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Abstract

A variety of modelsfor parallelarchitecturesuchas sharedmem-
ory, messagepassing,and dataflav, have convergedin the recent
pastto a hybrid architecturdorm calleddistributedsharedmemory
(DSM). By usinga combinationof hardware and software mecha-
nisms,DSM combineshe nicefeaturesof all the abore modelsand
is ableto achieve both the scalability of messag@assingmachines
and the programmabilityof sharedmemorysystems. Alewife, an
earlyprototypeof suchDSM architecturesysesa hybrid of software
and hardware mechanismgo supportcoherentsharedmemory ef-
ficient userlevel messagingdfine-grainsynchronizationandlateng
tolerance.

Alewife supportsup to 512 processingnodesconnectecover a
scalableandcost-efective meshnetwork ata constantostpernode.
Four mechanismgombineto achieve Alewife’s goalsof scalability
and programmability: software-extendedcoherentsharedmemory
providesa global, linear addresspace;integratedmessageassing
allows compilerandoperatingsystemdesignergo provide efficient
communicatiorandsynchronizationsupportfor fine-graincompu-
tation allows mary processorso cooperateon small problemsizes;
andlateny tolerancemechanisms- including block multithreading
andprefetching- maskunavoidabledelaysdueto communication.

Extensve results from microbenchmarkstogether with over
a dozen complete applicationsrunning on a 32-node prototype,
demonstratdéhat integrating messageassingwith sharedmemory
enables cost-eficient solutionto the cachecoherenceroblemand
providesarich setof programmingprimitives. Our resultsfurther
shav thatmessagingndsharednemoryoperationsarebothimpor
tant becauseeachhelpsthe programmetto achieve the bestperfor
mancefor variousmachineconfigurationsBlock multithreadingand
prefetchingimprove performancesignificantly and languagecon-
structsthatallow programmerso expresdine-grainsynchronization
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canimprove performanceéy over a factorof two.

1 Introduction

Thelastfew yearshave seertheintroductionof anumberof parallel-
processingsystemswith truly impressie maximum performance.
The amountof raw computationpackagedin a single chassisis

quickly approachingtrillion operationgpersecond.Unfortunately

end-usersarely benefitfrom the adwertisedmaximumperformance
of todays massiely parallelsystems. Any applicationthatactually
exploits the full potentialof a machinetypically requiresmonthsof

carefulprogrammingpainful delugging,andrelentlesguning.

By integratingmechanismd$rom sharedmemory messageass-
ing and dataflav architecturesnto a hybrid DSM model,the MIT
Alewife machine[4] shaws that a parallel architecturecanyield a
rich sharedmemoryprogrammingervironmenton a scalablehard-
warebase. The hardware,compiler and operatingsystemcombine
to achieve the goalof programmability by solvingproblemsthattra-
ditionally burdenmultiprocessoprogrammersnamely scheduling
computationand moving databetweenprocessingelements. Fea-
turesof this ervironmentincludea globally sharedaddresspacea
scalablecachecoherencenechanisma compilerthatautomatically
partitionsregularprogramswith loops,alibrary of efficientsynchro-
nizationandcommunicatiomoutines distributedgarbagecollection,
anda paralleldehugger Statistics-gatheringpols help to optimize
performance.

Thesefeaturesallow programmerso write high-performancep-
plicationsquickly. A sharedaddresspacerelievesthe programmer
of the burdenof addresscomputationfor distributed data, caching
eliminatesthe needfor explicit datamovement,andautomaticdata
partitioning further simplifiesthe task of managingcommunication
requirementsDistributedgarbagecollectiongivesprogrammershe
optionof avoiding atraditionalsourceof mary bugsin parallelappli-
cations:explicit memoryallocationanddeallocation.Efficient syn-
chronizationand communicatiorroutines— togethemwith statistics-
gatheringools— helpprogrammersuneperformancencethey have
programsworking correctly

Thegoalof scalability addresseboththe costof building thema-
chineandits ability to run programsefficiently. The Alewife archi-
tecturepermitsa physicallyscalablémplementationSimilar to ear




lier messagpassingystemsAlewife machinesrebuilt by replicat-
ing a single, modularprocessingnode. Passve backplanegprovide

thewiresto connecthe nodesin alow-cost,two-dimensionamesh
network. In orderto provide I/O facilities,VME andSCSlinterface
boardspluginto theedgesf themesh.WhetheranAlewife machine
hasonenodeor 512 nodes this physicallayoutresultsin a constant
costpernode. In the prototype,despiteunit quantity purchasinga

singlenodecostsonly about$2,000. With volumefabrication,this

costcouldbereducedsubstantially

This papershavs how the hardware andsoftware component®f
Alewife provide goodperformanceon parallelapplicationswithout
sacrificingphysicalscalabilityor programmability Indeed mostap-
plicationswerewritten for othermachinesandrun on Alewife with-
out significantporting effort. On ary DSM, the primary challenge
to achieving thesegoalssimultaneouslys thelateng of interproces-
sorcommunicationwhich dominateghetime requiredfor intranode
memory accesses.Unlike other DSM architectures Alewife pro-
videsfour classesof architecturaimechanisms- eachpopularized
by variouscomputationamodelssuchas sharedmemory message
passing.anddataflav — thatimplementan automatic locality man-
agement stratgyy. This stratgy seeksto maximizethe amountof
localcommunicatiorby consolidatingelatedblocksof computation
and data, and attemptsto minimize the effects of non-localcom-
municationwhenit is unavoidable. The four classef mechanisms
are:coherentachedor sharednemory integratedmessageassing,
supportfor fine-graincomputationandlateng tolerance.

Coherent shared memory Although Alewife providesthe ab-
stractionof globally sharedmemoryto programmersthe systems
physicalmemoryis statically distributed over the nodesin the ma-
chine. On eachnode, a Communicationsand Memory Manage-
mentUnit (CMMU)[20] receves memoryrequestsrom a Sparcle
processor[P and directs the requeststo local or remotememory
Whennecessarthe CMMU synthesizesnessagethatfetch mem-
ory from remotenodes.

Thememoryhardwarehelpsmanagdocality by cachingboth pri-
vateandshareddataon eachnode.Cachinginvolvesmakingalocal
copy of theremotedatasothatfuture accessedo notincur network
traffic. Systemswith cacheshowever, suffer thecoherencgroblem.
The coherenceroblemariseswhencachedcopiesof dataaremod-
ified locally, resultingin aninconsistenview of memory Solutions
to thecoherenc@roblemgenerallyinvolve protocolsthatallow mul-
tiple cachedcopiesof read-sharedata,but disallov sharingwhena
cachedcopy mustbe written by invalidatingall othercopies.Inval-
idationsare facilitatedin DSMs by a distributed memorydirectory
thatkeepstrack of the locationsof eachcachedcopy. Alewife uses
a scalable software-extendedschemecalled LimitLESS [10] (Lim-
ited DirectoriesLocally Extendedwith Software Support)to main-
tain the coherencef cacheddata. The LimitLESS schemehandles
common-casenemoryaccesses the CMMU hardware, but relies
on softwaretrapsto enforcecoherencdor memoryblocksthat are
sharedby a large numberof processorsThe software trapsinvoke
software protocol handlersthat extend the directory into software
managedmemory therebylimiting the amountof dedicateddirec-
tory memory

Integrated message passing While the programmerseesa
sharedmemoryprogrammingmodel,for performanceeasonsnuch
of the underlyingsoftware is implementedusing messageassing.
The performanceof all of the layersof software that help manage
locality (includingthecompilet libraries,run-timesystemandLim-

itLESShandlersdependn anefficientcommunicatioomechanism.
Featuresn Sparcleandthe CMMU provide a streamlinednterface
for transmittingandreceving messageshoth systemandusercode
canquickly describeandatomicallylauncha paclet directly into the
interconnectiometwork; adirectmemoryacces§DMA) mechanism
allows datato flow betweerthe network andmemory;andafastin-
terruptmechanisnspeedsnessageeceptionandsimplifiesthe task
of writing messag@assingorogramsby eliminatingthe needto poll
thenetwork frequently

The Alewife hardware supportsa seamlesdnterface between
the various software layersby integrating the sharedmemoryand
message-passingechanisms.To do so, the systemprovides for-
ward progresgguaranteeso sharedmemoryaccesse# the faceof
messageaeceptioninterrupts. In addition, the DMA enginemain-
tains the coherencebetweenthe datain messagesndthe datain
local cached18].

