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Abstract
Hardware implementationsof a given computerarchitectureproliferatequickly; every few
monthsnew generationsof chipsareannounced.However compilersdo not keepthis pace,
becauseof thetime consumingprocessof tailoring optimizationandcodegenerationfor spe-
ci�c architectures.We want to automatepartsof the compiler developmentprocessusing
adaptive techniques,suchasmachinelearning. In particular, we considerlocal instruction
scheduling— theorderingof instructionsof abasicblock for ef�cient executiononamodern
superscalarprocessor. This is an importantproblemin compileroptimization,becauseit is
easyfor programsto suffer verybadperformance(twice thetimeor moreof goodschedulers)
with naive schedulingalgorithms.Choosingtheoptimalschedulesequencerequireslooking
at all legal (subjectto data-dependenceconstraints)permutations— in practicethe number
of legal permutationsis very large thoughlower thantheworstcase,n!. Heuristicsmay �nd
closeto optimalsolutions,but dueto therequirementthatschedulingbedonein linear time,
theheuristicsappliedmustbekeptsimple.Hand-craftedheuristicsaredif�cult to devise,andit
is noteasyto adaptthemto new hardwareimplementations.In thispaper, wedescribeanovel
approachto instructionscheduling.We incorporatea machinelearningcomponent,suchasa
neuralnetwork or a decisiontreeinto an instructionscheduler, in orderto constructa sched-
uler that is �e xible. We found that the techniqueis effective, in that theschedulesproduced
areexceptionallycloseto the hand-craftedschedulersof the commercialcompilers(andby
extensionto theoptimum).Givena setof goodfeatures,thebestof theseadaptive instruction
schedulersproducescodewith executioncostno worsethan1% slower thana manufacturer
suppliedschedulerprovidedby Digital.

1 Intr oduction

As computerarchitecturesbecomeincreasinglymorecomplex, moresophisticatedcompileropti-
mizationsarerequiredto take advantageof new featuresof thearchitecture,especiallyin instruc-



tion scheduling.However, the fastpaceddevelopmentof new technologyprecludesspendinga
largeamounttime handcraftingcomplicatedinstructionschedulers.Hand-craftingtheinstruction
scheduleralsomeansthe compilerwriter haslesstime to spendon otherpartsof the compiler,
which canfurther increasethe potentialof performancegains. Also, computerengineersdesire
theability to experimentwith many differentdesignsof anarchitectureto measuregainsof one
architectureover another. This not only requiresbeingableto quickly prototypethearchitectures
in question(eitherby usingField ProgrammableGateArraysor simulators),but alsorequiresthe
quick prototypingof optimizingcompilersfor thosearchitectures.Supportingquick prototyping
of optimizingcompilersprecludeshandtuningany partof thecompiler, includingtheinstruction
scheduler. We proposeusinga machinelearningcomponent,suchasaneuralnetwork or decision
tree,to automategenerationof theheuristicsusedto scheduleinstructions.

Sowe askthefollowing questions:

1. Is it possibleto applyagenericgreedyalgorithmguidedby theevaluationof certainfeatures
of theinstructionsbeingscheduled?

2. Canthedecision-makingof suchagreedyschedulingalgorithmbeconstructedby amachine
learningcomponent(MLC), suchasa neuralnetwork or adecisiontree?

We extractedbasicblocksfrom Fortranprogramsin theSPEC95benchmarksuite,compiled
on the Digital Alpha architecturefor the 21064chip implementation[1]. We computeda setof
featuresthat served as input to a MLC, either a comparatorarti�cial neuralnetwork (CANN)
or a decisiontree. The MLCs were trainedto choosethe betterof two candidateinstructions
(wheneithercould legally follow). We performedcross-validation: we trainedthe MLC on all
benchmarkssave one, thentestedit on that one. The testingphaseconsistedof integratingthe
trainednetworkor induceddecisiontreeintoaninstructionscheduler. Basicblockswerescheduled
usingthis instructionschedulerandthenrun on a simulatorof the targetarchitectureto evaluate
thecostsof theschedules.Wefoundthatthetechniqueis effective, in thattheschedulesproduced
were reasonablycloseto the hand-craftedheuristicsof a public domainDigital scheduler(and
by extensionto theoptimum),within .09%-1.43%,and.54%on theaveragefor oneexperiment.
Thispaperpresentspreliminaryresultsof usingneuralnetworksanddecisiontreesto combineand
derive theimportanceof featuresin aninstructionscheduler.

In Section2, theproblemof local instructionschedulingis described.Ourexperimentalframe-
work is presentedin Section3. Thissectionelaborateson theprocessof building andevaluatinga
MLC scheduler, from trainingto scheduling.In Section4, wedescribethekindsof featuresfound
in our featuressets.In Section5, we formulatethelocal schedulingproblemasa machinelearn-
ing problemanddescribethetwo MLCs thatwereusedto solve this problem.Themethodsused
to evaluatetheMLC schedulersarepresentedin Section6. In this section,we alsodescribethe
differentfeaturesetsandbenchmarksusedin ourexperiments.Theresultsof ourexperimentsare
presentedin Section7. Theideaof usingmachinelearningin instructionschedulingis notnew, but
previoustechniqueswereinadequatefor usewith modernhardwareandcommercialcompilers.In
Section8, wepresentpreviouswork in thisarea.In Section9, wediscussfutureareasof work for
this research;Section10concludes.
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Figure1: Onsomearchitectureimplementation.

2 The Local Instruction SchedulingProblem

A basicblock consistsof a list of instructionswith a singleentryandsingleexit point. Local in-
structionschedulingpertainsto schedulingtheinstructionsof a singlebasicblock without regard
to the effect that schedulemay have on otherblocksthat follow. Global instructionscheduling
techniques,suchas tracescheduling[2] and percolationscheduling[3], pertainto methodsof
consideringmultiple basicblockswhenscheduling.Global instructionschedulingmaybeanin-
terestingmachinelearningproblemandcan lead to more bene�ts than local schedulingalone;
however, thesetechniquesdo not precludethe needfor goodlocal schedulingandthereforeour
researchis an essential�rst step. The restof the paperpertainsto local instructionscheduling,
unlessotherwisespeci�ed.

At any point during schedulingof a basicblock, thereis sequenceof instructionsthat have
beenscheduled,thepartial schedule, anda directedacyclic graph,calleda datadependencedag
(DDD), of instructionsremainingto bescheduled.TheDDD representsthedatadependenciesof
theinstructionsin thebasicblock. Therefore,beforeschedulingcanbegin, a DDD of instructions
mustbebuilt for thebasicblock to bescheduled.A �nal scheduleconsistsof a con�guration in
which all instructionshavebeenremovedfrom theDDD andplacedin thesequenceof scheduled
instructions. The cost of a scheduleis the numberof cycles the machinetakes to executethe
scheduledsequence.Figure1 shows a sequenceof instructions(a) that make up a basicblock
andits correspondingDDD (b). The�gure alsoshowsall thepossibleschedulesfor theDDD (c),
the latenciesof the instructionsin thesequence(d), andestimatedscheduledtimes(e) for some
architectureimplementation.As canbeseenin the�gure, someschedulesarebetterthanothers.

Our methodof schedulingfollows thetraditionalapproachto instructionscheduling: instruc-
tionsarescheduledfrom therootsof theDDD to theleaves,andtheDDD is maintainedalongthe
way to determinewhich instructionsarecandidatesfor scheduling.We illustratethis approachin
Figure2, by showing thestepsrequiredto arrive at thescheduleACBD for theDDD in Figure1.
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Figure2: Thesequenceof schedulingstepsto scheduleDDD in Figure1 to obtainscheduleACBD.

In Step(a), instructionA is theonly instructionthathasno dependencieson otherinstructionsin
the basicblock (this makesthe instructiona root) andthereforemustbe scheduled�rst (at any
schedulingpoint, only therootsin theDDD canbescheduled).As we scheduleinstructionA in
Step(b), weremoveits correspondingnodeandits outgoingdependenceedgesfrom theDDD. Re-
moving dependenciescanmake otherinstructionsroots,causingtheseinstructionsto beavailable
for scheduling.After wescheduleinstructionA, wecanscheduleeitherinstructionB or instruction
C, sinceneitherof themhavepredecessorsin theDDD. In Step(c), theschedulerchoosesinstruc-
tionC to schedulenext. SinceinstructionD dependsonB, D doesnotbecomearootof thenewly
formedDDD andcannotbescheduled.Step(d) correspondsto theschedulingof instructionB and
its nodeandoutgoingdependenceedgebeingremoved.In Step(e), wereacha�nal legalschedule
by schedulinginstructionD. The lastnodefrom theDDD is removedandtheschedulecontains
all theinstructionsfrom theoriginalDDD.

