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Abstract

Multiscalar processorsuse a new, aggressiveimple-
mentationparadigmfor extractinglargequantitiesof instruc-
tion level parallelismfrom ordinaryhigh level languagepro-
grams. A singleprogramis dividedinto a collectionof tasks
by a combinationof softwareand hardware. The tasksare
distributed to a numberof parallel processingunits which
reside within a processorcomplex. Each of these units
fetchesand executesinstructionsbelongingto its assigned
task. Theappearanceof a singlelogical registerfile is main-
tainedwith a copy in eachparallelprocessingunit. Register
resultsaredynamicallyroutedamongthe manyparallelpro-
cessingunits with the help of compiler-generatedmasks.
Memory accesses may occur speculatively without
knowledge of preceding loads or stores. Addressesare
disambiguateddynamically,manyin parallel,andprocessing
waitsonly for truedatadependences.

This paperpresentsthe philosophyof the multiscalar
paradigm, the structure of multiscalar programs,and the
hardwarearchitectureof a multiscalarprocessor.The paper
also discussesperformanceissuesin the multiscalarmodel,
and comparesthe multiscalar paradigm with other para-
digms. Experimentalresultsevaluatingtheperformanceof a
sampleof multiscalarorganizationsarealsopresented.

1. Introduction

Thebasicparadigmof sequencingthrougha program,
i.e., the fetch-executecycle using a program counter,has
been with us for about 50 years. A consequenceof this
sequencingparadigmis that programsare written with the
tacit assumptionthat instructionswill be executedin the
sameorderas they appearin the program. To achievehigh
performance,however,modernprocessorsattemptto execute
multiple instructionssimultaneously,andin somecasesin a
different order than the original program sequence.This
reorderingmay be donein the compiler, in the hardwareat
executiontime, or both. Superscalarand VLIW processors
belong to this classof architecturesthat exploit instruction
levelparallelism(ILP).
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ILP processorsand compilers typically convert the
total orderingof instructionsas they appearin the original
programinto a partial ordering determinedby dependences
on dataandcontrol. Control dependences(which appearas
conditional branches)presenta major obstacle to highly
parallel execution because these dependencesmust be
resolvedbeforeall subsequentinstructionsare known to be
valid.

Focusingon controldependences,onecanrepresenta
static programas a control flow graph (CFG), wherebasic
blocksarenodes,andarcsrepresentflow of control from one
basicblock to another. Dynamicprogramexecutioncanbe
viewed as walking throughthe programCFG, generatinga
dynamicsequenceof basicblockswhich haveto beexecuted
for aparticularrunof theprogram.

To achievehigh performance,an ILP processormust
attemptto walk throughthe CFG with a high level of paral-
lelism. Branchpredictionwith speculativeexecutionis one
commonly-usedtechniquefor raisingthe level of parallelism
thatcanbeachievedduring thewalk. Theprimaryconstraint
on any parallel walk, however,is that it must preservethe
sequentialsemanticsassumedin theprogram.

In themultiscalarmodelof execution,theCFGis par-
titioned into portionscalled tasks. A multiscalarprocessor
walksthroughtheCFGspeculatively,takingtask-sizedsteps,
without pausingto inspectany of the instructionswithin a
task. A taskis assignedto oneof a collectionof processing
units for executionby passingthe initial programcounterof
thetaskto theprocessingunit. Multiple tasksthenexecutein
parallel on the processingunits, resulting in an aggregate
executionrateof multiple instructionspercycle.

At this level, theconceptsoundssimple,however,the
key to making it work is the properresolutionof inter-task
datadependences.In particular,datathat is passedbetween
instructions via registers and memory must be routed
correctlyby the hardware.Furthermore,it is in this areaof
inter-taskdatacommunicationthat the multiscalarapproach
differs significantly from more traditional multiprocessing
methods.

This paper describes the multiscalar approach to
exploiting fine-grain parallelism(or instruction-levelparal-
lelismor ILP). Section2 providesanoverviewof themultis-
calarparadigm.A breakdownof thedistributionof theavail-
ableprocessingunit cyclesin multiscalarexecutionfollows
in Section 3. In Section 4, we comparemultiscalar with
otherILP paradigms.A performanceevaluationof potential
configurationsof a multiscalarprocessoris given in Section



5. In Section6, we summarizethis work andoffer conclud-
ing remarks.

2. An Overview of the Multiscalar Paradigm

2.1. Philosophy and Basics

The objectiveof the non-sequentialwalk of the CFG
takenby a multiscalarprocessoris to establisha large and
accurate dynamic window of instructions from which
independentinstructionscanbe extractedandscheduledfor
parallelexecution. (An instructionwindow, in ILP parlance,
is anassemblageof instructionsunderconsiderationfor exe-
cution.) To perform this function, a multiscalarprocessor
walks through the CFG in large steps,not instruction by
instruction(asis thecasein asequentialprocessor),nor basic
blockby basicblock,but rathertaskby task.

A task is a portion of the CFG whose execution
correspondsto a contiguousregion of the dynamic instruc-
tion sequence(e.g., partof a basicblock, a basicblock, mul-
tiple basicblocks, a single loop iteration, an entire loop, a
function call, etc.). A programis statically partitionedinto
taskswhich aredemarcatedby annotationsof theCFG(more
on this in Section2.2). For eachstepof its walk, a multis-
calarprocessorassignsa taskto a processingunit for execu-
tion, without concernfor the actualcontentsof the task,and
continuesits walk from this point to the next point in the
CFG.

A possiblemicroarchitecturefor a multiscalarproces-
sor is shownin Figure1. In mostgeneralterms,considera
multiscalarprocessorto be a collection of processingunits
with a sequencerwhich assignstasksto theprocessingunits.
Oncea taskis assignedto a processingunit, the unit fetches
andexecutesthe instructionsof the taskuntil it is complete.
Multiple processingunits,eachwith its own internalinstruc-
tion sequencingmechanism,supportthe executionof multi-
ple tasks,andtherebymultiple instructions,in anygiventime
step. The instructionscontainedwithin thedynamicinstruc-
tion window areboundedby thefirst instructionin the earli-
estexecutingtaskandthelast instructionin thelatestexecut-
ing task. Given that eachtaskmay containloopsand func-
tion calls, this observationimplies that the effective size of
the instructionwindow maybeextremelylarge. A key point
is that not all the instructionswithin this wide range are
simultaneouslybeing consideredfor execution,only a lim-
itedsetwithin eachof theprocessingunits.

Considerthe CFG in Figure2 of a programfragment
with five basic blocks, A, B, C, D, and E. Supposethe
dynamicsequenceof basicblocksexecutedis A1

1 B1
1 C1

1 B2
1

B3
1 C2

1 D1
1 A1

2 B1
2 B2

2 C1
2 D1

2 A1
3 B1

3 C1
3 B2

3 C2
3 D1

3 E. In this
sequence,the superscriptsand subscriptsidentify the incar-
nation of the basicblock in relation to the outer and inner
loops, respectively. In a sequentialprocessor,the dynamic
instructionscorrespondingto this sequenceof basicblocks
aregeneratedasprogramcontrolnavigatesthroughtheCFG,
executingoneinstructionat a time. To ensurea correctexe-
cution on an ILP processor,it must appear that the instruc-
tions amongall basicblocks executein preciselythis same
sequentialorder,regardlessof whatactuallytranspires.

Consideran iterationof the outer loop from the CFG
in Figure2 asa task.That is, let staticbasicblocksA, B, C,
andD (aswell asthecontrol flow throughthem)comprisea
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of aMultiscalarProcessor.
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Figure 2: An ExampleControlFlow Graph.

task. We may assigna taskcorrespondingto the first itera-
tion of the outer loop to a processingunit, followed by the
seconditerationto thenextprocessingunit, andsoon.