Fine-grain computation Given a fixed-sizedataset, the gran-
ularity of computation(the time betweeneventsthat requireinter
processocommunicationecreaseasthe numberof processorin
a systemincreases.A systemthat cannothandlesmall taskseffi-
ciently must attemptto increasesynchronizatiorand communica-
tion granularityartificially, possiblydefeatingattemptg¢o maximize
parallelism. Alewife’s supportfor fine-graincomputationincludes
mechanismgopularizedy dataflav andmessag@assingarchitec-
tures,namely fast, userlevel messageand supportfor full/empty
bit synchronization.Userlevel messageallow the processodirect
accesdo the network queues.Full/emptybit synchronizatiorasso-
ciatesa synchronizatiorbit with eachword of memoryandallows
synchronizatioranddataaccesso be accomplishedimultaneously

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

Latency tolerance Block multithreadingand prefetchingpro-
vide thelastline of defensean Alewife’s locality managemenrstrat-
egy. Thesemechanismattemptto toleratethe lateng of interpro-
cessorcommunicatiorwhenit cannotbe avoided. Prefetchingal-
lows codeto anticipatecommunicatiorby requestingdataor locks
beforethey areneeded.Block multithreadingallows a processoto
switch betweenthreadsof computationon a cachemissor a failed
synchronizatiorattempt.

Lateng tolerancerequiressupportfrom Alewife’s hardware and
software components. Prefetchingand block multithreadingboth
requirelockup-freecaches[1}. Prefetchingrequiressupportin the
compilerandspecialmemoryoperations.Block multithreadingre-
quiresa fastcontext switch[3] anda solutionto the window of vul-
nerability problemcreatecdoy interleaved threadsof execution[19.

Althoughit is helpful to think of Alewife’s four mechanismss
beingdistinct,themachines implementatiorintegrateshemtightly.
For example,the CMMU'’s transactiorbuffer closesthe window of
vulnerability openednot only by multithreading,but also by fast
messagéandlingandsoftware-extendedcoherenceThetransaction
buffer alsoprovides storagefor prefetchingand supportfor correct
orderingof messagesSimilarly, Sparcles fastinterruptmechanism
acceleratekimitLESS eventhandling,messageeceptionfine-grain
synchronizatiorevents,andcontext switching.

This paperdescribeghe experiencegainedby designing,fabri-
cating,andrunninga completeparallel DSM system. Specifically
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Figurel: TheAlewife architecture.

it evaluatesthe effectivenessof the Alewife architectureandits lo-
cality managemenstratgly. Section2 describeghe machines im-
plementationand its programmingervironmentto shav how the
mechanismgombineto producea coherentsystem. Section3 de-
scribesAlewife’s primitive mechanisma&ndusesmicrobenchmarks
to measurahe baseperformancenf the mechanism#n termsof the
lateng andbandwidthof primitive functions.Section4 presentsle-
tailed case-studiesf several applicationsthatillustrate the benefits
of Alewife’s approachand examinesthe relative benefitsof DSM
mechanismsvhen technologychangeshe ratio of computationto
communicationspeed. Section5 discusseselatedwork on paral-
lel architectures.Finally, Section6 summarizeghe insight gained
from implementingAlewife and briefly discussesesultsfrom re-
searchhatfollowedthe Alewife experiment.

2 TheAlewife Machine

TheAlewife architecturds organizedasshavn in Figurel. Memory
is physicallydistributedoverthe processingnodeswhichuseamesh
network for communication.

EachAlewife nodeconsistsof a Sparcle[2]processqr64K bytes
of direct-mappedache4M bytesof dataand2M bytesof directory
(tosupporta4M byteportionof sharednemory),2M bytesof private
(unsharedmemory afloating-pointcoprocessorndan Elko-series
meshrouting chip (EMRC) from Caltech.Both the cachememories
andfloating-pointunit (FPU) are off-the-shelf, SFARC-compatible
componentsThe EMRC network routersusewormholeroutingand
areconnectedo form a direct network with a meshtopology The
nodescommunicatevia messageshroughthis network. A single-
chip CommunicationgandMemoryManagement)nit (CMMU) ser
vicesdatarequestsrom the processoandnetwork. Intelligentl/O
Interface nodesin Figure 1 are attachedto the edgesof the mesh
network, andprovide SCSl-basednterfacesto disksandlocal area

networks(LANSs). Thesd/O nodesaremodifiedversionof thecom-
putenodes.

Figure2 shavs the physicalrealizationof botha 16-nodeAlewife
systemanda 32-nodesystemwithin achassiscalableo 128nodes.
The16-nodesystemgcompletewith two internalS%-inch diskdrives,
is about74x 12x 46 cm, roughlythesizeof afloor-standingvorksta-
tion. Packagingfor a 128-nodemachineoccupiesa standardl9-inch
rack. Timing numbersn this paperreflectthe 32-nodeAlewife ma-
chine,packagedn thelower right quarterof the 128-nodechassis.

Useraccesdo anAlewife machineis througha hostworkstation.
Clientinterfacesoftwareconnectgo the Alewife machinevia UNIX
socletsto a sener processrunning on the host. ExternalNFS file
accesss alsoprovided by the host.

Thefirst Alewife machinebecameoperationain May, 1994. Re-
sultsin this papernwereobtainedusingfirst-silicon versionsof Spar
cle andthe CMMU. Althoughtherearea few bugsin the CMMU,
all of themhave software work-arounds.However, oneof the bugs
involves a timing conflict with the FPU, requiring operationat 20
MHz whenfloating-pointis in use. Integer codesrun at 30 MHz.
For consisteny, theremainderof this papemwill quoteperformance
numbersata20 MHz systemspeed.

2.1 Sparcle processor

Sparclewasderived from an industry-standar&PARC (version7)

processor It provides an efficient and tight coupling betweenthe
processompipeline andthe communicationsietwork. Many of the
featuresof the underlyingSPARC implementatiorare exploited di-

rectly by Alewife: for example,the SFARC externalcoprocessoin-

terfaceis usedfor fastmessagingnterruptcontrol,andfine-grained
synchronizationSPARC alsoprovidesregisterwindows thatcanbe

exploited asseparateontets for block multithreading.

SparcleaugmentshebasicSPARC architecturewith afew simple
mechanisméo facilitaterapid messagingblock multithreadingand
fine-grainsynchronization:

e User-level colored loads and stores. The SFARC architecture
definesan 8-bit Alternate Space Indicator (ASI) thatsenesto
tagall loadandstoreoperationswith oneof 256 different“col-
ors”. Sparcleallocateshetop 128 ASI valuesto the userand
definesnew loadandstoreinstructionghatemittheseASlI val-
ues.

e Extrasynchronoustrap lines. Theseinesenableuniquetrap
vectorsfor context-switchandfine-grainsynchronizatiortraps.

e Context management instructions. New instructionsal-
low rapid switching betweenactive hardware contets. The
SFARC currentwindow pointeris visible at the pins, permit-
ting context-dependenstatein the CMMU andFPU.

Thesechangesequire an increaseof fewer than 2000 gatesover
the unmodified SFARC design. Together they yield a processor
with supportfor low-overheaccommunicationincludinga 14-g/cle
contet-switchtime for aremotedatacachemiss.

2.2 TheAlewifeCMMU

TheAlewife CMMUJ[20] implementamostof the uniquefunctional-
ity of Alewife. In anAlewife node,the CMMU is connectedlirectly
to the first-level cachebus and senes muchthe samefunctionality
asacache-controller/memory-managemantt in a uniprocessorit
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containstagsfor the cache providesDRAM (dynamicrandomac-

cessmemory)refreshandECC (errorcorrectingcodes)andhandles
cachdfills andreplacementdn addition,it implementshearchitec-
tural mechanismslescribedn this paper The CMMU alsoprovides
asynchronougueuingfor the EMRC network chipsanda numberof

hardvarestatisticsfacilities.

Figure3 shavs a block diagramof this chip. The Processor Glue
Logic is responsibldor interpretingcoloredmemoryoperationsand
coprocessainstructionrequestsThe Cache Management and Inval-
idation Control andMemory Coherence and DRAM Control blocks
comprise,respectrely, the processorand memory portions of the
cachecoherencerotocol. In addition,both blocksservicerequests
from the Network I nterface and DMA Control block, which provides
userlevel messaggassingwith locally coherentDMA[18]. Since
the processorand memory sidesof the cachecoherenceprotocol
aswell asthe message-passinigterfacessharethe samenetwork
gueuesmessag@assingandsharednemoryareintegrated[16.

