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1 Intr oduction

Although high-level code is generallywritten as if it were going to be executedsequentially, most

moderncomputersexhibit parallelismin instructionexecutionusingtechniquessuchasthe simultaneous

issueof multiple instructions.To take thebestadvantageof multiple pipelines,whena compilerturnsthe

high-level codeinto machineinstructions,it employs aninstructionschedulerto reorderthemachinecode.

Theschedulerneedsto reordertheinstructionsin sucha way asto preserve theoriginal in-ordersemantics

of thehigh level codewhile having thereorderedcodeexecuteasquickly aspossible.An ef�cient schedule

canproducea speedupin executionof a factorof two or more.

Building aninstructionschedulercanbeanarduousprocess.Schedulersarespeci�c to thearchitecture

of eachmachine,andthegeneralproblemof schedulinginstructionsis NP-Complete(Proebsting).Because

of thesecharacteristics,schedulersarecurrentlybuilt usinghand-craftedheuristicalgorithms.However, this

methodis bothlaborandtime intensive. Building algorithmsto selectandcombineheuristicsautomatically

usingmachinelearningtechniquescansave time andmoney. As computerarchitectsdevelopnew machine

designs,new schedulerswouldbebuilt automaticallyto testdesignchangesratherthanrequiringhand-built

heuristicsfor eachchange.This would allow architectsto explorethedesignspacemorethoroughlyandto

usemoreaccuratemetricsin evaluatingdesigns.

A secondpossibleuseof machinelearningtechniquesin instructionschedulingis by the end user.

Insteadof schedulingcodeusinga staticschedulertrainedon benchmarkswhenthecompilerwaswritten,

a userwould employ a learningschedulerto discover importantcharacteristicsof that user's code. The

learningschedulerwould exploit the user's codingcharacteristicsto build schedulesbettertunedfor that

particularuser.

Whenbuilding ascheduler, thereis a tradeoff betweentherunningtimeof thecompilerandtherunning
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time of the executablegenerated.Potentially, the longer the compiler runs, the morepossibilitiesit can

considerandthebetterthescheduleit cangenerate.However, insteadof exploringeachindividual program

online,a compilercouldmake useof analgorithmtunedoff-line. This would decreasetherunningtime of

thecompilerwhile potentiallysacri�cing somequalityof the�nal schedule.

With thesemotivations in mind, we formulatedand testedtwo methodsof building an instruction

scheduler. The �rst methodusedrollouts (Woolsey, 1991;Abramson,1990;Galperin,1994;Tesauroand

Galperin,1996;Bertsekaset al., 1997a,b)andthesecondfocusedon reinforcementlearning(RL) (Sutton

andBarto,1998).We alsoinvestigatedtheeffect of combiningthetwo methods.All methodswereimple-

mentedfor theCompaqAlpha 21064.Thesemethodsaddressthetime tradeoff directly. Rolloutsevaluate

schedulesonlineduringcompilationwhile reinforcementlearningtrainsonmoregeneralprogramsandruns

morequickly at compiletime. Thenext sectiongivesa domainoverview anddiscussesresultsusingsuper-

visedlearningonthesametask.Wethenpresenttherollout scheduler, thereinforcementlearningscheduler,

andtheresultsof combiningthetwo methods.

2 Overview of Instruction Scheduling

Wefocusedonschedulingbasic blocks of instructionsonthe21064version(DEC,1992)of theCompaq

Alpha processor(Sites,1992). A basicblock is a setof machineinstructionswith a singleentrypoint and

a singleexit point. It doesnot containany branchesor loops. Our schedulerscan reorderthe machine

instructionswithin a basicblock but cannotrewrite, add, or remove any instructions. Many instruction

schedulersbuilt into compilerscaninsertor deleteinstructionssuchasno-ops.However, we wereworking

directly with thecompiledobject�le andhadno methodfor changingthesizeof a block within theobject

�le, only for reorderingtheblock.
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Thegoalof thescheduleris to �nd a least-costvalid orderingof theinstructionsin a block. Thecostis

de�ned astheexecutiontimeof theblock. A valid orderingis onethatpreservesthesemanticallynecessary

orderingconstraintsof theoriginal code.This meansthatpotentiallycon�icting readsandwritesof either

registersor memoryarenot reordered.We ensurevalidity by creatinga dependencegraphthat directly

representsthenecessaryorderingrelationshipsin adirectedacyclic graph(DAG). Thetaskof schedulingis

to �nd a least-costtotalorderingconsistentwith theblock's DAG.

A B C D

X = V;

Y = *P;  

P  = P + 1; 4:    ADDQ     R10, R10, 8  

3:     STQ        R2, Y            

2:    LDQ        R2, 0(R10)   

1:    STQ         R1, X           

3

1 2

4

2 1

4

2

3

Available

Not Available Available

Scheduled

C Code Instruction Sequence to be Scheduled Dependence Dag of Instructions Partial Schedule

Figure1: Examplebasicblockcode,DAG, andpartialschedule

Figure1 givesa samplebasicblock andits DAG. In this example,theoriginal high-level codeis three

linesof C code(Figure1A). ThisC codeis compiledinto theassemblycodeshown in Figure1B. TheDAG

in Figure1C is constructedfrom Figure1B in thefollowing way. Instructions1 and2 have no dependences

andthushave no arcsinto their nodes.However, instruction3 readsfrom a registerloadedin instruction

2 which meansthat instruction2 mustbe executedbeforeinstruction3. If the compilerdoesnot know

that X andY arenon-overlappingvariables,it mustassumethat instruction3 dependson instruction1.

Lastly, instruction4 incrementsthe valuein the sameregister that instruction2 reads,which meansthat

instruction4 mustbe executedafter instruction2. An exampleof usingthis DAG is shown by thepartial

schedulein Figure1D. Here,instruction2 hasalreadybeenscheduled.This meansthat instructions1 and

4 areavailableto beschedulednext. Instruction3 mustwait for instruction1 to bescheduledbeforeit can
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becomeavailable.

Using this examplebasicblock (Figure1) anda singlepipelinemachine,we candemonstratehow a

smallschedulechangecanaffect therunningtime of a program.Thereare� ve valid schedulesfor thefour

instructionsshown in Figure1. Assumethat two of thesescheduleswereto executeon a singlepipeline

machinewhereloadstake two cyclesto executeandall otherinstructionstake onecycle. Thetwo example

schedulesareshown in Table1. WhenexecutingscheduleA, instruction2 is executedimmediatelybefore

instruction3. However, instruction3 dependson the resultsof instruction2, which takes two cycles to

execute. This causesa pipelinestall for onecycle. ScheduleB �lls the secondcycle of the load in the

pipelinewith instruction4. Instruction4 doesnot causea stall becauseit hasno dependency on the data

beingloadedin instruction2. With thestall, ScheduleA takes5 cyclesto executewhile ScheduleB takes

only 4 cycles. This exampleillustratesdiffering executiontimeswith only a small changein instruction

ordering. On larger blocks, on machineswith multiple pipelines,and with the ability to issuemultiple

instructionspercycle, thedifferencecanbemoredramatic.

