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Abstract

The performance of modern microprocessors is increasingly lim-
ited by their inabili ty to hide main memorylatency. The problem is
worsein large-scale shared memorysystems,where remotememory
latenciesare hundreds, and soonthousands,of processorcycles.To
mitigatethis problem,weproposetheuseof Active Memory Opera-
tions (AMOs),in which selectoperationscanbe sent to andexecuted
on the homememory controller of data. AMOs can eliminatesig-
ni� cant numberof coherence messages,minimizeintranode and in-
ternodememorytraf� c, and createopportunitiesfor parallelism.Our
implementation of AMOsis cache-coherent and requiresno changes
to theprocessorcore or DRAM chips.

In this paper we present architectural and programming models
for AMOs, and compare itsperformanceto that of several othermem-
ory architectures on a variety of scienti�c and commercial bench-
marks. Through simulationwe show that AMOsoffer dramatic per-
formanceimprovementsfor an important setof data-intensive oper-
ations, e.g., up to 50X faster barriers, 12X faster spinlocks, 8.5X-
15X fasterstream/array operations, and3X fasterdatabasequeries.
Based on a standard cell implementation, wepredict that thecircuitry
requiredto support AMOsis lessthan 1% of the typical chip areaof
a high performancemicroprocessor.
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1. INTRODUCTIO N

Distributedshared-memory(DSM) systemsdistributephysicalmem-
ory acrossthenodesin themachineand implementcoherenceproto-
cols to provide the sharedmemory abstraction. In the predominant
directory-basedCC-NUMA architecture,each blockof memoryis as-
sociatedwith a®xedhomenode, whichmaintainsadirectorystructure
to trackthestate of all locally-homeddata.Whena processaccesses
data that is not in a local cache,the local DSM hardware sends a
message to the data's home nodeto request a copy. Depending on
theblock's stateandthe type of request,thehome nodemay needto
send messagesto additional nodesto servicetherequestandmaintain
coherence. The round trip memoryaccesstime of large DSM ma-
chineswill soon be a thousandprocessorcycles[26]. It consists of
threeparts: local DRAM latency, memorycontrolleroccupancy, and
inter-nodenetwork latency. Cross-section bandwidthis alsoalimiting
factor in thescalability of largeDSM systems.

Cachingimprovesmemoryperformance and reducesremotetraf-
®c, but large cachescannot eliminate coherence misses.Coherence
is maintainedat the block-level (e.g.,128 bytes),and entire blocks
aremovedacrossthenetwork or invalidated, evenwhentheprocessor
touchesonly a single word. For operations with low temporallocal-
ity or signi®cant writesharing, moving datafrom (potentially remote)
memory, through the cache hierarchy and into a register, operating
on it, and then (optionally) writing it back to memory is highly in-
ef®cient in time and energy. In these circumstances,caches provide
lit tle bene®t,andsometimeseven hurt performance. The appalling
truth is that the sustained performanceof large DSM computers for
manyapplications is lessthan 5% of peak performance,duelargely
to memorysystemperformance,andthis trend is expectedto worsen.
Theunavoidable conclusion is that reducing remotecoherencetraf®c



and inter-node data transfersis essential for DSM systems to scale
effectively.

Weproposeto add anActiveMemory Unit (AMU) to eachmem-
ory controller in a DSM systemso that operationswith poor tempo-
ral locality or heavy write sharingcan be executed wherethe data
resides. We call AMU-supported operationsActive Memory Oper-
ations (AMO), because they makeconventional “passive” memory
controllersmore “active”. AMOs are issuedby processors and for-
wardedto thehomenodeof theiroperands,whichacquiresaglobally
coherentcopyof thedataand then performstheoperation in its local
AMU.

Usedjudiciously, AMOscaneliminatecachemisses,reducecache
pollution, and reduce network traf®c, thereby reducing power con-
sumption andimproving performance. AMOs arebest usedon data
with poor temporal locality or heavy write sharing,for whichcaching
induces substantialcommunicationwhile providing no bene®t. Us-
ing AMOs, insteadof loading dataacrossthe network and operat-
ing on it locally, short messagesare sent to the data's home node,
which acquires a globally coherent copy of the data(if f it is cached
remotely),performstherequestedoperations,and(optionally) returns
theresult to therequesting node.

In our design, AMUs support both scalaroperations thatoperate
atomically onindividual wordsof dataandstreamoperationsthatop-
erateonsetsof wordsseparated by a®xedstridelength. All streamel-
ementsmust residein asinglepageof memory, soindividualstreams
do not span multiple memory controllers. However, stream-stream
operations may involve streamsthat resideon differentmemory con-
trollers, asdescribed in Section3.2. StreamAMOs canbe masked.
All AMOs arecache-coherent; theAMU hardwareperformsany nec-
essarycoherency operations before it usesanydata. BecauseAMUs
areintegratedwith the directory controller, making AMOs coherent
is fairly simpleandfast (Section 3.3).

Figure1 illustrateshow AMOs canbeusedto implementasimple
SQL querythat computesthe averagebalanceof all customersin the
“East” salesregion. We performthreesuboperations: (1) determine
which recordshave Region®elds that matchthe“East” attribute, (2)
determinehow many recordsmatchedin phase(1), and (3) calculate
thesumof theBalance®eldsof eachrecord thatmatched in phase(1).
Eachof thesesuboperations canbe implementedasa single AMO.
The ®rst AMO performsa stridedstrea m-stri ng cmp against
theRegion ®eld, wherethestride is thesizeof eachcustomerrecord.
Theoutcomeof thisAMO is abitmask(Bitstream),wherea`1' in po-
sitionN of thestream indicatesthat theN th customeris in the“East”
region. ThesecondAMO performsapopc ount on Bitstreamto de-
terminehow manycustomerswere in the “East” region. The third
AMO adds up the “Balance” ®elds for each customerin the “East”
region. Theoverall result of thequery is simply thesumof thebal-
ances(resultof the3r d AMO) dividedby thenumberof customersin
theeastregion (resultof the2n d AMO). This example,while simple,
illustratesa numberof interestingfeaturesof our AMO implementa-
tion, whichwe will describe in Section3.2.

For many operations,anAMO canreplacethousandsof memory
block transfers.As describedin Section 5,AMOscanleadto dramatic
performance improvementsfor data-intensive operations,e.g., up to
50X fasterbarriers,12Xfasterspinlocks,8.5X-15X fasterstream/array
operations, and 3X faster databasequeries.Finally, basedon a stan-
dardcell implementation,wepredict thatthecircuitry requiredto sup-
port AMOs is lessthan 1% of the typical chip areaof a high perfor-
mancemicroprocessor.

