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Abstract

The executionorderof a block of computerinstructionson a pipelinedmachinecanmalke a difference
in runningtime by a factorof two or more. Compilersuseheuristicschedulergppropriateo eachspe-

ci ¢ architecturémplementatiorto achiese the bestpossibleprogramspeed.However, theseheuristic
schedulerairetime-consumingndexpensve to build. We presenempiricalresultsusingbothrollouts

andreinforcementearningto constructheuristicsfor schedulingoasicblocks. In simulation therollout

scheduleoutperformeda commercialscheduleon all benchmarksested andthe reinforcementearn-

ing scheduleputperformedhecommerciakchedulepn severalbenchmarksindperformedwell onthe

others.Thecombinedeinforcementearningandrollout approaclwasalsovery successfulWe present
resultsof runningtheschedulesn CompacdAlphamachinesandshow thattheresultsfrom the simulator
correspondvell to theactualrun-timeresults.
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1 Intr oduction

Although high-level codeis generallywritten asif it were going to be executedsequentially most
moderncomputersexhibit parallelismin instructionexecutionusingtechniquesuchasthe simultaneous
issueof multiple instructions.To take the bestadwantageof multiple pipelines,whena compilerturnsthe
high-level codeinto machineinstructionsjt emplg/s aninstructionscheduleto reorderthe machinecode.
Thescheduleneedgo reordertheinstructionsin suchaway asto presere the original in-ordersemantics
of thehigh level codewhile having thereorderedcodeexecuteasquickly aspossible.An ef cient schedule
canproducea speedupn executionof afactorof two or more.

Building aninstructionschedulecanbe anarduougprocess Schedulersarespeci ¢ to thearchitecture
of eachmachineandthegenerabproblemof schedulingnstructionss NP-CompletdProebsting)Because
of thesecharacteristicsschedulerarecurrentlybuilt usinghand-craftedheuristicalgorithms.However, this
methodis bothlaborandtime intensve. Building algorithmsto selectandcombineheuristicsautomatically
usingmachindearningtechnique€ansave time andmonegy. As computerarchitectdevelopnew machine
designsnew schedulersvould be built automaticallyto testdesignchangesatherthanrequiringhand-luilt
heuristicsfor eachchange.This would allow architectdo explorethe designspacemorethoroughlyandto
usemoreaccuratanetricsin evaluatingdesigns.

A secondpossibleuse of machinelearningtechniquesn instructionschedulingis by the end user
Insteadof schedulingcodeusinga staticscheduletrainedon benchmarksvhenthe compilerwaswritten,
a userwould emplg a learningschedulerto discover importantcharacteristicef that users code. The
learningschedulemwould exploit the users coding characteristicto build scheduledbettertunedfor that
particularuser

Whenbuilding aschedulerthereis atradeof betweerthe runningtime of the compilerandtherunning
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time of the executablegenerated.Potentially the longerthe compilerruns, the more possibilitiesit can
considerandthebetterthe schedulét cangenerateHowever, insteadof exploring eachindividual program
online,a compilercould make useof analgorithmtunedoff-line. This would decreas¢he runningtime of
the compilerwhile potentiallysacri cing somequality of the nal schedule.

With thesemotivationsin mind, we formulatedand testedtwo methodsof building an instruction
scheduler The rst methodusedrollouts (Woolsegy, 1991; Abramson,1990; Galperin,1994; Tesaurcand
Galperin,1996;Bertsekast al., 1997a,b)andthe secondocusedon reinforcementearning(RL) (Sutton
andBarto, 1998). We alsoinvestigatedhe effect of combiningthe two methods.All methodswvereimple-
mentedfor the CompagAlpha 21064. Thesemethodsaddresghetime tradeof directly Rolloutsevaluate
schedulesnlineduringcompilationwhile reinforcementearningtrainson moregenerabrogramsandruns
morequickly at compiletime. Thenext sectiongivesa domainovervien anddiscussesesultsusingsuper
visedlearningonthesameask.We thenpresentherollout schedulerthereinforcementearningscheduler

andtheresultsof combiningthetwo methods.

2 Overview of Instruction Scheduling

Wefocusedon schedulingasic blocks of instructionsonthe21064version(DEC, 1992)of theCompag
Alpha processofSites,1992). A basicblockis a setof machineinstructionswith a singleentry pointand
a single exit point. It doesnot containary branchesor loops. Our schedulersanreorderthe machine
instructionswithin a basicblock but cannotrewrite, add, or remove ary instructions. Many instruction
scheduler$uilt into compilerscaninsertor deleteinstructionssuchasno-ops.However, we wereworking
directly with the compiledobject le andhadno methodfor changingthe sizeof a block within the object

le, only for reorderingthe block.
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Thegoalof theschedulersto nd aleast-cosvalid orderingof theinstructionsn ablock. The costis
de ned astheexecutiontime of theblock. A valid orderingis onethatpreseresthesemanticallynecessary
orderingconstraintof the original code. This meanghat potentiallycon icting readsandwrites of either
registersor memoryare not reordered. We ensurevalidity by creatinga dependencgraphthat directly
representthenecessargrderingrelationshipsn a directedagyclic graph(DAG). Thetaskof schedulings

to nd aleast-costotal orderingconsistentvith theblock's DAG.

