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This paper describesMaps, a compiler managed memory
systemfor Raw architectures. Traditional processors for
sequentialprogramsmaintain the abstraction of a unified
memoryby usinga singlecentralizedmemorysystem.This
implementationleadsto theinfamous“VonNeumannbottle-
neck,” with machineperformancelimited by thelarge mem-
ory latencyand limited memorybandwidth. A Rawarchi-
tecture addressesthis problemby taking advantage of the
rapidly increasing transistor budget to move much of its
memoryon chip. To remove the bottleneck and complex-
ity associatedwith centralizedmemory, Rawdistributesthe
memorywith its processingelements.Unified memoryse-
manticsare implementedjointly 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 usesthesecommunicationmechanismsto or-
chestrate the memoryaccessesfor low latencyand paral-
lelism while enforcing proper dependence. It optimizesfor
speedin two ways: by finding accessesthat can be sched-
uled on the static interconnectthrough static promotion,
and by minimizing dependencesequentializationfor the
remaining accesses. Static promotion is performedus-
ing equivalenceclassunification and modulo unrolling;
memorydependencesareenforcedthroughexplicit synchro-
nization and software serial ordering. We have imple-
mentedMaps basedon the SUIF infrastructure. This pa-
per demonstratesthat theexclusiveuseof static promotion
yields roughly20-fold speedupon 32 tiles for our regular
applicationsand about5-fold speedupon 16 or more tiles
for our irregular applications. Thepaperalso showsthat
selectiveuseof dynamicaccessescan be a usefulcomple-
mentto themostlystaticmemorysystem.
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RapidlyimprovingVLSI technologyplacesbillion-transistor
chipswithin reachin thenext decade.Suchtransistorcapac-
ity expandsthespaceof feasiblearchitecturaldesignsfrom
what is possibletoday. One trend is to usethe increasing
resourcesto build a powerful centralizedprocessor, with a
large part of the transistorbudgetdevoted to the tasksof
out-of-orderissue,dynamicmanagementof instructionlevel�
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parallelism,andincreasinglysophisticatedkindsof specula-
tion. Suchan approach,however, makes designandveri-
fication difficult. It entailsquadratichardware complexity
andconnectivity, requiring long wires whoseperformance
doesnot scalewith technology. In addition, the approach
consumesmuch areawhile providing diminishing returns,
andit is poorly suitedfor emerging streamandmultimedia
applicationswhich demandsimplebut plentiful amountof
computingresourcesandhigh-throughputIO.

A Raw microprocessoradoptsadifferentapproach[15].
It constructsa powerful machinefrom simple processing
elements,which are replicatedand distributed acrossthe
chip. Instruction-level parallelismon this machinecanbe
orchestratedthroughspace-timescheduling[7]. By keep-
ing the processingelementssimple,a Raw microprocessor
candevotea largeamountof chipspaceto 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 many programs
to bekeptentirelyon chip.

A critical designissueis how to organizesuchalargeon-
chip memory. A fast,single-banked memoryof thatsizeis
generallyrecognizedto be infeasible. An on-chipversion
of multi-banked memorysuffers from the hardware com-
plexity of a centralizedunit servicingmultiple processing
elements,andit disruptsthe opportunityto exploit on-chip
locality betweenmemoryandprocessingelements.Without
on-chiplocality, anaveragememoryaccesscantraversehalf
thelengthof achip. In abillion-transistor, several-gigahertz
processor, suchanaccesswill becomea multi-cycle opera-
tion just from thewire delayalone.For example,extrapola-
tionsof currenttreadssuggestthatcrossinga chip will take
eightcyclesby 2003andforty cyclesby 2007[9].

A morenaturalorganizationis to distributethememory
banksalongwith theprocessingelements.TheRaw micro-
processoradoptsthis approach.It consistsof simple,repli-
catedtilesarrangedin a two-dimensionalinterconnect;each
Raw tile containsbotha processingelementanda memory
bank,aswell asa switch which providesdirect connectiv-
ity betweenneighbors. Unlike traditional memorybanks
which serve as subunits of a centralizedmemorysystem,
eachmemorybank on the Raw microprocessorfunctions
autonomouslyand is directly addressableby its local pro-
cessingelement,withoutgoingthroughalayerof arbitration
logic. This organizationenablesmemoryportswhich scale
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with thenumberprocessingelements.It supportsfastlocal
memoryaccesseswithout theneedfor globalcaches,which
consumeon-chipareaand introducea complex coherence
problem.

In accordancewith its designprinciple of keepingthe
hardwaresimpleto allow for plentiful resourcesanda fast
clock, a Raw microprocessordoesnot containany special-
ized hardware to support its distributed memory system.
Rather, remotememoryaccessesareperformedthroughtwo
generalinter-tile interconnects:a fast static network for
compiler analyzableaccessesand a slower, fail-safe dy-
namic network. Furthermore,the abstractionof a unified
memorysystemis implementedentirelyin software.

This paper presentsMaps, Raw’s compiler managed
memorysystemwhich maintainsa unifiedmemoryabstrac-
tion for sequentialprogramscorrectlyandefficiently. Maps
managescorrectnessby enforcing necessarymemory de-
pendencethroughexplicit synchronizationon thestaticnet-
work andanew techniquecalledsoftwareserialordering. It
managesefficiency by minimizingmemorydependenceand
by consideringthetradeoff betweenlocality, memoryparal-
lelism, andthe preferencefor staticaccessesover dynamic
accesses.Thesegoalsarerealizedthroughapplicationsof
traditionalpointerandarrayanalysis.Staticpromotion, the
processof creatingstaticaccesses,is performedusingtwo
new techniques.Equivalenceclassunificationcreatesstatic
accessesby usingpointeranalysisto guidetheplacementof
data,while modulounrolling createsstaticaccessesout of
regulararrayaccessesthroughunrolling.

From a more generalperspective, the static promotion
techniquesin this paperdescribehow to distribute datain
sequentialprogramsacrossmultiplememorybanksandhow
to disambiguatememoryaccessesto specificbanks. Suc-
cessfuldistributionenablesindependentparallelaccessesto
memory, while successfuldisambiguationleadsto two ad-
vantages.It allows memoryaccessesto be orchestratedby
thecompilerthroughthe faststaticnetwork, andit enables
thecompilerto performlocality optimizationsbasedon the
known locationof thataccess.Thesetechniquesareappli-
cableto any microprocessorhaving multiple memorybanks
with non-uniformaccesstimesandcompiler-exposedcom-
municationmechanisms.

We have implementeda SUIF-basedcompiler[16] that
implementsMaps by incorporatingstatic promotion and
software serial ordering. We have evaluatedit on several
densematrixapplications,streamapplications,andirregular
scientificapplications.Analysisof currentresultsleadsto
two basicconclusions.First, mostof our benchmarksde-
rive a significantperformanceimprovementfrom thehigher
bandwidthandfinerdisambiguationprovidedby Maps.Sec-
ond,thoughapurelystaticmemorysystemusuallyprovides
goodperformance,abettermemorysystemis amostlystatic
one in which dynamicaccessesplay a complementarybut
essentialrole.

