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ABSTRACT
For high-performanceprocessors,thesteppower andpeakpower,
whicharecloselyrelatedto thechipreliability, areimportantdesign
constraints,oftenmorethantheaveragepower. In VLIW proces-
sorswherea single instructionmay containa variablenumberof
operations,the steppower andpeakpower vary significantlyde-
pendingon theparallelschedulegeneratedby a parallelizingcom-
piler. In this paper, we proposea power-awaremoduloscheduling
algorithmfor high-performanceVLIW processors.The proposed
algorithmreducesboththesteppower andpeakpower by produc-
ing amorebalancedparallelschedulewhile notcompromisingper-
formance.Experimentalresultsshow thattheproposedscheduling
techniquesignificantlyimprovesthepower characteristicsof high-
performanceprocessorsover an existing power-unaware modulo
schedulingtechnique.

1. INTRODUCTION
Powerdissipationhasbecomeanimportantdesignconstraintfor

high-performanceprocessorssuchasmodernsuperscalarproces-
sorsandVLIW processors.Althoughperformanceis still themost
importantrequirementfor high-performanceprocessors,increasing
powerdissipationis becomingamajorobstacleto performanceim-
provementsin futuremicroprocessors.In particular, thesteppower
andpeakpower, whicharecloselyrelatedto thechipreliability, are
importantdesignissues,often more thanthe averagepower con-
sumption,in high-performanceprocessors.

1.1 StepPower and PeakPower
The steppower [16], which is definedas the differencein the

averagepower betweenconsecutive clock cycles, representsthe
inductive noiseLdt

�
di at the microarchitecturallevel. Inductive

noise,alsoknown asgroundbouncing,is a voltageglitch induced
at power/groundbusesdueto switchingcurrentspassingthrough
thewire inductanceassociatedwith power or groundrails. A large
voltagesurgedueto theinductivenoisemaycausetiming andlogic
�
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errors,thusmayreducethechip reliability. For high-performance
processors,the inductive noiseproblem is becomingmore seri-
ousbecausethe increasingclock frequency, the growing number
of gates,and the wider datapathresult in larger surge currentto
charge/dischargethepower/groundbusesin a shortertime leading
to larger inductive noise. Even worse,with the growing usageof
aggressive clock gatingfor reducingtheaveragepower consump-
tion, thecycle-by-cycle currentswingis gettinglarger.

Thepeakpower, themaximumpowerdissipationduringtheexe-
cutionof agivenprogram,is closelyrelatedto thechiptemperature
[2], to which thechip reliability andsub-thresholdleakagepower
areexponentiallyrelated[5]. Higherpeakpowerleadsto thedevice
degradation,reducingthechip lifetime. As a result,complex cool-
ing systems(whichaddsignificantlyto themanufacturingcost)are
usedto avoid overheatingandto ensuresystemreliability.

1.2 RelatedWork
Most previouswork hasbeenfocusedon hardwaremechanisms

to control thesteppower andpeakpower. Pantet al. [9, 10] pro-
posedanimprovedversionof clockgatingto reducethespike cur-
rent by slowly turning on and off clock gatedunits at a modest
costin additionalhardwareandperformance.Tangel al. [16] fur-
therenhancedthismechanismto reducetheperformanceloss.The
work by Brookset al. [2] controlsthepeakpower in thecontext of
dynamicthermalmanagement.

Therehasbeenlittle publishedwork that approachedthe prob-
lemsof step-power reductionandpeak-power reductionfrom the
software perspective. The work by Toburen et al. [18] controls
thepeakpower dissipationin VLIW processorsby modifying the
instructionschedulingalgorithmof anoptimizingcompiler. Their
power-awareschedulerplacesasmany instructionsaspossiblein a
givenVLIW instructionuntil thegivenpower thresholdis reached.
However, their work is basedon traditionallist scheduling,which
is not effective in exploring the high instruction-level parallelism
available from modernmultiple-issueprocessorssuchas VLIW
processors.Therefore,their work is not applicableto mosthigh-
performanceVLIW processors.

