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Abstract

The perfamane of madern microprocessos is increasingly lim-
ited by their inability to hide main memorylaterncy. The problemis
worsein large-s@le shaed memory sygems,wheae remotememory
laterciesare hundreds and soonthousards, of processorcycles. To
mitigatethis problem, we proposethe useof Active Memory Opeaa-
tions (AMOs),in which selectoperationscan be sert to and executed
on the homememory controller of data. AMOs can eliminatesig-
ni cart numberof coherence messags, minimizeintranade and in-
ternodememornytraf c, and createoppartunitiesfor parallelism. Our
implememation of AMOsis cache-coterert and requiresno changes
to the processorcore or DRAM chips.

In this paper we present architectural and programmirg mocels
for AMOs, and compare its performanceto that of several othermem-
ory architectues on a variety of scienti c and commecial bend-
marks. Through simulationwe shaw that AMOsoffer dramaic per-
formanceimprovementdor an important setof data-inten$ve oper
ations, e.g., up to 50X faster barriers, 12X faster spnlocks, 8.5X-
15X fasterstream/argy operations, and 3X fasterdatabasequeries.
Basel on a stardard cell impgementationwepredct that thecircuitry
requredto suport AMOsis lessthan 1% of the typical chip areaof
a high perfamanc microprocessa
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1. INTRODUCTION

Distributedshareedmemory(DSM) systemdlistribute physicalmem-
ory acrosghe nodesin the machineand implementcoherenceproto-
cals to provide the sharedmemay abstraction. In the predaninant
directay-basedCC-NUMA archtecture, ead block of memoryis as-
sodatedwith a®xedhomenode whichmairtainsadirectorystructure
to trackthe stak of all locally-horred data. Whena processaccesses
daa thatis not in a local cache,the local DSM hardware send a
messge to the datas home nodeto reques a copy. Dependng on
theblock's stateandthe type of request,the home nodemay needto
serd messgesto additiond nodesto servicethe requestandmaintain
coherene. The round trip memoryaccesdime of large DSM ma-
chineswill socon be a thousand processorcycles[26]. It corsiss of
threeparts: local DRAM latency, memorycontroller ocauparey, and
internodenetwork latency. Cross-setion bardwidthis alsoalimiting
facta in the scalality of large DSM sygens.

Cachingimproves memoryperformane and redwcesremotetraf-
®c, but large cacles canrot eliminate cohererte misses. Coherece
is mantainedat the block-level (e.g., 128 bytes), and entire blocks
aremovedacrosshenetwork or invalidated, evenwhentheprocessor
touchesonly a sinde word. For operatiors with low temporallocd-
ity or sign®cart write shaing, moving datafrom (potertially remote)
memay, through the cache hierarchy and into a register operating
on it, andthen (optionally) writing it back to memoryis highly in-
ef®cientin time and enegy. In thes circumstances,cache provide
little bene®t,and sometimeseven hurt performare. The appalling
truth is tha the sudained performance of large DSM computers for
manyapplicatiors is lessthan 5% of pe& performarte, duelargely
to memory systemperfamance andthistrerd is expectedto worsen
Theunavoidale conclusia is that redwcing remotecoheencetraf®c



ard inter-noce data transfersis es&ntial for DSM systems to scde
effectively.

We proposeto add anActive Memory Unit (AM U) to eachmem-
ory controllerin a DSM sydem so that operatons with poa tempe
ral locality or heary write sharingcan be execued wherethe daa
resices. We call AMU-supparted operationsActive Memory Oper-
ations (AMO), becawse they makecorvertional “passie” memory
controllers more “active”. AMOs areissuedby processrs ard for-
wardedto thehome nodeof theiroperand, whichacauiresaglobdly
coherentcopyof thedataand then performsthe opedation in its local
AMU.

Usedjudiciously, AM Oscaneliminate cachemissesredwcecache
pollution, and reduce network traf®c, thereby reducing power cor
sumption andimproving performamce. AMOs are best usedon daa
with poa tempaal locality or heavy write sharing,for which caching
induces substantialcommunicationwhile providing no bene®t. Us-
ing AMOs, insteadof loading dataacrossthe network and operat-
ing on it locally, short messagesare sern to the datas home nocke,
which acqures a globally coheren copy of the data(iff it is cached
remotely), peformstherequestedoperations and(optionally) returrs
therestt to therequesting noce.

In our design, AMUs support both scalar operations that opeate
atomically onindividud wordsof data and stream opeationsthatop-
erae onsetsof wordssepaated by a®xedstridelength. All streanel-
ementsmustresidein a singlepageof memory, soindividual streans
do not span multiple menory controllers. However, stream-stream
operatiors may involve streamgha resideon differentmemay con
trollers, asdescribe in Section3.2. StreamAM Os canbe masked.
All AMOs arecache-cherert; the AMU hardwareperfams ary nec-
essarycohererty operatiors befare it usesanydata. Becase AM Us
areintegratedwith the directory controller, making AMOs coherent
is fairly simple andfag (Section 3.3).

Figure 1 illustrateshow AMOs canbeusedto implementasimpe
SQL querythat compuesthe averagebalanceof all customersn the
“East” salesregion. We performthree suboperatons: (1) determine
which recordshave Region®elds that matchthe “East’ attribute, (2)
determinehow mary recordsmatchedin phase(1), ard (3) calcdate
thesum of theBalan® ®eldsof eachrecad thatmatchel in phase(1).
Eachof thesesuboperatbns canbe implementedas a single AMO.
The ®rst AMO performsa stridedstrea m-stri  ng cmp aganst
the Region ®eld, wherethe stride is the sizeof eachcustomerrecad.
Theoutcaneof thisAM O is abitmask(Bitstream)wherea™1' in po-
sitionN of thestream indicatestha theN ™ customerisin the“East’
region. The seond AM O performsa popc ount on Bitstreamto de-
terminehow many custonerswere in the “East’ region. The third
AMO adds up the “Balance” ®elds for eat customerin the “East’
region. The overall resut of the query is simply the sumof the bal-
ances(resultof the 3'¢ AM O) dividedby thenumberof custonersin
the eastregion (resultof the2"® AMO). This example,while simple,
illustratesa nunber of interestingfeaturesof our AMO implemerta-
tion, whichwe will describein Section3.2.