Original Schedule ScheduleA Cyclecount ScheduleB Cyclecount
1. STQ R1,X Instr 1 1 Instr1 1
2. LDQ R2,O(R10) Instr 2 2 � causesastall Instr2 1
3. STQ R2,Y Instr 3 1 Instr4 1
4. ADDQ R10,R10,8 Instr 4 1 Instr3 1
Totals: 5 4

Table1: Two valid schedulesandrunningtimesfor asinglepipelinedmachinewhereloadstake two cycles
andall otherinstructionstake onecycle.

TheAlpha 21064is a dual-issuemachinewith two differentexecutionpipelines.Onepipelineis more

specializedfor �oating pointoperationswhile theotheris for integeroperations.Althoughmany instructions

can be executedby either pipeline,dual issuecanoccur only if the next instructionto executematches

the �rst pipelineandthe instructionafter that matchesthe secondpipeline. A given instructioncantake

anywherefrom oneto many tensof cyclesto execute.ResearchersatCompaqhavemadea21064simulator
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publicly availablethatalsoincludesa heuristicschedulerfor basicblocks. Throughoutthepaper, we refer

to this schedulerasDEC1. Thesimulatorgivestherunningtime for a given scheduledblock assumingall

memoryreferenceshit thecacheandall resourcesareavailableat thebeginningof theblock. To counteract

any differencesbetweenschedulersthatmightappearbecauseof thisassumption,wealsorantheschedules

generatedin thesimulatoronaclusterof identicalCompaqAlpha21064machinesto obtainactualrun-time

results.

As theresultsshow, usingthesimulator's assumptionsoftenproducesgoodresults,but sometimesleads

usto producemediocreschedules.Thewholepointof ourtechniqueis to dowell whenschedulingprograms

we have not seenbeforeandfor which we have no executiontime measurements,e.g.,of cachehit/miss

statistics.By usingtechniquesthat aremorecomplex (both in the senseof runningtime complexity and

in thesenseof complexity of code)onecouldbetterapproximatethestatusof all resourcesat thestartof

eachblock. However, we wishedto seehow well we could do consideringeachblock independently, so

suchtechniquesarebeyond the scopeof this paper. Comparingthe costandeffectivenessof block-local

techniqueswith moreglobalapproachesto schedulingis aninterestingtopic for futurework.

All of our schedulersuseda greedyalgorithmto schedulethe instructions,i.e., they built schedules

sequentiallyfrom beginningto endwith no backtracking.This is referredto aslist scheduling in compiler

literature.Eachschedulerreadsin abasicblock,buildstheDAG,andschedulesoneinstructionatatimeuntil

all instructionshavebeenscheduled.Whenchoosingthebestinstructionto schedulefrom a list of available

candidates,eachschedulercomparesthecurrentbestchoicewith thenext candidate.This continuesuntil

all viablecandidateshavebeenconsidered.Theoverallwinneris scheduledandtheDAG is updatedto give

a new setof candidateinstructions.Our algorithmsdiffer in theway in which instructionsarecomparedat

1AlthoughDigital hasbeenpurchasedby Compaq,we continueto referto their schedulerasDECto maintainconsistency with
ourearlierpapers.
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eachstep.

Mosset al. (1997) showed thatsupervisedlearningtechniquescould induceexcellentbasicblock in-

structionschedulersfor this task. To do this, they trainedseveral different supervisedlearningmethods

to choosethe bestinstructionto schedulegiven a featurevector representingthe currentlyscheduledin-

structionsandthe candidateinstructions.Eachmethodlearneda preferencerelationwhich de�ned when

an instruction i is preferredover an instruction j at a given point in a partial schedule. The supervised

learningmethodsusedwerethedecisiontreeinductionprogramITI (Utgoff, Berkman,andClouse,1997),

tablelookup,theELF functionapproximator(Utgoff andPrecup,1997),andafeed-forwardarti�cial neural

network (Rumelhart,Hinton, andWilliams, 1986). More detailsof eachmethodcanbe found in Mosset

al. (1997)wherethey show that eachmethodnearlyalwaysmadeoptimal choices(i.e. 96 � 97% of the

time)of instructionsto schedulefor blocksin whichcomputingtheoptimalschedulewasfeasible.

Althoughall of thesupervisedlearningmethodsperformedquitewell, they sharedseveral limitations.

Supervisedlearningrequiresatrainingsetconsistingof correct,or approximatelycorrect,input/outputpairs.

Generatingusefultraininginformationrequiresanoptimalschedulerthatexecutesevery valid permutation

of the instructionswithin a basicblock andsavestheoptimalpermutation(theschedulewith thesmallest

runningtime). As we expectedfrom knowing that optimal schedulingis NP-Complete(Proebsting),this

searchwastoo time-consumingto performon blockswith morethan10 instructions(Stefanović, 1997).

This inhibited thesupervisedmethodsfrom learningusinglargerblocksalthoughthemethodsweretested

on largerblocks. Usinga methodsuchasRL or rolloutsdoesnot requiregeneratingtrainingpairs,which

meansthat the methodcanbe appliedto larger basicblocksandcanbe trainedwithout knowing optimal

schedules.

To testeachschedulingalgorithm,weused18SPEC95benchmarkprograms(Reilly, 1995).Tenof these

programsarewritten in FORTRAN andcontainmostly �oating point calculations.Eight of theprograms
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arewritten in C andfocusmoreon integer, string,andpointercalculations.Eachprogramwascompiled

usingthecommercialCompaqcompilerat thehighestlevel of optimization.Wecall theschedulesoutputby

thecompilerCOM2. This collectionhas447,127basicblocks,containing2,205,466instructions.Although

92� 34% of theblocksin SPEC95have 10 instructionsor fewer, the larger blocksaccountfor a dispropor-

tionateamountof therunningtime. Thesmallblocksaccountfor only 30� 47%of theoverall runningtime.

This maybebecausethelargerblocksareloopsthat thecompilerunrolledinto extremelylong blocks.By

allowing ouralgorithmsto scheduleblockswhosesizeis greaterthan10,wefocusonschedulingthelonger

runningblocks. We presenttiming resultsusing the simulatorandactualrunson CompaqAlpha 21064

machines.To decreasetherunningtime of thesimulator, we broke the206blockswhosesizewasgreater

than100instructionsinto blocksof size100(or less).After scheduling,theseblockswerethenconcatenated

togetherfor actualexecution.Thisconstraintdid notaffect theresultssigni�cantly but spedupthesimulator

considerably.