A B C D

Available  Scheduled
STQ  RLX @

@ 2
1 N

X =V: 2 LDQ  R2 0(R10)

Y =*P; 3 SIQ R2Y @

P=P+1; 4. ADDQ RIO,RI10,8 Not Available ~ Available

CCode Instruction Sequence to be Scheduled Dependence Dag of Instructions Partial Schedule

Figurel: Examplebasicblock code,DAG, andpartialschedule

Figurel givesa samplebasicblock andits DAG. In this example,the original high-level codeis three
linesof C code(FigurelA). This C codeis compiledinto theassemblycodeshavn in Figure1B. The DAG
in Figure1Cis constructedrom Figure 1B in thefollowing way. Instructionsl 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 mustassumethatinstruction3 dependson instructionl.
Lastly, instruction4 incrementghe valuein the sameregisterthatinstruction2 reads,which meansthat
instruction4 mustbe executedafterinstruction2. An exampleof usingthis DAG is shavn by the partial
schedulan FigurelD. Here,instruction2 hasalreadybeenscheduled.This meanghatinstructionsl and

4 areavailableto be scheduledhext. Instruction3 mustwait for instructionl to be scheduledeforeit can
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becomeavailable.

Using this examplebasicblock (Figure 1) and a single pipeline machine we candemonstratdiow a
smallschedulechangecanaffect the runningtime of a program.Thereare ve valid schedulegor thefour
instructionsshavn in Figure 1. Assumethattwo of theseschedulesvereto executeon a single pipeline
machinewhereloadstake two cyclesto executeandall otherinstructionstake onecycle. Thetwo example
schedulesreshavn in Tablel. Whenexecutingscheduled, instruction2 is executedimmediatelybefore
instruction3. However, instruction3 dependon the resultsof instruction2, which takes two cyclesto
execute. This causesa pipelinestall for onecycle. ScheduleB lls the secondcycle of the loadin the
pipelinewith instruction4. Instruction4 doesnot causea stall becauset hasno dependengcon the data
beingloadedin instruction2. With the stall, 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, the differencecanbe moredramatic.

Original Schedule ScheduleA Cycle count ScheduleB Cycle count
1.STQ R1,X Instrl 1 Instril 1
2.LDQ R2,0(R10) Instr2 2 + causesstall Instr2 1
3.5TQ R2,Y Instr3 1 Instr4 1
4. ADDQ RI10,R10,8 Instr4 1 Instr3 1
Totals: 5 4

Tablel: Two valid schedulegandrunningtimesfor a singlepipelinedmachinewhereloadstake two cycles
andall otherinstructiongake onecycle.

The Alpha 21064is a dual-issuemachinewith two differentexecutionpipelines.Onepipelineis more
specializedor oating pointoperationsvhile theotheris for integeroperationsAlthoughmary instructions
can be executedby either pipeline, dual issuecan occuronly if the next instructionto executematches
the rst pipelineandthe instructionafter that matcheshe secondpipeline. A giveninstructioncantake

arywherefrom oneto mary tensof cyclesto execute.Researcherat Compachave madea 21064simulator
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publicly availablethatalsoincludesa heuristicschedulefor basicblocks. Throughouthe paper we refer
to this scheduleias DEC?. The simulatorgivesthe runningtime for a given schedulelock assumingall
memoryreferencesit thecacheandall resourcesreavailableat the beginning of the block. To counteract
ary differencedetweerschedulershatmightappeabecaus®f this assumptionwe alsoranthe schedules
generatedh thesimulatoron a clusterof identicalCompadAlpha 21064machinego obtainactualrun-time
results.

As theresultsshaw, usingthe simulators assumptionsftenproducegyoodresults but sometimeseads
usto producemediocreschedulesThewholepointof ourtechniques to dowell whenschedulingprograms
we have not seenbeforeandfor which we have no executiontime measurement®.g.,of cachehit/miss
statistics. By usingtechnigqueghatare morecomplex (bothin the senseof runningtime compleity and
in the senseof compleity of code)one could betterapproximatehe statusof all resourcest the startof
eachblock. However, we wishedto seehow well we could do consideringeachblock independentlyso
suchtechniquesare beyond the scopeof this paper Comparingthe costand effectivenessof block-local
techniquesvith moreglobalapproacheto schedulings aninterestingiopic for futurework.

All of our schedulersiseda greedyalgorithmto schedulethe instructions,i.e., they built schedules
sequentiallyfrom beginningto endwith no backtracking.This is referredto aslist scheduling in compiler
literature.Eachschedulereadsn abasicblock, buildsthe DAG, andschedulesneinstructionatatime until
all instructionshave beenscheduledWhenchoosinghe bestinstructionto scheduldrom alist of available
candidateseachschedulecompareghe currentbestchoicewith the next candidate.This continuesuntil
all viablecandidatesiave beenconsideredTheoverallwinneris schedulec&ndthe DAG is updatedo give

anew setof candidatenstructions.Our algorithmsdiffer in theway in whichinstructionsarecomparedat

1Although Digital hasbeenpurchasedby Compagqwe continueto referto their schedulemesDEC to maintainconsisteng with
our earlierpapers.
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eachstep.

