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Abstract

This paper presentamodulounrolling, a codetransfor
mation techniquefor enablingarray refeencesto be ac-
cessedhroughthefaststaticnetworkona Rawmadine A
Rawmadinecompriseof a meshof simple replicatedtiles
connectedby an interconnectwhich supportsfast, static
nearneighbor communication. Like all other resouces,
memoryis distributedacrossthetiles. Managementof the
memorycan be performedby well knowntechniqueswhich
geneate the requisitecommunicatiorcode on distributed
address-spacarchitectuies. On the other hand, the fast,
staticnetworkprovidesthe compilerwith a simpleinterface
to optimizesuch communication.This paperaddresseshe
problemof taking advantage of suc staticcommunication
for memoryaccesses.Therequirementfor static memory
communicatioris the compile-timeknowledg of the exact
communicatiorrequired for eadh memoryrefeence This
knowledg;, in turn, canbe obtainedif a memoryreference
refersexclusivelyto memoryresidingona singleprocessing
tile. We introducemodulounrolling as a techniquewhich
allows the static communicatiorof a large classof array
accesses\We showhowthis techniqueachievesthe goal of
staticcommunicatiorby usinga relativelysmallunroll fac-
tor. For a setof densematrix scientificapplications weare
ableto accesall thearrayrefelencesonthestaticnetwork,
enablingscalablespeedupsnthe RAN madine

1. Intr oduction

Architectures of modern microprocessorshave at-
temptedto increaseperformanceby aggressiely exploit-
ing instruction-level parallelism(ILP). Yetdesigningatruly
scalablearchitectureo exploit ILP hasprovedelusie. In-
creasingparallelismplacesincreasingpressureon required
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registerfile and memorybandwidth. Multi-ported register
files and memoriesare only partial solutionsbecausehey
do notscale.Currentdesignshave exploredcomplex mem-
ory systemswith several memory banks connectedwith
global buses,with arbitration performedby complex and
non-scalablénardwarelogic. Run-timecostfor this com-
plexity is paid even when exact compile-time prediction
of memorylocationsaccesseib possible.Multiprocessors
providetruly distributedresourceshut they incur very high
communicatiorcosts restrictingthemto exploiting coarse-
grainedparallelismonly.

The Rav maching[13] aimsto provide truly distributed
resourcesat communicationcostslow enoughto exploit
ILP. It distributesthe register files, memoriesand ALUs
acrossatwo dimensionameshof identicaltiles, andit sup-
portssingle-g/cle nearneighborcommunicatiorthrougha
programmable software-controlledstatic network. Dis-
tributed memory provides scalable memory bandwidth,
with fastaccessto memoriesof remotetiles throughthe
staticnetwork. A slower dynamicnetwork providesmech-
anismfor compilerunanalyzabl@ccesses.

The useof a software-controlledstatic network to con-
nectthe distributed memoryon Rawv opensup new chal-
lengesand opportunitiesfor the compiler A major new
taskof the compileris to predictthe locationsof memory
accesseslf the compilercanpredictwhich tile a memory
accesgefersto, thenthe accesscan be madeon the fast
staticnetwork. This processs termedstaticpromotion For
fallback,accessewhich cannotbe staticallypromotedare
madeon the slower dynamicnetwork. Thelargerthe class
of accessewhich canbe staticallypromotedthe betterthe
performancevill be.

This paperpresentamodulo unrolling, a codetransfor
mationtechniquefor the staticpromotionof alarge classof
arrayreferencesThis techniquds applicablefor arrayac-
cessehaving indiceswhich areaffine functionsof enclos-
ing loop inductionvariables. Theseaccesseare common
in scientificcodes,animportantclassof applications.We
also presentsupportingmemory-systenoptimizationsfor



scientificcode. Thetechniqgueave beenimplementedn
RAWCC, the Raw parallelizingcompiler We presentper
formanceresultsof this compiler We have alsodeveloped
stratgiesto efficiently compiledynamicaccessesn Raw,
but they arebeyondthe scopeof 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 accessedy a referenceat compile-time.
Static promotionrefersto the enablingtechniquesuchas
intelligentdatalayoutandcodetransformatiorwhich make
memorydisambiguatiorpossible.

The problem of memory back disambiguationcan be
madetrivial by placingall dataon oneprocessarHowever
this approachsequentializesll the accesseto thatproces-
sor, createsa network hot-spot,and wastesparallel band-
width to the distributed memorysystem. In contrast,our
techniqueallows static promotionto be performedon dis-
tributedobjects,enablingthe concurrentaccesseto differ-
entmemorybanksandthe full utilization of memoryband-
width.