2. RELATED WORK

Processor-in-memory (PIM) systemsincorporateprocessingunits
on modi®edDRAM chips[11, 18,24, 7, 36]. Both AMOs andPIMs

exploit af®nity of computationto main memory, but they differ in
threeimportantways. First, AMOs usecommodity DRAMs, which
should have higher yield andlower cost thanPIMs. Second, thepro-
cessors in a PIM reside below thearchitecture level wherecoherence
is maintained. Thus, if the data required by a PIM operationre-
sidesoff-chip, PIMs effectively becomesa form of non-coherent dis-
tributed memory multiprocessor, with all of the attendant complex-
ities. AMOs utilize existing coherence mechanismsand operateon
coherentdata. Third, PIMs employ mergedlogic-DRAM processes,
which are slower than processestuned for logic. The major bene-
®t of PIMs is the very high bandwidth of the on-chip connections
between processorsandstorage. However, high-performancemem-
ory controllers support a large numbersof DRAM bussesand thus
have raw bandwidth comparable to what is availablewithin a single
DRAM. Westrongly believe thattheappropriateplace to performof-
�oaded computationis at thememorycontroller, not on theDRAMs,
which hasmostof thebandwidth and power advantagesof PIMs and
eliminatesmany of thecomplexitiesthatPIMs introduce.

Severalresearch projectshaveproposedadding intelligenceto the
memory controller. The Impulsememorycontroller[40] usesan ex-
tra level of physicaladdressremapping to increaseor createspatial
locality for strideandrandom accesses.Active Memory[16] extends
Impulseto multiprocessors.Solihin et al. [33] adda general-purpose
processorcoreto a memorycontroller to direct prefetchinginto the
L2 cache. Thesesystemsimprovetheway in whichconventionalpro-
cessorsare “ fed” memory, but donot actuallycomputeon thedata.

Several systemssupport specialized memory-side atomic opera-
tionsfor synchronization. TheNYU Ultracomputer[9] wasthe®rstto
implementatomicinstructionsin thememorycontroller. TheFLASH [19]
multiprocessorsupportedatomic fe tch ops,whichweresubsequently
supported by the SGI Origin 2000 [20] and Cray T3E [29]. The
SGI Origin 2000implementsasetof memory-sideatomic operations
(MAOs)in the memorycontroller that aretriggeredby writesto spe-
cial IO addresses. MAOs arenon-coherent and rely on software to
maintaincoherence.

Al though they areperformedsolelyin software,ActiveMessages[37]
aresimilar in spirit to AMOs. Like AMOs, active messageswork by
moving computation to datato avoid moving data betweenproces-
sors. An active messageincludes theaddress of a user-level handler
to be executedupon message arrival, with the message body as its
argument.Becausethey arehandledin software,activemessagessuf-
fer from a numberof overheads,e.g., taking aninterrupt, � ushing the
instructionpipeline, switchingto the speci®edmessage handler, and
polluting thecacheswhile the handlerruns.Also, theactivemessage
programmermustknow which node holds the desireddata,whereas
thetargetof anAMO isextractedby hardwarebased onthedata'sad-
dress. Nevertheless, active messagesoftenperformwell for thesame
reason that AMOs do - it is often far lessef®cient to load dataover
thenetwork thanto simplyoperateon it in place.

A number of researchershaveproposedof� oadingselect computa-
tion from themainprocessor, e.g.,severalrecentcluster interconnects
support distributedsynchronizationoperations[25, 35], while Ahn et
al. [2] propose adding specializedvector operations to the memory
systemto support vector scatter-add.

FLASH [19] andTempest/Typhoon [28] incorporateaprogrammable
engineon the memory/network controller. To thebestof our knowl-
edgethey never explored thevalueof of�oading user computation to
the protocol processors. Rather, the protocol processorswereused
to support powerful coherenceprotocolsandto facilitatehigh-speed
messagetransfer.

3. AVTIVE MEMORY OPERATION S
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write  Region, stride,
write  

write  
write  

Bitstream
opcode_POP

"EAST", Bitstream

opcode_SUM, return-val addr, 
Balance, Bitstream, stridewrite  

spins on 

opcode_EQ

GROUP_ENDwrite  

FROM

(a) the SQL query:

SELECT AVG

WHERERegion = "East"
customers

(b) Algorithm for AMOs:

(Balance)

return-val addr 

Figu re 1. Example of using AMOs for a simple SQL query

Mnemonic Result

inc, dec, cmp-swp, fetch-aop,update scalar
memcopy, memset,pgfetch, pgsave streamof scalars
max, min, sum,popcount scalar (reduction)
S-s-lop,S-s-s-lop,S-string-EQ streamof bits
S-s-aop,S-S-aop,S-S-lop streamof scalarsor bits

Table 1. Supported AMOs (Legend: S=stream, s=scalar,
aop=arithmetic op, lop=logic op))

3.1 Suppor t ed Op era t ions

Our AMU design supports two typesof operations: scalar oper-
ations that operateon single wordsand streamoperations thatoper-
ateon setsof wordswithin a page. Table 1 liststhe operations sup-
ported,which wereselected basedon applicationrequirementsand
implementationcomplexity. Most AMOs include integer andsingle
precision�oating point versions. All AMOsarecoherent; theAMU
performsall necessarycoherency operationsbefore it usesdata.

Scalar operations performatomic arithmetic operations on indi-
vidual words of data, similar to the f etch and op operations of
many existing architectures.Scalaroperationsareparticularly useful
for supporting ef®cient synchronization. Unlike synchronization op-
erations implementedat the processors, e.g.,usingload-linked/store-
conditional (LL/SC), AMO-based synchronizationdoesnot require
cachelinesto bouncebetweenprocessors.

Str eam operations have SIMD-like semantics: onearithmeticor
logic operation isappliedto everyelement of astream. In our design,
a streamis a setof words separated by a ®xed stride length, all of
which reside in asinglepageof memory. Thus,individual streamsdo
not spanmultiple memory controllers,but stream-streamoperations
may involve streams that resideon differentmemorycontrollers,as
describedin Section3.2. Streamoperationscan beoptionally predi-
cated usinga bit mask,similar to maskedoperationsin vector ISAs.

We support a mix of stream-scalar, stream-reduction, and stream-
streamoperations,asshown in Table1. For example, a stream-scalar
add addsa scalarvalueto everyelement in the stream,which gener-
atesa secondstream, while stream-scalar. GT. comparesevery ele-
ment in thestreamagainst a givenscalar value andcreatesa boolean
result stream.Webelievetheseoperationsaregeneral enough to cover
a largeportion of theneedsof data-intensive applications.

