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Abstract

This paper describesMaps, a compiler manged memory
systemfor Raw architectues. Traditional processas for

sequentialprograms maintain the abstraction of a unified
memoryby usinga singlecentalizedmemorysystem.This
implementatioreadsto theinfamous‘V onNeumanrbottle-
nedk; with madine performancdimited by thelarge mem-
ory latencyand limited memorybandwidth. A Raw archi-

tectue addresseghis problemby taking advantage of the
rapidly increasingtransistor budget to move mud of its

memoryon chip. To remae the bottlene& and comple-

ity associatedvith centializedmemory Rawdistributesthe
memorywith its processingelements.Unified memoryse-
manticsare implementedointly by the hardware and the
compiler The hardware providesa clean compiler inter-

face to its two inter-tile interconnects: a fast, statically
schedulablenetwork and a traditional dynamic network.
Maps then usesthesecommunicationmehanismsto or-

chestate the memoryaccessedor low latencyand paral-

lelism while enforcing proper dependencelt optimizesfor

speedin two ways: by finding accesseshat can be sched-
uled on the static interconnectthrough static promaotion,

and by minimizing dependencesequentializationfor the
remaining accesses. Static promotion is performed us-
ing equivalenceclassunification and modulo unrolling;

memorydependenceare enfocedthroughexplicit syndro-

nization and software serial ordering. \We have imple-
mentedMaps basedon the SUIF infrastructue. This pa-
per demonstatesthat the exclusiveuseof static promotion
yields roughly 20-fold speedupon 32 tiles for our regular

applicationsand about5-fold speedupn 16 or more tiles
for our irregular applications. The paper also showsthat
selectiveuse of dynamicaccessesan be a usefulcomple-
mentto the mostlystaticmemorysystem.

1 Introduction

Rapidlyimproving VLSI technologyplacesbillion-transistor
chipswithin reachin thenext decade Suchtransistorcapac-
ity expandsthe spaceof feasiblearchitecturaldesignsfrom
whatis possibletoday Onetrendis to usethe increasing
resourcego build a powerful centralizedprocessqrwith a
large part of the transistorbudget devoted to the tasksof
out-of-orderissue dynamicmanagemertf instructionlevel
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parallelismandincreasinglysophisticatedindsof specula-
tion. Suchan approach however, makes designand veri-
fication difficult. It entailsquadratichardware compleity
and connectvity, requiringlong wires whoseperformance
doesnot scalewith technology In addition, the approach
consumesgnuch areawhile providing diminishing returns,
andit is poorly suitedfor emeging streamand multimedia
applicationswhich demandsimple but plentiful amountof
computingresourcegndhigh-throughputO.

A Raw microprocessoadoptsa differentapproact15].
It constructsa powerful machinefrom simple processing
elements,which are replicatedand distributed acrossthe
chip. Instruction-lerel parallelismon this machinecanbe
orchestratedhrough space-timescheduling[7]. By keep-
ing the processingelementssimple,a Rav microprocessor
candevotealargeamountof chip spaceo memory thusad-
dressingthe memorybottleneckproblemby moving much
of its memorysystemon chip [2]. For example,a billion-
transistorchipwith half its areadevotedto memorycancon-
tain tensof megabytesof SRAM. Using integratedDRAM
allows at leastfour timesthatamount.This memorycapac-
ity makesit possiblefor theworking setsof mary programs
to bekeptentirelyon chip.

A critical designissueis how to organizesuchalargeon-
chipmemory A fast,single-bankd memoryof thatsizeis
generallyrecognizedio be infeasible. An on-chipversion
of multi-banled memory suffers from the hardware com-
plexity of a centralizedunit servicingmultiple processing
elementsandit disruptsthe opportunityto exploit on-chip
locality betweermemoryandprocessinglementsWithout
on-chiplocality, anaveragememoryaccesantraversehalf
thelengthof achip. In abillion-transistor several-gigahertz
processqrsuchanaccesaill becomea multi-cycle opera-
tion justfrom thewire delayalone.For example,extrapola-
tions of currenttreadssuggesthatcrossinga chip will take
eightcyclesby 2003andforty cyclesby 2007[9].

A morenaturalorganizationis to distribute the memory
banksalongwith the processinglements.The Rav micro-
processoradoptsthis approach It consistsof simple,repli-
catedtiles arrangedn atwo-dimensionainterconnectgach
Raw tile containsboth a processinglementanda memory
bank,aswell asa switch which providesdirect connecti-
ity betweenneighbors. Unlike traditional memory banks
which sene as sulunits of a centralizedmemory system,
eachmemory bank on the Rav microprocessofunctions
autonomouslyand is directly addressabldy its local pro-
cessingelementwithoutgoingthroughalayerof arbitration
logic. This organizationenablesmemoryportswhich scale



with the numberprocessinglements.It supportsastlocal
memoryaccessewithout the needfor globalcachesyhich
consumeon-chip areaand introducea complex coherence
problem.

In accordancewith its designprinciple of keepingthe
hardware simpleto allow for plentiful resourcesand a fast
clock, a Rav microprocessodoesnot containary special-
ized hardware to supportits distributed memory system.
Rather remotememoryaccesseareperformedhroughtwo
generalintertile interconnects: a fast static network for
compiler analyzableaccessesnd a slower, fail-safe dy-
namic network. Furthermore the abstractionof a unified
memorysystemis implementedentirelyin software.

This paper presentsMaps, Rav's compiler managed
memorysystenwhich maintainsa unified memoryabstrac-
tion for sequentiaprogramscorrectlyandefficiently. Maps
managescorrectnessy enforcing necessarynemory de-
pendencehroughexplicit synchronizatioron the staticnet-
work andanew techniquecalledsoftwae serial ordering It
manageefficiengy by minimizing memorydependencand
by consideringhetradeof betweerocality, memoryparal-
lelism, andthe preferencdor staticaccessesver dynamic
accessesThesegoalsarerealizedthroughapplicationsof
traditionalpointerandarrayanalysis.Staticpromotion the
processof creatingstaticaccesseds performedusingtwo
new techniquesEquivalenceclassunificationcreatesstatic
accesseby usingpointeranalysisto guidethe placemenbf
data,while modulounrolling createsstatic accessesut of
regulararrayaccessethroughunrolling.

From a more generalperspectie, the static promotion
techniquesn this paperdescribehow to distribute datain
sequentiaprogramsacrosanultiple memorybanksandhow
to disambiguatenemoryaccesse$o specificbanks. Suc-
cessfuldistribution enablesndependenparallelaccesse®
memory while successfutlisambiguatiorieadsto two ad-
vantages.It allows memoryaccesseto be orchestratedby
the compilerthroughthe faststaticnetwork, andit enables
the compilerto performlocality optimizationsbasedon the
known locationof thataccess.Thesetechniquesre appli-
cableto ary microprocessohaving multiple memorybanks
with non-uniformaccesgimesandcompilerexposedcom-
municationmechanisms.

We have implementeda SUIF-baseccompiler[16] that
implementsMaps by incorporating static promotion and
software serial ordering. We have evaluatedit on several
denseamatrix applicationsstreamapplicationsandirregular
scientific applications. Analysis of currentresultsleadsto
two basicconclusions. First, mostof our benchmarksle-
rive a significantperformancemprovementfrom the higher
bandwidthandfinerdisambiguatiomprovidedby Maps.Sec-
ond,thougha purelystaticmemorysystemusuallyprovides
goodperformanceabettermemorysystems amostlystatic
onein which dynamicaccesseglay a complementarnbut
essentiafole.