The Transaction Buffer is a 16-entry fully-associatve data
store that tracks outstandingcache coherenceransactionsholds
prefetchedlata,andstageslatain transitbetweerthecachenetwork
andmemory It is integratedcloselywith the mechanisnfor remov-
ing livelockin thefaceof block multithreading19]. Thetransaction
buffer is alsoresponsibleor makingthe Alewife coherenceproto-
col insensitve to reorderingin the network. It doesthis by tracking
in-progresamemorytransactionstetainingsufficient processoside
informationto reconstructhe messagerderintendecby a memory
nodeevenwhenmessagearrive atthe processingrodeout of order
Among other things, this information enablesa schemecalled de-
ferred invalidation to untanglemisorderingsetweendatamessages
andsubsequenvalidations— acritical type of misorderingthatcan
leadto incoherenceinvalidationsthatarrive prematurelywhendata
is expectedare simply deferreduntil the dataarrives. The Regis-
ters and Satistics block containsa dedicatectycle counter atimer,
anda numberof statisticsfacilities. The Network Queues and Con-
trol block containsasynchronouinterfacesfor the EMRC network
routers.

Figure3 alsoshavs afloorplanof the CMMU. Thischipisimple-
mentedwith threelayersof metalin theLEA-300K hybrid gate-array
technologyfrom LSI Logic. Shadedlocksarestandard-celmem-
ories. Therestof the chip is implementedn a sea-of-gatestyle;
costsfor the gate-arrayportion of the chip aregivenin Table1. In
this technologya NAND gateis one(1) gate,while a scanflip-flop

L

Figure3: Block diagramandfloorplanfor theCMMU (15mmx 15mm).

Gate Mechanism
Cateyory Count| % || SM | MP | LT | FG
ProcessoRequests|| 11686 | 12
Ful/EmptyDecode || 2157 | 2
Memory Service 13351 | 13
DRAM Control 8720 | 9
LivelockRemaoval 2108 | 2
TransactiorBuffer 17399 | 17
IPl interface 11805 12
Network Queueing 7363 | 7
CMMU Raisters 9308 | 9
Statistics 11958 | 12
Miscellaneous 4627 | 5

Table1: Functionalblock sizes(in gates)or the Alewife CMMU,

aswell ascontritutionsto sharedmemory (SM), messaggassing
(MP), lateng tolerance(LT), andfine-grainsynchronizationFG).
Total chip resources:100K gatesand 100K bits of SRAM (static
randomaccessnemory).

takesnine (9) gates.

2.3 Programming model

Althoughthefast-messageapabilityof Alewife makesit agoodve-
hicle for executingprogramswrittenin amessage-passirggyle, it is
betterviewed by the programmensa shared-memorymnachine.The
Alewife hardware mechanismsincluding fast messagesare com-
binedin supportof the shared-memorprogrammingmodel. To fa-
cilitate programming,Alewife providestools thatinform program-
merswhen poor performances causedby widely-shareddataob-
jects,andwhich partsof the applicationareaffected. Programmers
canthenfine-tuneperformancey usingthe directmessage-passing
interfaceintegratedwith sharednemory

Alewife hascompilersfor a parallelversionof ANSI C anda par
allel versionof LISP calledMul-T [15]. For parallelC, Alewife sup-
portsthe p4 library from ArgonneNational Laboratoryaswell as
parallelloopsanddistributed arrays. Automatic partitioningcanbe
usedwhena programusesparallelloopsandarrays[1].

Parallelismin Mul-T is specifiedwith the f ut ur e construct.
Low thread creation overheadis achieved using lazy task cre-



ation [24], a methodfor dynamic partitioning and load balanc-
ing. The Alewife runtime systemincludesa parallelstop-and-cop
garbagecollector

24 Alewife debugging and tuning

Alewife provides a numberof facilities to aid in programdelug-
ging and performanceuning. An Alewife versionof GDB allows
symbolicprogramdelugging,completewith theability to setbreak-
points, examinedataandregisterson individual nodes,andinspect
threadspothactive andblocked.

Theprogrammecanmake useof two distinctfacilitiesin Alewife
for performancelehugging. First, the LimitLESS cachecoherence
mechanismcan be configuredto collect information aboutwhich
memory locationsare being sharedand accessedn a patternthat
causegpoorperformanceA tool is availablethattraceserrantmem-
ory behaior directly to sourcevariables.

Secondthe Alewife CMMU providesextensie facilitiesfor per
formancemonitoring. Four 32-bit statisticscountersanda histogram
array can be configuredto measurea wide variety of hardware
events: examplesinclude cachehits and missesnstructioncounts,
andnetwork throughpustatistics. A graphicalinterfaceallows users
to specifya setof statisticsanddisplaysstaticanddynamicviews of
theresults.

3 Mechanismsand Microbenchmarks

This sectiondescribeghe implementatiorof the mechanisméntro-
ducedin Sectionl. It presentghe costandthe raw performanceof
eachof the mechanism#n isolation.

3.1 Distributed shared memory

The Alewife machineprovides hardware supportfor distributed,
cache-coherergharedmemory Cacheinesin Alewife are16 bytes
in size and are kept coherentthrougha software-extendedscheme
called LimitLESS[9, 10]. This schememplementsa full-map di-
rectory protocol by supportingup to five readergper memoryline
directly in hardwareandby trappinginto softwarefor morewidely-
shareddata. ConsequentlyLimitLESS involvesa closeinteraction
betweenhardware and software. The hardware invokes software
handlingfor remoterequestdy makinguseof the Alewife message-
passinginterface: faulted coherenceequestsare forwardedto the
processoin the sameway asary othermessageThequeuinginher
entin the message-passingterfacepermitsmultiple pendingLim-
itLESScoherenceequests.

Sharednemoryis distributed,in the sensehatthe sharecaddress
spacds physicallypartitionedamongnodes.Each16-bytememory
line hasa home node thatcontainsstoragefor its dataandcoherence
directory All coherenceperationgor agivenmemoryline, whether
handledby hardwareor software,arecoordinatedy its homenode.
EachAlewife nodecontainsthe dataandcoherencealirectoriesfor a
4M byte portionof sharednemory

The Alewife directoryentry formatis shawvn in Figure4. Direc-
toriesare64-bitswide andarestoredin off-chip DRAM. Eachentry
containsfive 9-bit pointers,two bits of state two bits of meta-state,
andfour full/empty bits (onefor eachword in theline). The Local
Bit provides an optimizationwhich guaranteeshat the local node
canalwaysacquirea pointer The Pointers In Use field indicatesthe
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Figure4: A hardwaredirectoryentryin Alewife.

Nameof Meta-State
Nor nal
Trap-On-Wite
Wite-In-Progress
Tr ap- Al ways

Description
dir. entryunderhardwarecontrol
readshandledby hw, writesby sw
dir. entrysoftwareinterlocked
all requesthandledby sw

Table2: Thefour directoryentry meta-statesf the CMMU.

numberof other pointersthat arein use. The numberof pointers
availableto the hardware may be adjustedrom two to five with the
Pointers Availablefield. Sincethe Pointers In Usefield canbe setby

software, the costof the LimitLESS readhandleris amortizedover
up to six differentreadrequestswheninvoked to handlea readre-
guestthe handlerresetghe Pointers In Use field, allowing the next

five requestso be handledwithout softwareintervention.

Table2 describeghe four LimitLESS meta-statesTwo of these
states,Nor mal and Tr ap- On- Wi t e, are persistent. Nor rmal
indicatesthat a directory entry is entirely under hardware control
— the four statesassociatedvith this meta-statdorm a basewrite-
invalidateprotocol. Tr ap- On- Wi t e indicatesthat the identities
of someof thereadersareunknavn to thehardware;consequentlya
write requesimustbe handledby software. Readrequestshowever,
take adantageof a “read-aheaddptimization:the CMMU simulta-
neouslyforwardsreadrequestso thelocalprocessoand returnsdata
to therequestingnodesat hardwarespeed.Tr ap- Al ways permits
experimentalprotocolsto be constructedntirelyin software.

LimitLESSinterrupthandlergirectly manipulatehardwaredirec-
tories. Thus,althoughall hardwaredirectoryentrymanipulationsre
atomic,interlockmechanismsrenecessaryo preventthe hardware
from modifying directoriesthat arein the processof beingaltered
by software. To implementthis functionality Alewife providestwo
instructionsfor directoryentrymanipulationy | di r (readandlock
directory)andwudi r (write andunlock directory). While the mu-
tual exclusionprovided by theseinstructionsis suficient for simple
atomicity, Alewife providesa secondmechanisnfor greatemerfor
mance:itheW i t e- | n- Pr ogr ess meta-stateThis statemarksa
directory entry as requiring software manipulationand unavailable
to thehardware. This additionalstateis necessaryor theread-ahead
optimizationdescribedabove.