1.3 Contribution
In this paper, we proposea power-aware moduloschedulingal-

gorithmfor high-performanceVLIW processors.In VLIW proces-
sorswherea parallelinstructionconsistsof severaloperations,the
steppower and peakpower consumptionvariessignificantly de-
pendingon how theparallelscheduleis generatedby a paralleliz-
ing compiler. Theproposedalgorithmreducesboththesteppower
andpeakpower by constructingamorebalancedparallelschedule
while not compromisingperformance.

As will be shown later in the paper, the proposedalgorithm is



quite effective in reducingthe steppower and peakpower con-
sumption� in VLIW processors.This is becauseaparallelizingcom-
piler can fully control the usageof all the functional units in a
VLIW processor. On the otherhand,the hardware-assistedtech-
niquessuchas[9, 16] areoften limited to the power reductionin
a specificfunctionalunit only without consideringthe processor-
wideeffect.

The restof the paperis organizedasfollows. In Section2, we
describeour target VLIW machinemodel and its power model.
We briefly review moduloschedulingin Section3. Theproposed
power-awarealgorithmis explainedin Section4 while experimen-
tal resultsarepresentedin Section5. Weconcludewith asummary
andfuturework in Section6.

2. TARGET VLIW MACHINE MODEL AND
ITS POWER ESTIMATION METHOD

VLIW machinesuselong instructionwordsto executemultiple
operationssimultaneously. In this paper, we assumea VLIW ma-
chinemodelwith aMIPS-likeintegerpipelineandanUltraSPARC-
like floating-point(FP)unit pipeline.For an8-issueVLIW model,
weassumethatthereareoneintegerALU (includingabranchunit),
two load/storeunits,oneintegerMPY/DIV, two FPALUs andtwo
FP MPY/DIVs. For a 16-issueVLIW model,we assumethat the
numberof eachfunctionalunit is doubledover thatof the8-issue
model.In a targetVLIW model,eachoperationtakesdifferentcy-
clesto execute.For example,loadoperationsrequireonecycle in
theexecutionstagewhile FPDIV operationsspend10cyclesin the
executionstage.

For agivenVLIW machine,weestimatethepowerconsumption
at thecycle level, takingthepipelinedexecutionsinto account.For
eachoperationop, we associatea power cost p � op � i � that repre-
sentsthepowerconsumedby operationop atthei-th pipelinestage
(1 � i � ns) wherens denotesthe numberof pipelinestages. In
this paper, we assumethat p � op � i � valuesweregiven. They can
be obtainedfrom actualmeasurementsof a target processor(e.g.,
[3]) or simulationsof adetailedprocessormodel.For experiments,
we usedp � op � i � valuesextrapolatedfrom informationavailablein
[14] and[17].

Given a programexecutiontraceT, let Ti representthe set of
operationsin theVLIW instructionexecutedat the i-th cycle of T.
Thenpower dissipationPi at the i-th cycle is estimatedasfollows:

Pi �
ns

∑
j � 1

∑
op 	 Ti 
 j � 1

p � op  j � (1)

Sinceour main goal is not to develop a cycle-accuratepower
modelof VLIW processors,but to devisea power-awareschedul-
ing algorithmfor VLIW processors,admittedly, our power estima-
tion methodis rathersimpleandhasmany weaknesses.For exam-
ple, in computingPi , we do not considerinter-instructioneffect or
inter-operationeffect asdonein [18]. Thatis, we assumethateach
operation(instruction)contributesto thetotal power consumption,
independentlyof otheroperations(instructions).However, thepro-
posedalgorithmcanbeeasilyextendedto work with moreaccurate
powerestimationmodels,becausetheproposedalgorithmdoesnot
dependona particularpower estimationtechnique.