For many operations,an AM O canreplacethousaris of memory
block transfers.As descibedin Sectbn 5, AMOs canleadto dramatic
performarte improvementsfor data-intesive operations,e.g., up to
50X fagerbarriers,12X fasterspinlods, 8.5X-15X fasterstreanfarray
operatiors, ard 3X fagder databasejueries.Finally, basedon a stan
dardcdl implementationwe predct thatthecircuitry requiredto sup
port AMOs is lessthan 1% of the typical chip areaof a high perfor
mancemicroprocessa

2. RELATED WORK

Processo-in-memay (PIM) systemsincorpaateprocessingunits
on mod®ed DRAM chips[11, 18,24, 7, 36]. Both AMOs andPIMs

exploit af®nity of computationto main memory, but they differ in
threeimportantways. First, AMOs usecommality DRAMs, which

shauld have higheryield andlower cog thanPIMs. Secom, the pro-

cessesin aPIM reside below the architecture level wherecoherence
is maintained Thus, if the datarequred by a PIM operationre-

sidesoff-chip, PIMs effectively becanesa form of non-cohaent dis-

tributed menory multiprocesso, with all of the attendnt complex-

ities AMOs utilize existing coherene mechatsmsand operateon

coherentdata. Third, PIMs emgdoy megedlogic-DRAM processs,

which are slower than processeguned for logic. The major bene-
®t of PIMs is the very high bandvidth of the on-chip connections
between processorsand starage. However, high-performance mem-
ory cortrollers support a large numbersof DRAM bussesand thus
have raw bardwidth compaable to what is availablewithin a single
DRAM. We strondy bdieve thatthe appopriateplace to performof-

oaded computationis at the memorycortroller, not on the DRAMs,

which hasmostof the bandwidh and powver advartagesof PIM s and

eliminatesmary of the complexitiesthatPIMs introduce.

Severalreseach projectshave proposedadding intelligenceto the
memay controller. The Impulsememorycontroller[40] usesan ex-
tra level of physicaladdressremappng to increaseor createspatial
locality for strideandrandam accesses Active Memory[16] exterds
Impulseto multiprocessorsSolihin etal. [33] adda gereral-purmse
processorcoreto a memory cortroller to direct prefetchinginto the
L2 cache Thesesystemsmprovetheway in which conventionalpro-
cessos are “fed” memay, but do not actuallyconputeonthedata.

Several systemssupport specialzed memoryside atomic opera-
tionsfor synchronization TheNYU Ultraconputer[9] wasthe®rstto
implement atomicinstructionsin the menory controller TheFLASH [19]
multiprocessosupparted atomic fe tch _ops,whichweresubsguenly
supported by the SGI Origin 2000 [20] and Cray T3E [29]. The
Sd Origin 2000implementsa setof memory-sideatonic operatons
(MAOs)in the memorycontroller that aretriggeredby writesto spe-
cial IO addreses. MAOs are non-ccherert and rely on softwareto
maintaincohererce.

Althoughthey areperformedsolelyin software Active Messags[37]
aresimilar in spirit to AMOs. Like AMOs, active messagswork by
moving compuation to datato avoid maving daa betweenproces-
sors. An active messagdancludes the addres of a userlevel handler
to be executedupon messag arrival, with the messag body asits
argunment. Becawsethey arehardledin software,active mesagesuf-
fer from anumberof overheads,e.g., taking aninterrug, ushingthe
instructionpipeline, switchingto the speci®edmessag handler and
paluting the cacteswhile the handlerruns. Alsg, the active messge
programmemustknow which noce holdsthe desireddata,whereas
thetargetof anAM O is extractedby hardwarébasel onthe datas ad-
dress Neverthelessactive messagsoften performwell for the same
reasm that AMOs do - it is oftenfar lessef®cient to load dataover
the network thanto simply operateonit in place.

A numbe of researbershave proposedof oadingsded computa-
tion from themainprocessr, e.g.,severalrecentcluster intercomects
support distributedsynchranizationoperationg25, 35], while Ahn et
al. [2] propose adding specializedvector operatiors to the memory
systemto support vecta scdter-add.

FLASH [19] and Tempest' Typhoan [28] incorporateaprogammable
ergine on the menory/network controller To the bestof our knowl-
edgethey never explored the valueof of oading use computation to
the protocd procesors. Rather the protocd processorswere used
to support powerful cohererte protacols andto facilitate high-speed
messgetransfer

3. AVTIVE MEMORY OPERATIONS



(a) the SQL query:

SELECT AVG (Balance)
FROM customers
WHERERegion = "East"

(b) Algorithm for AMOs:
1. stream Region .EQ. "East"? —> Bitstream
2. Popcountover Bitstream

3. Sumover streamBalance under mask_Bitstream

(c) Pseudo code using AMOs:

write  Region, stride, "EAST", Bitstream
write  opcode_EQ

write  Bitstream
write  opcode_POP

write  Balance, Bitstream, stride
write  opcode_SUM, return-val addr, GROUP_END

spins on return-val addr

; Bitstream as dest stream

; Bitstream as src stream

; Bitstream as mask

Figure 1. Example of using AMOs for a simple SQL query

[ Mnemonic

inc, dec, cmp-swp, fetch-aop,update
memcopy, memset, pgfetch, pgsave
max, min, sum,popcount

S-s-lop, S-s-s-lop,S-stringEQ
S-s-aop,S-S-aop,S-S-Hop

[ Result ]
scalar
streamof scalars
scala (reduction)
streamof bits
stream of scalarsor bits

Table 1. Suppoted AMOs (Legerd: S=stream, s=scahr,
aop=arithmetic_op, Iopzlogic_op))

3.1 Supported Operations

Our AM U desgn suppats two typesof operatbns: scdar oper-
ationstha operateon single wordsand streamoperations that oper
ateon setsof wordswithin a page Table 1 liststhe opeaations sup
ported, which were sdeded basedon application requirementsand
implementationcomplexity. Most AMOs include integer andsinde
precision oating pointversions. All AMOs arecoherer; the AMU
performsall necessarycohererty operatonsbefae it usesdata.

Scalar operations performatomnic arithmetic operatiors on indi-
vidual words of data, similar to the f etch _and_op operatiors of
many existing architectures.Scalaroperatonsareparticularly useul
for supparting ef®cient syndronizaton. Unlike synchrorization op-
erdions implementedat the processas, e.g.,usingloadlinked'stare-
conditional (LL/SC), AMO-basel syrchranization doesnot requre
cachelinesto bouncebetweenprogessors.

Stream operations have SIMD-like sematics: one arithmetic or
logic opeation is appliedto every elemen of astrean. In our desiqn,
a streamis a setof words sepaated by a ®xed stride length, all of
which reddein asingle page of memay. Thus,individual streamsio
not spanmultiple menory controllers, but stream-streanoperatiors
may involve streams that resideon differentmemorycontrollers, as
describedn Section3.2. Streamoperationscan be optionally predi-
cated usinga bit mask,similarto maskedperationsn vecta ISAs.

We support a mix of stream-scalastream-redetion, and stream-
streamoperatbns,asshovn in Tablel. For examge, a stream-salar
add addsascalarvalueto every element in the streamwhich gener
atesa seondstrean, while stream-scalar. GT. comparesevery ele-
ment in the streamaganst a givenscalar value andcreatesa boolean
resut stream We believe theseoperatiors are geneal enough to cover
alargeportion of the needsof daa-intensive apgications.

Sinceprimitive steamopeationsarerestrctedto streamsthat re-
side ertirely within a singe page, streamoperatiors thatspan larger
rangesneedo beimplemenedasaseries of AMOs on smalkr ranges,
which canbe performedin pardlel.