Therestof thepaperis organizedasfollows. Section2
provides the architecturalbackground,compiler overview
andexecutionmodelfor Maps.Section3 describesthetradi-
tionalanalysistechniquesleveragedby Maps.Section4 de-
scribestechniquesfor staticpromotion.Section5 describes
supportfor dynamicaccesses.Section6 presentsresults,
Section7 discussesrelatedwork, andSection8 concludes.
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This sectionprovides somebackgroundfor Maps. It de-
scribesthe Raw architectureand its memorymechanisms.
It alsogivesanoverview of theRaw compiler, focusingon
its executionmodeland the issuesfacedby its Mapssub-
component.
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Figure1: A Raw microprocessoris a meshof tiles, eachwith a
processingelement,somememoryanda switch. The processing
elementcontainsregisters,ALU, andconfigurablelogic (CL). It in-
terfaceswith its local instructionanddatamemoryaswell as the
switch.Theswitchcontainsits own instructionmemory.

Raw architecture The Raw architecture[15] is designed
to addresstheissueof building a scalablearchitecturein the
faceof increasingtransistorbudgetsandwire delayswhich
do not scalewith technology. Figure1 depictsthelayoutof
a Raw machine.A Raw machineconsistsof simple,repli-
catedtiles arrangedin a two dimensionalmesh. Eachtile
hasits own processingelement,a portion of the chip’s to-
tal memory, anda switch. Theprocessoris a simpleRISC
pipeline,andthe switch is integrateddirectly into this pro-
cessorpipelineto supportfastregister-level communication
betweenneighboringtiles; a word of data travels across
onetile in oneclock cycle. Scalabilityon this machineis
achieved throughthe following designguidelines:limiting
thelengthof thewiresto thelengthof onetile; strippingthe
machineof complex hardwarecomponents;andorganizing
all resourcesin a distributed,decentralizedmanner.

Communicationon theRaw machineis handledby two
distinctnetworks,a fast,compiler-scheduledstaticnetwork
anda traditionaldynamicnetwork. The interfacesto both
of thesenetworks are fully exposedto the software. Each
switchonthestaticnetwork is programmable,allowing stat-
ically inferablecommunicationpatternsto beencodedin the
instructionstreamsof the switches. This approachelimi-
natesthe overheadof composingandrouting a directional
header, whichin turnallowsasinglewordof datato becom-
municatedefficiently. Furthermore,it allows thecommuni-
cation to be integratedinto the schedulingof instructions
at compile time. Accessesto communicationports have
blockingsemanticsthatprovide near-neighborflow control;
a processoror switch stalls if it is executingan instruction
thatattemptsto accessan emptyinput port or a full output
port. This specificationensurescorrectnessin thepresence
of timing variationsintroducedby dynamiceventssuchas
interruptsand I/O, and it obviates the lock-stepsynchro-
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nization of programcountersrequiredby many statically
scheduledmachines. The dynamicswitch is a traditional
wormholerouterthatmakesroutingdecisionsbasedon the
headerof eachmessagewhile guaranteeingin-orderdeliv-
eryof messages.It servesasafall-backmechanismfor non-
staticallyinferablecommunication.A processorhandlesdy-
namicmessagesvia eitherpolling or interrupts.

Memory mechanisms Fromthesecommunicationmech-
anisms,theRaw architectureprovidesthreewaysof access-
ing memory:localaccess,remotestaticaccess,anddynamic
access,in increasingorderof cost.A memoryreferencecan
be a local accessor a remotestaticaccessif it satisfiesthe
static residenceproperty — that is, (a) every dynamicin-
stanceof the referencemust refer to memoryon the same
tile, and(b) thetile hasto beknown atcompiletime. Theac-
cessis localif theRaw compilerplacesthesubsequentuseof
thedataon thesametile asits memorylocation;otherwise,
it is a remotestaticaccess.A remotestaticaccessworksas
follows. Theprocessoronthetile with thedataperformsthe
load,andit placesthe loadvalueonto theoutputport of its
staticswitch. Then,thepre-compiledinstructionstreamsof
thestaticnetwork routethe loadvaluethroughthenetwork
to the processorneedingthe data. Finally, the destination
processoraccessesits staticinput port to getthevalue.

If amemoryreferencefails to satisfythestaticresidence
property, it is implementedas a dynamicaccess. A load
access,for example,turnsinto a split-phasetransactionre-
quiring two dynamicmessages:a load-requestmessagefol-
lowed by a load-replymessage.Figure2 shows the com-
ponentsof a dynamicload. Therequestingtile extractsthe
residenttile andthelocal addressfrom the“global” address
of the dynamicload. It sendsa load-requestmessagecon-
taining the local addressto the residenttile. Whena resi-
denttile receivessucha message,it is interrupted,performs
the load of the requestedaddress,and sendsa load-reply
with therequesteddata.Thetile needingthedataeventually
receivesandprocessesthe load-replythroughan interrupt,
which storesthe received valuein a predeterminedregister
andsetsa flag. When the residenttile needsthe value, it
checksthe flag and fetchesthe value when the flag is set.
Notethattherequestfor a loadneedsnotbeonthesametile
astheuseof theload.

Tile x

load_request(x)

Tile y

load_handler

Tile z

load_repl_handler

y=wait_for_load()

Figure2: Anatomyof a dynamicload. A dynamicload is imple-
mentedwith a requestanda reply dynamicmessage.Note that the
requestfor a load needsnot be on the sametile as the useof the
load.

Table1 lists theend-to-endcostsof memoryoperations
as a function of the tile distance. The costsinclude both
the processingcostsand the network latencies. Figure 3
breaksdown thesecostsfor a tile distanceof two. Themea-
surementsshow that a dynamicmemoryoperationis sig-
nificantly moreexpensive thana correspondingstaticmem-

Distance 0 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

Table1: Costof memoryoperations.

ory operation.Part of the overheadcomesfrom the proto-
col overheadof usinga generalnetwork, but muchof the
overheadis fundamentalto thenatureof a dynamicaccess.
For example, a dynamic load requiressendinga load re-
questto thepropermemorytile, while astaticloadcanopti-
mizeawaysucharequestbecausethememorytile is known
at compile time. The needfor flow control and message
atomicity to avoid deadlocksfurthercontributesto the cost
of dynamicmessages.Finally the inherentunpredictability
in thearrival orderandtiming of messagesrequiresexpen-
sive receptionmechanismssuchaspolling or interrupts.In
thestaticnetwork, its blockingsemanticscombinewith the
compile-timeorderingandschedulingof staticmessagesto
obviatetheneedfor expensive receptionmechanisms.

request memory use

cycles
0
+

10
,

20
-

30
.

40
/

net. net.

static store

static load

dynam. store
0

dynam. load
0

Figure3: Breakdown of the costof memoryoperationsbetween
tiles two units apart. Highlightedportionsrepresentprocessoroc-
cupancy, while unliftedportionsportionrepresentsnetwork latency.

Compilation overview and execution model Figure 4
outlinesthe structureof Rawcc, the Raw compilerbuilt on
topof SUIF[16]. RawccacceptssequentialC or FORTRAN
programsandautomaticallyparallelizesthemfor aRaw ma-
chine.Thecompilerconsistsof two mainphases,Mapsand
thespace-timescheduler.