Instructionschedulingrequiresthe useof a speci�c algorithm to constructschedulesfrom
basicblocks. The algorithmmustnot be exhaustive andif backtracking(i.e., the unscheduling
of instructionsto investigatealternatives) is usedit shouldbe donein a restrictedamount. Our
systemsupportsbacktracking,but we have not yet usedit in the schedulingalgorithm. A DDD
inducesa partial order to the basicblock, thereforethe numberof �nal legal schedulesfor the
basicblock correspondsto the numberof total ordersfor the DDD. Brightwell andWinkler [4]
showed that determiningthe actualnumberof total ordersin a dag,given a partial ordering,is
#P-complete,thusexhaustive schedulingis infeasible.We concentrateon thegreedyscheduling
algorithm,whichschedulesthebestinstructionat thedecisionpoints,thatis at thedecisionpoints
we schedulethe instructionthataddsthe leastcostwhenaddedto thesetof instructionsalready
scheduled.“Best” is derivedfrom theheuristicsembeddedin thescheduler.

Wepostulatethatany heuristicsusedby agreedyschedulingalgorithmcanbecalculatedfrom
a setof featuresthat describethe presentstateof the schedulingprocessandthe characteristics
of the candidateinstructions,provided sucha setof featuresis well chosen. The presentstate
of theschedulingprocessembodiestheprocessorstateandsomeaspectsof the remainingDDD
structure.Thecharacteristicsof thecandidateinstructionsembodypropertiesof theDDD structure
asseenfrom their point of view. The resultspresentedin Section7 verify thatheuristicscanbe
calculatedfrom a setof features.

Everyschedule,whetherpartialor completewith respectto thebasicblock,hasawell-de�ned
costassociatedwith it, thenumberof cyclesthat theschedulewill take to executetheschedule's
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Figure3: AdaptiveInstructionSchedulerFramework

instructions.Weobtainthecostby simulatingeachbasicblockusingasimulatorprovidedby Dig-
ital. This simulatormodelsthe Alpha 21064architectureimplementation.It simulatesmemory
andchip resourceconstraints,includingfunctionalunitspipelines,registerusage,andlatency of
instructions.Anothertechniquefor simulatingthe costof basicblockscalledself-simulationis
proposedin [5]. Baker thereproposesa method,which, with minor modi�cations to chip imple-
mentations,would allow a compilerto executeindividual basicblocksdirectly on thehardware.
This is anintriguingconceptsinceit wouldallow a MLC to learnintricatedetailsof thehardware
automatically, insteadof someonehaving to provide themby hand.

3 Experimental Framework

Figure3 depictsthedifferentphasesthatarecompletedduringtheconstructionandevaluationof
our MLC instructionschedulers.Beforethesephasesbegin, analyzerroutinesareusedto extract
basicblocksfrom our corpusof executablebenchmarks.Otheranalyzerroutinesgeneratepro�le
information,which is neededfor estimatingtheperformanceof our MLC schedulerandfor per-
forming weightedtrainingin our neuralnetworks(explainedin Section5.1.1). The�rst phaseof
ourexperimentalframework, usesthebasicblockscreatedby ouranalyzerroutinesfor generating
training�les. Duringthisphase,ascheduleris givenacertainamountof time in whichto perform
exhaustive scheduling.Enoughtime is allottedso that, for mostblocks,thescheduleris ableto
�nd optimalschedules.For many largeblocks,however, exhaustiveschedulingis impossibleand
schedulingis thereforeterminatedafterthetimeallotted.After we exhaustively schedulea block,
weoutputfeaturesfor thatblock into a �le whichwill beusedfor trainingourMLCs.

Featuresaregeneratedfor theinstructionsateachdecisionpoint. A decisionpoint is aplacein
theschedulewherethereis morethanoneinstructionthatcanbescheduled.Thusa decisionhas
to bemade.At eachof thesedecisionpoints,we outputa line of features(describedin Section4)
for eachcandidateinstructiontogetherwith threeadditionalfeatures:thecostof thebestpossible
schedulethatcanbeachievedby schedulingthis instruction,thecostof thebestpossibleschedule
for thebestcandidateat this decisionpoint, andthebestpossibleschedulecostfor thatblock. If
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we werenot able to exhaustively schedulea block, we usethe bestcost that was found before
schedulingwasterminated.

Therearecurrentlyover threehundredand�fty featuresthatcanbegeneratedfor eachline of
features.This numberfar exceedsthecapabilityof mostlearningtechniquesfor sizeof datasets
weweretrainingover (tensof thousands),thusweassumeasubsetof featuresdeemedinteresting
would be selectedfor learning. The secondphaseis training the machinelearningcomponent
with �ltered datasets. Oncethe setof featuresto be experimentedwith is chosen,the original
feature�les are�ltered to createthedatasetswith which to train theMLC. Givenwe know the
bestpossibleschedulecostof eachcandidateinstructionif it were to be scheduledat a certain
decisionpoint,we know which candidateis bestto scheduleandwe cantrain a machinelearning
component,to pick this bestcandidatein a supervisedsetting. We elaborateon how we phrase
theproblemasa machinelearningproblemin Section5. Thethird phaseis theintegrationof the
trainedMLC into a scheduler. During this phase,learningis turnedoff, otherwisewe wouldslow
schedulingto anunacceptablelevel. In this phase,we alsoscheduleblockswith otherschedulers
we wish to compareagainst(e.g.,a randomscheduler).In orderto evaluatethe performanceof
our MLC schedulers,we schedulebasicblocksfrom our benchmarksandmeasuretheir schedule
costwith thesimulator. Thusin thefourthand�nal phase,wemeasurethecostof thebasicblocks
scheduledwith eachof thedifferentschedulers.In our experiments,we scheduledwith our MLC
schedulersandseveraldifferentschedulersdescribedin Section6.4. As mentioned,thescheduler
was implementedthroughsimulation— it was not actually implementedin the back endof a
compiler— thereforea simulatorwasrequired.We usedan instructionschedulerandan Alpha
21064simulatorbothprovidedto thepublicdomainby Digital. A largeamountof codewasbuilt
aroundthesetwo components,includinganinterfaceto thesimulatorandschedulerandcodefor
featuregeneration.All coderelys heavily on ATOM, an instrumentationtool for Digital Alpha
workstations.With this setof tools,we wereableto integrateour trainedMLCs into a scheduler
quiteeffectively. Thesimulatorwasdevelopedby computerarchitectsatDigital, thereforewefeel
it is a goodindicationof actualcostsincurredby basicblocksat run-timeon this particularchip
implementation.

4 Features

Thefeaturesweusecanbeclassi�edinto threecategoriesdependingon theamountof knowledge
aboutthearchitecturerequiredto computethefeatures.Thecategoriesareblack-box(no internal
knowledgeof thearchitectureneeded),gray-box(a limited amountof knowledgeof thearchitec-
tureneeded),andwhite-box(deepinternalknowledgeof architecturerequired).Blackboxfeatures
usetheoriginal DDD, thepartialDDD, andthepartialschedulefor their calculation,but do not
makeany assumptionsaboutcomputerarchitecturein doingso.Grayandwhitebox features,also
usethesestructures,but in additionthey takeadvantageof characteristicsof themachinefor which
wearebuilding ascheduler. Becauseof theaccurateinformationthesefeaturesprovide,wepostu-
latethatwhiteandgraybox featuresareessentialin building schedulersthatarecompetitivewith
thosefoundin commericialcompilers.Resultspresentedin Section7.1andin Section7.3.3seem
to supportthishypothesis.