Sinceprimitivestreamoperationsarerestrictedto streamsthat re-
side entirely within a single page,streamoperations thatspan larger
rangesneedto beimplementedasaseriesof AMOson smaller ranges,
which canbeperformedin parallel.

3.2 Pr ogram ming Mo del

In our current design, the basicprogramming model for AMOs
is that of decoupled(asynchronous) operations. The local processor
issuesAMOs andthencanperformother operationswhile theAMO
is underway. Whenthelocalprocessorneedsthereturn valueor needs
to know thattheAMO operation has completed, it spins waiting ona
completionbit to beset.

Weemploy memory-mappeduncached I/O spacereadsand writes
to communicatebetweenthe processor and AMO engine. To issue
an AMO, a processor writes the appropriate values(e.g.,command,
address(es),and scalaroperand(s))to asetof I/O spaceaddressesthat
correspond to anAMO issueregisteron thelocal memorycontroller.
To readthe resultof an AMO, a processorreadsfrom an I/O space
addressthat correspondsto an AMO returnregisterallocatedto the
issuingprocess. Associatedwith eachAMO returnregister is a full -
empty (F/E) bit that is usedto signal whenan AMO hascompleted
and its returnvalue (if any) is ready. TheseI/O addressesare allo-
catedandmanaged by theOSvia specialsystemcallsinvokedduring
processinitialization. This approachis similar to that usedto operate
onE-registersin theCrayT3E [29].
BasicAM Os
To initiateanAMO, softwarewritestheargumentsto anAMO regis-
ter in the local memory controller. TheAMU clearstheF/E bit of the
associatedAMO returnregister, determineswhich node is thehome
for thespeci®ed data,andsendsa request packetto the AMU on the
home node of the dataon which the operationis being performed.
EachAMU has anexternalTLB to perform virtual to physicaltrans-
lation,similar to theCray T3E [29] andImpulse[40]. If necessary, the
homenodeAMU interactswith other processorsto acquireaglobally
coherentcopyof thedatain theappropriate sharing mode. Oncethe
AMU hasa coherent copyof thedata,it performs theoperation and
signalscompletion to theprocessorthat issuedtheAMO, optionally
returning ascalar result. For streamedAMOsthatspan multiple cache
lines within a single page,the homeAMU acquirescoherentcopies
of each cache line touched by the AMO. Whenthe resultreturns, it
is placedin the speci®ed AMO returnregisterandthecorresponding
F/E bit is set. Therequestingprocessis expectedto testtheappropri-
ateF/E bit periodically to determine when theoperationis complete
and the return valueis available.
Grouped AM Os and temporary streams
Semantically, AMOs operateonDRAM values. Logically AMO data
is readfrom mainmemoryand resultsarewrittenbackto mainmem-
ory, in addition to theoptionalscalarvalue that canbereturnedto the
issuingprocessor. However, for operations involving severalAMOs,
e.g., the simple databaseoperation presentedin Figure1, it is inef-
®cient to write intermediate resultsback to main memory, only to
be immediatelyre-read and reusedas partof a subsequentAMO. To
overcomethis potential inef®ciency, we allow programmersto group
relatedAMOsandspecifythatcertain streamsaretemporary streams
whosevaluesneednot persistbeyond the end of the current AMO
group. Programmersmark the end of an AMO group by settingthe
GROUP ENDbit in theAMO opcode. Programmersidentify tempo-
rary streamsby using special(otherwiseinvalid) addressesfor their
locations. Temporarystreamscanbeusedto pass intermediatevalues
ef®ciently stream operations. For example, the Bitstreambit mask
used in the databaseexample shown in Figure 1 would be an ideal
candidateto be treated as a temporary stream. Temporary streams
are not written back to DRAM and can be bypasseddirectly from
thesourceALU to the destination ALU. If the Bitstreamvaluewere
useful in somelater computation, theprogrammer can specify a real



memory locationwhereit should be written. Thehardwarerequired
to support groupedAMOsandtheway in whichgroupedAMO oper-
ations areimplementedis describedin moredetail in Section3.3.
MaskedOperations
Thethird AMO in Figure 1 illustratesa maskedAMO, which is anal-
ogous to the maskedvectoroperations present in many vectorISAs.
The Bitstreamstreamis usedas a bit maskto indicatewhich ele-
mentsof thestrided Balancestream shouldbesummed together. Typ-
ically thebitmaskusedin maskedoperations aregeneratedas part of
a groupedAMO and thendiscarded, asin this example,but bitmasks
can alsobestoredin memory andreused.
Other Programming Considerations
SincestreamAMOs operateonly on streams that residewithin a sin-
gle page,operations on larger streamsmustbe performedasmultiple
page-grainedAMOs. Theprogrammingburdenfor doingsois modest
and enablesoperations on different portionsof thestream to proceed
in parallel if thedatais homedby multiple nodes.

Thestreamsin asingleAMO or groupedAMOs canhavedifferent
home nodes. In thesecases,the AMO(s) is(are)sent to the home
nodeof any of thestreams,and remotestreamsareloadedacrossthe
interconnect (coherently) from their respective home nodes. In the
caseof grouped AMOs, all AMOs within a group arehandled by a
singleAMU.

Currentlywe manually write AMO codesusing a combinationof
C-language libraries and macros. We argue that current compiler
technology should be able to generatedecent-quality AMO codes
from serial or vectorizednon-AMO scienti®c computation programs,
though it is extremelychallenging to automatethe code transforma-
tion processfor commercialapplications. Using scalarAMOs is as
simple assubstituting anAMO wrapperfunction for thelegacy func-
tion name(e.g., barrier ) or instruction(e.g., fetch -op ). The
conernsariseprimarily whenusingstreamAMOs.