The restof the paperis organizedasfollows. Section2
gives an overview of the Raw architectureand compilet

Section3 overviews staticpromotionon Raw architectures.

Section4 describeamodulo unrolling, a static promotion
stratgyy for arrays.Section5 describeotheroptimizations
for array accesse®n Rawv. Section6 presentssomeex-

perimentalresults. Section7 describegelatedwork, while

Section8 concludes.

2. Overview of the Raw System

This sectiongivesanoverview of theRaw systemwhich
includesthe architectureandthe compilet

2.1 Raw Ar chitecture

The Raw architecture[13] is a simple, distributed,
software-exposedarchitecturemotivated by the desireto

scaleandmaximizetheamountof computationatesources.

Figure 1 depictsthe layout of a Rav microprocessorThe
designfeaturesa two-dimensionaimeshof identicaltiles,

with eachtile having its own instruction stream,register
file, memory ALU, andswitch. Eachprocessoion a tile

is asimple,RISC pipeline. The switchesimplementbotha
staticnetwork andadynamicnetwork. Thestaticnetworkiis

underthecontrolof theinstructionstream®nthe switches,
while the dynamicnetwork routesmessagesorventionally
by readingtheheaderof messages.

The featuresmentionedresult in a designwhose re-
sourcescan scaleeasily They also enablea fast clock,
sincethereis no comple logic andno wire is longerthan
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Figure 1. A Raw microprocessois a meshof tiles, each
with a processoanda switch. The processorcontainsin-
structionmemory datamemory registers,and ALU. The
switch containgts own instructionmemory

theintertile distance.Static network routing andregister
level acces®nablefastcommunicationwith thelateng of
communicatiorbetweenneighboringtiles beingaslow as
two cycles. Suchlow lateng allows exploitation of fine-
grainedILP. This contrastawith multiprocessorsvhich are
restrictedto coarse-grairparallelismdue to much larger
network latencies.This architecturas fully exposedto the
compiler, which throughsophisticatedanalysis,is able to
extractandschedulea very high degreeof instructionlevel
parallelismfrom ordinarysequentiaprograms.

2.2 The Raw compiler

Figure 2 outlines the structure of RAWCC, the Raw
compilerimplementedusingthe SUIF compilerinfrastruc-
ture[15]. RAWCC acceptsequentialC or FORTRAN pro-
gramsand automaticallyparallelizesthemfor a Rav ma-
chine. The compiler consistsof two main phases,the
compilermanagednemorysystemcalledMaps[4] andthe
space-timescheduler Mapsusesthe information provided
by pointerand array analysisto perform static promotion
andtransformationselatedto dynamicaccessesThis pa-
perfocuseson modulounrolling, onemethodof staticpro-
motion usedin Maps. An overview of the completesys-
temcanbefoundin [4]. Thespace-timeschedulef9] par
allelizeseachbasicblock of the programacrossthe pro-
cessorspbeying dependencandserializatiorrequirements
specifiedoy Maps.

3. Static Promotion

The static network hasno pacletization,dynamicrout-
ing, or demultiplexing overheadand can communication
valuesbhetweenneighboringtiles in aslow astwo cycles.
It canbe invoked whenthe sourceandthe destinatiorof a
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Figure 2. Structureof Rav compiler

messagare known at compile-time. To employ the static
network to communicatea memory referencevalue, the
compilermustbeableto determinghatthereferencaefers
exclusively to memoryon a single, statically-knavn tile.
This propertyof the memoryreferenceis calledthe static
residenceproperty, andreferencesatisfyingthis property
arestaticrefelences Referencesvhich do not satisfythis
property are dynamicrefeiences 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 datato tiles and code transformation. This section
overviewsthestaticpromotionstratey for scalarandarray
accessesn Raw.

Scalar Static Promotion Scalarvariablesareassignedo
hometile locations. Direct accesse$o thesevariablessat-
isfy the staticresidencepropertytrivially, andthey canbe
staticallypromoted.Indirectaccessethroughpointerscan-
not be promotedunlessevery value accessedby a pointer
resideson the sameprocessarCurrently RAwWcCC doesnot
promotethesdndirectaccessesRointeranalysisandproper
mappingof scalarsto hometile locationscanenablesuch
promotion,but they arebeyondthe scopeof this paper