Thesecategoriesarealsoagoodindicationof whichfeaturesmustbemodi�ed whenconsider-
ing anew architecture.For new architecturesthecomputationof blackboxfeaturesshouldremain
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thesame,someof thegraybox featurecalculationmayneedto bemodi�ed, andmost,if not all,
of thealgorithmsusedto computewhite box featureswill have to berewritten or at leastadapted
a fair amount. The selectionof featureswe implementedwas in�uenced by our understanding
of thekindsof informationneededby thevariousheuristicsdescribedin the literature. Someof
the featurescantake parameters,which allows us to vary theamountof informationor the level
of detail returnedby thefeature.For instance,onefeature,SchedulingPressureof anInstruction
Class,cantakeaparameterspecifyinghow farbackin thescheduleweneedto look for pressureof
acertaininstructionclass.Wealsoprovideseveralrepresentationsof samefeaturewhenappropri-
ate.This allows usto useinput representationsthatbettersuit thelearningtechniquebeingused.
For example,thefeatureInstructionClassis providedasa numberbetween0 and18. Thisshould
be�ne for decisiontrees,but giventhatthis featurerepresentsunorderedcategoricaldata,wealso
provideit asa1-of-nbinaryencoding,whichmaybemoreappropriatefor neuralnetworks.It also
helpsto categorizethefeaturesbasedontheinformationthey carry. Featurescancarryinformation
aboutthebasicblock asa whole, thecurrentpartialschedule,a candidateinstruction,or a com-
binationof botha candidateinstructionandthecurrentpartialschedule.That is, we canclassify
featuresbasedon whetherthey areindependentor dependentof thecandidateinstructionwaiting
to getscheduled.Featuresthatareindependentof any candidateinstructiondescribethecurrent
partialscheduleor theDDD, without regardto any candidateinstructionwaiting to bescheduled.
Whena new instructionis scheduled,thesefeaturestypically needto be recomputed.Features
of thecandidateinstructionprovide informationaboutthecandidateinstructionor thecandidate
instructionandsomeotheraspectof theschedulingstate,suchastheDDD. The“combined”fea-
turesdescribesinformationaboutthecandidateinstructionasit pertainsto currentpartialschedule.
For instance,the featureLast PredIssuedLong Ago is calculatedby �nding the instructionlast
scheduledwhich thecandidateinstructionis dependenton. Therefore,this featuresrequires(and
is thereforedependenton)acandidateinstructionto becalculated.

5 Schedulingasa Machine Learning Problem

Oneof our mainconcernswasformulatingtheproblemasa machinelearningproblem. For ex-
perimentspresentedin thispaperwesettledonamethodof preferencelearning,wherewepresent
a MLC with two instructionsandtrain it to prefertheinstructionresultingin thelowestschedule
cost. Figure4 depictswhata typical trainingpatternfor a neuralnetwork lookslike (thetraining
patternsfor DTs differedonly in format). Threesetsof featuresarepresentedto the MLC. The
�rst setareindependentof thetwo candidateinstructionsthatarebeingcompared.Thesefeatures
pertainto thestateof thescheduleat thecurrentdecisionpoint. Thesecondandthird setof fea-
turescorrespondto oneof thecandidateinstructionsto bescheduled.Eachline, therefore,pertain
to somestateinformationandthefeaturesof two instructionswearecomparing.Thetargetvalues
(or classlabels)to belearnedarezeroor one.A targetvalueof zerocorrespondsto �rst instruction
beingpreferred,anda targetvalueof onepertainsto thesecondinstructionbeingpreferred.

5.1 SchedulingusingNeural Networks

WerequiredaMLC thatcouldlearnpreferencesof instructionsby categorizinga “pattern”or fea-
turevectorthatcarriedinformationabouttheinstructionswhich werecandidatesto bescheduled
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Figure4: A typical trainingpattern.

andthecurrentstateof theschedulingprocess.OnesuchMLC is a feed-forwardneuralnetwork
[6]. A feed-forwardneuralnetwork hasa topologyconsistingof groupsof neuronsor unitsform-
ing layers.Therearesomenumberof input unitsforming aninput layer, somenumberof hidden
unitsarrangedin zeroto severalhiddenlayers,andsomenumberof outputsunitsforminganout-
put layer. In our network topology, eachlayer i is fully to connectto eachlayer i

�

1, andthese
connectionsbecomeeitherexcitatory (positive weights),inhibitory (negative weights),or irrele-
vant (weightscloseto zero)during the training of the network. Input valuesfrom training data
arefed simultaneouslyto theinput layer, andtheoutputsof theseunitsaresimultaneouslyfed to
the �rst hiddenlayer. This processcontinuesuntil the outputsof the last hiddenunit arefed as
inputsto theoutputlayer, andthenetwork �nal output(theinstructionpreference)is produced.A
neuralnetwork'scapacityto learnlargelydependsonthenumberhiddenunitsandtheinputrepre-
sentation.We train ourneuralnetworksin a supervisedsetting,thatis afterinput valuesaregiven
to thenetwork, thecorrectresponsefor theseinputsis givento thenetwork, which is usedin the
backpropagationalgorithmfor adjustingtheweightsandthresholdsof theunits.Backpropagation
is analgorithmthat iteratively computesslight changesto all of theweightsandthresholdsin the
network in thedirectionof the fastestdecreaseto thesumof squarederrors. Generalizationis a
highly desirablequality of NNs. Generalizationrefersto the neuralnetworksability to perform
well (classify)on new datadifferentfrom thedataseenin training. It is importantthat theneu-
ral network doesnot memorize,or over�t, the trainingdata. To alleviatethis problem,we retain
sometestdatadifferentfrom thedatausedfor trainingthenetwork. As thenetwork is learning,its
performanceon this testsetis monitored.Thetrainingprocessis terminatedwhenthenetwork's
performancedoesnot improvefor thetestdata.Severalalgorithmscanbeusedto trainanetwork,
many of whicharevariantsof thestandardbackpropagation.

Two algorithmswe experimentedwith includeBackpropagationwith Momentum(BPM) and
ScaledConjugateGradient(SCG).BPM usesa momentumtermin thestandardbackpropagation
algorithm.Themomentumtermintroducestheold weightchangeasa parameterin thecomputa-
tion of thenew weightchange.Theeffectof momentumis that�at spotsof theerroraretraversed
rapidly with a few quick steps,thusincreasingthe learningspeedsigni�cantly. SCGperformsa
specialkind of gradientdescent,whichusesthegradientvector(�rst orderpartialderivatives)and
theHessianmatrix (second-orderpartialderivatives)of theerrorfunction. Unlike standardback-
propagation,which alwaysproceedsdown the gradientof the error function,conjugategradient
methodsperforma gradientdescentin d � dimensionalspace,by �nding d directionsalongwhich
thesystemis successively transformed.The largestpossiblestepto take thatdecreasestheerror
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functionin eachdirectionis taken,wherethe(i
�

1)thdirectionis chosento beconjugate,with re-
spectto theHessianmatrix, to thepreviousi directions.After severalself-validationexperiments
(explainedin Section7.2.1),wechoseSCGasthealgorithmto updateournetworks.Theresultsof
theseexperimentsarepresentedin Section7.2.1.We foundno signi�cant differencebetweenthe
two algorithmsandSCGhadoneobviousadvantageoverBPM thatmadethechoiceclear:it took
BPM many iterationsto converge,typically between2000-5000,while SCGnormallyconverged
in lessthan50 iterations.SCGwasthusmuchlesscomputationallyexpensivethanBPM.

Thetypeof neuralnetworkuseddependsheavily onthewaytheschedulingproblemisphrased.
Giventhatwe phrasedour problemaslearningof preferencesof which instructionto scheduleat
a decisionpoint, we choseto experimentwith a comparatorneuralnetwork structure.Figure5
depictsthe schematicof a comparatorarti�cial neuralnetwork (CANN). CANNs wereinvented
by Tesauro[7] for learningto comparealternative movesfor thegameof backgammon.A good
descriptionof CANNs anda discussionof their applicationto loadbalancingcanbefoundin [8].
Sincewe arelearningto choosethebestof n alternatives,asin [8], we noticedtheapplicability
of this network to our problem. We implementedCANNs using feed-forward neuralnetworks
[6]. Our CANN consistedof threesetsof inputs.Eachof thetwo setson inputsreceivesfeatures
dependentononeof thecandidateinstructionsinvolvedin thecomparison.Thethird setof inputs
receivesfeaturesindependentof theinstructionsbeingcompared.A discussionof featurescanbe
foundin Section4.

