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Abstract
Hardware implementationf a given computerarchitectureproliferate quickly; every few
monthsnew generation®f chipsareannounced However compilersdo not keepthis pace,
becaus@f thetime consumingprocesf tailoring optimizationandcodegeneratiorfor spe-
ci ¢ architectures.We want to automatepartsof the compiler developmentprocessusing
adaptve techniquessuchas machinelearning. In particular we considerlocal instruction
scheduling— the orderingof instructionsof a basicblock for ef cient executiononamodern
superscalaprocessor This is animportantproblemin compileroptimization,becauset is
easyfor programdo suffer very badperformancdtwice thetime or moreof goodschedulers)
with naive schedulingalgorithms. Choosingthe optimal schedulesequenceequiresiooking
at all legal (subjectto data-dependenamnstraintspermutations— in practicethe number
of legal permutationss very large thoughlower thanthe worstcase n!. Heuristicsmay nd
closeto optimal solutions,but dueto the requirementhat schedulingoe donein lineartime,
theheuristicappliedmustbekeptsimple.Hand-craftedheuristicsaredif cult to devise,andit
is noteasyto adaptthemto newv hardwareimplementationsln this paperwe describea novel
approacho instructionscheduling.We incorporatea machinelearningcomponentsuchasa
neuralnetwork or a decisiontreeinto aninstructionschedulerin orderto constructa sched-
uler thatis e xible. We foundthatthe techniqueis effective, in thatthe schedulegproduced
are exceptionallycloseto the hand-craftedschedulersf the commercialcompilers(and by
extensionto theoptimum). Givena setof goodfeaturesthe bestof theseadaptve instruction
schedulerproducescodewith executioncostno worsethan 1% slower thana manufcturer
suppliedscheduleprovided by Digital.

1 Intr oduction

As computerarchitecture®ecomancreasinglymorecomples, moresophisticatedompileropti-
mizationsarerequiredto take advantageof new featuresof the architecturegspeciallyin instruc-



tion scheduling. However, the fastpaceddevelopmentof new technologyprecludesspendinga
large amounttime handcraftingcomplicatednstructionschedulersHand-craftingthe instruction
scheduleralso meansthe compilerwriter haslesstime to spendon other partsof the compiler
which canfurtherincreasehe potentialof performancegains. Also, computerengineerslesire
the ability to experimentwith mary differentdesignsof an architectureéo measuregainsof one
architectureover another This not only requiresbeingableto quickly prototypethe architectures
in question(eitherby usingField Programmabl&ateArraysor simulators) put alsorequireshe
quick prototypingof optimizing compilersfor thosearchitecturesSupportinggquick prototyping
of optimizingcompilersprecludeshandtuningary partof the compiler includingtheinstruction
schedulerWe proposeausinga machindearningcomponentsuchasa neuralnetwork or decision
tree,to automategeneratiorof the heuristicsusedto schedulenstructions.

Sowe askthefollowing questions:

1. Isit possibleio applyageneriogreedyalgorithmguidedby theevaluationof certainfeatures
of theinstructionsbeingscheduled?

2. Canthedecision-makingf suchagreedyschedulingalgorithmbeconstructedby amachine
learningcomponen{MLC), suchasaneuralnetwork or adecisiontree?

We extractedbasicblocksfrom Fortranprogramsn the SPEC9%henchmarksuite,compiled
on the Digital Alpha architecturgor the 21064 chip implementation[l. We computeda setof
featuresthat sened asinput to a MLC, eithera comparatorarti cial neuralnetwork (CANN)
or a decisiontree. The MLCs were trainedto choosethe betterof two candidateinstructions
(wheneithercould legally follow). We performedcross-alidation: we trainedthe MLC on all
benchmarksare one,thentestedit on that one. The testingphaseconsistedf integratingthe
trainednetwork or induceddecisiortreeinto aninstructionschedulerBasicblockswerescheduled
usingthis instructionscheduleandthenrun on a simulatorof the target architectureo evaluate
the costsof the schedulesWe foundthatthetechniquas effective, in thattheschedulegroduced
were reasonablycloseto the hand-craftecheuristicsof a public domainDigital schedulefand
by extensionto the optimum),within .09%-1.43%and.54% on the averagefor oneexperiment.
Thispaperpresentpreliminaryresultsof usingneuralnetworksanddecisiorntreesto combineand
derivetheimportanceof featuresn aninstructionscheduler

In Section2, the problemof localinstructionschedulings describedOur experimentaframe-
work is presentedh Section3. This sectionelaboratesn the procesf building andevaluatinga
MLC schedulerfrom trainingto schedulingln Sectiord, we describehekindsof featuredound
in our featuressets.In Section5, we formulatethe local schedulingproblemasa machinelearn-
ing problemanddescribehe two MLCs thatwereusedto solwe this problem. The methodsused
to evaluatethe MLC schedulersrepresentedn Section6. In this section,we alsodescribethe
differentfeaturesetsandbenchmarksisedin our experiments.Theresultsof our experimentsare
presentedh Section7. Theideaof usingmachindearningin instructionschedulings notnew, but
previoustechniquesvereinadequatéor usewith modernhardwareandcommerciatompilers.in
Section8, we presenpreviouswork in thisarea.ln Section9, we discusduture areasof work for
thisresearchSectionl0 concludes.
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2 The Local Instruction SchedulingProblem

A basicblock consistof alist of instructionswith a singleentry andsingleexit point. Localin-
structionschedulingpertainsto schedulinghe instructionsof a singlebasicblock without regard
to the effect that schedulemay have on otherblocksthat follow. Globalinstructionscheduling
techniquessuchastrace scheduling[2] and percolationscheduling[3], pertainto methodsof
consideringmultiple basicblockswhenscheduling.Globalinstructionschedulingnay be anin-
terestingmachinelearningproblemand canleadto more bene ts thanlocal schedulingalone;
however, thesetechniqueslo not precludethe needfor goodlocal schedulingandthereforeour
researchis an essentialrst step. The restof the paperpertainsto local instructionscheduling,
unlessotherwisespeci ed.

At ary point during schedulingof a basicblock, thereis sequencef instructionsthat have
beenscheduledthe partial sthedule anda directedagyclic graph,calleda datadependencdag
(DDD), of instructionsremainingto be scheduledThe DDD representshe datadependenciesf
theinstructionsn the basicblock. Therefore peforeschedulingcanbegin, a DDD of instructions
mustbe built for the basicblock to be scheduled A nal scheduleconsistsof a con gurationin
which all instructionshave beenremovedfrom the DDD andplacedin the sequencef scheduled
instructions. The costof a schedules the numberof cyclesthe machinetakesto executethe
scheduledsequence.Figure 1 shavs a sequencef instructions(a) that make up a basicblock
andits correspondindgdDD (b). The gure alsoshaws all the possibleschedule$or the DDD (c),
the latenciesof the instructionsin the sequencéd), andestimatedscheduledimes(e) for some
architectureamplementationAs canbeseenn the gure, someschedulegarebetterthanothers.

Our methodof schedulingollows thetraditionalapproactio instructionscheduling instruc-
tionsarescheduledrom therootsof theDDD to theleaves,andthe DDD is maintainedalongthe
way to determinewhich instructionsare candidate$or scheduling.We illustratethis approachn
Figure2, by shaving the stepsrequiredto arrive at the scheduleACBD for the DDD in Figurel.
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Figure2: Thesequencef schedulingtepso scheduldDD in Figurel to obtainscheduléACBD.