Therestof the paperis organizedasfollows. Section2
provides the architecturalbackground,compiler overvien
andexecutionmodelfor Maps. Section3 describeshetradi-
tional analysistechniqueseveragedby Maps. Section4 de-
scribestechniquedor staticpromotion. Section5 describes
supportfor dynamicaccesses.Section6 presentgesults,
Section? discusseselatedwork, andSection8 concludes.

2 Background

This sectionprovides somebackgroundfor Maps. It de-
scribesthe Rav architectureand its memorymechanisms.
It alsogivesanovervien of the Rav compiler focusingon
its executionmodeland the issuesfacedby its Maps sub-
component.
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Figurel: A Rav microprocessois a meshof tiles, eachwith a
processingelement,somememoryand a switch. The processing
elementontaingegisters, ALU, andconfigurabldogic (CL). It in-

terfaceswith its local instructionand datamemoryaswell asthe
switch. The switch containsts own instructionmemory

Raw architecture The Raw architecturg15] is designed
to addressheissueof building a scalablearchitecturen the
faceof increasingransistorbudgetsandwire delayswhich
do not scalewith technology Figure 1 depictsthe layoutof
a Rav machine. A Rav machineconsistsof simple, repli-
catedtiles arrangedn a two dimensionalmesh. Eachtile
hasits own processingelement,a portion of the chip’s to-
tal memory anda switch. The processois a simpleRISC
pipeline,andthe switchis integrateddirectly into this pro-
cessomipelineto supportfastregisterlevel communication
betweenneighboringtiles; a word of datatravels across
onetile in oneclock cycle. Scalabilityon this machineis
achieved throughthe following designguidelines:limiting
thelengthof thewiresto thelengthof onetile; strippingthe
machineof complex hardware componentsandorganizing
all resourceén adistributed,decentralizednanner

Communicatioron the Rav machineis handledby two
distinct networks, a fast,compilerscheduledstaticnetwork
anda traditional dynamicnetwork. The interfacesto both
of thesenetworks arefully exposedto the software. Each
switchonthestaticnetwork is programmableallowing stat-
ically inferablecommunicatiorpatterngo beencodedn the
instructionstreamsof the switches. This approachelimi-
natesthe overheadof composingand routing a directional
headerwhichin turnallowsasingleword of datato becom-
municatedefficiently. Furthermorejt allows the communi-
cationto be integratedinto the schedulingof instructions
at compile time. Accesseso communicationports have
blockingsemanticghatprovide nearneighborflow control;
a processobpr switch stallsif it is executingan instruction
that attemptsto accessaan emptyinput port or a full output
port. This specificationensurecorrectnesi the presence
of timing variationsintroducedby dynamiceventssuchas
interruptsand I/0, and it obviates the lock-stepsynchro-



nization of programcountersrequiredby mary statically
scheduledmachines. The dynamicswitch is a traditional
wormholerouterthat makesrouting decisionsbasedon the
headerof eachmessagevhile guaranteeingn-orderdeliv-
ery of messagedt senesasafall-backmechanisnior non-
staticallyinferablecommunicationA processohandlesly-
namicmessagesia eitherpolling or interrupts.

Memory mechanisms Fromthesecommunicatiormech-
anismsthe Raw architecturgrovidesthreewaysof access-
ing memory:localaccessiemotestaticaccessanddynamic
accessin increasingprderof cost. A memoryreferencecan
be a local accesr a remotestaticaccessf it satisfiesthe
static residenceproperty — that is, (a) every dynamicin-
stanceof the referencemustrefer to memoryon the same
tile, and(b) thetile hasto beknown atcompiletime. Theac-
cessslocalif theRav compilerplaceshesubsequeniseof
the dataon the sametile asits memorylocation;otherwise,
it is aremotestaticaccessA remotestaticaccessorksas
follows. Theprocessopnthetile with thedataperformsthe
load, andit placestheloadvalueontothe outputport of its
staticswitch. Then,the pre-compilednstructionstreamsof
the staticnetwork routethe load valuethroughthe network
to the processomeedingthe data. Finally, the destination
processomrccessess staticinput portto getthevalue.

If amemoryreferencdails to satisfythestaticresidence
property it is implementedas a dynamicaccess. A load
accessfor example,turnsinto a split-phaseransactiorre-
quiring two dynamicmessagesa load-requesmessagéol-
lowed by a load-replymessage.Figure 2 shavs the com-
ponentsof a dynamicload. Therequestingile extractsthe
residentile andthelocal addresgrom the “global” address
of the dynamicload. It sendsa load-requesmessage&on-
taining the local addresgo the residenttile. Whena resi-
denttile recevessuchamessagei is interrupted performs
the load of the requestedaddressand sendsa load-reply
with therequestedlata. Thetile needinghedataeventually
receves and processeshe load-replythroughan interrupt,
which storesthe received value in a predeterminedegister
andsetsa flag. Whenthe residenttile needsthe value, it
checksthe flag and fetchesthe value whenthe flag is set.
Notethattherequesfor aloadneedsotbeonthesametile
astheuseof theload.

Tile x Tiley Tile z

’

load_request(x y=wait_for_load(|

Ioad_handler)

{oad_repl_hand@

J

Figure2: Anatomyof a dynamicload. A dynamicloadis imple-
mentedwith arequestainda reply dynamicmessageNote thatthe
requestfor a load needsnot be on the sametile asthe useof the
load.

Table1 lists the end-to-endcostsof memoryoperations
as a function of the tile distance. The costsinclude both
the processingcostsand the network latencies. Figure 3
breaksdown thesecostsfor atile distanceof two. Themea-
surementshav that a dynamic memory operationis sig-
nificantly moreexpensve thana correspondingtaticmem-

[ Distance [ O] 1] 2] 3] 4]
Dynamicstore || 17 | 20 | 21 | 22 | 23
Staticstore 1 4 5 6 7
Dynamicload 28 [ 34| 36 | 38| 40
Staticload 3 6 7 8 9

Tablel: Costof memoryoperations.

ory operation. Part of the overheadcomesfrom the proto-
col overheadof using a generalnetwork, but much of the
overheads fundamentato the natureof a dynamicaccess.
For example, a dynamicload requiressendinga load re-
questto the propermemorytile, while a staticload canopti-
mize away sucharequesbecausehememorytile is knovn
at compile time. The needfor flow control and message
atomicity to avoid deadlockdurther contributesto the cost
of dynamicmessagesFinally the inherentunpredictability
in the arrival orderandtiming of messagesequiresexpen-
sive receptionmechanismsuchaspolling or interrupts.In
the staticnetwork, its blocking semanticcombinewith the
compile-timeorderingandschedulingof staticmessages
obviatethe needfor expensve receptionrmechanisms.
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Figure 3: Breakdavn of the costof memoryoperationshetween
tiles two units apart. Highlighted portionsrepresenprocessonc-
cupang, while unlifted portionsportionrepresentsetwork lateng.

