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Abstract

This paperpresentsmodulounrolling, a codetransfor-
mation techniquefor enablingarray referencesto be ac-
cessedthroughthefaststaticnetworkona Rawmachine. A
Rawmachinecomprisesof a meshof simple, replicatedtiles
connectedby an interconnectwhich supportsfast, static
near-neighbor communication. Like all other resources,
memoryis distributedacrossthe tiles. Managementof the
memorycanbeperformedbywell knowntechniqueswhich
generate the requisitecommunicationcodeon distributed
address-spacearchitectures. On the other hand, the fast,
staticnetworkprovidesthecompilerwith a simpleinterface
to optimizesuch communication.Thispaperaddressesthe
problemof takingadvantage of such staticcommunication
for memoryaccesses.The requirementfor static memory
communicationis thecompile-timeknowledge of theexact
communicationrequired for each memoryreference. This
knowledge, in turn, canbeobtainedif a memoryreference
refersexclusivelyto memoryresidingona singleprocessing
tile. We introducemodulounrolling as a techniquewhich
allows the static communicationof a large classof array
accesses.We showhowthis techniqueachievesthegoal of
staticcommunicationbyusinga relativelysmallunroll fac-
tor. For a setof densematrixscientificapplications,weare
ableto accessall thearrayreferencesonthestaticnetwork,
enablingscalablespeedupson theRAW machine.

1. Intr oduction

Architectures of modern microprocessorshave at-
temptedto increaseperformanceby aggressively exploit-
ing instruction-levelparallelism(ILP). Yetdesigningatruly
scalablearchitectureto exploit ILP hasprovedelusive. In-
creasingparallelismplacesincreasingpressureon required�
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register-file andmemorybandwidth. Multi-ported register
files andmemoriesareonly partial solutionsbecausethey
donot scale.Currentdesignshaveexploredcomplex mem-
ory systemswith several memory banksconnectedwith
global buses,with arbitrationperformedby complex and
non-scalablehardwarelogic. Run-timecost for this com-
plexity is paid even when exact compile-timeprediction
of memorylocationsaccessedis possible.Multiprocessors
providetruly distributedresources,but they incurveryhigh
communicationcosts,restrictingthemto exploiting coarse-
grainedparallelismonly.

TheRaw machine[13] aimsto provide truly distributed
resourcesat communicationcostslow enoughto exploit
ILP. It distributes the register files, memoriesand ALUs
acrossatwo dimensionalmeshof identicaltiles,andit sup-
portssingle-cycle near-neighborcommunicationthrougha
programmable,software-controlledstatic network. Dis-
tributed memory provides scalablememory bandwidth,
with fast accessto memoriesof remotetiles throughthe
staticnetwork. A slower dynamicnetwork providesmech-
anismfor compiler-unanalyzableaccesses.

The useof a software-controlledstaticnetwork to con-
nect the distributed memoryon Raw opensup new chal-
lengesand opportunitiesfor the compiler. A major new
taskof the compiler is to predict the locationsof memory
accesses.If the compilercanpredictwhich tile a memory
accessrefersto, then the accesscan be madeon the fast
staticnetwork. Thisprocessis termedstaticpromotion. For
fallback,accesseswhich cannotbe staticallypromotedare
madeon theslower dynamicnetwork. Thelarger theclass
of accesseswhich canbestaticallypromoted,thebetterthe
performancewill be.

This paperpresentsmodulounrolling, a codetransfor-
mationtechniquefor thestaticpromotionof a largeclassof
arrayreferences.This techniqueis applicablefor arrayac-
cesseshaving indiceswhich areaffine functionsof enclos-
ing loop inductionvariables.Theseaccessesarecommon
in scientificcodes,an importantclassof applications.We
also presentsupportingmemory-systemoptimizationsfor



scientificcode. The techniqueshave beenimplementedin
RAWCC, the Raw parallelizingcompiler. We presentper-
formanceresultsof this compiler. We have alsodeveloped
strategiesto efficiently compiledynamicaccesseson Raw,
but they arebeyondthescopeof this paper.

Static promotion for Raw is related to the concept
of memory-bankdisambiguation[6] for distributed bank
architectures,such as certain VLIWs. Techniquesfor
memory-bankdisambiguationalso aim to determinethe
memory bank accessedby a referenceat compile-time.
Staticpromotionrefersto the enablingtechniquessuchas
intelligentdatalayoutandcodetransformationwhichmake
memorydisambiguationpossible.

The problem of memory back disambiguationcan be
madetrivial by placingall dataon oneprocessor. However
this approachsequentializesall theaccessesto thatproces-
sor, createsa network hot-spot,andwastesparallelband-
width to the distributedmemorysystem. In contrast,our
techniqueallows staticpromotionto be performedon dis-
tributedobjects,enablingtheconcurrentaccessesto differ-
entmemorybanksandthefull utilization of memoryband-
width.

The restof thepaperis organizedasfollows. Section2
gives an overview of the Raw architectureand compiler.
Section3 overviewsstaticpromotiononRaw architectures.
Section4 describesmodulo unrolling, a static promotion
strategy for arrays.Section5 describesotheroptimizations
for array accesseson Raw. Section6 presentssomeex-
perimentalresults.Section7 describesrelatedwork, while
Section8 concludes.

2. Overview of the Raw System

Thissectiongivesanoverview of theRaw system,which
includesthearchitectureandthecompiler.