In Step(a), instructionA is the only instructionthathasno dependenciesn otherinstructionsin
the basicblock (this makesthe instructiona root) and thereforemustbe scheduledrst (at any
schedulingpoint, only therootsin the DDD canbe scheduled)As we schedulanstructionA in
Step(b), weremoveits correspondingodeandits outgoingdependencedgedrom theDDD. Re-
moving dependenciesanmale otherinstructionsoots,causinghesenstructionso be available
for scheduling After we schedulenstructionA, we canscheduleitherinstructionB or instruction
C, sinceneitherof themhave predecessois theDDD. In Step(c), theschedulechoosesnstruc-
tion C to schedulenext. SinceinstructionD depend®n B, D doesnotbecomearootof the newly
formedDDD andcannotescheduledStep(d) correspondso theschedulingpf instructionB and
its nodeandoutgoingdependencedgebeingremoved. In Step(e), wereacha nal legalschedule
by schedulingnstructionD. Thelastnodefrom the DDD is removed andthe schedulecontains
all theinstructionsrom theoriginal DDD.

Instructionschedulingrequiresthe useof a speci ¢ algorithmto constructschedulesrom
basicblocks. The algorithmmustnot be exhaustve andif backtrackingi.e., the unscheduling
of instructionsto investigatealternatves)is usedit shouldbe donein a restrictedamount. Our
systemsupportsbacktrackingbut we have not yet usedit in the schedulingalgorithm. A DDD
inducesa partial orderto the basicblock, thereforethe numberof nal legal scheduledor the
basicblock correspondso the numberof total ordersfor the DDD. Brightwell and Winkler [4]
shaved that determiningthe actualnumberof total ordersin a dag, given a partial ordering,is
#P-complete thusexhaustve schedulings infeasible. We concentraten the greedyscheduling
algorithm,which scheduleshe bestinstructionat thedecisionpoints,thatis atthe decisionpoints
we schedulghe instructionthat addsthe leastcostwhenaddedto the setof instructionsalready
scheduled:Best” is derivedfrom the heuristiceembeddedh thescheduler

We postulateahatany heuristicsusedby a greedyschedulingalgorithmcanbe calculatedrom
a setof featuresthat describethe presentstateof the schedulingorocessandthe characteristics
of the candidatenstructions,provided sucha setof featuress well chosen. The presentstate
of the schedulingorocessembodieghe processostateand someaspectf the remainingDDD
structure Thecharacteristicef thecandidatenstructionsembodypropertieof theDDD structure
asseenfrom their point of view. Theresultspresentedn Section7 verify thatheuristicscanbe
calculatedrom a setof features.

Every schedulewhetherpartialor completewith respecto the basicblock, hasawell-de ned
costassociateavith it, the numberof cyclesthatthe schedulewill take to executethe schedules
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instructions We obtainthe costby simulatingeachbasicblock usinga simulatorprovidedby Dig-

ital. This simulatormodelsthe Alpha 21064 architecturamplementation.It simulatesmemory
andchip resourceconstraintsjncluding functionalunits pipelines,registerusage andlateng of

instructions. Anothertechniquefor simulatingthe costof basicblocks called self-simulationis

proposedn [5]. Baker thereproposes method,which, with minor modi cationsto chip imple-
mentationswould allow a compilerto executeindividual basicblocksdirectly on the hardware.
Thisis anintriguing conceptsinceit would allow a MLC to learnintricatedetailsof the hardware
automaticallyinsteadof someondaving to provide themby hand.

3 Experimental Framework

Figure3 depictsthe differentphaseghatarecompletedduring the constructiorandevaluationof
our MLC instructionschedulersBeforethesephasedeagin, analyzeroutinesareusedto extract
basicblocksfrom our corpusof executabldoenchmarksOtheranalyzeroutinesgeneratero le
information,which is neededor estimatingthe performancef our MLC scheduleandfor per
forming weightedtrainingin our neuralnetworks (explainedin Section5.1.1). The rst phaseof
our experimentaframenork, useshebasicblockscreatedy our analyzeroutinesfor generating
training les. Duringthis phaseaschedulers givenacertainamountof timein whichto perform
exhaustve scheduling.Enoughtime is allottedso that, for mostblocks,the scheduleiis ableto
nd optimalschedulesFor mary large blocks,however, exhaustve schedulings impossibleand
schedulings thereforeterminatecdafterthe time allotted. After we exhaustvely schedulea block,
we outputfeaturedor thatblockinto a le whichwill beusedfor trainingour MLCs.
Featuremregeneratedor theinstructionsateachdecisionpoint. A decisionpointis aplacein
the schedulevherethereis morethanoneinstructionthatcanbe scheduled Thusa decisionhas
to bemade.At eachof thesedecisionpoints,we outputa line of featuregdescribedn Sectiord)
for eachcandidatenstructiontogethemwith threeadditionalfeaturesthe costof the bestpossible
scheduleghatcanbeachiezedby schedulinghisinstruction the costof the bestpossibleschedule
for the bestcandidateat this decisionpoint, andthe bestpossibleschedulecostfor thatblock. If



we were not ableto exhaustvely schedulea block, we usethe bestcostthat was found before
schedulingvasterminated.

Therearecurrentlyoverthreehundredand fty featureghatcanbegeneratedor eachline of
features.This numberfar exceedghe capabilityof mostlearningtechniquedor size of datasets
we weretrainingover (tensof thousands)thuswe assume subsebdf featuresleemednteresting
would be selectedfor learning. The secondphaseis training the machinelearningcomponent
with Itered datasets. Oncethe setof featuresto be experimentedwith is chosenthe original
feature les are Itered to createthe datasetswith which to train the MLC. Givenwe know the
bestpossibleschedulecostof eachcandidatenstructionif it wereto be schedulecht a certain
decisionpoint, we know which candidatas bestto scheduleandwe cantrain a machineearning
componento pick this bestcandidaten a supervisedsetting. We elaborateon how we phrase
the problemasa machineearningproblemin Section5. Thethird phasds theintegrationof the
trainedMLC into aschedulerDuring this phase]earningis turnedoff, otherwisewe would slow
schedulingo anunacceptablével. In this phasewe alsoscheduleblockswith otherschedulers
we wish to compareagainst(e.g.,a randomscheduler).In orderto evaluatethe performanceof
our MLC schedulerswe scheduléasicblocksfrom our benchmarksindmeasureheir schedule
costwith thesimulator Thusin thefourthand nal phasewe measurehecostof thebasicblocks
scheduledvith eachof the differentschedulersin our experimentswe scheduledvith our MLC
schedulersindseveraldifferentschedulerslescribedn Section6.4. As mentionedthe scheduler
was implementedhroughsimulation— it was not actuallyimplementedn the backendof a
compiler— thereforea simulatorwasrequired. We usedan instructionscheduleiandan Alpha
21064simulatorbothprovidedto the publicdomainby Digital. A largeamountof codewasbuilt
aroundthesetwo componentsincludinganinterfaceto the simulatorandscheduleandcodefor
featuregeneration.All coderelys hearily on ATOM, an instrumentatioriool for Digital Alpha
workstations.With this setof tools, we wereableto integrateour trainedMLCs into a scheduler
quiteeffectively. Thesimulatorwasdevelopedoy computerarchitectsat Digital, thereforewe feel
it is a goodindicationof actualcostsincurredby basicblocksat run-timeon this particularchip
implementation.

4 Features

Thefeaturesve usecanbeclassi edinto threecateyoriesdependingn theamountof knowledge
aboutthe architectureequiredto computethe features.The categjoriesarebladk-box(no internal
knowledgeof the architectureneeded)gray-box(a limited amountof knowledgeof the architec-
tureneeded)andwhite-box(deepinternalknowvledgeof architectureequired).Blackboxfeatures
usethe original DDD, the partial DDD, andthe partial scheduldor their calculation,but do not
make ary assumptionaboutcomputerarchitecturen doingso. Grayandwhite boxfeaturesalso
usethesestructuresbut in additionthey take advantageof characteristicef themachineor which
we arebuilding aschedulerBecaus®f theaccuratenformationthesefeaturegprovide, we postu-
latethatwhite andgraybox featuresareessentiain building schedulershatarecompetitve with
thosefoundin commericialcompilers.Resultspresentedn Section7.1andin Section7.3.3seem
to supporthis hypothesis.