The processingunit that is assignedthe first iteration
sequencesthrough its task to executethe dynamic instruc-
tionsof basicblocksA1

1 B1
1 C1

1 B2
1 B3

1 C2
1 D1

1. Likewise, the
following processingunits executethe dynamicinstructions
of basicblocksA1

2 B1
2 B2

2 C1
2 D1

2 andA1
3 B1

3 C1
3 B2

3 C2
3 D1

3, as
per the second and third iterations respectively. In this
example,thepotentialresultof this approachis theexecution
of three useful instructionsin a cycle. For instance,in a
given cycle, the processingunits might executeinstructions
from dynamicbasicblocksB2

1, C1
2, andB2

3, simultaneously.

It is importantto observethat tasks,althoughseparate
groupsof instructions,are not independent.Becausetasks
areportionsof a sequentialinstructionstream,the dataand
control relations among individual instructions must be
honored during execution. A key issue in a multiscalar
implementationis the communicationof data and control
information among the parallel processingunits. That is,
how do we providetheappearanceof a sequentialwalk even
thoughin reality we performa non-sequentialwalk (perhaps
consideredradicallynon-sequential)throughtheCFG?

To maintain a sequentialappearancewe employ a
twofold strategy. First, we ensurethat eachprocessingunit
adheres to sequential execution semantics for the task
assignedto it. Second,we enforcea loosesequentialorder
overthecollectionof processingunits,which in turn imposes
a sequentialorderon the tasks. The sequentialorderon the
processingunits is maintainedby organizingthe units into a
circular queue. Headandtail pointersindicatetheunits that



areexecutingthe earliestand the latestof the currenttasks,
respectively. For instancein the exampleof Figure 2, the
processingunit at the head is executingthe first iteration,
precedingthe unit executingthe seconditeration,preceding
thetail unit executingthethird iteration.

As instructionsin a taskexecute,valuesarebothcon-
sumedand produced. Thesevalues are bound to storage
locations,namelyregistersandmemory. Becausea sequen-
tial executionmodelviewsstorageasa singlesetof registers
and memorylocations,multiscalarexecutionmust maintain
this view as well. Furthermore,multiscalarexecutionmust
ensurethat the valuesconsumedand producedby instruc-
tions arethe sameasthosein a sequentialexecution. In the
example, values consumedby an instruction in dynamic
basicblock B2

2 mustbe the valuesresultingfrom the execu-
tion of instructionsin A1

1 B1
1 C1

1 B2
1 B3

1 C2
1 D1

1 A1
2 B1

2, aswell
as precedinginstructions in B2

2. In order to provide this
behavior, we must synchronize communication between
tasks.

In thecaseof registers,thecontrol logic synchronizes
the productionof registervaluesin predecessortaskswith
theconsumptionof thesevaluesin successortasksvia reser-
vationson registers.The registervaluesa taskmay produce
canbedeterminedstaticallyandmaintainedin a create mask
(moredetailsin Section2.2). At the time a registervaluein
the createmask is produced,it is forwardedto later tasks,
i.e., to processingunits which are logical successorsof the
unit, via a circular unidirectionalring (seeFigure 1). The
reservationson registersfor a successortaskaregiven in the
accum mask, which is the union of the create masks of
currently active predecessortasks. As values arrive from
predecessorunits, reservationsare clearedin the successor
units. If a task usesone of thesevalues, the consuming
instructioncanproceedonly if the valuehasbeenreceived;
otherwiseit waitsfor thevalueto arrive.

In the caseof memory,the situationis somewhatdif-
ferent. Unlike registervalues,it cannotbe preciselydeter-
minedaheadof time which memoryvaluesareconsumedor
producedby a task. If it is known that a task consumesa
memoryvalue(via a load instruction)that is produced(via a
storeinstruction)in anearliertask,it is possibleto synchron-
ize the consumptionand productionof this value. That is,
the load in the successortaskcanbe madeto wait until the
storein the predecessortaskhascompleted(similar in con-
cept to the situation for registers,althoughthe exact syn-
chronizationmechanismwouldbedifferentdueto thedispar-
ity in thesizesof thename-spaces).

In the more commoncasewheresuchknowledgeis
not available,eithera conservativeor anaggressiveapproach
may be undertaken.The conservativeapproachis to wait
until it is certain that the load will read the correct value.
This option typically implies holding back loads within a
task until all predecessortasks have completedall stores,
with the likely outcome being near-sequentialexecution.
The aggressiveapproachis to perform loadsspeculatively,
with the expectationthat a predecessortaskwill not storea
valueinto thesamelocationat a later time. A checkmustbe
madedynamicallyto ensurethatno predecessortaskwritesa
valueinto a memorylocationpreviouslyreadby a successor
task. If this checkidentifiesa loadandstorethatconflict (do
not occur in the properorder),the later taskmustsquashits
execution and initiate appropriate recovery action. (A

multiscalarprocessortakestheaggressiveapproach.)

Dueto thespeculativenatureof multiscalarexecution,
it mustbepossibleto bothconfirmcorrectexecutionaswell
as recover from incorrect execution. The execution of
instructionswithin tasksmay be consideredas speculative
for two reasons:(i) controlspeculation,and(ii) dataspecula-
tion. As tasksexecute,thecorrectpathof executionthrough
the programCFG is resolved. If control speculation,i.e.,
predictionof thenext task,is incorrect,the following task(s)
must be squashedand the correct task sequenceresumed.
Likewise,if a taskusesanincorrectdatavalue,theoffending
taskmustbe squashedandthe correctdatavaluerecovered.
In any case,the action of squashinga task results in the
squashingof all tasksin executionfollowing the task(other-
wise,maintainingsequentialsemanticsbecomescomplex).

To facilitate maintainingsequentialsemantics,a mul-
tiscalar processorretires tasks from the circular queueof
units in the sameorderas it assignsthem. During specula-
tive execution,a taskproducesvalueswhich mayor maynot
be correct. It is only certainthe valuesproducedby a task
are correct,and may be consumedsafely by other tasks,at
the time the retirementof a task is imminent. Nevertheless,
values are optimistically forwarded for speculative use
throughouttheexecutionof a task. Becausea taskforwards
values to other tasksas it producesthem (more details in
Section2.2 and Section2.3), most, if not all, of its values
havebeenforwardedby the time it becomesthehead. Thus,
retiring thetaskmaysimply bea matterof updatingthehead
pointer to free the processingunit so a new task may be
assigned.

To illustrate the power of the multiscalarmodel of
execution,considerthe examplein Figure 3. In this code
segment,executionrepeatedlytakesa symbol from a buffer
andrunsdowna linked list checkingfor a matchof thesym-
bol. If a matchis found, a function is called to processthe
symbol. If no matchis found,anentry in the list is allocated
for thenewsymbol. After an initial startup,additionsto the
list becomeinfrequent,becausemostsymbolsmatchan ele-
ment alreadyin the list. In a multiscalarexecution,a task
assignedto a processingunit comprisesonecompletesearch
of thelist with aparticularsymbol. Theprocessingunitsper-
form a searchof the linked list in parallel, each with a

for (indx = 0; indx < BUFSIZE; indx++) {
        /* get the symbol for which to search */
        symbol = SYMVAL(buffer[indx]);

        /* do a linear search for the symbol in the list */
        for (list = listhd; list; list = LNEXT(list)) {
                /* if symbol already present, process entry */
                if (symbol == LELE(list)) {
                        process(list);
                        break;
                }
        }

        /* if symbol not found in the list, add to the tail */
        if (!list) {
                addlist(symbol);
        }
}

Figure 3: An ExampleCodeSegment.



symbol,resultingin anoverallexecutionof multiple instruc-
tionspercycle. Thedetailsof theparallelexecutionof what
at first appears to be a serial program are presented
throughouttherestof thispaper.