Array Static Promotion Thecriteriafor choiceof agood
datalayout for arraysare asfollows. A gooddatalayout
schemeshouldbe amenabléo easystaticpromotionacross
awide rangeof possibleaccesseto thatdata. In addition,
it must place datacorrespondingo accesse$aving high
temporallocality onto differenttiles, so that the accesses
canoccurin parallel.Finally, it shouldattemptto maximize
datalocality, in that accesseare allocatedcloseto where
they aremostoftenrequiredby the space-timescheduler
Basedon thesecriteria, arraysare uniformly laid outin
alow-order interleavedmanner In low-orderinterleaving,

consecutie elementof thedatastructureareinterleavedin
around-robirmanneiacrossuccessietilesin theRawv ma-
chine.Thelow orderbits of theaddresspecifythetile loca-
tion of thememory This layoutis desirablesincespatially
closearrayaccessesuchasA[i] andA[i+1], arealsooften
temporallyclose. Low-orderinterleaving placestheseon
differenttiles, thusallowing ILP parallelismbetweertheir
accessesFor certainprograms,one canemploy moretai-
lored layouts,but thatwould destrg the uniformity which
makesmemorydisambiguatiorandstaticpromotionpossi-
ble without extensiveinter-procedurabhnalysis.

Giventhis distribution of arraydata,staticpromotionof
mary array accessesanbe achieved throughmoduloun-
rolling. Thenext sectionpresentshis techniquen detail.

4. Modulo Unrolling

This sectiondescribesnodulounrolling, atechniqueor
the staticpromotionof acommonclasse®f arrayaccesses.
As amotivating example,considerthe codein Figure 3(a).
Using low-orderinterleaving for a Rav machinewith four
tiles,thedatalayoutof A isasshovnin Figure3(b),i.e., ary
elementA[i] is storedon thetile given by the array offset
modulothe numberof tiles(/V), which equalsi modulo4.
In the loop, successie Ali] accesseseferto memoryon
tile 0,1, 2,3,0,1, 2,3... . Theedgesout of the tiles
in Figure 3(b) point to the programaccessesvhich refer
to thattile. As we cansee,the Afi] accessn Figure 3(a)
refersto memoryon all four tiles. Hencethe accessannot
be executedon the static network, becausestatic network
executionrequiresevery accessnadeby a giveninstruction
to referto memoryon the sametile.

Thereis however a way to transformthe codeto enable
staticpromotion. Figure 3(c) shows the resultof unrolling
thecodein Figure3(a)by afactorof four. Now, eachaccess
alwaysreferto memoryon the sametile. Specifically A[i]
alwaysrefersto tile 0, Afi+1] totile 1, A[i+2] totile 2, and
Ali+3] to tile 3.

The above exampleleadsus to the following intuition:
whenusinglow-orderinterleaving to lay out arrays,it may
be possibleto unroll loopsby somefactorto staticallypro-
motethe array accessem thoseloops. Note that full un-
rolling of loopswould staticallypromoteall arrayaccesses
in the loops. However, full unrolling canbe prohibitively
expensve in termsof codesize,andit is not even possi-
ble for loopswith unknavn loop bounds.The challengeis
to devise a methodusingpartialunrolling, whoseresulting
codesizeis independendf the datasize,andwhich allows
the static promotionof referencesn loopswith unknowvn
loop bounds.

This section presentsmodulo unrolling, a technique
which enablesthe static promotion of all array accesses
whoseindex expressionsare affine functionsof enclosing
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Figure 3. Exampleof arraystaticpromotion. (a) shavs the original code. (b) shawvs the distribution of arrayA a Rav machine
with four tiles. (¢) shavs the codeafterunrolling. After unrolling, eachaccessefersto memoryon only onetile.

loopinductionvariables?! Affine arrayaccessealongwith
scalarvariablesform the bulk of the accessedén dense-
matrix scientificcodes.

Modulo unrollingis presentedn threeparts.Sectiord.1
derives expressionsfor the minimum unroll factors re-
quired. After unrolling by thosefactors,the targetedarray
referencesvill referto memoryonasingletile, buttheiden-
tity of thattile may not be determinableat compile time.
Section4.3 outlines additional transformationsvhich are
requiredin somecasego make this tile compile-timede-
terminable.Section4.4 describedow thetile numbersand
local offsetexpressionsreactuallydetermined.

4.1 Calculating unroll factors

Thefollowing theorenformally stateghe conditionsfor
modulounrolling, andtheminimumunroll factorsrequired.

Theorem1 Consideran affine accesgo a d-dimensional
arrayin a k-dimensionaloop nest.Letv; betheinduction
variablefor the j** loop dimension Assumehearraysare
low-orderinterleavedon therow-majoraddress.If all loop
dimensionsj (Vj € [1..k] ) are unrolled by a factor U;
givenbytheformulabelow or any multiple, thenead cor-
respondingaccessn the unrolled codewill alwaysaccess
memoryon the sametile acrossiterations.