Thesecategyoriesarealsoa goodindicationof whichfeaturesmustbemodi ed whenconsider
ing anew architectureFFor new architectureshe computatiorof blackboxfeatureshouldremain



the same someof the gray box featurecalculationmay needto be modi ed, andmost,if notall,
of the algorithmsusedto computewhite box featureswill have to be rewritten or atleastadapted
a fair amount. The selectionof featureswe implementedwvasin uenced by our understanding
of the kinds of informationneededoy the variousheuristicsdescribedn the literature. Someof
the featurescantake parametersywhich allows usto vary the amountof informationor the level
of detailreturnedby the feature.For instance pnefeature,SchedulingPressuref anInstruction
Classcantake aparametespecifyinghow far backin thescheduleve needto look for pressuref
acertaininstructionclass.We alsoprovide severalrepresentationsf samefeaturewhenappropri-
ate. This allows usto useinput representationthat bettersuit the learningtechniquebeingused.
For example thefeaturelnstructionClassis providedasa numberbetweerD and18. This should
be ne for decisiontrees but giventhatthis featurerepresentsinorderectateyoricaldata,we also
provideit asa 1-of-nbinaryencodingwhich maybemoreappropriatdor neuralnetworks. It also
helpsto categyorizethefeaturedasedntheinformationthey carry Featuresancarryinformation
aboutthe basicblock asa whole, the currentpartial schedulea candidatanstruction,or a com-
binationof botha candidatanstructionandthe currentpartial schedule.Thatis, we canclassify
featuresasedon whetherthey areindependenor dependentf the candidatanstructionwaiting
to getscheduled Featureshatareindependentf any candidateanstructiondescribethe current
partialscheduleor the DDD, withoutregardto any candidatenstructionwaiting to be scheduled.
Whena new instructionis scheduledihesefeaturestypically needto be recomputed.Features
of the candidatdanstructionprovide informationaboutthe candidatanstructionor the candidate
instructionandsomeotheraspecbf the schedulingstate suchasthe DDD. The“combined’fea-
turesdescribesnformationaboutthecandidatenstructionasit pertaingo currentpartialschedule.
For instancethe featureLast PredlssuedLong Ago is calculatedoy nding the instructionlast
scheduledvhich the candidatenstructionis dependenbn. Therefore this featuresequires(and
is thereforedependentn) a candidatenstructionto be calculated.

5 Schedulingasa Machine Learning Problem

Oneof our main concernsvasformulatingthe problemasa machinelearningproblem. For ex-
perimentgresentedh this papermwe settledon a methodof preferencdearning,wherewe present
aMLC with two instructionsandtrain it to preferthe instructionresultingin the lowestschedule
cost. Figure4 depictswhata typical training patternfor a neuralnetwork lookslik e (the training
patterndor DTs differedonly in format). Threesetsof featuresare presentedo the MLC. The
rst setareindependentf thetwo candidatenstructionghatarebeingcomparedThesefeatures
pertainto the stateof the scheduleat the currentdecisionpoint. The secondandthird setof fea-
turescorrespondo oneof the candidatenstructionso be scheduledEachline, therefore pertain
to somestateinformationandthefeaturesof two instructionsve arecomparing.Thetargetvalues
(or clasdabels)to belearnedarezeroor one. A targetvalueof zerocorrespond$o rst instruction
beingpreferredandatametvalueof onepertaingo thesecondnstructionbeingpreferred.

5.1 Schedulingusing Neural Networks

We requireda MLC thatcouldlearnpreferencesf instructionsby cateorizinga “pattern” or fea-
ture vectorthatcarriedinformationaboutthe instructionswhich werecandidate$o be scheduled
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andthe currentstateof the schedulingprocess.OnesuchMLC is a feed-forward neuralnetwork
[6]. A feed-forvard neuralnetwork hasatopologyconsistingof groupsof neuronsor unitsform-
ing layers. Therearesomenumberof input unitsforming aninput layer, somenumberof hidden
unitsarrangedn zeroto severalhiddenlayers,andsomenumberof outputsunitsforming anout-
putlayer In our network topology eachlayeri is fully to connectto eachlayeri 1, andthese
connectiondecomeeitherexcitatory (positive weights),inhibitory (negative weights),or irrele-
vant (weightscloseto zero)during the training of the network. Input valuesfrom training data
arefed simultaneouslyo the input layer, andthe outputsof theseunits aresimultaneouslyed to
the rst hiddenlayer This processcontinuesuntil the outputsof the last hiddenunit arefed as
inputsto the outputlayer, andthenetwork nal output(theinstructionpreferencejs produced A
neuralnetwork's capacityto learnlargely depend®nthenumberiddenunitsandtheinputrepre-
sentation We train our neuralnetworksin a supervisedetting,thatis afterinput valuesaregiven
to the network, the correctresponsdor theseinputsis givento the network, which is usedin the
backpropagatioalgorithmfor adjustingtheweightsandthresholdf the units. Backpropagation
is analgorithmthatiteratively computesslight changedo all of the weightsandthresholdsn the
network in the directionof the fastestdecreasé¢o the sumof squarecerrors. Generalizations a
highly desirablequality of NNs. Generalizationrefersto the neuralnetworks ability to perform
well (classify)on new datadifferentfrom the dataseenin training. It is importantthat the neu-
ral network doesnot memorize or over t, thetrainingdata. To alleviate this problem,we retain
sometestdatadifferentfrom thedatausedfor trainingthe network. As thenetwork is learning,its
performanceon this testsetis monitored. The training processs terminatedvhenthe network's
performanceloesnotimprove for thetestdata.Severalalgorithmscanbe usedto train a network,
mary of which arevariantsof the standardackpropagation.

Two algorithmswe experimentedvith include Backpropagatiomwith Momentum(BPM) and
ScaledConjugateGradient(SCG).BPM usesa momentunrtermin the standardackpropagation
algorithm. Themomentuntermintroduceghe old weightchangeasa parametem the computa-
tion of thenew weightchange Theeffectof momentunis that at spotsof theerroraretraversed
rapidly with a few quick stepsthusincreasinghe learningspeedsigni cantly. SCG performsa
speciakind of gradientdescentywhich useshegradientvector( rst orderpartialderivatives)and
the Hessiarmatrix (second-ordepartial derivatives)of the errorfunction. Unlike standardback-
propagationwhich always proceedsiown the gradientof the error function, conjugategradient
methodgerformagradientdescenin d dimensionakpacepy nding d directionsalongwhich
the systemis successiely transformed.The largestpossiblestepto take thatdecreasethe error
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functionin eachdirectionis taken,wherethe(i  1)thdirectionis choserto be conjugatewith re-
spectto the Hessiarmmatrix, to the previousi directions.After severalself-validationexperiments
(explainedin Section7.2.1),we choseSCGasthealgorithmto updateour networks. Theresultsof
theseexperimentsarepresentedn Section7.2.1. We foundno signi cant differencebetweerthe
two algorithmsandSCGhadoneobviousadwantageover BPM thatmadethe choiceclear:it took
BPM mary iterationsto converge, typically betweer2000-5000while SCGnormally corverged
in lessthan50iterations.SCGwasthusmuchlesscomputationallyexpensve thanBPM.

Thetypeof neuralnetwork useddepend$earily onthewaytheschedulingoroblemis phrased.
Giventhatwe phrasedur problemaslearningof preferencesf which instructionto scheduleat
a decisionpoint, we choseto experimentwith a comparatomeuralnetwork structure. Figure5
depictsthe schematiof a comparatoiarti cial neuralnetwork (CANN). CANNs wereinvented
by Tesaurd7] for learningto comparealternatve movesfor the gameof backgammonA good
descriptionof CANNs anda discussiorof their applicationto load balancingcanbefoundin [8].
Sincewe arelearningto choosethe bestof n alternatves,asin [8], we noticedthe applicability
of this network to our problem. We implementedCANNSs using feed-forvard neuralnetworks
[6]. Our CANN consistedf threesetsof inputs. Eachof thetwo setsoninputsrecevesfeatures
dependenbn oneof the candidatenstructionsnvolvedin thecomparisonThethird setof inputs
recevesfeaturesndependenof theinstructionsbeingcomparedA discussiorof featurescanbe
foundin Sectior4.