5.1.1 WeightedversusUnweightedTraining

We alsoconsideredweightedversusunweightedtraining. Weightedtrainingallows the learning
algorithm to accountfor the importanceof the basicblocks to programperformance.During
weightedtraining,eachtrainingpatternhasanimportancefactorassociatedwith it, whichpertains
to theoffensivenessof thebasicblock (i.e., thecontributionof thebasicblock to thetotal runtime
of the benchmarkcontainingit) that generatedthe pattern. The weight of a training patternis
multipliedby h, thestepsizetakenby thegradientdescent,beforeit is usedin thebackpropagation
algorithm.Thus,trainingpatternsgeneratedfrom importantbasicblockshave a greatereffect on
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theMLC thantrainingpatternsfrom lessimportantblocks.
It is imperative that importantbasicblocksbescheduledwell, thereforetreatingthemdiffer-

entlymayincreaseourschedulingperformance.In oneexperimentusingCANNs,wenoticedthat
badschedulingof just oneimportantbasicblock introducedovera 30%performancedegradation
to theoverall executioncostof thebenchmark.Importantbasicblockstendto belargermorefre-
quentlyexecutedblocks,suchasblockstypically foundin innerloops.A block's importance,and
thereforetheweightsof thetrainingpatternsfrom thatblock,aregeneratedfrom pro�le informa-
tion. Theresultsfrom trainingoverthe�rst featuresetweusedsuggestedthatCANNstrainedwith
weightedpatternsscheduleblocksbetterthanthosetrainedwith unweightedpatterns.This sug-
gestedthatimportantbasicblockshadpropertiesinherentlydifferentfrom thoseof smallerblocks,
andthatthesepropertieswereimportantto thelearner. In trainingour CANNs, theweightswere
usedto increaseor decrease(dependingon theweightof thepattern)thestepsizeof thegradient
descentandthuswe werebiasinglearningto the importantbasicblocks. Interestingly, weighted
trainingwith a bettersetof featuresdid nothelpin thelearning.Trainingusingweightedpatterns
wasnotbeenintegratedinto adecisiontreepackage,andis left asfutureresearch.

5.2 SchedulingusingDecisionTrees

We formulatedtheproblemof instructionschedulinginto oneof classifyingpatterns.Givena set
of input featuresrespresentingpresentstateandtwo instructioncandidates,we train a MLC to
label the pattern,eitherwith a 0, correspondingto the �rst instructionbeingpreferredover the
second,or a 1 correspondingto thesecondinstructionbeingpreferredover the�rst. Formulating
the problemin this manner, allowed us to usea techniqueof building classi�ers from training
dataknown asdecisiontrees(DT). A DT is a structureconsistingof eithera leaf, indicatinga
class,or adecisionnodethatspeci�esa test,correspondingto thevalueof asingleattribute.Each
outcomeof thetesthasa branchanda subtreeassociatedwith it. Thereareeffective andef�cient
algorithmsfor DT inductiondirectly from acorpusof trainingdataconsistingof patterninstances
with their assignedclassi�cation[9]. As with neuralnetworks, it is possiblefor a decisiontree
to over�t to trainingdata.We addressthis problemby pruningtheresultanttreesinducedby the
decisionalgorithm.Pruningconsistsof discardingoneor moresubtreesandreplacingthemwith
leaves. The DT inductionexperimentsreportedherewereperformedusingthe ITI system[10].
For experimentscomparingCANN andDT schedulers,we usethe sametraining datafor both
MLCs (with the exceptionof slight formattingchanges).Oneadvantageof decisiontreesover
neuralnetworksis thatthegeneratedtreescanbedirectly interpretedby expertsin thedomainof
interest.Figure6 depictsadecisiontreebuilt with ITI with theDigital Predicatefeaturesexplained
in Section7.2(in the�gure thefeatureshavebeenconvertedfrom numericalvaluesto categorical
labelsfor facillitatetheinterpretationof thetree).

6 Evaluation Methods

Learningalgorithmsaretypically measuredby theiraccuracy overanunseentestset.Someexper-
imentsprovedthis wasan inadequatemethodto evaluateour trainedMLCs. A basicblock may
haveseveraldecisionpointsandateachdecisionpoint theremaybeseveralcandidateinstructions
from which to choose.Thedecisionsin our training�les correspondto intermediatedecisionsand
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arenotadirectmeasureof how well wecanscheduleinstructions.In fact,wefoundthathighaccu-
racy ontestdatadid not imply onehadagoodscheduler. Wethereforecreatedschedulersthatused
trainedMLCs. Thequalityof aMLC wasmeasuredby thetotalestimatedcostof thebenchmarkit
scheduled.Theestimatedcostwasderivedby accumulatingthesimulatedcostof eachbasicblock
multipliedby thenumberof timesit wasexecuted,asreportedin thepro�le information.

6.1 Self-Validation and Cross-Validation

We trainedour CANNsusingself-validation, thatis trainingon datafrom a particularbenchmark
andthenschedulingthatbenchmarkusingthetrainednetwork. This is bene�cial for a coupleof
reasons.First, it givesus a upperboundon the quality of schedulesthat we canexpect from a
CANN scheduler. We aretraining the network with the exact patternsit will seeat the time of
scheduling.Therefore,we arenot relying on the network's ability to generalize,but areinstead
interestedonly in theamountof informationthatcanbecapturedby thenetwork andwhetherthe
taskis in factamenableto aneuralnetwork con�guration.Theseexperimentswerealsousedasan
existenceproof; that is, we wantedto prove therewasa setof features,a setof trainingpatterns,
anda neuralnetwork which, whentrainedon thosetrainingpatterns,couldscheduleinstructions
well (reasonablycloseto thequalityof amanufacturerprovidedheuristicscheduler).Sinceit isn't
reasonableto expectto achievebetterresultsthanthosereturnedwith theself-validationtechnique,
experimentingwith thismethodallowedusto tuneseveralneuralnetwork parameters,suchasthe
numberof hiddenunits, thebesttrainingalgorithmto use,etc. Therearefew parametersto tune
with decisiontrees. Therefore,we usedself-validationwith decisiontreesonly to get a upper
boundon theirperformanceandnot for tuningparameters.

It is unknown at the time we aretrainingour MLC, which programsa compilerwith our in-
structionschedulermight beusedto compile.Therefore,a cross-validationstudyis a truetestof
how well ourschedulercanbeexpecteddoin practice.Ourmethodof cross-validation,“leave-one-
out” cross-validation,consistedof takingthetrainingdatafromall of theprograms,exceptone,and
feedingthecorpusof trainingdatainto theCANN or DT. We thenusedthetrainedCANN or DT
to scheduletheprogramnot includedin thecorpus.Weperformedcross-validationonbenchmarks
for thesamelanguageonly; ThesebenchmarksincludethetenFortranbenchmarksfrom Spec95
(describedin Section6.2). Therefore,duringour cross-validationstudy, we weretraininga MLC
with trainingdatafrom nineof theFortranbenchmarks.Thetenthbenchmarkthatwasleft outwas
thenusedfor scheduling.Eachcross-validationexperimentresultedin ten trainedMLCs which
wereusedfor schedulingthetenFortranbenchmarks.Cross-validationteststheMLC's ability to
generalize.Preliminaryresultswith CANNs seemedto indicatethata MLC performedbetterif
it wastrainedusingonly trainingpatternsfrom a corpusof benchmarksof thesamelanguageas
thebenchmark,asopposedto usingacorpusof differentlanguagesfrom whichto trainandsched-
ule from. This resultseemedreasonable,given that different languagesanddifferentcompilers
couldcausebasicblocksto haveinherentlydifferentcharacteristics,whichwouldrequiredifferent
heuristicsfor schedulingthem.Thisassumptionwasinvalidatedby resultsfrom decisiontrees(see
Table8), whichshowedthatindeed,wecouldtrainonacorpusof benchmarksfrom onelanguage
andschedulebenchmarksfrom acompletelydifferentlanguage.
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6.2 Benchmarks

WetrainedourMLC schedulersonthe10SPEC95Fortranbenchmarks.Thesebenchmarksvaried
in size,totalnumberof basicblocks,andaveragebasicblock length.Table1 lists thebenchmarks
we usedandtheir attributes.We derive thetotal costof thebenchmarkby summingthecostsof
its basicblocks. Thecostof eachbasicblock is thenumberof timesthebasicblock is executed
(asobtainedfrom thepro�le information)multipliedby thecostof thescheduleof thebasicblock
(obtainedfrom thescheduler).