2.2. Multiscalar Programs

A multiscalarprogrammustprovidethemeansto sup-
port a fast walk (throughthe CFG) that distributestasksen
masseto processingunits. Below, we describethreedistinct
typesof informationmaintainedwithin a machine-levelmul-
tiscalarprogramto facilitate this end:(i) the actualcodefor
the taskswhich comprisesthe work, (ii) the details of the
structureof the CFG, and (iii) the communicationcharac-
teristicsof individual tasks.

The specificationof the codefor eachtask is routine.
A task is specified as a set of instructions, in the same
fashion as a program fragment for a sequentialmachine.
Although the instructionsetarchitecture(ISA) in which the
codeis representedaffectsthedesignof eachindividual pro-
cessingunit, it haslittle influenceon therestof thedesignof
a multiscalarprocessor.Hence,the instruction set usedto
specify the task is of secondary importance. (The
significanceof this fact is that an existing ISA may be used
withoutamajoroverhaul.)

The sequencerof a multiscalar processorrequires
informationabouttheprogramcontrolflow structureto facil-
itate a rapid traversalof the CFG. In particular,it needsto
know which tasksarepossiblesuccessorsof any given task
in theCFG. Themultiscalarsequencerusesthis information
to predictoneof thepossiblesuccessortasksandto continue
the CFG walk from this point. (Unlike the corresponding
casein a sequentialexecution,control proceedsto a succes-
sor taskbeforethe currenttask is complete.) Suchinforma-
tion canbedeterminedstaticallyandplacedin a task descrip-
tor. The taskdescriptorsmaybe interspersedwithin the pro-
gramtext (for instance,beforethecodeof thetask)or placed
in a single locationbesidethe programtext (for instance,at
theend).

To coordinateexecutionamongdifferent tasks,it is
necessaryto characterizeeachtask accordingto the set of
values that may be consumedby the task and the set of
valuesthatmaybeproducedby thetask. In asequentialexe-
cution, this information is discoveredduring the instruction
decodeprocessas instructionsare fetched and inspected.
However,theobjectivein a multiscalarexecutionis to assign
a task to a processingunit and to proceedto the next task
without inspectingthecontentsof theassignedtask.

Theprocedureto handleregistervaluesis straightfor-
ward. (Memory valuesare handledas describedin Section
2.3.) A staticanalysisof theCFG is performedby the com-
piler to supply the create mask that indicatesthe register
valuesa taskmayproduce1. A naturallocationfor thecreate
maskis within the taskdescriptor.Sincea taskmaycontain
�����������������������������������������������������������������������

1 It is not strictly requiredto specifywhich valuesa taskmay
consume.As a taskexecutesandconsumesvalues,it waitsfor apar-
ticularvalueonly if thevaluehasnot yetbeenproduced(by anactive
predecessortask). Otherwise,it finds the valuewithin local storage
[1]. The valuepresentwithin local storageis the productof an ear-
lier taskthathasforwardedavaluearoundthering.

multiple basic blocks whose execution is governed by
(dynamicallyresolved)control conditions,it is not possible
to determinestaticallywhich registervalueswill be created
dynamically. As such,thecreatemaskmustbeconservative,
andtherebyincludesall registervaluesthatmay beproduced.

As a processingunit executesthe instructions in a
task, registervaluesareproducedwhich mustbe forwarded
to succeedingtasks. Becausethe unit cannotdeterminea
priori which instructions comprise its assignedtask (the
instructionsmaynot evenhavebeenfetched),it cannotknow
which instructionperformstheupdateto a registerthatmust
be forwardedto other tasks. In accordancewith sequential
semantics,only thelastupdateof a registerin thetaskshould
be forwardedto other tasks. The option existsto wait until
all instructionsin a taskhavebeenexecuted(i.e., no further
updatesof registersarepossible). However,this strategyis
not expedientsince it often implies that other tasks must
wait, possiblya considerableperiodof time, for a valuethat
is alreadyavailable.

Thecompiler,on theotherhand,hasknowledgeof the
last instructionin a taskto updatea particularregister. It can
mark this instruction as a special (operate-and-forward)
instruction that, in addition to carrying out the specified
operation,forwardsthe result to following processingunits.
Furthermore,asa unit executesthe instructionsof its task,it
canidentify thoseregistersfor which valuesarenot going to
beproduced(althoughstaticallyit appeareda valuemight be
produced).By virtue of thefact that later tasksmustwait for
any register that an earlier task indicatesit might produce
(regardlessof whethera value is actually produced),it is
necessaryto release suchregistersin order to continueexe-
cution. Whena registeris released,thevalueis forwardedto
laterunits.

For the samereasonsa processingunit cannotdeter-
mine which dynamicinstructionscompriseits assignedtask,
it likewise cannotdeterminea priori on which instructiona
taskwill complete,i.e., at whatpoint controlflows out of the
task. At thetime theCFGis partitionedby thecompiler,the
boundariesof a task and the control edgesleaving the task
areknown. An instructionat oneof theseexiting edgesmay
be markedwith special stoppingconditionsso that at the
time such an instruction is encounteredby the processing
unit theappropriateconditionscanbeevaluated.If thestop-
ping conditionsassociatedwith the instructionare satisfied,
thetaskis complete.

Thespecificationof forwardingandstoppinginforma-
tion is bestviewedastheadditionof a few tagbits (forward
and stop bits, respectively)to each instruction in a task.
Nevertheless,it maybenecessaryto implementthesetagbits
differently if thebasicISA is not to be changed.Onepossi-
ble implementationis to providea tableof tagbits to beasso-
ciatedwith eachstatic instruction. As the hardwarefetches
the instructionsfrom theprogramtext andthecorresponding
tag bits from the table, it concatenatesthe pair to producea
new instruction. The new instructionscanbe maintainedin
the instructioncache,so that the overheadof accessingtwo
memory locations(one for the instructionsand one for the
bits) is incurredonly in thecaseof a cachemiss. Therelease
of a registermay be indicatedby addinga specialrelease
instruction to the baseISA or by overloadingan existing
instructionof thebaseISA.



A pictorial representationof the information assem-
bledwithin a taskof a multiscalarprogramis givenin Figure
4. This depictioncentersaroundthe assemblylanguagefor
the example of Figure 3. In addition to the assembly
language,the figure containsa task descriptor,a set of for-
ward bits, and a setof stopbits. Recall that the taskunder
considerationconsistsof oneiterationof theouterloop. The
taskexecutesthe iterationsof the inner loop to searchfor a
matchof a symbol in a linked list. If a match is found, a
function is called to processthe symbol. If no match is
found,an entry in the list is allocatedfor the symbol. Thus,
the taskhastwo possiblesuccessortasks,both of which are
the targetsof a branchinstruction. The successortasksare
eitherthenext iterationof theouterloop (Targ1= OUTER),
or anexit from theouterloop (Targ2= OUTERFALLOUT).
The task completeswhen the end of the outer loop is
reached.Consequently,the last instructionin the outer loop
is taggedwith a setof bits which indicatea ‘‘Stop Always’’
condition.

Thetaskcreatesvaluesthatareboundto theregisters:
$4,$8,$17,$20,$23. Thelastinstructionto write into regis-
ters$4,$20,and$23hasa forwardbit set. Since$8 and$17
are updatedrepeatedlyin the inner loop, and only the last
updateneedsto beforwarded,theregistersarereleasedat the
exit of the inner loop. Along thesamelines,$4 is releasedif
the inner loop is skipped, since the instruction that last
updatesandforwards$4 (in theinnerloop) is notexecutedin
this case. It shouldbenotedthata valueboundto a register
is only sentonceper task. Hence,all subsequentforwards
and releasesof a value already forwardedor releasedare
ignored. To illustrate,the releaseof $4 is encountered(and
ignored)if the instructionthat last updatesand forwards$4
(in the inner loop) is executed. (An alternative to this
approach,which may havethe undesirableeffect of creating
complexintra-taskcontrol structures,is to incorporateaddi-
tionalbasicblocksto eliminatesuchascenario.)