5.1.1 WeightedversusUnweightedTraining

We alsoconsideredveightedversusunweightedraining. Weightedtraining allows the learning
algorithmto accountfor the importanceof the basicblocksto programperformance. During
weightedtraining,eachtrainingpatternhasanimportancdactorassociateavith it, which pertains
to the offensvenesof thebasicblock (i.e., the contrikbution of the basicblock to thetotal runtime
of the benchmarkcontainingit) that generatedhe pattern. The weight of a training patternis
multipliedby h, thestepsizetakenby thegradientdescentbeforeit is usedn thebackpropagation
algorithm. Thus, training patternggeneratedrom importantbasicblockshave a greatereffect on



the MLC thantraining patterndrom lessimportantblocks.

It is imperatve thatimportantbasicblocksbe scheduledvell, thereforetreatingthemdiffer-
ently mayincreaseur schedulingperformanceln oneexperimentusingCANNS, we noticedthat
badschedulingof just oneimportantbasicblock introducedover a 30% performancelegradation
to the overall executioncostof the benchmarkImportantbasicblockstendto belarger morefre-
guentlyexecutedblocks,suchasblockstypically foundin innerloops. A block'simportanceand
thereforethe weightsof thetraining patterndrom thatblock, aregeneratedrom pro le informa-
tion. Theresultsfrom trainingoverthe rst featuresetwe usedsuggestethat CANNstrainedwith
weightedpatternsscheduleblocksbetterthanthosetrainedwith unweightedpatterns.This sug-
gestedhatimportantbasicblockshadpropertiesnherentlydifferentfrom thoseof smallerblocks,
andthatthesepropertiesvereimportantto the learner In trainingour CANNS, the weightswere
usedto increaseor decreasédependingon the weightof the pattern)the stepsizeof the gradient
descentindthuswe werebiasinglearningto the importantbasicblocks. Interestingly weighted
trainingwith a bettersetof featuresdid not helpin thelearning.Trainingusingweightedpatterns
wasnot beenintegratedinto a decisiontreepackageandis left asfutureresearch.

5.2 Schedulingusing DecisionTrees

We formulatedthe problemof instructionschedulingnto oneof classifyingpatterns.Givenaset
of input featuresrespresentingresentstateand two instructioncandidatesyve train a MLC to
label the pattern,eitherwith a 0, correspondingdo the rst instructionbeing preferredover the
secondpr a 1 correspondingo the secondnstructionbeingpreferredover the rst. Formulating
the problemin this manney allowed us to usea techniqueof building classi ers from training
dataknown asdecisiontrees(DT). A DT is a structureconsistingof eithera leaf, indicatinga
class,or adecisionnodethatspeci esatest,correspondingo thevalueof a singleattribute. Each
outcomeof thetesthasa branchanda subtreeassociatedvith it. Thereareeffective andef cient
algorithmsfor DT inductiondirectly from a corpusof trainingdataconsistingof patterninstances
with their assignedtlassi cation[9]. As with neuralnetworks, it is possiblefor a decisiontree
to overt to training data. We addresghis problemby pruningthe resultantreesinducedby the
decisionalgorithm. Pruningconsistof discardingoneor moresubtreesandreplacingthemwith
leaves. The DT inductionexperimentsreportedherewere performedusingthe ITl system[10].
For experimentscomparingCANN andDT schedulersye usethe sametraining datafor both
MLCs (with the exceptionof slight formatting changes).One advantageof decisiontreesover
neuralnetworksis thatthe generatedreescanbedirectly interpretedoy expertsin the domainof
interest.Figure6 depictsadecisiontreebuilt with ITI with theDigital Predicatdeaturesxplained
in Section7.2(in the gure thefeatureshave beencornvertedfrom numericalvaluesto cateyorical
labelsfor facillitatetheinterpretatiorof thetree).

6 Evaluation Methods

Learningalgorithmsaretypically measuredby theiraccurag overanunseeriestset. Someexper

imentsprovedthis wasan inadequatenethodto evaluateour trainedMLCs. A basicblock may
have severaldecisionpointsandat eachdecisionpointtheremaybe severalcandidatenstructions
from whichto choose Thedecisionsn ourtraining les correspondo intermediatelecisionsand

10



arenotadirectmeasur®f how well we canschedulenstructionsIn fact,we foundthathighaccu-
racy ontestdatadid notimply onehada goodschedulerWethereforecreatedschedulershatused
trainedMLCs. Thequality of aMLC wasmeasuredby thetotal estimatectostof thebenchmarkt

scheduledTheestimatedostwasdervedby accumulatinghe simulatedcostof eachbasicblock
multiplied by the numberof timesit wasexecutedasreportedn thepro le information.

6.1 Self-Validation and Cross-\alidation

We trainedour CANNSs usingself-validation thatis trainingon datafrom a particularbenchmark
andthenschedulinghatbenchmarlusingthetrainednetwork. Thisis bene cial for a coupleof
reasons.First, it givesus a upperboundon the quality of scheduleghatwe canexpectfrom 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 generalizeput areinstead
interestednly in theamountof informationthatcanbe capturedoy the network andwhetherthe
taskis in factamenabléo aneuralnetwork con guration. Theseexperimentaverealsousedasan
existenceproof; thatis, we wantedto prove therewasa setof featuresa setof training patterns,
anda neuralnetwork which, whentrainedon thosetraining patternscould schedulanstructions
well (reasonablgloseto the quality of amanufcturemprovidedheuristicscheduler)Sinceit isn't
reasonabléo expectto achiere betterresultsthanthosereturnedwith theself-validationtechnique,
experimentingwith this methodallowedusto tuneseveralneuralnetwork parameterssuchasthe
numberof hiddenunits, the besttraining algorithmto use,etc. Therearefew parameterso tune
with decisiontrees. Therefore,we usedself-validationwith decisiontreesonly to geta upper
boundon their performanceandnotfor tuningparameters.

It is unknown at the time we aretraining our MLC, which programsa compilerwith our in-
structionschedulemight be usedto compile. Therefore a cross-validatiorstudyis a true testof
how well ourschedulecanbeexpecteddoin practice.Ourmethodof cross-alidation,“leave-one-
out” cross-alidation,consisteaf takingthetrainingdatafrom all of theprogramsexceptone,and
feedingthe corpusof trainingdatainto the CANN or DT. We thenusedthetrainedCANN or DT
to scheduleéhe programnotincludedin thecorpus.We performedcross-alidationonbenchmarks
for the samelanguageonly; Thesebenchmarksncludetheten Fortranbenchmark$rom Spec95
(describedn Section6.2). Therefore duringour cross-alidationstudy we weretraininga MLC
with trainingdatafrom nine of the FortranbenchmarksThetenthbenchmarkhatwasleft outwas
thenusedfor scheduling.Eachcross-alidationexperimentresultedin ten trainedMLCs which
wereusedfor schedulingheten FortranbenchmarksCross-alidationteststhe MLC' s ability to
generalize.Preliminaryresultswith CANNs seemedo indicatethata MLC performedbetterif
it wastrainedusingonly training patterndrom a corpusof benchmark®f the samelanguageas
thebenchmarkasopposedo usinga corpusof differentlanguage$rom whichto trainandsched-
ule from. This resultseemedeasonablegiven that differentlanguagesnddifferentcompilers
couldcausddasicblocksto have inherentlydifferentcharacteristicsyhichwould requiredifferent
heuristicfor schedulinghem.Thisassumptionvasinvalidatedby resultsfrom decisiontrees(see
Table8), which shovedthatindeedwe couldtrain on a corpusof benchmark$érom onelanguage
andscheduldenchmark$rom a completelydifferentlanguage.
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6.2 Benchmarks

We trainedour MLC schedulersnthe 10 SPEC95-ortranbenchmarksThesebenchmarksaried
in size,total numberof basicblocks,andaveragebasicblock length. Tablel lists thebenchmarks
we usedandtheir attributes. We derive thetotal costof the benchmarkby summingthe costsof
its basicblocks. The costof eachbasicblock is the numberof timesthe basicblock is executed
(asobtainedrom thepro le information)multiplied by the costof the scheduleof the basicblock
(obtainedrom thescheduler).