3. MODULO SCHEDULING OVERVIEW
Software pipelining is an aggressive loop schedulingtechnique

for VLIW processors.It transformsa sequentialloop so thatnew
iterationscanstartbeforeprecedingonesfinish, thusoverlapping
theexecutionof multiple iterationsin a pipelinedfashion.Modulo

scheduling[6, 13] is oneof the schedulingalgorithmsfor imple-
mentingsoftwarepipelining.1 Sincea largenumberof loopscon-
tainnoconditionals,weconcentrateon loopswith nocontrolflows
in this paper. For loopswith controlflows, we assumea hardware
mechanismthat supportspredicatedexecution. If-conversion[1,
11] canbeperformedto eliminateconditionalsin loopswith con-
trol flowsunderthis hardwaremechanism.

A loop � is modeledasa double-weighteddirectedgraphG �
� V � E � δ � d � , calledadatadependencegraph(DDG)2, whereV is the
setof operationsin theloop, δ is a functionfrom V to thepositive
integersrepresentingthe latency of eachoperation,E is the edge
setof G andd is a functionfrom E to non-negative integers.E and
d specifydependencesamongoperations.An edgee ��� v� v����� E
with aweightd � e� statesthatfor everyiterationi � d � e� of theloop,
operationv� dependson theoutcomeof operationv in iterationi �
d � e� andcannotbe initiateduntil thecompletionof v. Figure1(b)
shows theDDG of anexampleloop in Figure1(a).

Givena loop with theform of a DDG G anda specificresource
constraint,the problemof softwarepipelining is definedasfind-
ing theminimal initiation interval (II) andconstructinga schedule
σ that is a function from V � N to N suchthat the following con-
straintsare met (σ � v� i � denotesthe executioncycle in which the
instanceof operationv in iterationi is initiated):

Periodicity constraint: σ shouldbe representedasa periodic
form suchthat

�
v � V

�
i � N  σ � v i � � σ � v 0��� I I � i �

Dependenceconstraint: Foreveryv andv� suchthate ��� v� v��� �
E, theinstanceof operationv� in iteration � i ! d � e�"� shouldnot be
initiateduntil thecompletionof theinstanceof operationv in iter-
ation i.

�
e � � v v#$�%� E

�
i � N  σ � v#$ i � d � e�&� ' σ � v i ��� δ � v�

Resource constraint: Let nRk representthe numberof avail-
ableRk functionalunits andlet τ � v� representthe functionalunit
in which v is executed.For eachfunctionalunit Rk, no morethan
nRk operationsareinitiatedin thesamecycle:3

�
Rk
�
t � N )( *+� v i �,( τ � v�.- Rk / σ � v i � � t 0+(21 nRk

From the periodicity constraint,it is sufficient to find II and
σ � v� 0� for v � V, called a flat schedule. The dependencecon-
straintandresourceconstraintaretranslatedasfollows underthe
flat schedule:

�
e � � v v#��3� E  σ � v#$ 0� ' σ � v 0��� δ � v�+4 I I � d � e��
Rk  � 0 1 t 5 I I 
( *+� v 0�,( τ � v� - Rk / σ � v 0�%- t � mod II �607(21 nRk

Figure1(c) shows a flat schedulewith the initiation interval of 3
cyclesfor theDDG of Figure1(b).

It is well-known thattheproblemof determiningif a flat sched-
uleexistsfor agivenII is NP-hardandseveralheuristicapproaches
have beendevelopedto find the minimal II andthe flat schedule.
The minimum initiation interval (MII) is a lower boundon the II

1Software pipelining is essentiallyequivalent to the retiming techniquewhich is
widely usedin VLSI high level synthesis[4] andlogic level synthesis[8].
2Sucha graphis calleda dataflow graph(DFG) in thecontext of synchronousVLSI
circuits.
3For simplicity, we assumethat the functional units are fully pipelined. Complex
resourceconstraintscanbehandledby resourcereservationtable [13].



