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Abstract

A variety of modelsfor parallelarchitecturessuchassharedmem-
ory, messagepassing,and dataflow, have converged in the recent
pastto a hybrid architectureform calleddistributedsharedmemory
(DSM). By usinga combinationof hardwareandsoftwaremecha-
nisms,DSM combinesthenicefeaturesof all theabove modelsand
is ableto achieve both thescalabilityof messagepassingmachines
and the programmabilityof sharedmemorysystems. Alewife, an
earlyprototypeof suchDSM architectures,usesahybridof software
andhardwaremechanismsto supportcoherentsharedmemory, ef-
ficient user-level messaging,fine-grainsynchronization,andlatency
tolerance.

Alewife supportsup to 512 processingnodesconnectedover a
scalableandcost-effectivemeshnetwork ataconstantcostpernode.
Four mechanismscombineto achieve Alewife’s goalsof scalability
and programmability: software-extendedcoherentsharedmemory
providesa global, linearaddressspace;integratedmessagepassing
allows compilerandoperatingsystemdesignersto provide efficient
communicationandsynchronization;supportfor fine-graincompu-
tationallows many processorsto cooperateon smallproblemsizes;
andlatency tolerancemechanisms– includingblock multithreading
andprefetching– maskunavoidabledelaysdueto communication.

Extensive results from microbenchmarks,together with over
a dozen completeapplicationsrunning on a 32-nodeprototype,
demonstratethat integrating messagepassingwith sharedmemory
enablesa cost-efficient solutionto thecachecoherenceproblemand
providesa rich setof programmingprimitives. Our resultsfurther
show thatmessagingandsharedmemoryoperationsarebothimpor-
tant becauseeachhelpsthe programmerto achieve the bestperfor-
mancefor variousmachineconfigurations.Block multithreadingand
prefetchingimprove performancesignificantly, and languagecon-
structsthatallow programmersto expressfine-grainsynchronization
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canimprove performanceby over a factorof two.

1 Introduction

Thelastfew yearshaveseentheintroductionof anumberof parallel-
processingsystemswith truly impressive maximum performance.
The amountof raw computationpackagedin a single chassisis
quickly approachinga trillion operationspersecond.Unfortunately,
end-usersrarelybenefitfrom theadvertisedmaximumperformance
of today’s massively parallelsystems.Any applicationthatactually
exploits the full potentialof a machinetypically requiresmonthsof
carefulprogramming,painful debugging,andrelentlesstuning.

By integratingmechanismsfrom sharedmemory, messagepass-
ing anddataflow architecturesinto a hybrid DSM model, the MIT
Alewife machine[4] shows that a parallel architecturecan yield a
rich sharedmemoryprogrammingenvironmenton a scalablehard-
warebase.Thehardware,compiler, andoperatingsystemcombine
to achieve thegoalof programmability by solvingproblemsthattra-
ditionally burdenmultiprocessorprogrammers;namely, scheduling
computationand moving databetweenprocessingelements. Fea-
turesof this environmentincludea globally sharedaddressspace,a
scalablecachecoherencemechanism,a compilerthatautomatically
partitionsregularprogramswith loops,a library of efficientsynchro-
nizationandcommunicationroutines,distributedgarbagecollection,
anda paralleldebugger. Statistics-gatheringtools help to optimize
performance.

Thesefeaturesallow programmersto write high-performanceap-
plicationsquickly. A sharedaddressspacerelievestheprogrammer
of the burdenof addresscomputationfor distributeddata,caching
eliminatestheneedfor explicit datamovement,andautomaticdata
partitioningfurther simplifiesthe taskof managingcommunication
requirements.Distributedgarbagecollectiongivesprogrammersthe
optionof avoidingatraditionalsourceof many bugsin parallelappli-
cations:explicit memoryallocationanddeallocation.Efficient syn-
chronizationandcommunicationroutines– togetherwith statistics-
gatheringtools– helpprogrammerstuneperformanceoncethey have
programsworking correctly.

Thegoalof scalability addressesboththecostof building thema-
chineandits ability to run programsefficiently. TheAlewife archi-
tecturepermitsa physicallyscalableimplementation.Similar to ear-



lier messagepassingsystems,Alewife machinesarebuilt by replicat-
ing a single,� modularprocessingnode. Passive backplanesprovide
thewiresto connectthenodesin a low-cost,two-dimensionalmesh
network. In orderto provide I/O facilities,VME andSCSIinterface
boardspluginto theedgesof themesh.WhetheranAlewife machine
hasonenodeor 512nodes,this physicallayoutresultsin a constant
costpernode. In the prototype,despiteunit quantitypurchasing,a
singlenodecostsonly about$2,000. With volumefabrication,this
costcouldbereducedsubstantially.

This papershows how thehardwareandsoftwarecomponentsof
Alewife provide goodperformanceon parallelapplications,without
sacrificingphysicalscalabilityor programmability. Indeed,mostap-
plicationswerewritten for othermachinesandrun onAlewife with-
out significantporting effort. On any DSM, the primary challenge
to achieving thesegoalssimultaneouslyis thelatency of interproces-
sorcommunication,whichdominatesthetimerequiredfor intranode
memoryaccesses.Unlike other DSM architectures,Alewife pro-
vides four classesof architecturalmechanisms– eachpopularized
by variouscomputationalmodelssuchassharedmemory, message
passing,anddataflow – that implementan automatic locality man-
agement strategy. This strategy seeksto maximizethe amountof
localcommunicationby consolidatingrelatedblocksof computation
and data,and attemptsto minimize the effects of non-localcom-
municationwhenit is unavoidable.Thefour classesof mechanisms
are:coherentcachesfor sharedmemory, integratedmessagepassing,
supportfor fine-graincomputation,andlatency tolerance.

Coherent shared memory AlthoughAlewife providestheab-
stractionof globally sharedmemoryto programmers,the system’s
physicalmemoryis staticallydistributedover the nodesin the ma-
chine. On eachnode, a Communicationsand Memory Manage-
mentUnit (CMMU)[20] receivesmemoryrequestsfrom a Sparcle
processor[2] and directs the requeststo local or remotememory.
Whennecessary, theCMMU synthesizesmessagesthat fetchmem-
ory from remotenodes.

Thememoryhardwarehelpsmanagelocality by cachingbothpri-
vateandshareddataon eachnode.Cachinginvolvesmakinga local
copy of theremotedatasothatfutureaccessesdo not incur network
traffic. Systemswith caches,however, suffer thecoherenceproblem.
Thecoherenceproblemariseswhencachedcopiesof dataaremod-
ified locally, resultingin aninconsistentview of memory. Solutions
to thecoherenceproblemgenerallyinvolveprotocolsthatallow mul-
tiple cachedcopiesof read-shareddata,but disallow sharingwhena
cachedcopy mustbewritten by invalidatingall othercopies.Inval-
idationsarefacilitatedin DSMs by a distributedmemorydirectory
thatkeepstrackof the locationsof eachcachedcopy. Alewife uses
a scalable,software-extendedschemecalledLimitLESS [10] (Lim-
ited DirectoriesLocally Extendedwith SoftwareSupport)to main-
tain thecoherenceof cacheddata. TheLimitLESS schemehandles
common-casememoryaccessesin the CMMU hardware,but relies
on softwaretrapsto enforcecoherencefor memoryblocksthat are
sharedby a large numberof processors.Thesoftwaretrapsinvoke
software protocol handlersthat extend the directory into software
managedmemory, therebylimiting the amountof dedicateddirec-
tory memory.

Integrated message passing While the programmerseesa
sharedmemoryprogrammingmodel,for performancereasonsmuch
of the underlyingsoftware is implementedusingmessagepassing.
The performanceof all of the layersof software that help manage
locality (includingthecompiler, libraries,run-timesystem,andLim-

itLESShandlers)dependonanefficientcommunicationmechanism.
Featuresin SparcleandtheCMMU provide a streamlinedinterface
for transmittingandreceiving messages:bothsystemandusercode
canquickly describeandatomicallylaunchapacket directly into the
interconnectionnetwork; adirectmemoryaccess(DMA) mechanism
allows datato flow betweenthenetwork andmemory;anda fastin-
terruptmechanismspeedsmessagereceptionandsimplifiesthetask
of writing messagepassingprogramsby eliminatingtheneedto poll
thenetwork frequently.

The Alewife hardware supportsa seamlessinterface between
the varioussoftware layersby integrating the sharedmemoryand
message-passingmechanisms.To do so, the systemprovides for-
wardprogressguaranteesto sharedmemoryaccessesin the faceof
messagereceptioninterrupts. In addition, the DMA enginemain-
tains the coherencebetweenthe datain messagesand the data in
local caches[18].