Benchmark |Description Source [Number|Number |Average
lines of of instrucqsize of

blocks |[tions block (in-

structions)

FORTRAN programs
110.applu  |Parabolic and elliptic partial differential 3817 25475 129853 5.097
equations
141.apsi Solwesfor the mesoscal@ndsynopticvari-| 4211 29077 159482 5.485
ationsof potentialtemperaturewind, veloc-
ity, anddistribution of pollutants
145.fpppp |Quantumchemistry 2122 25693 132139 5.143
104.hydro2d|Astrophysics:  hydrodynamical Navier-| 2522 26789 129568 4.837
Stolkes equationsare solved to computg
galacticajets

107.mgrid  [Multi-grid solverin a 3D potential eld 368 25555 121750 4.764
103.su2cor |Quantumphysics: Monte Carlo calculatiof 1614 26972 135837 5.036
of elementaryarticlemasses
102.swim  |Shallav watermodelwith 512 512grid 259 25109 119333 4.753
101.tomcatv|A mesh-generatioprogram 107| 23856/ 117515 4.926
125.turb3d |Simulatesisotropic, homogeneousturbu-| 1280 26285 127884 4.865
lencein acube
146.wave5 |Plasmephysics:solvesMaxwell's equations 6430 28932 152655 5.276
andparticleequationof motionon a Carte-
sianmeshwith avarietyof eld andparticle
boundaryconditions

[Total [ 22730 263743 1326016 __ 5.029

Tablel: Propertieof SPEC93-ortranbenchmarks.

6.3 Experimentation with Differ ent Feature Sets

For our rst experimentswe decidedto chooseaninitial setof thirty-four black, gray, andwhite
boxfeaturesasshavnin Table2. We usedthis setof featurego experimenwith differentlearning
parametersf neuralnetworks,suchasthealgorithmusedto updatehenetwork (we experimented
with BackPropagatiowith momentunandScaledConjugateGradient) thestepsize,thetopology
of thenetwork, andweightedversusunweightedraining. After severalexperiments/aryingthese
parametersve realizedwe would not get the desiredperformancdrom this featureset. Some
resultsof theseexperimentsare presentedn Section7.1. Insteadof continuethe experimentsof
differentsetsof featuresyve optedfor anotherapproach.

Iteratingover differentsetsof featuresuntil a goodfeaturesetwasfound, althoughpossible,
would have beenextremelytime-consumingWe decidednsteado studythe Digital scheduler
to identify thekindsof featureghatmightberequiredto build agoodschedulerA setof features
(presentedh Table3) anda predicateonthosefeaturesvasdevelopedby a colleaguen the Object
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| FeatureName | Description | HardwareDependence]
Featuresndependentf Candidatdnstructions

CostSoFar Thenumberof cyclesthatwouldbetakenby thecurrentpartial | white
schedule.

AvailableFu IntegerPipeline Is the Integerfunctionalunit available? white

AvailableFu FloatingPipeline | Isthe oating pointfunctionalunit available? white

AvailableFu MemoryPipeline | |s thememoryfunctionalunit available? white

NumberScheduled Numberof instructionsalreadyscheduled. black

NumberRemaining Numberof instructionsremainingto be scheduled. black

Feature®ependenbn Candidatdnstructions

CanDual IssueWith Last Canthe proposednstructionbe issuedasthe secondnstruc- | white
tion of a pair, wherethe rst instructionof the pair is the last
schedulednstruction?

NeedsTo Wait If the proposednstructionfollows thecurrentschedulewill it | white
have to wait to issue?

ResultAvail DelayMin Resultavailability delay— maxandmin (the actualdelayde- | white
pendson theinstructionwhich usestheresult)

InstructionClass Theclassof proposednstruction grey

ClassOf Prior Instruction Theclassof the previously schedulednstruction. grey

ClassOf MostRecentPred Theclassof themostrecentlyissuedimmediate)predecessor grey

Num Of Imm Succs Thenumberof directly dependeninstructions. black

Num Of TransSuccs Thenumberof directly or indirectly dependeninstructions. black

Num Of Imm Preds Numberof (immediate)instructionsthis instructionis depen- | black
denton.

Num Of TransPreds Numberof (notonly immediatejnstructionghisinstructionis | black
dependenon.

Critical Path The heightof the instructionin the DAG (the length of the | black
longestchain of instructionsdependenbn this one) (edges
with unit weights)

Dist FromLastPredIssued How farbackis theclosesinstructiononwhichthisinstruction | black
depends?

LastPredissued_ong Ago Wasthelastschedulegredecessdssuedongeragothanit's | black
estimatedateny?

Num Dominatedmm Succs Numberof dominatechodesamongtheimmediatesuccessors| black

Table2: Featuredrom the rst featuresetchoosen.

Systemd_aboratory which exactly expressedhe Digital schedulingalgorithm. As veri cation
thatthesefeaturesandthe predicatewere expressingthe sameinformationin the Digital sched-
uler, all the benchmarksvere scheduledvith the new predicate andan exact agreemento the
Digital schedulewasmadefor all benchmarksThesefeaturesverethusveri ed to be extremely
predictie features.Any resultsreturnedby a scheduleusinga MLC trainedover thesefeatures
would represent lower boundon the performanceave could expect. Both neuralnetworks and
decisiontreesdid extremelywell schedulingnstructionsusingthesefeatureswith decisiontrees
achieving thebestperformance.

6.4 Comparison of Different Schedulers

We measurethecostof thescheduleproducedy MLC scheduleralongwith thecostsschedules
producedby threeadditionalschedulersthe original scheduleintegratedin the compilerwhich
compiledthebenchmarKOriginal), a pubilc domainscheduleprovidedby Digital (PDS),which
representsn excellent, but expensve, scheduleranda randomschedulerthat choseamongin-
structioncandidatesit random representinghe extremeof a nave schedulerThe PDSprovided
by Digital usuallyoutperformsall the otherschedulergeventhe schedulethey provide in their
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HeuristicName

HeuristicDescription

Intuition for Use

OddPartial

Is the currentnumberof instructionssched-
uledoddor even?

If Odd Partial is TRUE, we're interestedn
schedulingnstructionswhich candualissue
with lastinstruction.

Any Actual Dual

The numberof instructionsthatcandualis-
suewith thepreviously scheduledhstruction

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

Max Rank The instructiors rank basedon its criti- | Instructionswith larger critical pathsshould
cal path and Digitals heuristic weighting | be scheduledrst. Theseinstructionsaffect
function. thelower boundof the schedulecost

Actual Dual Can the instruction dual issue with last | If OddPartialis true,it is importantthatwe
schedulénstruction nd aninstructionthatcanissuein thesame

cycle (if thereis one)with thelastscheduled
instruction.