Benchmark Description Source
lines

Number
of
blocks

Number
of instruc-
tions

Average
size of
block (in-
structions)

FORTRAN programs
110.applu Parabolic and elliptic partial differential

equations
3 817 25475 129853 5.097

141.apsi Solvesfor the mesoscaleandsynopticvari-
ationsof potentialtemperature,wind, veloc-
ity, anddistribution of pollutants

4 211 29077 159482 5.485

145.fpppp Quantumchemistry 2 122 25693 132139 5.143
104.hydro2d Astrophysics: hydrodynamical Navier-

Stokes equationsare solved to compute
galacticaljets

2 522 26789 129568 4.837

107.mgrid Multi-grid solver in a3D potential�eld 368 25555 121750 4.764
103.su2cor Quantumphysics: Monte Carlo calculation

of elementaryparticlemasses
1 614 26972 135837 5.036

102.swim Shallow watermodelwith 512 � 512grid 259 25109 119333 4.753
101.tomcatv A mesh-generationprogram 107 23856 117515 4.926
125.turb3d Simulates isotropic, homogeneousturbu-

lencein acube
1 280 26285 127884 4.865

146.wave5 Plasmaphysics:solvesMaxwell's equations
andparticleequationsof motionon a Carte-
sianmeshwith avarietyof �eld andparticle
boundaryconditions

6 430 28932 152655 5.276

Total 22730 263743 1 326016 5.028

Table1: Propertiesof SPEC95Fortranbenchmarks.

6.3 Experimentation with Different Feature Sets

For our �rst experiments,we decidedto chooseaninitial setof thirty-four black,gray, andwhite
boxfeatures,asshown in Table2. Weusedthissetof featuresto experimentwith differentlearning
parametersof neuralnetworks,suchasthealgorithmusedto updatethenetwork (weexperimented
with BackPropagationwith momentumandScaledConjugateGradient),thestepsize,thetopology
of thenetwork, andweightedversusunweightedtraining.After severalexperimentsvaryingthese
parameterswe realizedwe would not get the desiredperformancefrom this featureset. Some
resultsof theseexperimentsarepresentedin Section7.1. Insteadof continuetheexperimentsof
differentsetsof features,weoptedfor anotherapproach.

Iteratingover differentsetsof features,until a goodfeaturesetwasfound,althoughpossible,
would have beenextremelytime-consuming.We decided,instead,to studytheDigital scheduler
to identify thekindsof featuresthatmightberequiredto build agoodscheduler. A setof features
(presentedin Table3) andapredicateonthosefeatureswasdevelopedby acolleaguein theObject
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FeatureName Description HardwareDependence

FeaturesIndependentof CandidateInstructions
CostSoFar Thenumberof cyclesthatwouldbetakenby thecurrentpartial

schedule.
white

AvailableFu IntegerPipeline Is theIntegerfunctionalunit available? white
AvailableFuFloatingPipeline Is the�oating point functionalunit available? white
AvailableFuMemoryPipeline Is thememoryfunctionalunit available? white
NumberScheduled Numberof instructionsalreadyscheduled. black
NumberRemaining Numberof instructionsremainingto bescheduled. black

FeaturesDependentonCandidateInstructions
CanDual IssueWith Last Canthe proposedinstructionbe issuedasthe secondinstruc-

tion of a pair, wherethe �rst instructionof thepair is the last
scheduledinstruction?

white

NeedsTo Wait If theproposedinstructionfollows thecurrentschedule,will it
have to wait to issue?

white

ResultAvail DelayMin Resultavailability delay– maxandmin (theactualdelayde-
pendson theinstructionwhichusestheresult)

white

InstructionClass Theclassof proposedinstruction grey
ClassOf Prior Instruction Theclassof thepreviouslyscheduledinstruction. grey
ClassOf MostRecentPred Theclassof themostrecentlyissued(immediate)predecessor grey
NumOf Imm Succs Thenumberof directlydependentinstructions. black
NumOf TransSuccs Thenumberof directlyor indirectlydependentinstructions. black
NumOf Imm Preds Numberof (immediate)instructionsthis instructionis depen-

denton.
black

NumOf TransPreds Numberof (notonly immediate)instructionsthis instructionis
dependenton.

black

Critical Path The height of the instructionin the DAG (the length of the
longestchain of instructionsdependenton this one) (edges
with unit weights)

black

Dist FromLastPredIssued How farbackis theclosestinstructiononwhichthisinstruction
depends?

black

LastPredIssuedLongAgo Wasthelastscheduledpredecessorissuedlongeragothanit' s
estimatedlatency?

black

NumDominatedImm Succs Numberof dominatednodesamongtheimmediatesuccessors black

Table2: Featuresfrom the�rst featuresetchoosen.

SystemsLaboratory, which exactly expressedthe Digital schedulingalgorithm. As veri�cation
that thesefeaturesandthepredicatewereexpressingthe sameinformationin the Digital sched-
uler, all the benchmarkswerescheduledwith the new predicate,andan exact agreementto the
Digital schedulerwasmadefor all benchmarks.Thesefeatureswerethusveri�ed to beextremely
predictive features.Any resultsreturnedby a schedulerusinga MLC trainedover thesefeatures
would representa lower boundon the performancewe could expect. Both neuralnetworksand
decisiontreesdid extremelywell schedulinginstructionsusingthesefeatures,with decisiontrees
achieving thebestperformance.

6.4 Comparisonof Different Schedulers

Wemeasuredthecostof theschedulesproducedby MLC schedulersalongwith thecostsschedules
producedby threeadditionalschedulers:theoriginal schedulerintegratedin thecompilerwhich
compiledthebenchmark(Original),a pubilc domainschedulerprovidedby Digital (PDS),which
representsanexcellent,but expensive, scheduler, anda randomscheduler, that choseamongin-
structioncandidatesat random,representingtheextremeof a naive scheduler. ThePDSprovided
by Digital usuallyoutperformsall the otherschedulers(even the schedulerthey provide in their
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HeuristicName HeuristicDescription Intuition for Use
OddPartial Is thecurrentnumberof instructionssched-

uledoddor even?
If Odd Partial is TRUE, we're interestedin
schedulinginstructionswhichcandualissue
with lastinstruction.

Any ActualDual Thenumberof instructionsthatcandual is-
suewith thepreviouslyscheduledinstruction

If Any Actual Dual � 0 andOdd Partial is
true,we would like to schedulethenext the
instructionthatcandualissue.

Max Rank The instructiońs rank based on its criti-
cal path and Digitalś heuristic weighting
function.

Instructionswith largercritical pathsshould
bescheduled�rst. Theseinstructionsaffect
thelower boundof theschedulecost

ActualDual Can the instruction dual issue with last
scheduleinstruction

If OddPartial is true,it is importantthatwe
�nd aninstructionthatcanissuein thesame
cycle (if thereis one)with thelastscheduled
instruction.

Max FuDataDelay The earliestcycle when instructioncan be
issuedwithout having to wait on its input
dataand its functionalunit: relative to cur-
rentcycle

We want to scheduleinstructionsthat will
have their dataand funtional unit available
earliest.

Max FuDataDelayAdv Theearliestcyclewheninstructioncanbeis-
suedwithouthaving to wait on its input data
andits functionalunit: relative to currentcy-
cleadvancedby one

We want to scheduleinstructionsthat will
have their dataavailableandfunctionalunit
earliest.

Table3: Digital predicatefeaturesusedfor learning.

commercialcompiler1) usedin ourexperiments,thereforeall schedulingcostspresentedin Section
7 arepercentagesof schedulingcost,worsethanthisscheduler.

7 Results

We now presentresultsof several experimentsof schedulersusing the heuristicsgeneratedby
CANNs(aCANN scheduler)andDT (aDT scheduler)trainedondifferentfeaturessets.Giventhat
DT schedulersoutperformNN schedulers,we continuedour experimentationwith DT schedulers
andpresentresultsfrom theseexperiments.We presenttheresultsof anexperimentwhich show
thata DT scheduleris ableto achieve goodschedulingresultswith a small trainingsetsize(1%
of theoriginal trainingdata).We alsopresentresultsof a DT schedulertrainedwith smallsetsof
features.To concludethis section,we presentresultsof anexperimentusingonly blackandgray
features.Theseresultsseemto indicatethatany “good” featuresetwill requiresomewhite box
features.