Fine-grain computation Given a fixed-sizedataset,thegran-
ularity of computation(the time betweeneventsthat requireinter-
processorcommunication)decreasesasthenumberof processorsin
a systemincreases.A systemthat cannothandlesmall taskseffi-
ciently must attemptto increasesynchronizationand communica-
tion granularityartificially, possiblydefeatingattemptsto maximize
parallelism. Alewife’s supportfor fine-graincomputationincludes
mechanismspopularizedby dataflow andmessagepassingarchitec-
tures,namely, fast,user-level messagesandsupportfor full/empty
bit synchronization.User-level messagesallow theprocessordirect
accessto thenetwork queues.Full/emptybit synchronizationasso-
ciatesa synchronizationbit with eachword of memoryandallows
synchronizationanddataaccessto beaccomplishedsimultaneously.

Alewife’s programminglanguages,parallelC andMul-T, include
constructsfor expressingfine-grain synchronization. Thesecon-
structsallow a threadto synchronizeimplicitly uponevery memory
access.

Latency tolerance Block multithreadingand prefetchingpro-
vide thelast line of defensein Alewife’s locality managementstrat-
egy. Thesemechanismsattemptto toleratethe latency of interpro-
cessorcommunicationwhen it cannotbe avoided. Prefetchingal-
lows codeto anticipatecommunicationby requestingdataor locks
beforethey areneeded.Block multithreadingallows a processorto
switch betweenthreadsof computationon a cachemissor a failed
synchronizationattempt.

Latency tolerancerequiressupportfrom Alewife’s hardwareand
software components. Prefetchingand block multithreadingboth
requirelockup-freecaches[17]. Prefetchingrequiressupportin the
compilerandspecialmemoryoperations.Block multithreadingre-
quiresa fastcontext switch[3] anda solutionto thewindow of vul-
nerabilityproblemcreatedby interleavedthreadsof execution[19].

Although it is helpful to think of Alewife’s four mechanismsas
beingdistinct,themachine’s implementationintegratesthemtightly.
For example,theCMMU’s transactionbuffer closesthewindow of
vulnerability openednot only by multithreading,but also by fast
messagehandlingandsoftware-extendedcoherence.Thetransaction
buffer alsoprovidesstoragefor prefetchingandsupportfor correct
orderingof messages.Similarly, Sparcle’s fastinterruptmechanism
acceleratesLimitLESSeventhandling,messagereception,fine-grain
synchronizationevents,andcontext switching.

This paperdescribesthe experiencegainedby designing,fabri-
cating,andrunninga completeparallelDSM system.Specifically,
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Figure1: TheAlewife architecture.

it evaluatesthe effectivenessof the Alewife architectureandits lo-
cality managementstrategy. Section2 describesthe machine’s im-
plementationand its programmingenvironment to show how the
mechanismscombineto producea coherentsystem. Section3 de-
scribesAlewife’s primitive mechanismsandusesmicrobenchmarks
to measurethebaseperformanceof themechanismsin termsof the
latency andbandwidthof primitive functions.Section4 presentsde-
tailedcase-studiesof several applicationsthat illustratethe benefits
of Alewife’s approach,andexaminesthe relative benefitsof DSM
mechanismswhen technologychangesthe ratio of computationto
communicationspeed. Section5 discussesrelatedwork on paral-
lel architectures.Finally, Section6 summarizesthe insight gained
from implementingAlewife and briefly discussesresultsfrom re-
searchthatfollowedtheAlewife experiment.

2 The Alewife Machine

TheAlewife architectureis organizedasshown in Figure1. Memory
is physicallydistributedovertheprocessingnodes,whichuseamesh
network for communication.

EachAlewife nodeconsistsof a Sparcle[2]processor, 64K bytes
of direct-mappedcache,4M bytesof dataand2M bytesof directory
(tosupporta4M byteportionof sharedmemory),2M bytesof private
(unshared)memory, a floating-pointcoprocessor, andanElko-series
meshroutingchip (EMRC) from Caltech.Both thecachememories
andfloating-pointunit (FPU) areoff-the-shelf,SPARC-compatible
components.TheEMRC network routersusewormholeroutingand
areconnectedto form a direct network with a meshtopology. The
nodescommunicatevia messagesthroughthis network. A single-
chipCommunicationsandMemoryManagementUnit (CMMU) ser-
vicesdatarequestsfrom theprocessorandnetwork. Intelligent I/O
Interfacenodesin Figure 1 are attachedto the edgesof the mesh
network, andprovide SCSI-basedinterfacesto disksandlocal area

networks(LANs). TheseI/O nodesaremodifiedversionsof thecom-
putenodes.

Figure2 shows thephysicalrealizationof botha16-nodeAlewife
systemanda32-nodesystemwithin achassisscalableto 128nodes.
The16-nodesystem,completewith two internal3 �� -inchdiskdrives,
is about74 � 12 � 46cm,roughlythesizeof afloor-standingworksta-
tion. Packagingfor a128-nodemachineoccupiesastandard19-inch
rack. Timing numbersin this paperreflectthe32-nodeAlewife ma-
chine,packagedin thelower right quarterof the128-nodechassis.

Useraccessto anAlewife machineis througha hostworkstation.
Client interfacesoftwareconnectsto theAlewife machinevia UNIX
sockets to a server processrunningon the host. ExternalNFS file
accessis alsoprovidedby thehost.

Thefirst Alewife machinebecameoperationalin May, 1994.Re-
sultsin this paperwereobtainedusingfirst-siliconversionsof Spar-
cle andthe CMMU. Although therearea few bugsin the CMMU,
all of themhave softwarework-arounds.However, oneof thebugs
involves a timing conflict with the FPU, requiringoperationat 20
MHz whenfloating-pointis in use. Integer codesrun at 30 MHz.
For consistency, theremainderof this paperwill quoteperformance
numbersat a20 MHz systemspeed.

2.1 Sparcle processor

Sparclewasderived from an industry-standardSPARC (version7)
processor. It provides an efficient and tight coupling betweenthe
processorpipelineand the communicationsnetwork. Many of the
featuresof theunderlyingSPARC implementationareexploiteddi-
rectly by Alewife: for example,theSPARC externalcoprocessorin-
terfaceis usedfor fastmessaging,interruptcontrol,andfine-grained
synchronization.SPARC alsoprovidesregisterwindows thatcanbe
exploitedasseparatecontexts for block multithreading.

SparcleaugmentsthebasicSPARC architecturewith afew simple
mechanismsto facilitaterapidmessaging,block multithreading,and
fine-grainsynchronization:

� User-level colored loads and stores. TheSPARC architecture
definesan8-bit Alternate Space Indicator (ASI) thatservesto
tagall loadandstoreoperationswith oneof 256different“col-
ors”. Sparcleallocatesthe top 128ASI valuesto theuserand
definesnew loadandstoreinstructionsthatemit theseASI val-
ues.

� Extra synchronous trap lines. Theselinesenableuniquetrap
vectorsfor context-switchandfine-grainsynchronizationtraps.

� Context management instructions. New instructionsal-
low rapid switching betweenactive hardware contexts. The
SPARC currentwindow pointer is visible at the pins, permit-
ting context-dependentstatein theCMMU andFPU.

Thesechangesrequirean increaseof fewer than 2000 gatesover
the unmodifiedSPARC design. Together, they yield a processor
with supportfor low-overheadcommunication,includinga 14-cycle
context-switchtime for a remotedatacachemiss.

2.2 The Alewife CMMU

TheAlewife CMMU[20] implementsmostof theuniquefunctional-
ity of Alewife. In anAlewife node,theCMMU is connecteddirectly
to the first-level cachebus andservesmuchthe samefunctionality
asacache-controller/memory-managementunit in a uniprocessor. It



Figure 2: 16-nodemachineand 128-nodechassis
populatedwith a 32-nodemachine.
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containstagsfor the cache,providesDRAM (dynamicrandomac-
cessmemory)refreshandECC(errorcorrectingcodes),andhandles
cachefills andreplacements.In addition,it implementsthearchitec-
turalmechanismsdescribedin thispaper. TheCMMU alsoprovides
asynchronousqueuingfor theEMRCnetwork chipsandanumberof
hardwarestatisticsfacilities.

Figure3 shows a block diagramof this chip. TheProcessor Glue
Logic is responsiblefor interpretingcoloredmemoryoperationsand
coprocessorinstructionrequests.TheCache Management and Inval-
idation Control andMemory Coherence and DRAM Control blocks
comprise,respectively, the processorand memoryportionsof the
cachecoherenceprotocol. In addition,bothblocksservicerequests
from theNetwork Interface and DMA Control block,whichprovides
user-level messagepassingwith locally coherentDMA[18]. Since
the processorand memorysidesof the cachecoherenceprotocol
as well as the message-passinginterfacessharethe samenetwork
queues,messagepassingandsharedmemoryareintegrated[16].