Thegoalof Mapsis to provide efficientuseof hardware
memorymechanismswhile ensuringcorrectexecution.This
goalhingeson threeissues,identificationof staticaccesses,
supportfor memoryparallelism,andefficient enforcement
of memorydependences.The primary goal of Maps is to
identify static accesses.As shown in Table 1, static ac-
cessesareseveral times fasterthandynamicaccesses,and
they enablelocality optimizationby the space-timesched-
uler to co-locatedatawith thecomputationwhich accessit.
In addition,Mapsattemptsto provide memoryparallelism
by distributing dataacrosstiles. Not only doesit distribute
differentobjectsto different tiles, it alsodividesup aggre-
gateobjectssuchasarraysandstructsanddistributesthem
acrossthe tiles. This distribution is importantasit enables
parallelaccessesto differentpartsof theaggregateobjects.
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C or Fortran program

Build cfg

Traditional dataflow optimizations

Raw executable

Space−time scheduler

Pointer analysis/ Array analysis

Static Promotion	 Maps

Software serial ordering

Figure4: Structureof theRaw compiler

For correctness,Mapsmustensurethat thememoryac-
cessesoccurringondifferenttilesobey thedependencesim-
pliedby theoriginalserialprogram.Threetypesof memory
dependencesneedto beconsidered:thosebetweenstaticac-
cesses,thosebetweendynamicaccesses,andthosebetween
a staticanda dynamicaccess.Dependencesbetweenstatic
accessesareeasilyenforced.Referencesmappedto different
memorybanksarenecessarilynon-conflicting,so thecom-
piler only needsto avoid reorderingpotentially dependent
memoryaccesseson eachtile. The real difficulty comes
from dependencesinvolving dynamicaccesses,becauseac-
cessesmadeby differenttilesmaypotentiallybealiasedand
requireserialization. Mapsusesa combinationof explicit
synchronizationanda new techniquecalledsoftwareserial
orderingto enforcethesedependences.

Thespace-timeschedulerfollows theanalysisandcode
transformationsin Maps. It parallelizesthe computation
in eachforward control flow region acrossthe processors.
During this process,it usesthedatadistribution anddisam-
biguationinformationprovidedby Maps,andit respectsany
dependenceandserializationrequirementsof Maps. Paral-
lelization is achieved by statically distributing the instruc-
tions acrossthe tiles andorchestratingany necessarycom-
municationat theregisterlevel over thestaticnetwork. The
decisionof how to mapinstructionsis madewhile consider-
ing thetradeoffs betweenlocality, parallelism,andcommu-
nicationcost. During execution,the instructionstreamson
different tiles cooperateto exploit parallelismin a forward
controlflow region oneregion at a time. Individual instruc-
tion streamsproceedin a looselysynchronousmanner, com-
municatingonly whenthereareregisterdependencesandat
theendof theforwardcontrolflow regions.For moredetails
on thespace-timescheduler, pleasereferto [7].

1 � � ��2 34��� �5�76 �#8 � � 9$��6:�
Mapsemploys several traditionalanalysistechniquesto en-
hancethe effectivenessof its mechanisms.The techniques
include pointer analysisand array analysis. This section
briefly presentstheinformationthey provide.

Pointeranalysisis leveragedfor threepurposes:mini-
mizationof dependenceedges,equivalenceclassunification,
andsoftwareserialordering. MapsusesSPAN, a state-of-
the-artpointeranalysispackage[12]. Pointeranalysisdeter-
minesthe groupof abstractdataobjectseachmemoryref-

erencecanreferto. An abstractobjectis eithera staticpro-
gramobject,or it is a groupof dynamicobjectscreatedby
thesamememoryallocationcall in the staticprogram.An
entirearrayis considereda singleobject,but eachfield in a
structis considereda separateobject.Pointeranalysisiden-
tifies eachabstractobjectby a uniquelocation setnumber.
It thenannotateseachmemoryreferencewith a locationset
list, a list of locationsetnumberscorrespondingto theob-
jects that the memoryreferencecan refer to. Figure 5(a)
shows pointeranalysisappliedto a sampleprogram.Object
creationsitesareannotatedwith their assignedlocationset
numbers.A structis markedwith multiple locationsetnum-
bers,one for eachof its field. For simplicity, locationset
numbersareassignedonly to non-pointerobjects;in reality
all objectsareassignedsuchnumbers.Eachmemoryrefer-
enceis markedwith the locationsetnumbersof theobjects
it canreference.

Maps definesthe conceptof alias equivalenceclasses
from the program’s location set lists. Alias equivalence
classesform thefinestpartitionof the locationsetnumbers
suchthateachmemoryaccessrefersto locationsetnumbers
in only oneclass.Mapsderivestheclassesasfollows. First,
it constructsa bipartite graph. A node is constructedfor
eachabstractobjectandeachmemoryreference.Edgesare
constructedfrom eachmemoryreferenceto theabstractob-
jectscorrespondingto thereference’s locationsetlist. Then,
Maps finds the connectedcomponentsof this graph. The
locationsetnumbersin eachconnectedcomponentform a
single aliasequivalenceclass. Note that referencesin the
samealias classcan potentially alias to the sameobject,
while referencesin differentclassescannever refer to the
sameobject. Figure5(b) shows thebipartitegraphandthe
equivalenceclassesin our sampleprogram.

Maps usesa combinationof pointer analysisand ar-
ray analysisto identify any potentialdependencesbetween
memory references. The location set lists provided by
pointeranalysisgive preciseobject-level dependenceinfor-
mation: only memoryreferenceswith commonelementsin
theirlocationsetlistscanreferto thesamedataobjectandbe
potentiallymemorydependent.For arrays,however, pointer
analysisdoesnotdistinguishbetweenreferencesto different
elementsin anarray, sothatreferencepairssuchas ;=<?>A@ and;=< B�@ are analyzedto be dependent.For thesereferences,
Maps usestraditional array dependenceanalysisto obtain
finergraineddependenceinformation[10].

CED��7�:�	� �GF�
��$HI���	� � � ��J�HI6 HI��
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Staticpromotionis theactof makinga referencesatisfythe
static residenceproperty. Without analysis,the Raw com-
piler is facedwith two unsatisfactorychoices:mapall the
datato a singletile, which makesall memoryaccessestriv-
ially staticat a costof no memoryparallelism;or distribute
all data,which enablesmemoryparallelismbut requiresex-
pensive dynamicaccesses.This sectiondescribestwo com-
piler techniquesfor staticpromotionwhich preserve some
memoryparallelism.Section4.1describesequivalenceclass
unification,a generalpromotiontechniquebasedon theuse
of pointer analysisto guide the placementof data. Sec-
tion 4.2 describesmodulounrolling, a codetransformation
techniqueapplicableto mostarrayreferencesin theloopsof
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Tile 0 Tile 1

(a) (c)

struct foo {
  int x,y,z;
} ;

vL oid f(int cond) {
  struct foo f;
  int ctr;
  struct foo *pf, *p;
  int *q, * r;

  pf = (struct foo * )
      malloc(sizeof(struct foo));
  
  f.y = 2;
  p = cond ? &f : pf;
  p->x = 1;
  q = cond ? &f.y : & f.z;
  *q = 3;
  r = cond ? &f.x : &ctr;
  * r = 4;
}

/
M
/ assign: 1,2,3

/
M
/ assign: 4

/
M
/ assign: 5,6,7

/
M
/ ref: 2

/
M
/ ref: 1,5

/
M
/ ref: 2,3

/
M
/ ref: 1,4






/
M
/ equivalence classes:

/
M
/   {1,4,5}

/
M
/ equivalence classes:

/
M
/   {2,3},{6},{7}

struct foo {
  int y,z;
} ;

vL oid f(int cond) {
  struct foo f;
  int *q;
  // padding for
  // stack alignment

  f.y = 2;
  q = cond ? &f.y : &f.z;
  *q = 3;
}

struct foo {
  int x,padding;
} ;

vL oid f(int cond) {
  struct foo f;
  int ctr;
  struct foo *pf, *p;
  int * r;

  pf = (struct foo * )
     global_malloc(8);
  p = cond ? &f : pf;
  p->x = 1;
  r = cond ? &f.x : &ctr;
  * r = 4;
}