Compilation overview and execution model Figure 4
outlinesthe structureof Rawcc, the Rav compilerbuilt on
topof SUIF[16]. RavccacceptsequentiaC or FORTRAN
programsandautomaticallyparallelizeghemfor aRav ma-
chine.The compilerconsistsof two mainphasesMapsand
thespace-timescheduler

Thegoalof Mapsis to provide efficientuseof hardware
memorymechanismsvhile ensuringcorrectexecution. This
goalhingeson threeissuesjdentificationof staticaccesses,
supportfor memoryparallelism,and efficient enforcement
of memorydependencesThe primary goal of Mapsis to
identify static accesses.As shavn in Table 1, static ac-
cessesre several timesfasterthan dynamicaccessesand
they enablelocality optimizationby the space-timesched-
ulerto co-locatedatawith the computationwhich accesst.
In addition, Maps attemptsto provide memoryparallelism
by distributing dataacrosgtiles. Not only doesit distribute
differentobjectsto differenttiles, it alsodividesup aggre-
gateobjectssuchasarraysandstructsanddistributesthem
acrosshetiles. This distribution is importantasit enables
parallelaccesse differentpartsof the aggregateobjects.
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Figure4: Structureof the Rav compiler

For correctnessMapsmustensurethatthe memoryac-
cessewccurringon differenttiles obey thedependencem-
plied by theoriginal serialprogram.Threetypesof memory
dependenceseedto beconsideredthosebetweerstaticac-
cessesthosebetweerdynamicaccessegndthosebetween
a staticanda dynamicaccess Dependencebetweenstatic
accesseareeasilyenforced Referencemappedo different
memorybanksare necessarilynon-conflicting,so the com-
piler only needsto avoid reorderingpotentially dependent
memory accesse®n eachtile. The real difficulty comes
from dependenceisivolving dynamicaccesseecausec-
cessesnadeby differenttiles may potentiallybe aliasedand
requireserialization. Maps usesa combinationof explicit
synchronizatiorand a new techniquecalled software serial
orderingto enforcethesedependences.

The space-timeschedulerfollows the analysisandcode
transformationsn Maps. It parallelizesthe computation
in eachforward control flow region acrossthe processors.
During this processit usesthe datadistribution anddisam-
biguationinformationprovidedby Maps,andit respectarny
dependencandserializationrequirement®f Maps. Paral-
lelization is achieved by statically distributing the instruc-
tions acrossthe tiles and orchestratingary necessargom-
municationat theregisterlevel over the staticnetwork. The
decisionof how to mapinstructionss madewhile consider
ing the tradeofs betweenocality, parallelism,andcommu-
nicationcost. During execution,the instructionstreamson
differenttiles cooperateo exploit parallelismin a forward
controlflow region oneregion at atime. Individual instruc-
tion streamgproceedn alooselysynchronousnanneycom-
municatingonly whenthereareregisterdependencesndat
theendof theforwardcontrolflow regions.For moredetails
onthespace-timeschedulerpleasereferto [7].

3 Analysis techniques

Mapsemploys severaltraditionalanalysistechniquego en-

hancethe effectivenessof its mechanisms.The techniques
include pointer analysisand array analysis. This section

briefly presentsheinformationthey provide.

Pointeranalysisis leveragedfor three purposes:mini-
mizationof dependencedgesgquialenceclassunification,
andsoftware serialordering. MapsusesSFAN, a state-of-
the-artpointeranalysispackagd12]. Pointeranalysisdeter
minesthe group of abstractdataobjectseachmemoryref-

erencecanreferto. An abstracobjectis eithera staticpro-
gramobiject,or it is a groupof dynamicobjectscreatedoy
the samememoryallocationcall in the static program. An
entirearrayis considered singleobject,but eachfield in a
structis considered separat®bject. Pointeranalysisden-
tifies eachabstraciobjectby a uniquelocation setnumber
It thenannotategachmemoryreferencewith alocationset
list, alist of locationsetnumberscorrespondingo the ob-
jects that the memoryreferencecan refer to. Figure 5(a)
shaws pointeranalysisappliedto a sampleprogram.Object
creationsitesare annotatedvith their assignedocationset
numbersA structis markedwith multiple locationsetnum-
bers,onefor eachof its field. For simplicity, location set
numbersareassignednly to non-pointerobjects;in reality
all objectsareassignedgsuchnumbers.Eachmemoryrefer
enceis marked with the locationsetnumbersof the objects
it canreference.

Maps definesthe conceptof alias equivalenceclasses
from the programs location set lists. Alias equivalence
classegorm thefinestpartition of the locationsetnumbers
suchthateachmemoryaccessefersto locationsetnumbers
in only oneclass.Mapsderivestheclassesasfollows. First,
it constructsa bipartite graph. A nodeis constructedfor
eachabstracbbjectandeachmemoryreference Edgesare
constructedrom eachmemoryreferenceo the abstracbb-
jectscorrespondingo thereferences locationsetlist. Then,
Maps finds the connectedcomponentof this graph. The
locationsetnumbersin eachconnecteccomponenform a
single alias equivalenceclass. Note that referencesn the
samealias classcan potentially alias to the sameobject,
while referencesn differentclassescannever refer to the
sameobject. Figure5(b) shawvs the bipartitegraphandthe
equivalenceclassesn our sampleprogram.

Maps usesa combinationof pointer analysisand ar
ray analysisto identify ary potentialdependenceketween
memory references. The location set lists provided by
pointeranalysisgive preciseobject-level dependencenfor-
mation: only memoryreferencesvith commonelementsn
theirlocationsetlists canreferto thesamedataobjectandbe
potentiallymemorydependentFor arrays however, pointer
analysigdoesnotdistinguishbetweerreferenceso different
elementsn anarray sothatreferencepairssuchasA[1] and
A[2] are analyzedto be dependent. For thesereferences,
Maps usestraditional array dependenceanalysisto obtain
finer graineddependencaformation[10].

4 Static promotion of memory accesses

Staticpromotionis the actof makinga referencesatisfythe
staticresidenceproperty Without analysis,the Rav com-
piler is facedwith two unsatiséctory choices:mapall the
datato a singletile, which makesall memoryaccessegiv-
ially staticata costof no memoryparallelism;or distribute
all data,which enablesnemoryparallelismbut requiresex-
pensve dynamicaccessesThis sectiondescribeswo com-
piler techniquedor static promotionwhich presere some
memoryparallelism.Sectiord.1describegquivalenceclass
unification,a generalpromotiontechniquebasedon theuse
of pointer analysisto guide the placementof data. Sec-
tion 4.2 describesnodulounrolling, a codetransformation
technigueapplicableto mostarrayreferencesn theloopsof
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|
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Figure5: A sampleprogramprocessethroughpointeranalysisandECU. (a) shavs the programannotatedvith theinformationprovided by
pointeranalysis. The arrons representnemorydependencederived from pointeranalysis. (b) shaws its bipartitegraphandits equivalence
classes(c) shavs the programafterit is distributedthroughECU andspace-timescheduling.

scientificapplications. Section4.3 explainsthe limitations
of static promotionand motivatesthe needfor an effective
dynamicfall-backmechanism.

4.1 Equivalence class unification

Equivalenceclassunification (ECU) is a static promotion
techniguebasedon pointeranalysis.It usesthe aliasequi-
alenceclassesve derive from pointeranalysisto helpguide
theplacemenbf data.ECU promotesall memoryreferences
in asinglealiasequivalenceclassby placingall objectscor-
respondingo that classon the sametile. By mappingob-
jectsfor every aliasequivalenceclassin sucha mannerall
memoryreferenceganbe staticallypromoted.By mapping
differentaliasequivalenceclassego differenttiles, memory
parallelismcanbeattained.

