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Abstract

As VLSI chip sizesanddensitiesncreasejt becomegossibleto
putmary processing@lement®onasinglechipandconnecthemto-
gethemwith alow lateny communicatiometwork. In this papemwe
proposea software system,SUDS (Software Un-Do System) that
leveragegheseresourcesising speculatiorto exploit parallelism
in integerprogramswith mary datadependenced/Ve demonstrate
thatin orderto achieve parallelspeedupa speculatiorsystemmust
deliver memoryrequestatenciedower thanabout30 cycles. We
give a costbreakdavn for our currentworking implementatiorof
SUDSthathasamemoryrequestateng thatis nearlyableto meet
this goal.

In addition,we identify the threeprimitive runtimeoperations
that are necessaryo efficiently parallelizetheseprograms. The
subsysteminclude (1) a fastcommunicatiorpathfor true depen-
denceswithin the program,(2) a methodfor renamingvariables
that have anti and output dependenceand (3) a memorydepen-
dencespeculatiormechanisnio guarante¢hatparallelaccesses
global datastructureddon' violate sequentiaprogramsemantics.
Wefind thatthesethreesubsystemdo notinteract,sothatthey can
beimplementedseparatelyEachsubsystenis thensimpleenough
thatit canbe built in software usingonly minimal hardware sup-
port. In this papemwe focuson the memorydependenceubsystem
anddemonstrate¢hatit canbeimplementedusinga simplebut ef-
fective low-costprotocol.

1 Introduction

As we move towardsthetechnologythatwill permitabillion tran-
sistorson a chip, computerarchitectseedto facethreecorverging
forces. Theseinclude the needto keepinternal chip wires short
sothatclock speedwill scalewith featuresize,the economiccon-
straintsof quickly verifying new desighsandchangingapplication
workloadsthatemphasizestream-basethultimediacomputations.
A Rav maching[22, 37] is a software-eposedVLSI architecture
comprisinga mesh-connectedet of tiles eachwith a processing
elementanda portion of the on-chipmemory Thesearchitectures
requireonly shortwires, are muchsimplerto designthantodays
superscalarsand provide efficient parallelismfor multimediaand
signalprocessingpplications.

In this paperwe proposeSUDS (Software Un-Do System),a
software systemthat providesruntimesupportfor parallelizingin-
teger programson Raw processors.Unlike multimediaand DSP
applicationswhich canbe easilyparallelizedbecauséhey tendto
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containfew dependencesdnteger programsare characterizedy
having alargenumberof dependenceatall levels. In orderto par
allelizeanintegerprogramthe systemmustprovide runtimemech-
anismsfor dealingwith thesedependencedn this paperwe char
acterizethe problemswith dependenceandexaminemechanisms
for handlingthem. We proposedividing the runtimedependence-
handlingsysteminto threesubsystemsgachof which canthenbe
addressedising simple software mechanism®n a Raw architec-
ture.

Threesubsystemsarerequiredbecausalependencesonstrain
parallelismin threedifferentways. Most importantly the true de-
pendencesn the programform a critical path that mustbe pro-
cessedsequentially In addition, reuseof static variablenamesin
the programcauseswrite-afterread and write-afterwrite depen-
dencesat runtime. Finally, there are potential dependencearcs
in the programthat are causedby randomaccesseto global data
structures. Thesedependencemay or may not exist at runtime
giventhe input datato the program,andthe existenceof a depen-
dencearccanonly bedeterminecat runtime.

SUDS parallelizescodeusinga techniquesimilar to the Mul-
tiscalararchitecturg9, 31]. In SUDSeachloop is parallelizedby
cyclically distributing loop iterationsacrossthe systems process-
ing elements. In orderto simplify the runtime protocolsSUDS
breaksthe executionof the programinto chunks. The processing
elementseachrun a single iteration of the chunkin paralleland
thenall the nodessynchronize. True dependencebetweenloop
iterationsareforwardedin just a few cyclesusingthe meshinter-
connectetweemeighboringorocessinglements.

SUDStakesa softwareintensive approacho renamingantiand
outputdependencesA compileris usedto perform privatization
analysison all loop variables.Thosethat arefoundto be privatiz-
ableareplacedonaspeciallocal stack.Theruntimesystencreates
alow-costcactusstackby simply allowing eachprocessinglement
to build a privatecopy of thelocal stackin its own local memory

Finally, SUDS canspeculateacrossnemorydependencethat
cannot be analyzedat compiletime. SUDSdedicatesa subsetf
thesystemelementgo actas“speculatve memories”.All memory
requestsare sentthroughthesenodes. The speculatie memories
validatethe dependenceapeculationsand hold a log of write re-
questswhich canberolled backin the caseof a mis-speculation.
In orderto simplify thevalidationandspeculatiorprotocolsSUDS
occasionallysynchronizesll the nodes.In the resultssectionwe
shaw thatthis additionalsynchronizatiorresultsin only minimal
load-imbalanceverheads.

This papermakestwo contritutions. First, we shav encourag-
ing empiricalresultsthatindicatethatwith a reasonablengineer
ing effort softwarebasedspeculatiorsystemanight achieve paral-
lel speedupsin additionwe demonstratéow to build asimple,yet
effective, low-costmemorydependencepeculatiorprotocol. This
simple protocolis madepossiblebecauseve separatghe depen-
dencehandlingprobleminto threeprimitive subproblemseachof
which canbeimplementedndependentlyf the others.