(b)

1:x

2:y

3
N
:z

5
O
:x

6
P
:y

7
Q
:z

4
R
:ctr

f
S
.y = 2

pT ->x = 1

*q = 3

*r = 4

f

malloc

equivalence classes:
{1,4,5},{2,3},{6},{7}

Figure5: A sampleprogramprocessedthroughpointeranalysisandECU.(a)shows theprogramannotatedwith theinformationprovidedby
pointeranalysis.The arrows representmemorydependencesderived from pointeranalysis.(b) shows its bipartitegraphandits equivalence
classes.(c) shows theprogramafterit is distributedthroughECUandspace-timescheduling.

scientificapplications.Section4.3 explainsthe limitations
of staticpromotionandmotivatesthe needfor an effective
dynamicfall-backmechanism.
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Equivalenceclassunification (ECU) is a static promotion
techniquebasedon pointeranalysis.It usesthealiasequiv-
alenceclasseswe derive from pointeranalysisto helpguide
theplacementof data.ECUpromotesall memoryreferences
in asinglealiasequivalenceclassby placingall objectscor-
respondingto that classon the sametile. By mappingob-
jectsfor every aliasequivalenceclassin sucha manner, all
memoryreferencescanbestaticallypromoted.By mapping
differentaliasequivalenceclassesto differenttiles,memory
parallelismcanbeattained.

Elementsin aggregateobjectssuchasarraysandstructs
areoftenaccessedclosetogetherin thesameprogram.Dis-
tributionandstaticpromotionof arraysareaddressedin Sec-
tion 4.2. For structs,SPAN differentiatesbetweenaccesses
to differentfields,so that fieldsof a structcanbe in differ-
entaliasequivalenceclassesanddistributedacrossthetiles.
Figure5(c) shows how equivalenceclassunification is ap-
plied to our sampleprogram. Note that aggregateobjects
distributedacrossmorethanonetile have thesamememory
addresson eachtile. This propertyallows a singlepointer
to refer to the entireobject,andit enablesaddresscompu-
tationto bemappedto any arbitrarytile. Thealignmentre-
quirementis ensuredby doing the appropriatepaddingon
thedistributedobjects,stack,andheap.

CVU � _ �`�$�Y2 �a� � 
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Themajor limitation of equivalenceclassunificationis that
an array is treatedasa singleobjectbelongingto a single
equivalenceclass.Mappinganentirearrayto asinglemem-
ory banksequentializesaccessesto that arrayanddestroys
the parallelismfound in many loops. Therefore,we usea

differentstrategy to handlethestaticpromotionof arrayac-
cesses.First, arraysare laid out in memorythrough low-
order interleaving. In this scheme,consecutive elements
of an arrayare interleaved in a round-robinmanneracross
thememorybankson theRaw tiles. We thenapplymodulo
unrolling, a codetransformationtechniquewhich statically
promotesarrayaccessesin loops.

Modulounrollingis aframework for determiningtheun-
roll factorneededto staticallypromoteall arrayreferences
insidea loop. We illustratethis techniquethrougha simple
example. Considerthe sourcecodein Figure6(a). Using
low-orderinterleaving, thedatalayoutfor arrayA onafour-
tile Raw machineis shown in Figure6(b). In theloop, suc-
cessive A[i] accessesrefer to memorybankson tile 0, 1, 2,
3, 0, 1, 2, 3, etc. The edgesout of any accesspoint to the
memorybankstheaccessrefersto. As we cansee,theA[i]
accessin Figure 6(a) refersto memorieson all four tiles.
Hencetheaccessaswrittencannotbestaticallypromoted.

Intelligentunrolling, however, canenablestaticpromo-
tion. Figure6(c) shows the resultof unrolling the codein
Figure6(a) by a factor of four. Now, eachaccessalways
refersto elementson the samememorybank. Specifically,
A[i] alwaysrefersto tile 0, A[i+1] to tile 1, A[i+2] to tile
2, andA[i+3] to tile 3. Therefore,all resultingaccessescan
bestaticallypromoted.It canbe shown that this technique
is alwaysapplicablefor loopswith arrayaccesseshaving in-
diceswhich areaffine functionsof enclosingloop induction
variables. Theseaccessesareoften found in densematrix
applicationsandmultimediaapplications.For a detailedex-
planationandthesymbolicderivationof theunrollingfactor,
see[1].

CVU 1 b �	6:�5J
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A compiler can statically promote all accessesthrough
equivalence-classunification alone, and modulo unrolling
helpsimprovememoryparallelismduringpromotion.There
areseveral reasons,however, why it maybe undesirableto
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for    i    =    0   to   99  step  4  do

A[ i  + 0] =  ....

endfor

A[ i  + 1] =  ....

A[ i  + 2] =  ....

A[ i  + 3] =  ....

(c)(b)(a)

for    i    =    0   to   99  do

A[ i ] =  ....

endfor

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

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

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

....

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

Tile 0 Tile 1 Tile 2 Tile 3

Unrolling
Modulo

Figure6: Exampleof modulounrolling. (a)shows theoriginalcode;(b) shows thedistribution of arrayA ona4-tile Raw machine;(c) shows
thecodeafterunrolling. After unrolling,eachaccessrefersto memoryononly onetile.

promoteall references.First, modulounrolling sometimes
requiresunrolling of more than one dimensionof multi-
dimensionalloops.Thisunrollingcanleadto excessivecode
expansion. To reducethe unrolling requirement,someac-
cessesin theseloops can be madedynamic. In addition,
static promotion may sometimesbe performedat the ex-
penseof memoryparallelism. For example,indirect array
accessesof theform ;d< ef< gh@�@ cannotbepromotedunlessthe
array ;d< @ is placedentirelyon a singletile. This placement,
however, yields no memoryparallelismfor ;=< @ . Instead,
Maps can chooseto forgo static promotionand distribute
thearray. Indirectaccessesto thesearrayswould beimple-
menteddynamically, which yields betterparallelismat the
costof higheraccesslatency. Moreover, dynamicaccesses
canimprove performanceby not destroying staticmemory
parallelismin critical partsof the program. Without it, ar-
rayswith mostlyaffineaccessesbut a few irregularaccesses
would have to bemappedto onetile, thuslosingall poten-
tial memoryparallelismto thearrays.Finally, dynamicac-
cessescanincreasethe resolutionof equivalenceclassuni-
fication. A few isolated“bad references”maycausepointer
analysisto yield very few equivalenceclasses. By selec-
tively removing thesereferencesfrom promotionconsidera-
tion, moreequivalenceclassescanbe discovered,enabling
betterdatadistribution andimproving memoryparallelism.
Themisbehaving referencescanthenbeimplementedasdy-
namicaccesses.

For thesereasons,it is important to have a good fall-
backmechanismfor dynamicreferences.More importantly,
suchmechanismmustintegratewell with thestaticmecha-
nism.Thenext sectionexplainshow thesegoalsareaccom-
modated.