Elementsn aggr@ateobjectssuchasarraysandstructs
areoftenaccessedlosetogetherin the sameprogram.Dis-
tributionandstaticpromotionof arraysareaddresseth Sec-
tion 4.2. For structs,SFAN differentiatehetweenaccesses
to differentfields, sothatfields of a structcanbein differ-
entaliasequialenceclassesanddistributedacrosghetiles.
Figure 5(c) shavs how equivalenceclassunificationis ap-
plied to our sampleprogram. Note that aggr@ate objects
distributedacrosamorethanonetile have the samememory
addresson eachtile. This propertyallows a single pointer
to refer to the entire object,andit enablesaddressompu-
tationto be mappedo ary arbitrarytile. Thealignmentre-
quirementis ensuredby doing the appropriatepaddingon
thedistributedobjects stack,andheap.

4.2 Modulo unrolling

Themajorlimitation of equivalenceclassunificationis that
an array s treatedas a single objectbelongingto a single
equivalenceclass.Mappinganentirearrayto asinglemem-
ory banksequentializesiccesse$o thatarray and destrys
the parallelismfound in mary loops. Therefore,we usea

differentstratgy to handlethe staticpromotionof arrayac-

cesses.First, arraysare laid out in memorythroughlow-

order interleaving In this scheme,consecutie elements
of anarrayareinterleaved in a round-robinmanneracross
thememorybankson the Raw tiles. We thenapply modulo
unrolling, a codetransformatiortechniquewhich statically
promotesarrayaccesses loops.

Modulounrollingis aframevork for determiningheun-
roll factorneededo statically promoteall arrayreferences
insidealoop. We illustratethis techniquethrougha simple
example. Considerthe sourcecodein Figure 6(a). Using
low-orderinterleaving, thedatalayoutfor arrayA onafour-
tile Rav machineis shavn in Figure6(b). In theloop, suc-
cessve A[i] accessegeferto memorybanksontile 0, 1, 2,
3,0, 1,2, 3, etc. Theedgesout of ary accesointto the
memorybanksthe accessefersto. As we cansee the A[i]
accessn Figure 6(a) refersto memorieson all four tiles.
Hencethe accesaswritten cannotbe staticallypromoted.

Intelligentunrolling, however, canenablestatic promo-
tion. Figure 6(c) shaws the resultof unrolling the codein
Figure 6(a) by a factor of four. Now, eachaccessalways
refersto elementson the samememorybank. Specifically
Ali] alwaysrefersto tile 0, A[i+1] to tile 1, A[i+2] to tile
2, andA[i+3] totile 3. Therefore all resultingaccessesan
be staticallypromoted. It canbe shavn thatthis technique
is alwaysapplicablefor loopswith arrayaccesseblaving in-
diceswhich areaffine functionsof enclosingloop induction
variables. Theseaccessesare often found in densematrix
applicationsandmultimediaapplications For a detailedex-
planationandthe symbolicderivationof theunrolling factor
seg[1].

4.3 Uses for dynamic references

A compiler can statically promote all accesseghrough
equivalence-classinification alone, and modulo unrolling
helpsimprove memoryparallelismduringpromotion.There
areseveral reasonshowever, why it may be undesirabldo



Modulo

for i = 0 to 99 do Unrolling for i = 0 to 99 step 4 do
Alil= .. Ali +0]= ...
Ali +1]= ...
Ali +2]= ...
””””””””””””””” Ali +3]= ...
Aol | [aw | [az | [am [ | endfor |
Al4] A[5] A[6] Y 124
A[8] A9] A[10] A[11]
Tile 0 Tilel Tile2 Tile 3
(@ (b) ()

Figure6: Exampleof modulounrolling. (a) shaws theoriginal code;(b) shavs thedistribution of arrayA ona4-tile Rav machineyc) shavs
thecodeafterunrolling. After unrolling, eachaccessefersto memoryon only onetile.

promoteall references.First, modulounrolling sometimes
requiresunrolling of more than one dimensionof multi-
dimensionaloops. Thisunrolling canleadto excessie code
expansion. To reducethe unrolling requirementsomeac-
cessesn theseloops can be madedynamic. In addition,
static promotion may sometimesbe performedat the ex-
penseof memoryparallelism. For example,indirect array
accessesf theform A[B[:]] cannotbe promotedunlessthe
array A[] is placedentirelyon asingletile. This placement,
however, yields no memory parallelismfor A[]. Instead,
Maps can chooseto forgo static promotionand distribute
thearray Indirectaccesset thesearrayswould beimple-
menteddynamically which yields betterparallelismat the
costof higheraccesdatengy. Moreover, dynamicaccesses
canimprove performanceby not destrging staticmemory
parallelismin critical partsof the program. Without it, ar
rayswith mostly affine accessebut afew irregularaccesses
would have to be mappedo onetile, thuslosing all poten-
tial memoryparallelismto the arrays. Finally, dynamicac-
cesseganincreasehe resolutionof equivalenceclassuni-
fication. A few isolated‘bad references’may causepointer
analysisto yield very few equivalenceclasses. By selec-
tively remaving thesereference$rom promotionconsidera-
tion, more equivalenceclassesanbe discorered,enabling
betterdatadistribution andimproving memoryparallelism.
Themisbehaing referencesanthenbeimplementedasdy-
namicaccesses.

For thesereasonsit is importantto have a good fall-
backmechanisnfor dynamicreferencesMore importantly
suchmechanismmustintegratewell with the staticmecha-
nism. Thenext sectionexplainshow thesegoalsareaccom-
modated.

For a given memory accessthe choice of whetherto
usea staticor a dynamicaccesss not alwaysobvious. Be-
causeof the significantlylower overheadof staticaccesses,
the currentMaps systemmalkes mostaccessestaticby de-
fault, with one exception. Arrays with ary affine accesses
are always distributed, and two typesof accesseso those
arraysareimplementedasdynamicaccesseson-afine ac-
cessesand affine accessesvhich require excessve unroll
factorsfor static promotion. Automatic detectionof other
situationswhich can benefitfrom dynamicaccessess still
ongoingresearchHowever, Section6 shavs two programs,
Unstructuredand Moldyn, whoseperformancecan be im-
provedwhendynamicaccesseareselectvely emplg/ed.

5 Support for dynamic accesses

Mapsprovidesmechanism$or correctnesandefficiency of
dynamicaccesseskor correctnessMapsenforcesmemory
dependenceasvolving dynamicaccessethroughstaticsyn-
chronizationand softwae serial ordering Mapsimproves
performanceby reducingthe amountof dependencethat
needto be enforcedthroughepochsandmemoryupdateop-
erations.

5.1 Enforcing dynamic dependences

Mapshandlesiependenceaavolving dynamicaccessewith
two separatenechanismspnefor the type of dependences
betweena staticaccessand a dynamicaccessandone for
the type of dependenceletweentwo dynamicaccessesA
static-dynamiaependenceanbe enforcedthroughexplicit
synchronizatiorbetweenthe static referenceand eitherthe
initiation or the completionof thedynamicreferenceWhen
adynamicstoreis followed by a dependenstaticload, this
synchronizatiorrequiresan extra dynamic store acknavl-
edgmentmessageat the completionof the store. Because
the sourceanddestinatiortiles of the synchronizatiormes-
sageareknown at compile-time the messageanberouted
onthe staticnetwork.