2.1. Raw Ar chitecture

The Raw architecture[13] is a simple, distributed,
software-exposedarchitecturemotivatedby the desireto
scaleandmaximizetheamountof computationalresources.
Figure1 depictsthe layoutof a Raw microprocessor. The
designfeaturesa two-dimensionalmeshof identical tiles,
with eachtile having its own instructionstream,register
file, memory, ALU, andswitch. Eachprocessoron a tile
is a simple,RISCpipeline.Theswitchesimplementbotha
staticnetwork andadynamicnetwork. Thestaticnetwork is
underthecontrolof theinstructionstreamsontheswitches,
while thedynamicnetwork routesmessagesconventionally
by readingtheheadersof messages.

The featuresmentionedresult in a design whose re-
sourcescan scaleeasily. They also enablea fast clock,
sincethereis no complex logic andno wire is longerthan
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Figure 1. A Raw microprocessoris a meshof tiles, each
with a processoranda switch. The processorcontainsin-
structionmemory, datamemory, registers,andALU. The
switchcontainsits own instructionmemory.

the inter-tile distance.Staticnetwork routing andregister-
level accessenablefastcommunication,with thelatency of
communicationbetweenneighboringtiles beingas low as
two cycles. Suchlow latency allows exploitation of fine-
grainedILP. This contrastswith multiprocessorswhich are
restrictedto coarse-grainparallelismdue to much larger
network latencies.This architectureis fully exposedto the
compiler, which throughsophisticatedanalysis,is able to
extractandschedulea very high degreeof instructionlevel
parallelismfrom ordinarysequentialprograms.

2.2. The Raw compiler

Figure 2 outlines the structureof RAWCC, the Raw
compilerimplementedusingtheSUIF compilerinfrastruc-
ture[15]. RAWCC acceptssequentialC or FORTRAN pro-
gramsandautomaticallyparallelizesthemfor a Raw ma-
chine. The compiler consistsof two main phases,the
compiler-managedmemorysystemcalledMaps[4] andthe
space-timescheduler. Mapsusesthe informationprovided
by pointerandarrayanalysisto performstatic promotion
andtransformationsrelatedto dynamicaccesses.This pa-
perfocuseson modulounrolling,onemethodof staticpro-
motion usedin Maps. An overview of the completesys-
temcanbefoundin [4]. Thespace-timescheduler[9] par-
allelizeseachbasicblock of the programacrossthe pro-
cessors,obeying dependenceandserializationrequirements
specifiedby Maps.

3. Static Promotion

The staticnetwork hasno packetization,dynamicrout-
ing, or demultiplexing overheadand can communication
valuesbetweenneighboringtiles in as low as two cycles.
It canbe invokedwhenthesourceandthe destinationof a
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Figure 2. Structureof Raw compiler

messageareknown at compile-time. To employ the static
network to communicatea memory referencevalue, the
compilermustbeableto determinethatthereferencerefers
exclusively to memoryon a single, statically-known tile.
This propertyof the memoryreferenceis calledthe static
residenceproperty, andreferencessatisfyingthis property
arestatic references. Referenceswhich do not satisfythis
propertyare dynamicreferences, and they are communi-
catedusingthedynamicnetwork.

The processof producingand identifying static refer-
encesis called static promotion. Static promotion can
be achieved througha combinationof intelligent mapping
of data to tiles and code transformation. This section
overviewsthestaticpromotionstrategy for scalarsandarray
accessesonRaw.

Scalar Static Promotion Scalarvariablesareassignedto
hometile locations.Direct accessesto thesevariablessat-
isfy the staticresidencepropertytrivially, andthey canbe
staticallypromoted.Indirectaccessesthroughpointerscan-
not be promotedunlessevery valueaccessedby a pointer
resideson thesameprocessor. Currently, RAWCC doesnot
promotetheseindirectaccesses.Pointeranalysisandproper
mappingof scalarsto hometile locationscanenablesuch
promotion,but they arebeyondthescopeof thispaper.

Array Static Promotion Thecriteriafor choiceof agood
datalayout for arraysareas follows. A gooddatalayout
schemeshouldbeamenableto easystaticpromotionacross
a wide rangeof possibleaccessesto thatdata. In addition,
it must placedatacorrespondingto accesseshaving high
temporallocality onto different tiles, so that the accesses
canoccurin parallel.Finally, it shouldattemptto maximize
datalocality, in that accessesareallocatedcloseto where
they aremostoftenrequiredby thespace-timescheduler.

Basedon thesecriteria,arraysareuniformly laid out in
a low-order interleavedmanner. In low-orderinterleaving,

consecutiveelementsof thedatastructureareinterleavedin
around-robinmanneracrosssuccessivetilesin theRaw ma-
chine.Thelow orderbitsof theaddressspecifythetile loca-
tion of thememory. This layout is desirablesincespatially
closearrayaccesses,suchasA[i] andA[i+1], arealsooften
temporallyclose. Low-order interleaving placestheseon
differenttiles, thusallowing ILP parallelismbetweentheir
accesses.For certainprograms,onecanemploy moretai-
lored layouts,but thatwould destroy theuniformity which
makesmemorydisambiguationandstaticpromotionpossi-
blewithout extensiveinter-proceduralanalysis.