Mosset al. (1997) shaved that supervisedearningtechniquesould induceexcellentbasicblock in-
structionschedulerdor this task. To do this, they trainedseveral different supervisedearningmethods
to choosethe bestinstructionto schedulegiven a featurevectorrepresentinghe currently scheduledn-
structionsandthe candidatanstructions. Eachmethodlearneda preferenceelationwhich de ned when
an instructioni is preferredover an instructionj at a given point in a partial schedule. The supervised
learningmethodsusedwerethe decisiontreeinductionprogramlITl (Utgoff, Berkman,andClouse,1997),
tablelookup,the ELF functionapproximato(Utgoff andPrecup,1997),andafeed-forvardarti cial neural
network (RumelhartHinton, andWilliams, 1986). More detailsof eachmethodcanbe foundin Mosset
al. (1997)wherethey shav that eachmethodnearly always madeoptimal choices(i.e. 96— 97% of the
time) of instructionso scheduldor blocksin which computingthe optimalschedulevasfeasible.

Althoughall of the supervisedearningmethodsperformedquite well, they sharedseverallimitations.
Supervisedearningrequiresatrainingsetconsistingpf correct,or approximatelycorrect,input/outputpairs.
Generatingusefultraininginformationrequiresan optimal schedulethatexecutesavery valid permutation
of the instructionswithin a basicblock and saresthe optimal permutation(the schedulewith the smallest
runningtime). As we expectedfrom knowing that optimal schedulingis NP-CompletgProebsting)this
searchwastoo time-consumingo performon blockswith morethan 10 instructions(Stefinorvic, 1997).
This inhibited the supervisednethodsrom learningusinglarger blocksalthoughthe methodswveretested
on larger blocks. Usinga methodsuchasRL or rollouts doesnot requiregeneratingraining pairs,which
meansthat the methodcanbe appliedto larger basicblocks and can be trainedwithout knowing optimal
schedules.

Totesteachschedulingalgorithm,we usedl8 SPEC9%enchmarlprogramgReilly, 1995). Tenof these

programsarewritten in FORTRAN and containmostly oating point calculations.Eight of the programs
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arewritten in C andfocusmoreon integer, string, and pointercalculations.Eachprogramwas compiled
usingthecommercialCompacgcompileratthe highestievel of optimization.We call theschedulesutputby
thecompilerCOMz. This collectionhas447,12hasicblocks,containing2,205,466nstructions Although
92.34% of the blocksin SPEC95have 10 instructionsor fewer, the larger blocksaccountfor a dispropof
tionateamountof therunningtime. The smallblocksaccountfor only 30.47% of the overall runningtime.
This may be becausehe larger blocksareloopsthatthe compilerunrolledinto extremelylong blocks. By
allowing our algorithmsto schedulélockswhosesizeis greatethan10, we focuson schedulinghelonger
running blocks. We presenttiming resultsusing the simulatorand actualrunson CompagAlpha 21064
machines.To decreasé¢he runningtime of the simulator we broke the 206 blockswhosesizewasgreater
than100instructiondnto blocksof size100(or less).After schedulingtheseblockswerethenconcatenated
togetherfor actualexecution.This constraindid notaffecttheresultssigni cantly but spedup the simulator

considerably

3 Rollouts

Rolloutsarea form of Monte Carlo search, rst introducedin the backgammoriterature (Woolssy,
1991; Galperin,1994; Tesaurocand Galperin,1996). In otherdomains,Abramson(1990) studiedwhat
we call RANDOM-1t (belaw) in a gameplaying contet, andBertsekat al. (1997a,b) proved important
theoreticakesultsfor rollouts. In the instructionschedulingdomain,rolloutswork asfollows: supposehe
schedulecomego apointwhereit hasapartialscheduleandasetof (morethanone)candidatenstructions
to addto thescheduleThescheduleappendgachcandidatdo the partialscheduleandthenfollows a x ed

policy, T, to schedulgheremaininginstructions Whentheschedulas completethescheduleevaluateghe

2|n previous paper§McGovernandMoss,1998;McGovern, Moss,andBarto, 1999)we referredto this asORIG. This change
is to reduceconfusion.
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Partial schedule p

Best average instruction

rollout with
policy 1

Y LU L

Figure2: The actionsof a rollout schedulemvhenrolling out threedifferentinstructions ve timeseach.
This processs repeatedo scheduleeachinstruction.

runningtime andreturns.Whenrtis stochasticthis rollout canbe repeatednary timesfor eachinstruction
to achieve a estimateof the expectedoutcome. After rolling out eachcandidatgpossiblyrepeatedly)the
schedulepickstheonewith thebestestimatedxpectedrunningtime. This processs illustratedgraphically
in Figure2. In this example,tis a stochastigolicy. Eachof thethreeinstructionsis rolled out vetimes.
The third instructionhasthe lowestsampleaveragerunningtime of 5.6 cyclesandis chosenasthe next
instructionto scheduleThe processs thenrepeatedt eachsuccessie decisionpoint.

Our rst setof rollout experimentscomparedhreerollout policies.While Bertsekast al. (1997) proved
thatif we usedthe DEC schedulerstt, we would performnoworsethanDEC, anarchitectproposinganew
machinemight not have sucha goodheuristicpolicy availableto useastt. Therefore we alsoconsidered
policiesmorelikely to be available. The obvious choiceis the randompolicy. We denotethe useof the
randompolicy for 1tin therollout scheduleasRANDOM-1t Underthis policy, arollout makesall choices
in avalid but uniformly randomfashion.We alsotestedthe useof two heuristicpolicies. The rst wasthe

orderingproducedby the optimizing compilerCOM, denotedCOM-1t. The secondheuristicpolicy tested
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wasthe DEC scheduleiitself, denotedDEC-1t. Although the full heuristicsof DEC or COM will not be
availableto anarchitectwhile designinga machine a simplersetof heuristics(but morecomplicatedhan
RANDOM) maybeavailable.