We defineU; in termsof D;:

d d
D;j=N [ ged (N, > cij [[ MAX)
i=1 1=i+1
U]‘ = Icm(Dj, Sj) / S;
whee:

1An affine function of a setof variablesis definedas a linear com-
bination of thosevariables,plus a constant. As an example,giveni,j as
enclosingloop variables A[i+2j+3][2]] is anaffine accessbut A[i*j + 4]
is not.

¢;,; is coeficientof v; in theith array
dimension(Vi € [1..d],Vj € [1..k])
¢i k+1 1S constantfactorin theit® array
dimension(Vi € [1..d] )
N is numberof tiles on Rawmadine
M AX; is sizeof theit" array dimensiorvi € [1..d]
s; is stepsizeof loop dimensiory.

Theaboveformulawasderivedby choosingo low-order
interleave thearrayonits row-majoraddressNotethatthis
choiceis completelyindependenof the choiceof majoror-
dering in the remainingcode generation. The row-major
choicein the above is usedto partitionthe arrayandcom-
putationin one particularmanner:oncethat partitioningis
done,ary orderingcanbe usedon the resultantnew local
arrays.

Dueto lack of spacewe presenthis andmostotherre-
sultsin thissectionwithoutproof. Theproofproceedslong
thefollowing lines. First, for the givenarrayaccessa sym-
bolic expressiorfor its row-major addresss written down
in termsof the loop induction variables. Next, we derive
the addresdor the sameaccessn the next unrolled iter-
ation by substitutingin the variableplus the unroll factot
The desiredconditionof staticpromotionis that thesetwo
addressesefer to the sametile. This will be trueif the
differencebetweerthe two expressionss a multiple of N,
namelythatthe differenceis zeroin modulo N arithmetic.
It canbeshowvn thatthesmallesunroll factorsatisfyingthis
conditionis D;. U; represents correctionmadefor non-
unit stepsize.

Notethat Theoreml providesthe unroll factorsinduced
by asingleaccessTheoverallunroll factorof aloopis the
Icm of the unroll factorsinducedby the differentaccesses
in theloop.

Modulo unrolling handlesarbitraryaffine functionswith
few otherrestrictions.Within its framework, it handlesm-
perfectlynestedoops, non-unitloop stepsizes,and hand-



real X[ I MAX] [ IMAX],
for 1=2 to M1 do

for J=2 to M1 do

X11[J] =0.9 * X I1]1[1]

Y[ I MAX] [ IVAX]

YOIT[I] = 0.9 * ((1.0 - X{I][1]) * Y[1][J]

+ X101 YIM[J])

endf or
ACCESS UNROLL FACTORS
AbstractExpression Without padding With padding
(JMAX =29) (JMAX paddedo 32)
X[][J] Loopl Dy =U; =N/ged(N,1« JMAX +0x%1) | 8/ gcd(8,29) =8 8/gcd(8,32) =1
Loopd | Dy =U; = N/gced(N,0%« JMAX +1%1) 8/gcd(8,1) =8 8/gcd(8,1) =8
X[I[1] Loopl Dr =Ur =N/gcd(N,1 %« JMAX +0%1) | 8/gcd(8,29) =8 8/gcd(8,32) =1
Loopd | D; =U; = N/ged(N,0%« JMAX +0%1) | 8/ged(8,0) =1 8/gcd(8,0) =1
Qverall Loopl 8 1
LoopJ 8 8

Figure 4. Modulounrolling for codefragmentfrom Tomcatv (a) shavs the codefragment.(b) shavs theunroll factorscomputed
for two of theaccessefor N = 8 andX andY arraysizesbeing29 x 29. Theunroll factorsareshavn with andwithoutthepadding
optimization.Thelastrow shavs the overall unroll factorcomputedo bethe LCM of all 7 accesses.

linearized multidimensionalarrays. It also handlesun-
known loop bounds but codewith unknavn lower bounds
mayrequireadditionaltransformationsisexplainedin Sec-
tion 4.3.

Bounds on unroll factors Unrolling incursthe costin-
creasedodesize. It canbe shavn thatthe unroll factorU;
derivedin Theorem1 is provably at most N, the number
of tiles. In the worst case sinceall the k& loop dimensions
maybeunrolled N ways,theoverallcodegrowth is atmost
afactorof N*. For k >=2 this canbelarge. In practice,
however, theoverall codegrowth is oftenlimited to IV irre-
spectve of k.