Giventhis distribution of arraydata,staticpromotionof
many arrayaccessescanbe achieved throughmoduloun-
rolling. Thenext sectionpresentsthis techniquein detail.

4. Modulo Unrolling

Thissectiondescribesmodulounrolling,a techniquefor
thestaticpromotionof acommonclassesof arrayaccesses.
As a motivatingexample,considerthecodein Figure3(a).
Using low-orderinterleaving for a Raw machinewith four
tiles,thedatalayoutof A is asshown in Figure3(b), i.e.,any
elementA[i] is storedon the tile given by the arrayoffset
modulothe numberof tiles(� ), which equals� modulo4.
In the loop, successive A[i] accessesrefer to memoryon
tile 0, 1, 2, 3, 0, 1, 2, 3 ... . The edgesout of the tiles
in Figure 3(b) point to the programaccesseswhich refer
to that tile. As we cansee,the A[i] accessin Figure3(a)
refersto memoryon all four tiles. Hencetheaccesscannot
be executedon the staticnetwork, becausestaticnetwork
executionrequireseveryaccessmadeby agiveninstruction
to referto memoryon thesametile.

Thereis however a way to transformthecodeto enable
staticpromotion. Figure3(c) shows theresultof unrolling
thecodein Figure3(a)by afactorof four. Now, eachaccess
alwaysrefer to memoryon thesametile. Specifically, A[i]
alwaysrefersto tile 0, A[i+1] to tile 1, A[i+2] to tile 2, and
A[i+3] to tile 3.

The above exampleleadsus to the following intuition:
whenusinglow-orderinterleaving to lay out arrays,it may
bepossibleto unroll loopsby somefactorto staticallypro-
motethe arrayaccessesin thoseloops. Note that full un-
rolling of loopswould staticallypromoteall arrayaccesses
in the loops. However, full unrolling canbe prohibitively
expensive in termsof codesize, and it is not even possi-
ble for loopswith unknown loop bounds.Thechallengeis
to devisea methodusingpartialunrolling, whoseresulting
codesizeis independentof thedatasize,andwhich allows
the staticpromotionof referencesin loopswith unknown
loopbounds.

This section presentsmodulo unrolling, a technique
which enablesthe static promotion of all array accesses
whoseindex expressionsareaffine functionsof enclosing
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for    i    =    0   to   99  do

endfor

A[0]
A[4]
A[8]
....

A[1]
A[5]
A[9]
....

A[2]
A[6]
A[10]

....

A[3]
A[7]
A[11]
....

Tile 0 Tile 1 Tile 2 Tile 3

Unrolling
Modulo

for    i    =    0   to   99  step  4  do

endfor

A[ i  + 1] =  ....

A[ i  + 2] =  ....

A[ i  + 3] =  ....

A[ i  + 0] =  ....A[ i ] =  ...

Figure 3. Exampleof arraystaticpromotion. (a) shows theoriginal code. (b) shows thedistribution of arrayA a Raw machine
with four tiles. (c) shows thecodeafterunrolling. After unrolling,eachaccessrefersto memoryononly onetile.

loop inductionvariables.1 Affinearrayaccessesalongwith
scalarvariablesform the bulk of the accessesin dense-
matrixscientificcodes.

Modulounrolling is presentedin threeparts.Section4.1
derives expressionsfor the minimum unroll factors re-
quired. After unrolling by thosefactors,the targetedarray
referenceswill referto memoryonasingletile, but theiden-
tity of that tile may not be determinableat compile time.
Section4.3 outlinesadditional transformationswhich are
requiredin somecasesto make this tile compile-timede-
terminable.Section4.4describeshow thetile numbersand
localoffsetexpressionsareactuallydetermined.

4.1. Calculating unroll factors

Thefollowing theoremformally statestheconditionsfor
modulounrolling,andtheminimumunroll factorsrequired.

Theorem1 Consideran affine accessto a � -dimensional
array in a � -dimensionalloop nest.Let ��� betheinduction
variablefor the ����� loop dimension.Assumethearraysare
low-order interleavedon therow-majoraddress.If all loop
dimensions� ( �����! #"%$&$ �(' ) are unrolled by a factor )*�
givenby theformulabelow, or anymultiple, theneach cor-
respondingaccessin the unrolled codewill alwaysaccess
memoryon thesametile acrossiterations.

We define)+� in termsof ,-� :
,.�0/1� 243�56�879�;: <= > ?*@ 5

>
A � <BC ? >&D @FEHGJI C�K

) � / lcm(, � :ML � ) / L �
where:

1An affine function of a set of variablesis definedas a linear com-
binationof thosevariables,plus a constant.As an example,given i,j as
enclosingloop variables,A[i+2j+3][2j] is anaffine access,but A[i*j + 4]
is not.

5 > A � is coefficientof � � in the �N��� array
dimension( �O�P�Q #"%$&$ �%'R:S���T�U #"%$&$ �(' )5 > A V

D @ is constantfactor in the �R��� array
dimension( �O�P�Q #"%$&$ �%' )� is numberof tileson Rawmachine

EHGJI
>
is sizeof the �N��� arraydimension�W�P�Q X"�$#$ �Y'L � is stepsizeof loopdimension� .

Theaboveformulawasderivedby choosingto low-order
interleavethearrayon its row-majoraddress.Notethatthis
choiceis completelyindependentof thechoiceof majoror-
dering in the remainingcodegeneration. The row-major
choicein theabove is usedto partition the arrayandcom-
putationin oneparticularmanner:oncethatpartitioningis
done,any orderingcanbe usedon the resultantnew local
arrays.