3 Rollouts

Rolloutsarea form of Monte Carlo search,�rst introducedin the backgammonliterature(Woolsey,

1991; Galperin,1994; TesauroandGalperin,1996). In otherdomains,Abramson(1990)studiedwhat

we call RANDOM-π (below) in a gameplayingcontext, andBertsekaset al. (1997a,b) proved important

theoreticalresultsfor rollouts. In theinstructionschedulingdomain,rolloutswork asfollows: supposethe

schedulercomesto apointwhereit hasapartialscheduleandasetof (morethanone)candidateinstructions

to addto theschedule.Theschedulerappendseachcandidateto thepartialscheduleandthenfollowsa�x ed

policy, π, to scheduletheremaininginstructions.Whenthescheduleis complete,theschedulerevaluatesthe

2In previouspapers(McGovernandMoss,1998;McGovern,Moss,andBarto,1999)we referredto this asORIG.This change
is to reduceconfusion.
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Figure2: The actionsof a rollout schedulerwhenrolling out threedifferent instructions� ve timeseach.
Thisprocessis repeatedto scheduleeachinstruction.

runningtimeandreturns.Whenπ is stochastic,this rollout canberepeatedmany timesfor eachinstruction

to achieve a estimateof theexpectedoutcome.After rolling out eachcandidate(possiblyrepeatedly),the

schedulerpickstheonewith thebestestimatedexpectedrunningtime. Thisprocessis illustratedgraphically

in Figure2. In this example,π is a stochasticpolicy. Eachof thethreeinstructionsis rolled out � ve times.

The third instructionhasthe lowestsampleaveragerunningtime of 5 � 6 cyclesandis chosenasthe next

instructionto schedule.Theprocessis thenrepeatedateachsuccessive decisionpoint.

Our�rst setof rollout experimentscomparedthreerollout policies.While Bertsekaset al. (1997) proved

thatif weusedtheDECschedulerasπ, wewouldperformnoworsethanDEC,anarchitectproposinganew

machinemight not have sucha goodheuristicpolicy availableto useasπ. Therefore,we alsoconsidered

policiesmorelikely to be available. The obvious choiceis the randompolicy. We denotethe useof the

randompolicy for π in therollout schedulerasRANDOM-π. Underthis policy, a rollout makesall choices

in a valid but uniformly randomfashion.We alsotestedtheuseof two heuristicpolicies.The�rst wasthe

orderingproducedby theoptimizingcompilerCOM, denotedCOM-π. Thesecondheuristicpolicy tested
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wasthe DEC scheduleritself, denotedDEC-π. Although the full heuristicsof DEC or COM will not be

availableto anarchitectwhile designinga machine,a simplersetof heuristics(but morecomplicatedthan

RANDOM) maybeavailable.

The rollout schedulerperformedonly one rollout per candidateinstructionwhen using COM-π and

DEC-π becauseeachis deterministic.Initially, we used20 rollouts for RANDOM-π. Discussionof how

the numberof rollouts affectsperformanceis presentedlater in this section. After performinga number

of rollouts for eachcandidateinstruction,the schedulerchosethe instructionwith the bestrunning time

averagedover therollouts.As abaselinescheduler, wealsoscheduledeachblockwith avalid but uniformly

randomordering,denotedRANDOM.

Table2 summarizesthe performanceof the rollout schedulerundereachpolicy π ascomparedto the

DEC scheduleron all 18 benchmarkprograms.Becauseeachbasicblock is executeda differentnumberof

timesandis of a differentsize,measuringperformancebasedon themeandifferencein numberof cycles

acrossblocksis nota fair performancemeasure.To morefairly assesstheperformance,weusedtheratioof

theweightedexecutiontime of therollout schedulerto theweightedexecutiontime of theDEC scheduler,

wheretheweightof eachblock is thenumberof timesthatblock is executed.More concisely, we usedthe

following performancemeasure:

ratio � ∑all blocks 	 rollout schedulerexecutiontime 
 numberof timesblock is executed�
∑all blocks 	 DEC schedulerexecutiontime 
 numberof timesblock is executed� �

If a schedulerproduceda fasterrunningtime thanDEC, the ratio would be lessthanone. All execution

timesin Table2 arethoseof thesimulator.

Despitethe fact thatStefanović (1997)showed that reschedulinga block hasno effect for 68%of the

blocksof size10 or less,the randomschedulerperformedvery poorly. Overall, RANDOM was27� 8%
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Simulator results

Fortran programs
App RANDOM RANDOM- p COM COM-p DEC-p
applu 1.388 1.059 0.991 0.982 0.978
apsi 1.304 1.046 1.024 0.999 0.990
fpppp 1.246 1.049 1.043 1.004 0.998
hydro2d 1.175 1.028 1.018 1.006 0.998
mgrid 2.122 1.301 1.009 1.001 0.967
su2cor 1.187 1.017 1.054 1.018 0.996
swim 2.082 1.259 1.030 1.029 0.975
tomcatv 1.224 1.050 1.029 1.006 0.998
turb3d 1.375 1.063 1.177 1.038 0.980
wave5 1.400 1.092 1.032 1.001 0.990
Fortran geometricmean: 1.417 1.093 1.040 1.008 0.987

C programs
App RANDOM RANDOM- p COM COM-p DEC-p
cc1 1.117 1.007 1.022 1.001 0.997
compress95 1.099 0.983 0.977 0.970 0.970
go 1.173 1.011 1.028 0.998 0.994
ijpeg 1.167 1.010 1.014 0.989 0.981
li 1.083 1.006 1.012 1.001 0.995
m88ksim 1.113 1.001 1.042 0.999 0.997
perl 1.131 1.002 1.016 1.000 0.996
vortex 1.106 1.002 1.029 1.000 0.998
C geometricmean: 1.123 1.003 1.017 0.995 0.991

Overall geometricmean: 1.278 1.052 1.030 1.002 0.989

Table 2: Ratiosof the simulatedweightedexecutiontime of RANDOM, COM, and rollout schedulers
comparedto theDEC scheduler. A ratio of lessthanonemeansthat thescheduleroutperformedtheDEC
scheduler. Theseentriesareshown in italics.

slower thanDEC.This numberis a geometricmeanof theperformanceratiosfor 30 runsof eachof the18

SPEC95benchmarksuites.Without addingany heuristicsandjust usingrolloutswith the randompolicy,

RANDOM-π camewithin 5% of the runningtime of DEC. This is alsoan averageover 30 runsof each

benchmark.BecauseCOM, COM-π, andDEC-π aredeterministic,their numbersarefrom onerun. COM

wasonly 3%slower thanDECandoutperformedDEContwo applications.COM-π wasableto outperform

DECon6 applications.Overall the18benchmarkapplications,COM-π wasessentiallyequalto DEC.The

DEC-π schedulerwasableto outperformDEConall applications.DEC-π producedschedulesthatranabout
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1 � 1% fasterthanthe schedulesproducedby DEC. Although this improvementmay seemsmall, the DEC

scheduleris known to make optimal choices99� 13% of the time for blocksof size10 or less(Stefanović,

1997).We estimatedthatDEC is within a few percentof optimalon largerblocksbut it is infeasiblefor us

to �nd outexactly.