StreamAMOs canbeconsidered a special classof vector opera-
tions, althoughwith completely differenthardware implementations.
Both breakarrayoperationsinto a loop of vector computations,each
of which is a SIMD operation.The differencein operation granular-
ity andhardware implementations has signi®cantperformance impli-
cations,but the compiler technology that is required to generateboth
versionsof theSIMD codesis largely thesame.Vectorizingcompil-
ershave beensuccessfullybuilt for Fortranand C. Leveraging these
technologies to build an AMO compiler is part of our future work.
A key stepin developingsucha compiler is building a cost function
that can predict the performanceof an application if it usedAMOs.
WehavedevelopedananalyticalmodelthatcanpredictAMO perfor-
mance.Detailsof themodelarein [8].
Automatic Computation Localization
OpenMP, thede factostandardfor shared-memory programming,al-
lows the programmer to parallelize loops without consideration for
theunderlyingmemory distribution. This often results in unsatisfac-
tory performancedue to high remoteaccesscosts.To circumvent this
problem,programmersoften take greatcare to create computation-
data af®nity, i.e., to perform operations on the node where data is
homed. However, if the data accesspatternchanges after initial data
placement, whichiscommonwhentheOSemploysa®rst-touchmem-
ory allocation policy or when threads migratebetweennodes, the
computation-dataaf®nity islost. In contrast,AMOsinherentlyachieve
computation-to-dataaf®nity with no extra programmingeffort be-
causeAMOs aredynamically routedto thenodethat homesthedata
on which they operate. Should threads migrate or data be redis-
tributed,AMOs will continue to be routedto the appropriate (new)
nodes for execution.
Context Switches,AM O Register Virtu alization, and Exception
Handling
In our design, threadsexplicitly allocateAMO issueandreturnregis-
tersvia systemcalls. Uponacontext switch, theOSsavesAMU issue

registersso that partially-initiated AMOs can be properly restarted
later. The internal states within the AMU arenot part of the archi-
tecturalcontext. A thread's AMOs continue to executewhile it is
context switchedoff the processor, and the associatedAMO return
registercontinuesto be a legaland safetargetfor theAMU to storea
returnvalue.

Ourcurrent designlimits the number of AMOs with returnvalues
thatagiventhread,or setof threadson asinglenode,canhavein �ight
atany given timeto thenumberof physicalAMO registerspresent on
each memorycontroller. A more scalable designwould entail virtu-
alizing the AMO registersso thatmultiple client threadscould share
physicalAMO registers. To supportvirtualization, each memorycon-
troller would need to beable to map readsandwritesto virtual AMO
registers,identi®edby (ProcessID,RegNum)pairs,to eitherphysical
AMO registersor private DRAM managed by theAMU to back the
physical registers. We do not support this functionality in our cur-
rentdesign,becausea modestnumber of AMO registerssuf®cesfor
all of theapplicationsthatwe consider, but it might be warrantedin
commercialimplementations.

Arithmetic exceptions (e.g., divide by zero) can occur during an
AMO. ArithmeticexceptionscausetheAMO to terminateand aner-
ror valueto be returnedto theassociatedAMO return registeralong
with enoughstateto identify the source of theerror. A pagefault can
occurwhena hardwarepagetablewalkerhandlesan AMU TLB miss
in the nodewheretheAMO is initiated.This canhappen, e.g.,when
apageisswappedoutby theOSwhile an AMO is in themiddleof an
AMU execution, and a TLB consistency message is broadcast to the
system[34]. The memorycontroller issuesan interrupt that causes
theOSto be invokedto handle the fault andthe terminatedAMO to
restart.

3.3 Har dw are Or gani zation

Figure 2 (a) presentsa block diagram showing themajorcompo-
nents of interestin a single nodewith our AMU-enhancedmemory
controller (MC).A crossbarconnectsprocessorsto thenetwork back-
plane, from which they can access remotememory, local memory,
and IO. Theprocessor(s), crossbar, and memorycontroller areon the
samedie, separatefrom theDRAM chips. AMO functionality is not
on the critical pathof normal memory references. EachMC is ex-
tended to include a modest numberof AMU issueand return value
registers. Most of the microarchitectural designwe discusshereis
transparentto software.

Whenaprocessor initiatesanAMO, thelocalAMU translatesthe
target virtual addressto a global physicaladdressand sendsan AMO
messageto theAMU onthecorresponding homenode.Addresstrans-
lation is performedvia anexternalTLB locatedon thememorycon-
troller. For stream-streamAMOs, the local AMU selectsoneof the
target addressesand forwardstheAMO requestto thecorresponding
AMU. For grouped AMOs, the local AMU selectsonenodefrom any
of thenon-temporarytargetstreamaddressesand forwardstherequest
to this node. In our currentdesign, whenthereis morethanonepos-
sible destinationnode, the source AMU selects the one that results
in the fewest inter-node streamtransfers. When an AMO message
arrivesat its destination,it is placed in anAMU command queueto
await dispatch. If thequeueis full, thetargetAMU sendsa NACK to
therequestingnode,whichmustreissuetherequest.

The scalarunit handlesscalarAMOs. It incorporatesa tiny coa-
lescercacheused exclusively for synchronization variables.Theco-
alescer eliminates DRAM accesses when the sameword of data is
thetarget for frequentAMO operations,whichis commonfor heavily
contestedsynchronizationvariables. In our study, four single-word
entriescancacheall hot scalardata.

Figure 2 (b) is anenlargement of the streamunit in Figure2 (a).
When the control unit (CU) seesthe GROUPEND bit, it allocates
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Figure 2. The Active Memory Unit

streambuffers (SBs) to hold the operand andresult streamsassoci-
atedwith each AMO. The streamaddressesused in the group are
compared to identify producer-consumerrelationshipsand common-
sourcesharing. The CU uses a small reversemapping tablesimilar
to a conventional registermapping tableto storethesestream-to-SB
mappings.

TheSBs are key to streamAMO performance.They hide DRAM
latency andprovideintermediatestoragebetweencomponentsof grouped
AMOs.EachSBisa1-word � 32-entrydual-portedSRAM managed
asacircularqueue. Associatedwith eachSBisasimpleAddressGen-
eration Unit (AGU). AGUs generatea streamof memory requeststo
load streamvalues into the appropriateSB entries. The addresses
generatedcorrespond to theheadof thestreamfollowedby aseriesof
addresses, a strideapart, until eithertheendof thestreamis reached
or the SB is ®lled. In the latter case, the AGU pauses until anentry
is freedand thenissuesa new request. For non-unit stride streams,
we exploit short DRAM burst lengths. Readsfrom a given SB are
consumedin-orderby theALUs, but writes into theSB canoccur in
randomordersincemainmemory andremotecachescanrespond out
of order, which is why we useanSRAM insteadof a FIFO for SBs.

Associatedwith eachSB entry is aF/E bit, which denoteswhether
aparticularoperandhasbeenreturnedfrom mainmemory or aremote
cache. When the F/E bits of the headof each operand SB for an
AMO indicate thatthe®rstoperandsare ready, they arefetchedto the
function unit (FU) that hasbeenallocated to this AMO by the CU.
Results from eachFU aredirected to theproper result SB by theCU.
Readand writepointersassociatedwith eachSB areused to determine
which word to read (write)asdataisconsumed(produced) by AMOs.

To ensureglobal coherence,theAMU issuesDRAM requestsvia
the local directory controller, which checks to seeif the copy of the
datain local memory can beuseddirectly. If not, thedirectorycon-
troller performsthe necessary operations to makethe datacoherent
(e.g.,issuing invalidateor �ushbackrequeststo remotesharers).