The restof this paperis organizedasfollows. The next sec-
tion describeshe programmingmodelthat SUDSsupportsaandthe
basichardwareandcompilersupportrequiredby SUDS.Section3
describeghe techniquesSUDS usesto forward true dependences,
renamefalse dependenceand speculateacrosspotential depen-
dences.Section4 containsboth a detailedcostbreakdevn of the
basicmechanismsand an empirical study of how memorylaten-
ciesaffect the available parallelism.Section5 comparesSUDSto
previous memorydependencepeculatiorsystems Section6 con-
cludes.

2 Support for SUDS

SUDS parallelizesloops by cyclically distributing the loop itera-
tions acrossthe systems processingelements.The main focusof
this paperis the runtimesupportthat SUDSprovidesfor handling
datadependencesiescribedn Section3. In this sectionwe de-
scribethe ervironmentin which SUDSruns. The parallelization
systemis basedntheassumptiorthatthe underlyinghardwarein-
cludescertainmechanismsPrimarily theseincludetheassumption
thatit providesa MIMD like parallelprogrammingmodel,where
thereare multiple threadsrunningin paralleland communicating
usingmessageassing.The particularhardware for which SUDS
is targetedis discussedh Section2.1.

The parallelizationmodelthat our systemsupportds basecon
loops. In the currentversionof our systemthe programmeis re-
sponsiblefor identifying which loopsthe systemshouldattemptto
parallelize. This is doneby markingthe loopsin the sourcecode.
The parallelizationtechniqueswve usework with any loop, even
“do-across’'loops,loopswith loop carrieddependencefyopswith
non-trivial exit conditionsandloopswith internalcontrolflow. The
systenmwill attempto parallelizeary loop evenif theloop contains
no available parallelismdueto dataor control dependencesOur
future plansinclude a systemto automaticallyidentify loopsthat
arelikely to containsignificantamountsof parallelism.

A potential performanceimitation of our systemis that the
compilerdoesnot currently do renamingon global scalars. This
canseverelylimit theavailableparallelismin programswritten us-
ing programmingstylesthatcommunicatextensiely usingglobal
variables.We discusghis limitation in moredetailin Section3.4.
For the programswe investigatein this paper which arewrittenin
an “object-oriented”programmingstyle, we have not hada prob-
lem with this limitation. We are currentlyworking on a compiler
algorithmthat usesthe resultsof an existing pointeranalysissys-
temto performcompilerrenamingevenfor programshatrely ex-
clusively on globalvariables.

2.1 Raw machines

Thehardwarewe aretargetingis a highly parallelsinglechip VLSI
architecture.The processoasa wholeis madeup of anintercon-
nectedsetof tiles (Figure 1). Eachtile containsa simple RISC-
like pipeline,instructionanddatamemoriesandis interconnected
with othertiles over a pipelined,point-to-pointmeshnetwork. The
network interfaceis integrateddirectly into the processopipeline,
sothatthe compilercanplacecommunicatiorinstructionsdirectly
into the code. The software can then transferdatabetweenthe
register files on two neighboringtiles in just 4 cycles. Designs
of this type have beencalled Raw architectures becausehey ex-
posecontrol of all of the communicatiorresourcedlirectly to the
compiler[22, 37].

This architecturas excellentfor signalprocessin@gpplications
becausét providesenormousamountsf computebandwidth,and
mary independentmemoryports. A Rav machinealso provides
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Figurel: RavuP composition.The systemis madeup of multiple
tiles. Eachtile containsa processoipipeline with an integrated
network interfaceandinstructionanddatamemories.

threefeaturesthat are invaluablefor building a dependencéan-
dling system.First, the low latengy communicatiorpathbetween
tiles is importantfor transferringtrue-dependences$at lie along
the critical path. Second the independentontrol on eachtile al-

lows eachprocessingelementto be involved in a differentpart of

the computation.In particular sometiles canbe dedicatedo per

forming memorydependencespeculatiorwhile othertiles actually
performcomputationfor the application. Finally, the mary inde-

pendenmemoryportsavailableon a Rav machineallow the high

bandwidthrequiredfor supportingboth a cactusstackandparallel
accesgo globaldatastructures.

3 Design

This sectiondescribeghe designof the SUDS system.Achieving
the besttotal systemperformanceequiresexposingenoughappli-
cation parallelismto useall of the systemresourcesvhile mini-
mizing overheadsn the runtime system. We have achieved this
goal usinga numberof techniques.First, we have tried to do as
muchwork in the compileraspossibleto relieve unnecessaryun-
time costs. For example,mostof the work of memoryrenaming
in our systemis donein the compiler In addition, when choos-
ing protocolswe have leanedowardsthosethathave low overhead
per invocation,ratherthanthosethat exposethe mostapplication
parallelism.Finally, we have foundthatthehandlingof datadepen-
dencesanbedividedinto threeprimitive runtimeoperationsfast-
forwarding of true dependenceggenamingof falsedependences,
and memory dependencepeculationfor potential dependences.
The separatiorof renamingfrom memorydependencepeculation
hasexposedmary simplificationsin theunderlyingsystem.

3.1 Chunk based work distribution

The SUDS systempartitions the processingelementsof the un-
derlying hardware systeminto two groups. Someportion of the
elementsare dedicatedas compute nodes. The restare dedicated
asmemory nodes.One of the computenodesis designatedsthe
master node therestaredesignateésworkers andsitin adispatch
loopwaitingfor commandd$rom themaster Themastemodeis re-
sponsiblgfor runningall the sequentiatode.