For a given memoryaccess,the choiceof whetherto
usea staticor a dynamicaccessis not alwaysobvious. Be-
causeof thesignificantlylower overheadof staticaccesses,
thecurrentMapssystemmakesmostaccessesstaticby de-
fault, with oneexception. Arrays with any affine accesses
are always distributed,and two typesof accessesto those
arraysareimplementedasdynamicaccesses:non-affine ac-
cesses,and affine accesseswhich requireexcessive unroll
factorsfor static promotion. Automaticdetectionof other
situationswhich canbenefitfrom dynamicaccessesis still
ongoingresearch.However, Section6 shows two programs,
UnstructuredandMoldyn, whoseperformancecan be im-
provedwhendynamicaccessesareselectively employed.

i�D^�YF$FY��
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Mapsprovidesmechanismsfor correctnessandefficiency of
dynamicaccesses.For correctness,Mapsenforcesmemory
dependencesinvolving dynamicaccessesthroughstaticsyn-
chronizationandsoftware serial ordering. Mapsimproves
performanceby reducingthe amountof dependencesthat
needto beenforcedthroughepochsandmemoryupdateop-
erations.

i`U �XWV� J
��
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Mapshandlesdependencesinvolving dynamicaccesseswith
two separatemechanisms,onefor the type of dependences
betweena staticaccessanda dynamicaccess,andonefor
the typeof dependencesbetweentwo dynamicaccesses.A
static-dynamicdependencecanbeenforcedthroughexplicit
synchronizationbetweenthe staticreferenceandeitherthe
initiation or thecompletionof thedynamicreference.When
a dynamicstoreis followedby a dependentstaticload,this
synchronizationrequiresan extra dynamicstoreacknowl-
edgmentmessageat the completionof the store. Because
thesourceanddestinationtiles of thesynchronizationmes-
sageareknown at compile-time,themessagecanberouted
on thestaticnetwork.

Enforcingdependencesbetweendynamicreferencesis
a little moredifficult. To illustrate this difficulty, consider
the dependencewhich ordersa dynamicstorebeforea po-
tentially conflicting dynamicload. Becauseof the depen-
dence,it would not becorrectto issuetheir requestsin par-
allel from differenttiles. Furthermore,it would not suffice
to synchronizethe issuesof the requestson different tiles.
This is becausethereare no timing guaranteeson the dy-
namicnetwork: evenif thememoryoperationsareissuedin
correctorder, they maystill bedeliveredin incorrectorder.
Oneobvious solutionis completeserializationasshown in
Figure7(a), wherethe later memoryreferencecannotini-
tiate until the earlierreferenceis known to complete.This
solution,however, is expensivebecauseit serializestheslow
round-triplatenciesof thedynamicrequests,andit requires
storecompletionsto beacknowledgedwith a dynamicmes-
sage.

We proposesoftware serial ordering to efficiently en-
sure such dependences.Figure 7(b) illustratesthis tech-
nique. Software serial orderingleveragesthe in-order de-
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P1 P2

M1 M2

P1 P2

M1 M2

T

(a) (b)

loadstore

loadstore

Figure 7: Two methodsfor enforcingdependencesbetweendy-
namicaccesses.P1andP2areprocessingnodesinitiating two po-
tentially conflicting dynamicrequests;both diagramsillustratean
instancewhenthe two requestsdon’t conflict. M1 andM2 arethe
destinationsof the memoryrequests.The light arrows are static
messages,the dark arrows aredynamicmessages,andthe dashed
arrows indicateserialization.Thedependenceto beenforcedis that
the storeon P1 mustprecedethe load on P2. In (a), dependence
is enforcedthroughcompleteserialization. In (b), dependenceis
enforcedthroughsoftwareserialordering. T is the turnstilenode.
The only serializationpoint is the launchesof the dynamicmem-
ory requestsat T. Note that Raw tiles arenot specialized;any tile
canserve in any or all of the following roles,asprocessingnode,
memorynode,or turnstilenode.

livery of messageson the dynamic network betweenany
source-destinationpair of tiles. It works asfollows. Each
equivalenceclassis assigneda turnstile node. The role of
the turnstileis to serializetherequestportionsof themem-
ory referencesin thecorrespondingequivalenceclass.Once
memoryreferencesgo throughthe turnstile in the right or-
der, correctbehavior is ensuredfrom threefacts. First, re-
questsdestinedfor different tiles mustnecessarilyrefer to
differentmemorylocations,so thereis no memorydepen-
dencewhich needsto be enforced. Second,requestsdes-
tinedfor thesametile aredeliveredin orderby thedynamic
network,asrequiredby thenetwork’sin-orderdeliveryguar-
antee.Finally, a memorytile handlesrequestsin the order
they aredelivered.

Note that in orderto guaranteecorrectorderingof pro-
cessingof memoryrequests,serializationis inevitable. Our
systemkeepsthis serializationlow, and it allows the ex-
ploitation of parallelismavailablein addresscomputations,
latency of memoryrequestsandreplys,andprocessingtime
of memoryrequeststo different tiles. For efficiency, soft-
ware serial orderingemploys the static network to handle
synchronizationanddatatransferwhenever possible. Fur-
thermore,differentequivalenceclassescanemploy different
turnstilesandissuerequestsin parallel.Interestingly, though
the systemenforcesdependencescorrectly while allowing
potentiallydependentdynamicaccessesto be processedin
parallel, it doesnot employ a singleexplicit checkof run-
time addresses.

i`U � m 3 � ��HK� �K�$F �	�?HK� n��:�	� � � �
Epochs Without optimizations,all dynamicmemoryre-
questsin a singlealiasequivalenceclasshave to go through

aturnstilefor theentiredurationof theprogram.If thecom-
piler schedulesa dynamicmemoryrequeston a tile other
thanits turnstile,it would have to separatelyguaranteethat
the memoryrequestdoesnot get reorderedwith any past
or futurepotentiallydependentreferenceson its way to the
memorytile. In the generalcase,this requirementis pro-
hibitively expensive andprovidesnobenefit.

Sometimes,however, Maps can determinethat all the
dynamicmemoryaccessesto analiasequivalenceclassin a
region of theprogramareindependentfrom eachother. We
cansucharegionanepoch. A trivial exampleof anepochis
aregionwhosedynamicaccessesto anequivalenceclassare
all loads.Otherepochdetectionmechanismsincludepointer
analysis,array dependenceanalysis,and relative memory
disambiguation.

In epochs,it would be desirableto disablethe turnstile
andallow the accessesto proceedindependentlyandwith-
out serialization. Maps supportsepochsby placing mem-
ory barriersbeforeand after the region. The barriersare
implementedby explicitly checkingfor the completionof
all accessesthroughload-replysor store-acknowledgments.
Though barriersare expensive operations,their costscan
easilybeamortizedaway if anepochincludesoneor more
time-intensive loops.

Updates Updatesarememoryhandlerswhich implement
simple read/modify/writeoperationson memoryelements.
They take advantageof the generality of Raw’s active-
messagedynamicnetwork. The compilermigratessimple
read/modify/writememoryoperationsfrom the main pro-
gramto thememoryhandlers.Themodify operationis re-
quired to be both associative and commutative. Common
examplesinclude increment/decrement,add,multiply, and
max/min.