3.2 Program ming Mo del

In our current design the basic progranming mocdel for AM Os
is that of decaipled (asyrchroroug operatiors. The local processo
isstesAMOs andthen canperformothe operationswhile the AMO
is underway. Whenthelocal processomeedghereturn valueor needs
to know thatthe AM O operation has comgeted, it spnswaitingona
completionbit to beset.

We emdoy memay-mappeduncache I/O spaceread and writes
to commuricate betweenthe processo and AMO engne. To issue
an AM O, a processo writes the appropriate values(e.g.,conmand
address(es)and scalaropeaand(s))o asetof /0O spaceaddresseshat
correpord to anAMO issueregisteron thelocal memorycontroller.
To readthe resultof an AM O, a proeessorreadsfrom an I/O space
addressthat correspmdsto an AMO returnregisterallocatedto the
issuingprocess Associatedwith eachAM O returnregister is a full-
empy (F/E) bit thatis usedto signal whenan AMO hascompleted
and its returnvalue (if ary) is ready. Thesel/O addresssare allo-
catedandmanagel by the OSvia special systemcallsinvokedduring
processinitiali zation. This approachis similar to that usedto operate
on E-registersin the Cray T3E[29].

BasicAM Os

Toinitiatean AMO, sdtwarewritesthe argumentsto an AMO regis-
terin thelocal memay controller. The AMU clearsthe F/E bit of the
asseiatedAMO returnregister determinesvhich node is the home
for the speci®ed data,andsendsa request packetto the AMU on the
home node of the data on which the operationis being performed
EachAMU has anexternal TLB to perfam virtual to physicaltrans-
lation, similar to the Cray T3E [29] and Impulse[40]. If necessarthe
homenode AM U interactswith othe procesorsto acauire aglobally
coherentcopy of the datain the apprapriate shaing mode. Oncethe
AMU hasa coheren copy of the data,it performsthe operation and
signals conmpletion to the processorthat issuedthe AMO, optionally
returnirg ascdar reault. For streamedAM Osthatspan multiple cache
lines within a single page,the home AMU acquirescoherentcopies
of eadt cacte line touched by the AMO. Whenthe resultreturns, it
is placedin the speci®ed AM O returnregisterandthe correspndng
F/E bit is se. Therequestingprocessis expectedto testthe appropri-
ateF/E bit periodically to determie when the operationis complete
ard the return valueis available.

Grouped AM Os and temporary streams

SemanticallyAMOs operateon DRAM values. Logically AMO data
is readfrom mainmemory ard resuts arewritten backto main mem-
ory, in addition to the optionalscalarvalue tha canbereturnedto the
issuingprocessor However, for opeaations involving several AM Os,
e.g.,the simpge databaseopeation presentedin Figurel, it is inef-
®cient to write intermedate resultsbackto main memay, only to
beimmediatelyre-read ard reusedas partof a sutseqentAMO. To
overcomethis potential inef®ciercy, we allow programmergo group
relatedAM Osandspecifythat certan streamsaretemprary streams
whose values neednot persistbeyord the end of the current AMO
group. Programmersmark the end of an AM O group by settingthe
GROB_ENDbit in the AMO opcale. Progammersidertify tempo-
rary streamsby using special(otherwiseinvalid) addessesfor their
locatiors. Tempaary streanscanbeusedto pas intermedate values
ef®ciently stream operatiors. For examge, the Bitstreambit mask
usel in the databaseexanple shown in Figure 1 would be an ideal
cardidateto be treaed as a tempaary stream. Tempagary streams
are not written back to DRAM and can be bypasseddiredaly from
thesaurceALU to the destindion ALU. If the Bitstreamvaluewere
usdul in some later computation, the programme can spedfy areal



memory locationwhereit shauld be written The hardwarerequired
to syoport gropedAM Os andthe way in which grouped AMO oper
atiors areimplementeds deseibedin moredetailin Section3.3.
Masked Operations

Thethird AMO in Figure 1 illustratesa masked AMO, which is aral-
ogoLs to the maskedvectoroperdions preentin mary vectorISAs.
The Bitstreamstreamis usedas a bit maskto indicate which ele-
mentsof thestrided Balarcestrean should be summae together Typ-
ically the bitmaskusedin maskecbperatiors aregenerateds part of
agroupedAM O ard thendiscarde, asin this example, but bitmasls
can alsobestoredin menory andreused.

Other Programming Considerations

SincestreamAMOs operateonly on streans tha residewithin asin-
gle page, operdions on larger steamsmustbe perfamedasmultiple
page-gainedAMOs. The programmingourdenfor doing sois modest
and enablesopeations on differert portionsof the strean to proceed
in parallel if thedatais homedby multiple nodes.

Thestreamsin asingleAMO or groypedAMOs canhave differert
home nodes In thesecases,the AMO(s) is(are) sert to the home
nodeof ary of the streamsand remote streamsareloadedacrosshe
intercannect (coherently) from their repectve homenodes. In the
case of grouped AMOs, all AMOs within a group are hardled by a
single AMU.

Currentlywe marually write AM O codesusing a combinationof
C-languaee libraries ard macros. We amue that current compiler
tecmology shoud be able to gereratedecent-gality AMO codes
from serial or vectorizedhon-AMO scienti®c compuation progams,
though it is extremelychdlenging to auomatethe code transforma-
tion processfor commercial applications Using scalarAMOs is as
simpe assulsttuting an AMO wrapperfunction for thelegacy func-
tion name(e.g., barrier ) or instruction(e.g.,fetch -op ). The
conerrs arise primarily whenusing streamAMOs.

StreamAMOs canbe considaed a special classof vector opaa-
tions, althaughwith comgetely differenthardware implemenations.
Both breakarrayoperatbnsinto aloop of vecta computations,each
of whichis a SIMD operation. The differercein opeation granular
ity and hardware implemertations has sighi®cantperformane impli-
cations, but the conpiler tectnology that is required to gererateboth
verspnsof the SIMD codesis largely the same.Vectorizingcompil-
ershave beensuaessfullybuilt for Fortranand C. Leveraging these
tecmologiesto build an AMO compileris partof our future work.
A key stepin developingsucha conmpiler is building a cost function
that can predict the perfamanceof an applicationif it usedAMOs.
We have developedananalyticalmodelthatcanpredictAMO perfor
mance. Detailsof the modelarein [8].

Automatic Computation Localization

OpenMP, the de factostardardfor shared-merory progranming, al-
lows the programmer to paralleize loops without consderatin for
the underlyingmemay distribution. This often resudts in unsaisfac-
tory performarcedue to high remoteacesscosts.To circumvent this
problem, proggammersoften take greatcare to crede computation
data af®nity, i.e., to perfam operatons on the node where daa is
homed However, if the data accesspatern changes afterinitial daa
placemei, whichis commonwhentheOSemgoysa®rst-touchmem-
ory alocation policy or when threads migrate betweennocks, the
compuation-dataaf®nity islost. In contrast AMOs inherentlyachieve
compuation-to-dataaf®nity with no extra programmingeffort be-
causeAMOs are dynamically routedto the nodetha homesthe daa
on which they operde. Should threals migrate or databe reds-
tributed, AMOs will continwe to be routedto the appropriate (new)
nodes for execution.