Whena parallelloop is encounteredhe masteris responsible
for telling all the workers which loop to run. Eachof the com-
putenodesis responsibldor runninga singleiterationof theloop.
We call the setof iterationsrunningin parallela chunk. The com-
putenodeseachrun a singleloop iteration,andthenall the nodes
synchronizethroughthe mastemode. While this synchronization



for(i=0; i<N;, i++) {

u = A[X]
Alb[x]] =u
x = g(x)

(a) Example loop nest

may true-
u = Al x]
ALb[x]] = u
X = 9(x)

(b) Dependences in twadjacent iterations

int u int v

x = recv(left) rx = recv(left)
u = Ax] /'/‘VA[X]
ALb[x]] =u Alb[x]] =V

X = g(x) X = g(x)
send(right, X send(right, x)

(d) After forwarding the true-dependence

int u , int v

u = Ax] /v =t

Alb[x]] =u &/ Ablx]] =

x =g S x = g(x)
true-

(c) After renaming to eliminate the anti-dependence

int u s int v, t

s = recv(left) Lt =recv(left)
X = g(s) x = g(t)
send(right, send(right, x)
u = As] |V 5At]

[ Alb[s]] =u Alb[t]] =v

(e) After optimizing to reduce critical path length

int u s
s = recv(left)
X = g(s)

send(right, x)

send( &A[ s] &ask, {1 d, &A[s]})

u=r ecv( &A[ s] &mask)

send( &A[ b[ s]] &rask, {st, &A[ b[s] ], u})

int v, t
t = recv(left)
x = g(t)

send(right, x)
send(&A[t] &mask, {Id, &A[t]})
v=recv(&A[t] &mask)

send(&A[ b[t]] &mask, {st, &A[b[t]], v})

while (true) {
{type, pid, address, st_data} = recv()
if (type == LD) {

if (pid>=last_witer[address]) {

| ast _reader[address] = pid
send(pid, data[address])
} else {

M S- SPECULATI ON DETECTED!
} elseif (type == ST) {
if (pid >= last_reader[address]) {
if (pid>=last_witer[address]) {
last_witer[address] = pid
data[ address] = st_data

I* (pid < last_writer)
=> | GNORE BY THOMAS WRI TE RULE */
} else {
M S- SPECULATI ON DETECTED!

while (true) {
{type, pid, address, st_data} = recv()
if (type == LD) {
if (pid>=last_witer[address]) {
| ast _reader[address] = pid
send(pid, data[address])
} else {
M S- SPECULATI ON DETECTED!
} elseif (type == ST) {
if (pid >= last_reader[address]) {
if (pid>=last_witer[address]) {
last_witer[address] = pid
data[ address] = st_data

I* (pid < last_writer)
=> | GNORE BY THOVAS WRI TE RULE */
} else {
M S- SPECULATI ON DETECTED!

(f) After using SUDS to eliminate the may true dependence.
The psudo-code for twSUDS memory nodes are alsuegi.

Figure2: An exampleof how SUDSparallelizesa simpleloop.



producessomeload imbalanceit alsodramaticallysimplifiesthe
protoecolsfor checkpointingof true dependenceandthe validation
of memorydependencspeculationsas describedn Sections3.3
and3.5.

The applicationaddressspaceis cyclically distributed across
the memory nodesat the word (32 bit) granularity During se-
quential sectionsof the programthe memory nodessimply pro-
cesseachmemoryrequestindreply with eitherloaddataor a store
acknavledgementDuring parallelloopsmemoryrequestsnayar
rive out of order andthe memorynodesmust both validate that
theserequestglon't violate sequentiabrderandprovide facilities
for rolling backto a consistenstatein the casethata dependence
violationis detected.

3.2 Example

Figure 2 givesa stepby stepdemonstratiorof how our compiler
transformsa loop sothatthe runtimesystemcanexploit the avail-
ableparallelism.Theloop containsa true dependencen the vari-
ablex, ananti-dependencen thevariableu andapotentialdepen-
denceontheaccessew theglobalarrayA. Thesystemis basedn
theideathattheloopiterationswill bedistributedcyclically along
thecomputenodes.

Firstthecompilerpeformsrenamingontheprivatevariableu to
eliminatethe anti-dependencéFigure 2(c)). Secondthe compiler
insertscommunicationinstructionsso that computenode on the
left canforwardthevalueof variablex to thecomputenodeonthe
right (Figure2(d)). Finally we performan optimization,described
in Section3.3to reducethecritical pathlengthbetweerthereceve
of variablex and the correspondingsendoperationin the same
iteration(Figure2(e)).

Figure 2(f) shavs haw the code might be mappedonto four
processingelements. The two elementson the top act as com-
pute nodes,while the two processingelementson the bottom act
asmemorynodesandrunthe memorydependencealidationpro-
tocol describedn Section3.5.

3.3 Forwarding true dependences

Thetaskof identifyingloop carriedtruedependences carriedout
by the compilerin our system.Currently our compilerusesstan-
dard dataflow analysistechniquego identify scalarloop carried
dependenceR6]. Any scalarvariablesmodified within the loop
nest,needto be eitherprivatizedby renaming(seeSection3.4) or
forwardedto the next iteration. If the compilerfinds thatthereis
aninter-iterationdependencen a particularvariableit insertsex-
plicit communicatiorinstructionsinto thecode.Thecompileruses
an analysissimilar to that usedby T.N. Vijaykumarfor the Mul-
tiscalar[36] to identify the optimal placementf communication
instructions.