The rollout schedulemperformedonly one rollout per candidateinstructionwhen using COM-1t and
DEC-t becauseachis deterministic. Initially, we used20 rollouts for RANDOM-Tt Discussionof how
the numberof rollouts affects performancds presentedaterin this section. After performinga number
of rollouts for eachcandidateinstruction,the schedulerchosethe instructionwith the bestrunningtime
averagedovertherollouts. As abaselineschedulerwe alsoschedulecdachblock with avalid but uniformly
randomordering,denotedRANDOM.

Table 2 summarizeghe performanceof the rollout schedulerundereachpolicy mascomparedo the
DEC scheduleon all 18 benchmarkprograms Becauseachbasicblock is executeda differentnumberof
timesandis of a differentsize, measuringperformancéasedon the meandifferencein numberof cycles
acrosdlocksis notafair performanceneasureTo morefairly assesthe performancewe usedtheratio of
the weightedexecutiontime of therollout scheduleto the weightedexecutiontime of the DEC scheduler
wheretheweightof eachblock is the numberof timesthatblock is executed.More concisely we usedthe

following performanceneasure:

Y all blocks(rollout scheduleexecutiontime x numberof timesblockis executed

ratio= — _ _ :
Y all blocks(DEC scheduleexecutiontime x numberof timesblockis executed

If a scheduleproduceda fasterrunningtime than DEC, the ratio would be lessthanone. All execution
timesin Table2 arethoseof the simulator
Despitethe factthat Stefanavi¢ (1997) shaved that reschedulinga block hasno effect for 68% of the

blocks of size 10 or less,the randomschedulemperformedvery poorly. Overall, RANDOM was 27.8%
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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
waved 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
ccl 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
comparedo the DEC scheduler A ratio of lessthanone meanghatthe scheduleoutperformeadhe DEC
schedulerTheseentriesareshawvn in italics.

slowerthanDEC. This numberis a geometricneanof the performanceatiosfor 30 runsof eachof the 18
SPEC9%henchmarksuites. Without addingarny heuristicsandjust usingrollouts with the randompolicy,
RANDOM-1t camewithin 5% of the runningtime of DEC. This is alsoan averageover 30 runsof each
benchmark BecauseCOM, COM-1;, and DEC-t aredeterministic their numbersarefrom onerun. COM
wasonly 3% slowerthanDEC andoutperformedEC ontwo applications COM-ttwasableto outperform
DEC on 6 applicationsOver all the 18 benchmarlapplicationsCOM-rtwasessentiallyequalto DEC. The

DEC-ntschedulewasableto outperformDEC onall applications DEC-rtproducedscheduleshatranabout
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1.1% fasterthanthe scheduleproducedoy DEC. Although this improvementmay seemsmall, the DEC
scheduleiis known to make optimal choices99.13% of the time for blocksof size 10 or less(Stefinoric,
1997). We estimatedhat DEC is within a few percentof optimalon largerblocksbut it is infeasiblefor us
to nd outexactly.

To testhow well the simulatorresultscorrespondedvith runningthe schedule®n an actualmachine,
we alsoran eachscheduledbinary on a clusterof identical CompaqgAlpha 21064 machines. Because
DEC, DEC-it, COM, and COM-1t were deterministic,eachhad only one binary to run per benchmark.
For theseschedulesyweraneachbinary15timesin arow ontwo separatéut identicalAlphasin singleuser
mode. Eachrun wastimed usinggnu _time versionl1.7. Dueto their stochastimature, RANDOM and
RANDOM-mthad30 binariesperbenchmark Eachbinarywasrun onceandtimed asbefore. Thenumbers
in Table3 aretheratiosof the averagerunningtime of the givenscheduldo DEC's averagerunningtime.

Table3 demonstratethatbinariesbuilt usingRANDOM still executemoreslowly thanthoseproduced
using DEC, althoughthe differencesin actualrunningtimeshave decreasedrom 27.8% slower to only
7.4% slower. BecausdDEC is a heuristicscheduletunedfor the simulator assumptionshatit makesfor
the simulatorcanbe detrimentalon the actualmachine.This is apparentvhenthe performanceof DEC is
comparedo RANDOM on the applicationggo andvortex whereRANDOM wasableto outperformDEC.
It is hardto sayexactly how or why RANDOM schedulesed to betteractualperformancehandid the DEC
schedule®nthesebenchmarksA plausibleexplanationis thatin a few blocksthatareexecutedquite fre-
guently the DEC schedules assumptionsverealwaysviolatedandit endedup producingparticularlybad
schedulesFor example,if certainloadsalways missedin the cachethenthe DEC schedules assumption
thatthey hit might well leadit to produceschedulesghat alwaysstall for along time, whereasRANDOM
could well producescheduleshat do not stall asmuch. Becauseof thesemodel differences DEC-1t can

performworsethanDEC ontheactualmachine.
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| 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
waved 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
ccl 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 schedulerthe COM schedulerandthe rollout
schedulersEachis comparedo DEC. Theratiosfor the executablesvhich ranfasterthanDEC areshavn
in italics.