4.2 Padding Optimization

For mostof the simpleindex functionswhich occurin
practice,a simple optimization enablesus to restrict the
overall codegrowth. The optimizationarisesout of thefol-
lowing obsenation. It canbe showvn thatif thelastdimen-
sionsize M A X ; is amultiple of thenumberof tiles NV, and
theaffine functionrepresentinghelastarraydimensionin-
dex refersto at mostoneloop variable thenat mostoneof
theloopsin theenclosingoop nestneedso be unrolledfor
thataccessThis would imply thatthe overall codegrowth
would belimited to N, irrespectve of k. This leadsto the
paddingoptimization padthe lastarraydimensionsizeto
beamultipleof N for all arrays.Thisis profitablewheneser
thereareaccesse® thearraywhoselastdimensiorreferto

atmostoneloop variable. In addition, paddingthe last di-
mensiongreatlysimplifiesthe codegenerationasshavn in
Section4.4.

As an exampleof how modulounrolling is usedto au-
tomatically computethe unroll factors,considerFigure 4.
Figure 4(a) shavs a codefragmentfrom Tomcaty one of
the Spec92benchmarksFigure4(b) shavs the unroll fac-
tors computedusingmodulounrolling for the X [I][J] and
X [I][1] accessesn differentrows, for both | andJ loops.
The last row shows the overall unroll factors. The sec-
ond colummshaws the expressiongor unroll factorsusing
the formulain Theorem1. AssumingN = 8 and array
sizesfor the X andY arraysbeing29 x 29, the third and
fourth columnsshow the unroll factorswith and without
the paddingoptimization.In the fourth column,thelastdi-
mensiorsizeJ M AX = 29 is assumedo be paddedo 32,
the next multiple of N. As we cansee,the unroll factors
for the X [I][J] accesdor thel andJloopsarel and8 af-
ter padding.They would have beenlarger (8 and8) without
padding.If theunroll factorsinducedby all theaccesseare
similarly computed(not shawvn), andthe LCM perdimen-
sion taken, this will yield the overall unroll factorsin the
lastrow.

In somecaseshepaddingoptimizationfailsto boundthe
overall codegrowth to N. Theseinclude caseswhich are
not simpleindex functions,aswell ascasesvheretheloop
nestcontainsmultiple simpleindex functionswhich some-
timesmayinduceunrollson differentloop dimensionsFor
thesecasesif the codegrowth is deemedexcessve, thear-



ray accessesan simply be executedon the dynamicnet-
work, thusavoidingary codegrowth. Thedynamicallyexe-
cutedaccessebowever do notinterferewith the promotion
of otheraccesses.

4.3. Additional transformations

After thecodeis unrolledby thefactorsdictatedby The-
orem 1, all affine array accessesvill always refer to the
sametile. In additionin mostcasesafterunrolling, thetile
numbersof the accesseare compile-timeconstants How-
ever, for a loop with an unknovn lower boundanda non-
unit stepsize,therepeatingpatternof tile numberamayde-
pendonthelowerbound.As anexample,considethecode
in Figure5. Whenthelower boundib is 0, thetiles refer
encedby successie accessess 0, 2, 0, 2, ..., butif b is
2 the patternchangedo 1, 3, 1, 3, ... . As aresult, static
promotionis not possible.

for i=lbto 99 step 2 do
Ali] = ...

endf or

Figure 5. Exampleloop with unknavn lower boundand
non-unitstepsize

To allow staticpromotionfor aloop with unknaovn loop
boundsandnon-unitstepsize,a switch statemenis needed
in the outputcode. The switchis madeon the valueof 1b
mod N andhasD; / U; casesgachexecutingthe original
loop unrolledby a factorU; but with differentpatternsof
tile numbers.

4.4. Affine codegeneration

Once loops are unrolled and any required additional
transformationperformed,eachaffine acceswill referto
the sametile. This sectionoutlineshow the constanttile
numbersandtheexpressiongor local offsetswithin thetiles
areactuallycomputed.

Codegeneratioreffectively distributesa single array of
S elementdn the original programacrosghetiles, sothat
eachtile hasanarrayof size [S/N]. Usinglow-orderin-
terleaving, the tile numberof an accessds its global offset
modulo NV, andthelocal offsetis the global offset divided
by N. Whenthe last dimensionis paddedasis donebe-
causeof the paddingoptimizationabove, thetile numberis
simply the lastdimensionmodulo V. In addition,thelocal
offsetis obtainedby replacingthelastdimensiorindex with
theindex dividedby N.

Strip mining While this last obsenation may be usedto
generatecodedirectly, we automatethis processby strip

mining the lastdimensionby N andstrengthreducingthe
divide operations.This processs very similar to thatused
in [2] for a differentpurpose Strip mining replaceghelast
dimensiorby itself dividedby N, andit addsa new dimen-
sion at the end with index being the original last dimen-
sionindex nod N. The division expressionsare strength
reducedn all casesandthe nod expressionsepresenting
tile numbersarereducedo constantsisingcompilerknowl-
edgeof themodulovaluesof loop variablescombinedwith
moduloarithmetic [2].