At runtimethe mastemodecheckpointsll theloop carriedde-
pendencesothatif a mis-speculatioroccursthe computationrcan
be rolled backto a consistenstate. Sinceonly the mastercheck-
pointsthis costcanbe amortizedover a numberof loop iterations.
Thedravbackof this approachs thatwhenamis-speculatiomoes
occur we may needto rollback slightly further than necessary
So far we have not found this to be a problem. As discussedn
Section4, in the programswe have examined,the ratio of mis-
speculationperchunkis low enoughthatit doesnotconstrairpar
allelism.

Currently our compileronly performsdependencanalysisfor
scalars.For affine arrayaccessea compiler could performarray
dependenceanalysisto identify array baseddependencesNote
thatthis compileranalysiscanbe optimistic sinceforwardingnon-
dependentiatadoesnot violate sequentialsemanticof the pro-
gram. This is optimistic in the sensethat it permitsthe register

allocationand low-lateng forwarding of the datavaluesin ques-
tion, ratherthan completinga more expensve roundtrip request
to oneof the memorynodes.However, to reducethe critical path
cost, the compilerneedsto identify a minimal setof valuesto be
forwarded.

Another important compiler optimizationis the reductionof
critical pathlengthsof truedependencehains.Many typical loops
usetheforwardedvaluesearlyin aniterationwhile preventingearly
forwardingby not updatingthe valuesuntil latein theiteration. In
the worst case this will completelysequentializehe loop. How-
ever, in mary casest is possibleto calculateandforward the new
valueassoonasthe value from the previousiterationis receved.
The compilercanreducethe critical pathlengthby makinga copy
of the dependenvariable,thenmodifying the variable,andfinally
transformingall the usesof the variableto usesof the copy.

3.4 Renaming

Mary scalarsarraysandotherdatastructureghatareusedto prop-
agatevalueswithin a loop iteration are normally definedoutside
the scopeof the loop body This will createanti- and output-
dependenceacrosgheiterations forcing theloop to beserialized.
Compileranalysiscanidentify thesevariablesby performingscalar
privatizationand array data-flav analysis. body [28, 23, 24, 34].
Privatizablevariablesare allocatedlocally in eachprocessorlnd
never communicateautside.

This local allocationis performedby creatinga secondsafe-
stack on which privatizablevariablesmay be placed. At runtime
eachcomputenodemaintainsits own local safe-stackandall pri-
vatizablevariablesareaccessedff of this stack.This hastwo ben-
efits. First, this providesa cheapform of renaming.Eachprivati-
zablevariablecannow be independentlyaddresse@n eachcom-
putenode. Thereis anadditionalcachingbenefitin thatvariables
thatmemoryreferenceso thesafe-staclarecompletelylocalto the
computenode,anddo not needto becommunicatedo the memory
nodes.

3.5 Memory dependence speculation

The memorydependencspeculatiorsystemis in somewaysthe
coreof the system.lt is thefall backdependencenechanisnthat
worksin all casesevenif thecompilercannotanalyzea particular
variable. Sinceonly a portion of the dependencem a program
canbe proved by the compilerto be privatizableor loop carried
dependencesa large fraction of the total memorytraffic will be
directedthroughthe memorydependencspeculatiorsystem. As
suchit is necessaryo minimizethelateng of this subsystem.
Themethodwe useto validatememorydependenceorrectness
is basedon Basic TimestampOrdering[4] atraditionaltransaction
processingoncurreng controlmechanismAs shavn in Figure3,
eachprocessingelementwhich is dedicatedasa memorydepen-
dencenodecontainsthreedatastructuresn its local memory The
firstis anarraywhichis dedicatedo storingactualprogramvalues.
Thenext is a smallhashtablewhich is usedasa timestamp cache
to validatethe absencef memoryconflicts. Finally, thereis alog
which containsalist of thehashentriesthatarein useandtheorig-
inal datavaluefrom eachmemorylocationthathasbeenmodified.
At the end of eachchunkof paralleliterationsthe log is usedto
eithercommitthe mostrecentchangegermanentlijto memory or
to roll backto the memorystatefrom the begining of the chunk.
The validation protocol works as follows. Eachmemorylo-
cation hastwo timestampsassociatedvith it, one indicating the
last time a locationwasread(l ast - r ead) and one indicating
the lasttime a locationwaswritten (I ast -wri tt en). As each
load requestarrives, its timestamp(r ead- t i nme) is comparedo



addr node_id

data Ln
memory hash I:I
(v compare
last_reader '
last_writer
tag ?
addr: | data | < _ timestamp
cache
hash_entry s
checkpoint
data
log

Figure 3: Datastructuresusedby the memorydependencspecu-
lation subsystem.

thel ast -wr i tt en stampfor its memorylocation. If r ead-
time>Ilast-wittenthentheloadis okayandl ast - r ead
is updatedto r ead- ti me, otherwisethe systemflags a mis-
speculatiorandabortsthe currentchunk.

On astorerequestjts timestamp(wr i t e- t i me) is compared
firsttothel ast - r ead stampfor its memorylocation.If wri t e-
ti me > 1 ast - r ead thenthestoreis okay, otherwisethe system
flagsamis-speculatiomndabortsthecurrentchunk. Sothatastore
canberolled backin the caseof alater abort,the old value of the
memorylocationis copiedinto thelog beforethe new storerequest
is executed.