In simulation,the performancef the scheduleproducedoy COM wasslightly slower thanthosepro-
ducedby DEC. On the actualruns, COM endsup slightly fasterthanDEC. This resultis consistenwith
whatwasobseredby Mosset al. (1997). The COM schedulealmostcertainlypaysmorecarefulattention
to innerloops,andparticularlyto how theresourceseft busy by previousiterationsaffect futureiterations.
We believe thatthis alonecanexplain why it performsbetteron the actualhardwareandnotaswell onthe

DEC simulatormodel. Therun-timerollout resultsareconsistentvith theresultsobseredin thesimulator

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

RANDOM-mtmorecloselyin afollow-up experiment.

Evaluation of the number of rollouts

This experimentconsideredow the performancef RANDOM-Ttvariedasa functionof the numberof
rolloutsperformedor eachcandidatenstruction.We testedRANDOM-1tusingl, 5, 10, 25,and50rollouts
per candidateinstruction. We also varied the metric for choosingamongcandidatenstructions. Instead
of alwayschoosingheinstructionwith the bestaverageperformancegdenoteddAV G-RANDOM-T1, we also
experimentedwith selectingthe instructionwith the absolutebestrunningtime amongits rollouts. We
call this BESTFRANDOM-1t. We hypothesizedhat BEST-RANDOM-1t might leadto betterperformance
overall becausdét meantschedulinghe rst instructionon the mostpromisingschedulingpath. Dueto the
long runningtime of therollout schedulerwe focusedon oneprogramin the SPEC95 suite: applu, which
is writtenin Fortranandfocuseson oating pointoperations.

Figure 3 plots the performance®f the rollout schedulersAV G-RANDOM-1t and BESTFRANDOM-
1t as a function of the numberof rollouts. Performanceas assesseth the sameway as before: ratio of
weightedexecutiontimes. Thus,the lower theratio, the betterthe performanceEachdatapoint represents
the geometricmeanover 30 runs. Although onerollout may not be enoughto fully explore a schedules
potential,performanceof RANDOM-Ttwith onerollout is 16% slower thanDEC, whichis a considerable
improvementover RANDOM's performancef 38% slowverthanDEC on applu. By increasinghe number
of rolloutsfrom oneto ve, the performancef AVG-RANDOM-ttimproved to within 10% of DEC. Im-
provementcontinuedasthe numberof rolloutsincreasedo 50, but performancdeveledoff ataround4%
slowerthenDEC. As Figure3 shaws, theimprovement-penumberof-rollouts dropsoff dramaticallyfrom

2510 50.
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Figure3: Simulatedperformancef AV G-RANDOM-rtandBEST-RANDOM-ttasafunctionof thenumber
of rollouts as comparedo the performanceof DEC. The barsabore andbelov eachdatapoint are one
standardieviation from the geometriomean.A lower ratio indicatesbetterperformance.

Our hypothesisaboutBEST-RANDOM-T1 outperformingAV G-RANDOM-1t was shavn to be false.
Choosingthe instructionwith the absolutebestrollout scheduledid not yield animprovementin perfor
manceover AVG-RANDOM-mt over ary numberof rollouts. Thisis probablydueto the stochastimature
of therollouts. Oncetherollout schedulechoosesninstructionto schedulejt repeatgherollout process
againover the next setof candidatanstructions.By choosingthe instructionwith the absolutebestrollout,
thereis no guaranteghatthe schedulewill nd thatpermutatiorof instructionsagainon the next rollout.
Whenit choosegheinstructionwith the bestaveragerollout, the schedulehasa betterchanceof nding a
goodschedulenthenext rollout, whichis in accordwith thetheoreticaresultsof Bertsekasgt al. (1997).

Althoughthe performanceof the rollout schedulecanbe excellent,rolloutstake alongtimeto run. A
rollout scheduletakes O(n°m) numberof basicoperationswherem is the numberof rolloutsandn is the
numberof instructions.A greedyschedulemwith no rolloutstakesonly O(n). Unlessthe runningtime can

beimproved, rollouts cannotbe usedfor all blocksin a commercialscheduleior in evaluatingmorethan
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a few proposedmachinearchitecturesHowever, becauseollout schedulingoerformancas high, rollouts
could be usedto optimizethe schedulegor importantblocks (thosewith long runningtimesor which are
frequentlyexecuted)within a program. With the performanceandthe timing of the rollout schedulersn
mind, we lookedto RL to obtainhigh performancet afasterrunningtime. An RL schedulemwould runin

the O(n) time of agreedylist scheduler

4 ReinforcementLearning

Reinforcemeniearning(RL) is acollectionof methoddor approximatingptimalsolutiongo stochastic
sequentiatiecisionproblemgSuttonandBarto,1998). An RL systemdoesnot requireateacheto specify
correctactions.Insteadijt triesdifferentactionsandobserestheirconsequencds determinevhichactions
arebest.Morespeci cally, in theRL framework, alearningagent interactswith anenvironment overaseries
of discretetime steps = 0,1,2,3,.... At eachtimet, theagentobseresernvironmentstate, s;, andchooses
anaction,a;, which causeghe ernvironmentto transitionto states;; andto emitareward,ri+1. Thenext
stateandrewarddependnly ontheprecedingstateandaction,but they maydependnthesen astochastic
manner The objective is to learna (possiblystochasticmappingfrom statesto actions,calleda policy,
thatmaximizesthe expectedvalueof a measuref rewardreceved by the agentover time. More precisely
the objective is to chooseeachactiona; soasto maximizethe expectedreturn, E {zi“‘;oy‘ Mtaiv1 } where
y € [0,1) is adiscount-ratgparamete?