Context Switches, AM O Regster Virtu alization, and Exception
Handling

In our desiqn, thread explicitly allocateAM O issueandreturnregis-
tersvia systemcals. Uponacontext switch, theOSsavesAM U issue

registersso that partially-initiated AM Os can be properly restarted
later The internd staes within the AMU are not part of the arch-
tecturalcontext. A threads AMOs continwe to executewhile it is
context switched off the processo, and the associatedAMO return
registercontinuesto be alegal and safetargetfor the AM U to storea
returnvalue.

Our current designlimits the numker of AMOs with returnvalues
thatagiventhread,or setof threadn asingle node,canhavein ight
atary given timeto thenumter of physicalAMO registers preseton
eadh memorycontroller. A more scalable designwould entail virtu-
alizing the AM O registersso thatmultiple client threals could share
physical AMO registers. To supportvirtudization ea¢cy memory con-
troller would need to be able to map readsandwritesto virtud AMO
registers,iderti®ed by (ProcessID,RegNum) pairs, to eitherphysical
AMO registersor private DRAM managel by the AMU to back the
physical registers. We do nat support this functionality in our cur-
rentdesign,becausea modestnumter of AM O registerssuf®cesfor
all of the applicationsthatwe corsider, but it might be warrantedn
commercialimplementatiors.

Arithmetic exceptiors (e.g., divide by zerg can ocaur during an
AMO. Arithmetic exceptions causethe AMO to terminateand aner
ror valueto be returnedto the associatedMO return registeralong
with enaughstateto idertify the souce of theerror. A pagefault can
occurwhena hardvarepagetablewalker handlesan AMU TLB miss
in the nodewherethe AMO is initiated. This canhgppen e.g.,when
apageis swappedoutby the OSwhile an AM O isin themiddle of an
AMU exeaution,and a TLB corsistercy messag is broadcat to the
system[34]. The memorycortroller issuesan interruptthat causes
the OSto beinvokedto hande thefaut andthe terminatedAM O to
restart.

3.3 Har dware Or gani zation

Figure 2 (a) presentsa block diagram shaving the major compo-
nents of interestin a singe nodewith our AMU-enharced memory
controller (MC). A crossbharconneds processrsto thenetwork back-
plare, from which they canaccessremotememory local memory
ard 10. Theprocessd(s), crossba and memorycortroller areonthe
samedie, separatefrom the DRAM chips. AMO functionality is not
on the critical pathof normal memay refererces. EachMC is ex-
tended to include a modes numberof AMU issueand retun value
registers. Most of the microarchitecturadesignwe disciss hereis
transg@rentto software.

Whena processoinitiatesan AM O, thelocal AM U translateghe
target virtual addressto a globd physicaladdressand serdsan AMO
messgetotheAMU onthecorrespndng homenode. Addresstrans-
lation is performedvia an external TLB locaed on the memorycon-
troller. For stream-stream\MOs, the local AMU selectsoneof the
tamget addessesand forwardsthe AMO requestto the correspndng
AMU. For grouped AMOs, the locd AMU selectsonenode from any
of thenontemporarytarget steamaddessesnd forwardstherequest
to this node. In our currentdesign, whenthereis morethanonepos-
sible destinationnode the souce AMU sdeds the one that resits
in the fewestinter-node streamtransfers. When an AMO messge
arrivesat its destination,it is placal in an AMU commard queueto
await dispdch. If thequeueis full, thetargetAMU sendsa NACK to
therequestingnode, which mustreissugherequest.

The scalarunit hardlesscalarAMOSs. It incorpaatesa tiny coa-
lescercacheusel exclusively for syndrorization variables.The co-
alesce eliminates DRAM accessewhenthe sameword of daa is
thetargetfor frequentAMO operatons,whichis comnonfor heavily
contestedsynchronization variables. In our study, four singe-word
ertriescancacheall hot scalardata.

Figure 2 (b) is anenlargemert of the streamunit in Figure2 (a).
When the cortrol unit (CU) seesthe GROUREND hit, it allocates
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streambuffers (SBs) to hald the operard andreailt streamsassai-
atedwith each AMO. The streamaddessesusal in the group are
compaed to identify producerconsumerrelatiorshipsand common
saurceshaing. The CU uses a small reversemapping table similar
to a convertional registermapping tableto storethese stream-to-SB
mappings.

The SBs are key to streamAMO performance. They hide DRAM
latercy and provideintermediatestaragebetweercomponerts of grouped
AMOs.EachSBisal-word 32-entrydual-patedSRAM manaed
asacircularquete. Assciatedwith eachSBis asimpleAddressGen
eraion Unit (AGU). AGUs gereratea streamof menory requeststo
load streamvaluesinto the appropriate SB entries. The addresse
generateatorrespoml to theheadof the streantoll owedby a seriesof
addresss, a strideapart, until eitherthe endof the streamis reated
or the SB is ®lled. In the latter case the AGU pause until an ertry
is freedand thenisswesa new request. For nortunit stiide streams,
we exploit shat DRAM burst lengths Readsfrom a given SB are
consumedin-order by the ALUs, but writes into the SB canoccu in
randomordersincemain memay andremotecactescanrespord out
of order, which iswhy we usean SRAM insteadof a FIFO for SBs.

Assodatedwith each SB entry is aF/E bit, which deroteswhetter
aparticularoperandhas beenreturnedrom mainmemay oraremde
cache. When the F/E bits of the headof eath operam SB for an
AM O indicate thatthe®rstoperamisare ready they arefetchedto the
function unit (FU) that hasbeenallocated to this AMO by the CU.
Reslts from eachFU aredirected to the prope result SB by the CU.
Real ard write pointersassociatewith each SB areuseal to determine
whichword to read (write) asdatais consumed(produced by AMOs.

To ersureglobd coheence the AMU issuesDRAM requestsvia
the local directory controller, which checksto seeif the copy of the
datain local memay can be useddirectly. If nat, the directorycon
troller performsthe necesary operatiors to makethe datacoheren
(e.g.,issuing invalidateor ushbackrequeststo remoteshaers).

Our current AMU design includesa 1024-enry TLB, ®ve inte-
ger ALUs, four singe-precisionFPUs, sixteen 32 32 bit stream
buffers, sixteen AM O issueand resut registers,control logic, and
wires. To determire the amouwnt of silicon requiredto implemer the
propasedAMO medarisms, we useacommercialmemorygenerdor
by Artisan™to modelthe SRAM structuresandimplementtherestin
Verilog, which we synthesizedusing Synopsis ™tools. We consena-
tively estimatethe areaof an AMU to be no morethan 2.6 mm? in
a 90rmm process,which is lessthan 1.9% of the total die areaof a

Parameter Value

Procesor 4-isaue, 128-entry active list, 2GHz

Node 2 procesers w/ sharechubandDRAM

L1l-cache 2-way, 32KB, 64Blines 1-cyclelat.