(2) r2 = op2(r1,r5)
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Figure 1: An examplepower-aware schedule: (a) An example
loop, (b) its data dependencegraph with d � e� values(assuming
operation latency = 1), (c) a performance-driven schedule,and
(d) a power-aware schedule.

for which a flat scheduleexists. TheMII is obtainedby separately
consideringthedependenceconstraintandtheresourceconstraint,
and taking the larger valuebetweentwo [6]. The candidateII is
initially setto theMII andincreaseduntil a legalmoduloschedule
is found.

4. POWER-AWARE MODULO SCHEDUL-
ING ALGORITHM

In thissection,wepresenta power-awaremoduloschedulingal-
gorithmthatreducesboththesteppowerandpeakpower. Ourmain
requirementin designingsuchalgorithmsis thatperformancemust
notbesacrificedfor thereducedpower consumption.

4.1 Problem Formulation
Using the periodicity constraint,we can formulate the power

consumptionat eachtime slot of the softwarepipelinedloop � SP

of a sequentialloop � asfollows. (The superscriptSPis usedto
distinguishthesoftwarepipelinedloopfrom theoriginalsequential
loop.) Let O8 SP9 i bethesetof operations(includingNOPs) sched-
uledat thetime slot i for 0 � i : I I . Thenthepower consumedat
time slot i, writtenby P8 SP9 i , is estimatedby

P; SP< i �
ns

∑
j � 1

∑
op 	 O= SP> t wheret ?A@ i 
 j � 1B modII

p � op j � (2)

If we considerthe infinite execution of � SP, which is repre-
sentedby the execution trace T8 SP, the peak power is equal to
maxi C P8 SP9 i D 0 � i : I I E andthesteppoweratthecycle i is DP8 SP9 i modII �
P8 SP9 F i G 1H modII D .

A software pipelined loop � SP hasthe minimum peakpower
andminimumsteppowerwhenall theP8 SP9 i values(0 � i : I I ) are
equalto P8 SPF idealH . P8 SPF idealH is givenby asfollows:

P; SPI idealJ �LK ∑
op 	2M I I 
 1

k ? 0 O= SP> k
ns

∑
j � 1

p � op  j �ONQP I I (3)

For suchan � SP, the peakpower is equal to P8 SPF idealH and the

steppower is zero for the whole executiontraceT8 SP.4 In order
to reducethesteppower andpeakpower, our basicapproachis to
scheduleoperationsin sucha way thattheresultingP8 SP9 i function
becomesasflat aspossible.As a figureof merit for theflatnessof
� SP, we usethefollowing function RS�T� SP� :

U � V SP� �
I I W 1

∑
i � 0

KP; SP< i 4 P; SPI idealJ N 2 (4)

Our goal in power-aware moduloschedulingis to find � SP
opt such

that RS�T� SP
opt �X�YRS�Z� SP

k � for all k, where � SP
k representsthe k-th

softwarepipelinedloopscheduleof thesequentialloop � . For such
an � SP

opt, P8 SP
opt
9 i is asbalancedaspossible.

Consideranexampleloopshown in Figure1, whichhastheMII
of 3 cycles. Both schedulesin Figures1(c) and1(d) areoptimal
in termsof performanceachieving their IIs equalto theMII value.
However, in termsof thesteppower andthepeakpower, thelatter
is betterthantheformer. (Thesuperscriptn in theoperationnumber
indicatesthen-th loop iteration.)For example,if we assumeequal
p � op � j � values,the schedulein Figure1(c) hasthe twice bigger
peakpower over theschedulein Figure1(d). Similarly, for thestep
power, the schedulein Figure1(d) hasno power differencewhile
the schedulein Figure1(c) hasthe largestvaluebetweenthe first
andsecondinstructions.

This exampleclearly demonstratesthat thereexist large differ-
encesin power characteristicsamongthescheduleswith theequal
executiontimes. Our goal is to find the power-efficient schedules
amongsuchperformance-driven scheduleswithout compromising
performance.

4.2 The BaseAlgorithm : Iterati ve Modulo
Scheduling(IMS)

We startwith Rau’s iterativemoduloscheduling(IMS for short)
asthebasealgorithm[13]. It outperformsthebest-known modulo
schedulingalgorithmby Lam [6]. Figure2 describesa simplified
versionof the IMS algorithm. (Rau’s original algorithmincludes
a sophisticatedbacktrackingprocedure.For brevity, we do not in-
cludeit in Figure2.)