A commonsolutionstratgy is to approximateheoptimal value function, V *, which mapseachstateto
themaximumexpectedreturnthatcanbeobtainedstartingin thatstateandthereaftealwaystakingthebest

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

3Thisis themostcommonlystudiedframenork for studyingRL; mary othersarepossibleaswell (SuttonandBarto,1998).
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V, of thevaluefunctionof thecurrentpolicy. At thesametime, we usetheseestimatedo updatethe policy.
This resultsin a kind of generalizedoolicy iteration (Suttonand Barto, 1998) that tendsto improve the
policy over time. After a transitionfrom states; to states;,;, underactiona; with reward ry;1, V(st) is

updatedoy:

V(st) < V(st)+afrer+W(st+1) =V (st)] (1)

wherea is a positve step-sizgor learningrate) parameterThis is calleda backup.Herewe areassuming
thatV is representedy atablewith anentryfor eachstate.

Thenext sectiondescribediow we casttheinstructionschedulingoroblemasa taskfor RL.

The RL Scheduler

As in the supervisedearningresultspresentedy Mosset al. (1997),our RL systemlearneda pref-
erencefunction betweencandidatenstructions. Thatis, insteadof learningthe direct value of choosing
instructionA or instructionB, the RL schedulefearnedthe differenceof thereturnsresultingfrom choos-
ing instructionA over instructionB. In anearlierattemptto apply RL to instructionschedulingScheeff et
al. (1997)exploredthe useof non-preferentialaluefunctions. To do this, their systemattemptedo learn
thevalueof choosinganinstructiongiven a partial schedulewvithout looking at the othercandidatenstruc-
tions. However, the resultswith non-preferentialalue functionswere not asgoodaswhenthe scheduler
learneda preferencdunction betweeninstructions. A possibleexplanationfor this is that the value of a
giveninstructionis contextually dependenon therestof the basicblock. Thisis dif cult to representising
local featuresbut is easierto representvhenthe local featuresareusedto comparecandidateanstructions.

In otherwords,it is hardto predicttherunningtime of a block from local information,but it is notashard
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to predicttherelative impactof two potentialcandidatenstructions. A numberof researcherbave pointed
outthatin RL, it is therelative valuesof stateghatareimportantin determininggoodpolicies(e.g.,Utgoff
andClouse1991;Utgoff andPrecup,1997;Harmonet al. 1995;Werbos,1992).

Our RL schedulelearnedusing a featurevector calculatedfrom the currentpartial scheduleandtwo
differentcandidaténstructions.This adaptedhe TD algorithmto learningover pairsof instructions.Each
featurewasderived from knowledgeof the DEC simulator The featuresandour intuition for theirimpor
tancearesummarizedn Table4. Althoughthese ve featuresarenot enoughto completelydisambiguate
all choicesbetweencandidatesywe obsered in earlierstudiesof supervisedearningin this problemthat
thesefeaturegprovide enoughinformationto supportabout98% of the optimal choicesn blocksof sizel10
or less. Thesefeaturesaregeneralenoughto helpon larger blocksaswell. The scheduletearnedusinga
linearfunctionapproximatowover thefeaturevector

ThefeatureOddPartial (odd ) indicatesvhethertthecurrentinstructionto schedules lined upfor issuen
the rst (even)orthesecondodd)pipeline.Thisis usefulbecaus¢he21064canonly dualissueinstructions
if the rst instructionmatcheghe rst pipelinein type andthe next instructionmatcheswith the second
pipeline. The featureActual Dual (d) further addressethis issueby indicatingwhetheror not the given
instructioncanactuallydualissuewith the previously schedulednstruction.This is only relevantif odd is
true.Both odd andd arebinaryfeatures.

ThelnstructionClass(ic ) featuredividestheinstructiongnto 20 equvalenceclasseswhereall instruc-
tionsin a classmatchto a certainpipelineandhave the sametiming properties.Theseequvalenceclasses
weredeterminedrom the simulator

Theremainingwo featuregocusonexecutiontimes. WeightedCritical Path(wcp) measurethelongest
pathfrom a giveninstructionto a leaf nodein the DAG. Edgesin the DAG areweightedby the lateng, as

in the pipeline stall examplegiven earlier By schedulingnstructionswith higherwcp valuesearlier the
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FeatureName

FeatureDescription

Intuition for Use

Odd Partial (odd)

Signi es whetherthe currentnum-
ber of instructionsscheduleds odd
or even.

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

Actual Dual (d)

Denotesvhetherthecurrentinstruc-
tion candual-issuevith theprevious
schedulednstructionor not.

If Odd Partialis TRUE, it is impor-

tant that we nd an instruction, if

thereis one, that can issuein the
samecycle with the previoussched-
uledinstruction.

InstructionClass(ic )

The Alpha'’s instructionscanbe di-
vided into equivalenceclasseswith
respecto timing properties.

Theinstructiondn eachclasscanbe
executedonly in certain execution
pipelinesetc.