Updatesimprove performanceof dynamicaccessesin
threeways. First, a programcan dispatchan updatejust
likeastoreandthenproceedwithoutwaiting for its comple-
tion. Second,an updatecollapsestwo expensive andserial
dynamicmemoryoperations,a load anda store,into one.
Finally, the associativity andcommutativity of the updates
effectively removesdependencesbetweendifferentupdates.
This eliminationcanhelp increasethe utility of epochsby
finding regionswith independentupdatesto analiasequiva-
lenceclass.

o p 6:�A�$2 �7�
We have implementedMapson Rawcc, the Raw compiler
basedontheSUIFcompilerinfrastructure[16]. Thissection
presentsevaluationof Maps. Evaluationis performedon a
cycle-accuratesimulatorof the Raw microprocessor. The
simulatorusesa MIPS R2000astheprocessingelementon
eachtile. It faithfully modelsboth the staticanddynamic
networks, including any contentioneffects. Application
speedupis derived from comparisonwith the performance
of codegeneratedby theMachsuifMips compiler[14] exe-
cutedon theR2000processingelementof a singleRaw tile.
To exposeinstructionlevel parallelismacrossbasicblocks,
Rawcc employs loop unrolling andcontrol localization[7].
Inner loopsareusuallyunrolledasmany timesasthereare
numberof tiles.
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Benchmark Type Source Lines Seq.RT PrimaryArray Description
of code (cycles) size(words)

Cholesky DenseMat. Nasa7:Spec92 126 34.3M 16 q 16 q 32 Cholesky Decomposition/Substitution
Swim DenseMat. Spec95 486 96.2M 513q 33 Shallow WaterModel
Tomcatv DenseMat. Spec92 254 78.4M 32 q 32 MeshGenerationwith Thompson’sSolver
Vpenta DenseMat. Nasa7:Spec92 157 21.0M 32 q 32 Inverts3 PentadiagonalsSimultaneously
Ocean DenseMat. Splash/Jade 1174 309.7M 256q 256 OceanMovementSimulation

Adpcm Multimedia Mediabench 295 2.8M 10240 Speechcompression
SHA Multimedia PerlOasis 608 1.0M 512q 16 SecureHashAlgorithm
MPEG-kernel Multimedia UC Berkeley 86 14.6K 32 q 32 MPEG-1VideoSoftwareEncoderkernel

Moldyn Irreg. Sci. CHAOS 805 63M 256q 3, 32000q 2 MolecularDynamics
Unstructured Irreg. Sci. CHAOS 850 150M 17377q 3 ComputationalFluid Dynamics

Table2: Benchmarkcharacteristics.ColumnSeq.RTshowstherun-timefor theuniprocessorcodegeneratedby theMachsuifMIPScompiler.

Table2 givesthecharacteristicsof thebenchmarksused
for the evaluation. Benchmarksinclude five densematrix
applications,three multimedia applications,and two sci-
entific applicationswith irregular memoryaccesspatterns.
They areall sequentialprograms.Somebenchmarksarefull
applications;othersarekey kernelsfrom full applications.
Cholesky andVpentaareextractedfrom Nasa7of Spec92.
MPEG-kernelis theportionof MPEGwhich takesup 70%
of the total run-time. Becausethe Raw simulatorcurrently
doesnotsupportdouble-precisionfloatingpoint,all floating
pointoperationsareconvertedto singleprecision.

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

Cholesky 0.88 1.75 3.33 6.24 10.22 17.15
Swim 0.88 1.43 2.70 4.47 8.97 17.81
Tomcatv 0.92 1.64 2.76 5.52 9.91 19.31
Vpenta 0.78 1.90 3.36 7.06 12.17 20.12
Ocean 0.88 1.16 1.97 3.05 4.09 4.51

Adpcm 0.97 0.99 1.19 1.23 1.13 1.13
SHA 0.96 1.18 1.63 1.53 1.44 1.42
MPEG-kernel 0.90 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 2.57 3.11 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 throughequivalenceclassunification and modulo unrolling.
Speedupcomparestherun-timeof theRawcc-compiledcodeversus
therun-timeof thecodegeneratedby theMachsuifMIPScompiler.

Table3 shows thespeedupsattainedby thebenchmarks
for Raw microprocessorsfor a varying number of tiles.
For Moldyn and Unstructured,we presentresultsfor two
different versions. The original versionsare written in a
FORTRAN-likestyle,usingarrayof basetypesto represent
their data. The new versionshave betterdataabstraction;
they usea collection of structsto representthe program’s
objects.

All thebenchmarksexceptoceanarecompiledwith full
staticpromotion. In ocean,dynamicaccessesareusedfor
two purposes.First, affine arrayaccessesin theouterloops
areconvertedto dynamicaccessesin order to avoid multi-
dimensionalunroll asrequiredby staticpromotionthrough
modulounrolling. Second,dynamicaccessesareusedfor
arrayaccesseswhichcannotbedeterminedto beaffinewith-
out inter-proceduralanalysisandinlining.

Ourresultsin Table3 show thatRawccwith Mapsis able

to orchestratethe 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,andspeedupsof 4-8 for non-densematrix codes
with a reasonableamountof ILP. Thedensematrix applica-
tionsandMPEG-kernelhavea lot of parallelism,with loops
whoseparallelismscalewith theamountof unrolling. Mol-
dyn andUnstructuredhave a modestamountof parallelism.
They haveparallelismbothwithin loop iterationsandacross
iterations,but loop carrieddependenceseventuallylimit the
amountof parallelismexposedby unrolling. Note that the
speedupfor Moldyn is obtainedwithout specialhandling
of the reductionin its time-intensive loop. Its performance
shouldimprove furtherwith reductionrecognition.Finally,
Adpcm andSHA have little parallelism. Their work both
within andacrossiterationsis mostlyserial.

Comparisonsbetweenthe two versionsof Unstructured
andMoldyn show thatour promotiontechniquesareeffec-
tive in providing memoryparallelismfor bothprogramming
styles.While thestructversionsusearraysof structsto rep-
resenttheir data,thearrayversionsusetwo-dimensionalar-
rayswith theseconddimensionrepresentingthefieldsof 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-
posedthroughequivalenceclassunification. The different
speedupsfor the two versionsareaccountedfor by details
concerningaddresscalculationcostsand opportunitiesfor
optimizationof thosecosts.
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Figure8 measuresthe benefitsof our staticpromotion
techniqueson overall speedups.It comparesthe speedups
on 32 tiles for threepromotionstrategies:no analysis,ECU
only, and full promotionusingboth ECU andmoduloun-
rolling. Withoutanalysis,accessescanbepromotedtrivially
by mappingall datato onetile. Our results,however, show
that this promotionstrategy leadsto low speedupsranging
from oneto four becauseit providesnomemoryparallelism
andno datalocality. ECU aloneyields sufficient memory
parallelismto attainthemodestoverall speedupsfor the ir-
regular applicationssuchasAdpcm, SHA, Moldyn-struct,
andUnstructured-struct.Full Mapspromotion,however, is
necessaryto exploit the large amountparallelismavailable
in themoreregularapplications.Figure9 breaksdown the
utilization of our two techniquesin full Mapspromotion.It
shows for eachapplicationthepercentageof aggregateob-
jects whosereferencesare promotedthroughECU versus
thosethatarepromotedthroughmodulounrolling.
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Figure 9: Percentageof arrayswhosereferencesare promoted
throughmodulounrolling versusthosethat arepromotedthrough
equivalenceclassunification(ECU).