So far in our discussionwe have assumedthat all
valueswhich arecreatedby a taskarecommunicatedto other
tasks. To maintainprogramsemantics,however,we do not
needto communicateall valuescreatedby a task. Rather,
only valuesthat are potentially live outsidea task, i.e., are
not dead at the end of a task, need to be communicated.
Going back to the exampleof Figure3, we canseethat the
only registervalue that is live outsidethe task is the induc-
tion variable,$20; only $20 mustappearin the createmask.
No otherregistervalueneedsto beforwarded,andno release
instructionsneedbe present. Furthermore,any storesmade
to the stack frame inside the process function neednot be
communicatedto later tasks. Sincethe live rangesof regis-
ters are already known to a compiler, incorporatingdead
register analysis is fairly straightforward. At the time of
writing of this paper,we arestill investigatingthesubjectof
deadmemoryvalueanalysis.

A multiscalar program may be generatedfrom an
existingbinary by augmentingthe binary with taskdescrip-
tors and tag bits. This multiscalar information may be
locatedwithin or perhapsto the side of the programtext.
Thejob of migratinga multiscalarprogramfrom onegenera-
tion to anothergenerationof hardwaremight beassimpleas
taking an old binary, determiningthe CFG (a routine task),
decidingupona taskstructure,andproducinga new binary.
The old multiscalarinformation is removedandreplacedby
new multiscalarinformation to form an updatedversionof
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Figure 4: An Exampleof aMultiscalarProgram.

thebinary. Thecoreof thebinary,however,thefundamental
instructionswhich describethework of eachtaskremainvir-
tually the same. Only multiscalarspecific instructionsand
any adjustmentsto relative addressesneed be accommo-
dated. This approachbodes well for a smooth software
growthpathfrom onehardwaregenerationto thenext,espe-
cially if recompilationfrom thesourcecodeis notpractical.

2.3. Multiscalar Hardware

The function of the multiscalarhardwareis to walk
through the CFG, assigntasksto the processingunits, and
executethesetaskswith the appearanceof sequentialexecu-
tion. The job of determiningthe order of the tasksis the
responsibilityof the sequencer.Given the addressof a task
descriptor, the sequencerfetches the task descriptor and
invokesthe taskon the processingunit by (i) providing the
addressof the first instruction, (ii) specifying the create
mask, and (iii) constructingthe accummask for the task.
The sequencerdeterminesthe next task to be assignedby
usinginformationin the taskdescriptorto predictoneof the
possiblesuccessortasks(usinga staticor dynamicprediction
scheme).A processingunit independentlyfetchesand exe-
cutes the instructions of its task (until it encountersan
instructionwith the stop bit set,which indicatesthe task is
complete). The processingunits are connectedvia a uni-
directionalring which is usedto forward information(reser-
vations,values,etc.)from oneunit to thenext[1].

The datacachebanksandthe associatedinterconnect
(betweenthe datacachebanksandthe units)arestraightfor-
ward (exceptfor the scale). Updatesof the datacacheare
not performedspeculatively. Instead,additional hardware,
knownasanAddress Resolution Buffer or ARB [3-5], is pro-
vided to hold speculativememoryoperations,detectviola-
tions of memorydependences,and initiate correctiveaction



asneeded2. The ARB may be viewedasa collectionof the
speculativememory operationsof the active tasks. The
valuescorrespondingto theseoperationsresidein the ARB
andupdatethedatacacheastheir statuschangesfrom specu-
lative to non-speculative.In additionto providingstoragefor
speculativeoperations,the ARB tracksthe units which per-
formed the operationswith load and storebits. A memory
dependenceviolation is detectedby checkingthesebits (if a
load from a successorunit occurredbefore a store from a
predecessorunit, a memorydependencewas violated). As
theARB is a finite resource,it may run out of space.If this
situation should occur, a simple solution is to free ARB
storageby squashingtasks. This strategyguaranteesspacein
theARB andforwardprogress.No deadlockproblemsexists
because,in the worst case,all taskswhich consumeARB
storagemay be squashed(the headwhich doesnot require
ARB storageis not squashed).A lessdrasticalternativeis to
stall all processingunitsbut thehead. As theheadadvances,
entriesarereclaimedandthestall lifted (we areinvestigating
theuseof thisapproach).

Going back to the exampleof Figure 3, if two sym-
bols being processedconcurrentlyhappento be the same,
and a call to the process function for the first search
updatesthe memory location correspondingto the symbol,
the secondsearchmust see the updatedmemory location.
That is, if the unit processingthe secondsymbol loadsfrom
thememorylocationbefore theunit processingthefirst sym-
bol storesinto thememorylocation,a squashmustoccur. (A
squashdoesnot occur if the dynamicsequenceof eventsis
such that the secondunit loads from the memory location
after thefirst unit storesto the memorylocation.) Likewise,
whena symbol is insertedinto the list, subsequentsearches
must see the updatedlist. In the samefashion, the cases
wherelater tasksdo not seetheupdatedlist aredetectedand
the taskssquashedaccordingly.Moreover, the storagepro-
videdby theARB is usedto renamememorysuchthatmulti-
ple function calls can be executedin parallel, yet retain
sequentialsemantics.That is, if multiple calls to process
areto proceedin parallel,eachcall requiresits own (suitably
renamed)stackframe which, as per a sequentialexecution,
reusesthesamememorylocations.

The microarchitectureillustrated in Figure 1 is just
onepossibleconfigurationfor a multiscalarprocessor;other
microarchitecturesarecertainlypossible. The invariant that
hasto bepreservedis theappearanceof a sequentialordering
amongst the instructions, with the register and memory
valuesflowing from earlier tasksto later tasks. An alterna-
tive microarchitecturemight sharethe functionalunits (such
as the floating point units) betweenthe different processing
units. Anotherpossiblemicroarchitectureis onein which the
ARB andthe datacachesaremovedacrossthe interconnect
to the sameside as the processingunits. (In this case,the
functionality of the ARB and datacachesis providedby a
collection of temporally inconsistent caches/bufferswith
memory valuesforwardedbetweenthem on a ring, analo-
gousto themechanismfor registers.)A properdiscussionof
thesealternatemicroarchitecturesis beyondthescopeof this
�����������������������������������������������������������������������

2 Sincethe taskat the headis the only taskthat is guaranteed
to benon-speculative,memoryoperationscarriedout by all units,ex-
ceptthehead,arespeculative.

paper.

3. Distribution of Cycles in Multiscalar Execution

We now takea moredetailedlook at the multiscalar
model by consideringthe distribution of the availablepro-
cessingunit cyclesin multiscalarexecution. Recall that our
objective is to haveeachprocessingunit performinguseful
computation,with theprocessingunitscollectivelyexecuting
multiple instructionsin a given cycle. The best caseis to
performasmuchusefulcomputationpercycleastheproces-
sorcomplexis capable.Thebestcase(of all usefulcomputa-
tion) maynotberealizedbecauseof cyclesin whichaunit (i)
performsnon-usefulcomputation,(ii) performsno computa-
tion, or (iii) remains idle. Each cycle spent in these
categoriesis acyclethatis lost from thebestcase.