We have implementedan optimizationon storerequestghatis
known asthe ThomasWrite Rule[4]. Thisis basicallythe obser
vation thatif wite-time < |ast-witten thenthevalue
beingstoredby the currentrequesthasbeenlogically over-written
without ever having beenconsumedsotherequestanbeignored.
If wite-time >1ast-witten thenthestoreis okay and
last-wittenisupdatecaswite-tinme.

The factthat SUDS synchronizeshe processinglementse-
tweeneachchunkof loop iterationspermitsusto simplify theim-
plementatiorof the validationprotocol. In particularthe synchro-
nizationpointcanbeusedto commitor roll backthelogsandreset
thetimestampto 0. Becausdhetimestamps resetwe canusethe
requestes physicalnode-idas the timestampfor eachincoming
memoryrequest.

In addition, the relatively frequentlog cleaningmeansthat at
ary point in time thereare only a small numberof memory lo-
cationsthat have a non-zerotimestamp. To avoid wasting enor
mousamountof memoryspacestoring0 timestampswe cachethe
active timestampsdn a relatively small direct-mappechashtable.
Eachhashtableentry containsa pair of | ast - r ead andl ast -
wri tt en timestampsanda cache-tago indicatewhich memory
locationownsthe hashentry.

As eachmemoryrequestrrives,its addresss hashed|f there
is ahashconflictwith a differentaddresshevalidationmechanism
consenratively flagsamis-speculatiomndabortsthecurrentchunk.
If thereis no hashconflict the timestamporderingmechanisimis
invoked asdescribedabore.

Log entriesonly needto be createdthe first time a chunk
touchesa memorylocation, at the sametime an empty hashen-
try is allocated.Futurereferenceso the samememorylocationdo
not needto be logged, asthe original memoryvalue hasalready

[ Operation Cost |
Dispatch 12
Validation 29
Log allocation 9
MessagdReply 17
Log clean 7

[ Total | 74

Table 1: Amortizedcostbreakdevn for a load operation. Subse-
guentloadsto the sameaddresglo not requireadditionallog allo-
cationor cleaningandthereforerequireonly 58 cycles.

beencopiedto thelog.

In the commoncasethe chunk completeswithout sufering a
mis-speculation. At the synchronizatiorpoint at the end of the
chunk,eachmemorynodeis responsibldor cleaningits logs and
hashtables.It doesthis by walking throughtheentirelog anddeal-
locatingthe associatedhashentry The deallocationis doneby re-
settingthetimestampsn the associatedhashentryto O.

If a mis-speculationis discovered during the execution of a
chunk, then the chunkis abortedand a consistentstatemust be
restored Eachmemorynodeis responsibldor rolling backits log
to the consistentmemory stateat the end of the previous chunk.
This is accomplishedy walking throughthe entire log, copying
the checkpointednemoryvalue backto its original memoryloca-
tion. Thehashtablesarecleanedatthe sametime.

In the next sectionwe give a breakdavn of the costsof the
memorydependencspeculatiorsystemwe haveimplementedand
shav that thesecostsare nearly low enoughto achieve parallel
speedups.

4 Results

In this sectionwe presentesultsdemonstratinghatthereis hope
of building a software basedspeculationsystemthat canachiee

parallelspeedupsin Sectiond.1,we present detailedcostbreak-
down of ourworkingimplementatiorof the SUDSmemorydepen-
dencespeculationsubsystem.In our currentimplementatiorthe
total worst-caseverheadperload operationis about75 cycles. In

Section4.2,we presensimulationresultsthatdemonstratéhatfor

the applicationswe areconsideringthis lateng is within afactor
of about2 of whatis requiredto achieve parallelspeedupsThatis

to say theseapplicationsstill demonstratspeedupsvith memory
latenciesof up to about30 cycles. First, we shav how the appli-

cationsspeedup given an unrealisticallyperfectmemorysystem,
onewhereevery memoryoperationtakesexactly onecycle. Then
we shav how eachapplicationperformsaswe vary the memory
lateng.

4.1 Cost breakdowns

In this sectionwe breakdown the costsfor eachmemorydepen-
dencespeculationoperationin our currentimplementationof the
SUDSruntimesystem.Thememorydependencspeculatiormod-
ulewasaoriginally writtenin C. For this studywe compiledthecode
with the SunProCompilerversion4.2 at optimizationlevel 5, and
performedsomefurtherhandoptimization. We thenhandcounted
the numberof cyclesfor the resultingcodeassuminga simple 5

stagescalarpipeline. This kind of pipelineis representate of the
kind of processingelementwe expectto be available on eachtile

of aRaw processof22, 37].



[ Operation Cost |

Rollback 10
Log clean 7
[ Total | 17]

Table2: Amortizedcostbreakdavn for arollback operation.

Tablel shavs the breakdavn in costsfor aload operation.For
eachincoming requestthe systemfirst needsto dispatchon the
requesttype. The dispatchcode hasbeenoptimizedin favor of
load operationshecausdheseoperationsare on the critical path.
For aloadrequesthedispatchrequiresl2 cycles.

The total costfor both validation and the actualmemoryac-
cessis 29 cycles. If thisis the first accesgo the memorylocation
sincethelastlog cleaningoperationthenthe systemmustallocate
anew log entryatthecostof 9 cycles. This costis notincurredon
subsequerdccesset the samememorylocation. Finally, areply
messagés constructed@ndlaunchedo the processinglementhat
madethe original loadrequesata costof 17 cycles.