Sparcleemplgys asingle-portedunifiedfirst-level cache with no
on-chipinstructioncache Consequently32-bitloadsandstoreshat
hit in thecachetake two andthreecycles,respectiely (onecycle for
theinstructionfetch). Doublevord (64-bit) loadsandstoresthat hit
in the cachetake oneadditionalcycle.

Table 3 shavs the costincurredwhen memoryreferencesniss
in the cache.Thesevalueswereobtainedwith a sequencef experi-
mentsrunonanotherwiseidle Alewife system. All remotemissesor
invalidationsare betweenadjacennodes.Eachadditional“hop” of
communicatiordistanceincreasesheselatenciesby approximately
1.6cycles.



Miss Home #lInv. | 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

T This swreadtime representthethroughputseenby asinglenode
thatinvokesLimitLESS handlingat a sw-limitedrate.

Table3: Typical sharedmemorymisspenalties.

Action Count
Cache-misgo requesin network 2
Requestransittime (8 bytes) 7
Requeshat memoryto outputheadettransmit 7
Datareturnin network (24 bytes) 15
Responsarrival to beginning of cachéfill 3
Cachefill time 4

Table4: Roughbreakden of 38-g/cle cleanread-misgto neigh-
boringnode.

For a simpleload missto remotememoryhandledin hardware,
58%o0f the38-gycle misspenaltyis dueto network lateng (1.1outof
1.9 microseconds)Roughlythree-quartersf the network lateny is
time spenttransferringflow-controlunits (flits) betweerthe CMMU
andthe interconnectiometwork (36 flits at 22.5 nanoseconds/flit).
Table4 givesa breakdavn of thevariouslatenciesnvolvedin satis-
fying aremoteread-miss.

Misseshandledn softwarerepresenthe accessime seenwhena
cachdine is sharednorewidely thanis supportedn hardware (five
pointers) sothatthehomenodeprocessomustbeinterruptedo ser
vice the request.In the caseof a load, the softwaretime represents
themaximumthroughputvailablewhenevery requestequiressoft-
ware servicing. Becauseof the read-ahea@ptimizationandamor
tized read-handlingthis lateny numberwill rarely be experienced
by arequestingnode. Thesoftwarestorelatengy representanactual
lateny seenby a writer; it includesthe time requiredfor the soft-
ware handlerto sendsix invalidations,for theseinvalidationsto be
receved by the hardware,andfor anexclusive copy to bereturned.

3.2 Message passing

Messagepassingis both a crucial componentof the LimitLESS

cachecoherenceprotocol and a mechanisnto be usedin cooper

ation with software-etendedsharedmemory Somecommunica-
tion operationssuchasfile I/O, remotetaskdispatchandtheinner
loopsof typical scientificcodes canoftenbe implementednoreef-

ficiently with messaggassingthanwith sharedmemory Further

sinceAlewife providesa protecteduserlevel message-passirngter-

face,compilationtargetssuchas active messages[32are naturally
supported.

Messagesn Alewife are sentthrougha two phaseprocess:first
describe, thenlaunch. A messagés describedby writing directly
to an outputdescriptorarraywith a coloredstoreinstructioncalled
sti 0. Theoutputdescriptorarray consistsof 16 memory-mapped
network registersin theCMMU. Writesinto thisarrayincurthesame
costaswrite hits in the cache. Oncea messages describedjt is
launchedria anatomic,single-gcleinstructioncalledi pi | aunch.
This two phaseprocesspermitsdirect, userlevel accesgo the net-
work queues.

Figure5 illustratescodefor launchinga messagé¢hat consistsof
aheaderoneword of datafrom a register anda block of datafrom
memory (to be transferredvia DMA). The header , dat awor d,
addr ess, andl engt h arealiasesfor arbitrary Sparcleregisters.
Onentryto this codesequenceheader containghe pacletheader
dat awor d containstheword of data,addr ess pointsto the start
of the datablock, and| engt h givesthe numberof double-vords
in the datablock. This paclet descriptoris two double-vordslong
andcontainsonedouble-vord of explicit data(header anddat a-
wor d). Alewife maintainslocal coherence for the datablock spec-
ified by addr ess and| engt h: datais acquiredfrom the local
cacheat the sourceandinvalidatedfrom thelocal cacheat the desti-
nation.

Whena messagarrivesat its destination,it typically causesan
interrupt. The CMMU overlapsmessagerrival with interruptpro-
cessinguy postingtheinterruptassoonasit hasrecevedthe header
of a message Sincethe operatingsystemresenes one of the four
Sparclehardware contexts for messag@rocessingasin [26, 29)),
no registersavesor restoresarenecessaryThefirst 16 wordsof an
incomingmessagarepresented thememory-mappeahputpaclet
array Consequentlyaninterrupthandlermay eitherload wordsdi-
rectly from this arrayvia the | di o instruction,or initiate a DMA
sequencéo storethe messagénto memory

The Alewife message-passingterfacehaslow overhead A sim-
ple, 2-word messag€oneheaderonedata-word), canbetransmitted
with 3instructionsor 7 cycles. Messageeceptioncanusepolling or
interrupts.The costof receptioris moreexpensve whenaninterrupt
mustbefieldedatthereceving end. Usinginterrupts,a system-leel
handlerfor a 2-word messagean be enteredin approximately35
cycles. This time includesreadingthe messagdrom the network,
dispatchingon anopcodein the headerandsettingup for ageneral
call to handleroutineswrittenin C.

Adding userlevel messag@rotectionincreaseshis entrytime by
anotherl5 cyclesto approximatelys0 cycles. A null userlevel mes-
sagehandlerrequiresa total of 95 cycles. Much of this time is as-
sociatedwith saving and restoringthe system-lgel timer (to time
out an errantuserlevel handlerand prevent a userfrom locking up
the machine),preventing accesso sharedmemorybeforethe cur
rent messagdasbeenremoved from the queue,and checkingfor
userrequestedatomicity  Simple modificationsto the CMMU can
combinethesethreefunctionsinto a single mechanismandreduce
the overheadf protectedmessag@assingconsiderably

3.3 Shared memory ver sus message passing

Measurementsf Alewife’s meshnetwork shav that eachchannel
providesa peakbandwidthof approximatel\856 Mbits/second22.5
nanosecondgper 8-bit flow-control unit). For a sixteennode ma-
chine, this rate yields a maximumpossiblebisectionbandwidthof

2.8 Gbits/sec.Syntheticworkload generatorsneasurehe capacity
of Alewife’s network in morerealisticervironments.

Figure6 characterizedlewife’'s network performancen termsof
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Figure6: Lateny versusbisectiontraffic for 16 nodes.(a) sharedmemory two different
datatypes.(b) messag@assingrandomdestinations.

latengy andbandwidthof bothsharednemoryandmessag@assing.
A shared-memorworkloadgeneratosimulateswo differenttypes
of data. Figure 6(a) shaws the resultsof runningthis microbench-
markon a 16-nodeAlewife machine.The horizontalaxis shavs the

bisectiontraffic achieved by eachrun; the vertical axis usesa loga-

rithmic scaleto plot the averagelateny of a memorytransactiona

reador awrite). This experimentmeasureactualnetwork traffic, as
opposedo thebandwidthavailableto userdata.For sharednemory

userdataaccountgor roughlyhalf of thetraffic. Thelateng is mea-
suredfrom the time a noderequests memoryblock until thetime

thattheblockis readyto beaccessefrom atransactiorbuffer.

The curvesin Figure6(a) marked with circlesshav the baseper
formanceof sharedmemory During theseexperiments gvery pro-
cessoraccessememoryin a producer-consumer fashion:eachpro-
cessorwrites to a numberof blocksin its local memoryandthen
readsthe sameamountof datafrom anotherprocessos memory
The readphaseof this benchmarkgeneratedisectiontraffic of up
to 1 Ghit/sec,over 35% of the maximumpossiblebandwidth. The
sharednemorycoherencgrotocolproducealf asmuchtraffic dur
ing thewrite phaseof this benchmarkAll of theproducerconsumer
transactionsequireabout2 microsecondg¢ sec)lateny acrosshe
entiretraffic range.