Enforcing dependencebetweendynamicreferencess
a little moredifficult. To illustrate this difficulty, consider
the dependencevhich ordersa dynamicstorebeforea po-
tentially conflicting dynamicload. Becauseof the depen-
dence jt would not be correctto issuetheir requestsn par
allel from differenttiles. Furthermorejt would not sufice
to synchronizethe issuesof the requestsn differenttiles.
This is becausehereare no timing guarantee®n the dy-
namicnetwork: evenif thememoryoperationsareissuedn
correctorder they may still be deliveredin incorrectorder
Oneolvious solutionis completeserializationasshavn in
Figure 7(a), wherethe later memoryreferencecannotini-
tiate until the earlierreferencds known to complete. This
solution,however, is expensie becausé serializegheslow
round-triplatenciesof the dynamicrequestsandit requires
storecompletiongo beacknavledgedwith a dynamicmes-
sage.

We proposesoftwae serial ordering to efficiently en-
sure such dependences.Figure 7(b) illustratesthis tech-
nique. Software serial orderingleveragesthe in-order de-



Figure 7: Two methodsfor enforcingdependencebetweendy-
namicaccessesP1andP2 are processingiodesinitiating two po-
tentially conflicting dynamicrequestsjpoth diagramsillustrate an
instancewhenthe two requestgdon't conflict. M1 andM2 arethe
destinationsof the memoryrequests. The light arrons are static
messageghe dark arravs are dynamicmessagesand the dashed
arrons indicateserialization.The dependence beenforceds that
the storeon P1 mustprecedethe load on P2. In (a), dependence
is enforcedthroughcompleteserialization. In (b), dependencés
enforcedthroughsoftware serialordering. T is the turnstile node.
The only serializationpoint is the launchesof the dynamicmem-
ory requestsat T. Note that Raw tiles are not specializedzary tile
cansene in ary or all of the following roles, as processinghode,
memorynode,or turnstilenode.

livery of message®n the dynamic network betweenary

source-destinatiopair of tiles. It works asfollows. Each
equivalenceclassis assigned turnstile node. The role of

theturnstileis to serializethe requestportionsof the mem-
ory referencedn thecorrespondin@quivalenceclass.Once
memoryreferencego throughthe turnstilein the right or-

der, correctbehaior is ensuredrom threefacts. First, re-
questsdestinedfor differenttiles mustnecessarilyrefer to

differentmemorylocations,so thereis no memorydepen-
dencewhich needsto be enforced. Second requestsdes-
tinedfor the sametile aredeliveredin orderby the dynamic
network, asrequiredby thenetwork’sin-orderdelivery guar

antee.Finally, a memorytile handlesrequestsn the order
they aredelivered.

Note thatin orderto guaranteeorrectorderingof pro-
cessingof memoryrequestsserializationis inevitable. Our
systemkeepsthis serializationlow, andit allows the ex-
ploitation of parallelismavailablein addressomputations,
lateny of memoryrequestandreplys,andprocessindime
of memoryrequestdo differenttiles. For efficiengy, soft-
ware serial orderingemploys the static network to handle
synchronizatiorand datatransferwheneer possible. Fur-
thermoredifferentequivalenceclassesanemplaq different
turnstilesandissuerequestén parallel.Interestinglythough
the systemenforcesdependencesorrectly while allowing
potentiallydependentlynamicaccesseso be processedn
parallel,it doesnot emplgy a single explicit checkof run-
time addresses.

5.2 Dynamic optimizations

Epochs Without optimizations,all dynamicmemoryre-
guestdn asinglealiasequivalenceclasshave to go through

aturnstilefor the entiredurationof theprogram.If thecom-
piler schedulesa dynamicmemoryrequeston a tile other
thanits turnstile,it would have to separatelyguaranteghat
the memory requestdoesnot get reorderedwith ary past
or future potentiallydependenteference®n its way to the
memorytile. In the generalcase,this requirementis pro-
hibitively expensve andprovidesno benefit.

Sometimeshowever, Maps can determinethat all the
dynamicmemoryaccesset analiasequialenceclassin a
region of the programareindependenfrom eachother We
cansucharegionanepod. A trivial exampleof anepochis
aregionwhosedynamicaccesset anequialenceclassare
all loads.Otherepochdetectiormechanism#cludepointer
analysis,array dependencanalysis,and relative memory
disambiguation.

In epochsjt would be desirableto disablethe turnstile
andallow the accesseto proceedndependentlyandwith-
out serialization. Maps supportsepochsby placing mem-
ory barriershefore and after the region. The barriersare
implementedby explicitly checkingfor the completionof
all accessethroughload-replysor store-acknwledgments.
Though barriersare expensve operations,their costscan
easilybe amortizedaway if anepochincludesoneor more
time-intensie loops.

Updates Updatesare memoryhandlerswhich implement
simple read/modify/writeoperationson memoryelements.
They take adwantageof the generality of Ran’s active-
messagealynamicnetwork. The compiler migratessimple
read/modify/writememory operationsfrom the main pro-
gramto the memoryhandlers.The modify operationis re-
quiredto be both associatie and commutatve. Common
examplesinclude increment/decremengdd, multiply, and
max/min.

Updatesimprove performanceof dynamicaccessedn
threeways. First, a programcan dispatchan updatejust
like astoreandthenproceedvithoutwaiting for its comple-
tion. Secondan updatecollapseswo expensve andserial
dynamicmemoryoperationsa load and a store,into one.
Finally, the associatiity and commutatvity of the updates
effectively removesdependencesetweerdifferentupdates.
This elimination canhelp increasehe utility of epochsby
finding regionswith independentipdatedo analiasequiva-
lenceclass.

6 Results

We have implementedMiaps on Rawcc, the Rav compiler
basednthe SUIF compilerinfrastructurg16]. Thissection
presentsvaluationof Maps. Evaluationis performedon a
cycle-accuratesimulator of the Rav microprocessor The
simulatorusesa MIPS R2000asthe processinglementon
eachtile. It faithfully modelsboth the staticand dynamic
networks, including ary contentioneffects. Application
speedups derived from comparisorwith the performance
of codegeneratedy the MachsuifMips compiler[14] exe-
cutedonthe R2000processinglemenf asingleRaw tile.
To exposeinstructionlevel parallelismacrossbasicblocks,
Rawvcc emplgys loop unrolling and controllocalization[7].
Innerloopsareusuallyunrolledasmary timesasthereare
numberof tiles.



Benchmark Type Source Lines | Seq.RT PrimaryArray | Description
of code | (cycles) size(words)
Cholesly DenseMat. | Nasa7:Spec97 126 34.3M 16x16x32 | Cholesly Decomposition/Substitution
Swim DenseMat. | Spec95 486 96.2M 513x33 | Shallov WaterModel
Tomcatv DenseMat. | Spec92 254 78.4M 32x32 | MeshGeneratiorwith Thompsons Solver
Vpenta DenseMat. | Nasa7:Spec97 157 21.0M 32x32 | Inverts3 PentadiagonalSimultaneously
Ocean DenseMat. | Splash/Jade 1174 | 309.7M 256x256 | OceanMovementSimulation
Adpcm Multimedia | Mediabench 295 2.8M 10240 | Speectcompression
SHA Multimedia | PerlOasis 608 1.0M 512x16 | SecureHashAlgorithm
MPEG-lernel | Multimedia | UC Berkeley 86 14.6K 32x32 | MPEG-1VideoSoftwareEncoderkernel
[ Moldyn [ Irreg. Sci. | CHAOS [ 805 | 63M | 256x3,32000x2 | MolecularDynamics |
| Unstructured | Trreg. Sci. | CHAOS | 850 | 150M | 17377x3 | ComputationaFluid Dynamics |

Table2: BenchmarkcharacteristicsColumnSeq.RTshawvs therun-timefor theuniprocessocodegeneratedby the MachsuifMIPS compiler

Table2 givesthe characteristicef the benchmarksised
for the evaluation. Benchmarksnclude five densematrix
applications,three multimedia applications,and two sci-
entific applicationswith irregular memoryaccessatterns.
They areall sequentiaprograms.Somebenchmarksirefull
applications;othersare key kernelsfrom full applications.
Cholesly andVpentaare extractedfrom Nasa7of Spec92.
MPEG-kernelis the portion of MPEG which takesup 70%
of the total run-time. Becausdhe Rav simulatorcurrently
doesnot supportdouble-precisioffloating point, all floating
point operationsareconvertedto singleprecision.