Max Fu DataDelay The earliestcycle wheninstructioncanbe | We want to scheduleinstructionsthat will
issuedwithout having to wait on its input | have their dataand funtional unit available
dataandits functionalunit: relatve to cur | earliest.
rentcycle

Max FuDataDelayAdv | Theearliesttyclewheninstructioncanbeis- | We want to scheduleinstructionsthat will

have their dataavailable andfunctionalunit
earliest.

suedwithout having to wait onits inputdata
andits functionalunit: relative to currentcy-
cleadwancedby one

Table3: Digital predicatdeaturesusedfor learning.

commerciacompilet) usedn our experimentsthereforeall schedulingostspresentedh Section
7 arepercentagesf schedulingcost,worsethanthis scheduler

7 Results

We now presentresultsof several experimentsof scheduleraising the heuristicsgeneratedy
CANNs (aCANN schedulerandDT (aDT schedulerjrainedondifferentfeaturesets.Giventhat
DT schedulersutperformNN schedulerswe continuedour experimentatiorwith DT schedulers
andpresentesultsfrom theseexperiments.We presenthe resultsof an experimentwhich shov
thata DT scheduleiis ableto achieze goodschedulingesultswith a smalltraining setsize (1%
of theoriginal trainingdata). We alsopresentesultsof aDT scheduletrainedwith small setsof
features.To concludethis section,we presentesultsof anexperimentusingonly blackandgray
features.Theseresultsseemto indicatethatary “good” featuresetwill requiresomewhite box
features.

7.1 Resultswith First Setof Features

Table4 shaws the resultsof schedulingwith MLCs trainedon our rst setof features.This ta-
ble presentscostsof schedulingwith the schedulelin the compilerthat originally compiledthe
benchmarkgOriginal),a CANN scheduleusingbotha weighted(W) andunweightedU) train-
ing schemea decisiontree scheduleusingan unwieghtedtraining schemgDT), anda random
schedulefRandom).Theresultspresentedrepercentagéifferencesrom the schedulingcostof

The PDS provided by Digital usesexpensve simulationduring its schedulingof instruction,thereforeit is not
surprisingthatit canoutperforma schedulein a compilerwhich useslessexpensve heuristics(andthereforeless
accuratejo 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.naveb 4.04% 14.36% 4.04% 24.95% | 27.52%

OverallAvg | 1.67% | 21.36%

24.85% [ 38.04% | 28.67%

Table4: Resultsfor benchmarksisingOriginal, DT, CANN, andRandomSchedulersnthe rst
setof features.Theresultspresenteadorrespondo the percentagéifferencefrom the PDS.

the PDS.The rst attemptto do instructionschedulingusingthis setof featuredailedto produce
scheduleshatwould satisfya compilerwriter. We consideredwo mainreasondgor this:

Thereareinherentimitationsof theMLC usedwhichmakeit incapableof learningto make
theright decisions.

Theinformationpresentedo the MLC is not sufcient; thatis, the featuresdo not contain
enoughinformationand/orthe setof training patternsis too small or too sparseto allow
generalization.

We suspectedhatthe main problemwasdueto aninadequatdeatureset. We, therefore set
outto identify a“nearperfect’featuresetbeforeexperimentingwith otherfeaturesets.

7.2 Resultswith Digital PredicateFeatures

A perfectsetof featuregs onethatallows a deterministiadecisionto be made soasto producean
optimal schedule.Giventhe natureof the problem(it is #P-complete)this is infeasible. A near
perfectset,however, would allow producinga nearoptimal schedule Someexperimentatiorj11]
shaved that the scheduleproduceshy the PDSwere nearoptimal, and thereforethe heuristics
usedby this schedulearegood. We examinedthe algorithmof the PDSandderveda setof fea-
tures,we calledDigital predicatdeatureqlistedin Table3), all of whichwerewhite-boxfeatures.
Thesefeatureswhenusedby a deterministicpredicate(seeAlgorithm 1), producedexactly the
sameschedulessthe PDS.We theninvestigatedvhetherthe workingsof this predicatecouldbe
approximatedy a MLC. As wasmentionedpreviously, the Digital predicatefeaturesvereused
to nd anoptimal con guration for our CANN with which to experiment. The resultsof these
experimentsare presentedn Section7.2.1. Cross-alidationwasthenperformedon this feature
setusingbothdecisiontreesandour optimal CANN con guration. Theseresultsarepresentedn
Section7.2.2.

7.2.1 Self-Validation Resultswith Digital PredicateFeatures

Consideringhe numberof parametergérom which to choosefrom whenusingneuralnetworks,
usingall possiblecon gurationsfor experimentatiorwasimpossible. We decidedto performex-
perimentswith our Digital predicatefeaturesusingself-validation (as describedn Section6.1)
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to identify agoodcon gurationfor our CANN. This con gurationwould thenbe usedfor further

experimentsWe experimentedvith two learningalgorithmg SCGandBPM), threedifferentnum-

bersof hiddenunits(10,20,and30),andwith weightedandunweightedrainingpatternsBecause
of thetime requiredto run BPM andgiventhefactwe did not obsere anincreasen performance
over SCG,we did notrun ary experimentswith weightedBPM, nor did we experimentwith using

BPM onanetwork of 30 hiddenunits. Table5 shavstheresultsfor the self-validationexperiments
thatwe ran. Thetableshavsthata CANN network usingthe SCGalgorithm,with acon guration

of 20 hiddenunits, trainedon unweightednputsoutperformsall othercon gurations. We used

this CANN con gurationfor furtherstudies.

Benchmark | BPMH10U | BPMH20U | SCGHI0U | SCGH20U | SCGHIOW | SCGH20W | SCGH30W
110.applu | 20.83% 1.89% 4.74% 157% 0.46% 0.96% 3.10%
T41.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% 187% 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% 551% 3.13% 50.55% 4.32% 69.76%
125.turb3d | 4.66% 8.32% 4.00% 413% 17.24% 0.45% 23.31%
146.vave5 | 3.60% 4.02% 167% 159% 21.05% 5.52% 12.82%
[OverallAvg | 5.70% [ 2.84% [ 3.34% [2.10% [1655% | 5.88% [13.65% |

Table5: SelfValidationResultdor differentCANN SchedulersEachpercentages thepercentage
worsethanthePDSfrom Digital. (H#= Numberof Hiddenunits;U = UnweightedW = Weighted)

7.2.2 Cross-\alidation Resultswith Digital PredicateFeatures

The resultsin Table6 were gatheredrom our cross-alidationexperimentsjn orderto obtaina
realisticestimateof how MLC schedulersvould performin practice.Our cross-alidationexper

imentsusedthe ten Fortranprogramsfrom SPEC95benchmarkstraining on nine of the bench-
marksandusingthetrainedcomponento schedulghetenth.We experimentedvith decisiontrees
andthebestCANN con gurationfrom our self-validationexperiments.Theresultsshov thatDT

schedulersave a signi cant advantageover CANN schedulers.First, it seemghatthe CANN

doesnotdo well in the presencef ltering. It remainsto be seenwhetherthe CANNs canper

form better if moreof the original datais usedfor training. However, therearecloseto 700000
traininginstancesn theoriginaldataset,thereforesomeamountof Itering is required.Giventhat
theinteractionof the heuristican the publicdomainDigital schedulecanbeexpresse@sa series
of if-then-elseests(seeAlgorithm 1 in the Appendix),it is nothardreasorwhy decisiontreesare
ableto outperformCANNSsin thistask.Decisiontreesaregoodatclassi cationproblemswerethe
datacanbe differentiatedwith booleantests,which is inherentlyhow the DEC predicateworks.
If our problemrequiredmodelingamorecomple function,a neuralnetwork con gurationwould

bemoreadequate.

7.3 Further DecisionTreeExperiments

We now presenexperimentson the reductionand combinationof featuresthe effect of training
with benchmark$rom onelanguageandschedulinga benchmarkrom anothedanguageandthe
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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% |

Table 6: Resultsfor benchmarksising Original, DTs, CANNs, and RandomSchedulers.The
percenin theparenthesighdicategshe amountof datafrom the originaldata les. The CANN has
20 hiddenunits, is trainedusingunweightednstancesandusesthe SCGalgorithm.

performancef schedulingusingonly blackandgrayfeatures.