Dueto lack of space,we presentthis andmostotherre-
sultsin thissectionwithoutproof. Theproofproceedsalong
thefollowing lines.First, for thegivenarrayaccess,a sym-
bolic expressionfor its row-majoraddressis written down
in termsof the loop inductionvariables. Next, we derive
the addressfor the sameaccessin the next unrolled iter-
ation by substitutingin the variableplus the unroll factor.
Thedesiredconditionof staticpromotionis that thesetwo
addressesrefer to the sametile. This will be true if the
differencebetweenthetwo expressionsis a multiple of � ,
namelythat thedifferenceis zeroin modulo � arithmetic.
It canbeshown thatthesmallestunroll factorsatisfyingthis
conditionis ,-� . )*� representsa correctionmadefor non-
unit stepsize.

NotethatTheorem1 providestheunroll factorsinduced
by a singleaccess.Theoverallunroll factorof a loop is the
lcm of the unroll factorsinducedby the differentaccesses
in theloop.

Modulounrollinghandlesarbitraryaffine functionswith
few otherrestrictions.Within its framework, it handlesim-
perfectlynestedloops,non-unit loop stepsizes,andhand-



real X[IMAX][JMAX], Y[IMAX][JMAX]

for I=2 to M-1 do
for J=2 to M-1 do

X[I][J] = 0.9 * X[I][1]
Y[I][J] = 0.9 * ((1.0 - X[I][1]) * Y[1][J] + X[I][1] * Y[M][J])

endfor

(a)

ACCESS UNROLL FACTORS
AbstractExpression Withoutpadding With padding

(JMAX = 29) (JMAX paddedto 32)Z\[ ]_^�[ `F^
Loop I acbedgfhbedUikjWl�monqpritsouwv `OxzyeZ|{~} veu�� ��jhl�m�nqpr�Ys������*dU� �_j�l�m�n�pr�%s�������d�u
LoopJ ak��dgf��cdzicjWl�m�nOprits } v `qxgy�Z|{ uwv�u6� �_j�l�m�n�pr�%s�u6�hdU� �_jWl�m�nOpr�%sMu6��dz�Z\[ ]_^�[ u ^ Loop I a b dgf b dUikjWl�monqpritsouwv `OxzyeZ|{~} veu�� ��jhl�m�nqpr�Ys������*dU� �_j�l�m�n�pr�%s�������d�u
LoopJ a � dgf � dzicjWl�m�nOprits } v `qxgy�Z|{�} v�u6� �_j�l�m�n�pr�%s } �hd�u �_jWl�m�nOpr�%s } ��d�u���Y�������&�
Loop I 8 1
LoopJ 8 8

(b)

Figure 4. Modulounrolling for codefragmentfrom Tomcatv. (a)shows thecodefragment.(b) shows theunroll factorscomputed
for two of theaccessesfor i�dU� andX andY arraysizesbeing ���P�J��� . Theunroll factorsareshown with andwithoutthepadding
optimization.Thelastrow shows theoverall unroll factorcomputedto betheLCM of all 7 accesses.

linearized multidimensionalarrays. It also handlesun-
known loop bounds,but codewith unknown lower bounds
mayrequireadditionaltransformationsasexplainedin Sec-
tion 4.3.

Bounds on unroll factors Unrolling incurs the cost in-
creasedcodesize.It canbeshown thattheunroll factor )*�
derived in Theorem1 is provably at most � , the number
of tiles. In the worst case,sinceall the � loop dimensions
maybeunrolled � ways,theoverallcodegrowth is atmost
a factorof � V . For ���0/ 2 this canbe large. In practice,
however, theoverall codegrowth is oftenlimited to � irre-
spectiveof � .
4.2. Padding Optimization

For mostof the simple index functionswhich occur in
practice,a simple optimization enablesus to restrict the
overall codegrowth. Theoptimizationarisesout of thefol-
lowing observation. It canbeshown that if the lastdimen-
sionsize EHGJI < is amultipleof thenumberof tiles � , and
theaffine functionrepresentingthelastarraydimensionin-
dex refersto at mostoneloop variable,thenat mostoneof
theloopsin theenclosingloopnestneedsto beunrolledfor
thataccess.This would imply that theoverall codegrowth
would be limited to � , irrespective of � . This leadsto the
paddingoptimization: padthe lastarraydimensionsizeto
beamultipleof � for all arrays.Thisisprofitablewhenever
thereareaccessesto thearraywhoselastdimensionreferto

at mostoneloop variable. In addition,paddingthe lastdi-
mensiongreatlysimplifiesthecodegeneration,asshown in
Section4.4.