The Transaction Buffer is a 16-entry, fully-associative data
store that tracks outstandingcachecoherencetransactions,holds
prefetcheddata,andstagesdatain transitbetweenthecache,network
andmemory. It is integratedcloselywith themechanismfor remov-
ing livelockin thefaceof blockmultithreading[19]. Thetransaction
buffer is alsoresponsiblefor makingthe Alewife coherenceproto-
col insensitive to reorderingin thenetwork. It doesthis by tracking
in-progressmemorytransactions,retainingsufficient processor-side
informationto reconstructthemessageorderintendedby a memory
nodeevenwhenmessagesarriveat theprocessingnodeoutof order.
Among other things, this informationenablesa schemecalled de-
ferred invalidation to untanglemisorderingsbetweendatamessages
andsubsequentinvalidations– acritical typeof misorderingthatcan
leadto incoherence:invalidationsthatarrive prematurelywhendata
is expectedare simply deferreduntil the dataarrives. The Regis-
ters and Statistics block containsa dedicatedcycle counter, a timer,
anda numberof statisticsfacilities. TheNetwork Queues and Con-
trol block containsasynchronousinterfacesfor the EMRC network
routers.

Figure3 alsoshowsafloorplanof theCMMU. Thischip is imple-
mentedwith threelayersof metalin theLEA-300K hybridgate-array
technologyfrom LSI Logic. Shadedblocksarestandard-cellmem-
ories. The restof the chip is implementedin a sea-of-gatesstyle;
costsfor the gate-arrayportion of the chip aregiven in Table1. In
this technology, a NAND gateis one(1) gate,while a scanflip-flop

Gate Mechanism
Category Count % SM MP LT FG

ProcessorRequests 11686 12 ! ! !
Full/EmptyDecode 2157 2 !
MemoryService 13351 13 ! !
DRAM Control 8720 9 ! !
LivelockRemoval 2108 2 ! !
TransactionBuffer 17399 17 ! ! !
IPI interface 11805 12 ! !
Network Queueing 7363 7 ! ! ! !
CMMU Registers 9308 9 ! !
Statistics 11958 12
Miscellaneous 4627 5

Table1: Functionalblock sizes(in gates)for theAlewife CMMU,
aswell ascontributions to sharedmemory(SM), messagepassing
(MP), latency tolerance(LT), andfine-grainsynchronization(FG).
Total chip resources:100K gatesand 100K bits of SRAM (static
randomaccessmemory).

takesnine(9) gates.

2.3 Programming model

Althoughthefast-messagecapabilityof Alewife makesit agoodve-
hicle for executingprogramswritten in amessage-passingstyle,it is
betterviewedby theprogrammerasashared-memorymachine.The
Alewife hardware mechanisms,including fast messages,are com-
binedin supportof theshared-memoryprogrammingmodel. To fa-
cilitate programming,Alewife providestools that inform program-
merswhenpoor performanceis causedby widely-shareddataob-
jects,andwhich partsof theapplicationareaffected. Programmers
canthenfine-tuneperformanceby usingthedirectmessage-passing
interfaceintegratedwith sharedmemory.

Alewife hascompilersfor aparallelversionof ANSI C andapar-
allel versionof LISPcalledMul-T [15]. For parallelC, Alewife sup-
ports thep4 library from ArgonneNationalLaboratoryaswell as
parallelloopsanddistributedarrays.Automaticpartitioningcanbe
usedwhena programusesparallelloopsandarrays[1].

Parallelism in Mul-T is specifiedwith the future construct.
Low thread creation overheadis achieved using lazy task cre-



ation [24], a method for dynamic partitioning and load balanc-
ing. The

"
Alewife runtimesystemincludesa parallelstop-and-copy

garbagecollector.

2.4 Alewife debugging and tuning

Alewife provides a numberof facilities to aid in programdebug-
ging andperformancetuning. An Alewife versionof GDB allows
symbolicprogramdebugging,completewith theability to setbreak-
points,examinedataandregisterson individual nodes,andinspect
threads,bothactive andblocked.

Theprogrammercanmakeuseof two distinctfacilitiesin Alewife
for performancedebugging. First, the LimitLESS cachecoherence
mechanismcan be configuredto collect information aboutwhich
memory locationsare being sharedand accessedin a patternthat
causespoorperformance.A tool is availablethattraceserrantmem-
ory behavior directly to sourcevariables.

Second,theAlewife CMMU providesextensive facilitiesfor per-
formancemonitoring.Four32-bitstatisticscountersandahistogram
array can be configuredto measurea wide variety of hardware
events: examplesincludecachehits andmisses,instructioncounts,
andnetwork throughputstatistics.A graphicalinterfaceallowsusers
to specifyasetof statisticsanddisplaysstaticanddynamicviews of
theresults.

3 Mechanisms and Microbenchmarks

This sectiondescribestheimplementationof themechanismsintro-
ducedin Section1. It presentsthecostandtheraw performanceof
eachof themechanismsin isolation.

3.1 Distributed shared memory

The Alewife machineprovides hardware support for distributed,
cache-coherentsharedmemory. Cachelinesin Alewife are16 bytes
in sizeandarekept coherentthrougha software-extendedscheme
called LimitLESS[9, 10]. This schemeimplementsa full-map di-
rectory protocolby supportingup to five readersper memoryline
directly in hardwareandby trappinginto softwarefor morewidely-
shareddata. Consequently, LimitLESS involvesa closeinteraction
betweenhardware and software. The hardware invokes software
handlingfor remoterequestsby makinguseof theAlewife message-
passinginterface: faultedcoherencerequestsare forwardedto the
processorin thesamewayasany othermessage.Thequeuinginher-
ent in themessage-passinginterfacepermitsmultiple pendingLim-
itLESScoherencerequests.

Sharedmemoryis distributed,in thesensethatthesharedaddress
spaceis physicallypartitionedamongnodes.Each16-bytememory
line hasahome node thatcontainsstoragefor its dataandcoherence
directory. All coherenceoperationsfor agivenmemoryline,whether
handledby hardwareor software,arecoordinatedby its homenode.
EachAlewife nodecontainsthedataandcoherencedirectoriesfor a
4M byteportionof sharedmemory.

TheAlewife directoryentry format is shown in Figure4. Direc-
toriesare64-bitswideandarestoredin off-chip DRAM. Eachentry
containsfive 9-bit pointers,two bits of state,two bits of meta-state,
andfour full/empty bits (onefor eachword in the line). The Local
Bit provides an optimizationwhich guaranteesthat the local node
canalwaysacquirea pointer. ThePointers In Use field indicatesthe

M
eta−State(2 bits)

0481013142332415059

Pointers Available (2 bits)

Pointers In Use (3 bits)

Local Bit (1 bit)

F/E Bits (4 bits)
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Pointer #2 (9 bits)

Pointer #3 (9 bits)

Pointer #4 (9 bits)

User Defined Bits (5 bits)

State (2 bits)

663

Figure4: A hardwaredirectoryentryin Alewife.

Nameof Meta-State Description
Normal dir. entryunderhardwarecontrol
Trap-On-Write readshandledby hw, writesby sw
Write-In-Progress dir. entrysoftwareinterlocked
Trap-Always all requestshandledby sw

Table2: Thefour directoryentrymeta-statesof theCMMU.

numberof other pointersthat are in use. The numberof pointers
availableto thehardwaremaybeadjustedfrom two to five with the
Pointers Available field. SincethePointers In Use field canbesetby
software,thecostof theLimitLESS readhandleris amortizedover
up to six differentreadrequests:wheninvoked to handlea readre-
quest,thehandlerresetsthePointers In Use field, allowing thenext
five requeststo behandledwithout softwareintervention.

Table2 describesthe four LimitLESS meta-states.Two of these
states,Normal andTrap-On-Write, are persistent. Normal
indicatesthat a directory entry is entirely underhardware control
– the four statesassociatedwith this meta-stateform a basewrite-
invalidateprotocol. Trap-On-Write indicatesthat the identities
of someof thereadersareunknown to thehardware;consequently, a
write requestmustbehandledby software.Readrequests,however,
take advantageof a “read-ahead”optimization:theCMMU simulta-
neouslyforwardsreadrequeststo thelocalprocessorand returnsdata
to therequestingnodesat hardwarespeed.Trap-Always permits
experimentalprotocolsto beconstructedentirelyin software.

LimitLESSinterrupthandlersdirectlymanipulatehardwaredirec-
tories.Thus,althoughall hardwaredirectoryentrymanipulationsare
atomic,interlockmechanismsarenecessaryto preventthehardware
from modifying directoriesthat are in the processof beingaltered
by software. To implementthis functionality, Alewife providestwo
instructionsfor directoryentrymanipulation,rldir (readandlock
directory)andwudir (write andunlockdirectory). While themu-
tual exclusionprovidedby theseinstructionsis sufficient for simple
atomicity, Alewife providesa secondmechanismfor greaterperfor-
mance:theWrite-In-Progress meta-state.This statemarksa
directoryentry asrequiringsoftwaremanipulationandunavailable
to thehardware.Thisadditionalstateis necessaryfor theread-ahead
optimizationdescribedabove.