Startup and cleanupcode Note thatunrolling may gen-
eratecleanupcodeafterthe unrolledloop if the numberof
iterationsis not a multiple of the unroll factor In addition,
we generatestartupcodewhenthelower boundis unknown
sothatwe canstartthemainunrolledloop atthenext higher
multiple of vV, thusmakingthetile numbersknown inside
themainloop.

idivd = 0;
for i=0 to 99
Alidiva][0]
Alidiva][1]
Alidiva][2]
Alidiva][3]
idiva++
endf or

n
—
0]
© o
I
Q.
o

Figure 6. Staticallypromotedcodefor examplein Fig-
ure3

Figure 6 shaws the final resultof arraystaticpromotion
ontheoriginal codein Figure3 for afour-tile Rav machine.
The codeis first unrolledby N = 4 andthe lastarraydi-
mensionis strip minedby N = 4. Thedivision expression
is strengthreducedo thevariable’idiv4’. Thenew lastdi-
mensionin Figure6 representthetile numberswhich have
beenreducedo the constant®, 1, 2 and3. Thetile access
patternin thetransformedoopis 0,1, 2,3,0,1,2,3... asin
the original code,exceptthatnow eachaccessalwaysrefer
tothesametile. Thistransformedodeis finally mappedy
thespace-timescheduleto the Rav executable.

5. Other optimizations for array accesses

This sectionoutlinestwo additionaloptimizationgor ar
ray accessesnRaw, dependenceliminationandarrayper
mutationtransformation.

Dependenceelimination Dependencesdgesare intro-
ducedbetweenaccesses/hich the compilercaneitherde-
termineto be the sameor is unableto prove to be differ-
ent. UnnecessargependencedgegestrictILP, sincethey
imply accessequentializatiomndthusrestrictscheduling



Benchmark | Source Lang. Lines Primary | Seq.RT | Description

of code Array size | (cycles)
fpppp-kernel | Spec92 Fortran 735 - 8.98K | Electronintenal Derivatives
btrix Nasa7:Spec97 Fortran 236 | 15x15x15x5 287M | VectorizedBlock Tri-DiagonalSolver
cholesky Nasa7:Spec92 Fortran 126 3x32x 32 34.3M | Cholesly Decomposition/Substitution
vpenta Nasa7:Spec92 Fortran 157 32x32 21.0M | Inverts3 PentadiagonalSimultaneously
tomcatv Spec92 Fortran 254 32x32 78.4M | MeshGeneratiorwith Thompsons Solver
mxm Nasa7:Spec92 Fortran 64 | 32x64,64x8 2.01M | Matrix Multiplication
life Ravbench C 118 32x32 2.44M | Conway’'s Gameof Life
jacobi Rawvbench Cc 59 32x32 2.38M | JacobiRelaxation

Table 1. BenchmarkcharacteristicsColumnSeq. RT shawvs the run-timefor the uniprocessocodegeneratedy the Machsuif

MIPS compiler

freedom. For scientific codescontainingaffine array ac-
cessesthreesimplerulessufiice to disambiguatenostac-
cessewhich canbe disambiguated First, accessesdeter

minedto referto differenttiles by the methodin Section4

arealwaysmemoryindependentSecondgven amongac-
cesseseferringto the sameprocessqraccessebelonging
to the sameuniformly generatedetdiffering by anon-zero
constantmustalsobe memoryindependent? Finally, ac-
cesseso differentun-aliasedarraysarealwaysdifferent.

Array permutation transformation Sometimeshestatic
promotiontechniquedescribedin Section4 may demand
thatthe outerloop in aloop nestbe unrolledandleave the

innerloop asis. This is ineffective in termsof exposing
ILP within basicblocks, becausehe basicblocksarenow

all very small. Array permutationtransformationis a so-

lution which replacesinstancesof the array inducing the

outerloop unrollsby a permutedbut otherwiseidenticalar-

ray, suchthat accesseto the array now induceunrolls on

innerloop. Whenall loopsin a programrequesthe same
permutation,we changethe orientationof the original ar

ray to matchthe permutation Whendifferentloopsrequest
conflictingpermutationsit mightbeprofitableto copy from

onepermutatiorarrayto anotherin betweeroops.

Array permutationis currently performedby handin
placeswhereit is profitable. It canbe automatedoy dis-
coveringrequestegermutationandusinga costmodelto
determinevhencopying is profitable.