L1D-cate 2-way, 32KB, 32Blines 2-cyclelat.

L2 cache 4-way, 2MB, 128Blines 10-cyclelat.

Sydem bus 16B systemto CPU, 8B CPUto system
max 16 outstandingeferenceslGHz

DRAM 4 16B-dataDDR chands

Hub clock 500 MHz

Memoly lateny | > 120proceser cycles

Networklateny | 100 proces®r cyclesperhop

Table 2. System con gu ration.

high-volume microprocesso or 0.8% of a high-paformancemicro-
processof14]. If AMOswereintegratedwith the processorcoreso
that AMO addressesoud be trandatedby the processorTLB, the
chip areawould shrinkto 1.5 mn? . Thes edimatesarecorsenative,
sincethey arederived usinghigh-level designand syrthesistools. A
custom implemertation would likely be lessthanhalf of the estimated
size.

4. EXPERIMENT AL SETUP

Simulation framework
We use execution-driven simulationto evaluate AMOs. Our sim-
ulator [38] accuately simuates large-scée ccNUMA systems, in-
cluding detailedprocessor cade, bus, interconrect, memay con-
troller, 10, and DRAM mockls. The systemmockl is a hypotheti-
cal next-gererationSGI supercanputerandmocelsthecompete SGI
directay-basedcoherenceprotocd [30]. Each simulatednode mod-
els two supescalarprocesses conrectedto a high bandwidthbus.
Also comectedto the bus is a hub [31] thatintegratesthe processor
interface memorycortroller, directay controller, cohererce enging
network interface, and IO interface. Eachnode containsa DRAM
backend with 16GB of physicd menory. We simuate a micro-kernel
that has realistic menory maragementroutines, supparts mostcom-
mon Unix systemcdls and diredly execue statcally linked 64-ht
MIPS-IV execuables. The simulatorsugportsthe OpenMP runtime
ervironment.

Tabe 2 lists the major paraméersof the simulatedsysem The
L1 cacteis virtually indexed andphysicallytagged. The L2 cacheis
physically indexed and physicallytagged. The DRAM backendhas



Benchmark Desciiption

From

bariier barrier synchronization

SGI Irix OpenMPlibrary

spinlock ticketlock andarray-basedjueud ock Mellor-Crumme andScott[22], Anderson [4]
GUPS randomglobalupdates HPCS Program

STREAM memcpy, scale sum, triad J.McCalpin

SAXPY Y +=a* X, singlepredsion FP BLAS level 1

Info_Retrieval query

unindexedrelational databaseuery

OSDB by Compaqg-HP

Total_Reportquery

unindexedrelational databaseuery

OSDB by Compaqg-HP

Query2A for documensearch SetQueryBendimark
Query3A for directmarlketing anddecisionsupport [ SetQueryBendimark
Query4 for directmarketinganddocumensearch | SetQueryBendimark

Table 3. Benc hmarks

4 20-byte chamelscomectedto DDR DRAM s, which enalesus to
read an 80-hyte burst per chamel every two cycles. Of each 80-byte
burst, 64 bytesaredataand the remaning 16 bytesare amix of ECC
bits and partial directory state. The simulatedintercanect subsys-
temis basedon SGI's NUMALIink-4. Theintercomectis a fat-tree,
whereeachnon-leafrouter haseightchildren Theminimum network
packetis 32 bytes. We do not modé contentionwithin routers, but
do mocdel port contentionon the hub interfaces. We have validated
the coreof the simulatorby con®guing its parametergo matchthose
of anSGI Origin 3000, running a large mix of benchmark prograns
on bothareal Origin 3000 andthe simulator. All simulator-generated
statistts (e.g.,run time, cachehit rates, etc.) arewithin 15% of the
correspanding numkbers generatecdy the real machine, mostwithin
5%.

We exterdedthe simuatar to sugport active messgesandprocesor
side atomicinstrudions like thosein the Itarium2 [13]. Most over
headsof active messgesareaccuratelymodeled,e.g.,interrupthan
dling, instructionpipeline ush,and cachepollution effects,but some
arenot, e.g.,0Soverheadn theissling processg soour reaults for
adive messageare somevha optimistic.

Benchmarks

Table 3 lists the tenbencdmarkswe useto evaluateAMOs. The ®rst
three only usescdar AMOswhile therestof the berchmaks mainly
use steam AMOs. All are compiled using the MIPSpro Conpiler
7.3 with anoptimization level of “-O3”. Native comgler suppat for

AM Osis not currently available,sowe marually insated AMOS us-
ing simplemacros.All resultspresentedn the next sectionrepresen
complete simulations of the benchmark prograns, including kerrel

and applicationtime, andthe directand indired overheals resuting

from the useof AMOs ard adive messags. Throughou the parer,

we de®ne the speedp of coda over codes asE xecution_timeg /

E xecution_time a .

Thebarrier benchmark usesthe barrier synchrorization function
of the Irix OpenMP library. To evaluatespinlack algorithms,we con
sider two repreentatie implemenatiors, ticket locks [22] and An-
dersons array-basel queuelocks[4]. For both barrier and spinock,
we insertsmall,rancom delayssimilar to whatRajwar et al. [27] did.
The GUPSbenchmark[17] performsrancdbm updatesto alargearray
to determne the number of global updatesper secon (GUPS) that
a system cansustain.|t represets the key acesspatternin molecu
lar dynamics,comhustion andcrashsimulation codes. The STREAV
benchmarks[21] areoftenusedto measurethe effective bandwidthof
parallel computers.SAXPY is from the Basic LinearAlgebra Subpro-
grams(BLAS) suite. It is representatve of the manyBLAS library
functionsthatmapeffectively to AM Os.

Historically, datataseapdications were disk I/O bound However,
memory density hasincreasedarnd disk optimizations have redwced
theimpactof I/0O on databaeperformaice,somemay performance
has emeged asthe new bottleneck for mary large datatases[3, 5,
6]. We investigatethe potertial of AMOs to accelerateueriesfrom
Set Query Benchmark [10] and the Open SourceDatalaseBench
mak (OSDB) [12] suites. DB benchmarkslike TPC-H are more
complete,but are hard to install and evaluatein redistic simulation

Nodes Speedupver baeline

Atomic | ActMsg | MAO | AMO

2 1.03 0.73 1.29 1.93
4 1.13 157 | 455 8.68

8 1.17 140 | 553 | 12.06
16 1.06 128 | 450 | 14.16
32 1.19 162 | 546 | 27.34
64 1.21 174 | 751 | 3743
128 1.18 1.83 | 11.70 | 54.82

Table 4. Barrier performance (2 cpus per node)

time[1, 15]. While thedaabasebenchmarkswe usearesimpler than
benchmarkssuch asTPCH, researches from both the datataseand
computerarchitectureeomnunitieshave found thatgreatlysimpi®ed
microbenchmarkscapurethe processorandmemory sysembehavior
of TPCworkloadsquite well [15, 32]. The datatasebenchmarksthat
we corsideraremorecompgex thanthe queriesusedin thosestudies.