Sparcleemploys a single-ported,unifiedfirst-level cache,with no
on-chipinstructioncache.Consequently, 32-bit loadsandstoresthat
hit in thecachetake two andthreecycles,respectively (onecycle for
the instructionfetch). Doubleword (64-bit) loadsandstoresthathit
in thecachetake oneadditionalcycle.

Table 3 shows the cost incurredwhen memoryreferencesmiss
in thecache.Thesevalueswereobtainedwith a sequenceof experi-
mentsrunonanotherwiseidle Alewife system.All remotemissesor
invalidationsarebetweenadjacentnodes.Eachadditional“hop” of
communicationdistanceincreasestheselatenciesby approximately
1.6cycles.



Miss Home # Inv. hw/ Miss Penalty
Type# Location Msgs sw Cycles $ sec

local 0 hw 11 0.55
remote 0 hw 38 1.90

Load remote(2-party) 1 hw 42 2.10
remote(3-party) 1 hw 63 3.15

remote – sw



425 21.25
local 0 hw 12 0.60
local 1 hw 40 2.00

remote 0 hw 38 1.90
Store remote(2-party) 1 hw 43 2.15

remote(3-party) 1 hw 66 3.30
remote 5 hw 84 4.20
remote 6 sw 707 35.35


This sw readtime representsthethroughputseenby asinglenode
thatinvokesLimitLESShandlingat asw-limitedrate.

Table3: Typical sharedmemorymisspenalties.

Action Count
Cache-missto requestin network 2
Requesttransittime (8 bytes) 7
Requestatmemoryto outputheadertransmit 7
Datareturnin network (24bytes) 15
Responsearrival to beginningof cachefill 3
Cachefill time 4

Table4: Roughbreakdown of 38-cycle cleanread-missto neigh-
boringnode.

For a simple load missto remotememoryhandledin hardware,
58%of the38-cyclemisspenaltyisduetonetwork latency (1.1outof
1.9microseconds).Roughlythree-quartersof thenetwork latency is
timespenttransferringflow-controlunits(flits) betweentheCMMU
andthe interconnectionnetwork (36 flits at 22.5 nanoseconds/flit).
Table4 givesa breakdown of thevariouslatenciesinvolvedin satis-
fying a remoteread-miss.

Misseshandledin softwarerepresenttheaccesstimeseenwhena
cacheline is sharedmorewidely thanis supportedin hardware(five
pointers),sothatthehomenodeprocessormustbeinterruptedto ser-
vice the request.In thecaseof a load, thesoftwaretime represents
themaximumthroughputavailablewheneveryrequestrequiressoft-
wareservicing. Becauseof the read-aheadoptimizationandamor-
tized read-handling,this latency numberwill rarely be experienced
by arequestingnode.Thesoftwarestorelatency representsanactual
latency seenby a writer; it includesthe time requiredfor the soft-
warehandlerto sendsix invalidations,for theseinvalidationsto be
receivedby thehardware,andfor anexclusive copy to bereturned.

3.2 Message passing

Messagepassingis both a crucial componentof the LimitLESS
cachecoherenceprotocol and a mechanismto be usedin cooper-
ation with software-extendedsharedmemory. Somecommunica-
tion operations,suchasfile I/O, remotetaskdispatch,andtheinner
loopsof typical scientificcodes,canoftenbeimplementedmoreef-
ficiently with messagepassingthanwith sharedmemory. Further,
sinceAlewife providesa protecteduser-level message-passinginter-
face,compilationtargetssuchasactive messages[32] arenaturally
supported.

Messagesin Alewife aresentthrougha two phaseprocess:first
describe, then launch. A messageis describedby writing directly
to an outputdescriptorarraywith a coloredstoreinstructioncalled
stio. Theoutputdescriptorarrayconsistsof 16 memory-mapped
network registersin theCMMU. Writesinto thisarrayincurthesame
costaswrite hits in the cache. Oncea messageis described,it is
launchedvia anatomic,single-cycleinstructioncalledipilaunch.
This two phaseprocesspermitsdirect, user-level accessto the net-
work queues.

Figure5 illustratescodefor launchinga messagethatconsistsof
a header, oneword of datafrom a register, anda block of datafrom
memory(to be transferredvia DMA). The header, dataword,
address, andlength arealiasesfor arbitrarySparcleregisters.
Onentryto thiscodesequence,header containsthepacket header,
dataword containstheword of data,address pointsto thestart
of the datablock, andlength gives the numberof double-words
in the datablock. This packet descriptoris two double-words long
andcontainsonedouble-wordof explicit data(header anddata-
word). Alewife maintainslocal coherence for thedatablock spec-
ified by address andlength: data is acquiredfrom the local
cacheat thesourceandinvalidatedfrom thelocal cacheat thedesti-
nation.

Whena messagearrivesat its destination,it typically causesan
interrupt. The CMMU overlapsmessagearrival with interruptpro-
cessingby postingtheinterruptassoonasit hasreceivedtheheader
of a message.Sincethe operatingsystemreservesoneof the four
Sparclehardwarecontexts for messageprocessing(asin [26, 29]),
no registersavesor restoresarenecessary. Thefirst 16 wordsof an
incomingmessagearepresentedin thememory-mappedinputpacket
array. Consequently, an interrupthandlermayeitherloadwordsdi-
rectly from this arrayvia theldio instruction,or initiate a DMA
sequenceto storethemessageinto memory.

TheAlewife message-passinginterfacehaslow overhead.A sim-
ple,2-wordmessage(oneheader, onedata-word),canbetransmitted
with 3 instructions,or 7 cycles.Messagereceptioncanusepolling or
interrupts.Thecostof receptionis moreexpensivewhenaninterrupt
mustbefieldedat thereceiving end.Usinginterrupts,asystem-level
handlerfor a 2-word messagecan be enteredin approximately35
cycles. This time includesreadingthe messagefrom the network,
dispatchingon anopcodein theheader, andsettingup for a general
call to handlerroutineswritten in C.

Addinguser-level messageprotectionincreasesthisentrytimeby
another15cyclesto approximately50cycles.A null user-level mes-
sagehandlerrequiresa total of 95 cycles. Much of this time is as-
sociatedwith saving and restoringthe system-level timer (to time
out anerrantuser-level handlerandprevent a userfrom locking up
the machine),preventing accessto sharedmemorybeforethe cur-
rent messagehasbeenremoved from the queue,andcheckingfor
user-requestedatomicity. Simplemodificationsto the CMMU can
combinethesethreefunctionsinto a singlemechanismandreduce
theoverheadof protectedmessagepassingconsiderably.

3.3 Shared memory versus message passing

Measurementsof Alewife’s meshnetwork show that eachchannel
providesapeakbandwidthof approximately356Mbits/second(22.5
nanosecondsper 8-bit flow-control unit). For a sixteennodema-
chine, this rateyields a maximumpossiblebisectionbandwidthof
2.8 Gbits/sec.Syntheticworkloadgeneratorsmeasurethe capacity
of Alewife’snetwork in morerealisticenvironments.

Figure6 characterizesAlewife’snetwork performancein termsof



stio header, $ipiout0
stio dataword, $ipiout1
stio address, $ipiout2
stio length, $ipiout3
ipilaunch 2, 1

Figure5: Machinecodeimplementinga
messagesend.In additionto the required
header, this messageincludesoneexplicit
data word, and one block of data from
memory.
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Figure6: Latency versusbisectiontraffic for 16 nodes.(a) sharedmemory, two different
datatypes.(b) messagepassing,randomdestinations.

latency andbandwidthof bothsharedmemoryandmessagepassing.
A shared-memoryworkloadgeneratorsimulatestwo differenttypes
of data. Figure6(a) shows the resultsof runningthis microbench-
markon a 16-nodeAlewife machine.Thehorizontalaxisshows the
bisectiontraffic achieved by eachrun; theverticalaxisusesa loga-
rithmic scaleto plot theaveragelatency of a memorytransaction(a
reador a write). This experimentmeasuresactualnetwork traffic, as
opposedto thebandwidthavailableto userdata.For sharedmemory,
userdataaccountsfor roughlyhalf of thetraffic. Thelatency is mea-
suredfrom the time a noderequestsa memoryblock until the time
thattheblock is readyto beaccessedfrom atransactionbuffer.

Thecurvesin Figure6(a)markedwith circlesshow thebaseper-
formanceof sharedmemory. During theseexperiments,every pro-
cessoraccessesmemoryin a producer-consumer fashion:eachpro-
cessorwrites to a numberof blocks in its local memoryand then
readsthe sameamountof data from anotherprocessor’s memory.
The readphaseof this benchmarkgeneratesbisectiontraffic of up
to 1 Gbit/sec,over 35% of the maximumpossiblebandwidth. The
sharedmemorycoherenceprotocolproduceshalf asmuchtraffic dur-
ing thewrite phaseof thisbenchmark.All of theproducer-consumer
transactionsrequireabout2 microseconds( $ sec)latency acrossthe
entiretraffic range.