7.1 Resultswith First Setof Features

Table4 shows the resultsof schedulingwith MLCs trainedon our �rst setof features.This ta-
ble presentscostsof schedulingwith the schedulerin the compilerthat originally compiledthe
benchmarks(Original),a CANN schedulerusingbotha weighted(W) andunweighted(U) train-
ing scheme,a decisiontreeschedulerusinganunwieghtedtrainingscheme(DT), anda random
scheduler(Random).Theresultspresentedarepercentagedifferencesfrom theschedulingcostof

1The PDSprovidedby Digital usesexpensive simulationduring its schedulingof instruction,thereforeit is not
surprisingthat it canoutperforma schedulerin a compilerwhich useslessexpensive heuristics(andthereforeless
accurate)to beextremelyef�cient.
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Benchmark Original CANN (W) CANN (U) DT Random
110.applu 2.01% 10.46% 16.84% 26.63% 24.79%
141.apsi 0.55% 8.20% 13.88% 19.43% 12.82%
145.fpppp 7.33% 28.92% 43.14% 54.97% 33.95%
104.hydro2d 0.19% 8.51% 10.74% 21.08% 15.22%
107.mgrid 0.23% 6.62% 88.98% 29.21% 45.06%
103.su2cor 1.23% 22.68% 5.90% 27.70% 24.75%
102.swim 0.72% 36.54% 10.06% 68.07% 41.57%
101.tomcatv -0.07% 55.52% 22.30% 60.96% 30.56%
125.turb3d 0.45% 21.76% 32.65% 47.38% 30.45%
146.wave5 4.04% 14.36% 4.04% 24.95% 27.52%

OverallAvg 1.67% 21.36% 24.85% 38.04% 28.67%

Table4: Resultsfor benchmarksusingOriginal,DT, CANN, andRandomSchedulerson the�rst
setof features.Theresultspresentedcorrespondto thepercentagedifferencefrom thePDS.

thePDS.The�rst attemptto do instructionschedulingusingthis setof featuresfailedto produce
schedulesthatwouldsatisfyacompiler-writer. We consideredtwo mainreasonsfor this:

� Thereareinherentlimitationsof theMLC used,whichmakeit incapableof learningto make
theright decisions.

� Theinformationpresentedto theMLC is not suf�cient; that is, the featuresdo not contain
enoughinformationand/orthe setof training patternsis too small or too sparseto allow
generalization.

We suspectedthat themainproblemwasdueto an inadequatefeatureset. We, therefore,set
out to identify a “near-perfect”featuresetbeforeexperimentingwith otherfeaturesets.

7.2 Resultswith Digital PredicateFeatures

A perfectsetof featuresis onethatallowsadeterministicdecisionto bemade,soasto producean
optimalschedule.Giventhenatureof theproblem(it is #P-complete)this is infeasible.A near-
perfectset,however, would allow producinga near-optimalschedule.Someexperimentation[11]
showed that the schedulesproducesby the PDSwerenear-optimal, andthereforethe heuristics
usedby this scheduleraregood.We examinedthealgorithmof thePDSandderiveda setof fea-
tures,wecalledDigital predicatefeatures(listedin Table3), all of whichwerewhite-boxfeatures.
Thesefeatures,whenusedby a deterministicpredicate(seeAlgorithm 1), producedexactly the
sameschedulesasthePDS.We theninvestigatedwhethertheworkingsof this predicatecouldbe
approximatedby a MLC. As wasmentionedpreviously, theDigital predicatefeatureswereused
to �nd an optimal con�guration for our CANN with which to experiment. The resultsof these
experimentsarepresentedin Section7.2.1. Cross-validationwasthenperformedon this feature
setusingbothdecisiontreesandour optimalCANN con�guration. Theseresultsarepresentedin
Section7.2.2.

7.2.1 Self-Validation Resultswith Digital PredicateFeatures

Consideringthenumberof parametersfrom which to choosefrom whenusingneuralnetworks,
usingall possiblecon�gurationsfor experimentationwasimpossible.We decidedto performex-
perimentswith our Digital predicatefeaturesusingself-validation(asdescribedin Section6.1)
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to identify a goodcon�gurationfor our CANN. Thiscon�gurationwould thenbeusedfor further
experiments.Weexperimentedwith two learningalgorithms(SCGandBPM), threedifferentnum-
bersof hiddenunits(10,20,and30),andwith weightedandunweightedtrainingpatterns.Because
of thetimerequiredto runBPM andgiventhefactwedid notobserveanincreasein performance
overSCG,wedid not runany experimentswith weightedBPM, nordid weexperimentwith using
BPM onanetwork of 30hiddenunits.Table5 showstheresultsfor theself-validationexperiments
thatweran.ThetableshowsthataCANN network usingtheSCGalgorithm,with acon�guration
of 20 hiddenunits, trainedon unweightedinputsoutperformsall othercon�gurations. We used
thisCANN con�gurationfor furtherstudies.

Benchmark BPM H10U BPM H20U SCGH10U SCGH20U SCGH10W SCGH20W SCGH30W
110.applu 20.83% 1.89% 4.74% 1.57% 0.46% 0.96% 3.10%
141.apsi 2.94% 0.22% 2.37% 0.21% 17.90% 2.89% 1.35%
145.fpppp 14.67% 6.60% 2.89% 1.68% 43.03% 5.66% 3.93%
104.hydro2d 2.47% 1.64% 0.86% 0.90% 4.87% 3.21% 2.32%
107.mgrid 1.14% 0.69% 2.47% 1.31% 3.82% 12.09% 1.97%
103.su2cor 0.59% 0.58% 0.25% -0.01% 0.83% 22.96% 15.00%
102.swim 5.02% 1.43% 8.60% 6.44% 5.74% 0.72% 2.88%
101.tomcatv 1.04% 2.96% 5.51% 3.13% 50.55% 4.32% 69.76%
125.turb3d 4.66% 8.32% 4.00% 4.13% 17.24% 0.45% 23.31%
146.wave5 3.60% 4.02% 1.67% 1.59% 21.05% 5.52% 12.82%

OverallAvg 5.70% 2.84% 3.34% 2.10% 16.55% 5.88% 13.65%

Table5: SelfValidationResultsfor differentCANN Schedulers.Eachpercentageis thepercentage
worsethanthePDSfromDigital. (H#= Numberof Hiddenunits;U = Unweighted;W = Weighted)

7.2.2 Cross-Validation Resultswith Digital PredicateFeatures

The resultsin Table6 weregatheredfrom our cross-validationexperiments,in orderto obtaina
realisticestimateof how MLC schedulerswould performin practice.Our cross-validationexper-
imentsusedthe ten Fortranprogramsfrom SPEC95benchmarks,trainingon nineof the bench-
marksandusingthetrainedcomponentto schedulethetenth.Weexperimentedwith decisiontrees
andthebestCANN con�gurationfrom our self-validationexperiments.Theresultsshow thatDT
schedulershave a signi�cant advantageover CANN schedulers.First, it seemsthat the CANN
doesnot do well in thepresenceof �ltering. It remainsto beseenwhethertheCANNs canper-
form better, if moreof theoriginal datais usedfor training. However, therearecloseto 700000
traininginstancesin theoriginaldataset,thereforesomeamountof �ltering is required.Giventhat
theinteractionof theheuristicsin thepublicdomainDigital schedulercanbeexpressedasaseries
of if-then-elsetests(seeAlgorithm 1 in theAppendix),it is nothardreasonwhy decisiontreesare
ableto outperformCANNsin thistask.Decisiontreesaregoodatclassi�cationproblemswerethe
datacanbedifferentiatedwith booleantests,which is inherentlyhow theDEC predicateworks.
If ourproblemrequiredmodelingamorecomplex function,aneuralnetwork con�gurationwould
bemoreadequate.