As an exampleof how modulounrolling is usedto au-
tomaticallycomputethe unroll factors,considerFigure4.
Figure4(a) shows a codefragmentfrom Tomcatv, oneof
theSpec92benchmarks.Figure4(b) shows theunroll fac-
torscomputedusingmodulounrolling for the I  �Y'� ��W' and

I  �Y'� X"�' accesseson differentrows, for both I andJ loops.
The last row shows the overall unroll factors. The sec-
ondcolummshows theexpressionsfor unroll factorsusing
the formula in Theorem1. Assuming ��/¡  and array
sizesfor the X andY arraysbeing ¢%£\¤Q¢%£ , the third and
fourth columnsshow the unroll factorswith and without
thepaddingoptimization.In thefourth column,thelastdi-
mensionsize � EHG¥I /|¢Y£ is assumedto bepaddedto 32,
the next multiple of � . As we cansee,the unroll factors
for the I  �%'N X�W' accessfor theI andJ loopsare1 and8 af-
terpadding.They wouldhavebeenlarger(8 and8) without
padding.If theunroll factorsinducedby all theaccessesare
similarly computed(not shown), andthe LCM perdimen-
sion taken, this will yield the overall unroll factorsin the
lastrow.

In somecasesthepaddingoptimizationfailstoboundthe
overall codegrowth to � . Theseincludecaseswhich are
not simpleindex functions,aswell ascaseswheretheloop
nestcontainsmultiple simpleindex functionswhich some-
timesmayinduceunrollsondifferentloopdimensions.For
thesecases,if thecodegrowth is deemedexcessive, thear-



ray accessescansimply be executedon the dynamicnet-
work, thusavoidingany codegrowth. Thedynamicallyexe-
cutedaccesseshoweverdonot interferewith thepromotion
of otheraccesses.

4.3. Additional transformations

After thecodeis unrolledby thefactorsdictatedby The-
orem 1, all affine array accesseswill always refer to the
sametile. In additionin mostcasesafterunrolling, thetile
numbersof theaccessesarecompile-timeconstants.How-
ever, for a loop with an unknown lower boundanda non-
unit stepsize,therepeatingpatternof tile numbersmayde-
pendonthelowerbound.As anexample,considerthecode
in Figure5. Whenthe lower bound ¦9§ is 0, the tiles refer-
encedby successive accessesis 0, 2, 0, 2, ..., but if ¦9§ is
2 the patternchangesto 1, 3, 1, 3, ... . As a result,static
promotionis not possible.

for i=
�&¨

to 99 step 2 do
A[i] = ...

endfor

Figure 5. Exampleloop with unknown lower boundand
non-unitstepsize

To allow staticpromotionfor a loop with unknown loop
boundsandnon-unitstepsize,aswitchstatementis needed
in the outputcode. The switch is madeon the valueof ¦9§
mod � andhas , � / ) � cases,eachexecutingtheoriginal
loop unrolledby a factor ) � but with differentpatternsof
tile numbers.

4.4. Affine codegeneration

Once loops are unrolled and any required additional
transformationsperformed,eachaffine accesswill refer to
the sametile. This sectionoutlineshow the constanttile
numbersandtheexpressionsfor localoffsetswithin thetiles
areactuallycomputed.

Codegenerationeffectively distributesa singlearrayof©
elementsin theoriginal programacrossthe tiles, so that

eachtile hasan arrayof size ª © 2��;« . Using low-orderin-
terleaving, the tile numberof an accessis its global offset
modulo � , andthe local offset is theglobaloffsetdivided
by � . Whenthe last dimensionis padded,as is donebe-
causeof thepaddingoptimizationabove,thetile numberis
simply thelastdimensionmodulo � . In addition,thelocal
offsetis obtainedby replacingthelastdimensionindex with
theindex dividedby � .

Strip mining While this lastobservationmaybe usedto
generatecodedirectly, we automatethis processby strip

mining the last dimensionby � andstrengthreducingthe
divide operations.This processis very similar to thatused
in [2] for a differentpurpose.Strip mining replacesthelast
dimensionby itself dividedby � , andit addsanew dimen-
sion at the end with index being the original last dimen-
sion index mod � . The division expressionsarestrength
reducedin all cases,andthemod expressionsrepresenting
tile numbersarereducedto constantsusingcompilerknowl-
edgeof themodulovaluesof loopvariablescombinedwith
moduloarithmetic [2].

Startup and cleanupcode Note thatunrolling maygen-
eratecleanupcodeafter theunrolledloop if thenumberof
iterationsis not a multiple of theunroll factor. In addition,
wegeneratestartupcodewhenthelowerboundis unknown
sothatwecanstartthemainunrolledloopat thenext higher
multiple of � , thusmakingthe tile numbersknown inside
themainloop.

idiv4 = 0;
for i=0 to 99 step 4 do

A[idiv4][0] = ...
A[idiv4][1] = ...
A[idiv4][2] = ...
A[idiv4][3] = ...
idiv4++

endfor

Figure 6. Staticallypromotedcodefor examplein Fig-
ure3

Figure6 shows thefinal resultof arraystaticpromotion
ontheoriginalcodein Figure3 for afour-tile Raw machine.
The codeis first unrolledby �¬/®­ andthe last arraydi-
mensionis strip minedby �¯/|­ . Thedivision expression
is strengthreducedto thevariable’idi v4’. Thenew lastdi-
mensionin Figure6 representsthetile numbers,whichhave
beenreducedto theconstants0, 1, 2 and3. Thetile access
patternin thetransformedloopis 0,1, 2, 3,0, 1,2, 3 ... asin
theoriginal code,exceptthatnow eachaccessalwaysrefer
to thesametile. This transformedcodeis finally mappedby
thespace-timeschedulerto theRaw executable.

5. Other optimizations for array accesses

Thissectionoutlinestwo additionaloptimizationsfor ar-
rayaccessesonRaw, dependenceeliminationandarrayper-
mutationtransformation.