To testhow well thesimulatorresultscorrespondedwith runningthescheduleson an actualmachine,

we also ran eachscheduledbinary on a clusterof identical CompaqAlpha 21064machines. Because

DEC, DEC-π, COM, and COM-π were deterministic,eachhad only one binary to run per benchmark.

For theseschedules,weraneachbinary15timesin arow ontwo separatebut identicalAlphasin singleuser

mode. Eachrun wastimed usinggnu time version1.7. Due to their stochasticnature,RANDOM and

RANDOM-π had30 binariesperbenchmark.Eachbinarywasrun onceandtimedasbefore.Thenumbers

in Table3 aretheratiosof theaveragerunningtime of thegivenscheduleto DEC'saveragerunningtime.

Table3 demonstratesthatbinariesbuilt usingRANDOM still executemoreslowly thanthoseproduced

usingDEC, althoughthe differencesin actualrunning timeshave decreasedfrom 27� 8% slower to only

7 � 4% slower. BecauseDEC is a heuristicschedulertunedfor thesimulator, assumptionsthat it makesfor

thesimulatorcanbedetrimentalon theactualmachine.This is apparentwhentheperformanceof DEC is

comparedto RANDOM on theapplicationsgo andvortex whereRANDOM wasableto outperformDEC.

It is hardto sayexactlyhow or why RANDOM schedulesledto betteractualperformancethandid theDEC

scheduleson thesebenchmarks.A plausibleexplanationis that in a few blocksthatareexecutedquitefre-

quently, theDEC scheduler's assumptionswerealwaysviolatedandit endedup producingparticularlybad

schedules.For example,if certainloadsalways missedin thecache,thentheDEC scheduler's assumption

that they hit might well leadit to produceschedulesthatalwaysstall for a long time, whereasRANDOM

could well produceschedulesthat do not stall asmuch. Becauseof thesemodeldifferences,DEC-π can

performworsethanDECon theactualmachine.



To appearin MachineLearning:SpecialIssueon ReinforcementLearning,2000. 12

Run time results

Fortran programs
App RANDOM RANDOM- p COM COM-p DEC-p
applu 1.052 1.009 0.991 0.994 0.995
apsi 1.102 1.019 1.012 1.011 1.003
fpppp 1.108 1.160 0.998 0.984 0.999
hydro2d 1.033 1.009 0.981 0.998 0.998
mgrid 1.348 1.113 0.988 0.989 0.975
su2cor 1.142 1.087 0.999 1.022 1.040
swim 1.039 0.994 1.013 1.012 0.985
tomcatv 1.084 0.996 1.108 1.021 1.024
turb3d 1.204 1.138 0.981 0.975 0.976
wave5 1.045 0.997 0.966 0.999 1.018
Fortran geometricmean: 1.112 1.050 1.003 1.000 1.001

C programs
App RANDOM RANDOM- p COM COM-p DEC-p
cc1 1.019 1.002 1.002 1.009 1.001
compress95 1.006 1.004 1.013 1.012 1.011
go 0.944 0.908 1.010 1.019 1.048
ijpeg 1.130 1.006 0.980 0.987 0.977
li 1.040 1.078 0.997 0.988 0.998
m88ksim 1.070 1.002 0.978 0.983 0.982
perl 1.040 0.998 0.986 0.989 1.003
vortex 0.985 0.973 0.961 0.971 1.049
C geometricmean: 1.028 0.996 0.991 0.994 1.008

Overall geometricmean: 1.074 1.026 0.998 0.998 1.004

Table3: Ratiosof the actualrun timesfor the RANDOM scheduler, the COM scheduler, andthe rollout
schedulers.Eachis comparedto DEC.Theratiosfor theexecutableswhich ranfasterthanDEC areshown
in italics.

In simulation,theperformanceof theschedulesproducedby COM wasslightly slower thanthosepro-

ducedby DEC. On the actualruns,COM endsup slightly fasterthanDEC. This result is consistentwith

whatwasobservedby Mosset al. (1997).TheCOM scheduleralmostcertainlypaysmorecarefulattention

to innerloops,andparticularlyto how theresourcesleft busyby previousiterationsaffect futureiterations.

We believe thatthis alonecanexplain why it performsbetteron theactualhardwareandnot aswell on the

DECsimulatormodel.Therun-timerollout resultsareconsistentwith theresultsobservedin thesimulator.

Partof themotivationfor usingrolloutsin aschedulerwasto obtainef�cient scheduleswithoutspending
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the time to build a suchpreciseheuristicscheduleras COM and DEC. With this in mind, we explored

RANDOM-π morecloselyin a follow-up experiment.

Evaluation of the number of rollouts

Thisexperimentconsideredhow theperformanceof RANDOM-π variedasa functionof thenumberof

rolloutsperformedfor eachcandidateinstruction.WetestedRANDOM-π using1, 5, 10,25,and50rollouts

per candidateinstruction. We alsovariedthe metric for choosingamongcandidateinstructions. Instead

of alwayschoosingtheinstructionwith thebestaverageperformance,denotedAVG-RANDOM-π, we also

experimentedwith selectingthe instructionwith the absolutebestrunning time amongits rollouts. We

call this BEST-RANDOM-π. We hypothesizedthatBEST-RANDOM-π might leadto betterperformance

overall becauseit meantschedulingthe�rst instructionon themostpromisingschedulingpath.Dueto the

long runningtime of therollout scheduler, we focusedon oneprogramin theSPEC95 suite:applu, which

is written in Fortranandfocuseson �oating pointoperations.