The experimentsplotted with triangles show the performance
wheneachprocessorwrites to a numberof memoryblocksandall
of theotherprocessorsin thesystemreadtheblocks.Thisone-to-all
scenarioinvokesAlewife’s software-extendedsharedmemory. Due
to thedirectoryread-aheadfeature(seeSection3.1),thereadlatency
at low bandwidthsis similar to theproducer-consumerexperiments.
However, thereadtraffic saturatesat 346Mbits/sec,with a 4.2 $ sec
latency; thebasewrite latency lies at 52 $ sec,andincreasesto 380
$ secasbandwidthdemandsincrease.

Figure 6(b) shows the results of a synthetic message-passing
workload: this microbenchmarkconsistsof a single loop in which
eachprocessortransmitsa “ping” messageto anothernode,selected
randomly. Theothernoderespondswith an acknowledgmentmes-
sage.In this experiment,almostall of thenetwork traffic (measured
by thehorizontalaxis)consistsof userdata.Theverticalaxismea-
surestheaveragelatency of half of a ping/ackround-trip(including
both hardware and software delays). The highestbisectiontraffic
achieved with randomping destinationsis 1.2 Gbits/sec,over 40%
of themaximumpossiblebandwidth.This traffic correspondsto the
right-mostpoint on the graph,with 1024-bytemessagesanda 100

Name Meaning
ldn Loadandexaminefull/emptybit.
stn Storeandexaminefull/emptybit.
lden Load,setempty, examineoriginal value.
stfn Store,setfull, examineoriginal value.
ldet Load,setempty, andtrapif alreadyempty.
stft Store,setfull, andtrapif alreadyfull.

Table5: Examplesof Alewife’sdata-accessinstructions.

$ sec/messagelatency. The lowest latency is 7.0 $ secfor 32 byte
messages.

ContrastingFigures 6(a) and 6(b) shows the benefitsof each
mechanism.Sharedmemoryprovidesa fast,convenientabstraction
for orchestratinginterprocessorcommunication,but messagepass-
ing makesmoreefficient useof bandwidth.

3.4 Fine-grain synchronization

The primary advantageof fine-grainsynchronizationis that more
parallelismcanbe exposedto the underlyinghardwareor software
systemthanif coarse-grainsynchronizationtechniques,suchasbar-
riers,wereemployed. For example,a threadsynchronizingat a bar-
rier hasto wait for thearrival of all othersynchronizingthreadsbe-
foreproceeding,regardlessof whetherthatthreaddependsonresults
computedby theotherthreads.By synchronizingonexactly thedata
words to be consumed,fine-grainsynchronizationeliminatesfalse
dependenciesandallows a threadto proceedassoonasthe datait
needsis available.

The Alewife machineprovidesboth hardwareandsoftwaresup-
port for fine-grainsynchronization. Hardware supportconsistsof
a full/empty bit[31] for each32-bit data word. To accessthese
bits, coloredload and storeinstructionsare provided that perform
full/empty test-and-setoperations. Table 5 presentsa sampleof
Alewife data-accessinstructions.All of theseinstructionsreturnthe
original full/empty bit in the coprocessorstatusword. Two Spar-
cle instructions,bempty (branchonempty)andbfull (branchon
full), canthenbeusedto examinethis bit.

In Alewife, theodddatawidth introducedby full/emptybits does
not impactDRAM, cache,or network datawidths. At memoryside,
full/empty bits arestoredin the bottom four bits of the coherence



Event hw sw
Readsuccess 2 6
Readfailure 21 6
Write 3 6
Unloadthread 120–130
Reloadthread 90–100

Table6: Costsin cyclesof fine-grain,producer-consumersynchro-
nizationin Alewife. “hw” representsthe useof full hardwaresup-
port; “sw” representsexplicit checkingin software.

directoryentry (seeFigure4). At cacheside,they arestoredasan
extra field in thecachetags.In datapackets,they aretransmittedin
thebottomfour bitsof theaddress,andtakeadvantageof the16-byte
cache-linewidth.

The systemprovides several languageextensionsfor fine-grain
synchronizationin the form of J-structuresand L-structures. Pat-
ternedafter I-structures[7],J-structuressupportproducer-consumer
stylesynchronizationonvectorelements,with full/emptybitsassoci-
atedwith eachvectorelement.A J-structurereadwaitsuntil theele-
mentis full beforereturningits value.A J-structurewrite updatesthe
elementandsetsit to full. An L-structuresupportsmutual-exclusion
stylesynchronizationonvectorelementswith full/emptybitsassoci-
atedwith eachvectorelement.L-structuressupport3 operations:a
locking read,anunlockingwrite, anda non-lockingread.

Table6 comparesthecosts(in cycles)of implementingJ-structure
readandwrite operations,with andwithout hardwaresupport.The
hardwareimplementation(hw) relieson trapsto signala failedread,
andusesa separate,centralizedwaiting queue. It allows success-
ful readsandwritesto proceedat thespeedof normalSparcleloads
andstores. The software-basedimplementation(sw) usesan addi-
tional memoryword to emulatea full/empty bit for eachJ-structure
element.

3.5 Latency tolerance

Latency tolerancein Alewife takes two forms: block multithread-
ing andnon-bindingsoftwareprefetching.By supportingbothblock
multithreadingandprefetching,Alewife providesa platform for di-
rectly comparingthesetwo latency tolerancemechanisms.

Threedifferentmechanismsin theAlewife CMMU helpsupport
block multithreading.First, theCMMU takesadvantageof asmuch
parallelismaspossiblewhenservicingaremotecachemissby gener-
atinga context-switchtrapin parallelwith messagegeneration.Sec-
ond,theCMMU implementslockup-freecaches.Third, theCMMU
implementsa livelock avoidancetechnique,to prevent the livelock
that canarisewhencache-coherentsharedmemoryis coupledwith
context switchingandLimitLESS.

Softwareprefetchis implementedin Alewife astwo differentcol-
oredload instructions,onefor readprefetchandtheotherfor write
prefetch;thevaluereturnedfrom theprefetchinstructionsis ignored.
Prefetcheddatais returnedin thetransactionbuffer.

To measurethebenefitof latency toleranceusingcontext switch-
ing andprefetching,anexperimentrunsa small loop on oneproces-
sorthataddsnumbersfetchedfrom thememoryof anotherprocessor.
Figure7 shows thenumberof cyclesperloop iterationasa function
of thenumberof outstandingrequests.As expected,oneoutstanding
requestincursthesameoverheadusingeitherprefetchingor context
switching. As theprefetchdepthis increased,the performanceim-
provesuntil the limit of network bandwidthis reached.For context
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Figure7: Effectivenessof latency tolerancemechanisms.

switching,the limiting factoris theoverheadof themechanism,not
bandwidth. Becausethe loop performsremotereadswhich have a
relatively low latency ( I 40cycles),the14cyclecontext switchtime
hidesall of thelatency with two contexts. For longerremotelatencies
thatcanoccurin realprograms,threecontexts maybebeneficial.

Althoughtheabsoluteperformanceof prefetchingis betterdueto
low overhead,its useis limited to placeswherecache-missbehav-
ior canbe predictedstatically. Resultsin Section4 show that con-
text switchingcanincreasetheperformanceof aparallelapplication,
evenwhenprefetchinghasbeencarefullyused.

4 Application Performance

This sectionpresentsthe performanceof a numberof applications
and demonstratesthe efficacy of the mechanismsin the machine.
It startsby summarizingthe performanceof a dozenapplications
written in a shared-memorystyle. Thenext two subsectionspresent
detailsof two applicationcasestudies,MP3D andMICCG3D. The
final subsectionusesEM3Dto comparetherelativebenefitsof shared
memoryandmessagepassing.

4.1 Distributed shared memory performance

Shared-memoryapplicationsperformwell on Alewife, proving the
viability of both the software-extendedcoherencemechanismand
thelow-dimensionalcommunicationsubstrateprovidedby themesh
network. Table7 summarizesthemaincharacteristicsof theapplica-
tionsevaluatedon Alewife. Thefirst five applicationsshown in the
tablearefrom the SPLASHsuite[30], the threefollowing onesare
from theNAS parallelbenchmarks[8], thenext four areengineering
kernels,andthelastsolvesa numericalproblem.

Table 8 presentsthe running time and speedupperformanceof
theseapplicationson Alewife. The tableincludesresultsfor “Mod
MP3D”, which is a versionof the original MP3D applicationthat
eliminatessomeuselesscodeand improves locality by modifying
the mappingof particlesto processors.Section4.2 discussesboth
theoriginalandmodifiedversionsof MP3D in detail.