[ Benchmark [ N=1I [ N=2 ] N=4 [ N=8 [ N=16 | N=32 ]
Cholesly 088 [ 1.75] 3.33 [ 6.24 | 10.22 | 17.15
Swim 088 | 143 | 270 | 447 | 897 | 17.81
Tomcatv 092 | 1.64| 276 | 552 | 9.91 | 19.31
Vpenta 0.78 | 190 | 3.36 | 7.06 | 12.17 | 20.12
Ocean 0.88 | 1.16 | 1.97 | 3.05 4.09 451
Adpcm 097 099| 119 1.23| 1.13| 1.13
SHA 096 | 1.18 | 1.63 | 1.53 | 144 | 1.42
MPEG-lernel 090 | 1.36 | 2.15| 3.46 4.48 7.07
Moldyn array | 0.95| 1.36 | 2.38 | 2.99 4.28 4.38

struct [ 0.92 [ 0.94 | 1.60 | 257 3.I1| 3.59
Unstruct array | 0.82 | 1.21 | 2.35 | 3.59 5.22 6.12
struct | 0.86 | 1.29 | 2.07 | 3.00 4.10 4.92

Table 3: Benchmarkspeedupwith full distributed static promo-
tion through equivalenceclassunification and modulo unrolling.
Speedugomparesherun-timeof the Ravcc-compiledcodeversus
therun-timeof the codegeneratedy the MachsuifMIPS compiler

Table3 shaws the speedupsittainedby the benchmarks
for Rav microprocessordor a varying number of tiles.
For Moldyn and Unstructured,we presentresultsfor two
different versions. The original versionsare written in a
FORTRAN-lik e style,usingarrayof basetypesto represent
their data. The new versionshave betterdataabstraction;
they usea collection of structsto representhe programs
objects.

All the benchmark®xceptoceanarecompiledwith full
staticpromotion. In ocean,dynamicaccesseare usedfor
two purposesFirst, affine arrayaccesses the outerloops
are corvertedto dynamicaccessef orderto avoid multi-
dimensionalunroll asrequiredby staticpromotionthrough
modulounrolling. Second,dynamicaccessesre usedfor
arrayaccessewhichcannotbedeterminedo beaffine with-
outinter-procedurabnalysisandinlining.

Ourresultsin Table3 shav thatRawccwith Mapsis able

to orchestratehe parallelismavailable in the applications.
To summarizethe results,Rawcc is ableto attainspeedups
in the rangeof 15-20for four of the of the five densema-
trix codes,andspeedupsf 4-8 for non-densematrix codes
with areasonabl@mountof ILP. Thedensematrix applica-
tionsandMPEG-kernelhave alot of parallelismwith loops
whoseparallelismscalewith the amountof unrolling. Mol-
dyn andUnstructurechave a modesiamountof parallelism.
They have parallelismbothwithin loopiterationsandacross
iterations but loop carrieddependenceaventuallylimit the
amountof parallelismexposedby unrolling. Note thatthe
speedupfor Moldyn is obtainedwithout specialhandling
of the reductionin its time-intensie loop. Its performance
shouldimprove furtherwith reductionrecognition. Finally,
Adpcm and SHA have little parallelism. Their work both
within andacrossterationsis mostly serial.

Comparisondetweerthe two versionsof Unstructured
andMoldyn shav that our promotiontechniquesare effec-
tive in providing memoryparallelismfor bothprogramming
styles.While the structversionsusearraysof structsto rep-
resentheir data,the arrayversionsusetwo-dimensionabr-
rayswith theseconddimensiorrepresentinghefieldsof the
struct. The opportunitiesfor memoryparallelismareiden-
tical for both versions,but Maps exposesthat parallelism
through different means. Memory parallelismin the ar
ray versionsis exposedthrougharraydistribution andmod-
ulo unrolling, while parallelismin the structversionis ex-
posedthroughequialenceclassunification. The different
speedupdor the two versionsare accountedor by details
concerningaddresscalculationcostsand opportunitiesfor
optimizationof thosecosts.
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Figure8: Comparisorof 32-tile speedupsor trivial staticpromo-
tion, ECU promotion,andfull Mapspromotion.



Figure 8 measureshe benefitsof our static promotion
techniqueson overall speedups.lt compareghe speedups
on 32tiles for threepromotionstrateies: no analysis ECU
only, andfull promotionusingboth ECU and modulo un-
rolling. Withoutanalysisaccessesanbe promotedrivially
by mappingall datato onetile. Our results,however, shav
that this promotionstratey leadsto low speedupsanging
from oneto four becausét providesno memoryparallelism
andno datalocality. ECU aloneyields suficient memory
parallelismto attainthe modestoverall speedupg$or their-
regular applicationssuchas Adpcm, SHA, Moldyn-struct,
andUnstructured-structFull Mapspromotion,however, is
necessaryo exploit the large amountparallelismavailable
in the moreregular applications.Figure9 breaksdown the
utilization of our two techniquesn full Mapspromotion. It
shaws for eachapplicationthe percentag®f aggreateob-
jects whosereferencesare promotedthrough ECU versus
thosethatarepromotedthroughmodulounrolling.
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Figure 9: Percentagef arrayswhosereferencesare promoted
throughmodulo unrolling versusthosethat are promotedthrough
equialenceclassunification(ECU).

The resultsin Figure 8 may have implications beyond
Rav. They shaw that applicationswith a lot of ILP often
have high memorybandwidthrequirementsTheseapplica-
tions would perform poorly on a systemwith mary func-
tional unitsbut limited memorybandwidth.A Rav machine
with trivial static promotionfits this architecturaldescrip-
tion, asdo superscalarandcentralized/LIWs with central-
ized memorysystems.In addition, the Rav machinewith
trivial promotionsuffers high memorylateny dueto alack
of locality betweenthe processorandthe single memory;
this lateng is analogougo the multi-cycle on-chipwire de-
lays conventionaldesignswill likely suffer in future VLSI
technologiesFacedwith similar problemsgcorventionalar
chitecturesnaywell find thata software-exposedlistributed
memory systemcombinedwith a Maps compiler canim-
prove its performanceahe sameway it improvesthe perfor
manceof a Rav machine.