The resultsin Figure 8 may have implicationsbeyond
Raw. They show that applicationswith a lot of ILP often
have high memorybandwidthrequirements.Theseapplica-
tions would perform poorly on a systemwith many func-
tionalunitsbut limited memorybandwidth.A Raw machine
with trivial static promotionfits this architecturaldescrip-
tion, asdosuperscalarsandcentralizedVLIWs with central-
ized memorysystems.In addition, the Raw machinewith
trivial promotionsuffershigh memorylatency dueto a lack
of locality betweenthe processorsandthe singlememory;
this latency is analogousto themulti-cycleon-chipwire de-
lays conventionaldesignswill likely suffer in future VLSI
technologies.Facedwith similarproblems,conventionalar-
chitecturesmaywell find thatasoftware-exposeddistributed
memorysystemcombinedwith a Maps compiler can im-
prove its performancethesameway it improvestheperfor-
manceof aRaw machine.

Memory distrib ution and utilization Wemeasuretheef-
fectivenessof our compilation techniquesin utilizing the
Raw hardware. We considertwo metrics: memorydistri-
bution andmemorybandwidthutilization. In general,bal-
anceddatadistribution is desirablebecauseit minimizesthe
per-tile memoryneededto run anapplication,andit allevi-
atesthe needto build large andcentralizedmemorywhich

is also fast. Memory bandwidthutilization measureshow
well an applicationtakes advantageof Raw’s independent
memorybanks. It dependson the amountof memorypar-
allelismexposedby Mapsandtheamountof parallelismin
theapplication.
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Figure10 shows thedistribution of primarydataacross
tiles for our benchmarksexecutingon 32 tiles. Most of the
densematrix codesare able to fully distribute their data;
SwimandCholesky areonly ableto partiallydistributetheir
databecauseof their smallproblemsizes,but their distribu-
tions becomebalancedwith larger problemsizes. MPEG-
kernelcannotemploy only staticmemoryaccessesandstill
befully distributed,but thenext subsectionshows thatwith
a small sacrificein performance,its datacan be fully dis-
tributed.Therestof theapplicationscanpartially distribute
theirdataacrossa rangeof threeto sixteentiles.
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Figure 11 measuresthe weightedmemory bandwidth
utilization of a 32-tile machine. It plots the percentageof
memoryreferencesbeing issuedin a clock cycle when a
givennumberof tiles is simultaneouslyissuingmemoryre-
quests. Resultsshow that except for the two highly serial
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Figure12: Speedupsof benchmarkswith optimizeddynamicaccesses.

benchmarks(AdpcmandSHA), all thebenchmarksareable
to exploit at leasta smallamountof parallelmemoryband-
width. On thepositive end,MPEG-kernelandall thedense
matrixapplicationshaveat least20%of theiraccessesbeing
performedoncycleswhich issuefiveor moreaccesses,with
Vpentaenjoying 10-way memoryparallelismfor over 20%
of its accesses.

Exposingmemory parallelism thr oughdynamic accesses
Staticaccessesareusuallybetterthandynamicaccessesbe-
causeof their low overhead. Sometimes,however, static
accessescan only be attainedat the expenseof memory
parallelism. MPEG-kernel,Unstructured,andMoldyn are
benchmarkswith irregular accesseswhich cantake advan-
tageof high memoryparallelism.This sectionexaminesthe
opportunityof increasingthe memoryparallelismof these
programsby distributing their arraysandusingdynamicac-
cessesto 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 0.54 0.61 0.67 0.68
Unstruct 0.76 0.24 0.37 0.55 0.73 0.83

Table4: Benchmarkspeedupwith all arraysdistributed,with irreg-
ular arrayreferencesimplementedthroughdynamicaccesseswith
softwareserialordering.

Table 4 shows the performanceof the aforementioned
benchmarkswhen all arraysare distributed. Irregular ac-
cessesare implementedthrough dynamic accesses,with
softwareserialorderingto ensurecorrectness.Resultsfor
Moldyn andUnstructuredarepoor, with slowdowns for all
configurations.MPEG-kernelattainsspeedupbut is twice
asslow asits purely staticspeedup.This result is not sur-
prising: dynamicaccessesserializedthrougha turnstile is
provably slower than correspondingstatic accessesserial-
ized through a memory node. To reap benefit from the
exposedmemoryparallelism,serializationof dynamicac-
cesseshasto bereducedthroughepochandupdateoptimiza-
tions. Currently, epochgenerationhasnot beenautomated,
soourevaluationof thesetechniquesusesahand-codedim-
plementationof epochs.To simplify this task,we applyour
optimizationson a selectedloop from eachof Moldyn and
Unstructured,in additionto thefull MPEG-kernel.Theloop

we selectfrom Moldyn accountsfor 86% of the run-time.
In Unstructured,many of the loopswith irregular accesses
have similar structure; we selectone such representative
loop. Figure12 shows the performanceof dynamicrefer-
enceswhenepochandupdateoptimizationsareappliedto
theseapplications,comparedwith theunoptimizeddynamic
performanceandthe staticperformance.It shows that the
dynamicoptimizationsareeffectivein reducingserialization
andattainingspeedup.All threebenchmarksbenefitfrom
epochs,while Moldyn and Unstructuredbenefit from up-
datesaswell. Together, theoptimizationscompletelyelimi-
natetheturnstileserializationfor theseapplications.

The speeduptrends of these applicationsreflect the
amountof available memory parallelism. For static ac-
cesses,the amountof memoryparallelismthat can be ex-
posedthroughECUis limited to thenumberof aliasequiva-
lenceclasses.Dependingon theaccesspatterns,theamount
of usefulmemoryparallelismmay be lessthan that. This
level of memoryparallelismdoesnotscalewith thenumber
of tiles. For a smallnumberof tiles, ECU is ableto expose
enoughparallelismto satisfythenumberof processingele-
ments. But for larger numberof tiles, insufficient memory
parallelismcausesthespeedupcurve to level off.

In contrast,theuseof dynamicaccessesallow arraysto
be distributed, which in turn exposesmemoryparallelism
scalablewith the numberof tiles. As a result, the speedup
curvefor optimizeddynamicscalesbetterthanthatfor static.
For upto 16tiles,staticoutperformsoptimizeddynamic;for
32 tiles,optimizeddynamicactuallyoutperformsstatic,and
thetrendsuggeststhatoptimizeddynamicwill increasingly
outperformstaticfor even largernumberof tiles. Note that
for thedynamicexperiment,only theirregularaccesseswere
selectively madedynamic,the affine arrayaccessesandall
scalardatawerestill accessedon thestaticnetwork.

Why do weneedsoftwareserial ordering? As discussed
in theprevioussection,dynamicaccessesusingsoftwarese-
rial orderingcan never perform betterthan static accesses
promotedthroughECU. This sectionshows how software
serial orderingcan be useful, using an examplefrom Un-
structured.

Unstructuredcontainsan array ��< @ which is accessed
in only two loops,an initialization loop ( g
��gh� ) anda usage
loop ( �^��� ). Theinitialization loop makesirregularaccesses
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to ��< @ and is executedonly once. The usageloop makes
affine accessesto ��< @ andis executedmany times.For best
performance,Mapsshouldoptimize the placementof � < @
for theusageloop.

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 performanceimprovementthrough
theuseof softwareserialordering.Softwareserialorderingenables
Mapsto distributea critical array, which optimizesfor staticparal-
lel accessin thecritical ¡$¢�£ loop in exchangefor dynamicaccesses
with softwareserialorderingin the non-critical ¤¦¥$¤¦§ loop. Perfor-
manceis measuredfor 32 tiles.