Dependenceelimination Dependenceedgesare intro-
ducedbetweenaccesseswhich the compilercaneitherde-
termineto be the sameor is unableto prove to be differ-
ent. UnnecessarydependenceedgesrestrictILP, sincethey
imply accesssequentializationandthusrestrictscheduling



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’s Solver
mxm Nasa7:Spec92 Fortran 64 32 ° 64,64 ° 8 2.01M Matrix Multiplication
life Rawbench C 118 32 ° 32 2.44M Conway’s Gameof Life
jacobi Rawbench C 59 32 ° 32 2.38M JacobiRelaxation

Table 1. Benchmarkcharacteristics.ColumnSeq.RT shows the run-timefor theuniprocessorcodegeneratedby theMachsuif
MIPScompiler.

freedom. For scientific codescontainingaffine array ac-
cesses,threesimplerulessuffice to disambiguatemostac-
cesseswhich canbe disambiguated.First, accessesdeter-
minedto refer to differenttiles by themethodin Section4
arealwaysmemoryindependent.Second,evenamongac-
cessesreferringto the sameprocessor, accessesbelonging
to thesameuniformly generatedsetdifferingby anon-zero
constantmustalsobe memoryindependent.2 Finally, ac-
cessesto differentun-aliasedarraysarealwaysdifferent.

Array permutation transformation Sometimesthestatic
promotiontechniquedescribedin Section4 may demand
that theouterloop in a loop nestbeunrolledandleave the
inner loop as is. This is ineffective in termsof exposing
ILP within basicblocks,becausethebasicblocksarenow
all very small. Array permutationtransformationis a so-
lution which replacesinstancesof the array inducing the
outerloopunrollsby apermutedbut otherwiseidenticalar-
ray, suchthat accessesto the arraynow induceunrolls on
inner loop. Whenall loopsin a programrequestthe same
permutation,we changethe orientationof the original ar-
ray to matchthepermutation.Whendifferentloopsrequest
conflictingpermutations,it mightbeprofitableto copy from
onepermutationarrayto anotherin betweenloops.

Array permutationis currently performedby hand in
placeswhereit is profitable. It canbe automatedby dis-
coveringrequestedpermutationsandusinga costmodelto
determinewhencopying is profitable.

6. Experimental Results

This sectionpresentssomeperformanceresultsof the
Raw compilerwhichimplementsmodulounrolling. Experi-
mentsareperformedontheRaw simulator, whichsimulates
theRaw prototypedescribedin Section2.1. A description

2Two affine arrayaccessesarein the sameuniformly generatedset if
they accessthesamearray, andtheir index expressionsdiffer by at mosta
constant.For example,A[i] andA[i+2] arein thesameuniformly gener-
atedset,but A[i] andA[i+j] arenot [1].

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
cholesky 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.Speedupcomparestherun-
time of the RAWCC-compiledcodeversusthe run-timeof
thecodegeneratedby theMachsuifMIPScompiler.

of parametersof the Raw prototype,including instruction
andcommunicationlatenciescanbefoundin [9].

The benchmarkswe selectinclude programsfrom the
Raw benchmarksuite[3], programkernelsfrom the nasa7
benchmarkof Spec92,tomcatv of Spec92,and the ker-
nel basic block which accountsfor 50% of the run-time
in fpppp of Spec92. Since the Raw prototypecurrently
doesnotsupportdouble-precisionfloatingpoint,all floating
pointoperationsin theoriginalbenchmarksareconvertedto
singleprecision.Table1 givessomebasiccharacteristicsof
thebenchmarks.

Speedup We compareresultsof the Raw compilerwith
the resultsof a MIPS compilerprovidedby Machsuif[12]
targetedfor anR2000.Table2 showsthespeedupsattained
by thebenchmarksfor Raw machinesof varioussizes.Note
thatthesespeedupsdonotmeasuretheadvantageRaw is at-
tainingovermodernarchitecturesdueto a fasterclock,nor
do they measurethe disadvantagesof single-issueversus
multiple-issue.The resultsshow that the Raw compiler is
ableto exploit ILP profitablyacrosstheRaw tiles for all the
benchmarks.Theaveragespeedupon 32 tiles is 19.7.

The speedupnumbersdemonstratethe effectivenessof
thestaticpromotion.Themodulounrolling strategy is able
to statically promoteall array accessesin theseapplica-



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 1.92 1.74 2.80 3.79 4.84
cholsky 0.88 0.92 1.31 1.82 1.78 1.75
vpenta 0.70 1.00 1.29 1.48 1.45 1.33
tomcatv 0.92 1.43 2.14 2.69 2.81 2.81
mxm 0.94 1.49 2.08 2.70 2.64 2.48
life 0.94 1.22 2.62 3.91 4.16 4.26
jacobi 0.89 1.06 1.47 2.08 2.30 2.24

Table 3. BenchmarkSpeedupundertrivial staticpromo-
tion, whereall arraysaremappedto a singletile.

tions. For someof the applicationswe achieve close to
linear speedup.Note that the speedupsare attainedfrom
sequentialcodeusingautomaticparallelization,andnot for
codetailoredto any high-performancearchitecture.