5. SIMULATION RESULTS

For eachof our ten benchimarks, we compae their performance
when implementedusing conventional shaed memay instructions
(e.g.,loads storesand LL/ SCs) activemessges(ActMsg),proaessor
sideatomicinstructiondikethosein Intel ltanium (Atomic), memory-
sideatonic operationdik e thosein the SGI Origin 2000(MAQs), and
AMOs, whereapgicale. All resuts arescded with the corventional
shaed memay versionservirg asthe baseline.

5.1 Barri er

The SGIOpenMP barrierimplemertation usesLL/SCinstructions.
We createdAtomic, ActMsg, MAO, ard AM O-basedvariants. Ta-
ble 4 shows the resluts of running these various barrierimplemen-
tations on 4 to 256 processos (2 to 128 nodes). Active messags,
MAOs,and AM Osall achieve naticeableperformarcegains but AM O-
basedbariers achieve by far the bestperformancefor all processor
counts,ranging from a 1.9X speedp on two nodes to 54.8X on 128
nodes.Thereasa for theseresultsfoll ows.

In thebaselineLL/SC-basé barierimplementationeachproces-
sorloads a barriercownt into its local cacheusing anLL instruction
before incrementing it usingan SCinstruction. If morethan one pro-
cesso attenpts to updatethe count concurrently only one will suc-
cedl, while the otherswill needto retry. As the sysem grows, the
averaee lateng to mowe the barriervariablefrom oneprocessoto an-
othe increasesas doestheamaunt of cortention. As aresult,barier
syrchranizationtime increass supelinearly as the nunber of nodes
increaesfor the LL/ SC-basedmplementation

Using atomic instructiors eliminatesthe failed LL/SC attems,
but eachincremem cawsesa urry of invalidationmessagsand data
reloads, sothe bene®tof using Atomic is maginal.

The ActMsgbarrierimplementatiorsend anactive messageo the
home nock for every incrementopeation. The overheadof invoking
themessag hander dwarfsthetime requiredto run the hander itself,
but the bene®t of eliminaing remotememay accessesutweighsthe
highinvocationoverhead



MAO-basedbarrierssenda commandto the homemenory con
troller for every increment operaton. Insteadof naively usingun-
cachedioadsto spn onthebarrier variale, we spinon alocal cachealbe
variable,an optimization similar to Nikolopoulos at al. [23]. How-
ever, asin the Atomic implemenation, eachincrement catsesa urry
of invalidationmessgesanddatareloads.

The AM O versionachieves much higher performance by elimi-
nating the large numbers of seialized cohererte operatons presem
in the otherbarrierimplementations When eachprocessorarrivesat
thebarrier it performsan AMO in ¢ operationand then spins on the
correspading AM O reslt register To optimizebarrierperformarce,
we canspecify that no resut should be returred until barrier court
machessometrigger value, e.g.,the nunber of threadsexpectedto
arrive atthe barrier Whenthe barrier countreachsthetriggervalue,
theAMU sendan updaeto everysharerof thiscachelineasindicated
by the sharingvedor. ! Upon seeinghe AMO comgetion, eachspin-
ning threadwill proceedbeyond the barrier For the con®guratiors
that we test, AMO-basedbarriers outperformeventhe expensie pure
hardwarebarrierspregntin severalof currenthigh-endintercannects
(e.g.,the Quadics QsNefMusedby the ASCI Q supercanputer [25]).

Barriers take grea advantageof the smallcoalescercachepresen
in eact AMU. All sutseqentAMOsafterthe®rsti nc operdion will
®nd thedatain the coalesce andthusrequire only two cyclesto pro-
cess. Thus, for reasorable systemcon®guations, the per-processo
latercy of AM O-basedbarriersis almaost corstant, sincethe typical
roundrip messagelatercy dwarfs the time to processN incremen
operatiors atthehome AMU. We do not assumehat the network can
physicallymulticastupdéaes; performancewould beevenhigherif the
network suppated physicalmulticast.

5.2 Spinlocks

Ticket locks [22] emdoy a simple algaithm that grarts locksin
FIFO order. Anderson's arraybasedquete locks [4] usean array
of spirlocks to aleviate the interferene betweenreadersand writ-
ers,which is severeunder cortention. We padthe array to eliminate
falsesharing. Both algorithmsstll suffer from serializedinvalidate-
permission-writedelayswhenimplementedusingconventiona shared
memory.

Table5 presets the speedups of different ticketand arraybased
queung locks comparedto LL/SC-basedticket locks. For tradtional
mecharnsms, ticket locks outpeform array locks on fewer than 32
processes (on 16 nodes),while arraylocks outperformticket locks
for larger systems. This result con®rms the effectivenessof array
locks atalleviating hot spds in large systems.

Ourrestts shav that usingAMOs dramaticallyimprovesthe per
formanceof both typesof locks and negatesthe differencebetween
ticket and arraylocks. In cortrag, the otheroptimized lock imple-
mentationsdo not have clearadvantageovertheir LL/SC-base court
terparts on large systems.For moredetailed discussiois on applying
AM Osto synchronizationoperationspleasaeferto Zhangetal. [39].

53 GUPS

Figure 3(a) contairs the core loop of the GUPSmicroberchmak,
which atamically increments rancbm ®elds of a large histogam ar-
ray. We usea 256-meyabyte histogamarray whichis tiny compared
to therealworkloadsthat GUPSmodels[17], soour resuts arecont
savative for AMOs, whoseperformances independentof arraysize.
GUPSexposesthe memay systembottlenecls of current compuer
architectures.Speci®cally, TLB andcachehit ratesareextremely low.
In real-world applications, mosthistogramaacessesnissin the TLB.
As thenumberof active processorsincreasesnd the histogramarray
is spread acrassmoreprocessos, the number of remotecachemisses

1AMOs keepseqiertial consisteng exceptfor the barrier, which is
releag consisteh becauseof the delayedupdae mechansm Since
this operationis usedexclusively for barriers,this senanticis com-
pletely acceptake.

increases. With four processorsremde memay stalls accaint for
66% of execttion time, which increaesto 88% for 128 processaos,
even when we employ aggressie superpagdgng to eliminateall TLB
misses.