Our current AMU design includesa 1024-entry TLB, ®ve inte-
ger ALUs, four single-precisionFPUs, sixteen 32 � 32 bit stream
buffers, sixteen AMO issueand result registers,control logic, and
wires. To determine the amount of silicon requiredto implement the
proposedAMO mechanisms,weuseacommercialmemorygenerator
by ArtisanTM to model theSRAM structuresandimplementtherest in
Verilog, which we synthesizedusingSynopsisTM tools. We conserva-
tively estimatethe areaof an AMU to be no morethan 2.6 mm2 in
a 90nm process,which is lessthan 1.9% of the total die areaof a

Parameter Value
Processor 4-issue,128-entry active list, 2GHz
Node 2 processorsw/ sharedhubandDRAM
L1 I-cache 2-way, 32KB, 64B lines, 1-cycle lat.
L1 D-cache 2-way, 32KB, 32B lines, 2-cycle lat.
L2 cache 4-way, 2MB, 128Blines, 10-cycle lat.
System bus 16B systemto CPU, 8B CPUto system

max 16 outstandingreferences, 1GHz
DRAM 4 16B-dataDDR channels
Hub clock 500 MHz
Memory latency > 120processor cycles
Networklatency 100 processor cyclesperhop

Table 2. System con�gu ration.

high-volumemicroprocessor or 0.8% of a high-performancemicro-
processor[14]. If AMOswereintegratedwith theprocessorcoreso
that AMO addressescould be translatedby the processorTLB, the
chip areawould shrinkto 1.5mm2 . Theseestimatesareconservative,
sincethey arederived usinghigh-level designand synthesistools. A
custom implementation would likely belessthanhalf of theestimated
size.

4. EXPERIMENT AL SETUP

Simulation fr amework
We use execution-driven simulation to evaluateAMOs. Our sim-
ulator [38] accurately simulates large-scale ccNUMA systems, in-
cluding detailedprocessor, cache, bus, interconnect, memory con-
troller, IO, and DRAM models. The systemmodel is a hypotheti-
calnext-generationSGI supercomputerandmodelsthecompleteSGI
directory-basedcoherenceprotocol [30]. Each simulatednodemod-
els two superscalarprocessors connectedto a high bandwidthbus.
Also connectedto the bus is a hub [31] that integratestheprocessor
interface, memorycontroller, directory controller, coherenceengine,
network interface, and IO interface. Eachnode containsa DRAM
backendwith 16GBof physical memory. Wesimulateamicro-kernel
thathas realistic memory managementroutines, supports mostcom-
mon Unix systemcalls and directly execute statically linked 64-bit
MIPS-IV executables. The simulatorsupportsthe OpenMP runtime
environment.

Table 2 lists the major parametersof the simulatedsystem. The
L1 cache is virtually indexedandphysicallytagged. The L2 cacheis
physically indexed andphysicallytagged. The DRAM backendhas



Benchmark Description From
barrier barrier synchronization SGI Irix OpenMPlibrary
spinlock ticket lock andarray-basedqueuelock Mellor-Crummey andScott [22], Anderson [4]
GUPS randomglobalupdates HPCS Program
STREAM memcpy, scale, sum,triad J.McCalpin
SAXPY Y += a* X, singleprecision FP BLAS level 1
Info Retrieval query unindexedrelationaldatabasequery OSDB by Compaq-HP
Total Reportquery unindexedrelationaldatabasequery OSDB by Compaq-HP
Query2A for documentsearch SetQueryBenchmark
Query3A for directmarketinganddecisionsupport SetQueryBenchmark
Query4 for directmarketinganddocumentsearch SetQueryBenchmark

Table 3. Benc hmarks

4 20-byte channelsconnectedto DDR DRAMs, which enablesus to
read an80-byte burstper channel every two cycles. Of each 80-byte
burst,64 bytesaredataand the remaining 16 bytesare a mix of ECC
bits and partial directory state. The simulatedinterconnect subsys-
tem is basedon SGI's NUMALink-4. The interconnectis a fat-tree,
whereeachnon-leafrouter haseightchildren. Theminimum network
packetis 32 bytes. We do not model contentionwithin routers, but
do model port contentionon the hub interfaces. We have validated
thecoreof thesimulatorby con®guring itsparametersto matchthose
of anSGI Origin 3000, runninga largemix of benchmarkprograms
on botharealOrigin 3000 andthesimulator. All simulator-generated
statistics (e.g.,run time, cachehit rates, etc.) arewithin 15% of the
corresponding numbersgeneratedby the real machine, mostwithin
5%.

Weextendedthesimulator to support activemessagesandprocessor-
side atomicinstructions like thosein the Itanium2 [13]. Most over-
headsof active messagesareaccuratelymodeled,e.g.,interrupthan-
dling, instructionpipeline� ush,and cachepollution effects,but some
arenot, e.g.,OSoverheadon theissuing processor, soour results for
activemessagesare somewhat optimistic.
Benchmarks
Table 3 lists the tenbenchmarkswe useto evaluateAMOs. The®rst
three only usescalar AMOswhile therestof the benchmarks mainly
use stream AMOs. All are compiled using the MIPSpro Compiler
7.3 with anoptimization level of “ -O3”. Native compiler support for
AMOsis not currently available,sowe manually insertedAMOs us-
ing simplemacros.All resultspresentedin thenext sectionrepresent
completesimulations of the benchmark programs, including kernel
and application time, andthedirectand indirect overheads resulting
from the useof AMOs and active messages. Throughout the paper,
we de®ne thespeedup of codeA over codeB asE xecution time B /
E xecut i on time A .

Thebarrier benchmarkusesthebarrier synchronization function
of the Irix OpenMP library. To evaluatespinlock algorithms,we con-
sider two representative implementations, ticket locks [22] andAn-
derson's array-based queuelocks[4]. For both barrier and spinlock,
we insertsmall,randomdelayssimilar to whatRajwaret al. [27] did.
TheGUPSbenchmark[17] performsrandomupdatesto a largearray
to determine the numberof global updatesper second (GUPS) that
a system cansustain.It represents the key accesspatternin molecu-
lar dynamics,combustion, andcrashsimulation codes.TheSTREAM
benchmarks[21] areoftenusedto measuretheeffectivebandwidthof
parallel computers.SAXPYis from theBasic LinearAlgebra Subpro-
grams(BLAS) suite. It is representative of the manyBLAS library
functionsthatmapeffectively to AMOs.