7.3 Further DecisionTreeExperiments

We now presentexperimentson thereductionandcombinationof features,theeffect of training
with benchmarksfrom onelanguageandschedulinga benchmarkfrom anotherlanguage,andthe
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Benchmark Original DT (1%) DT (15%) CANN (1%) CANN (15%) Random
110.applu 0.05% 1.85% 0.66% 4.76% 2.96% 14.30%
141.apsi 0.55% 0.87% 0.16% 36.99% 3.50% 12.82%
145.fpppp 7.33% 2.65% 1.10% 23.96% 6.97% 33.95%
104.hydro2d 0.19% 1.21% 0.09% 12.37% 2.31% 15.22%
107.mgrid 0.23% 4.75% 0.73% 47.86% 1.56% 45.06%
103.su2cor 1.23% 0.64% 0.22% 15.57% 4.63% 24.75%
102.swim 0.72% 1.43% 1.43% 68.09% 4.31% 41.57%
101.tomcatv -0.07% 2.52% 0.15% 3.49% 2.45% 30.56%
125.turb3d 0.45% 1.46% 0.38% 26.31% 15.06% 30.45%
146.wave5 4.04% 1.90% 0.45% 5.26% 68.56% 27.52%
OverallAvg 1.47% 1.93% 0.54% 35.70% 11.23% 27.62%

Table6: Resultsfor benchmarksusingOriginal, DTs, CANNs, andRandomSchedulers.The
percentin theparenthesisindicatestheamountof datafrom theoriginaldata�les. TheCANN has
20hiddenunits,is trainedusingunweightedinstances,andusestheSCGalgorithm.

performanceof schedulingusingonly blackandgrayfeatures.

7.3.1 Resultswith SchedulingC benchmarks

We decidedto verify earlyresultswhich indicatedthatgoodschedulingrequiredtraininga MLC
with a corpusof benchmarksof the samelanguageasthe benchmarkwe werescheduling.We
scheduledthe 8 SPEC95C benchmarksusinga MLC trainedwith the corpusof Fortranbench-
marks. Table7 andTable1show that FortranandC benchmarkshave differentcharacteristics.
Also, theC andFortranbenchmarkswerecompiledwith differentcompilerswhichcreatesfurther
differencesbetweenthelanguages.Giventhesedifferences,we initially believedthatscheduling
andtraining would have to be doneon benchmarksof the samelanguage.However, the results
presentedin Table8 indicatethatthisassumptionwasincorrect.Wehypothesizethatgivenagood
featureset,acorpusmadeupof benchmarksof languageX canbeusedto trainaMLC for schedul-
ing any otherlanguageY, whereX andY canbeany compiledlanguage.Furtherexperimentation
remainsto provewhetherthishypothesisholds.

7.3.2 Resultswith Reducingand Combining Features

In orderto identify a minimal setof featuresrequiredby a goodMLC schedulerfor the Alpha
21064,wedecidedto experimentwith smallsubsetsof theDigital-speci�c featureset.Weexperi-
mentedwith thefollowing features(Max Rank,ActualDual,Max Fu DelayDelay).This resulted
in a featurevectorof six features,threefeaturesfor eachinstruction.To furtherreducethis feature
setwe combinedthe like featuresof the two instructionsbeingcompared(i.e., we combinetwo
featuresby subtractingonefeaturefrom anotherfeature)to obtaina featurevectorof threefea-
tures.Theresultsof schedulingwith decisiontreesusingbothfeaturesetsarepresentedin Table9
(columnsDT(6) andDT(3)). The resultsshow that decisiontreestrainedon both featuressets
performedextremelywell. Thefeaturesetwith thecombinedfeatures(DT(3)) performedslightly
betterthanthe featuresetwith uncombinedfeatures(DT(6)). Whencombiningfeatures,we are
explicitly makingcomparisonsbetweenfeatureswherethecomparisonis relevant,insteadof hav-
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Benchmark Description Source
lines

Number
of
blocks

Number
of instruc-
tions

Average
size of
block (in-
structions)

C programs
129.compress Reducesthe size of �les using adaptive

Lempel-Ziv coding
1 422 4 596 20152 4.385

126.gcc basedon theGNU C compilerversion2.5.3,
buildsSPARC code

133049 77269 332184 4.299

099.go Arti�cial intelligence:playsthegameof go 25362 16095 80900 5.026
132.ijpeg Graphiccompressionanddecompression 17449 12033 70928 5.894
130.li LISP interpreter running the Gabriel

benchmarks
4 323 8 056 36668 4.552

124.m88ksim Motorola 88100 microprocessorsimulator:
runstestprogram

12026 10121 46438 4.588

134.perl Manipulatesstrings (anagrams)and prime
numbersin Perl

21078 22590 111849 4.951

147.vortex Subsetof a full objectorienteddatabasepro-
gramcalledVORTEx (Virtual ObjectRun-
timeEXpository)

41034 32624 180331 5.528

Total 255743 183384 879450 4.902

Table7: Propertiesof SPEC95C benchmarks.

Benchmark Original DT Random
129.compress 3.93% 0.02% 10.71%
126.gcc 3.94% 0.00% 16.79%
099.go 2.40% 0.01% 10.01%
132.ijpeg 0.71% 0.31% 17.93%
130.li 3.42% 0.00% 12.32%
124.m88ksim 4.99% 0.00% 11.16%
134.perl 2.70% -0.24% 12.59%
147.vortex 1.67% 0.02% 14.06%
OverallAvg 2.97% 0.02% 13.20%

Table8: Resultsfor schedulingC benchmarksusingOriginal, DecisionTree(DT), andRandom
Schedulers.Eachpercentageis theamountworsethanthePDS.

ing thedecisiontreealgorithmtry andderive comparisonsfrom thetrainingdata.Thus,we have
simpli�ed theproblemby manipulatingthetrainingdatabasedona priori knowledge.

7.3.3 Resultswith Black and Gray Features

We alsorananexperimentusingonly blackandgrayfeatures.First, we identi�ed a setof black
andgrayfeatures,whichwebelievedwouldbeeffectivein describingandthereforein differentiat-
ing instructions.Wealsochooseblackandgrayfeatureswhichwebelievedwoulddoareasonably
goodjobof modelingthecurrentstateof thearchitectureduringscheduling.Thesefeaturesseemed
suf�cient to allow a MLC to learnbiasestowardsbetterinstructionsto scheduleat givendecision
points. The featuresarepresentedin Table10 andthe resultsof schedulingusingdecisiontrees
inducedusingthesefeaturesarepresentedin Table9 (columnBG). Theseresultsweredisappoint-
ing. Ourschedulerdid notperformbetterthanrandom,andin factfor somebenchmarksperforms
muchworse. Theresultsindicatethateitherwe wereunableto identify thepredictive blackand
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Benchmark Original DT (6) DT (3) BG Random
110.applu 0.05% 0.98% 0.34% 12.82% 14.30%
141.apsi 0.55% 0.24% 0.17% 11.43% 12.82%
145.fpppp 7.33% 1.24% 0.31% 38.69% 33.95%
104.hydro2d 0.19% 0.01% 0.01% 13.89% 15.22%
107.mgrid 0.23% 0.75% 0.04% 40.49% 45.06%
103.su2cor 1.23% 0.13% -0.19% 18.05% 24.75%
102.swim 0.72% 1.43% 0.00% 50.17% 41.57%
101.tomcatv -0.07% 1.33% 0.00% 37.35% 30.56%
125.turb3d 0.45% 1.58% 1.28% 49.74% 30.45%
146.wave5 4.04% 0.59% 0.17% 38.20% 27.52%
OverallAvg 1.47% 0.83% 0.21% 31.08% 27.62%

Table9: Resultsfor benchmarksusing the DT schedulerson threedifferent featuresets. The
numberin theparenthesisindicatesthesizeof thefeatureset.

grayfeaturesneededfor a goodMLC scheduleror thatMLC schedulersrequiresomewhite box
featuresto obtainschedulequalitiescomparableto handtunedschedulers.Thelattercauseseems
morelikely, but furtherexperimentsarerequiredto reinforcethishypothesis.

FeatureName FeatureDescription HardwareDependence
FeaturesIndependentof CandidateInstructions

FractionScheduled Fractionof instructionsscheduled(realin therangeof [0,1]) black
ParamClassOf Prior Instr Classesof lastN instructionsscheduled.(N=4) gray

FeaturesDependentonCandidateInstructions
InstructionClass Theclassof proposedinstruction gray
ParamDependsOnPrior Instr Doescandidateinstructiondependon Nth prior instruction?