Memory distrib ution and utilization We measurgheef-
fectivenessof our compilationtechniquesin utilizing the
Rawv hardware. We considertwo metrics: memorydistri-
bution and memorybandwidthutilization. In general,bal-
anceddatadistributionis desirablebecausé minimizesthe
pertile memoryneededo run an application,andit allevi-
atesthe needto build large and centralizedmemorywhich

is alsofast. Memory bandwidthutilization measuresion
well an applicationtakes advantageof Raw’s independent
memorybanks. It dependson the amountof memorypar
allelism exposedby Mapsandthe amountof parallelismin
theapplication.
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Figure10: Distribution of primary dataon a 32-tile Rav machine.
The tiles are sortedin decreasingrder of memoryconsumption.
For eachbenchmarkthe graphdisplaysthe memoryconsumption
oneachtile normalizedoy thememoryconsumptiorof thetile with
thelargestconsumption.

Figure 10 shavs the distribution of primary dataacross
tiles for our benchmark®xecutingon 32 tiles. Most of the
densematrix codesare able to fully distribute their data;
SwimandCholesly areonly ableto partially distributetheir
databecausef their small problemsizes but their distribu-
tions becomebalancedwith larger problemsizes. MPEG-
kernelcannotemploy only staticmemoryaccesseandstill
befully distributed,but the next subsectiorshavs thatwith
a small sacrificein performancejts datacanbe fully dis-
tributed. Therestof theapplicationscanpartially distribute
their dataacrossarangeof threeto sixteentiles.
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Figure11: Weightedbandwidthutilization of the memorysystem
ona32-tile machine.Thegraphdisplaysthe percentagef memory
referencedeingissuedn atime slot whena given numberof tiles
is issuingmemoryrequests.

Figure 11 measureshe weighted memory bandwidth
utilization of a 32-tile machine. It plots the percentagef
memory referencesheing issuedin a clock cycle when a
givennumberof tiles is simultaneouslyssuingmemoryre-
quests. Resultsshav that exceptfor the two highly serial
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Figure12: Speedupsf benchmarksvith optimizeddynamicaccesses.

benchmarkgAdpcmandSHA), all thebenchmarksreable
to exploit at leasta smallamountof parallelmemoryband-
width. Onthe positive end, MPEG-kernelandall thedense
matrix applicationdhave atleast20%of their accessebeing
performedon cycleswhichissuefive or moreaccessesyith
Vpentaenjoying 10-way memoryparallelismfor over 20%
of its accesses.

Exposingmemory parallelism thr oughdynamic accesses
Staticaccesseareusuallybetterthandynamicaccessebe-
causeof their low overhead. Sometimeshowever, static
accessegan only be attainedat the expenseof memory
parallelism. MPEG-kernel, Unstructuredand Moldyn are
benchmarkswith irregular accessesvhich cantake adwan-
tageof high memoryparallelism.This sectionexaminesthe
opportunityof increasingthe memoryparallelismof these
programsby distributing their arraysandusingdynamicac-
cesses$o implementparallel,irregularaccesses.

[ Benchmark | N=1 [ N=2 [ N=4 [ N=8 | N=16 | N=32 |
MPEG-kernel | 0.86 | 0.80 | 1.54 | 1.89 2.55 3.45
Moldyn 0.93 | 0.44 | 054 | 0.61 0.67 0.68
Unstruct 0.76 | 0.24 | 0.37 | 0.55 0.73 0.83

Table4: Benchmarkspeedupvith all arraysdistributed,with irreg-
ular array referencesmplementedhroughdynamicaccessesiith
softwareserialordering.

Table 4 shavs the performanceof the aforementioned
benchmarkavhen all arraysare distributed. Irregular ac-
cessesare implementedthrough dynamic accessesywith
software serial orderingto ensurecorrectness.Resultsfor
Moldyn andUnstructuredare poor, with slovdowns for all
configurations. MPEG-kernel attainsspeedurbut is twice
asslow asits purely static speedup.This resultis not sur
prising: dynamicaccesseserializedthrougha turnstile is
provably slower than correspondingstatic accesseserial-
ized through a memory node. To reap benefitfrom the
exposedmemory parallelism,serializationof dynamicac-
cessesasto bereducedhroughepochandupdateoptimiza-
tions. Currently epochgeneratiorhasnot beenautomated,
soour evaluationof thesetechniquesisesa hand-codedm-
plementatiorof epochs.To simplify this task,we apply our
optimizationson a selectedoop from eachof Moldyn and
Unstructuredin additionto thefull MPEG-kernel. Theloop
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we selectfrom Moldyn accountsfor 86% of the run-time.
In Unstructuredmary of the loopswith irregular accesses
have similar structure; we selectone such representatie
loop. Figure 12 shavs the performanceof dynamicrefer
enceswhenepochand updateoptimizationsare appliedto
theseapplicationscomparedvith the unoptimizeddynamic
performanceand the static performance.It shavs thatthe
dynamicoptimizationsareeffective in reducingserialization
and attainingspeedup.All threebenchmarksenefitfrom
epochs,while Moldyn and Unstructuredbenefitfrom up-
datesaswell. Togetherthe optimizationscompletelyelimi-
natetheturnstileserializationfor theseapplications.

The speeduptrends of these applicationsreflect the
amountof available memory parallelism. For static ac-
cessesthe amountof memory parallelismthat can be ex-
posedthroughECU s limited to the numberof aliasequiva-
lenceclassesDependingon the accespatternstheamount
of usefulmemoryparallelismmay be lessthanthat. This
level of memoryparallelismdoesnot scalewith the number
of tiles. For a smallnumberof tiles, ECU is ableto expose
enoughparallelismto satisfythe numberof processingle-
ments. But for larger numberof tiles, insuficient memory
parallelismcauseshe speedugure to level off.

In contrastthe useof dynamicaccesseallow arraysto
be distributed, which in turn exposesmemory parallelism
scalablewith the numberof tiles. As aresult,the speedup
curvefor optimizeddynamicscaledetterthanthatfor static.
For upto 16tiles, staticoutperformsoptimizeddynamic;for
32tiles, optimizeddynamicactuallyoutperformsstatic,and
thetrendsuggestshatoptimizeddynamicwill increasingly
outperformstaticfor even larger numberof tiles. Note that
for thedynamicexperimentonly theirregularaccessewere
selectvely madedynamic,the affine arrayaccesseandall
scalardatawerestill accessedn the staticnetwork.

Why do we needsoftware serial ordering? As discussed
in theprevious section dynamicaccessessingsoftwarese-
rial orderingcan never perform betterthan static accesses
promotedthrough ECU. This sectionshavs how software
serial ordering can be useful, using an examplefrom Un-
structured.

Unstructuredcontainsan array X [] which is accessed
in only two loops, aninitialization loop (init) anda usage
loop (use). Theinitialization loop makesirregularaccesses



to X[] andis executedonly once. The usageloop makes
affine accesset X[| andis executedmary times. For best
performance Maps should optimize the placementof X]
for theusagdoop.

[ Array mapping | Loop | Accesstype | Speedup]
centralized init staticserial 1.89
use staticserial 3.86

total | — 3.85

distributed init dynamicserial 0.59
use staticparallel 4.43

total | — 4.42

Table5: An exampleof overall performanceémprovementthrough
theuseof softwareserialordering.Softwareserialorderingenables
Mapsto distribute a critical array which optimizesfor staticparal-
lel accessn thecritical use loop in exchangefor dynamicaccesses
with software serialorderingin the non-criticalznit loop. Perfor
manceis measuredor 32tiles.