Historically, databaseapplicationsweredisk I/O bound. However,
memory densityhasincreasedand disk optimizations have reduced
the impactof I/O on databaseperformance,somemory performance
hasemerged as the new bottleneck for many large databases[3, 5,
6]. We investigatethepotential of AMOs to acceleratequeriesfrom
Set Query Benchmark [10] and the OpenSourceDatabaseBench-
mark (OSDB) [12] suites. DB benchmarks like TPC-H are more
complete,but arehard to install andevaluatein realistic simulation

Nodes Speedupover baseline
Atomic ActMsg MAO AMO

2 1.03 0.73 1.29 1.93
4 1.13 1.57 4.55 8.68
8 1.17 1.40 5.53 12.06
16 1.06 1.28 4.50 14.16
32 1.19 1.62 5.46 27.34
64 1.21 1.74 7.51 37.43
128 1.18 1.83 11.70 54.82

Table 4. Bar rier performance (2 cpu s per node)

time [1, 15]. While thedatabasebenchmarkswe usearesimpler than
benchmarkssuchasTPC-H, researchers from both thedatabaseand
computerarchitecturecommunitieshavefoundthatgreatlysimpli®ed
microbenchmarkscapturetheprocessorandmemorysystembehavior
of TPCworkloadsquite well [15, 32]. Thedatabasebenchmarksthat
we consideraremorecomplex thanthequeriesusedin thosestudies.

5. SIMULATION RESULTS

For eachof our ten benchmarks, we compare their performance
when implementedusing conventional shared memory instructions
(e.g.,loads,stores,andLL/SCs),activemessages(ActMsg),processor-
sideatomicinstructionslikethosein Intel Itanium(Atomic),memory-
sideatomic operationslikethosein theSGIOrigin 2000(MAOs), and
AMOs, whereapplicable. All resultsarescaled with theconventional
shared memory versionserving asthe baseline.

5.1 Barri er
TheSGIOpenMPbarrierimplementationusesLL/SCinstructions.

We createdAtomic, ActMsg, MAO, and AMO-basedvariants. Ta-
ble 4 shows the results of running these various barrier implemen-
tations on 4 to 256 processors (2 to 128 nodes). Active messages,
MAOs,andAMOsall achievenoticeableperformancegains,butAMO-
basedbarriers achieve by far the bestperformancefor all processor
counts,ranging from a 1.9X speedup on two nodes to 54.8X on 128
nodes.Thereason for theseresultsfollows.

In thebaselineLL/SC-based barrier implementation,eachproces-
sor loads a barriercount into its local cacheusing anLL instruction
before incrementing it usinganSCinstruction. If morethan one pro-
cessor attempts to updatethe count concurrently, only one will suc-
ceed, while the otherswill needto retry. As the system grows, the
averagelatency to movethebarriervariablefrom oneprocessorto an-
other increases,asdoestheamountof contention. As a result,barrier
synchronizationtime increases superlinearly as the numberof nodes
increasesfor theLL/SC-basedimplementation.

Using atomic instructions eliminatesthe failed LL/SC attempts,
but eachincrement causesa �urry of invalidationmessagesand data
reloads,sothebene®tof using Atomic is marginal.

TheActMsgbarrier implementationsendsanactivemessageto the
homenode for every incrementoperation. Theoverheadof invoking
themessagehandler dwarfsthetimerequiredto run thehandler itself,
but the bene®t of eliminating remotememory accessesoutweighsthe
high invocationoverhead.



MAO-basedbarrierssenda commandto the homememory con-
troller for every increment operation. Insteadof naively using un-
cachedloadstospin onthebarrier variable,wespinonalocalcacheable
variable,an optimization similar to Nikolopoulos at al. [23]. How-
ever, asin theAtomic implementation, eachincrement causesa � urry
of invalidationmessagesanddatareloads.

The AMO versionachieves muchhigher performanceby elimi-
nating the large numbersof serialized coherence operations present
in theotherbarrierimplementations.Wheneachprocessorarrivesat
thebarrier, it performsanAMO in c operationand then spins on the
correspondingAMO result register. To optimizebarrierperformance,
we canspecify that no result should be returned until barrier count
matchessometrigger value,e.g.,the number of threadsexpectedto
arrive at the barrier. Whenthebarrier count reaches thetriggervalue,
theAMU sendsanupdateto everysharerof thiscachelineasindicated
by thesharingvector. 1 Upon seeingtheAMO completion, eachspin-
ning threadwill proceedbeyond the barrier. For the con®gurations
that wetest,AMO-basedbarriersoutperformeventheexpensivepure
hardwarebarrierspresentin severalof currenthigh-endinterconnects
(e.g.,theQuadricsQsNetTMusedby theASCI Q supercomputer [25]).

Barriers take great advantageof the smallcoalescercachepresent
in each AMU. All subsequentAMOsafterthe®rst i nc operation will
®nd thedatain thecoalescer andthusrequire only two cyclesto pro-
cess. Thus, for reasonablesystemcon®gurations, the per-processor
latency of AMO-basedbarriersis almost constant, sincethe typical
roundtrip messagelatency dwarfs the time to processN increment
operationsat thehomeAMU. Wedonot assumethat thenetwork can
physicallymulticastupdates;performancewouldbeevenhigherif the
network supportedphysicalmulticast.

5.2 Spin lo cks
Ticket locks [22] employ a simplealgorithm that grants locks in

FIFO order. Anderson's array-basedqueue locks [4] usean array
of spinlocks to alleviate the interference betweenreadersandwrit-
ers,which is severeundercontention. We padthe array to eliminate
falsesharing. Both algorithmsstill suffer from serializedinvalidate-
permission-writedelayswhenimplementedusingconventional shared
memory.

Table5 presents the speedups of different ticket and array-based
queuing locks comparedto LL/SC-basedticket locks. For traditional
mechanisms, ticket locks outperform array locks on fewer than 32
processors (on 16 nodes),while arraylocks outperformticket locks
for larger systems. This result con®rms the effectivenessof array
locksatalleviating hotspots in large systems.

Our results show thatusingAMOs dramaticallyimprovestheper-
formanceof both typesof locks andnegatesthe differencebetween
ticket and array locks. In contrast, the otheroptimized lock imple-
mentationsdonot haveclearadvantageovertheirLL/SC-based coun-
terparts on large systems.For moredetaileddiscussions on applying
AMOsto synchronizationoperations, pleasereferto Zhangetal. [39].