Laterwhenthe chunkof paralleliterationsfinishes the system
mustincur an additionalcostto cleanthe logs for eachmemory
locationtouchedduringtheparallelchunk. This cleaningoperation
costs7 cyclesperlog entry

In sumaloadrequestequiresatotal of 74 cyclesof processing
from the memorynode. For a secondload requestto the same
memorylocationthelog entryneitherneeddo beallocatedor later
cleanedsotheseadditionalloadrequestsequireonly atotal of 58
cyclesof processingrom the memorynode.

Table2 shavsthe costof performingarollbackoperatiorin the
casethat a mis-speculatioroccursandthe chunkof parallelitera-
tions needsto berolled back. This operationis performedin bulk
for all the memoryaddresses the log, so the messagalispatch
costcanbe amortizedover alarge amountwork. For eachentryin
thelog the checkpointednemoryvalueneedso be copiedbackto
memoryat a costof 10 cycles. In additionthe hashentry associ-
atedwith eachlog entrymustbe cleanedat an additionalcostof 7
cycles. Thetotal costof rolling backto a consistentnemorystate
afteramis-speculatioiis thenthe sumof thesetwo costs,17 cycles
permemorylocationtouched.

Discussion Thereareseveral methodsthatwe areinvestigat-
ing to reducethe averagelateny of eachloadrequest.Thefirst is

to modify theprotocolsothattheactualdatavalueis returnedo the
requestebeforevalidationis performed.We believe thatthis opti-

mizationouldreducethelateng of eachloadoperatiorto about30
cycles,but it would not changethe bandwidthrequirementplaced
on the memorynodes. A problemwith changingthe protocolin

thisway is thatit requireghe mastemodeto performanextra syn-
chronizationtep with the memorynodesat the end of eachchunk
to determinewhethera mis-speculatiotasoccured.

Anothertechniquethathasbeenproposedy otherresearchers

for reducingboththe averagdateny permemoryrequesiandalso
the bandwidthrequirementson the memoryis to placea small

cacheat the processingelementsto exploit locality in the mem-
ory referencestream.A problemwith this approachs keepingthe
cachescoherentwith oneanother andtherehasbeena greatdeal
of active researchn thisarea[8, 13, 32,20, 17, 14]. We areinves-
tigating a techniquethat would allow SUDStocacheread-mostly
valuesby allowing thesystento “permanently’markanaddressn

thetimestampcache.
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Figure4: Idealspeedupasthe numberof computenodesss varied
from 1 to 8 if the memorydependenceapeculationsystemwere
ableto deliver aresultin a singlecycle. On 8 computenodesthe
speedugor Healthis 3.756 thespeedugor Jacobis 2.895andthe
speedugor LZW is 1.046.

[ Application Rateof Rollback |

Health 2.3%
Jacobi 17%
[ LZW | 3.8% |

Table 3: Rateat which parallelchunksmustberolled backdueto
mis-speculatioron a systemwith 8 computenodesand 16 mem-
ory nodes.Thesenumbersnclude bothmemorydependencenis-
speculationgndbranchmis-speculations.



o 4.00 -
3 375t
[}
2350} -~~~ Health
@ 3.25 k- Health with SUDS costs
300 b Jacob! .
\\ Jacobi with SUDS costs
2751 LZW
2.50 1 LZW with SUDS costs
2251+ —  Speedup=1
2001
175F
150+
1.25 }
1.00 -
075} ‘
0.50 -
025}
0.00 L L L L L 1 L I}
1 17 33 49 65 81 97 113 129

Speculation cost (cycles)

Figure5: The speedup®on a systemwith 8 computenodesand
16 memorynodesas the costof handlinga speculatre memory
requestin thememorynodesis variedfrom 1 cycle to 128 cycles.
The 74 cycle costfor a memoryoperationin SUDSis marked on
thegraph.The crosseer point for achieving speedupss 30 cycles
for Health, 46 cyclesfor Jacobiand32 cyclesfor LZW. It maybe
possibleo reduceheaveragecostof memoryin SUDSto belov 30
cyclesby usingacombinatiorof optimizedprotocolsandacaching
systemat the computenodes.

4.2 Application results

In this sectionwe examinethe questionof how fastthe average
global memoryoperationneedsto be in orderto achieve parallel
speedups.We find thatin orderto deliver speedupshe memory
systemmusthave an averageload lateng of under30 cycles. Al-
thoughour systemcurrentlyhasa load lateng of about75 cycles
we areencouragedhat we may be ableto achieve speedupsvith
a reasonablemountof further engineering.As discussedbore,
betweerthe hopeof furtheroptimizingthe protocolatthe memory
nodesandthe promiseof reducinglateng by puttingasmallcache
ateachof thecomputenodeswe believe thatanaveragdateng of
30cyclesis achiezable.

We have conducteda studyon 3 applicationsheal t h, j a-
cobi andLZW Heal t h is one of the pointerintensive bench-
marksfrom the OldenBenchmarkSuite[5]. It performsanevent
drivensimulationof a healthcaresystem.lts maindatastructures
atreeof linkedlists. Jacobi is adensematriximplementatiorof
the Jacobirelaxationalgorithm. While this algorithmis easilypar
allelizedby acompiler in theseexperimentave useonly theSUDS
compiler which currentlydoesnot performary arraydependence
analysis. Our final benchmarkis LZW an implementationof the
LZW decompressiomlgorithm[38]. As well asperformingran-
dom accesseinto several arrays,this applicationis additionally
constrainedby having a large numberof true dependencesn its
critical path. For theseexperimentswe ran eachapplicationwith a
relatively smalldataset. Werantheheal t h benchmarkvith 341
hospitalsthej acobi benchmarlon a 50x50matrix andthe LZW
benchmarkwith a 750 byte compresseénglishtext.