7.3.1 Resultswith SchedulingC benchmarks

We decidedto verify earlyresultswhich indicatedthatgoodschedulingequiredtraininga MLC
with a corpusof benchmark®f the samelanguageasthe benchmarkwe were scheduling. We
scheduledhe 8 SPEC95C benchmarksisinga MLC trainedwith the corpusof Fortranbench-
marks. Table 7 and Table 1shav that Fortranand C benchmarkdave differentcharacteristics.
Also, the C andFortranbenchmarksverecompiledwith differentcompilerswhich creategurther
differencedetweerthe languagesGiventhesedifferencesye initially believedthatscheduling
andtraining would have to be doneon benchmark®f the samelanguage.However, the results
presentedh Table8 indicatethatthis assumptionvasincorrect.We hypothesize¢hatgivenagood
featureset,acorpusmadeup of benchmarksf languageX canbeusedo trainaMLC for schedul-
ing ary otherlanguageY, whereX andY canbeary compiledlanguageFurtherexperimentation
remaingo prove whetherthis hypothesisolds.

7.3.2 Resultswith Reducingand Combining Features

In orderto identify a minimal setof featuresrequiredby a good MLC scheduleifor the Alpha
21064 we decidedo experimentwith smallsubset®f the Digital-speci c featureset. We experi-
mentedwith thefollowing featuregMax Rank,Actual Dual, Max Fu DelayDelay). This resulted
in afeaturevectorof six featuresthreefeaturedor eachinstruction.To furtherreducehisfeature
setwe combinedthe like featuresof the two instructionsbeingcomparedi.e., we combinetwo
featuresby subtractingone featurefrom anotherfeature)to obtaina featurevectorof threefea-
tures.Theresultsof schedulingwvith decisiontreesusingbothfeaturesetsarepresentedh Table9
(columnsDT(6) and DT(3)). The resultsshav that decisiontreestrainedon both featuressets
performedextremelywell. Thefeaturesetwith thecombinedeaturegDT(3)) performedslightly
betterthanthe featuresetwith uncombinedeaturegDT(6)). Whencombiningfeatureswe are
explicitly makingcomparisondetweerfeaturesvherethecomparisons relevant,insteadof hav-
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Benchmark |Description Source [Number|{Number |Average

lines of of instruc{size of
blocks [tions block (in-
structions)

C programs
129.compress|Reducesthe size of les using adaptve| 1422 4596 20152 4.385
Lempel-Zv coding

126.gcc basednthe GNU C compilerversion2.5.3] 133049 77269 332184 4.299
builds SFARC code

099.go Arti cial intelligence:playsthegameofgo | 25362 16095 80900 5.026

132.ijpeg Graphiccompressiomnddecompression | 17449 12033 70928 5.894

130.li LISP interpreter running the Gabrie| 4323 8056 36668 4.552
benchmarks

124.m88ksim [Motorola 88100 microprocessosimulator] 12026f 10121 46438 4.588
runstestprogram

134.perl Manipulatesstrings (anagrams)and prime| 21078 22590 111849 4.951]

numbersn Perl
147 .vortex Subsebf afull objectorienteddatabasero-| 41034 32624 180331 5.528§
gram called VORTEX (Virtual Object Run-
time EXpository)

[Total [ 255743 183384 879450 4.903

Table7: Propertief 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.ijpegy 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 \ortex 1.67% | 0.02% | 14.06%

OverallAvg | 2.97% | 0.02% | 13.20%

Table8: Resultsfor schedulingC benchmarksising Original, DecisionTree(DT), andRandom
SchedulersEachpercentagés theamountworsethanthe PDS.

ing the decisiontreealgorithmtry andderive comparisongrom thetraining data. Thus,we have
simpli ed theproblemby manipulatinghetrainingdatabasedbn a priori knowledge.

7.3.3 Resultswith Black and Gray Features

We alsoran anexperimentusingonly blackandgray features.First, we identi ed a setof black
andgrayfeatureswhichwe believedwould beeffective in describingandthereforen differentiat-
ing instructions We alsochoosédlackandgrayfeaturesvhichwe believedwould do areasonably
goodjob of modelingthecurrentstateof thearchitectureuringschedulingThesdeatureseemed
sufcient to allow a MLC to learnbiasesowardsbetterinstructionso scheduleat givendecision
points. The featuresarepresentedn Table 10 andthe resultsof schedulingusingdecisiontrees
inducedusingthesefeaturesarepresentedh Table9 (columnBG). Theseresultsweredisappoint-
ing. Our scheduledid not performbetterthanrandom andin factfor somebenchmarkgerforms
muchworse. The resultsindicatethat eitherwe were unableto identify the predictve 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.vave5 | 4.04% | 0.59% | 0.17% | 38.20% | 27.52%

OverallAvg | 1.47% | 0.83% | 0.21% | 31.08%] 27.62%

Table 9: Resultsfor benchmarkausingthe DT schedulern threedifferentfeaturesets. The
numberin the parenthesigdicatesthesizeof thefeatureset.

gray featuresneededor agoodMLC scheduleor thatMLC schedulersequiresomewhite box
featurego obtainschedulejualitiescomparabléo handtunedschedulersThelattercauseseems
morelik ely, but furtherexperimentsarerequiredto reinforcethis hypothesis.

FeatureName | FeatureDescription | HardwareDependence]
Featuresndependentf Candidatdnstructions

FractionScheduled Fractionof instructionsscheduledrealin therangeof [0,1]) black

ParamClassOf Prior Instr Classe®f lastN instructionsscheduled(N=4) gray
Feature®ependenbn Candidatdnstructions

InstructionClass The classof proposednstruction gray

ParamDependOn PriorInstr | Doescandidateinstructiondependon Nth prior instruction? | gray
Checklastfour schedulednstructions.

ClassOf MostRecentPred Theclassof the mostrecentlyissuedimmediate)predecessor| gray

Num Of Imm Succs Thenumberof directly dependeninstructions. black

Num Of TransSuccs Thenumberof directly or indirectly dependeninstructions. black

Num Of Imm Preds Numberof (immediate)instructionsthis instructionis depen- | black
denton.

Critical Path The heightof the instructionin the DAG (the length of the | black

longestchain of instructionsdependenbn this one) (edges
with unit weights)

Dist FromLastPredlssued How farbackis theclosesinstructiononwhichthisinstruction | black
depends?
FractionaHeight Fractionalheightof the instructionin the longestdependence black

chainrunningfrom top to bottomof the DAG.
Num Dominatedmm Succs Numberof dominatechodesamongtheimmediatesuccessors| black
ReachabilityCount The numberof insructionsthat can be reachedrom this in- | black
structionin the DAG.

Table10: BlackandGray Featuresisedfor DecisionTreeExperiment.