WeightedCritical Path (wcp)

The heightof the instructionin the
DAG (thelengthof thelongestchain
of instructions dependenton this

one), with edgesweighted by ex-

pectedateng of theresultproduced
by theinstruction

Instructionson longer critical paths
shouldbe scheduledrst, sincethey
affectthe lower boundof the sched-
ule cost.

Max Delay(e)

The earliestcycle whenthe instruc-
tion can begin to execute, relative
to the currentcycle; this takesinto
accountary wait for inputsandfor
functional units to become avail-
able.

We want to scheduleinstructions
that will have their dataand func-
tional unit available rst.

Table4: Featuredor InstructionsandPartial Schedule

18

lower boundof the block’s runningtime canbe changed.Also, this may free up moreinstructionchoices
for uselaterin the block. The nal feature,Max Delay (e), tells thelearningsystemhow mary cyclesthe
giveninstructionmustwait beforeit canexecute(i.e., how mary possiblestall cycles).
Usingthesefeaturesthe featurevectorwasconstructedn thefollowing way. Givena partialschedule,
p, andtwo candidatenstructionsto scheduleA andB, thevalueof odd is determinedor p, andthevalues
of the otherfeaturesaredeterminedor bothinstructionsA andB. Mosset al. (1997)shavedin previous
experimentsthat the actualvalue of wcp ande do not matterasmuchasthe relative valuesbetweenthe

two candidatenstructions.We usedthe signum(o) of the differenceof their valuesfor the two candidate
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A B

partial schedule p

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)

candidate instructions

Figure4: PanelA shavs a graphicaldepictionof a partial scheduleandthreecandidatenstructions.Panel
B givesthefeaturevectorsrepresentinghis situation.

instructionsfor thesetwo feature$. Thus,thefeature-ectorrepresentingachtriple (p,A,B), wherep is a

partialscheduleandA andB arecandidaténstructionsjs:

featurevedp,A,B) = [odd (p),ic (A),ic (B),d(A),d(B),a(wcp(A) —wcp(B)),o(e(A) —e(B))].

Figure 4 gives an examplepartial schedulea setof candidateinstructions,and the resultingfeature
vectors.In this example the RL schedulehasa partialschedule and3 candidatanstructionsA, B, andC.
It constructssix featurevectorsfrom this situationasshavn by in thetablein Figure4B.

The RL schedulemalkes schedulingdecisionsusing an e-greedyaction selectionprocesgSuttonand
Barto,1998).For eachpartial schedulep, the schedulernds the mostpreferredactionthroughcomparison
of thevaluesgivenby thecurrentvaluefunctionto pairsof candidateénstructionggiven p). With probability
1—¢, 0< €< 1,themostpreferrednstructionis scheduledi.e.,appendedo p. With probabilitye arandom
candidateinstructionis scheduled.This processs repeateduntil all instructionsin the block have been

scheduled.

4Signumreturns—1, 0, or 1 dependingn whetherthevalueis lessthan,equalto, or greaterthanzero.
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We appliedthe TD algorithm(Equationl) duringthis schedulingorocessasfollows. Treatingthe fea-
ture vectorsasstateswe bacled up valuesusinginformationaboutwhich instructionwasscheduled For
example,usingthe partial scheduleandcandidatanstructionsshavn in Figure4, afterappendingnstruc-
tion A to partial schedulep, the RL schedulemupdateshe valuesfor (p,A,B) and(p,A,C) accordingto
Equationl. Notethatsincethe valuefunctionis only de ned for stateswherechoicesareto be made the
nal rewardis assignedo the lastchoicepointin a basicblock evenif furtherinstructionsare scheduled
from thatpoint (with no choicesmade).

Scheeffet al. (1997)previously experimentedvith RL in this domain.However, theresultswerenotas
goodasthey hadhoped.Thedif culty seemdo lie in nding theright reward structurefor the domain(as
well aslearningpreferencemsteadof purevalues).A rewardbasednthe numberof cyclesthatit takesto
executethe block doesnot work well becauset punisheghe learneron long blocks. To normalizefor this
effect, Scheef, et al. (1997) rewardedthe RL schedulebasedon cycles-petinstructon (CPI). Although
thisrewardfunctiondid not punishthelearnerfor schedulindongerblocks,it alsodid notwork particularly
well. Thisis becauseCPI doesnot accountfor the factthatsomeblockshave moreunavoidableidle time
thanothers.We experimentedvith two reward functionsto accountfor this variationacrossblocks.

Bothrewardfunctionsgave zerorewarduntil theRL schedulehadcompletelyscheduledheblock. The

rst nal rewardwe usedwas:

(cyclesto executeblock usingDEC — cyclesto executeblock usingRL)
numberof instructionsin block

Thisrewardsthe RL schedulepositively for outperforminghe DEC scheduleandnegatively for perform-
ing worsethanthe DEC schedulerThisrewardis normalizedor block sizesimilarto therewardZhangand

Dietterich(1995)usedfor job shopscheduling.
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We alsowantedto testlearningwith arewardthatdid notdependnthe presencef the DEC scheduler

Thesecondnal rewardthatwe usedwas:

(weightedcritical pathof DAG root— cyclesto executeblock usingRL)
numberof instructionsn block

Theweightedcritical path(wcp) helpsto solve the problemcreatedy blocksof the samesizebeingeasier
or harderto schedulehaneachother Whena block is harderto executethananotherblock of the same
size,wcp tendsto be higher thus causingthe learningsystemto receve a differentreward. The feature
wcp is correlatedwith the predictednumberof executioncyclesfor the DEC schedulemwith a correlation

coefcient of r = 0.9. Again, therewardis normalizedfor block size.