6. Experimental Results

This sectionpresentssome performanceresultsof the
Raw compilerwhichimplementsnodulounrolling. Experi-
mentsareperformedonthe Rav simulator which simulates
the Raw prototypedescribedn Section2.1. A description

2Two affine arrayaccessearein the sameuniformly generatedsetif
they accesghe samearray andtheirindex expressiondgliffer by at mosta
constant.For example,A[i] andA[i+2] arein the sameuniformly gener
atedset,but A[i] andA[i+j] arenot[1].

[ Benchmark | N=1 [ N=2 [ N=4 [ N=8 | N=16 [ N=32 |
fpppp-fernel | 0.48 | 0.68 | 1.36 | 3.01 | 6.02| 942
btrix 0.83 | 1.48| 2.61 | 4.40 8.58 9.64
cholesky 0.88 | 1.68| 3.38 | 548 | 10.30 | 14.81
vpenta 0.70 | 1.76 | 3.31 | 6.38 | 10.59 | 19.20
tomcatv 092 | 164 | 2.76 | 5.52 9.91 | 19.31
mxm 094 | 197 | 3.60 | 6.64 | 12.20 | 23.19
life 094 | 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. BenchmarkSpeedupSpeedugomparesherun-
time of the Rawcc-compiledcodeversusthe run-time of
thecodegeneratedy the MachsuifMIPS compiler

of parameter®f the Raw prototype,including instruction
andcommunicatioriatenciescanbefoundin [9].

The benchmarkswve selectinclude programsfrom the
Raw benchmarlsuite[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. Sincethe Rawn prototype currently
doesnotsupportdouble-precisioffioatingpoint, all floating
pointoperationsn theoriginal benchmarksirecorvertedto
singleprecision.Tablel givessomebasiccharacteristicef
thebenchmarks.

Speedup We compareresultsof the Rav compilerwith
theresultsof a MIPS compilerprovided by Machsuif[12]
targetedfor anR2000.Table2 shavsthe speedupsittained
by thebenchmark$or Rav machine®f varioussizes.Note
thatthesespeedupdonotmeasuréheadvantageRaw is at-
taining over modernarchitectureslueto a fasterclock, nor
do they measurethe disadwantagesof single-issueversus
multiple-issue. The resultsshav thatthe Rav compileris
ableto exploit ILP profitablyacrosghe Raw tilesfor all the
benchmarksTheaveragespeedumn 32 tilesis 19.7.

The speedumumbersdemonstratehe effectivenessof
the staticpromotion. The modulounrolling strateyy is able
to statically promoteall array accessedn 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 | 192 | 1.74 | 2.80 3.79 4.84
cholsky 0.88 ] 092 | 1.31 | 1.82 1.78 1.75
vpenta 0.70 | 1.00 | 1.29 | 1.48 1.45 1.33
tomcatv 0.92 | 143 | 214 | 2.69 2.81 2.81
mxm 0.94 | 1.49 | 2.08 | 2.70 2.64 2.48
life 094 | 122 | 262 | 3.91 4.16 4.26
jacobi 0.89 | 1.06 | 147 | 2.08| 230 | 224

Benchmark Codegrowth factor
Modulo unrolling | 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 3. BenchmarkSpeedupundertrivial staticpromo-
tion, whereall arraysaremappedo asingletile.

tions. For someof the applicationswe achieve closeto
linear speedup. Note that the speedupsare attainedfrom
sequentiatodeusingautomaticparallelization andnot for
codetailoredto ary high-performancarchitecture.

Most of the speedumttainedcanbeattributedto the ex-
ploitation of ILP, but unrolling plays a beneficiaryrole as
well. In RAWCC, unrolling speedsip a programby expos-
ing scalaroptimizationsacrossloop iterations. This latter
effect is most evident in jacobi and life, where consecu-
tiveiterationsshardoadsto samearrayelementsvhichcan
be eliminatedthroughcommonsubepressiorelimination.
The large numberof suchsharedreferencesn jacobi ex-
plainswhy it achievessupetlinearspeedupFor mostother
applicationsthis sharedeffect waslesssignificant.

Table3 shaws the speedumf the applicationsusingthe
trivial static promotiontechniqueof mappingall arraysto
asingletile. Theresultingspeedupso longerscaleto 32
tiles. Mappingall thememoryto onetile limits thememory
bandwidth,createsa communicatiorhotspot,andprevents
locality of accesawhile exploiting ILP. In contrast,intelli-
gentstaticpromotionusingmodulounrolling do not suffer
from ary of thesedefects.