The experimentsplotted with triangles shav the performance
wheneachprocessomrites to a numberof memoryblocksandall
of the otherprocessorn thesystenreadtheblocks. This one-to-all
scenarianvokes Alewife’s software-ectendedsharedmemory Due
to thedirectoryread-aheatkature(seeSection3.1),thereadlateny
atlow bandwidthss similarto the producefconsumeiexperiments.
However, thereadtraffic saturatesit 346 Mbits/sec,with a4.2 sec
lateng; the basewrite lateny liesat52 sec,andincreaseso 380

secasbandwidthdemandsncrease.

Figure 6(b) shavs the results of a synthetic message-passing
workload: this microbenchmarlconsistsof a singleloop in which
eachprocessotransmitsa “ping” messagéo anothemode,selected
randomly The othernoderespondswith anacknavledgmentmes-
sage.In this experiment,almostall of the network traffic (measured
by the horizontalaxis) consistsof userdata. The vertical axis mea-
suresthe averagelateng of half of a ping/ackround-trip(including
both hardware and software delays). The highestbisectiontraffic
achieved with randomping destinationss 1.2 Gbits/secover 40%
of the maximumpossiblebandwidth.This traffic correspondso the
right-mostpoint on the graph,with 1024-bytemessageanda 100

Name Meaning

I dn Loadandexaminefull/empty bit.

stn Storeandexaminefull/empty bit.

| den | Load,setempty examineoriginal value.
st fn | Storesetfull, examineoriginal value.

| det | Load,setempty andtrapif alreadyempty
stft | Storesetfull, andtrapif alreadyfull.

Table5: Exampleof Alewife’s data-accesmistructions.

sec/messaglateny. The lowestlateny is 7.0 secfor 32 byte
messages.

ContrastingFigures 6(a) and 6(b) shavs the benefitsof each
mechanism Sharednemoryprovidesa fast,convenientabstraction
for orchestratingnterprocessocommunicationbut messageass-
ing makesmoreefficient useof bandwidth.

3.4 Fine-grain synchronization

The primary adwantageof fine-grainsynchronizations that more
parallelismcanbe exposedto the underlyinghardware or software
systenthanif coarse-grairsynchronizatioriechniquessuchasbar

riers,wereemplagyed. For example,a threadsynchronizingat a bar

rier hasto wait for the arrival of all othersynchronizinghreadsoe-
fore proceedingregardlesof whetherthatthreaddepend®n results
computeddy the otherthreads By synchronizingon exactly the data
wordsto be consumedfine-grainsynchronizatioreliminatesfalse
dependencieandallows a threadto proceedas soonasthe datait

needsds available.

The Alewife machineprovidesboth hardware and software sup-
port for fine-grainsynchronization. Hardware supportconsistsof
a full/lempty bit[31] for each32-bit dataword. To accessthese
bits, coloredload and storeinstructionsare provided that perform
full/lempty test-and-sebperations. Table 5 presentsa sampleof
Alewife data-accesmstructions.All of theseinstructionsreturnthe
original full/fempty bit in the coprocessostatusword. Two Spar
cleinstructionspenpt y (branchonempty)andbf ul | (branchon
full), canthenbeusedto examinethis bit.

In Alewife, the odd datawidth introducedby full/empty bits does

notimpactDRAM, cacheor network datawidths. At memoryside,
full/lempty bits are storedin 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,producerconsumeisynchro-
nizationin Alewife. “hw” representshe useof full hardware sup-
port; “sw” representgxplicit checkingin software.

directoryentry (seeFigure4). At cacheside,they arestoredasan
extrafield in the cachetags. In datapaclets,they aretransmittedn

thebottomfour bits of theaddressandtake adantageof the 16-byte
cache-linewidth.

The systemprovides several languageextensionsfor fine-grain
synchronizatiorin the form of J-structuresand L-structures. Pat-
ternedafter |-structures[7],J-structuresupportproducerconsumer
stylesynchronizatiomnvectorelementswith full/lemptybitsassoci-
atedwith eachvectorelement A J-structureeadwaitsuntil theele-
mentis full beforereturningits value. A J-structurewrite updateghe
elementandsetsit to full. An L-structuresupportanutual-exclusion
stylesynchronizatioron vectorelementswith full/empty bits associ-
atedwith eachvectorelement.L-structuressupport3 operations:a
locking read,anunlockingwrite, anda non-lockingread.

Table6 compareshecosts(in cycles)of implementingJ-structure
readandwrite operationswith andwithout hardware support. The
hardwareimplementatior(hw) relieson trapsto signalafailedread,
and usesa separatecentralizedwaiting queue. It allows success-
ful readsandwritesto proceedat the speedf normalSparcleloads
andstores. The software-basedmplementation(sw) usesan addi-
tional memoryword to emulatea full/fempty bit for eachJ-structure
element.

3.5 Latency tolerance

Lateng tolerancein Alewife takestwo forms: block multithread-
ing andnon-bindingsoftwareprefetching By supportingoothblock
multithreadingand prefetching Alewife providesa platform for di-

rectly comparingthesetwo lateng tolerancemechanisms.

Threedifferentmechanismsn the Alewife CMMU help support
block multithreading.First, the CMMU takesadwantageof asmuch
parallelismaspossiblevhenservicingaremotecachamissby gener
atinga contet-switchtrapin parallelwith messaggenerationSec-
ond,the CMMU implementdockup-freecachesThird, the CMMU
implementsa livelock avoidancetechniqueto prevent the livelock
that canarisewhencache-coherergharedmemoryis coupledwith
contet switchingandLimitLESS.

Softwareprefetchis implementedn Alewife astwo differentcol-
oredload instructions,onefor readprefetchandthe otherfor write
prefetchthevaluereturnedrom the prefetchinstructionds ignored.
Prefetchedlatais returnedn thetransactiorbuffer.

To measurghe benefitof latengy toleranceusingcontext switch-
ing andprefetchinganexperimentrunsa smallloop on oneproces-
sorthataddsnumberdetchedirom thememoryof anothemprocessor
Figure7 shavs the numberof cyclesperloop iterationasa function
of thenumberof outstandingequestsAs expected pneoutstanding
requesincursthe sameoverheadusingeitherprefetchingor context
switching. As the prefetchdepthis increasedthe performancem-
provesuntil thelimit of network bandwidthis reached.For context
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Figure7: Effectivenessf lateng tolerancemechanisms.

switching,thelimiting factoris the overheadof the mechanismnot
bandwidth. Becausehe loop performsremotereadswhich have a
relatively low lateng (- 40cycles),the 14 cycle context switchtime
hidesall of thelateng with two contexts. Forlongerremotelatencies
thatcanoccurin realprogramsthreecontexts may be beneficial.

Althoughtheabsoluteperformancef prefetchings betterdueto
low overhead,ts useis limited to placeswherecache-misdveha-
ior canbe predictedstatically Resultsin Section4 shaw that con-
text switchingcanincreasehe performancef aparallelapplication,
evenwhenprefetchinghasbeencarefullyused.

4 Application Performance

This sectionpresentghe performanceof a numberof applications
and demonstrateshe efficagy of the mechanismsn the machine.
It startsby summarizingthe performanceof a dozenapplications
written in a shared-memorgtyle. The next two subsectionpresent
detailsof two applicationcasestudies MP3D andMICCG3D. The
final subsectiomusesEM3D to compareherelative benefitsof shared
memoryandmessag@assing.

4.1 Distributed shared memory performance

Shared-memonrgpplicationsperformwell on Alewife, proving the
viability of both the software-extendedcoherencemechanismand
thelow-dimensionatommunicatiorsubstraterovided by the mesh
network. Table7 summarizeshemaincharacteristicef theapplica-
tions evaluatedon Alewife. Thefirst five applicationsshavn in the
table arefrom the SPLASH suite[3(Q, the threefollowing onesare
from the NAS parallelbenchmarks[B the next four areengineering
kernels,andthelastsolvesa numericalproblem.

Table 8 presentghe running time and speedupperformanceof
theseapplicationson Alewife. The tableincludesresultsfor “Mod
MP3D”, which is a versionof the original MP3D applicationthat
eliminatessomeuselesscode and improves locality by modifying
the mappingof particlesto processors.Section4.2 discussedoth
theoriginal andmodifiedversionsof MP3D in detail.