Table 5 comparesthe performanceof the loops when��< @ is placedon onetile to whenit is distributedacross32
tiles. Whenthe arrayis centralized,both g��^gh� and �^��� at-
tain speedupsbecausethey enjoy faststaticaccesses.When
thearrayis distributed,however, g��^gh� suffersslowdown be-
causeit hasdynamicserialaccessesgoing througha turn-
stile, while �^��� attainbetterspeedupcomparedto the cen-
tralized case. For the full program,however, the perfor-
manceof �^��� mattersmuchmore. Thus,distributing � < @
provides the betteroverall performance,despitethe over-
headg
�^g
� incursfrom softwareserialordering.

This exampleillustratesthe generaluseof softwarese-
rial ordering.It is a way of enforcingdynamicdependences
which is moreefficient thanothermechanismssuchascom-
pleteserializationor placingbarriersbetweenthedependent
accesses.It is usednot to improve the performanceof the
codesegmentemploying it, but asan enablingmechanism
to allow the compiler to improve the partsof the program
that really affect performance.It provides a universaland
efficient handlingof dynamicaccessesin theabsenceof ap-
plicable optimizations. The overall utility of dynamicac-
cessesremainsto be seen,but its usewith software serial
orderingprovidesa reasonablestartingpoint on which fur-
theroptimizationscanbeexplored.

¨ p 6�2 �#�76 �ª©c��
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Otherresearchershaveparallelizedsomeof thebenchmarks
in this paper. Automatic parallelizationhasbeendemon-
stratedto work well for densematrix scientific codes[6].
In addition, someirregular scientific applicationscan be
parallelizedonmultiprocessorsusingtheinspector-executor
method[3]. Typically thesetechniquesinvolveuser-inserted
calls to a runtimelibrary suchasCHAOS[11], andarenot
automatic.The programmeris responsiblefor recognizing
casesamenableto suchparallelization,namelythosewhere
the samecommunicationpatternis repeatedfor the entire
durationof theloop,andinsertingseverallibrary calls.

In contrast,theRawcc approachis moregeneralandre-
quiresno user intervention. Its generalitystemsfrom its
exploitationof ILP ratherthancoarse-grainparallelismtar-
getedby [3] and[6]. Multiprocessorsaremostlyrestrictedto

suchcoarse-grainparallelismbecauseof their high commu-
nicationandsynchronizationcosts. Unfortunately, finding
coarsegrainparallelismoftenrequireswholeprogramanal-
ysis by the compiler, which works well only in restricted
domains.A Raw machinecansuccessfullyexploit ILP be-
causeof theregister-like latenciesof thestaticnetwork. Of
course,Raw canexploit coarse-grainparallelismaswell.

Softwaredistributedsharedmemoryschemeson multi-
processors(DSMs) [4] [13] are similar in spirit to Map’s
softwareapproachof managingmemory. They emulatein
software the task of cachecoherence,one which is tradi-
tionally performedby complex hardware.In contrast,Maps
turnssequentialaccessesfrom a singlememoryimageinto
decentralizedaccessesacrossRaw tiles. This techniqueen-
ablesthe parallelizationof sequentialprogramson a dis-
tributedmachine.

Staticpromotionis relatedto memorybankprediction,
a termusedby Fisher[5] for a point-to-pointVLIW model.
For suchVLIWs, he shows that successfuldisambiguation
allows anaccessto beexecutedthrougha fast“front door”
to amemorybank,while anon-disambiguatedaccessis sent
to a slower “back door.” Most VLIWs today, however, use
global busesratherthanpoint-to-pointnetworks. The lack
of point-to-pointVLIWs seemsto explainthedearthof work
onmemorybankdisambiguationfor VLIW compilation.

A different type of memory disambiguation,relative
memorydisambiguation,is relevantonthemoretypicalbus-
basedVLIW machinessuchastheMultiflow Trace[8]. Rel-
ative memorydisambiguationaimsto discover whethertwo
memoryaccessesnever refer to thesamememorylocation.
Successfuldisambiguationimplies thataccessescanbeex-
ecutedin parallel. Hence,relative memorydisambiguation
is more closely linked to dependenceandpointer analysis
techniques.

Modulo unrolling is relatedto an observation madeby
Fisher[5]. He observes that unrolling cansometimeshelp
disambiguateaccesses.Basedon this observation,his com-
piler relies on userannotationsto determinethe unrolling
factor neededfor suchdisambiguation. In contrast,mod-
ulo unrolling is a fully automatedandformalizedtechnique
which computesthe necessaryunrolling factorsneededto
perform such disambiguationfor densematrix codes. It
includesa precisespecificationof the scopeof the tech-
nique and a theory to predict the minimal requiredunroll
factor[1].
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Raw microprocessorsare designedfor aggressive on-chip
memoryperformance. They distribute their memoryand
processingresourcesover a large numberof on-chip tiles
coupledwith a point-to-pointinterconnect.To retainhard-
waresimplicity, the distributedmemorysystemis exposed
to thecompiler, soit canprovide theabstractionof aunified
memorysystemto supporttraditional sequentialprogram-
mingmodels.

This paper addressesthe challengingcompiler prob-
lem of orchestratingdistributed memoryand communica-
tion resourcesto provideauniformview of thememorysys-
tem.Wepresentacompiler-managedmemorysystemcalled
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Mapsthat providesa sequentialmemoryabstractionto the
programmer. TheMapssolutionattemptsto maximizeboth
memoryparallelismandits useof thestaticinterconnect.

Throughtheapplicationof equivalenceclassunification
andmodulounrolling, we demonstratethatMapsis ableto
staticallypromotethememoryreferencesin our regularsci-
entificapplicationswhile obtainingampleamountsof mem-
ory parallelism,asevidencedby thespeedupsof about20on
32 tiles. Surprisingly, we find that thesametechniquesare
alsoableto staticallypromotethememoryreferencesin our
irregular applicationsandachieve sufficient memoryparal-
lelismtoyieldspeedupsof about5on16ormoretiles. There
aretwo reasonsfor this result: first, even irregularapplica-
tions containa modestamountof affine memoryaccesses,
andthey usuallycontainseveraldistinctequivalenceclasses,
eachof which canbeunifiedon a differenttile. Second,the
register-like latency of thestaticinterconnectmakesit pos-
sible to extract meaningfulspeedupson applicationswith
smallamountsof parallelism.This is animportantresultbe-
causeit suggeststhe feasibility of 8-tile or 16-tile general
purposemicroprocessorsusinganall-staticinterconnect.

Further, we show that selective useof dynamic refer-
encesmaybehelpful in certaincasesto augmentstaticpro-
motion, asdescribedin section4.3. Oneexampleis when
dynamicsupportallows arrayswith non-affine accessesto
bedistributed,possiblyexposingmorememoryparallelism
andattainingbetterspeedups.Anotheris to usedynamicac-
cessesfor infrequentirregularreferencesto arrays,allowing
morefrequentlyaccessedportionsto bestaticpromotedvia
modulounrolling. Finally usingdynamicaccessesfor a few
“bad references”may prevent excessive merging of equiv-
alenceclasses,yielding higher memoryparallelism. Soft-
wareserialorderingis introducedasanefficient methodof
enforcingdependencesbetweendynamicaccesses.

We areencouragedby theresultsof theMapsapproach
to memoryorchestrationfor boththeregularandtheirregu-
lar benchmarkswehaveexecutedonthesystem.Wedemon-
stratea high degreeof speedupfor regular programsand
modestspeedupsfor irregularapplications.If theresultsfor
moreprogramscontinueto be positive, our software-based
Mapsapproachwill beaviablecompetitorto hardwaresup-
portedcoherentmemorysystemsfor singlechipmicros.
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