Checklastfour scheduledinstructions.
gray

ClassOf MostRecentPred Theclassof themostrecentlyissued(immediate)predecessor gray
NumOf Imm Succs Thenumberof directlydependentinstructions. black
NumOf TransSuccs Thenumberof directlyor indirectlydependentinstructions. black
NumOf Imm Preds Numberof (immediate)instructionsthis instructionis depen-

denton.
black

Critical Path The height of the instructionin the DAG (the length of the
longestchain of instructionsdependenton this one) (edges
with unit weights)

black

Dist FromLastPredIssued How farbackis theclosestinstructiononwhichthisinstruction
depends?

black

FractionalHeight Fractionalheightof the instructionin the longestdependence
chainrunningfrom top to bottomof theDAG.

black

NumDominatedImm Succs Numberof dominatednodesamongtheimmediatesuccessors black
ReachabilityCount The numberof insructionsthat canbe reachedfrom this in-

structionin theDAG.
black

Table10: BlackandGrayFeaturesusedfor DecisionTreeExperiment.

8 RelatedWork

AlessandroDeGloriaandPaoloFaraboschisuggestamethodof codecompactiononverylongin-
structionword(VLIW) architecturesusingBoltzmannmachines[12]. Codecompactionin VLIW
architecturesis theproblemof assigninginstructionsinto a minimumnumberof largeinstruction
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packets(eachpacket correspondsto a very long instructionword, hencethe nameVLIW). The
problemof codecompactionhasmany of the samepropertiesas instructionscheduling.Boltz-
mannmachinesarea classof neuralnetworksthatusesimulatedannealingin their learningpro-
cedure[13]. They look at compactingcodefor sevenbasicblocksrangingin sizefrom 13 to 39.
Theshow by performingseveralhundredannealingiterations,thatthey areableto achieveperfor-
manceequivalentto “hand-compiled”code.Unfortunately, likesimulatedannealing,thismethods
is very computationintensive, requiringmany iterationsover a training set beforethe learning
procedureconverges. Anotherproblemwith theschedulingtechniqueintroducedin thepaperis
thatit is allowedto scheduleinstructionsarbitrarilywithoutregardto datadependency constraints.
Therefore,along with valid schedulesthe techniquecan also producemany invalid schedules.
Their solutionis to checkthevalidity of theschedulewith theoriginal DDD, but this addscostly
super�uouscomputation.Also, a Boltzmannmachinemustbe retrainedfor eachdifferentbasic
block that is beingscheduled.To alleviate theproblemof theexpensive learningprocedure,the
authorssuggestthepossibilityof having many Boltzmannmachinesimplementedin hardwareand
schedulingdifferentbasicblocksconcurrently.

Beatyappliedgeneticalgorithmsto theproblemof instructionscheduling[14]. Hepresenteda
methodin whicha geneticalgorithmis allowedto choosetheorderof instructionsto beplacedin
theschedule.Thegeneticalgorithmtrainsandschedulessimultaneously, andit mustberetrained
for every new block. Beatyshows that geneticalgorithmsareableto schedulecodeaswell or
betterthanexistingschedulingmethodsona few benchmarks.LikeBoltzmannmachines,genetic
algorithmsareprohibitively expensiverequiringseveralhundrediterationsbeforeagoodschedule
is found.Thismethodalsoproducesinvalid scheduleswhichaddsto its highcost..Giventhehigh
computationcostof geneticalgorithmsandthe large numberof iterationsneededto schedulea
block, this is not a viablesolutionfor commercialcompilers.In contrastto thesemethods,we do
notdoonlinelearning;wetrainourneuralnetwork andinduceourdecisiontreesbeforescheduling
andthe MLCs producedremain�x ed whenscheduling,i.e., they arenot updatedbasedon any
feedbackthatmight be obtainedduringscheduling.A consequenceof this is thatour technique
is extremelyef�cient anda viablesolutionfor commercialcompilers.Also, our methoddoesnot
produceinvalid schedules.Our MLC schedulersusetheDDD at all timesduringschedulingand
thereforeall schedulesthey producearevalid.

9 Futur eWork

Thereareseveralareasfor promisingresearchpertainingto thiswork. Wewouldeventuallyliketo
experimentwith differentarchitectures,bothexistingandproposed.We would like to experiment
with complicatedarchitectures,for example,architectureswith additionalfunctionalunitsor more
complicatedpipelinesor differentarchitecturessuchasVLIW architecturesor multiprocessors.
Ourexperimentsarecurrentlyrunningonasimulatorfor aAlpha21064.Thisarchitecturehasonly
two functionalunits,a �oating point anda integer functionalunit, thusa hand-codedinstruction
schedulermay be ableto schedulewell for it. More complicatedarchitectureswill be harderto
schedulefor andthereforeour schememayprove morebene�cial. An experimentaltool is being
built to let us experimentquickly with simulatorsof different architectures.Thesesimulators
will be requiredto returnvaluesof featurescorrespondingto their internalstate,thusproviding
essentialinformationto build goodschedulers.Many of thesefeaturesbeingusedmay be too
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computationallyexpensivefor practicaluse,thereforefuturework remainsonexperimentingwith
featuresthatarecheaperto compute,but arereasonableapproximationsof theexpensivefeatures.

We would like to beconsiderharderproblems,suchasglobalschedulingor schedulingwith
registerallocation. Theseproblemsarehardenoughthat hand-tunedheuristicsmay not be ade-
quate.Thereforeour learningtechniquesmaybeableto show signi�cant improvementover them.
Lookingat harderproblemsmightprecludeworking in asupervisedlearningsetting.Theseprob-
lemsmightthereforerequirereinforcementlearningtechniques.In reinforcementlearning,wecan
let thelearnerscheduleandgive it a quality ratingfor the�nal schedule.Thelearneris rewarded
for goodschedulesandpunishedfor badschedules,andthuslearnsto preferactionsit hastried in
thepastandfoundeffective in producinga reward.

It is unclearwhetherwe will seesimilar levelsof performanceschedulingdifferentlanguages.
Therefore,wewouldliketo investigateschedulingoverdifferentlanguages,suchasC++,Modula-
3, Java, andAda. This would allow us to performcross-validationover a larger trainingset,that
is training using multiple benchmarksfrom multiple languages.It may be that our technique
provesmorebene�cial for somelanguagesthanfor others.For instance,simpleheuristicsfoundin
commercialschedulersmaybeableto scheduleFortranprogramsbetterthanC++code.Thismay
bedueto thetypesof programsfor whichacertainlanguageis used,theconstructsin a language,
or thecodingstylea languageinduces.

Our schedulecostsareapproximationsof whatshouldhappenin hardware,andtherefore,we
cannotbecompletelysurewhatour resultswouldbeif wewererunningonhardware,or at leasta
bettersimulator(e.g.,onethatmodeledthecachehierarchyandthereforemodeled“global” effects
onabasicblock).To thisend,wewouldlikeeventuallyto integrateourschedulerinto thebackend
of acompileror attheveryleast,into asimulatorthatmodeledmorepreciselywhatwashappening
in hardware.

10 Conclusion

Wehaveshown thatintegratingamachinelearningcomponentinto aninstructionscheduleris not
only feasible,but extremelypro�table. Theresultsshow thatandecisiontreeschedulerschedules
programscomparableto anextremelygoodhand-codedschedulergiventheright setof features.
Wehavealsoshown thatschedulersbuilt with decisiontreestypically outperformschedulersbuilt
with neuralnetworks. Given thenatureof the task,that is, to learnan appropriatepredicatefor
scheduling,decisiontreesseemmoresuitedto thetask.
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11 Appendix

if (odd_partial) {
if (any_actual_dual = yes) {

if (actual_dual == left) {
if (actual_dual == right) {

if (max_rank == left) {
decision = True;

}
else {

decision = False;
}

else {
decision = True;

}
}

else { /* left can't dual */
if (actual_dual == right ) {

decision = False;
}

else {
decision = True;

}
}

}
else { /* No instructions can dual issue */

if (max_fu_data_delay_adv == right) {
decision = True;

}
else if (max_fu_data_delay_adv == left) {

decision = False;
}
else {

if (max_rank == left) { /*left on critical path*/
decision = True;

}
else { /*right on critical path*/

decision = False;
}

}
}

}
else {

if (max_fu_data_delay == right) {
decision = True;

}
else if (max_fu_data_delay == left) {

decision = False;
}

else {
if (max_rank == left) { /*left on critical path*/

decision = True;
}
else {

decision = False; /*right on critical path*/
}

}
}

Algorithm 1: The algorithmfor the Digital predicate.If decisionis setTrue,we preferthe �rst
instruction,otherwisewepreferthesecondinstruction.
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Figure6: A decisiontreeinducedby theITI usingtheDigital predicatefeatures.Thefeatureshave beenconvertedfrom their numeric
form to labeledvalues.
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