To collect somebasic performancenumberswe developeda
simple direct executionsimulator We usea compilerbasedtool,
similarto pi xi e, to insertinstructioncountingcodeinto eachap-

plication program,andthenwe link togetherthe applicationcode
and a completeimplementatiornof the runtime systemwhich has
beenportedto runonasetof UNIX processewhichcommunicate
via UNIX pipes. The communicatiorcodein the runtime system
is handannotatedo updatethe instructioncounterswith latencies
similar to thosethat might be found on a Raw processar One of
thenicefeaturesof asimulationsystemlik e thisis thatwe canvery
easilychangethe costsof variousportionsof the runtime system,
simply by changingthe amountsthatthe profiler chagesfor each
runtime operation. Another nice featureof this systemis that it
hasallowedusto usethefull suiteof UNIX programmingoolsto
dehug andtunethe protocolsin theruntimesystem.

Firstwe usedour simulatorto produce'ideal” speedugunes.
Theseareshawvn in Figure4. Herewe have setthe costfor eachre-
questto the memorydependencepeculatiorsystemto 1 cycle. In
thiswaywe areableto measurghe maximumspeedughateachof
theseapplicationscanachieve, given an unrealisticallyfastmem-
ory system. The graphshavs thatwhenthe programsarerun on
a systemwith 8 computenodesthe speedugor heal t h is 3.756
over sequentiakxecution. The speedugor j acobi is 2.895and
the maximumachiezable speedugor LZWis 1.046. The speedup
for the LZWapplicationis limited by Amdahl’s law becausehe
parallelloop accountdor only abouta third of thetotal sequential
programexecutiontime.

Table 3 shaws thatfor heal t h andLZWthe systemhasvery
few mis-speculationger parallelchunk. Thej acobi applica-
tion exhibits a relatively large numberof mis-speculationsThese
mis-speculationareall dueto branchmis-speculationbecaus¢he
50x50input matrix doesnt fit evenly onto 8 computenodes.The
resultis thatthefirst rows of the matrix are processeéh 6 parallel
chunks.Whenprocessinghefinal chunksix of the eightcompute
nodesin thefinal chunkregistera branchmis-speculatiolecause
they areattemptingto executebeyondtheloop limit. An inputma-
trix thatmappedevenly onto 8 nodeswould not exhibit this prob-
lem.

Figure5 shavs haw the parallelspeedups affectedby the cost
of eachload operation. For this experimentwe held the number
of computenodesconstantt 8, andthe numberof memorynodes
constantat 16. Thenwe varied the simulatedlateng of eachre-
questto the memorynodesbetweenl cycle (the ideal case)and
128cycles. Thegraphshavs how the speedugor eachapplication
degradesasthe memorylateny increaseskor referencehegraph
alsoshavstheline (speedup= 1) atwhich eachapplicationcrosses
over from getting parallel speedupo slovdovn. The crosseer
point for heal t h occursat 30 cycles per memoryrequest. The
LZWbenchmarlcrossesover at 32 cyclespermemoryrequestand
j acobi achievesparallelspeedupipto 46 cyclespermemoryre-
quest. The graphalsoindicatesthe slowvdowns that are achieved
by the currentimplementatiorof SUDSwith an averagememory
lateng of 74 cycles.

5 Related work

Timestampbasedalgorithmshave long beenusedfor concurreng
control in transactionprocessingsystems. The memory depen-
dencevalidation algorithm usedin SUDS is most similar to the
“basic timestampordering” techniqueproposedby Bernsteinand
Goodmari4]. More sophisticateanultiversiontimestamprdering
techniqueg30] reducethe numberof falsedependenciedetected
by the systemat the costof a morecomplex implementation.Op-
timistic concurreng controltechniqueg21], like SUDS, take the
corverseapproachpptimizing for the casethat operationsdo not
conflict.

Memory dependencepeculationis even more similar to vir-
tual time systemssuchas the Time Warp mechanisn16] used



extensvely for distributedeventdrivensimulation. This technique
is very muchlike multiversiontimestampordering,but in virtual
time systemsasin SUDS, theassignmenof timestampgo tasksis
dictatedby the sequentiaprogramorder In atransactiorprocess-
ing system,eachtransactioncan be assigneda timestampwhen-
ever it entersthe system. More specificallyafter detectinga con-
flict atransactiorprocessingystenrestartsvhichever transaction
detectsthe conflict, giving it a higher transactionnumberin the
process. SUDS must restartthe threadwith the later transaction
number

Knight's Liquid system[19, 18] useda methodmorelike op-
timistic concurreng control [21] exceptthattimestampsmustbe
pessimisticallyassigneda priori, ratherthan optimistically when
thetaskcommits,andwrites arepessimisticallybufferedin private
memoriesandthenwritten outin serialordersothatdifferentpro-
cessingelementsnay concurrentlywrite to the sameaddressThe
ideaof usinghashtablesratherthanfull mapsto performindepen-
dencevalidationwasoriginally proposedor the Liquid system.

Knight alsopointedout thesimilarity betweercachecoherence
schemesndcoherenceontrolin transactiorprocessingTheLig-
uid systemuseda bus basedprotocolsimilar to a snoopingcache
coherenceprotocol[12]. SUDS usesa scalableprotocol that is
moresimilarto adirectorybasedcachecoherencerotocol[6, 2, 1]
with only a single pointer per entry, sometimegeferredto asa
DirlB protocol.