All the speedupgpresentedn Table 8 are basedon the parallel
implementationof eachprogramrunning on one processorexcept
thosethataremarkedin thetablewith asterisksandthedifferentver
sionsof MICCG3D. Theseexceptionsran with input sizesthat do



Program Input Size

MP3D 18k particles 6 iterations
Barnes-Hut 16k bodies 4 iterations
LocusRoute| 3817wires,20routingchannelgPrimary?2)
Cholesly 3948 x 3948floats,56934non-zerogTK15)
Water 729moleculesb5 iterations

Appbt 20 x 20 x 20floats

Multigrid 56 x 56 x 56floats

CG 1400x 1400doubles,78148non-zeros
EM3D 20000nodes20%remoteneighbors
Gauss 512 x 512floats

FFT 80k floats

SOR 512 x 512floats,50 iterations
MICCG3D 32 x 32 x 32and64 x 64 x 64 floats

Table7: Main applicationcharacteristics.

notfit on a singlenodes memory . The experimentswith an aster
isk assumehatthespeedups linearatthe smallesnumberof nodes
that canhold the dataset. The MICCG3D speedupsre computed
usinga bestsequentiatunningtime thatis obtainedby assuminge-
guentialrunningtime grows linearly with problemsize. The Alewife
compiler usedfor all applicationsproducescodewith a sequential
runningtime thatis within 10% of gcc atthe“- Q2" level of opti-
mization.

The resultsshav that Alewife usuallyachieves goodapplication
performanceespeciallyfor the computationakernels,evenfor rel-
atively smallinput sizes.In particular MP3D (anapplicationwith a
difficult shared-memorworkload)achiezesextremelygoodresults.
In contrast,a comparisorbetweenthe two entriesfor Cholesly in
the table demonstratethe importanceof the input sizefor the per
formanceof this application;a 5-fold input sizeincreasdeadsto a
significantimprovementin speedup. The modestspeedup®f CG
and Multigrid resultfrom load imbalanceand bad cachebehaior,
which canbe addressedy usinglarger input sizesandthe latengy
tolerancanechanism Alewife.

Table 8 presentsthe performance of the 32x32x32 and
64x64x 64 input sizesfor MICCG3D (labelledMICCG3D-32and
MICCG3D-64, respectiely) using coarse-grairandfine-grainsyn-
chronization. The speedupsppearlow becausdhey are measured
againstthe bestsequentialmplementatiorof the application rather
thana uniprocessorun of the parallelalgorithm. The performance
of MICCG3D will beexplainedin detailin Section4.3.

As awhole, experiencewith portinga variety of applicationsn a
shortperiodof time shavsthatAlewife providesagoodenvironment
for applicationswrittenin a shared-memorgtyle. Programscanbe
easilyportedto the machineandusuallyachiere goodperformance.

4.2 MP3D

On Alewife, MP3D achieves the largestreportedspeedugor this
application. There are two reasongfor this result. First, most of
the communicatiortraffic in the benchmarkis causedoy migratory
data, and Alewife’s coherenceprotocol is optimizedfor this type
of data. Second,Alewife hasrelatively low ( 60-g/cle) lateny
for 3-party remotereadtransactionswhich resultsfrom Alewife’s
pipelinedmemorysystemandits simple,flat network hierarchy This

1Barnes-Hutwas run with 32k bodiesasinput, while Cholesl wasrun
with five timesasmary non-zerosasthe baseinputsize.
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low lateny paysoff whenthewholehierarchymustbetraversedre-
quently

MP3D alsosenesasagoodvehiclefor assessintheperformance
of Alewife’slateng tolerancemechanismsTheoriginalMP3D code
is agoodcandidateor lateng tolerance sinceimprovementsn lo-
cality for this programaredifficult to obtainwithout significantcode
restructuring. Accordingly this sectionconsidersthe effect of us-
ing multiple contets, software prefetching,and a combinationof
thesetwo. Figure 8 presentshe speedup®f different versionsof
MP3D. All speedupsén this grapharecomputedwith respecto the
non-prefetchingarallelimplementatiorrunningon oneprocessor

In orderto investigatethe maximumpossiblebenefitof prefetch-
ing, software prefetchingwas insertedby hand. The prefetchin-
structionsconcentraten the datacausingthe majority of the cache
missesin MP3D. As seenin Figure 8, prefetchingachievesa 23%
improvementin speedupat 32 processor®ver the non-prefetching
version.

Block multithreadingallows MP3D to performmaninally better
thanhand-craftedsoftware prefetching(26% vs 23%), proving that
context switching can help applicationsachieze performancecom-
parableto versionsgeneratedby sophisticated¢ompilersand/orpro-
grammers. An interestingobsenation is that the combinationof
prefetchingand multithreadingfor MP3D approacheshe speedup
performanceof the hand-optimizedrersionof the application,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 10| 16| 27| 49| 9.2 | 157
Mod MP3D 47.4 24.5 12.4 6.9 3.5 2.2 10| 19| 38| 69| 134 | 21.9
Barnes-Hut 9144.6 | 4776.5 | 2486.9| 1319.4| 719.6 | 434.2| 1.0| 19| 3.7 | 6.9 | 12.7| 211
Barnes-Hut - 10423.6| 5401.6| 2873.3| 1568.4| 9085| - | 20| 3.9 | 7.3 | 13.3| 22.9
LocusRoute 1796.0 | 9199 | 4741 | 2495 | 1470 | 971 || 1.0| 20| 3.8| 7.2 | 12.2| 185
Cholesly 2748.1 | 1567.3 | 9105 | 5458 | 407.7 | 398.1| 1.0| 1.8| 3.0| 50| 6.7 | 6.9
Cholesly * - - 2282.2| 1320.8| 880.9 | 681.1|| - - | 40| 69| 104 | 134
Water 12592.0| 6370.8 | 3320.9| 1705.5| 897.5 | 451.3|| 1.0| 20| 3.8 | 7.4 | 14.0| 27.9
Appbt 4928.3 | 2617.3 | 1360.5| 704.7 | 389.7 | 223.7| 1.0| 19| 36| 7.0 | 12.6 | 22.0
Multigrid 2792.0 | 14156 | 709.1 | 406.2 | 252.9 | 1655]| 1.0| 20| 3.9| 6.9 | 11.0| 16.9
CG 1279.2 | 7249 | 498.0 | 311.1 | 179.0 | 1249 1.0| 18| 26| 41| 7.1 | 10.2
EM3D 331.7 192.1 95.5 46.8 224 10.7 || 1.0| 1.7 | 35| 7.1 | 148 | 31.1
Gauss 1877.0 | 938.9 | 4658 | 226.4 | 1157 | 778 || 1.0| 20| 40| 83| 16.2| 24.1
FFT 17318 | 928.0 | 4918 | 261.6 | 136.7 | 71.8 || 1.0| 19| 35| 6.6 | 12.7| 24.1
SOR 1066.2 | 535.7 | 268.8 | 1349 | 68.1 323 || 10| 20| 40| 79| 15.7| 33.0
MICCG3D-32-Coarse - 36.6 21.7 11.7 6.9 4.4 - 105|/08|15| 25| 3.9
MICCG3D-32-Fine - - 11.7 5.8 2.9 15 - - |115|30| 59 | 115
MICCG3D-64-Coarse - - - - - 32.2 - - - - - 4.3
MICCG3D-64-Fine - - - - - 12.5 - - - - - 11.1
Table8: Performancef shared-memorgpplicationson Alewife.

MP3D (seeTable8). Onepossibleexplanationfor this effectis that - 36
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43 MICCG3D

MICCG3D solves Laplaces equationon a three-dimensionagrid
using a preconditionedconjugategradientmethod. A centralop-
erationin this methodhasbeendifficult to parallelize,due to the
computatiors comple datadependenciesThis sectionreportsre-
sultsfor a singleiterationof four differentparallelimplementations
of MICCG3D. Thefirstis coarse-grainthe datais block partitioned,
andeachpatrtitionis assignedo a singlethread.Thedatablocksand
threadsare statically placedin the mesh,andbarrierssequencé¢he
computation.

The other threeimplementationsare all fine-grain,and allocate
shareddatain J-structures.They differ in the way they implement
the J-structuresln the first, J-structuregonsistof two separater-
rays: onefor data,andonefor synchronizatiorvariables. On each
J-structurereference software checksthe synchronizatiorvariable.
The seconceliminatesthe needfor the synchronizatiorarrayby us-
ing full/lempty bits asprovidedin Alewife. Checkingthe bit ateach
referencas still donein software. The lastimplementatiorusesthe
full capabilityof Alewife’sfull/empty bits,checkingsynchronization
statein hardware. (For additionalinformation,see[33]).