The non-useful computationcycles representwork
that is ultimatelysquashed;computationmaybesquashedas
a result of the useof (i) an incorrect data value or (ii) an
incorrect prediction. The no computationcycles may be
attributedto (i) waiting for a valuecreatedby an instruction
in a predecessortask, (ii) waiting for a valuecreatedby an
instruction in the sametask (for example,a high-latency
operationor a cachemiss),or (iii) waiting for the taskto be
retired at the head(becauseall instructionswithin the task
haveexecuted).The idle cyclesaccountfor time in which a
processingunit hasno assignedtask(duefor themostpart to
re-assigningtasks in squashrecovery). Below, we discuss
severalconceptsandseethe influenceon the non-usefuland
no computationcyclesin multiscalarexecution. (We do not
addressthe loss due to idle cyclesas it amountsto a rela-
tively insignificant portion of the total in most cases.)
Although we discussa concept/issueunderoneheading,the
impacttypically spansmultipleheadings.

3.1. Non-Useful Computation Cycles

Since squashinga particular task means likewise
squashingall tasksthat follow it, a squashmayhavea severe
impacton theperformanceof a multiscalarprocessor.Recall
thatcomputationmaybesquashedasa resultof theuseof (i)
an incorrectvalueor (ii) an incorrectprediction. To reduce
the impact of this squashoverhead,we may (i) reducethe
chancesof a squashby synchronizingdatacommunicationor
(ii) determineearly,beforemuchnon-usefulcomputationhas
beenperformed,thatasquashis inevitable.

3.1.1. Synchronization of Data Communication

The communicationof register data values is syn-
chronizedasa consequenceof theregisterfile mechanism(as
intended).On theotherhand,thecommunicationof memory
data values must be synchronizedexplicitly. A memory
order squash occursif a latertaskloadsfrom a memoryloca-
tion beforean earlier taskstoresto this samememoryloca-
tion.

Our experiencein the programsthat we haveexam-
ined is that suchsquashesdo indeedoccur in practice,but
rarely arethe squashesdueto updatingan arbitrarymemory
location. Almost all memory order squashesthat we have
encounteredin our experimentsoccurdueto updatesof glo-
bal scalarsand structures,typically file and buffer pointers
and counters. (Typically thesevariableshave their address
taken,andthereforecannotberegisterallocated.)



Fortunately, accessesto static global variables are
amongst the easiestmemory accessesfor a compiler to
analyze,much easierthan accessesto arbitrary heap loca-
tions. Once(potentially)offendingaccessesarerecognized,
accessesto the memory location can be synchronizedto
ensurethat conflicting loadsand storesoccur in the proper
order.

Such synchronizationmay be accomplishedin a
varietyof ways. It maypossibleto createanartificial depen-
denceon a register(to synchronizememorycommunication
with registercommunication),to delay the load for a given
numberof cycles (to reducethe probability of it occurring
beforethestore),or to useexplicit signal-awaitsynchroniza-
tion. Note that any synchronizationmay create inter-task
dependenceswhich, as we shall see,can contribute to no
computationcycles.

3.1.2. Early Validation of Prediction

The determination of whether a task should be
squasheddueto an incorrectpredictionis normally madeat
suchtime astheexit point of the immediatelyprecedingtask
is known. As onemight expect,this point is in mostcasesat
the end of the executionof a task. During this passageof
time, manycyclesof non-usefulcomputationmayhavebeen
performedin latertasks.

For example,if loop backis predictedeachtime for a
loop,we mayhaveto wait for all instructionsin thelastitera-
tion to be executedbeforewe recognizethe following itera-
tions are non-usefulcomputationthat must be squashed.If
an iteration consistsof hundredsof instructions,the time
takento determinethatnomoreiterationsshouldbeexecuted
may representmanyhundredsof cyclesof non-usefulcom-
putation.

To minimizethelossdueto thesecycles,we maycon-
sidervalidatingpredictionearly. If somecomputationis per-
formedsoonaftera taskis initiated to determinewhetherthe
next task was indeedpredictedcorrectly, the time spentfor
non-useful computation may be significantly reduced.
Returningto the loop example,if the last loop iteration is
recognizedsoonafter the iterationbeginsexecution,thenext
unit maybe redirectedto the taskat the loop exit ratherthan
executeanother(non-useful)loop iteration.

Severaloptions exist for validating prediction early.
One option is to introduce explicit validate prediction
instructionsinto a task. Anotheroption,directedspecifically
at loop iterations,which doesnot require new instructions
(but still requires additional instructions as comparedto
sequentialexecution),is to changethestructureof the(com-
piled) loop so that the test for loop exit occursat the begin-
ningof theloop.

3.2. No Computation Cycles

It is importantto distinguishbetweenidle cyclesand
no computationcycles. In the idle cyclescase,the process-
ing unit doesnot performusefulcomputationbecauseit has
no assignedtask. In theno computationcyclescase,thepro-
cessingunit doeshavean assignedtask,but it is unableto
performusefulcomputation.Of theselost cycles,somemay
be an unavoidablecharacteristicinherent in the sequential
code,while othersmaybea by-productof the taskpartition-
ing andschedulingfor multiscalarexecution.

3.2.1. Intra-Task Dependences

An obvioussourceof no computationcyclesis depen-
dencesbetweenthe instructionsof the sametask. As each
taskis like a small program,andeachprocessingunit is like
a uniprocessor,anyof theplethoraof techniquesavailableto
reducelost cyclesin a uniprocessormaybeappliedto reduce
the impact of such cycles. Examplesof thesetechniques
include(but neednot be limited to) codescheduling,out-of-
orderexecution,andnon-blockingcaches.

3.2.2. Inter-Task Dependences

A moresignificantsourceof no computationcyclesin
multiscalarexecutionare dependencesbetweenthe instruc-
tions of different tasks. That is, cyclesin which a later task
waits for valuesfrom anearliertask. If a producinginstruc-
tion is encounteredlate and a consuming instruction is
encounteredearly amongtasksexecutingconcurrently,the
consumingtask may stall on the producingtask. In sucha
case,near-sequentialexecutionmayresult.

Considerour working example. If the inductionvari-
able for the outer loop had beenupdatedat the end of the
loop (aswould normally be the casein codecompiledfor a
sequentialexecution),then all iterationsof the outer loop
would beserialized,sincethenext iterationneedsthe induc-
tion variableearly in orderto proceed.If, on theotherhand,
we updateand forward the induction variable early in the
task,but keepa copy of the inductionvariablefor local use
or modify the local useto factor in the update(as we have
donein the codeof Figure4), thenthe critical paththrough
the computationis not unnecessarilyaggravated,and the
tasksmayproceedin parallel.

In our experiencewith benchmarkprograms,we have
found this sequentialoutlook to be quite pervasive. The
sequentialpoint of view is understandable,since the pro-
grammerassumesa sequentialmachinemodel. Furthermore,
thereis no reasonto assumea performanceimprovementis
to be gainedby makinglocal copiesof variablesor by mak-
ing arcanemodificationsto existingcode. Nevertheless,for
efficient multiscalarexecution,it is crucial to removesuch
limitations. In manycases,a compilermay havegreatsuc-
cess(for example,arithmetic induction variables). In other
cases,a compilermay haveonly limited success(for exam-
ple, memory induction variables). In some cases,these
impedimentsmay be unavoidableor requirechangesto the
sourceprogramto beovercome.

3.2.3. Load Balancing

In multiscalarexecution,sincetasksmustberetiredin
order,cyclesmaybelost if tasksarenot of thepropergranu-
larity and (roughly) the same size in terms of dynamic
instructions. That is, a processingunit which completesa
comparativelyshort task performsno computationwhile it
waitsfor all predecessortasksto beretiredat thehead3.

�����������������������������������������������������������������������
3 Thesenocomputationcyclesmaybereducedif we providea

somewhatmorecomplicatedimplementationof the‘‘circular queue’’
which connectsthe units and additional resourcesto maintain the
resultsof speculativetaskexecution.