All the speedupspresentedin Table8 arebasedon the parallel
implementationof eachprogramrunning on one processorexcept
thosethataremarkedin thetablewith asterisksandthedifferentver-
sionsof MICCG3D. Theseexceptionsran with input sizesthat do



Program InputSize
MP3DJ 18kparticles,6 iterations
Barnes-Hut 16kbodies,4 iterations
LocusRoute 3817wires,20 routingchannels(Primary2)
Cholesky 3948 � 3948floats,56934non-zeros(TK15)
Water 729molecules,5 iterations
Appbt 20 � 20 � 20floats
Multigrid 56 � 56 � 56floats
CG 1400 � 1400doubles,78148non-zeros
EM3D 20000nodes,20%remoteneighbors
Gauss 512 � 512floats
FFT 80k floats
SOR 512 � 512floats,50 iterations
MICCG3D 32 � 32 � 32and64 � 64 � 64 floats

Table7: Main applicationcharacteristics.

not fit on a singlenode’s memory� . Theexperimentswith anaster-
isk assumethatthespeedupis linearat thesmallestnumberof nodes
that canhold the dataset. The MICCG3D speedupsarecomputed
usingabestsequentialrunningtimethatis obtainedby assumingse-
quentialrunningtimegrowslinearlywith problemsize.TheAlewife
compiler, usedfor all applications,producescodewith a sequential
runningtime that is within 10% of gcc at the “-O2” level of opti-
mization.

The resultsshow that Alewife usuallyachievesgoodapplication
performance,especiallyfor thecomputationalkernels,even for rel-
atively small input sizes.In particular, MP3D (anapplicationwith a
difficult shared-memoryworkload)achievesextremelygoodresults.
In contrast,a comparisonbetweenthe two entriesfor Cholesky in
the tabledemonstratesthe importanceof the input sizefor the per-
formanceof this application;a 5-fold input sizeincreaseleadsto a
significantimprovementin speedup.The modestspeedupsof CG
andMultigrid result from load imbalanceandbadcachebehavior,
which canbe addressedby usinglarger input sizesandthe latency
tolerancemechanismsin Alewife.

Table 8 presents the performance of the 32 � 32 � 32 and
64 � 64 � 64 input sizesfor MICCG3D (labelledMICCG3D-32and
MICCG3D-64,respectively) usingcoarse-grainandfine-grainsyn-
chronization.The speedupsappearlow becausethey aremeasured
againstthebestsequentialimplementationof theapplication,rather
thana uniprocessorrun of theparallelalgorithm. Theperformance
of MICCG3D will beexplainedin detail in Section4.3.

As a whole,experiencewith portinga varietyof applicationsin a
shortperiodof timeshowsthatAlewife providesagoodenvironment
for applicationswritten in a shared-memorystyle. Programscanbe
easilyportedto themachineandusuallyachieve goodperformance.

4.2 MP3D

On Alewife, MP3D achieves the largestreportedspeedupfor this
application. Thereare two reasonsfor this result. First, most of
thecommunicationtraffic in thebenchmarkis causedby migratory
data,and Alewife’s coherenceprotocol is optimized for this type
of data. Second,Alewife has relatively low ( I 60-cycle) latency
for 3-party remotereadtransactions,which resultsfrom Alewife’s
pipelinedmemorysystemanditssimple,flatnetwork hierarchy. This

� Barnes-Hutwasrun with 32k bodiesasinput, while Cholesky wasrun
with five timesasmany non-zerosasthebaseinputsize.
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Figure8: Speedupsfor variousversionsof MP3D: single-context
(1C), two contexts (2C),andprefetching(PF).
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low latency paysoff whenthewholehierarchymustbetraversedfre-
quently.

MP3Dalsoservesasagoodvehiclefor assessingtheperformance
of Alewife’slatency tolerancemechanisms.TheoriginalMP3Dcode
is a goodcandidatefor latency tolerance,sinceimprovementsin lo-
cality for thisprogramaredifficult to obtainwithoutsignificantcode
restructuring. Accordingly, this sectionconsidersthe effect of us-
ing multiple contexts, software prefetching,and a combinationof
thesetwo. Figure8 presentsthe speedupsof differentversionsof
MP3D. All speedupsin this grapharecomputedwith respectto the
non-prefetchingparallelimplementationrunningononeprocessor.

In orderto investigatethemaximumpossiblebenefitof prefetch-
ing, software prefetchingwas insertedby hand. The prefetchin-
structionsconcentrateon thedatacausingthemajority of thecache
missesin MP3D. As seenin Figure8, prefetchingachievesa 23%
improvementin speedupat 32 processorsover the non-prefetching
version.

Block multithreadingallows MP3D to performmarginally better
thanhand-craftedsoftwareprefetching(26% vs 23%),proving that
context switchingcanhelp applicationsachieve performancecom-
parableto versionsgeneratedby sophisticatedcompilersand/orpro-
grammers. An interestingobservation is that the combinationof
prefetchingandmultithreadingfor MP3D approachesthe speedup
performanceof thehand-optimizedversionof theapplication,Mod



RunningTime (Mcycles) Speedup
Program 1P 2P 4P 8P 16P 32P 1P 2P 4P 8P 16P 32P

Orig MP3D 67.6 41.7 24.8 13.9 7.4 4.3 1.0 1.6 2.7 4.9 9.2 15.7
Mod MP3D 47.4 24.5 12.4 6.9 3.5 2.2 1.0 1.9 3.8 6.9 13.4 21.9
Barnes-Hut 9144.6 4776.5 2486.9 1319.4 719.6 434.2 1.0 1.9 3.7 6.9 12.7 21.1
Barnes-Hut* – 10423.6 5401.6 2873.3 1568.4 908.5 – 2.0 3.9 7.3 13.3 22.9
LocusRoute 1796.0 919.9 474.1 249.5 147.0 97.1 1.0 2.0 3.8 7.2 12.2 18.5
Cholesky 2748.1 1567.3 910.5 545.8 407.7 398.1 1.0 1.8 3.0 5.0 6.7 6.9
Cholesky * – – 2282.2 1320.8 880.9 681.1 – – 4.0 6.9 10.4 13.4
Water 12592.0 6370.8 3320.9 1705.5 897.5 451.3 1.0 2.0 3.8 7.4 14.0 27.9
Appbt 4928.3 2617.3 1360.5 704.7 389.7 223.7 1.0 1.9 3.6 7.0 12.6 22.0
Multigrid 2792.0 1415.6 709.1 406.2 252.9 165.5 1.0 2.0 3.9 6.9 11.0 16.9
CG 1279.2 724.9 498.0 311.1 179.0 124.9 1.0 1.8 2.6 4.1 7.1 10.2
EM3D 331.7 192.1 95.5 46.8 22.4 10.7 1.0 1.7 3.5 7.1 14.8 31.1
Gauss 1877.0 938.9 465.8 226.4 115.7 77.8 1.0 2.0 4.0 8.3 16.2 24.1
FFT 1731.8 928.0 491.8 261.6 136.7 71.8 1.0 1.9 3.5 6.6 12.7 24.1
SOR 1066.2 535.7 268.8 134.9 68.1 32.3 1.0 2.0 4.0 7.9 15.7 33.0
MICCG3D-32-Coarse – 36.6 21.7 11.7 6.9 4.4 – 0.5 0.8 1.5 2.5 3.9
MICCG3D-32-Fine – – 11.7 5.8 2.9 1.5 – – 1.5 3.0 5.9 11.5
MICCG3D-64-Coarse – – – – – 32.2 – – – – – 4.3
MICCG3D-64-Fine – – – – – 12.5 – – – – – 11.1

Table8: Performanceof shared-memoryapplicationsonAlewife.

MP3D (seeTable8). Onepossibleexplanationfor this effect is that
multithreadingcantoleratethelatency of replacementcachemisses,
which aredifficult to predictwhenimplementingsoftwareprefetch-
ing.

Figure9 presentsthe costbreakdown (measuredby the Alewife
statisticshardware)for MP3DandMod MP3Dfor 8, 16,and32pro-
cessors.As shown in this figure,Mod MP3D significantlyreduces
boththebusytimeandthememorywait overheadof MP3D.Another
interestingobservationis thattheoverheadof handlingwidelyshared
cacheblocksin software(theLimitLESScomponent)andthesched-
uler costs(thesystemcomponent)arealwaysnegligible for the two
programs.In fact, noneof the shared-memoryapplicationssuffers
significantlyfrom thesetwo typesof overhead.

4.3 MICCG3D

MICCG3D solves Laplace’s equationon a three-dimensionalgrid
using a preconditionedconjugategradientmethod. A centralop-
erationin this methodhasbeendifficult to parallelize,due to the
computation’s complex datadependencies.This sectionreportsre-
sultsfor a singleiterationof four differentparallelimplementations
of MICCG3D.Thefirst is coarse-grain:thedatais blockpartitioned,
andeachpartitionis assignedto asinglethread.Thedatablocksand
threadsarestaticallyplacedin the mesh,andbarrierssequencethe
computation.