Figure 3 plots the performancesof the rollout schedulersAVG-RANDOM-π and BEST-RANDOM-

π asa function of the numberof rollouts. Performanceis assessedin the sameway asbefore: ratio of

weightedexecutiontimes.Thus,thelower theratio, thebettertheperformance.Eachdatapoint represents

the geometricmeanover 30 runs. Although onerollout may not be enoughto fully explore a schedule's

potential,performanceof RANDOM-π with onerollout is 16%slower thanDEC, which is a considerable

improvementover RANDOM'sperformanceof 38%slower thanDEC on applu.By increasingthenumber

of rollouts from oneto � ve, theperformanceof AVG-RANDOM-π improved to within 10%of DEC. Im-

provementcontinuedasthenumberof rollouts increasedto 50, but performanceleveledoff at around4%

slower thenDEC.As Figure3 shows, theimprovement-per-number-of-rollouts dropsoff dramaticallyfrom

25 to 50.
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Figure3: Simulatedperformanceof AVG-RANDOM-π andBEST-RANDOM-π asafunctionof thenumber
of rollouts ascomparedto the performanceof DEC. The barsabove andbelow eachdatapoint areone
standarddeviation from thegeometricmean.A lower ratio indicatesbetterperformance.

Our hypothesisaboutBEST-RANDOM-π outperformingAVG-RANDOM-π was shown to be false.

Choosingthe instructionwith the absolutebestrollout scheduledid not yield an improvementin perfor-

manceover AVG-RANDOM-π over any numberof rollouts. This is probablydueto thestochasticnature

of therollouts. Oncetherollout schedulerchoosesaninstructionto schedule,it repeatstherollout process

againover thenext setof candidateinstructions.By choosingtheinstructionwith theabsolutebestrollout,

thereis no guaranteethat theschedulerwill �nd thatpermutationof instructionsagainon thenext rollout.

Whenit choosestheinstructionwith thebestaveragerollout, theschedulerhasa betterchanceof �nding a

goodscheduleon thenext rollout, which is in accordwith thetheoreticalresultsof Bertsekaset al. (1997).

Althoughtheperformanceof therollout schedulercanbeexcellent,rolloutstake a long time to run. A

rollout schedulertakesO 	 n2m � numberof basicoperations,wherem is thenumberof rolloutsandn is the

numberof instructions.A greedyschedulerwith no rolloutstakesonly O 	 n � . Unlesstherunningtime can

be improved, rolloutscannotbe usedfor all blocksin a commercialscheduleror in evaluatingmorethan
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a few proposedmachinearchitectures.However, becauserollout schedulingperformanceis high, rollouts

couldbeusedto optimizetheschedulesfor importantblocks(thosewith long runningtimesor which are

frequentlyexecuted)within a program. With the performanceandthe timing of the rollout schedulersin

mind,we lookedto RL to obtainhigh performanceat a fasterrunningtime. An RL schedulerwould run in

theO 	 n � time of agreedylist scheduler.

4 ReinforcementLearning

Reinforcementlearning(RL) isacollectionof methodsfor approximatingoptimalsolutionstostochastic

sequentialdecisionproblems(SuttonandBarto,1998).An RL systemdoesnot requirea teacherto specify

correctactions.Instead,it triesdifferentactionsandobservestheirconsequencesto determinewhichactions

arebest.Morespeci�cally, in theRL framework,alearningagent interactswith anenvironment overaseries

of discretetimestepst � 0 � 1 � 2 � 3 �
�
�
� . At eachtime t, theagentobservesenvironmentstate, st , andchooses

anaction,at , which causestheenvironmentto transitionto statest � 1 andto emit a reward,rt � 1. Thenext

stateandrewarddependonly ontheprecedingstateandaction,but they maydependonthesein astochastic

manner. The objective is to learna (possiblystochastic)mappingfrom statesto actions,calleda policy,

thatmaximizestheexpectedvalueof a measureof rewardreceivedby theagentover time. More precisely,

the objective is to chooseeachactionat so asto maximizethe expectedreturn, E � ∑∞
i � 0 γirt � i � 1 � , where

γ ��� 0 � 1� is adiscount-rateparameter.3

A commonsolutionstrategy is to approximatetheoptimal value function, V � , whichmapseachstateto

themaximumexpectedreturnthatcanbeobtainedstartingin thatstateandthereafteralwaystakingthebest

actions.In this paperwe usea temporal difference (TD) algorithm(Sutton,1988)for updatinganestimate,

3This is themostcommonlystudiedframework for studyingRL; many othersarepossibleaswell (SuttonandBarto,1998).
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V , of thevaluefunctionof thecurrentpolicy. At thesametime,weusetheseestimatesto updatethepolicy.

This resultsin a kind of generalizedpolicy iteration (SuttonandBarto, 1998) that tendsto improve the

policy over time. After a transitionfrom statest to statest � 1, underactionat with reward rt � 1, V 	 st � is

updatedby:

V 	 st ��� V 	 st ��� α � rt � 1 � γV 	 st � 1 ��� V 	 st ��� (1)

whereα is a positive step-size(or learningrate)parameter. This is calleda backup.Herewe areassuming

thatV is representedby a tablewith anentryfor eachstate.

Thenext sectiondescribeshow we casttheinstructionschedulingproblemasa taskfor RL.

The RL Scheduler

As in the supervisedlearningresultspresentedby Mosset al. (1997),our RL systemlearneda pref-

erencefunction betweencandidateinstructions. That is, insteadof learningthe direct valueof choosing

instructionA or instructionB, theRL schedulerlearnedthedifferenceof thereturnsresultingfrom choos-

ing instructionA over instructionB. In anearlierattemptto applyRL to instructionscheduling,Scheeff et

al. (1997)exploredtheuseof non-preferentialvaluefunctions.To do this, their systemattemptedto learn

thevalueof choosinganinstructiongivena partialschedulewithout looking at theothercandidateinstruc-

tions. However, the resultswith non-preferentialvaluefunctionswerenot asgoodaswhenthe scheduler

learneda preferencefunction betweeninstructions. A possibleexplanationfor this is that the valueof a

giveninstructionis contextually dependenton therestof thebasicblock. This is dif�cult to representusing

local featuresbut is easierto representwhenthe local featuresareusedto comparecandidateinstructions.

In otherwords,it is hardto predicttherunningtime of a block from local information,but it is not ashard
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to predicttherelative impactof two potentialcandidateinstructions.A numberof researchershave pointed

out thatin RL, it is therelative valuesof statesthatareimportantin determininggoodpolicies(e.g.,Utgoff

andClouse,1991;Utgoff andPrecup,1997;Harmonet al. 1995;Werbos,1992).

Our RL schedulerlearnedusinga featurevectorcalculatedfrom the currentpartial scheduleandtwo

differentcandidateinstructions.This adaptedtheTD algorithmto learningover pairsof instructions.Each

featurewasderived from knowledgeof theDEC simulator. Thefeaturesandour intuition for their impor-

tancearesummarizedin Table4. Althoughthese� ve featuresarenot enoughto completelydisambiguate

all choicesbetweencandidates,we observed in earlierstudiesof supervisedlearningin this problemthat

thesefeaturesprovide enoughinformationto supportabout98%of theoptimalchoicesin blocksof size10

or less.Thesefeaturesaregeneralenoughto helpon largerblocksaswell. Theschedulerlearnedusinga

linearfunctionapproximatorover thefeaturevector.