A key factor in minimizing cycles lost due to load
balancing(andmanyof the otherlost cyclesfor thatmatter)
is to choosetasksof anappropriategranularity. Flexibility in
the choice of the grain size of a task implies that only
minimal restrictionsbeplacedon whatmaybecontainedin a
task. In particular,a taskshouldbe free to containfunction
calls. (In our working example,the appropriategranularity
for a task is an iterationof the outer loop, which containsa
functioncall.)

Sincea functionmayhavemanycall sites,we provide
differing viewson how a functionshouldbeexecuted.From
onecall site we may want the function to be executedas a
collectionof tasks. Whereas,from anothercall site we may
want the entire function to be executedas part of a single
task. To accommodatesuch differing views with a single
version of the code, a function may be treated as a
suppressed function, i.e., a function in which all multiscalar-
specific annotations are ignored under appropriate cir-
cumstances.

4. Comparison of Multiscalar with Other Paradigms

4.1. Conventional Wisdom

The multiscalar paradigm challengesconventional
wisdom in ILP processingin severalrespects.Herein, we
examineanumberof casesin which themultiscalarapproach
countersthetenetsof conventionalwisdom.

Branch prediction accuracy must limit ILP.

The issueat handis theability to establisha largeandaccu-
rate instructionwindow for ILP extraction. The usualargu-
mentsupposesthat if theaveragebranchpredictionaccuracy
is 90%, thenspeculatingfive branchesaheadmeansthereis
only abouta 60% chancethat instructionsbeyondthe fifth
brancharealongthecorrectdynamicexecutionpath(an85%
accuracyyieldslessthan45%chance).

A multiscalar processorcan speculateacrossmany
morethanfive branches,while still havingaveryhighproba-
bility of following the correct dynamic path. In essence,
suchbehaviormaybeprovidedby only selectivelypredicting
branches. A multiscalar processorbreaks the sequential
instructionstreaminto tasks.Althoughthetasksmaycontain
internal branches,the sequenceronly needsto predict the
branchesthat separatetasks. The branchescontainedwithin
a taskdo not haveto be predicted(unlessthey arepredicted
separatelywithin theprocessingunit).

In theexampleof Figure3, branchesin theouterloop
delineatethe tasksand are predicted(with high accuracy).
No brancheswithin the linked list search have to be
predicted. In fact, the individual branchesthatarepartof the
processof traversingthelinked list would likely bepredicted
not takenbecausea symbolonly matchesoneelementof the
list. Nevertheless,the branchfor the matchwill eventually
be taken. Supposewe encounteran averageof 20 branches
(matchtests)in traversingthe linked list, theexecutionof an
8-unit multiscalar processormight span 160 conditional
branches,yet still befollowing thecorrectdynamicpath.

The conventionalapproach,which must sequentially
predict all branchesas it proceeds,is practicallyguaranteed
to predictwrongeventually(andwill neverhaveinstructions
from more than one list searchin progresssimultaneously).
The multiscalarapproach,on the otherhand,may overcome

this limitation. The ability of a multiscalar processorto
selectivelybypassbranchespossibly obviatesthe needfor
techniquessuch as guardedexecution,whosenet result is
alsoavoidingthe predictionof ‘‘bad’’ branches(albeit non-
loop branches),but at theexpenseof executingextrainstruc-
tions[7,9,10].

A wide window of pending instructions requires the com-
plexity of concurrently monitoring the issue state of all
individual instructions in this window.

In general,instructionsfrom a wide window areselectedfor
executionin parallel and often out-of-orderwith respectto
thesequentialprogram. In a multiscalarimplementation,the
window canbe very wide, yet at any given time only a few
instructionsneedto be inspectedfor the ability to issue(as
few asonefor eachprocessingunit). The boundariesof the
window of pendinginstructionscanbe identifiedamongthe
activetasksasthefirst instructionbeingconsideredfor issue
at theheadandthe last instructionat the tail. As a taskmay
containa hundredor moredynamicinstructions(considerthe
linked list examplein Figure 3), the effective window size
canbemanyhundredsof instructions.

To issue n instructions simultaneously, there must be
logic of n 2 complexity to perform dependence cross-
checks among the instructions.

Thatis, issuecomplexitygrowsasn 2 to supportn-way issue.
In a superscalarprocessor,this observationconstrainsthe
capacity of the issue logic. In a multiscalar processor,
though,issuelogic is distributedto simultaneouslyfetchand
executemultiple instruction streams. Each processingunit
issuesits instructionsin an independentmanner. The com-
plexity only consistsof multiple copiesof relatively simple
low-dimensionscalarissuelogic. The sequencerlogic does
not haveto examineindividual instructionsasis typically the
casein thesuperscalarapproach.

All loads and stores must be identified, and the refer-
enced addresses must be computed, before memory
accesses can be re-ordered.

In a conventionalimplementation,loadsandstoresaregiven
sequencenumbers(or are kept in original sequence)and
maintainedin a buffer alongwith the addressof the associ-
atedmemoryaccess.If a load is to be issued,the buffer is
checkedto ensurethatno earlierstoreto thesameaddressor
an unresolvedaddressis pending. If a storeis to be issued,
thebuffer is checkedto ensurethatno earlierloador storeto
the sameaddressor an unresolvedaddressis pending. In a
multiscalarimplementation,loadsand storesmay be issued
independentlywithout knowledge of loads and stores in
predecessoror successortasks.

4.2. Other Paradigms

The superscalarand VLIW approaches,for the most
part,follow theconventionalwisdomoutlinedabove. A typ-
ical superscalarprocessorfetchesthe streamof instructions,
examining all instructions as it proceeds (perhapsmultiple
instructionsare examinedat once, but all are examined).
Generally,this examinationis done to extract and process
branchinstructions,to identify instructiontypesso that they
mayberoutedto theproperinstructionbuffersor reservation
stations,and to do someprocessingto alleviatedatadepen-
dences,e.g., registerrenaming[8,11]. A typical VLIW pro-
cessorrelieson thecompilerto performstaticallythesesame



functions performedby the superscalarprocessordynami-
cally.

In thesuperscalarapproach,it is possible,to generate
a fairly accuratewindow that may be a few branchesdeep
(using a sophisticateddynamic branch predictor), because
run-timeinformationis available. Moreover,it is possibleto
generatea very flexible instructionschedule.For example,it
may be possibleto allow a load in a calleefunction to exe-
cutein parallelwith a storefrom a callerfunction. Neverthe-
less,a superscalarprocessorhasno advanceknowledgeof
the programCFG; it must discoverthe CFG as it decodes
branches.This lack of vision regarding‘‘what lies ahead’’
and the need to predict every branch limits its ability to
createaslargeor asaccuratea window asis possible.More-
over, to extract parallelism from the window requires
predominantlycentralizedresources,including muchassoci-
ative logic, which canbe difficult to engineerasthe level of
ILP increases.

In theVLIW approach,theresultingwindow maynot
bevery largeor maycontaininaccuraciesarisingfrom static
branchprediction,sincerun-timeinformationis not available
to thecompiler. Dueto this lack of run-timeinformationand
the presenceof inherent‘‘boundaries’’ in the program,the
ability to moveoperationsin a VLIW processormaybehin-
dered.Forexample,it maynotbepossibleto providea static
guaranteeto allow a load operationin a callee function to
executein parallelwith a storeoperationfrom a caller func-
tion (especiallyif the calleefunction is determineddynami-
cally). Furthermore,a VLIW implementationrequires a
large storagename-space,multiported registerfiles, exten-
sive crossbarinterconnects,and stalls if the run-time situa-
tion is different from the situation assumedwhen a code
schedulewas generated(for example,a cachemiss at run-
time). Moreover,going from onegenerationto anothermay
requiretheproblematicre-engineeringof programbinaries.