The other threeimplementationsare all fine-grain,and allocate
shareddatain J-structures.They differ in the way they implement
theJ-structures.In the first, J-structuresconsistof two separatear-
rays: onefor data,andonefor synchronizationvariables.On each
J-structurereference,softwarechecksthe synchronizationvariable.
Thesecondeliminatestheneedfor thesynchronizationarrayby us-
ing full/empty bits asprovidedin Alewife. Checkingthebit at each
referenceis still donein software.Thelast implementationusesthe
full capabilityof Alewife’sfull/emptybits,checkingsynchronization
statein hardware.(For additionalinformation,see[33]).

Figure10 shows a costbreakdown of variousMICCG3D execu-
tion times. The systemandLimitLESS componentsarenegligible
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Figure10: MICCG3Drunningtimes.Coarse-grain(A). Fine-grain:
nohw (B), f/e bits with sw checks(C), andfull hw support(D).

andarenot visible on the graph. Synchronizationoverheadin the
coarse-grainimplementationis thetime spentwaiting in barriers;in
thefine-grainimplementations,it is thetimespentbothin J-structure
operationsandin waiting for pendingJ-structurevalues. For each
problemsizeandmachinesize,thefigureshows breakdownsfor all
four implementationsof MICCG3D. Resultsfor 4, 16, and32 pro-
cessorsareshown for a32 � 32 � 32grid; 32processorresultsarealso
shown for a 64 � 64 � 64 grid. A largedifferencein synchronization
waiting time is apparentbetweenthecoarse-grainandfine-grainim-
plementations.Synchronizationoverheadcontinuesto besignificant
with increasingmachinesizein thecoarse-grainimplementationfor
several reasons.The amountof useful work betweenbarriersde-
creasesasmoreof the parallelismis exploited. As the numberof
processorsincreases,thenumberof barriersincreasesto enforcethe
datadependencies,andeachbarrier itself is more expensive since
barriersrequireglobal communication. The fine-grainimplemen-
tationsdo not suffer from theseeffectsbecauseJ-structuresrequire
synchronizationonly wheredatadependenciesoccur.

The threefine-grainimplementationsshow the impact of hard-
ware supportfor fine-grainsynchronizationon performance. The



implementationwith only software supporthas the highestmem-
ory ovh erheadandsynchronizationoverhead.The fine-grainimple-
mentationthatusessoftwarecheckingof full/emptybitshassimiliar
synchronizationoverhead,but hasa lower memoryoverhead.The
comparisonshows that full/empty bits afford compactstorageand
communicationof synchronizationstate,resultingin lowerdemands
on memoryandnetwork bandwidth. The implementationwith full
hardwaresupportfor fine-grainsynchronizationshows thesmallest
memoryoverhead.

In addition,usinghardwareto checksynchronizationstatelowers
synchronizationoverhead.However, the reductionin synchroniza-
tion overheadis not assignificantasthereductionin memoryover-
head. In Figure10, the “Memory” segments(in the B barsversus
C bars)arereducedby a greateramountdueto full/empty bits than
the“Synch” segments(in theC barsversusD bars)dueto hardware
checking.Hardwarecheckingin theMICCG3D applicationstill has
a significant impact on overall performancebecausethe software
checkingcodeincreasesregister pressure,resultingin more regis-
ter spilling. This is reflectedby smaller“User” segmentsin the D
bars. For codeswith low registerpressure,the overall gainsfrom
hardwarecheckingof full/empty bits would be much lessthan the
gainsof having full/emptybits in thefirst place.

Thisstudyleadsto two conclusionsaboutfine-graincomputation.
First, theability to expresssynchronizationat a fine granularityhas
a first-orderimpacton performancefor the MICCG3D application;
providing supportfor the fine-grain synchronizationprimitives in
hardwareor softwareis a second-ordereffect. Second,thereduction
in memoryand network bandwidthdue to full/empty bits impacts
performancemoresignificantlythanhardwarechecking.In general,
thedegreeto whichfull/emptybitsaremoreimportantthanhardware
checkingdependson registerusagein theapplicationcode.

4.4 Message passing, shared memory, and net-
work bandwidth

Thedebateabouttherelative meritsof sharedmemoryandmessage
passinghasragedbetweenparallel-processingexperts for at least
two decades.BecauseAlewife integratesuser-level sharedmem-
ory andmessagepassing,theprototypeoffersa uniqueopportunity
for providing someinsight into thetrade-off betweenthesetwo pro-
grammingstyles.As onemight surmisefrom themicrobenchmarks
in Section3.3, an importantmetric for makingthis trade-off is net-
work bandwidth:if theprocessorinterconnectionfabriccandeliver
enoughbits per second,distributed sharedmemory is a perfectly
fine mechanismfor almostall applications. However, as process-
ing speedsincreasefasterthannetwork speeds,programmersmust
usemessage-passingtechniquesto achieve desiredlevels of perfor-
mance.

Before attemptingthe comparisonbetweensharedmemoryand
messagepassing,it is importantto verify the performanceof each
of the mechanismsindependently. The microbenchmarksin Sec-
tion 3.1andtheprevioustwo benchmarkstudiescertainlyarguethat
Alewife’s implementationof sharedmemoryis morethanadequate
for the purpose. Section3.2 and the following case-studymake a
similarargumentfor Alewife’s implementationof messagepassing.

Message-passing performance In orderto verify thatAlewife
provides reasonablemessage-passingperformance,this case-study
comparestherelative performanceof anapplicationrunningon the
Alewife prototypeand on the Thinking Machines’CM-5, a com-
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Figure11: Performanceof a message-passingimplementationof
thesparsetriangularmatrixsolver.

mercialmessage-passingarchitecturebuilt with contemporarytech-
nology. This applicationis a power grid benchmarkfrom a sparse
matrix suite[12] whichusesthetechniquesof [11].

Figure11presentsspeedupsof message-passingimplementations
of thisapplicationonAlewife andtheCM-5. Speedupsarecomputed
basedon the executiontime (in cycles)of an optimizedsequential
coderunningon a singleCM-5 node. The differencebetweenthe
two polling implementationsof the machinesis 10%, and can be
entirelyattributedto theuseof anexperimentalcompileronAlewife.
Additionally, the differencebetweenpolling and interruptversions
on Alewife is only 16%. In contrast,the interrupt-driven version
of this applicationon the CM-5 suffers morethana factorof three
degradationover thepolling version.

In summary, Alewife’s baseperformanceis comparableto the
CM5 whenpolling is used. However, Alewife’s uniquenessstems
from its specialsupport for mechanismssuch as interrupt-driven
messages,whoseperformanceis muchbetterthanthat of commer-
cial machines.Interrupt-drivenmessagedelivery enablesa program
runningon a nodeto be unawareof whenmessagesareprocessed
by thelocal node. In contrast,polling requiresthat theprogrammer
beawareof whenmessagesmight needto beprocessedandensure
thatthenetwork is polledfrequentlyenoughto allow themessagesto
beservicedpromptly, or elsesuffer poorperformanceor evendead-
lock [14]. Placingthis additionalburdenon programmershasa neg-
ative impacton theeaseof useof themessagepassingprogramming
model.

Comparing communication
volumes Having validatedsharedmemoryandmessagepassing
independently, thenext stepis to comparetheir relative merits. Al-
thoughshared-memoryapplicationsin Alewife leveragethemessag-
ing mechanismsthroughtheir runtimesystem,applicationswritten
in the message-passingstyle exploit Alewife’s messaginginterface
directly. Rewriting theEM3D benchmarkasa message-passingap-
plicationallows a directcomparisonbetweenthesetwo styles.

In thefollowing analysis,SM indicatestheoriginalEM3D bench-
mark; PRE-SMindicatesa versiontunedto useAlewife’s prefetch
mechanism;MP is a message-passingpolling

�
version;andBULK

is a message-passingversionthat usesAlewife’s bulk datatransfer
�
Sincepolling performsslightly betterthaninterruptsandcommunication

volumeis similar for thisapplication,interruptsareomitted
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Figure 12: Breakdown of communicationvolume per processor
nodefor eachcommunicationmechanism

mechanism.Figure12 shows that the averagecommunicationvol-
ume– theamountof datainjectedinto thenetwork over thecourse
of anexecution– is threeto four timeshigherfor thesharedmemory
versionof EM3D thanthe message-passingversion. Bulk transfer
furtherreducesthevolumeby saving onmessageheaders.

Wheremessagepassingusesa singlemessageto communicatea
valuealongeachedgeof agraphproblem,sharedmemory(usingan
invalidationprotocol)mustuseat leastfour: the writer must inval-
idatethe reader’s copy, the readeracknowledgesthe invalidate,the
readerlater requestsa valid copy, andthewrite respondswith valid
copy. Additional messagesmay be requiredif the writer must in-
validatecachedcopieson morethanonereader. Additional traffic
is generatedwhenspin-locksarenecessaryto enforceatomicread-
modify-writes.While a shared-memoryprotocolwith optimizations
for updatetransactionsmight reducethe communicationvolume,
suchprotocolsstill requireat leasttwice asmany messagesasop-
timal message-passingcodes.Similarly, prefetchingcanreduceav-
eragememory-accesslatency, but themechanismalmostalwaysin-
creasescommunicationvolume.