IMScallsFINDFLATSCHEDULEwith successively largervalues
of II, startingwith an initial valueequalto theMII until the legal
scheduleis found.FINDFLATSCHEDULE repeatspicking thehigh-
estpriority operationandthenselectingthebestdesirabletimeslot
in which theoperationis to bescheduled.

Rauusedthe priority function basedon the lengthof the criti-
caldependencecycle. Beforeselectingthebestdesirabletimeslot,
COMPUTESLACK is calledto computetherangeof timeslots(i.e.,
slack)wheretheoperationmaybeplacedwithout violatingdepen-
denceconstraintswith theoperationsalreadyscheduled.

Givenapathp � v1 [ v2 []\,\,\^[ vk, let δ � p� andd � p� represent

∑k G 1
i _ 1 δ � vi � and∑k G 1

i _ 1 d �"� vi � vi ` 1 �,� , respectively. Assumethatv has
beenalreadyscheduledandv� is aboutto be scheduled.Adding

dependenceconstraintsalongv
p1a v� andv� p2a v yields:

σ � v��� δ � p1 �+4 I I � d � p1 �%1 σ � v# �%1 σ � v�+4 δ � p2 ��� I I � d � p2 �

Thus,theslackinterval, [MinTime,MaxTime], of v� is computed

4Of course,anideal8 SPgenerallydoesnotexist becauseof thedependenceconstraint
andresourceconstraint.



as:

MinTime � max
vs
K σ � vs ��� δ � vs b v# �+4 I I � d � vs b v# �ZN

MaxTime � max
vs
K σ � vs �+4 δ � v# b vs ��� I I � d � v# b vs �ZN

wherevs is any scheduledoperation.
Fromthecomputedslack,FINDTIMESLOT picksthebestdesir-

abletimeslot. Rau’soriginalalgorithmselectstheearliesttimeslot
in which resourceconflict is not incurred.If no conflict-freeslot is
found, the operationcannotbe scheduledunlesssomeoperations
in thepartial scheduleareunscheduled.(Thedetaileddescription
of unschedulingprocedurecanbefoundin [13].)

procedure IMS
II := MII(); /* initialize thecandidateII to MII */
while (FINDFLATSCHEDULE(II) != SUCCESS)

II := II + 1;
endprocedure

function FINDFLATSCHEDULE(II)
/* computethepriority of eachoperations*/
COMPUTEPRIORITY();

/* repeatpicking thehighestpriority operationand
selectingthebestdesirabletimeslot atwhich the
operationis to bescheduleduntil all operations
have beenscheduled*/

while (someoperationis not scheduled)
/* pick thehighestpriority operation*/
CurrOper:= HIGHESTPRIORITYOPERATION();

/* computethetime boundsin which theselected
operationcanbescheduledsatisfyingthe
dependenceconstraint*/

(MinTime,MaxTime) := COMPUTESLACK(CurrOper);

/* selectthebestdesirabletimeslot */
TimeSlot:= FINDTIMESLOT(

CurrOper, MinTime,MaxTime);

/* scheduletheoperationat TimeSlot.*/
SCHEDULEOPERATION(CurrOper, TimeSlot);

endwhile

if (all operationsarescheduled)return SUCCESS;
else return FAIL;

end function

Figure2: Original IMS algorithm.

4.3 BalancedIMS (BIMS) for ReducedPeak
Power and StepPower Consumption

As explainedin Section4.1,our goal is to find schedule(s)with
themostbalancedpowerdissipationdistributionwhile notsacrific-
ing theperformancethatcanbeobtainedfrom theoriginal IMS.