5.3 GUPS
Figure3(a) contains the core loop of theGUPSmicrobenchmark,

which atomically increments random ®eldsof a large histogram ar-
ray. We usea 256-megabytehistogramarray, which is tiny compared
to therealworkloadsthatGUPSmodels[17], soour results arecon-
servative for AMOs, whoseperformanceis independentof arraysize.
GUPSexposesthe memory systembottlenecks of current computer
architectures.Speci®cally, TLB andcachehit ratesareextremely low.
In real-world applications,mosthistogramaccessesmissin the TLB.
As thenumberof active processorsincreasesand the histogramarray
is spreadacrossmoreprocessors, thenumber of remotecachemisses
1AMOs keepsequential consistency exceptfor the barrier, which is
release consistent becauseof the delayedupdate mechanism. Since
this operationis usedexclusively for barriers,this semantic is com-
pletely acceptable.

increases. With four processors,remote memory stalls account for
66% of execution time, which increasesto 88% for 128 processors,
even when we employaggressive superpaging to eliminateall TLB
misses.

Note that using the incoherent scatter-gather memory operations
that areavailableon many vectormachinescan lead to racecondi-
tionsandprogramerrors,becausemultiple threadsmayattempt to in-
crement the samehistogram®eld at thesametime. Evenwith coher-
ent memory, either atomic addsor complex softwaretechniqueslike
segmentedscanarerequired to ensure correctness.Our baseline im-
plementation employsnon-atomicadds,without locking, so thebase-
line performanceresults areoptimistic. In contrast,our ActMsg and
AMO implementationsuseatomicadds. To ®lter out theinterference
effect of active messages,we reserveone processorper nodeto han-
dleactive messages,soActMsgresultsareoptimistic. In thebaseline
and AMO-basedimplementations,thesecondprocessoroneachnode
sitsidle. MAOsarenot consideredbecausethey work in uncacheable
memory space,andsimply disabling caching for GUPs wil l hurt per-
formance.

In Figure 3(b), we report speedups of ActMsg and AMOs over
baseline on different systemcon®gurations.ActMsg is very effective
for GUPs.Theperformanceof theAMO versionis about twiceof the
ActMsg version with and without superpages.Themain reasonthat
both mechanismsaresoeffectiveis thatthey eliminatesubstantial net-
work traf®c inducedby remotemisses.Figure3(c)shows thenumber
of network packets(in thousands)sentfor some testcaseswith su-
perpaging. On average, active messagesreducenetwork traf®c by a
factor of 4.3, while AMOs reducenetwork traf®c by 5.5X.

5.4 STR EA M and SAXPY
The performanceof streamoperations is dependent on how data

is distributedacrossnodes.Sincethereis no accepted“typical” data
distribution, we distributedatasuchthat 50% of the operand data in
multi-streamoperations must beloaded from a remotenode. For ex-
ample, half of the datatraf®c for memcopy is within the local node
and half is copied betweendifferent nodes.For scale, half of thepro-
cesses uselocal memory andtheotherhalf fetch datafrom a remote
node.

Table 6 showstheperformanceof AMOsonthesebenchmarksfor
different system sizes using the default setupof Table2. h100 and
h200denotesystemswith anetwork hop delayof 100and 200proce-
sorcycles, respectively. In all cases,AMOsperformvery well, with
performanceasmuchas38X fasterthanthebaselineimplementation.
In addition, we cansee that asremotememory latencies increase,the
bene®ts of AMOs increase.

Exceptfor triad, theMIPSprocompiler is ableto perform aggres-
sive loop unrolling and insertsnear-optimal prefetchinstructions. As
a result, the baseline versions of thesebenchmarkssuffer very few
cache misses. However, since the processorcan processdatafaster
thanthesystembus cantransferit, thesystembus becomes a perfor-
mancebottleneck. In contrast,AMOs executebelow thesystembus,
so busbandwidth is not a bottleneck. AMOs exploit the high band-
width within thememorycontrollerandsaturatetheDRAM backend.
5.5 Databas e Querie s

In this sectionwe present the performance derived by applying
AMOs to databasequeriesfrom theOSDB andSetQuery benchmark
suites.Info Retrieval andTotal Report arerepresentativequeriesfrom
theOSDBbenchmarkssuite. Info Retrieval usessix ®eldsfrom each
databaserecord, while Total Report usesthree. Info Retrieval per-
formsoneaggregateoperation (count ) while Total Report performs
seven(min , max, andcount on different attributes). TheSet Query
benchmarksperform anumber of condition testson eachdata record.
They arerepresentative of a variety of documentsearch, marketing,
and decisionsupport workloads.

Figures4 and 5 present the speedups of theActMsg-and AMO-
optimized databaseenginescomparedto conventional implementa-



Nodes, CPUs LL/SC Atomic ActMsg MAO AMO
ticket array ticket array ticket array ticket array ticket array

2, 4 1.00 0.41 0.91 0.52 1.12 0.50 1.01 0.41 2.09 1.24
4, 8 1.00 0.46 0.86 0.54 1.70 0.46 1.05 0.50 2.35 1.74
8, 16 1.00 0.50 0.97 0.56 2.27 0.53 1.10 0.50 2.32 2.27
16,32 1.00 0.55 0.99 0.63 2.37 0.53 1.07 0.51 2.38 1.95
32,64 1.00 1.66 0.87 1.69 0.67 1.47 0.67 1.51 6.39 5.01
64,128 1.00 2.80 1.14 2.68 0.89 2.44 0.79 2.52 11.00 10.99
128,256 1.00 3.55 1.24 3.44 1.00 3.01 0.85 2.99 13.58 11.35

Table 5. Speedu p of various spinloc ks com pared to LL/SC-based spinloc ks.

for (i = 0; i < accesses; i++)

        A[ idx[i] ] += v;

Array idx

idx[1]E.g., and idx[3] may

both give the same index intoA.

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

tions. The baselinequeries have beenhighly optimized, including
evaluating high-selectivity and low-costpredicates®rst,and manually
inserting aggressivedataprefetches.For example, in bothsingle-node
and multi-node settings,theL1 cachehit ratio for Info Retrievaland
Total Report are99.5%and 98.3%, respectively. For multi-nodeex-
periments,weemploy the“50%remote”distributionandhoplatency
variationsdescribedin Section 5.4.

As canbeseenin the®gures,AMOsspeedupthevariousdatabase
queriesby factorsranging from 2.1X to 4.4X comparedto their re-
spectivebaselines.TheActMsgvariantsperformpoorly atsmallnode
counts, but achieve 50-75%of thebene®ts of AMOs for larger con-
®gurations.

5.6 Sources of AMO Perform ance Gain
Thebenchmarksdescribed in Sections5.1through5.5bene®t from

different aspects of our AMO design. Since space is limited and the
databasequeries aremuchmorecomplex than theother benchmarks,
our sensitivity analysis is limited to thedatabasequery benchmarks.