Bisection bandwidth emulation While communicationvol-
umemeasurementsare important,the bottomline of DSM perfor-
manceis applicationexecutiontime, not network usage.Sincethe
Alewife prototypeprovidesmorethanadequateinterprocessorband-
width for mostapplications– includingEM3D – sharedmemoryre-
mainsthe mechanism-of-choice.However, the currentprototypeis
only onepoint in a designspectrum.Sinceit wasbuilt, increasesin
processorspeedhavedramaticallyoutstrippednetwork transferrates.

To investigatethe effects causedby lower network speed,it is
possibleto reducethe Alewife prototype’s availablenetwork band-
width artificially. Backgroundcross-traffic, generatedby the I/O
nodesshown in Figure1, lowerstheeffective bandwidthwithoutdi-
rectly changingthebehavior of an applicationrunningon thecom-
putenodes.Thebisectionbandwidthof theemulatedsystemis cal-
culatedby takingAlewife’smaximum(18bytesperprocessor-cycle)
andsubtractingtheamountof crosstraffic sent.Experimentalfactors
(suchasthesizeof thecross-traffic messages)limit theminimumef-
fective bisectionbandwidthto 4 bytesperprocessor-cycle.

Figure13 plots EM3D performanceon a 32-nodesystemasthe
amountof I/O cross-traffic varies.TheX-axis plotsbisectionband-
width in bytesperprocessor-cycle. TheY-axisplotsapplicationrun-
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Figure13: Executiontime (in cycles)on a 32-nodesystemversus
bisectionbandwidth.Alewife is at18 bytes/processor-cycle.

time in processor-cycles. The datapoints on the right side of the
graphindicatethebaselineperformanceof Alewife: even thebasic
shared-memoryversionof EM3D performsaswell astheoptimized
message-passingversion. Given the increasesin processorspeed
sincetheprototypewasbuilt, only themostexpensive DSM systems
in thefuturewill have bisectionbandwidthscloserto theleft sideof
the graph. In this regime,only heroic latency-tolerancetechniques
(like hand-optimizedprefetchingor possiblymultithreading)allow
sharedmemoryto achieve theperformanceof messagepassing.

As is thecasewith mostreligiousdebates,theanswerdependson
the point of view. In this case,the relative meritsof sharedmem-
ory versusmessagepassingdependon applications’useof commu-
nicationresources.The bestarchitecturalsolutionto this dilemma
is to integrateboth mechanismstogether, allowing programmersto
choosetheappropriatemodelof parallelcomputationfor their own
applications.

5 Related Work

A numberof othersystemsprovideasharedaddressspaceentirelyin
hardware. DASH [22] is a cache-coherentmultiprocessorthatuses
a full-map directory-basedcachecoherenceprotocol. It includes
prefetchinganda mechanismfor depositingdatadirectly in another
processor’s cache.The KSR1 andDDM [13] provide a sharedad-
dressspacethroughcache-onlymemory. Thesemachinesalsoal-
low prefetching.TheScalableCoherentInterface[6] alsospecifies
mechanismsfor implementinglarge,sharedaddressspaces.

Both theJ-machine[26] andtheCM-5 exporthardwaremessage-
passinginterfacesdirectly to the user. Theseinterfacesdiffer from
theAlewife interfacein severalways.First,in Alewife, messagesare
normallydeliveredvia aninterruptanddispatchedin software,while
in the J-machine,messagesarequeuedanddispatchedin sequence
by thehardware.On theCM-5, messagedelivery throughinterrupts
is expensive enoughthatpolling is normallyusedto accessthenet-
work. Second,neitherthe J-machine,nor theCM-5 allow network
messagesto betransferredthroughDMA. Third, theJ-machinedoes
notprovideanatomicmessagesendlikeAlewife does;thisomission
complicatesthe sharingof a singlenetwork interfacebetweenuser
codeandinterrupthandlers.

TheCrayT3D integratesmessagepassingandhardwaresupport



for a sharedaddressspace.Messagepassingin theT3D is flexible
andincludesextensivesupportfor DMA. However, theT3D doesnot
provide cachecoherence.

Several subsequentarchitecturesarebasedon the integrationof
sharedmemoryand messagepassingin someform. FLASH [21]
includesa microcoded,kernel-level coprocessorfor messagehan-
dling including shared-memoryprotocol messages. Bulk trans-
fers in FLASH avoid usingthe receiving processor, but requirepre-
negotiatingmemoryallocation. FLASH providesa multi-userenvi-
ronment.Typhoon[28] offersuser-level messagehandlingandcache
coherence,usinga secondprocessordedicatedto thenetwork inter-
face.The*T [25] architectureusesa memorycoprocessormodelas
well.

A few architecturesincorporatemultiple contexts, pioneeredby
the HEP [31], switchingon every instruction. Thesemachines,in-
cluding Monsoon[27] and Tera [5], do not have cachesand rely
on a large numberof contexts to hide remotememorylatency. In
contrast,Alewife’sblock multithreadingtechniqueswitchesonly on
synchronizationfaultsandcachemissesto remotememory, permit-
ting good single-threadperformanceand requiring lessaggressive
hardwaremultithreadingsupport.A numberof architectures— in-
cludingHEP, Tera,Monsoon,andtheJ-machine— alsoprovidesup-
port for fine-grainsynchronizationin the form of full/empty bits or
tags.

6 Conclusion

As oneof thefirst examplesof a truly scalableDSM, Alewife repre-
sentsastepin thematurationof multiprocessingtechnology. Specif-
ically, it augurstheendof the religiouswar betweenproponentsof
theshared-memoryandmessage-passingmodelsof parallelcompu-
tation. Theworking machinedemonstratesthatbothmodelspermit
efficient and scalableimplementations;moreover, the two models
may – andshould– be integratedinto a unified multimodelframe-
work. Sharedmemoryis easyto programandperformsbetterthan
messagepassingwhenmachineshave a high ratio of communica-
tion bandwidthto processingspeed.Messagepassing,on theother
hand,performsbetterwhenthe machinesareupgradedwith faster
processors,resultingin a lower ratio of communicationbandwidth
to processingspeed.Althoughprevious systemshave implemented
someof Alewife’s mechanismsindependently, Alewife is uniquein
its combinationof coherentcachesfor sharedmemory, integrated
messagepassing,supportfor fine-grainedcomputation,andlatency
tolerance.Thesefour mechanismsprovide an integratedsolutionto
theproblemsof communicationandsynchronizationin parallelsys-
tems.

This integrationof architecturalfeaturesresultsin a multiproces-
sorthatis bothprogrammableandscalable.Thecase-studyusingthe
MP3D applicationillustratesthis conclusion:it waseasyto port this
demandingworkloadto thearchitecture,andtheapplicationworked
andrealizedacceptablespeedupsalmostimmediately. Subsequent
performancetuningandinvoking Alewife’s latency tolerancemech-
anismssignificantlyimprovedMP3D’s performance.

Experiencewith a varietyof otherworkloadsconfirmsthis anec-
dotal evidence. More broadly, experiencewith applicationsindi-
catesthat a globally sharedaddressspace,cachecoherence,anda
message-basedruntimesystemis instrumentalin thequick develop-
mentof working applicationsthat performwell. Latency tolerance
mechanisms,fine-grainsynchronization,andexplicit messagepass-
ing helpimprove performancefurther.

Although Alewife addressesmany of the issuesof large-scale
multiprocessing,it is essentiallya single-usermachine.Our recent
work hasinvestigatedmechanismsfor protectionandvirtual mem-
ory in multiprocessorsthatsupportfastmessaging.Implementinga
virtual machinemodelis challengingbecausefeaturessuchasmulti-
programminganddemandpagingtendto interferewith streamlined,
tightly-coupledcommunication.Our FUGU architecture[23] embod-
iesanoptimisticapproachto messagepassingin a virtual machine:
eachapplicationhasdirectaccessto a simple,fast,Alewife-like net-
work interfaceunlessimmediateconditions(detectedin hardware)
dictateotherwise. Operatingsystemsoftwaremaintainsthe fiction
of a virtual machineby transparentlybuffering messagesin virtual
memorywhenrequired.

We have alsoinvestigatedtheuseof clusteredDSMsto construct
massively parallel processors(MPPs). Packagingconstraintsand
low volume demandsignificantly raise the cost of MPPs. Alter-
natively, the economyof high volume productionprovides a cost-
performanceadvantageto MPPsbuilt out of smaller-scaleDSMs.
The Multigrain SharedMemory (MGS) project [34] investigates
building MPPsby couplingmultiple Alewife-like DSMs by a local
areanetwork usingapage-basedsoftwareDSM protocolto maintain
coherenceover thenetwork. Early experiencedemonstratesthatef-
fectively exploiting multigrain sharingleadsto performanceoncost-
effective clusteredMPPsthatis comparableto thehighperformance
attainedon monolithicall-hardwareMPPs.
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