8 RelatedWork

Alessandrdde GloriaandPaoloFaraboschsuggesa methodof codecompactioronverylongin-
structionword (VLIW) architecturesisingBoltzmannmachineg12]. Codecompactiorin VLIW
architecturess the problemof assigningnstructionsnto a minimumnumberof large instruction
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paclets (eachpaclet correspondso a very long instructionword, hencethe nameVLIW). The
problemof codecompactiorhasmary of the samepropertiesasinstructionscheduling.Boltz-
mannmachinesarea classof neuralnetworks thatusesimulatedannealingn their learningpro-
cedure[13]. They look at compactingcodefor sevenbasicblocksrangingin sizefrom 13 to 39.
Theshow by performingseveralhundredannealingterations thatthey areableto achieve perfor
manceequvalentto “hand-compiled’code.Unfortunatelylik e simulatedannealingthis methods
IS very computationintensve, requiring mary iterationsover a training set beforethe learning
procedurecorverges. Anotherproblemwith the schedulingechniquentroducedin the paperis
thatit is allowedto schedulenstructionsarbitrarily withoutregardto datadependengcconstraints.
Therefore,along with valid scheduleghe techniquecan also producemary invalid schedules.
Their solutionis to checkthe validity of the schedulewith the original DDD, but this addscostly
super uouscomputation.Also, a Boltzmannmachinemustbe retrainedfor eachdifferentbasic
block thatis beingscheduled.To alleviate the problemof the expensve learningprocedurethe
authorssuggesthe possibilityof having mary Boltzmannmachinesmplementedn hardwareand
schedulingdifferentbasicblocksconcurrently

Beatyappliedgeneticalgorithmsto the problemof instructionschedulind14]. He presentec
methodin which a geneticalgorithmis allowedto choosehe orderof instructiongto be placedin
the scheduleThe geneticalgorithmtrainsandschedulesimultaneouslyandit mustberetrained
for every new block. Beatyshaws that geneticalgorithmsare ableto schedulecodeaswell or
betterthanexisting schedulingnethodson afew benchmarksLik e Boltzmannmachinesgenetic
algorithmsareprohibitively expensve requiringseveralhundredterationsbeforea goodschedule
is found. This methodalsoproducesnvalid schedulesvhich addsto its high cost..Giventhe high
computationcostof geneticalgorithmsandthe large numberof iterationsneededo schedulea
block, this is not a viable solutionfor commerciakcompilers.In contrastto thesemethodswe do
notdoonlinelearning;wetrainour neuralnetwork andinduceour decisiortreesbeforescheduling
andthe MLCs producedremain x ed whenschedulingj.e., they are not updatedbasedon ary
feedbackhat might be obtainedduring scheduling.A consequencef thisis thatour technique
is extremelyef cient anda viable solutionfor commercialcompilers.Also, our methoddoesnot
produceinvalid schedulesOur MLC schedulersisethe DDD at all timesduring schedulingand
thereforeall scheduleshey producearevalid.

9 FutureWork

Thereareseveralareador promisingresearcipertainingto thiswork. We would eventuallylik e to
experimentwith differentarchitectureshothexisting andproposedWe would lik e to experiment
with complicatedarchitecturesior example architecturesvith additionalfunctionalunitsor more
complicatedpipelinesor differentarchitecturesuchasVLIW architecture®r multiprocessors.
Ourexperimentsarecurrentlyrunningonasimulatorfor aAlpha21064.Thisarchitecturdasonly
two functionalunits,a oating pointanda integer functionalunit, thusa hand-codednstruction
schedulemay be ableto schedulewell for it. More complicatedarchitecturesvill be harderto
scheduldor andthereforeour schememay prove morebene cial. An experimentatool is being
built to let us experimentquickly with simulatorsof differentarchitectures. Thesesimulators
will be requiredto returnvaluesof featurescorrespondingo their internal state,thus providing
essentiainformationto build good schedulers.Mary of thesefeaturesbeing usedmay be too
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computationallyexpensve for practicaluse thereforefuture work remainson experimentingwith
featureghatarecheapeto compute put arereasonabl@pproximation®f the expensve features.

We would like to be considerharderproblems suchasglobal schedulingor schedulingwith
registerallocation. Theseproblemsare hard enoughthat hand-tunecheuristicsmay not be ade-
guate.Thereforeour learningtechniquesnaybeableto shawv signi cantimprovementoverthem.
Looking at harderproblemamight precludeworking in a supervisedearningsetting. Theseprob-
lemsmightthereforerequirereinforcementearningtechniquesln reinforcementearning,we can
let thelearnerscheduleandgive it a quality ratingfor the nal schedule Thelearneris rewarded
for goodschedulesndpunishedor badschedulesandthuslearnsto preferactionsit hastriedin
the pastandfoundeffective in producinga reward.

It is unclearwhethemnwe will seesimilarlevelsof performancechedulinglifferentlanguages.
Thereforewewouldlik eto investigateschedulingover differentlanguagessuchasC++, Modula-
3, Java, andAda. This would allow usto performcross-alidationover a larger training set, that
is training using multiple benchmarkgrom multiple languages. It may be that our technique
provesmorebene cialfor somelanguageshanfor others.For instancesimpleheuristicfoundin
commerciakchedulersnaybeableto scheduld=ortranprogramsetterthanC++ code.This may
bedueto thetypesof programgor which a certainlanguageas used the constructsn alanguage,
or thecodingstylealanguagenduces.

Our schedulecostsareapproximationsof whatshouldhappenn hardware,andthereforewe
cannotbe completelysurewhatour resultswould beif we wererunningon hardware,or atleasta
bettersimulator(e.g.,onethatmodeledhecachehierarchyandthereforemodeled'global” effects
onabasicblock). To thisend,wewouldlik e eventuallyto integrateour schedulemto thebackend
of acompileror attheveryleast,into asimulatorthatmodelednorepreciselywhatwashappening
in hardware.

10 Conclusion

We have shavn thatintegratinga machindearningcomponentinto aninstructionschedulers not
only feasible but extremelypro table. Theresultsshov thatandecisiontreescheduleschedules
programscomparabldo an extremelygoodhand-codedchedulegiventheright setof features.
We have alsoshowvn thatschedulersuilt with decisiontreestypically outperformscheduler$uilt
with neuralnetworks. Giventhe natureof the task,thatis, to learnan appropriatgredicatefor
schedulingdecisiontreesseemmoresuitedto thetask.
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11 Appendix

if  (odd_partial) {
if (any_actual_dual =
if (actual_dual
if (actual_dual
if  (max_rank
decision
}

else {
decision =
}
else {
decision
}
}
else { /* left
if (actual_dual
decision =
}
else {
decision

}

}
}
else { [/
decision
}
else if
decision =
}

else {
if  (max_rank
decision
}

else { /[*right
decision =
}

}
}
}
else {

if (max_fu_data_delay
decision = True;
}

else if (max_fu_data_delay
decision = False;
}

else
if  (max_rank
decision =
}

else {
decision =
}

left)
True;

Algorithm 1: The algorithmfor the Digital predicate.If decisionis setTrue,we preferthe rst

can't

No instructions
if (max_fu_data_delay_adv
= True;

(max_fu_data_delay_adv
False;

on critical
False;

False;

yes) {

left) {

right) {
== left) {

= True;

False;

= True;

dual */
right ) {

False;

= True;

can dual issue */

right) {

lef)  {

left) { [left on critical path*/

= True;

path*/

right) {

lef)  {

{ I*eft on critical path*/

[*right on critical path*/

instruction,otherwisewe preferthe secondnstruction.
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max_fu_data_delay = max_fu_data_delay 7 left

actual_dual = bpth odd_partial =jno actual_dual = bpth odd_partial = ho

max_fu_data, delay_adv 3 right [right (521} [left 2128)  [actual_dual = Jeft max_fu_data_delay_adv]- left [left (5219) [rignt 2126l [actual_dual = rht

|right (34) |any_ac1ua|_dua|:|no |Ieft (34) |any_actua|_dual:|no

any_actual_dual § no odd_partial = ho

any_actual_dual 4 no

N
N

left |_dual = bpth i =
[rignt (139b)  [odd_partial = o [right (289) [any_actual_dual § no Lett e78h lactual_dual = o [left (139%)  [odd_partial =jo [ieft (28¢)  [any_actual_dual { no [ignt 75}, [actual_dual = ot
) |ma>(_fu_data_delay_adv|: |4|9ﬁ (353‘{1) |Ief‘t (134) right (43) right (46#5) left (4 |max_fu_data_delay_adv =| riglright (353*1)

left (33 right (1)

right (53

left (52
left (38

right (438B)
left (382,

right (39

Figure6: A decisiontreeinducedby theITI usingthe Digital predicatefeatures.The featureshave beencorvertedfrom their numeric
formto labeledvalues.