Table 5 compareshe performanceof the loops when
X[] is placedon onetile to whenit is distributedacross32
tiles. Whenthe arrayis centralized both init anduse at-
tain speedupbecausehey enjoy faststaticaccesseshen
thearrayis distributed,however, init suffers slovdown be-
causeit hasdynamicserialaccessegoing througha turn-
stile, while use attainbetterspeedugomparedo the cen-
tralized case. For the full program, however, the perfor
manceof use mattersmuchmore. Thus, distributing X]
provides the better overall performance despitethe over
headinit incursfrom softwareserialordering.

This exampleillustratesthe generaluseof software se-
rial ordering.It is away of enforcingdynamicdependences
whichis moreefficientthanothermechanismsuchascom-
pleteserializationor placingbarriersbetweerthedependent
accesseslt is usednot to improve the performanceof the
codesegmentemplgying it, but asan enablingmechanism
to allow the compilerto improve the partsof the program
that really affect performance.lIt provides a universaland
efficient handlingof dynamicaccessem theabsencef ap-
plicable optimizations. The overall utility of dynamicac-
cessesemainsto be seen,but its usewith software serial
orderingprovidesa reasonabletartingpoint on which fur-
theroptimizationscanbe explored.

7 Related work

Otherresearcherbave parallelizedsomeof thebenchmarks
in this paper Automatic parallelizationhasbeendemon-
stratedto work well for densematrix scientific codes[6].
In addition, someirregular scientific applicationscan be
parallelizedon multiprocessorsisingtheinspectorexecutor
method[3]. Typically thesetechniquesnvolve userinserted
callsto a runtimelibrary suchasCHAOS[11], andarenot
automatic. The programmeliis responsibleor recognizing
casesaamenabldo suchparallelization hamelythosewhere
the samecommunicationpatternis repeatedor the entire
durationof theloop, andinsertingseverallibrary calls.

In contrastthe Rawvcc approachis moregeneralandre-
quiresno userintervention. Its generalitystemsfrom its
exploitation of ILP ratherthancoarse-grairparallelismtar
getedby[3] and[6]. Multiprocessoraremostlyrestrictedo
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suchcoarse-graiparallelismbecaus®f their high commu-
nication and synchronizatiorcosts. Unfortunately finding
coarsayrainparallelismoftenrequireswvhole programanal-
ysis by the compiler which works well only in restricted
domains.A Rav machinecansuccessfullyexploit ILP be-
causeof theregisterlike latenciesof the staticnetwork. Of
courseRaw canexploit coarse-graimparallelismaswell.

Softwaredistributed sharedmemoryschemeon multi-
processor§DSMs) [4] [13] are similar in spirit to Map’s
software approachof managingmemory They emulatein
software the task of cachecoherencepne which is tradi-
tionally performedby complex hardware. In contrast Maps
turnssequentiabhccessefrom a singlememoryimageinto
decentralizeciccesseacrossRaw tiles. This techniqueen-
ablesthe parallelizationof sequentialprogramson a dis-
tributedmachine.

Static promotionis relatedto memorybank prediction,
atermusedby Fisher[5] for a point-to-pointVLIW model.
For suchVLIWs, he shavs that successfutlisambiguation
allows anaccesdo be executedthrougha fast“front door”
to amemorybank,while anon-disambiguatedccesss sent
to a slower “back door” Most VLIWS today however, use
global busesratherthan point-to-pointnetworks. The lack
of point-to-pointVLIWs seemdo explainthedearthof work
on memorybankdisambiguatiorfor VLIW compilation.

A different type of memory disambiguation,relative
memorydisambiguationis relevantonthemoretypical bus-
basedV/LIW machinesuchastheMultiflow Trace[8]. Rel-
ative memorydisambiguatioraimsto discover whethertwo
memoryaccessenever referto the samememorylocation.
Successfutlisambiguatiorimplies thataccessesanbe ex-
ecutedin parallel. Hence,relative memorydisambiguation
is more closely linked to dependenceand pointer analysis
techniques.

Modulo unrolling is relatedto an obseration madeby
Fisher[5]. He obseresthatunrolling cansometimeselp
disambiguateccessesBasedon this obsenation, his com-
piler relies on userannotationso determinethe unrolling
factor neededfor suchdisambiguation. In contrast,mod-
ulo unrolling is a fully automatedandformalizedtechnique
which computesthe necessaryinrolling factorsneededo
perform such disambiguationfor densematrix codes. It
includesa precisespecificationof the scopeof the tech-
nique and a theory to predictthe minimal requiredunroll
factor[1].

8 Conclusion

Rav microprocessorsre designedfor aggressie on-chip
memory performance. They distribute their memory and
processingesourcesover a large numberof on-chiptiles
coupledwith a point-to-pointinterconnect.To retainhard-
ware simplicity, the distributed memorysystemis exposed
to thecompiler soit canprovide theabstractiorof a unified
memory systemto supporttraditional sequentiaprogram-
ming models.

This paper addresseghe challengingcompiler prob-
lem of orchestratingdistributed memory and communica-
tion resourceso provide auniformview of thememorysys-
tem. We presenaicompilermanagedanemorysystemcalled



Mapsthat provides a sequentiaimemoryabstractiorto the
programmerThe Mapssolutionattemptsto maximizeboth
memoryparallelismandits useof the staticinterconnect.

Throughthe applicationof equivalenceclassunification
andmodulounrolling, we demonstrat¢hat Mapsis ableto
staticallypromotethe memoryreferencesn our regularsci-
entific applicationswhile obtainingampleamountsof mem-
ory parallelism,asevidencedby thespeedupsf about20on
32tiles. Surprisingly we find thatthe sametechniquesare
alsoableto staticallypromotethememoryreferencesn our
irregular applicationsand achieve sufiicient memoryparal-
lelismtoyield speedupsf abouts on16 or moretiles. There
aretwo reasondor this result: first, evenirregular applica-
tions containa modestamountof affine memoryaccesses,
andthey usuallycontainseveraldistinctequivalenceclasses,
eachof which canbe unified on a differenttile. Secondthe
registerlik e lateng of the staticinterconnecmalesit pos-
sible to extract meaningfulspeedupn applicationswith
smallamountf parallelism.Thisis animportantresultbe-
causeit suggestghe feasibility of 8-tile or 16-tile general
purposemicroprocessorasinganall-staticinterconnect.

Further we shav that selectve use of dynamicrefer
enceamay be helpfulin certaincasego augmenstaticpro-
motion, asdescribedn section4.3. One exampleis when
dynamicsupportallows arrayswith non-afine accesseo
be distributed, possiblyexposingmore memoryparallelism
andattainingbetterspeedupsAnotheris to usedynamicac-
cessedor infrequentirregularreferenceso arrays,allowing
morefrequentlyaccessegortionsto be staticpromotedvia
modulounrolling. Finally usingdynamicaccessefor afew
“bad references’may prevent excessve meiging of equi-
alenceclassesyielding higher memoryparallelism. Soft-
wareserialorderingis introducedasan efficient methodof
enforcingdependencdsetweerdynamicaccesses.

We areencouragedby theresultsof the Mapsapproach
to memoryorchestratiorfor boththeregularandtheirregu-
lar benchmarksve have executedonthesystem Wedemon-
stratea high degree of speedupfor regular programsand
modestspeedupsor irregularapplicationsIf theresultsfor
more programscontinueto be positive, our software-based
Mapsapproactwill beaviablecompetitorto hardwaresup-
portedcoherenmemorysystemdor singlechip micros.
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