Most of thespeedupattainedcanbeattributedto theex-
ploitation of ILP, but unrolling playsa beneficiaryrole as
well. In RAWCC, unrolling speedsup a programby expos-
ing scalaroptimizationsacrossloop iterations. This latter
effect is most evident in jacobi and life, whereconsecu-
tive iterationsshareloadsto samearrayelementswhichcan
beeliminatedthroughcommonsubexpressionelimination.
The large numberof suchsharedreferencesin jacobi ex-
plainswhy it achievessuper-linearspeedup.For mostother
applications,this sharedeffectwaslesssignificant.

Table3 shows thespeedupof theapplicationsusingthe
trivial staticpromotiontechniqueof mappingall arraysto
a singletile. The resultingspeedupsno longerscaleto 32
tiles. Mappingall thememoryto onetile limits thememory
bandwidth,createsa communicationhotspot,andprevents
locality of accesswhile exploiting ILP. In contrast,intelli-
gentstaticpromotionusingmodulounrolling do not suffer
from any of thesedefects.

Table4 shows thecodegrowth factorfor all thebench-
marksusingmodulounrolling andusingfull unrolling on
an eight-tile machine. The codegrowth factor is the ra-
tio of the codesize after the given transformationto the
original codesize. The codesizesare collectedin terms
of intermediateinstructionsof the SUIF intermediatefor-
mat. For fppp-kernel,the codedoesnot grow for because
it hasno arrayaccessesandno loops. For six out of eight
benchmarks,the codegrowth factor for modulounrolling
(with padding)is eithercloseto or lessthanthenumberof
tiles ( �±/²  ). As observedin Section4.1, theoverall un-
roll factorsfor mostcommonlyoccurringaffine accesses,
namelythosewith simple index expressions,arebounded
by � . Thetwo exceptions,mxmandbtrix, havelargercode
growth becauseof theexceptionnotedin Section4.2.They
containmultiple simple index functionsin the sameloop
which induceunrollson differentloop dimensions.Never-
theless,the codegrowth in all casesis muchlessthanfor

Benchmark Codegrowth factor
Modulounrolling Full unrolling

fppp-kernel 1.0 1.0
btrix 15.3 5868.9
cholesky 8.6 1894.3
vpenta 7.2 367.3
tomcatv 9.8 331.0
mxm 28.1 1389.3
life 10.2 633.6
jacobi 8.1 512.6

Table 4. Codegrowth factorof benchmarksusingmod-
ulo unrolling andusingfull unrolling on 8 processors.For
most, the code is about 8 times larger with modulo un-
rolling. Codegrowth will increasefurther with datasize
for full unrolling,but not for modulounrolling.

full unrolling,a naive alternativeapproachto staticpromo-
tionof accessestodistributedmemory. Evenwhenpossible,
the full unrolling factorsincreasewith datasize,while the
modulounrolling factorsdo not.

7. RelatedWork

Memorybankdisambiguationwasintroducedby Ellis in
the Bulldog Compiler[6] targetinga point-to-pointVLIW
machine. For suchVLIWs, he shows that successfuldis-
ambiguationmeansthatanaccesscanbeexecutedthrough
a fast“front door” to a memorybank,while anunsuccess-
ful accessmustbesentoveraslower“backdoor.” However,
mostVLIWs todayuseglobalbusesfor communication,not
a point-to-pointnetwork. VLIW machinesof variousde-
greesof scalabilityhavebeenproposed,rangingfrom com-
pletely centralizedmachinesto machineswith distributed
functionalunits, registerfiles, andmemory[10]. The lack
of point-to-point VLIWs seemsto explain the dearthof
work on memorybank disambiguationfor compiling for
VLIWs.

The modulounrolling schemewe proposeis a descen-
dantof a simpletechniquepresentedby Ellis [6]. He ob-
servesthatunrolling cansometimeshelpdisambiguateac-
cesses,but he doesnot attemptto formalize the observa-
tion or proposean algorithm. Instead,his techniqueis re-
strictedto certainarrayaccesseswhichmustbeuseridenti-
fied,andherelieson userannotationsto provide theunroll
factorsneededfor disambiguation.In contrast,wepresenta
fully automatedandformalizedtechniquefor densematrix
codes.This involvesa theoryto predict the unroll factors
requiredfor affinefunctionaccessesalongwith amethodto
automaticallygeneratecodein which theprocessornumber
for eacharrayaccessis known.

A different type of memorydisambiguationis relevant
on the more typical bus-basedVLIW machinessuch as



the Multiflow Trace [10]. Relative memorydisambigua-
tion [10] aimsto discover if two memoryaccesscanrefer
to the samememorylocation. Successfuldisambiguation
implies that accessescan be executedin parallel. Hence,
relative memorydisambiguationis moreclosely linked to
dependenceand pointer analysistechniquesthan to static
promotion.

Loop unrolling hasbeenappliedfor otherpurposesby
researchers.Sometechniquesfor softwarepipeline[8] uses
symbolic loop unrolling internally to decidethe software
pipelineschedule.Unrolling hasbeenstudiedasa method
to increaseILP by Weiss[14] andDavidson[5]. Loop un-
rolling is typically combinedwith registerrenaming[11, 7]
to increaseILP furtherby removing anti andoutputdepen-
dences.While RAWCC usesunrolling primarily for static
promotion, it neverthelessobtains the benefit of the in-
creasedILP as well. We have implementedrenamingin
our compilerusingconventionaltechniquesto fully exploit
thebenefitsof unrolling.