Note that using the incoheren scattergathe memay operatons
that are available on many vector machinescanlead to racecond-
tionsandprogamerrors,becasemultiple threadsmayattenptto in-
cremant the samehistogam®eld at the sametime. Evenwith coher-
ert menory, either atomic addsor complex satwaretechniqueslike
segmentedscanarerequredto ensue correctness Our baselne im-
plementation emgdoysnon-atomicadds, withoutlocking, so the base-
line perfamanceresuts are optimistic. In contrast,our ActMsg and
AMO implementationsuseatomicadds. To ®lter out theinterference
effect of active messagesye reserveone proagessorper nodeto han-
dle active messags,soActMsgresultsareoptimistic. In the baseline
ard AM O-basedmplemertations,the seondprocessoion eachnode
sitsidle. MAOsarenot consiceredbeausethey work in uncacteable
memay spaceandsimply disaliing cachirg for GUPs will hurt per
formarce.

In Figure 3(b), we repat speedys of ActMsg and AM Os over
baseline on differert systemcon®guations. ActMsg is very effective
for GUPs.The performarte of the AMO versionis abou twice of the
ActMsg verson with and without supermges. The mainreasonthat
both mechaismsaresoeffectiveis thatthey eliminatesubsartial net-
work traf®c inducedby remae misses Figure 3(c) shavs thenumber
of network packets(in thousands) sentfor some testcaseswith su-
perpaging On averag, active messagsrediuce network traf®c by a
facta of 4.3 while AMOs redu network traf®c by 5.5X.

54 STR EAM and SAXPY

The performanceof streamoperatbnsis depertert on how data
is distributedacrossnodes. Sincethereis no accepted“typical” data
distribution, we distribute datasuchthat 50% of the opaand daa in
multi-stream operatiors must be loaded from aremotenoce. For ex-
amge, hdf of the datatraf®c for memcogp is within the local node
ard half is coped betweendifferert nodes.For scale, half of the pro-
cesss uselocal menory andthe otherhalf fetch datafrom aremote
node.

Table 6 shows theperformarte of AM Osonthesebenchmarksfor
differert system sizes using the default setupof Table2. h100 and
h200 denotesystemswith a network hop delayof 100 and 200proce-
sorcycles, respetively. In all casesAMOs performvery well, with
performanceasmuchas38X fasterthanthe baselindmplementation
In addition, we cansee that asremotememory latenges increasethe
bene®s of AMOs increase.

Exceptfor triad, the MIPSprocompileris ableto perform aggres-
sive loop unrdling and insertsnea-optimal prefetchinstructions. As
a reallt, the baseline versims of thesebenchmarkssufer very few
cacte misses However, since the processorcan processdatafaster
thanthe systembus cantransferit, the systembus become a perfor-
marce bottlene&. In cortrast, AMOs executebelov the sysembus,
so bus bandwidth is not a bottlene&. AMOSs exploit the high band-
width within thememory controllerandsaturatahe DRAM backend
5.5 Databas e Querie s

In this sectionwe presem the performance derived by apgdying
AMOs to databas queriesfrom the OSDB andSetQuey benchmark
suites.Info_Retrieval andTotal_Report arerepresentatve queriesrom
the OSDBbentimarkssuite. Info_Retrieval usessix ®eldsfrom each
databaserecord while Total_Repat usesthree. Info_Retrieval per-
formsone aggregateoperaton (count ) while Total_Report performs
seven(min, max, andcount on different attributes). The Set Query
benchmarksperform anumbe of cordition testson each datarecord
They arerepresentatve of a variety of documentseach, marketing,
ard decisionsuppat workloads.

Figures4 and 5 presemthe spe@ups of the ActMsg-and AMO-
optimized databaseenginescomparedto conventional implementa-



Nodes CPUs LL/SC Atomic ActMsg MAO AMO
ticket | array | ticket | array | ticket | aray | ticket | array | ticket | array
2,4 100 | 041 | 091 | 052 | 112 | 050 [ 101 | 041 | 209 1.24
4,8 1.00 | 046 | 0.86 | 0.54 | 170 | 046 | 105 | 0.50 [ 235 1.74
8,16 1.00 | 050 | 0.97 | 056 | 227 | 053 | 110 | 0.50 [ 232 2.27
16,32 1.00 | 055 | 0.99 | 063 | 237 | 053 | 107 | 051 | 238 1.95
32,64 100 | 166 | 087 | 1.69 | 067 | 147 | 067 | 151 | 639 5.01
64,128 1.00 | 280 | 1.14 | 268 | 089 | 244 | 079 | 252 [ 11.00 [ 1099
128,256 1.00 | 355 | 1.24 | 344 | 100 | 3.01 | 085 | 2.99 [ 13,58 [ 11.35

Table 5. Speedup of various spinloc ks compared to LL/SC-based spinloc ks.

O no sp, ActMsg

for (i = 0; i < accesses; i++) 15 = no sp, AMO .
' ' o 72w/ sp, ActMsg Nodes| baseline ActMsg AM
idx[i] ] += v; S I sp, AMO

ALl = i R 2 | 1358 | 302 | 262
Array idx  contains duplicate values. & 5 8 2519 577 459
E.g., idx[1] and idx[3] may

both give the same index inta. ° 2 nodes 4 nodes 8 nodes 16 nodes 32 nodes 64 nodes 32 2931 688 516

(a)code (b) speedp (w/ and w/o sugerpadng) (c) traf®c (with sp)

Figure 3. GUPS code and performance (using a dedicated ActMsg handler processor).

tions. The baselinequeies have beenhighly optimized,including
evaluaing high-seletivity ard low-costpredicate®rst, and manudly
insering aggressie dataprefetcles. For examge, in bothsingle-rode
ard multi-node settings,the L1 cachehit ratio for Info_Retrievaland
Total_Repat are99.5%and 98.3% respetively. For multi-nodeex-
perimentswe enploy the“50% remote” distribution andhoplateny
variationsdescibedin Sedion 5.4.

As canbe seerin the ®gures AM Osspeedipthevariousdatabase
queriesby factorsranging from 2.1X to 4.4X comparedto their re-
spective baselinesTheActMsgvariantsperformpoaly atsmallnode
counts, but acheve 50-75% of the bene®ts of AMOs for larger con
®gurations.

5.6 Sources of AMO Perform ance Gain

Thebenchmarksdescribé in Sectiors5.1through 5.5bere®t from
different aspets of our AM O design Since spae is limited and the
databasejueries aremuchmorecomgex than the othe berchmaks,
our sensitvity analyssis limited to thedatalasequeay bendhimaris.