Figure 10 shavs a costbreakdan of variousMICCG3D execu-
tion times. The systemandLimitLESS componentsare negligible
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Figurel0: MICCG%Drunningtimes.Coarse-grairQA). Fine-grain:
no hw (B), f/e bits with sw checks(C), andfull hw support(D).
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andare not visible on the graph. Synchronizatioroverheadin the
coarse-graimmplementatioris thetime spentwaiting in barriers;in
thefine-grainimplementationst is thetime spenthothin J-structure
operationsandin waiting for pendingJ-structurevalues. For each
problemsizeandmachinesize,the figure shavs breakdevns for all
four implementation®f MICCG3D. Resultsfor 4, 16, and 32 pro-
cessorareshavn for a32x 32x 32 grid; 32 processoresultsarealso
shavn for a 64x64x 64 grid. A large differencein synchronization
waiting timeis apparenbetweerthe coarse-graimndfine-grainim-
plementationsSynchronizatioroverheadcontinuego be significant
with increasingmachinesizein the coarse-graimmplementatiorfor
several reasons. The amountof usefulwork betweenbarriersde-
creasesas more of the parallelismis exploited. As the numberof
processorincreasesthe numberof barriersincreaseso enforcethe
datadependenciesand eachbarrier itself is more expensve since
barriersrequire global communication. The fine-grainimplemen-
tationsdo not suffer from theseeffectsbecausel-structuresequire
synchronizatioronly wheredatadependenciesccur

The threefine-grainimplementationsshav the impact of hard-
ware supportfor fine-grainsynchronizatioron performance. The



implementationwith only software supporthasthe highestmem-
ory overheadand synchronizatioroverhead. The fine-grainimple-
mentatiorthatusessoftwarecheckingof full/empty bits hassimiliar
synchronizatioroverhead but hasa lower memoryoverhead. The
comparisonshaws that full/lempty bits afford compactstorageand
communicatiorof synchronizatiorstate resultingin lower demands
on memoryandnetwork bandwidth. The implementationwith full
hardware supportfor fine-grainsynchronizatiorshavs the smallest
memoryoverhead.

In addition,usinghardwareto checksynchronizatiorstatelowers
synchronizatioroverhead. However, the reductionin synchroniza-
tion overheads not assignificantasthe reductionin memoryover
head. In Figure 10, the “Memory” segments(in the B barsversus
C bars)arereducedby a greateramountdueto full/empty bits than
the“Synch” sggments(in the C barsversusD bars)dueto hardware
checking.Hardwarecheckingin the MICCG3D applicationstill has
a significantimpact on overall performancebecausethe software
checkingcodeincreasegegister pressureyesultingin more regis-
ter spilling. This is reflectedby smaller“User” segmentsin the D
bars. For codeswith low register pressurethe overall gainsfrom
hardware checkingof full/fempty bits would be muchlessthanthe
gainsof having full/empty bitsin thefirst place.

This studyleadsto two conclusionsboutfine-graincomputation.
First, the ability to expresssynchronizatiorat a fine granularityhas
a first-orderimpacton performanceor the MICCG3D application;
providing supportfor the fine-grain synchronizationprimitives in
hardwareor softwareis a second-ordeeffect. Secondthereduction
in memoryand network bandwidthdue to full/empty bits impacts
performancemoresignificantlythanhardwarechecking.Iln general,
thedegreeto whichfull/empty bitsaremoreimportantthanhardware
checkingdepend®n registerusagdn theapplicationcode.

4.4 Message passing, shared memory, and net-
wor k bandwidth

The debateaboutthe relative meritsof sharednemoryandmessage
passinghasragedbetweenparallel-processingxpertsfor at least
two decades. BecauseAlewife integratesuserlevel sharedmem-
ory andmessageassingthe prototypeoffers a uniqueopportunity
for providing someinsightinto thetrade-of betweerthesetwo pro-
grammingstyles. As onemight surmisefrom the microbenchmarks
in Section3.3, animportantmetric for makingthis trade-of is net-
work bandwidth:if the processointerconnectiorfabric candeliver
enoughbits per second,distributed sharedmemoryis a perfectly
fine mechanisnfor almostall applications. However, asprocess-
ing speedsncreasefasterthan network speedsprogrammersnust
usemessage-passirtgchniquego achieve desiredevels of perfor
mance.

Before attemptingthe comparisorbetweensharedmemoryand
messageassingiit is importantto verify the performanceof each
of the mechanismsndependently The microbenchmarksn Sec-
tion 3.1andtheprevioustwo benchmaristudiescertainlyarmguethat
Alewife’'s implementatiorof sharednemoryis morethanadequate
for the purpose. Section3.2 andthe following case-studymale a
similar agumentfor Alewife’simplementatiorof messag@assing.

M essage-passing performance In orderto verify thatAlewife
provides reasonablenessage-passingerformancethis case-study
compareshe relative performanceof an applicationrunningon the
Alewife prototypeand on the Thinking Machines’ CM-5, a com-

CM-5 Polling

Alewife Polling
Alewife Interrupts
CM-5 Interrupts

Speedup
|

0 4 8 12 16
Number of Processors

Figure 11: Performanceof a message-passirigiplementationof
the sparsdriangularmatrix solver.

mercialmessage-passiraychitecturebuilt with contemporarytech-
nology This applicationis a power grid benchmarkirom a sparse
matrix suite[12] which usesthetechniqueof [11].

Figurell presentspeedupsf message-passirignplementations
of thisapplicationon Alewife andtheCM-5. Speeduparecomputed
basedon the executiontime (in cycles) of an optimizedsequential
coderunningon a single CM-5 node. The differencebetweenthe
two polling implementationof the machinesis 10%, and can be
entirelyattributedto theuseof anexperimentacompileron Alewife.
Additionally, the differencebetweenpolling andinterruptversions
on Alewife is only 16%. In contrast,the interrupt-drven version
of this applicationon the CM-5 suffers morethana factorof three
degradationover the polling version.

In summary Alewife’s baseperformanceis comparableto the
CMS5 whenpolling is used. However, Alewife’s uniqguenesstems
from its specialsupportfor mechanismssuch as interrupt-driven
messagesyhoseperformancas muchbetterthanthat of commer
cial machines Interrupt-driven messagelelivery enablesa program
runningon a nodeto be unawvare of when messagesare processed
by thelocal node. In contrastpolling requiresthatthe programmer
be aware of whenmessagemight needto be processed@ndensure
thatthenetwork is polledfrequentlyenougtto allow themessage®
be servicedpromptly, or elsesuffer poor performancer evendead-
lock [14]. Placingthis additionalburdenon programmer$iasa neg-
ativeimpacton the easeof useof the messag@assingprogramming
model.

Comparing communication
volumes Having validatedsharedmemoryand messaggassing
independentlythe next stepis to comparetheir relative merits. Al-
thoughshared-memorgpplicationsn Alewife leveragethemessag-
ing mechanismshroughtheir runtime system,applicationswritten
in the message-passirglyle exploit Alewife’s messagindnterface
directly. Rewriting the EM3D benchmarkasa message-passirap-
plicationallows a directcomparisorbetweerthesetwo styles.

In thefollowing analysis SM indicategheoriginal EM3D bench-
mark; PRE-SMindicatesa versiontunedto useAlewife's prefetch
mechanismMP is a message-passimplling? version;andBULK
is a message-passingrsionthat usesAlewife’s bulk datatransfer

2Sincepolling performsslightly betterthaninterruptsandcommunication
volumeis similar for this application,interruptsareomitted
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Figure 12: Breakdavn of communicationvolume per processor
nodefor eachcommunicatiormechanism

mechanism.Figure 12 shaws that the averagecommunicatiorvol-
ume— the amountof datainjectedinto the network over the course
of anexecution—is threeto four timeshigherfor the sharednemory
versionof EM3D thanthe message-passingrsion. Bulk transfer
furtherreduceghevolumeby saving on messagéeaders.

Wheremessag@assingusesa singlemessagéo communicatea
valuealongeachedgeof agraphproblem,sharednemory(usingan
invalidation protocol) mustuseat leastfour: the writer mustinval-
idatethe readers copy, the readeracknaviedgesthe invalidate, the
readerater requests valid copy, andthe write respondswith valid
copy. Additional messagesnay be requiredif the writer mustin-
validatecachedcopieson morethanonereader Additional traffic
is generatedvhenspin-locksare necessaryo enforceatomicread-
modify-writes. While a shared-memorprotocolwith optimizations
for updatetransactionamight reducethe communicationvolume,
suchprotocolsstill requireat leasttwice asmary messagesasop-
timal message-passirgpdes.Similarly, prefetchingcanreduceav-
eragememory-acceskteng, but the mechanisnalmostalwaysin-
creasesommunicatiorvolume.