In many ways a multiscalarprocessoris similar to a
multiprocessorwith very low schedulingoverhead4. (Both
are capableof dispatchinglarge blocks of parallel code.)
However,thereis a major difference. Whereasa multipro-
cessorrequiresa compiler to divide a program into tasks
whereall dependencerelationsbetweentasksareknown (or
areconservativelyprovidedfor) [2], a multiscalarprocessor
requires no such knowledge of control and data indepen-
dence. If a compilercandivide a programinto tasksthatare
guaranteedto be independent(for exampleiterationsof a
vectorizableloop), of coursea multiscalarprocessorcanexe-
cute them in parallel. However,the strengthin the multis-
calar approachlies in executingtasks that are very likely
independentor where dependenceis relatively low (and
thereforeILP exists),but in the cases for which this informa-
tion cannot be determined statically (such as the code of
�����������������������������������������������������������������������

4 When compared to a multiprocessor with a low
synchronization/schedulingoverhead,it is worth noting that the
name-spaceusedto synchronizethe variousunits in multiscalaris a
commonregistername-space-- the sameregistername-spacethat is
used for all computations. In a multiprocessor,we would need
separatename-spaces(private registers)for local computation,and
(sharedregistersor main memory)for sharedcommunication,with
(possibly explicit) movementof values from one name-spaceto
another.This movementaddsoverhead.

Figure3).

A multiprocessorwith low schedulingoverhead,as
could be achievedwith multiple processorson a chip with a
sharedcache, is still a multiprocessor. The fundamental
automaticparallelizationproblem is no different from the
onecomputerscientistshavestruggledwith for manyyears.
It may increasethe amountof parallelismover conventional
parallelprocessorsby differencesin scaleratherthandiffer-
encesin kind. That is, the lower communicationoverhead
may makesomesmall piecesof codeefficient for multipro-
cessingin moreinstancesthanarepossiblein a conventional
multiprocessor.However,new kinds of parallelismare no
easierto discover.

A multiscalarprocessorshouldalso not be confused
with a multithreadedprocessor.In a multithreadedproces-
sor, therearemultiple threads,or loci of control, which are
control independentand (typically) data independent. In
contrast,the different ‘‘threads’’ executingon a multiscalar
processorare relatedas different partsof a sequentialwalk
through the sameprogram, and are not control and data
independent.

5. Performance Evaluation

5.1. Methodology

All of the resultsin this paperhavebeencollectedon
a simulatorthat faithfully representsa multiscalarprocessor.
Thesimulatoracceptsannotatedbig endianMIPS instruction
setbinaries(without architecteddelayslotsof anykind) pro-
duced by the multiscalar compiler, a modified version of
GCC 2.5.8. In order to provide resultswhich reflect reality
with asmuchaccuracyaspossible,thesimulatorperformsall
of the operationsof a multiscalarprocessorandexecutesall
of theprogramcode,exceptsystemcalls,on a cycle-by-cycle
basis. (Systemcallsarehandledby trappingto theOSof the
simulationhost.)

The pipelinestructureof a processingunit is a tradi-
tional 5 stagepipeline (IF/ID/EX/MEM/WB) which can be
configuredwith in-order/out-of-orderand1-way/2-wayissue
characteristics.Instructionscompleteout-of-order and are
servicedby a collectionof pipelinedfunctionalunits (1 or 2
simple integer FU, 1 complex integer FU, 1 floating point
FU, 1 branchFU, and1 memoryFU) accordingto the class
of the particular instruction with the latenciesindicatedin
Table 1. The unidirectional ring connectinga multiscalar
configurationof the processingunits imposesa cycle for
communicationlatencybetweenunits and matchesthe ring
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Table 1: FunctionalUnit Latencies.



width to theissuewidth of theindividualunits.

All memoryrequestsarehandledby a single 4-word
split transactionmemorybus. Eachmemoryaccessrequires
a 10 cycleaccesslatencyfor thefirst 4 wordsand1 cyclefor
each additional 4 words. Both loads and storesare non-
blocking. In addition, each processingunit is configured
with 32 kbytesof directmappedinstructioncachein 64 byte
blocks. (An instructioncacheaccessreturns4 wordsin a hit
time of 1 cyclewith anadditionpenaltyof 10+3cycles,plus
anybuscontention,on a miss.) A crossbarinterconnectsthe
units to twice as many interleaveddata banks. Each data
bankis configuredas8 kbytesof directmappeddatacachein
64 byteblockswith a 256entryaddressresolutionbuffer, for
a total of 64kbytesand128kbytesof bankeddatastoragefor
4-unit and 8-unit multiscalar processorsrespectively. (A
datacacheaccessreturns1 word in a hit time of 2 cyclesand
1 cycle for multiscalarand scalarprocessors,respectively,
with anadditionalpenaltyof 10+3cycles,plusany buscon-
tention,onamiss.)

The sequencermaintainsa 1024entry direct mapped
cacheof taskdescriptors.Thecontrol flow predictionof the
sequencerusesa PAs configuration[12] with 4 targetsper
predictionand6 outcomehistories. Thepredictionstorageis
composedof a first level historytablethatcontains64 entries
of 12 bits each(2 bits for eachoutcomedueto 4 targets)and
a setof secondlevel patterntablesthat contain4096entries
of 3 bits each(1 bit targettaken/nottakenand2 bits target
number). The control flow predictionis supplementedby a
64entryreturnaddressstack.

5.2. Benchmarks

We usedthe following programsasbenchmarks(with
inputs other than standardand/ormodificationsindicatedin
parentheses): compress, eqntott, espresso (ti.in), gcc
(integrate.i), sc (loada1), and xlisp (6 queens) from the
SPECint92suite,tomcatv (N=129)from theSPECfp92suite,
wc from theGNU textutils1.9andcmp from theGNU diffu-
tils2.6 (two Unix utilities used as benchmarksby the
IMPACT group [6], with inputsprovidedby them),aswell
astheexamplefrom Figure3 (with aninput file of 16 tokens,
eachappearing450timesin thefile).
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Compress 71.04M 81.21M 14.3%
Eqntott 1077.50M 1237.73M 14.9%
Espresso 526.50M 615.95M 17.0%
Gcc 66.48M 75.31M 13.3%
Sc 409.06M 460.79M 12.6%
Xlisp 46.61M 54.34M 16.6%
Tomcatv 582.22M 590.66M 1.4%
Cmp 0.98M 1.09M 10.9%
Wc 1.22M 1.43M 17.3%
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Table 2: BenchmarkInstructionCounts.

Table 2 presentsthe dynamic instruction counts for
both scalarand multiscalarexecution. (We have only one
versionof amultiscalarprogram;thesamemultiscalarbinary
is usedfor all the multiscalarconfigurationsin our experi-
ments.)Theextrainstructionsin a multiscalarprogramserve
to ensure correct execution (such as the use of release
instructions)or to enhanceperformance(suchasthecreation
of local copies of loop induction variablesand validating
prediction). At present, these instructions unavoidably
increasetheoverall instructioncount.

5.3. Results

In Tables3 and4 we presenttheinstructionspercycle
(IPC) for a scalar execution, the speedups(over the
correspondingscalarexecution)for 4-unit and8-unit multis-
calar configurations,and the task predictionaccuracies.In
eachcase,we report resultsof the entire executionof the
benchmark,not just isolatedparts. The resultsof Table 3
reflect the performancefor processingunits with in-order1-
way or 2-way issue. Similarly, the resultsof the Table 4
reflecttheperformancefor processingunitswith out-of-order
1-way or 2-way issue. The speedupsare for a multiscalar
processorcomparedto a scalarprocessor,in which both use
identicalprocessingunits. Fromthedatapresentedin Tables
2, 3, and 4, it is possibleto determinethe cycle countsin
eachcase.(For example,with 2-way,out-of-orderissuepro-
cessingunits,a scalarprocessortakes817,845cyclesto exe-
cuteExample, whereasan 8-unit multiscalarprocessortakes
228,771cycles.)