ThefeatureOddPartial(odd ) indicateswhetherthecurrentinstructiontoscheduleis linedupfor issuein

the�rst (even)or thesecond(odd)pipeline.Thisis usefulbecausethe21064canonly dualissueinstructions

if the �rst instructionmatchesthe �rst pipelinein type andthe next instructionmatcheswith the second

pipeline. The featureActual Dual (d) further addressesthis issueby indicatingwhetheror not the given

instructioncanactuallydualissuewith thepreviously scheduledinstruction.This is only relevant if odd is

true.Bothodd andd arebinaryfeatures.

TheInstructionClass(ic ) featuredividestheinstructionsinto 20equivalenceclasses,whereall instruc-

tionsin a classmatchto a certainpipelineandhave thesametiming properties.Theseequivalenceclasses

weredeterminedfrom thesimulator.

Theremainingtwo featuresfocusonexecutiontimes.WeightedCriticalPath(wcp) measuresthelongest

pathfrom a giveninstructionto a leaf nodein theDAG. Edgesin theDAG areweightedby the latency, as

in the pipelinestall examplegiven earlier. By schedulinginstructionswith higherwcp valuesearlier, the
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FeatureName FeatureDescription Intuition for Use
OddPartial (odd ) Signi�es whetherthe currentnum-

berof instructionsscheduledis odd
or even.

If TRUE, we're interested in
scheduling instructions that can
dual-issuewith thepreviousinstruc-
tion.

ActualDual (d) Denoteswhetherthecurrentinstruc-
tion candual-issuewith theprevious
scheduledinstructionor not.

If OddPartial is TRUE, it is impor-
tant that we �nd an instruction, if
there is one, that can issuein the
samecyclewith theprevioussched-
uledinstruction.

InstructionClass(ic ) The Alpha's instructionscanbe di-
vided into equivalenceclasseswith
respectto timing properties.

Theinstructionsin eachclasscanbe
executedonly in certain execution
pipelines,etc.

WeightedCritical Path(wcp) The heightof the instructionin the
DAG(thelengthof thelongestchain
of instructions dependenton this
one), with edgesweightedby ex-
pectedlatency of theresultproduced
by theinstruction

Instructionson longercritical paths
shouldbescheduled�rst, sincethey
affect thelowerboundof thesched-
ulecost.

Max Delay(e) Theearliestcycle whenthe instruc-
tion can begin to execute, relative
to the currentcycle; this takes into
accountany wait for inputsandfor
functional units to becomeavail-
able.

We want to scheduleinstructions
that will have their dataand func-
tionalunit available�rst.

Table4: Featuresfor InstructionsandPartialSchedule

lower boundof theblock's runningtime canbechanged.Also, this may freeup moreinstructionchoices

for uselater in theblock. The�nal feature,Max Delay(e), tells thelearningsystemhow many cyclesthe

giveninstructionmustwait beforeit canexecute(i.e.,how many possiblestall cycles).

Usingthesefeatures,thefeaturevectorwasconstructedin thefollowing way. Givena partialschedule,

p, andtwo candidateinstructionsto schedule,A andB, thevalueof odd is determinedfor p, andthevalues

of theotherfeaturesaredeterminedfor both instructionsA andB. Mosset al. (1997)showed in previous

experimentsthat the actualvalueof wcp ande do not matterasmuchasthe relative valuesbetweenthe

two candidateinstructions.We usedthesignum(σ) of thedifferenceof their valuesfor the two candidate
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A B

partial schedule p

A B C

candidate instructions

Instructionpair Featurevector
AB featurevec(p,A,B)
AC featurevec(p,A,C)
BC featurevec(p,B,C)
BA featurevec(p,B,A)
CA featurevec(p,C,A)
CB featurevec(p,C,B)

Figure4: PanelA shows a graphicaldepictionof a partialscheduleandthreecandidateinstructions.Panel
B givesthefeaturevectorsrepresentingthissituation.

instructionsfor thesetwo features4. Thus,thefeature-vectorrepresentingeachtriple 	 p � A � B � , wherep is a

partialscheduleandA andB arecandidateinstructions,is:

featurevec	 p � A � B ����� odd 	 p ��� ic 	 A ��� ic 	 B ��� d 	 A ��� d 	 B ��� σ 	 wcp 	 A ��� wcp 	 B �
��� σ 	 e 	 A ��� e 	 B �
��� �

Figure4 gives an examplepartial schedule,a setof candidateinstructions,and the resultingfeature

vectors.In thisexample,theRL schedulerhasapartialschedulep and3 candidateinstructionsA, B, andC.

It constructssix featurevectorsfrom thissituationasshown by in thetablein Figure4B.

The RL schedulermakesschedulingdecisionsusingan ε-greedyactionselectionprocess(Suttonand

Barto,1998).For eachpartialschedulep, thescheduler�nds themostpreferredactionthroughcomparison

of thevaluesgivenby thecurrentvaluefunctionto pairsof candidateinstructions(givenp). With probability

1 � ε, 0 ! ε ! 1, themostpreferredinstructionis scheduled,i.e.,appendedto p. With probabilityε arandom

candidateinstructionis scheduled.This processis repeateduntil all instructionsin the block have been

scheduled.

4Signumreturns" 1, 0, or 1 dependingon whetherthevalueis lessthan,equalto, or greaterthanzero.
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We appliedtheTD algorithm(Equation1) duringthis schedulingprocessasfollows. Treatingthefea-

turevectorsasstates,we backed up valuesusinginformationaboutwhich instructionwasscheduled.For

example,usingthepartialscheduleandcandidateinstructionsshown in Figure4, afterappendinginstruc-

tion A to partial schedulep, the RL schedulerupdatesthe valuesfor 	 p � A � B � and 	 p � A � C � accordingto

Equation1. Note thatsincethevaluefunction is only de�ned for stateswherechoicesareto bemade,the

�nal reward is assignedto the last choicepoint in a basicblock even if further instructionsarescheduled

from thatpoint (with nochoicesmade).