8. Conclusions

This paperpresentsmodulo unrolling, a techniquefor
performing memory bank disambiguationof array refer-
encesat compile-time.Ona Raw machine,wherethecom-
municationchannelsbetweenthe memorybanksand the
processorsareexposedto the compiler, the techniquehas
allowedtheRaw compilerto managethememoryresources
staticallyandefficiently for densematrix application.

This papershows thatmodulounrolling performsstatic
promotionby unrolling loopsby a small factor, usuallyno
more than the amountwhich is neededto exposeenough
parallelismto theavailableprocessors.In additionto static
promotion,modulounrolling hastwo otherbenefits.First,
it enablesfull exploitationof thebandwidthof themachine.
Second,it increasespartsof programswhich we canstat-
ically analyze,which in turn enablesthe compiler to or-
chestratesignificantamountof ILP. For a setof scientific
densematrix applications,the techniquehasenabledthe
Raw compiler to extract instructionlevel parallelismscal-
ablewith thenumberof processors.

References

[1] A. Agarwal, D. Kranz,andV. Natarajan.AutomaticParti-
tioning of Parallel Loopsfor Cache-CoherentMultiproces-
sors. In 22nd International Conferenceon Parallel Pro-
cessing, St. Charles,IL, August1993.IEEE. Also in IEEE
Transactionson ParallelandDistributedSystems,vol 6, pp
943-961,September1995.

[2] S. Amarasinghe.ParallelizingCompilerTechniquesBased
on LinearInequalities.In Ph.DThesis,Stanford University.
Alsoappears asTechical ReportCSL-TR-97-714, Jan1997.

[3] J.Babb,M. Frank,V. Lee,E.Waingold,R.Barua,M. Taylor,
J. Kim, S. Devabhaktuni,andA. Agarwal. Theraw bench-
mark suite: Computationstructuresfor generalpurpose
computing. In IEEE Symposiumon Field-Programmable
CustomComputingMachines, NapaValley, CA, Apr. 1997.

[4] R. Barua,W. Lee,S.Amarasinghe,andA. Agarwal. Maps:
A Compiler-ManagedMemory Systemfor Raw Machines.
Technicalreport,M.I.T. LCS-TM-583,July1998.

[5] J. Davidson and S. Jinturkar. Improving Instruction-level
Parallelismby Loop Unrolling andDynamicMemory Dis-
ambiguation. In Proceedingsof the 28th Annual Interna-
tional Symposiumon Microarchitecture, Ann Arbor, MI,
November1995.IEEE ComputerSociety.

[6] J. R. Ellis. Bulldog: A Compilerfor VLIW Architectures.
In Ph.DThesis,YaleUniversity, 1985.

[7] D. J. Kuck, R. H. Kuhn, D. A. Padua,B. Leasure,and
M. Wolfe. DependenceGraphsand Compiler Optimiza-
tions. In Proceedingsof theACM Symposiumon Principles
of ProgrammingLanguages, Jan1981.

[8] M. S. Lam. SoftwarePipelining: An Effective Scheduling
Techniquefor VLIW Machines.In Proc.Int’l Conf. onPro-
grammingLanguage Design and Implementation(PLDI),
pages318–328,June1988.

[9] W. Lee,R.Barua,D. Srikrishna,J.Babb,V. Sarkar, S.Ama-
rasinghe,and A. Agarwal. Space-Time Schedulingof
Instruction-Level Parallelismon a Raw Machine. In Pro-
ceedingsof the Eighth InternationalConferenceon Archi-
tectural Supportfor ProgrammingLanguagesand Operat-
ing Systems, SanJose,California,October1998.

[10] P. Lowney, S. Freudenberger, T. Karzes,W. Lichtenstein,
R. Nix, J. O’Donnell, and J. Ruttenberg. The Multiflow
TraceSchedulingCompiler. In Journal of Supercomputing,
pages51–142,Jan.1993.

[11] S.A. Mahlke,W. Y. Chen,J.Gyllenhaal,andW. Hwu. Com-
piler Code Transformationsfor Superscalar-BasedHigh-
PerformanceSystems. Proceedingsof Supercomputing,
1992.

[12] M. D. Smith. Extendingsuif for machine-dependentopti-
mizations.In Proceedingsof theFirstSUIFCompilerWork-
shop, pages14–25,Stanford,CA, Jan.1996.

[13] E. Waingold,M. Taylor, V. Sarkar, W. Lee,V. Lee,J. Kim,
M. Frank, P. Finch, S. Devabhaktuni,R. Barua, J. Babb,
S.Amarasinghe,andA. Agarwal. BaringIt All to Software:
TheRAW Machine.IEEEComputer, September1997.Also
asMIT-LCS-TR-709.

[14] S. Weiss and J. E. Smith. A Study of ScalarCompila-
tion Techniquesfor PipelinedSupercomputers.In Proceed-
ings of the SecondInternational Conferenceon Architec-
tural Supportfor ProgrammingLanguages and Operating
Systems, PaloAlto, CA, October1987.

[15] R. Wilson,R. French,C. Wilson,S.Amarasinghe,J.Ander-
son,S.Tjiang,S.Liao, C.-W. Tseng,M. Hall, M. Lam,and
J.Hennessy. SUIF:An Infrastructurefor ResearchonParal-
lelizingandOptimizingCompilers.ACMSIGPLANNotices,
29(12),Dec.1996.