Bisection bandwidth emulation While communicationvol-
ume measurementare important, the bottomline of DSM perfor
manceis applicationexecutiontime, not network usage.Sincethe
Alewife prototypeprovidesmorethanadequaténterprocessoband-
width for mostapplications- includingEM3D — sharednemoryre-
mainsthe mechanism-of-choiceHowever, the currentprototypeis
only onepointin adesignspectrum.Sinceit washuilt, increasesn
processospeechave dramaticallyoutstrippechetwork transferrates.

To investigatethe effects causedby lower network speediit is
possibleto reducethe Alewife prototypes available network band-
width artificially. Backgroundcross-trafic, generatedoy the I/O
nodesshawvn in Figurel, lowersthe effective bandwidthwithout di-
rectly changingthe behaior of an applicationrunningon the com-
putenodes.The bisectionbandwidthof the emulatedsystemis cal-
culatedby taking Alewife’s maximum(18 bytesperprocessocycle)
andsubtractingheamountof crosstraffic sent.Experimentafactors
(suchasthesizeof thecross-trafic messagedmit the minimumef-
fective bisectionbandwidthto 4 bytesperprocesscrycle.

Figure 13 plots EM3D performanceon a 32-nodesystemasthe
amountof 1/O cross-trafic varies. The X-axis plots bisectionband-
width in bytesperprocessocycle. The Y-axisplotsapplicationrun-
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Figure 13: Executiontime (in cycles)on a 32-nodesystemversus
bisectionbandwidth.Alewife is at 18 bytes/processenycle.

time in processorycles. The datapoints on the right side of the
graphindicatethe baselinegperformanceof Alewife: eventhe basic
shared-memoryersionof EM3D performsaswell asthe optimized
message-passingersion. Given the increasesn processorspeed
sincethe prototypewashbuilt, only themostexpensve DSM systems
in thefuturewill have bisectionbandwidthscloserto theleft sideof
the graph. In this regime, only heroiclateng-tolerancetechniques
(like hand-optimizedprefetchingor possiblymultithreading)allow
sharedmemoryto achieve the performancef messag@assing.

As is the casewith mostreligiousdebatesthe answerdepend®n
the point of view. In this case,the relative merits of sharedmem-
ory versusmessag@assingdependon applications'useof commu-
nicationresources.The bestarchitecturalsolutionto this dilemma
is to integrateboth mechanismsogether allowing programmergo
choosethe appropriatemodelof parallelcomputatiorfor their own
applications.

5 Reated Work

A numberof othersystemsprovide asharecaddresspaceentirelyin

hardware. DASH [22] is a cache-coheremnnultiprocessothatuses
a full-map directory-basedcachecoherenceprotocol. It includes
prefetchinganda mechanisnfor depositingdatadirectly in another
processos cache. The KSR1andDDM [13] provide a sharedad-
dressspacethroughcache-onlymemory Thesemachinesalso al-

low prefetching. The ScalableCoherentinterface[6] alsospecifies
mechanisméor implementingarge,sharecaddresspaces.

Both the J-maching26] andthe CM-5 export hardwaremessage-
passinginterfacesdirectly to the user Theseinterfacesdiffer from
theAlewife interfacein severalways.First,in Alewife, messageare
normallydeliveredvia aninterruptanddispatchedn software,while
in the J-machinemessageare queuedanddispatchedn sequence
by the hardware. Onthe CM-5, messagelelivery throughinterrupts
is expensve enoughthatpolling is normally usedto accesghe net-
work. Secondneitherthe J-machinenor the CM-5 allow network
message® betransferred¢hroughDMA. Third, theJ-machinaloes
notprovide anatomicmessagsendik e Alewife does;this omission
complicateshe sharingof a single network interfacebetweenuser
codeandinterrupthandlers.

The Cray T3D integratesmessagassingand hardware support



for a sharedaddresspace.Messagepassingn the T3D is flexible
andincludesextensie supportfor DMA. However, theT3D doesnot
provide cachecoherence.

Several subsequenarchitecturesare basedon the integration of
sharedmemory and messagegassingin someform. FLASH [21]
includesa microcoded kernel-level coprocessofor messagéenan-
dling including shared-memoryprotocol messages. Bulk trans-
fersin FLASH avoid usingthe receving processqrbut requirepre-
negotiatingmemoryallocation. FLASH providesa multi-userenvi-
ronment.Typhoon[28] offersuserlevel messagdandlingandcache
coherenceysinga secondprocessodedicatedo the network inter-
face.The*T [25] architecturaisesa memorycoprocessomodelas
well.

A few architecturesncorporatemultiple contets, pioneeredby
the HEP [31], switchingon every instruction. Thesemachinesjn-
cluding Monsoon[27] and Tera[5], do not have cachesand rely
on a large numberof contets to hide remotememorylateng. In
contrastAlewife’s block multithreadingtechniqueswitchesonly on
synchronizatiorfaultsand cachemissesto remotememory permit-
ting good single-threadperformanceand requiring less aggressie
hardware multithreadingsupport. A numberof architectures— in-
cludingHER Tera,Monsoonandthe J-machine— alsoprovide sup-
port for fine-grainsynchronizationin the form of full/lempty bits or
tags.

6 Conclusion

As oneof thefirst examplesof atruly scalableDSM, Alewife repre-
sentsa stepin thematurationof multiprocessindechnology Specif-
ically, it augursthe endof the religiouswar betweenproponentsf
the shared-memorgndmessage-passimgodelsof parallelcompu-
tation. The working machinedemonstratethat both modelspermit
efficient and scalableimplementationsmorewer, the two models
may — and should— be integratedinto a unified multimodelframe-
work. Sharedmemoryis easyto programand performsbetterthan
messageassingwhen machineshave a high ratio of communica-
tion bandwidthto processingpeed.Messageassingon the other
hand, performsbetterwhenthe machinesare upgradedwith faster
processorstesultingin a lower ratio of communicatiorbandwidth
to processingpeed.Although previous systemshave implemented
someof Alewife’s mechanism@dependentlyAlewife is uniquein
its combinationof coherentcachesfor sharedmemory integrated
messag@assing supportfor fine-grainedcomputationandlateng
tolerance.Thesefour mechanismgrovide anintegratedsolutionto
the problemsof communicatiorandsynchronizatiorin parallelsys-
tems.

This integrationof architecturafeaturesesultsin a multiproces-
sorthatis bothprogrammabl@andscalable Thecase-studysingthe
MP3D applicationillustratesthis conclusion:it waseasyto portthis
demandingvorkloadto thearchitectureandthe applicationworked
andrealizedacceptablespeedupsimostimmediately Subsequent
performanceuning andinvoking Alewife’s lateng tolerancemech-
anismssignificantlyimproved MP3D’s performance.

Experiencewith a variety of otherworkloadsconfirmsthis anec-
dotal evidence. More broadly experiencewith applicationsindi-
catesthat a globally sharedaddressspace,cachecoherenceanda
message-basedntimesystemis instrumentain the quick develop-
mentof working applicationsthat performwell. Lateng tolerance
mechanismsfine-grainsynchronizationandexplicit messag@ass-
ing helpimprove performancéurther

Although Alewife addressesnary of the issuesof large-scale
multiprocessingit is essentiallya single-usemachine. Our recent
work hasinvestigatednechanismdor protectionandvirtual mem-
ory in multiprocessorshatsupportfastmessaginglmplementinga
virtual machinemodelis challengingoecausdeaturessuchasmulti-
programminganddemandoagingtendto interferewith streamlined,
tightly-coupledcommunicationOur FUGU architecturg23] embod-
iesan optimistic approachto messag@assingn avirtual machine:
eachapplicationhasdirectaccesgo a simple,fast,Alewife-lik e net-
work interface unlessimmediateconditions(detectedn hardwvare)
dictate otherwise. Operatingsystemsoftware maintainsthe fiction
of a virtual machineby transparenthbuffering message virtual
memorywhenrequired.

We have alsoinvestigatedhe useof clusteredDSMsto construct
massvely parallel processorMPPs). Packagingconstraintsand
low volume demandsignificantly raise the cost of MPPs. Alter-
natively, the economyof high volume productionprovides a cost-
performanceadwantageto MPPsbuilt out of smallerscaleDSMs.
The Multigrain SharedMemory (MGS) project [34] investigates
building MPPsby couplingmultiple Alewife-like DSMs by a local
areanetwork usinga page-basedoftwareDSM protocolto maintain
coherencever the network. Early experiencedemonstratethatef-
fectively exploiting multigrain sharingleadsto performancen cost-
effective clusteredViPPsthatis comparabldo thehhigh performance
attainedon monolithicall-hardware MPPs.
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