IMS always placesan operationas early as possible(ASAP)
within thepartialscheduleconstructedsofar, resultingin askewed
schedulewith an unbalancedpower dissipationdistribution. This
ASAPpolicy hasbeenwidelyusedbysoftwarepipeliningresearchers
but is somewhata legacy from anover-relianceon theintuition un-
derlyingacyclic list scheduling.

In contrast,our algorithmtries to build balancedschedulesus-
ing a heuristicguidedby the R)�Z� SP� cost function which indi-
cateshow mucha power dissipationdistribution is balancedover
the entireprogramexecution. In order to make the original IMS

algorithmto be power-aware,we make the following two modifi-
cations:

c Priority Function Modification

Insteadof the length of the critical dependencecycle, we
usethereciprocalof theslackwidth asthepriority function
for anunscheduledoperation.Therefore,we needto recom-
putethepriority valuesat eachiterationof thewhile loop in
FINDFLATSCHEDULE. With themodifiedpriority function,
operationswith smallerslackwidthsarescheduledearlyso
that performanceis not sacrificed. If theseoperationsare
scheduledlater, it is morelikely that,for thecurrentII value,
nolegalschedulecanbefound.Althoughthere-computation
of the priority at eachiteration of the while loop may in-
curadditionalcompilationtime,webelieve thatthedynamic
priority adjustmentprovidesmoreaccuratecritical-pathin-
formation,thusguaranteeingthattheresultingscheduledoes
notsuffer any performanceloss.

c Time Slot SelectionModification

Whenselectingthebestdesirabletimeslotfor thecurrentop-
erationto bescheduled,thebalancingcostfunction is used
sothatthepartialscheduleis constructedasbalancedaspos-
sible. That is, the operationis positionedinto the time slot
at which incurs the least increaseof the flatnessmeasure
RS�Z� SP� amongall the conflict-freetime slots in the slack.
WhenP8 F idealH is computed,only the operationsin the par-
tial scheduleareconsidered.Ties arebroken by the ASAP
policy asin the original IMS to assistthe critical-pathcon-
sideration.

In short, two major IMS decisionsare modified so that both
performanceandpower dissipationdistributionaresimultaneously
considered.

5. EXPERIMENT AL RESULTS
In orderto evaluatethepowerreductioneffectof theBIMS algo-

rithm over theoriginal IMS algorithm,we implementedtheBIMS
algorithmaswell astheoriginal IMS algorithmonaSPARC-based
VLIW testbedenvironment[12]. Weincorporatedourpowermodel
into the schedulingmodulesaswell as the simulator, so that the
detailedinstruction-level power statisticsarecollected.We exper-
imentedwith two machineconfigurations,an 8-issueVLIW ma-
chineand16-issueVLIW machine,asdescribedin Section2. As
testprograms,SPEC95FPbenchmarkprogramswereused.

Since the performanceof parallel schedulesproducedby the
BIMS algorithm should be as good as that of the schedulesby
the IMS algorithm,we first comparedthe executioncyclesof the
schedulesfrom two algorithms. In all the benchmarkprograms,
therewasnegligible performanceimpact( : 0 d 5%),whichwasdue
to the codedifferencesin prolog andepilog codesections,which
areoutsidesoftware-pipelinedloopbodies.

We alsoevaluatedtheperformanceof theschedulesby theIMS
algorithm. If theperformanceis closeto optimum,it implies that
thescheduleis tight andthereis not muchfreedomin scheduling
eachoperation,resultingin smallexplorationspacefor theBIMS.
The quality of the IMS wasevaluatedby comparingthe actualII
valueswith the theoreticalMII values. 99.2%of the loopstested
achieved their IIs equalto theMII values,indicatingthat the IMS
algorithmfindshigh-qualityschedulesin termsof theperformance.
Evenunderthisrestrictivesearchspacefor power-awareschedules,
the BIMS algorithmis quite effective in reducingthe peakpower
andsteppower consumptionasshown in thenext subsections.



5.1 Impact on PeakPower Consumption
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Figure 3: Normalized power distrib ution for an 8-issueVLIW
machine.
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Figure 4: Normalized power distrib ution for a 16-issueVLIW
machine.