In interpretingthe results,it is useful to keepa few
points in mind. First, Amdahl’s law: achieving infinite
speedupin only 50%of thecodespeedsup total performance
by only a factor of 2. Second,the IPC of our basescalar
configurationsis fairly high dueto our useof aggressivepro-
cessingunits. Third, we havemadeno attempt,at this point,
to schedulethe multiscalar code to tolerate the additional
cycle of latency it experiences(as comparedto a scalar
configuration) for cachehits. Fourth, we have not spent
sufficient effort in reducing the additional instructions
encounteredin multiscalar execution. Finally, we do not
give the multiscalarcodeany ‘‘unfair’’ optimizationadvan-
tages;any optimizationssuchasloop unrolling aremadeon
bothscalarandmultiscalarcode.

In compress all time is spentin a single (big) loop,
which containsa complexflow of control within. This loop
is bound by a recurrence(getting the index into the hash
table) that resultsin a long critical path through the entire
program. Theproblemis furtheraggravatedby thehugesize
of thehashtable,which resultsin ahigh rateof cachemisses.

Most (85%) of the instructionsin eqntott are in the
cmppt function,which is dominatedby a loop. Thecompiler
automaticallyencompassesthe entire loop body into a task,
allowingmultiple iterationsof theloop to executein parallel.

The top function in espresso is massive_count (37%
of instructions). The massive_count function hastwo main
loops. In both cases,the loop body is a task, allowing the
multiple iterationsto run in parallel. In the first loop, each
iteration executesa variablenumberof instructions(cycles
arelost dueto loadbalance).In thesecondloop (which con-
tainsa nestedloop),aniterationof outerloop includesall the
iterations of the inner loop (in this situation, the task
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Table 3: In-OrderIssueProcessingUnits.
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Compress 0.72 1.23 86.7% 1.56 86.0% 0.94 1.07 86.7% 1.33 86.3%
Eqntott 0.84 2.23 94.8% 3.35 94.6% 1.21 1.79 94.8% 2.64 94.5%
Espresso 0.88 1.47 85.9% 1.73 85.8% 1.31 1.12 85.3% 1.25 85.4%
Gcc 0.83 1.06 81.1% 1.13 80.6% 1.15 0.91 81.1% 0.95 80.6%
Sc 0.80 1.42 90.5% 1.75 90.0% 1.10 1.24 90.2% 1.50 90.2%
Xlisp 0.82 0.95 75.6% 1.01 77.1% 1.12 0.85 74.6% 0.90 76.5%
Tomcatv 0.96 2.92 99.2% 4.17 99.2% 1.43 2.16 99.2% 2.93 99.2%
Cmp 0.95 3.24 99.2% 6.28 99.1% 1.68 2.76 99.2% 5.30 99.2%
Wc 0.89 2.37 99.9% 4.34 99.9% 1.13 2.34 99.9% 4.26 99.9%
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Table 4: Out-Of-OrderIssueProcessingUnits.

partitioningneededamanualhint to selectthisgranularity).

Both gcc andxlisp distributeexecutiontime uniformly
acrossa greatdealof code. Thesearealsotheprogramsthat
we have,to date,spentthe leastamountof time analyzing.
In both thesecases,for the task partitioning that we use
currently, squashes(both prediction and memory order)
result in near-sequentialexecutionof the important tasks.
Accordingly, the overheadsin our multiscalar execution
(extra instructionsand extra cachehit latency) result in a
slow down in some cases. (Incidentally, the instruction
count is slightly lower than what is typically observed
becausewe unroll the memset and memcpy functions.) For
gcc our experienceto datesuggeststhat parallelism,which
maybeexploitedby multiscalar,exists;we arelessconfident
aboutxlisp at thispoint.

In sc, the dominant user routine is RealEvalAll,
thoughit only accountsfor lessthan12%of thetotal instruc-
tions. RealEvalAll contains a two-level nested loop that
makesa call to RealEvalOne for appropriatecells of the
spreadsheet.RealEvalOne furthercallseval which is a recur-
sive function to evaluatea cell. The body of the inner loop
of RealEvalAll is a task with the call to RealEvalOne
suppressedmanually. The loop in RealEvalAll visits every
cell of thespreadsheet.If acell is notempty,RealEvalOne is

calledto evaluateit, elseno actionis takenat thecell. Since
RealEvalOne executesfor hundreds of cycles, the load
imbalance between the work at each cell is enormous.
Accordingly,we restructuredthe RealEvalOne loop to build
a work list of the cells to be evaluated and to call
RealEvalOne for eachof thecellson thework list.

For tomcatv nearly all time is spentin a loop whose
iterations are independent.Accordingly, we achievegood
speedupfor 4-unit and 8-unit multiscalarprocessors.The
higher-issueconfigurationsare stymiedbecauseof the con-
tentionon thecacheto memorybus.

The programscmp and wc are straightforward,with
eachspendingalmostall its time in a loop. The loops,how-
ever, containan inner loop (the loop in wc also containsa
switch statement).In thesecases,the performancelossmay
beattributedmainly to cycleslost dueto branchesandloads
insideeachtask(intra-taskdependences).

Our example spends80% of its time in the code
shownin Figure3, performingthe symbolfetch,match,and
processor add sequence.The remaining time is spent in
fetchingthedatafrom theinput file into thebuffer. Sincethe
iterationsof the outer loop aremostly independent(dynami-
cally), we attain excellent speedups. Interestingly, other
known ILP paradigmssuch as superscalarand VLIW are



unlikely to extractanymeaningfulparallelism,in anefficient
manner,for thisexample.

6. Summary and Conclusions

This paperpresentedthe multiscalarprocessingpara-
digm, a new paradigm for exploiting fine-grain, or
instruction-levelparallelism. A multiscalarprocessorusesa
combinationof hardwareand softwareto extract ILP from
ordinaryprograms.It doesso by dividing the programcon-
trol flow graph(CFG) into tasks,and steppingthroughthe
CFG speculatively,taking large steps, a task at a time,
without pausingto inspectthe contentsof a task. The tasks
are distributedto a collection of processingunits, eachof
which fetchesandexecutesthe instructionsin its task. Col-
lectively, this processorcomplex uses multiple program
countersto sequencethroughdifferent partsof the program
CFG simultaneously,resultingin multiple instructionsbeing
executedin acycle.

We describedthe philosophyof the multiscalarpara-
digm, the structure of multiscalar programs, and the
hardwarearchitectureof a multiscalarprocessor.We also
discussedseveralissuesrelatedto theperformanceof a mul-
tiscalar processor,and comparedthe multiscalar paradigm
with otherILP processingparadigms.Finally, we carriedout
a performance evaluation of several multiscalar
configurationsonanensembleof well-knownbenchmarks.

Theperformanceresultspresentedin this paper,in our
opinion, only hint at the possibilities of the multiscalar
approach. As we investigatethe dynamicsof multiscalar
execution,we continueto evolve the compilerand to better
understandits interactionwith the hardware.At present,we
optimistically view performanceimpedimentsas problems
for whichwe havenot yet developedsolutions. Our expecta-
tion is that with improved software support, and more
streamlinedhardware,multiscalarprocessorswill be able to
extract levels of ILP that are far beyondthe capabilitiesof
existingparadigms.(We plan to makeupdatedresultsavail-
able on the multiscalar WWW page: URL
http://www.cs.wisc.edu/˜mscalar.)
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