexecu-
tion model[22], wheretaskswith independentflows of controlare
assignedto executeonseparateprocessors.

It is usefulto comparecontrollocalizationto predicatedexecu-
tion [3]. Control localizationenablestheRaw machineto perform
predicatedexecutionwithoutextra hardwareor ISA support.A lo-
cal branchcan serve the samerole as a predicate,permitting an
instructionto executeonly if thebranchconditionis true. Control
localization,however, is morepowerful thanpredicatedexecution.
A singlebranchcanserveasthepredicatefor multiple instructions,
in effect amortizingthe cost of performingpredicatedexecution
without theISA supportfor predicates.Moreover, controllocaliza-
tion utilizesits fetchbandwidthmoreefficiently thanpredicatedex-
ecution.For IF-THEN-ELSE constructs,thetechniquefetchesonly
thepathwhich is executed,unlike predicatedexecutionwhich has
to fetchbothpaths.
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This paperdescribeshow to compile a sequentialprogramto a
next generationprocessorthat hasasynchronous,physically dis-
tributedhardwarethat is fully-exposedto thecompiler. Thecom-
piler partitionsandschedulestheprogramsoasto bestutilize the
hardware.Together, they allow applicationsto useinstruction-level
parallelismto achieve high levelsof performance.



We have introducedthe resourceallocation(partitioning and
placement)0 algorithmsof the Raw compiler, which are basedon
MIMD taskclusteringandmerging techniques.We have alsode-
scribedasynchronousglobalbranching,themethodwhichthecom-
piler usesfor orchestratingsequentialcontrol flow acrossa Raw
processor’s distributed architecture. In addition, we have intro-
ducedan optimization,which we call control localization,which
allows the systemto avoid the overheadsof global branchingby
localizingthebranchingcodeto a singletile.

Finally, we have presentedperformanceresultswhich demon-
stratethatfor anumberof sequentialbenchmarkcodes,oursystem
canfind andexploit asignificantamountof parallelism.Thisparal-
lel speedupscaleswith thenumberof availablefunctionalunits,up
to 32. In addition,becauseeachRaw tile hasits own independent
instructionstream,thesystemis relatively tolerantto variationsin
latency thatthecompileris unableto predict.

Althoughthe trendin processortechnologyfavorsdistributing
resources,theresultinglossof thesynchronousmonolithicview of
theprocessorhaspreventedcomputerarchitectsfrom readilyadapt-
ing this trend. In this paperwe show that, with the help of novel
compilertechniques,afully distributedprocessorcanprovidescal-
ableinstructionlevel parallelismandcanefficiently handlecontrol-
flow. Webelievethatcompilertechnologycanenableveryefficient
executionof general-purposeprogramson next generationproces-
sorswith fully distributedresources.
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