In this subsedion, we quantify the extentto which eachof the po-
tertial saurcesof AMO performarceimprovemen affectthedatabase
queryreaults. Thefour potertial bene®tsof AMOs tha we consider
and isolateare:

locdizing computation by performing the work at the data’s
homenode

utilizing specializedhardware for speci®coperatons such as
max or min

acessingsparsedatausingshat DRAM burstsas opposedto
full cachdine bursts

exploiting stream-level parallelismin grouped AMOs

To better understad how AM Osare ableto improve databaseen
gine ef®ciency, we performa numkber of experimers thatisolatethe
impact of the various featuresof AM Os. The ®rst factor, localizing
compuation to avoid remote memay acceseshene®tsboth AM Os
ard ActMsgs;the othe three are unique to AM Os, ard explain the
performarte differencebetween ActMsgs and AMOs. The four fac-
tors are not orthogond; ead oneis only pro®table if it alleviatesa
systembottlene& for a particular application Alleviate a bottleneck
beyond the point whereother systemcompamerts have becane the
primary perfamancebottleneckandwe will seediminishing returns.
For spacelimitations, we only includedexperimentsthathighlight the
in ue nceof thevariable that is underinvestigaton. Figure 6 presets

the resuts of our sersitivity amalysis. The metric is AMO speedip
over baseline.The blackbarsarethe ones already shown in Figures4
ard 5 using thedefaultcon®guraion.

Computation Localization

By shipping the compuation to data’s homenode remde loadsare
convertedto local loads. Thus, network bandvidth and lateng lim-
itations are avoidedfor both active messags (ActMsg) and AMOs,
while half of the data in the baseline versbn is fetchedfrom across
the network. Since only a single adive messgeis sert per pag in
the ActMsg variantof eat berchmark messagéander invocation
overheadis negligible. Thus,the speedyp acheved by using active
messgesshavn in Figures4 and5 representghe bere®t of compu-
tation localization As canbe seenin the ®gures,the contribution of
computationlocdization to AMO performance is modestfor small
con®gurations but substatial for larger ones.

Specidized Hardware

AMUs have specialized hardwaredesigred for ef®ciert streampro-
cessimg, e.g., anAM U cancomputethemax of two integersin asingle
cycle afterthe operand areavailabe, whereasloingsoon a conven-
tional CPU requiresseveral load, store,comparison and brarch in-
structiors. Of the databaseueriesdiscussechere, Total_Repat ben-
e®ts themost from specialzedfunction units.

Figure 6(a) shavs how Total_Report performance changes with
varying latenciedor max, mn , and cou nt . For examge, if it takes
the AMU 4 memay controller cycles (20 processorcore cycles) to
perform a max/min/cou nt opeation, the AMO coce canaclieve
aspeelupof 2.9 on single noce, down from 3.7X with fager ALUs.
This resultmotivatesthe addition of common simpe streamopera-
tions (e.g.,min, max, and popcount ) when the areaoverheadis
smallandthe performane impactis sign®cart.

Fine-grained DRAM Accesses

Ratherthanloading entirecacte lines(e.g.,128 bytes)from DRAM,
the AMU loads as few bytes as the DRAM backendallows. For
streamoperationsthe AMU only loads the referened ®eldsandnot
the entire cacte line. For maskedstrean operatons, the AMU only
loads streamelenmentsthatcorrespmdto a1’ bit in themaskstream
In the Info_Retrieval query, the ®rst predicateevaluation resultsin
a bit mask that eliminates90% of the tuples, so sutsequat AMOs
need only operateon 10% of the tuples. In Q4 of Set Query (Fig-
ure 5(c)), the ®rst predicateevaluation®lters out 80% of the tuples.
Thus, AMUs have amgde opporturity to exploit shat DRAM bursts
for streamopeations.

In our design, AMUs load datafrom DRAM in 32B burstswhereas



memcopy sale sum triad saxpy
nodes,procs | h100 | h200 | h100 | h200 h100 h200 h100 h200 h100 | h200
1,1 1.33 1.33 1.08 1.08 2.01 2.01 4.27 4.27 1.58 1.58
1,2 117 | 117 | 112 | 112 2.05 2.05 4.54 454 | 1.09 | 1.09
4,8 119 | 1.22 | 129 | 1.73 4.17 4.44 7.97 | 1209 | 1.24 | 1.45
32,64 1.31 1.68 2.11 2.99 9.34 | 12.23 | 17.74 | 25.72 2.04 3.36
128,256 1.49 2.13 2.58 3.74 | 11.94 | 19.13 | 21.50 | 38.37 2.47 4.82

Table 6. Speedup of AMOs on STREAM and SAXPY
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Figure 4. Optimiz ing the OSDB Benchmark

the baselinesystemloads128B cachelines. DRAM verdors(e.g.,
Ramhus) have startedto erable even shorter DRAM burst lenghs.
Figure6(b) shavsthe peformanceof four queriesaswe vary DRAM
burstlenghs. Theseexperimentscorn®rm that loading dataat smaller
granularity (32B) for strided accessegreatlyimprovesmemoryper
formance. In partcular, using AM Os for the two SetQuey bench
marks on single node systemshurts performarce (speedp < 1) if
load elements via 128-hyte DRAM bursts. Deaeasingthe minimum
DRAM burst lengthfrom 32 bytesto 4 bytesprovidesamaiginal ben
e®t for our experiments, becasewith 32-byte burstsmemory band
width is not a bottlene& when there are two processorsand four
DRAM chanrelspernode

Greater Parallelism

In the basdine implemenations, stream opaatonsareperformedse-
rially. Each query predicateis evaluatedon the ertire datalaseta-
ble in its ertirety beforethe next predicade is evaluated Although
there is subgartial instructiorlevel parallelism, performarceis lim-
ited by processorrearderbuffer size,thenumberof physical registers,
thenumbe of MSHRs, andother factors. In cortrast, AMOs exploit
streamlevel parallelism EachAM Qin agroupof AM Oscanproceed
in parallelusng different streambuffers,thereby fully exploiting the
available DRAM bardwidth. Further the use of temporary streans
allows restuts from one streamopeation to be bypas®d directly to
the the FU where they will be consurmed, which minimizes SB ac-
cesses.OSDB Total _Report and Set QueryQ4 both exploit this
form of stream parallelism. The gray barsin Figure 6(c) showv the
performarte of thesequerieswhenwe ran themusing serial (non
grouped) AMOs. Doing so reducal performanceby 10-20%.

6. CONCLUSIONSAND FUTURE WORK

In this paper, we proposea mecharism Active Memory Operations
(AM Os), which allow programmes to ship sdect computationto the
homememorycortroller of data.Doing socaneliminateasign®cart
number of remde memay aaessesieducenetwork traf®c, andhide
the access lateny for datawith insuf®cient reuse to warrant mov-
ing it acrosghe network and/or systembus. AMOs offer anef®ciert
sdution for animportant setof compuation patterns. Through sim-
ulation, we shov that AMOs canlead to dramaticperformanceim-
provementsfor data-ntensive operationsge.g.,up to 50X fasterbarri-
ers,12X fasterspinlocks, 8.5X-15X fasterstreamoperations and 3X
faster databasejueries.

Theseresuts mativate us to cortinue this line of research One
limitation of the currentAMO designis tha it sugportsonly a small
setof operatiors. Another directionof future work is using one or
moreimple in-orderprocessorcoresto implement the AMU. Sucha
design would signi®cartly comgdicate the progammingmockel, but
provide richeropporturitiesfor avariety of apdications.
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