Scheeff et al. (1997)previouslyexperimentedwith RL in thisdomain.However, theresultswerenotas

goodasthey hadhoped.Thedif�culty seemsto lie in �nding theright rewardstructurefor thedomain(as

well aslearningpreferencesinsteadof purevalues).A rewardbasedon thenumberof cyclesthatit takesto

executetheblock doesnot work well becauseit punishesthe learneron long blocks.To normalizefor this

effect, Scheeff, et al. (1997)rewardedthe RL schedulerbasedon cycles-per-instruction (CPI). Although

thisrewardfunctiondid notpunishthelearnerfor schedulinglongerblocks,it alsodid notwork particularly

well. This is becauseCPI doesnot accountfor thefact thatsomeblockshave moreunavoidableidle time

thanothers.Weexperimentedwith two rewardfunctionsto accountfor thisvariationacrossblocks.

Bothrewardfunctionsgavezerorewarduntil theRL schedulerhadcompletelyscheduledtheblock. The

�rst �nal rewardwe usedwas:

r � 	 cyclesto executeblockusingDEC � cyclesto executeblockusingRL �
numberof instructionsin block

�

This rewardstheRL schedulerpositively for outperformingtheDECschedulerandnegatively for perform-

ing worsethantheDECscheduler. Thisrewardis normalizedfor blocksizesimilar to therewardZhangand

Dietterich(1995)usedfor job shopscheduling.
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Wealsowantedto testlearningwith arewardthatdid notdependonthepresenceof theDECscheduler.

Thesecond�nal rewardthatweusedwas:

r � 	 weightedcritical pathof DAG root � cyclesto executeblockusingRL �
numberof instructionsin block

�

Theweightedcritical path(wcp) helpsto solve theproblemcreatedby blocksof thesamesizebeingeasier

or harderto schedulethaneachother. Whena block is harderto executethananotherblock of the same

size,wcp tendsto be higher, thuscausingthe learningsystemto receive a different reward. The feature

wcp is correlatedwith thepredictednumberof executioncyclesfor theDEC schedulerwith a correlation

coef�cient of r � 0 � 9. Again,therewardis normalizedfor blocksize.

Experimental Results

To testtheRL scheduler, weusedall 18programsin theSPEC95suite.As abaselinefor our results,we

alsocomparedtheperformanceof theRL schedulerto theperformanceof theRANDOM schedulershown

in Tables2 and3.

For bothrewardfunctionsdescribedabove,we trainedtheRL scheduleron theapplicationcompress95.

Theparameterswereε � 0 � 05andalearningrate,α, of 0 � 001.After eachepochof training,thelearnedvalue

function wasevaluatedgreedily(ε � 0). An epochis onepassthroughthe entireprogramschedulingall

basicblocks.Figure5 shows theresultsof eachrewardfunctionusingthesameperformanceratioasbefore

andon themeandifferencein cycle time betweentheRL schedulerandDEC acrossblockswithout regard

to how ofteneachblock is executed.Both measuresgive an estimationof how quickly the RL schedules

wereexecutingascomparedto the DEC schedulesbut from differentangles. Theseresultsarefrom the

simulator.
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Figure5: PanelA shows thedifferencein costacrossall blocksin compress95over the100trainingepochs
for bothof therewardfunctionswe tested.PanelB shows thecorrespondingweightedperformanceof the
systemascomparedto DEC for bothrewards.

As the�gure shows, theRL schedulerperformedthebestusingtherewardfunctionbasedon theDEC

scheduler. To testtheapplicabilityof the learnedvaluefunction to otherprogramswe usedthebestvalue

function from the 100 epochsof training to greedilyschedulethe other17 benchmarks.The resultsare

shown in Table5. As before,wealsotestedtheschedulesonCompaqAlphas.Themethodwasthesameas

for rollouts.Theseresultsarealsoshown in Table5.

Performanceusing the DEC reward function

Fortran programs C programs
App Sim Real App Sim Real App Sim Real App Sim Real
applu 1.094 1.017 apsi 1.090 1.029 cc1 1.023 1.007 compress95 0.991 0.967
fpppp 1.086 1.038 hydro2d 1.036 1.002 go 1.034 0.925 ijpeg 1.025 1.031
mgrid 1.410 1.132 su2cor 1.035 1.012 li 1.016 1.004 m88ksim 1.012 0.983
swim 1.569 1.007 tomcatv 1.061 1.028 perl 1.022 0.997 vortex 1.035 0.977
turb3d 1.145 1.016 wave5 1.089 0.994 C geometricmean: 1.020 0.986

Fortrangeometricmean: 1.151 1.027 Overall geometricmean: 1.090 1.009

Table5: Performanceof thegreedyRL-scheduleroneachapplicationin SPEC95ascomparedto DECusing
thevaluefunctiontrainedon compress95with theDEC schedulerrewardfunction. Theentriesin theSim
columnsarefrom the simulator, andthe entriesin the Realcolumnsarefrom actualrunsof the binaries.
BetterperformancethanDEC is indicatedby italics.
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Table6 shows thesameratiosfor learningwith thewcp rewardfunction. Becausetheperformanceof

thewcpschedulerwasnotasgoodaswehadhoped,we testedthisscheduleronly in simulation.

Performanceusing the WCP reward function

Fortran programs C programs
App Ratio App Ratio App Ratio App Ratio
applu 1.215 apsi 1.199 cc1 1.092 compress95 1.060
fpppp 1.158 hydro2d 1.096 go 1.118 ijpeg 1.133
mgrid 1.504 su2cor 1.118 li 1.057 m88ksim 1.084
swim 1.651 tomcatv 1.116 perl 1.093 vortex 1.075
turb3d 1.330 wave5 1.299 C geometricmean: 1.089
Fortrangeometricmean: 1.258 Overall geometricmean: 1.180

Table6: Simulatedperformanceof thegreedyRL-scheduleron eachapplicationin SPEC95usingthebest
learnedvaluefunctiontrainingon compress95with thewcprewardfunction.

By training the RL scheduleron compress95for 100 epochs,we were able to outperformDEC on

compress95.The RL schedulercamewithin 2% of the performanceof DEC on all C applicationsand

within 15%on unseenFortranapplications.AlthoughtheFortranperformanceis notasgoodasthaton the

C applications,theRL schedulerhasmorethanhalved thedifferencebetweenRANDOM andDEC. This

demonstratesgoodgeneralizationacrossbasicblocks. Although therearebenchmarksthatperformmuch

morepoorly thantherest(mgrid andswim), thosebenchmarksperformmorethan100%worsethanDEC

undertheRANDOM scheduler. In actualexecutionof thelearnedschedules,theRL scheduleroutperformed

DEC ontheC applicationswhile comingwithin 2%of DEC ontheFortranapplications.