Figures3 and4 show theimpactonthepeakpowerconsumption
of theproposedBIMS for the8-issueand16-issueVLIW machine
configurations,respectively. Thex axisof thegraphsshowsthenor-
malizedpower consumptionvalues,1 beingthe maximumpower
dissipatedunderthegivenmachineconfiguration.They axis indi-
catestherelative ratio (in percentage)of thecyclesthatconsumed
thecorrespondingnormalizedpower duringthebenchmarkexecu-
tions. The curvesin thegraphsrepresentthe cumulative distribu-
tion functions(CDFs)of thenormalizedpower consumption.

As shown in Figures3 and4, theaveragepowerof theschedules
generatedfrom theBIMS algorithmareclusteredaround0.57.On
theotherhand,undertheIMS, thebenchmarkexecutionsspendthe
largenumberof cyclesat high power consumptionlevels. For ex-
ample,for the 8-issueVLIW machine,the IMS-generatedsched-
ulesspend58.9%of their executioncyclesconsumingmorethan
70%of themaximumpower. However, undertheBIMS, only 8.8%
of programexecutionswerespentconsumingmorethan70%of the
maximumpower.

Figures3 and4 alsoillustratethebalancingeffect of theBIMS
algorithmon theP8 SP9 i distribution. For example,in Figure3, the
standarddeviation of thenormalizedpower distribution underthe
IMS is 0.31while it is reducedto 0.08for theBIMS. As thenumber
of resourcesincreases,thesearchspaceto find alternativeschedules
becomesbigger, thustheBIMS algorithmfindsbetterschedulesfor
machineconfigurationswith longerinstructionwords.

5.2 Impact on StepPower Consumption
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Figure 5: Normalized step power distrib ution for an 8-issue
VLIW machine.
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Figure 6: Normalized step power distrib ution for a 16-issue
VLIW machine.

Figures5 and6 illustratetheimpactonthesteppowerconsump-
tion of theBIMS for the8-issueand16-issueVLIW machinecon-
figurations,respectively. The x axis of the graphsshows the nor-
malizedsteppowerconsumptionvalues,1 beingthemaximumstep
power valueunderthe given machineconfiguration. As with the
peakpower experiment,the schedulesfrom the BIMS algorithm
hassmallersteppower valuesover onesfrom the IMS algorithm.
For example,for the16-issueVLIW machine,thegeometricmean
of steppower valueswhenthe IMS is usedis 0.41while it is re-
ducedto 0.24whentheBIMS is used.

6. CONCLUSION AND FUTURE WORK
Wehavedescribedapower-awaremoduloschedulingalgorithm,

BalancedIMS (BIMS), for high-performanceVLIW processors.
TheBIMS algorithmreducesthesteppower andpeakpower con-
sumption(whichaffecttheprocessorreliability) from performance-
critical loopbodies.Themaincharacteristicsof theschedulesfrom
the BIMS algorithmis that their power consumptiondistributions
arebetterbalancedover power-unawaremoduloschedulingalgo-
rithms. Experimentalresultsusing SPEC95FP benchmarkpro-
gramsshow that the proposedalgorithm is effective in reducing
boththesteppowerandpeakpower; In thecaseof steppowercon-
sumption,the BIMS reduceson average37.1%over the original
IMS algorithm.



The currentversionof the BIMS algorithmcan be further en-
hancede in severaldirections.For example,theBIMS algorithmcan
beintegratedwith post-passlow-powerschedulingtechniquessuch
as[15, 7]. Although post-passtechniqueswork independentlyof
theBIMS algorithm,it will beinterestingto evaluatequantitatively
the combinedeffect on the power consumption.We alsoplan to
investigatehow theBIMS affectsthe energy efficiency of aggres-
sively clock-gatedprocessors.Sincethe BIMS tries to spreadthe
operationdistributionevenlywhile clockgatingprefersskewedex-
ecutions,it will be an interestingfuturework to extendtheBIMS
algorithmfor suchprocessors.
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