The ParaTan system for parallelizing mostly functional
code [33] was anotherearly proposalthat relied on speculation.
ParaTran wasimplementedn software on a sharedmemorymul-
tiprocessar The protocols were basedon those usedin Time
Warp[16], with checkpointingoerformedat every speculatie op-
eration.

SUDSis mostdirectly influencedby the Multiscalararchitec-
ture[9, 31]. The Multiscalararchitecturewasthe first to include
a low-lateng mechanisnfor explicitly forwarding dependencies
from onetaskto the next. This allows the compilerto both avoid
theexpenseof completelyserializingdo-acrossoopsandalsoper
mitsregisterallocationacrossaskboundariesTheMultiscalarval-
idatesmemorydependencspeculationsisinga mechanisntalled
an addressresolution buffer (ARB) [9, 10] which is similar to
a hardware implementationof multiversion timestampordering.
From the perspectie of a cachecoherencenechanisnthe ARB
is mostsimilarto afull-map directorybasedprotocol.

The SUDS compiler algorithms for identifying the optimal
placementpoints for sendingand receving loop-carrieddepen-
dencesare similar to thoseusedin the multiscalar[36]. The pri-
marydifferenceis thatthe Multiscalaralgorithmspermitsomedata
valuesto be forwardedmore than once, leaving to the hardware
the responsibilityfor squashingedundantsends. The SUDS al-
gorithmsguarantedo insert sendand receve instructionsat the
optimalpointin the controlflow graphsuchthateachvalueis sent
andreceved exactly once.

More recentefforts have focusedon modifying sharednemory
cachecoherenceschemedo supportmemorydependencepecu-
lation [8, 13, 32, 20, 17, 14]. SUDS implementsits protocolsin
software ratherthanrelying on hardware mechanisms.n the fu-
ture SUDS might permitlong-termcachingof read-mostlywalues
by allowing the softwaresystemto “permanently’markanaddress
in thetimestampcache.

Anotherrecenttrendhasbheento examinethe predictionmech-
anismusedby dependencspeculatiorsystems.Someearly sys-
tems[19, 33, 14] transmitall dependenciethroughthe speculatie
memorysystem. SUDS, like the Multiscalar allows the compiler
to staticallyidentify loop carrieddependencewhich arethenfor-
wardedusing a separatefast, communicationpath. SUDS and
other systemsin this class essentiallystatically predict that all
memoryreferenceshatthecompilercannot analyzearein factin-

dependent. Severalrecentsystemg25, 35, 7] have proposechard-
waremechanismdyasedn runtimebranchprediction,for finding,
andexplicitly forwarding,additionaldependencetbatthecompiler
cannotanalyze.

Memory dependencepeculationhas also beenexaminedin
the context of fine-graininstructionlevel parallel processingon
VLIW processors.The point of thesesystemsis to allow trace-
schedulingcompilersmoreflexibility to staticallyreordermemory
instructions Nicolau[27] proposednsertingexplicit addresgom-
parisonsfollowed by branchedo off-trace fixup code. Huanget
al [15] extendedthisideato usepredicatednstructiongo helppar
allelize the comparisoncode. The problemwith this approachis
thatit requiresm x n comparison# therearem loadsbeingspec-
ulatively moved above n stores. This problemcan be alleviated
usinga smallhardwareset-associate table,calleda memorycon-
flict buffer (MCB), that holds recently speculatedoad addresses
andprovidessinglecycle checkson eachsubsequerdtoreinstruc-
tion [11]. An MCB hasbeenproposedor inclusionin the Hewlett
Packard/IntelA-64 EPICarchitecturd3].

The LRPDtest[29] is a softwarespeculatiorsystenthattakes
a more coarsegrainedapproachthan SUDS. In contrastto most
of the systemsdescribedn this section,the LRPD testspecula-
tively block parallelizesaloop asif it werecompletelydataparallel
andthenteststo ensurethatthe memoryaccessesf the different
processingelementsdo not overlap. It is ableto identify privati-
zablearraysand reductionsat runtime. A directory basedcache
coherencerotocolextendedo performthe LRPD testis described
in [39]. SUDStakes a finer grain approachwhich cancyclically
parallelizeloopswith loop carrieddependenceandcanparallelize
mostof aloopthathasonly afew dynamicdependences.

6 Conclusion

In this paperwe have investigatedhe issuesof whetherit is pos-
sible to build a software basedspeculatiorsystemfor a Raw pro-
cessar Our preliminaryresultsare encouraging Throughsimula-
tion we've found that the memoryrequestatenciesfor our work-
ing prototypesystemarewithin afactorof 2X thelatencieghatare
requiredto achieve parallelspeedup.We wereableto reducethe
softwaresystems latenciego thislevel by dividing thedependence
handlingprobleminto threeindependensubproblems.Thesein-
clude forwarding true dependenceggenamingfalse dependences
and providing memory dependencepeculationfor potentialde-
pendencesMoving the problemof renamingnto the compileren-
abledusto simplify theimplementatiorof thememorydependence
speculatiorsubsystem.

We believe thatthereare cachingtechniqueghat canbe used
to improve the averagememory latenciesin our system,and we
areactively investigatinghow to integratecachesnto our system.
We believe that with this additionalengineeringeffort it will be
possibleto build anall softwarespeculatiorsystemwhichachieves
parallelspeedups.
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