In thissubsection, we quantify the extentto which eachof thepo-
tential sourcesof AMO performanceimprovement affect thedatabase
queryresults. The four potential bene®tsof AMOs that we consider
and isolateare:

� localizing computation by performing the work at the data's
homenode

� utilizing specializedhardware for speci®coperations such as
max or min

� accessingsparsedatausingshort DRAM burstsas opposedto
full cacheline bursts

� exploiting stream-level parallelismin groupedAMOs

To better understand how AMOsareableto improvedatabaseen-
gine ef®ciency, we performa number of experiments that isolatethe
impact of the various featuresof AMOs. The ®rst factor, localizing
computation to avoid remotememory accesses,bene®tsboth AMOs
and ActMsgs;the other threeareunique to AMOs, and explain the
performancedifferencebetweenActMsgs and AMOs. Thefour fac-
tors arenot orthogonal; each one is only pro®table if it alleviatesa
systembottleneck for a particular application. Al leviate a bottleneck
beyond the point whereothersystemcomponents have become the
primary performancebottleneckandwe will seediminishing returns.
For spacelimitations,weonly includedexperimentsthathighlight the
in�ue nceof thevariable that is under investigation. Figure6 presents

the results of our sensitivity analysis. The metric is AMO speedup
over baseline.Theblackbarsaretheonesalready shown in Figures4
and 5 using thedefaultcon®guration.
Computation Localization
By shipping the computation to data's homenode, remote loadsare
convertedto local loads. Thus,network bandwidth and latency lim-
itations areavoidedfor both active messages(ActMsg) and AMOs,
while half of the data in the baseline version is fetchedfrom across
the network. Since only a single active messageis sent per page in
the ActMsg variantof each benchmark, messagehandler invocation
overheadis negligible. Thus, the speedup achieved by using active
messagesshown in Figures4 and5 representsthebene®t of compu-
tation localization. As canbeseen in the ®gures,the contribution of
computationlocalization to AMO performance is modestfor small
con®gurations, but substantial for largerones.
Specialized Hardware
AMUs have specialized hardwaredesigned for ef®cient streampro-
cessing,e.g., anAMU cancomputethemax of two integersin asingle
cycle afterthe operands areavailable, whereasdoingsoona conven-
tional CPU requiresseveral load, store,comparison, and branch in-
structions. Of thedatabasequeriesdiscussedhere,Total Report ben-
e®ts themost from specializedfunction units.

Figure 6(a) shows how Total Report performance changes with
varying latenciesfor max , min , and cou nt . For example, if it takes
the AMU 4 memory controller cycles(20 processorcorecycles) to
perform a max/min/cou nt operation, theAMO code canachieve
a speedupof 2.9 on single node, down from 3.7X with faster ALUs.
This resultmotivatesthe addition of commonsimple streamopera-
tions (e.g.,min , max, and popcount ) when the areaoverheadis
smallandtheperformance impactis signi®cant.
Fine-grained DRAM Accesses
Ratherthanloading entirecache lines(e.g.,128bytes)from DRAM,
the AMU loads as few bytes as the DRAM backendallows. For
streamoperations,the AMU only loads the referenced®eldsandnot
the entirecache line. For maskedstream operations, the AMU only
loadsstreamelementsthatcorrespond to a`1' bit in themaskstream.
In the Info Retrieval query, the ®rst predicateevaluation results in
a bit mask that eliminates90% of the tuples, so subsequent 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 ample opportunity to exploit short DRAM bursts
for streamoperations.

In our design,AMUs loaddatafromDRAM in 32B bursts,whereas



memcopy scale 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 1.17 1.17 1.12 1.12 2.05 2.05 4.54 4.54 1.09 1.09
4,8 1.19 1.22 1.29 1.73 4.17 4.44 7.97 12.09 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. Speedu p of AMOs on STREAM and SAXPY
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Figure 4. Optimiz ing the OSDB Benchmark

the baselinesystemloads128B cache lines. DRAM vendors (e.g.,
Rambus) have startedto enable even shorter DRAM burst lengths.
Figure6(b) showstheperformanceof four queriesaswevaryDRAM
burst lengths.Theseexperimentscon®rm that loadingdataat smaller
granularity(32B) for strided accessesgreatlyimprovesmemoryper-
formance. In particular, using AMOs for the two SetQuery bench-
marks on single node systemshurts performance (speedup < 1) if
load elementsvia 128-byte DRAM bursts.Decreasingthe minimum
DRAM burst lengthfrom 32bytesto 4 bytesprovidesamarginal ben-
e®t for our experiments,becausewith 32-byteburstsmemory band-
width is not a bottleneck when there are two processorsand four
DRAM channelspernode.
Greater Parallelism
In the baseline implementations,stream operationsareperformedse-
rially. Each querypredicateis evaluatedon the entire databaseta-
ble in its entirety before the next predicate is evaluated. Although
there is substantial instruction-level parallelism, performance is lim-
itedby processorreorderbuffer size,thenumberof physical registers,
thenumber of MSHRs,andother factors.In contrast,AMOs exploit
stream-levelparallelism. EachAMOin agroupof AMOscanproceed
in parallelusing different streambuffers,thereby fully exploiting the
available DRAM bandwidth. Further, the useof temporary streams
allows results from onestreamoperation to be bypassed directly to
the the FU where they will be consumed, which minimizesSB ac-
cesses.OSDB Total Report and Set QueryQ4 both exploit this
form of stream parallelism. The gray bars in Figure 6(c) show the
performance of thesequerieswhen we ran them using serial (non-
grouped)AMOs. Doingso reduced performanceby 10-20%.

6. CONCLUSIONS AND FUTURE WORK

In thispaper, weproposeamechanism ActiveMemory Operations
(AMOs), which allow programmers to ship select computationto the
homememorycontroller of data.Doing socaneliminateasigni®cant
number of remote memory accesses,reducenetwork traf®c, andhide
the access latency for datawith insuf®cient reuse to warrant mov-
ing it acrossthe network and/or systembus. AMOs offer anef®cient
solution for an important setof computation patterns. Through sim-
ulation, we show that AMOs canlead to dramaticperformanceim-
provementsfor data-intensive operations,e.g.,up to 50X fasterbarri-
ers,12X fasterspinlocks,8.5X-15Xfasterstreamoperations,and 3X
faster databasequeries.

Theseresults motivateus to continue this line of research. One
limi tationof thecurrentAMO designis that it supportsonly a small
setof operations. Another directionof future work is using one or
moreimple in-orderprocessorcoresto implement theAMU. Sucha
design would signi®cantly complicate the programmingmodel, but
provide richeropportunitiesfor avarietyof applications.
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