Table4 shows the codegrowth factorfor all the bench-
marksusing modulo unrolling and usingfull unrolling on
an eight-tile machine. The code growth factor is the ra-
tio of the code size 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 arrayaccesseandno loops. For six out of eight
benchmarksthe codegrowth factor for modulo unrolling
(with padding)is eithercloseto or lessthanthe numberof
tiles (V. = 8). As obsenedin Section4.1, the overall un-
roll factorsfor mostcommonlyoccurringaffine accesses,
namelythosewith simpleindex expressionsare bounded
by N. Thetwo exceptionsmxm andbtrix, have largercode
growth becausef the exceptionnotedin Section4.2. They
containmultiple simple index functionsin the sameloop
whichinduceunrolls on differentloop dimensions Never
thelessthe codegrowth in all casess muchlessthanfor

Table 4. Codegrowth factorof benchmarksising mod-
ulo unrolling andusingfull unrolling on 8 processorsFor
most, the code is about 8 times larger with modulo un-
rolling. Codegrowth will increasefurther with datasize
for full unrolling, but notfor modulounrolling.

full unrolling, a naive alternatve approacho staticpromo-
tion of accesset distributedmemory Evenwhenpossible,
the full unrolling factorsincreasewith datasize,while the
modulounrolling factorsdo not.

7.Related Work

Memorybankdisambiguationwasintroducedby Ellis in
the Bulldog Compiler[6] targetinga point-to-pointVLIW
machine. For suchVLIWSs, he shows that successfullis-
ambiguatiormeanghatanaccessanbe executedthrough
afast“front door” to a memorybank,while anunsuccess-
ful accessnustbesentoveraslower“backdoor” However,
mostVLIWs todayuseglobalbusesor communicationnot
a point-to-pointnetwork. VLIW machinesof variousde-
greesof scalabilityhave beenproposedrangingfrom com-
pletely centralizedmachinesto machineswith distributed
functionalunits, registerfiles, andmemory[10]. Thelack
of point-to-point VLIWs seemsto explain the dearth of
work on memory bank disambiguatiorfor compiling for
VLIWSs.

The modulounrolling schemewe proposeis a descen-
dantof a simpletechniquepresentedy Ellis [6]. He ob-
senesthatunrolling cansometimeselp disambiguatec-
cessesput he doesnot attemptto formalize the obsena-
tion or proposean algorithm. Instead,his techniqueis re-
strictedto certainarrayaccessewhich mustbe useridenti-
fied, andherelieson userannotationgo provide the unroll
factorsneededor disambiguationln contrastwe present
fully automatedandformalizedtechniquefor densematrix
codes. This involvesa theoryto predictthe unroll factors
requiredfor affine functionaccessealongwith amethodto
automaticallygenerateodein which theprocessonumber
for eacharrayaccesss known.

A differenttype of memorydisambiguatioris relevant
on the more typical bus-basedVLIW machinessuch as



the Multiflow Trace[10]. Relatve memorydisambigua-
tion [10] aimsto discover if two memoryaccessanrefer

to the samememorylocation. Successfublisambiguation
implies that accessesan be executedin parallel. Hence,
relatve memorydisambiguatioris more closely linked to

dependenceand pointer analysistechniqueghanto static
promotion.

Loop unrolling hasbeenappliedfor other purposesy
researchersSometechniquedor softwarepipeline[8] uses
symbolic loop unrolling internally to decidethe software
pipelineschedule.Unrolling hasbeenstudiedasa method
to increasdLP by Weiss[14] andDavidson[5]. Loop un-
rolling is typically combinedwith registerrenaming11, 7]
to increasdLP furtherby removing anti andoutputdepen-
dences. While RAwccC usesunrolling primarily for static
promotion, it neverthelessobtainsthe benefit of the in-
creasedLP aswell. We have implementedrenamingin
our compilerusingcorventionaltechniquego fully exploit
the benefitsof unrolling.

8. Conclusions

This paperpresentamodulo unrolling, a techniquefor
performing memory bank disambiguationof array refer
encesat compile-time.On a Rav machinewherethe com-
municationchannelsbetweenthe memory banksand the
processorsare exposedto the compiler, the techniquehas
allowedtheRav compilerto managehememoryresources
staticallyandefficiently for densematrix application.

This papershavs that modulounrolling performsstatic
promotionby unrolling loopsby a smallfactor, usuallyno
more than the amountwhich is neededo exposeenough
parallelismto the available processorsln additionto static
promotion,modulounrolling hastwo otherbenefits.First,
it enablegull exploitationof thebandwidthof themachine.
Secondjt increasegartsof programswhich we can stat-
ically analyze,which in turn enablesthe compilerto or-
chestratesignificantamountof ILP. For a setof scientific
densematrix applications,the techniquehas enabledthe
Raw compilerto extractinstructionlevel parallelismscal-
ablewith thenumberof processors.
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