Althoughtheschedulertrainedusingthewcp rewardfunctiondid not performaswell asthescheduler

trainedusing the DEC reward function, it camewithin 18% of DEC overall. Although this is twice as

slow astheperformanceof theschedulertrainedusingtheDEC rewardfunction,it is still 10%fasterthan

RANDOM overall. Theperformanceof thewcp schedulermaybeimprovedby furtherexaminationof the

rewardfunction.
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Becauseof thevastdifferencein generalizationto Fortranprogramsfrom C programs,we alsoexper-

imentedwith training the RL scheduleron the Fortran programapplu with parametersα � 0 � 0001 and

ε � 0 � 05. As before,we trainedfor 100epochsusingtheDEC basedreward functionandevaluatedeach

epochgreedily(ε � 0) aftertraining. We took thebestvaluefunctionfrom the100epochsandtestedit on

theother17 benchmarkapplications.After testingin thesimulator, we alsoraneachbinaryon a Compaq

Alphaasdescribedabove. Table7 shows thesimulatorandactualrun-timeresults.

Fortran programs C programs
App Sim Real App Sim Real App Sim Real App Sim Real
applu 1.061 1.005 apsi 1.063 1.026 cc1 1.024 1.002 compress95 1.001 1.034
fpppp 1.054 1.016 hydro2d 1.031 1.002 go 1.035 0.980 ijpeg 1.042 1.015
mgrid 1.204 1.053 su2cor 1.035 1.048 li 1.022 0.996 m88ksim 1.038 1.078
swim 1.276 0.985 tomcatv 1.054 1.057 perl 1.038 0.994 vortex 1.029 0.999
turb3d 1.059 0.995 wave5 1.078 1.009 C geometricmean: 1.029 1.012

Fortrangeometricmean: 1.089 1.019 Overall geometricmean: 1.062 1.016

Table7: Performanceof thegreedyRL-scheduleroneachapplicationin SPEC95ascomparedto DECusing
thevaluefunctiontrainedonappluwith theDECschedulerrewardfunction.Theentriesin theSimcolumns
arefrom thesimulator, andtheentriesin theRealcolumnsarefrom actualrunsof thebinaries.

Thesimulatedperformanceon Fortranapplicationsimproved from 15%slower thanDEC to only 8%

slower thanDEC. At thesametime, performanceon unseenC programsslowed by slightly lessthan1%.

Thesameis truefor theruntimeresults,whereFortranperformanceimprovedslightly while C performance

droppeda small amount. This suggeststhe desirabilityof having separateschedulersfor FortranandC

programs.

We alsoexperimentedwith further training andtestingon eachof the benchmarks.Startingwith the

valuefunctionlearnedfrom compress95,wetrainedtheRL scheduleroneachof theotherbenchmarksuites

for 10 epochsandgreedilyevaluated(i.e.,ε � 0) theupdatedvaluefunctionat theendof eachepoch.This

is similar to a userpro�ling hercodeandthenreschedulingthatcodebasedon theresultsof thepro�ling.
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Fortran programs C programs
App Ratio App Ratio App Ratio App Ratio
applu 1.087 apsi 1.080 cc1 1.017 compress95 0.991
fpppp 1.055 hydro2d 1.024 go 1.034 ijpeg 1.027
mgrid 1.359 su2cor 1.034 li 1.009 m88ksim 1.008
swim 1.485 tomcatv 1.053 perl 1.023 vortex 1.027
turb3d 1.090 wave5 1.078 C geometricmean: 1.017
Fortrangeometricmean: 1.126 Overall geometricmean: 1.076

Table8: Simulatedperformanceof thegreedyRL-scheduleroneachapplicationin SPEC95after10epochs
of trainingfrom thecompress95learnedvaluefunction.

Thebestnumberfrom eachof the10runsis reportedin Table8.

The10 epochsof additionaltrainingmadetheperformanceof theRL scheduler2% fasteroverall than

without theadditionaltraining.

5 Combining ReinforcementLearning with Rollouts

The encouragingresultsof RL andof rollouts suggestedtestingthe two methodstogether. Using the

learnedvaluefunction from trainingon compress95asthe rollout policy π, we testeda schedulerwe call

RL-π. We usedonly onerollout percandidateinstructionandevaluatedtheRL policy in a greedymanner.

Thesimulatedandactualrun-timeresultsareshown in Table9. By addingonly onerollout,wewereableto

improve theC resultsto befasterthanDECoverall. TheFortranresultsimprovedfrom 15%slower to only

4 � 7% slower thanDEC. Whenexecutingthe binariesfrom the RL-π schedules,a userwould seeslightly

fasterperformancethanDEC.
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Fortran programs C programs
App Sim Real App Sim Real App Sim Real App Sim Real
applu 1.017 0.999 apsi 1.015 1.012 cc1 1.000 1.005 compress95 0.974 1.014
fpppp 1.021 0.992 hydro2d 1.006 0.999 go 1.001 0.991 ijpeg 0.986 0.986
mgrid 1.143 1.027 su2cor 1.006 1.010 li 0.995 1.005 m88ksim 0.998 0.979
swim 1.176 1.003 tomcatv 1.035 0.999 perl 0.996 0.981 vortex 1.001 0.984
turb3d 1.039 0.988 wave5 1.025 0.992 C geometricmean: 0.994 0.993

Fortrangeometricmean: 1.047 1.002 Overall geometricmean: 1.023 0.998

Table9: Performanceof the RL-π scheduleron eachapplicationin SPEC95ascomparedto DEC. The
entriesin theSim columnsarefrom thesimulator, andtheentriesin theRealcolumnsarefrom actualruns
of thebinaries.

6 Conclusions

We have demonstratedtwo successfulmethodsof building instructionschedulersfor straightline code.

The�rst method,rollouts,wasableto outperforma commercialschedulerbothin simulationandin actual

run-timeresults.The downsideof usinga rollout scheduleris its inherentlyslow runningtime. By using

anRL scheduler, wewereableto maintaingoodperformancewhile signi�cantly speedingschedulingtime.

Lastly, we showedthata combinationof RL androlloutswasableto competewith thecommercialsched-

uler. In a systemwheremultiple architecturesarebeingtested,any of thesemethodscouldprovide a good

schedulerwith minimal setupandtraining.

Futurework couldaddresssimulatorissuesaswell asmoregeneralinstructionissues.At thesimulator

level, we would like to re�ne thefeaturesetandadjustthemodelsuchthat it canhandleinner loopsmore

realistically. Insteadof only timing a block until the last instructionstartsto execute,thesimulatorcould

time eachblock until the datafrom the last instructionis available. This would help a schedulerto learn

to scheduleloopsin a bettermanner. At a moregenerallevel, we would like to addressissuesof global

instructionschedulingandvalidatingthetechniquesonotherarchitecturesandinstructionsets.Weenvision

usingabstractionandreinforcementlearningto build aglobalinstructionscheduler.
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