Experimental Results

TotesttheRL schedulerwe usedall 18 programsn the SPEC95suite. As abaselindor ourresultswe
alsocomparedhe performancef the RL scheduleto the performancef the RANDOM scheduleshavn
in Tables2 and3.

For bothrewardfunctionsdescribedabove, we trainedthe RL schedulepn theapplicationcompress95.
Theparametersveree = 0.05andalearningrate,a, of 0.001. After eachepochof training,thelearnedvalue
function was evaluatedgreedily (¢ = 0). An epochis one passthroughthe entire programschedulingall
basicblocks.Figure5 shawvs theresultsof eachrewardfunctionusingthe sameperformanceatio asbefore
andon the meandifferencein cycle time betweernthe RL scheduleandDEC acrosshlockswithout regard
to how often eachblock is executed. Both measuregjive an estimationof how quickly the RL schedules
were executingas comparedo the DEC schedulesut from differentangles. Theseresultsare from the

simulator
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Figureb: PanelA shavs thedifferencein costacrossall blocksin compress9%verthe 100trainingepochs
for both of the reward functionswe tested.PanelB shavs the correspondingveightedperformancenf the

systemascomparedo DEC for bothrewards.

As the gure shaws, the RL scheduleperformedthe bestusingthe reward functionbasedon the DEC

scheduler To testthe applicability of the learnedvaluefunctionto otherprogramswe usedthe bestvalue

function from the 100 epochsof training to greedily schedulethe other 17 benchmarks.The resultsare

shavn in Table5. As before,we alsotestedthe schedule®n CompadAlphas. Themethodwasthe sameas

for rollouts. Theseresultsarealsoshavn 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 geometrianean: 1.020 | 0.986

Fortrangeometricomean: 1.151| 1.027 Overallgeometriomean: 1.090 | 1.009

Table5: Performancef thegreedyRL-scheduleponeachapplicationn SPEC95scomparedo DECusing
the valuefunctiontrainedon compress9vith the DEC schedulereward function. The entriesin the Sim
columnsarefrom the simulator andthe entriesin the Realcolumnsarefrom actualrunsof the binaries.
BetterperformanceéhanDEC is indicatedby italics.
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Table6 shavs the sameratiosfor learningwith the wcp reward function. Becausehe performanceof

thewcp schedulewasnotasgoodaswe hadhoped we testedthis schedulepnly in simulation.

\ Performance using the WCP reward function |

Fortran programs C programs

App Ratio | App Ratio || App | Ratio || App Ratio
applu | 1.215 | apsi 1.199| ccl | 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 geometrianean: 1.089
Fortrangeometrionean: 1.258 Overallgeometrionean:  1.180

Table6: Simulatedperformancef the greedyRL-scheduleon eachapplicationin SPEC95usingthe best
learnedvaluefunctiontrainingon compress9%ith thewcp rewardfunction.

By training the RL scheduleron compress953or 100 epochs,we were able to outperformDEC on
compress95.The RL schedulercamewithin 2% of the performanceof DEC on all C applicationsand
within 15%on unseerfortranapplications Althoughthe Fortranperformances notasgoodasthatonthe
C applicationsthe RL schedulehasmorethanhalved the differencebetweenRANDOM andDEC. This
demonstrategood generalizatioracrosshasicblocks. Althoughtherearebenchmarkshat performmuch
morepoorly thanthe rest(mgrid andswim), thosebenchmarkgerformmorethan 100%worsethanDEC
undertheRANDOM schedulerin actualexecutionof thelearnedschedulegheRL scheduleputperformed
DEC onthe C applicationsvhile comingwithin 2% of DEC on the Fortranapplications.

Althoughthe scheduletrainedusingthe wcp reward functiondid not performaswell asthe scheduler
trainedusing the DEC reward function, it camewithin 18% of DEC overall. Although this is twice as
slow asthe performanceof the scheduletrainedusingthe DEC reward function, it is still 10%fasterthan

RANDOM overall. The performancef thewcp schedulemay beimproved by furtherexaminationof the

rewardfunction.
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Becauseof the vastdifferencein generalizatiorio Fortranprogramsfrom C programswe alsoexper
imentedwith training the RL scheduleron the Fortran programapplu with parametersx = 0.0001 and
€ = 0.05. As before,we trainedfor 100 epochausingthe DEC basedreward function andevaluatedeach
epochgreedily (e = 0) aftertraining. We took the bestvaluefunctionfrom the 100 epochsandtestedit on
the other17 benchmarlapplications.After testingin the simulator we alsoran eachbinary on a Compagq

Alphaasdescribedabore. Table7 shavs the simulatorandactualrun-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 || ccl | 1.024 | 1.002 || compress95 1.001 | 1.034
foppp | 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 geometrianean: 1.029| 1.012

Fortrangeometricomean: 1.089| 1.019 Overallgeometriomean: 1.062 | 1.016

Table7: Performancef thegreedyRL-scheduleponeachapplicationn SPEC95scomparedo DECusing
thevaluefunctiontrainedon appluwith the DEC schedulerewardfunction. Theentriesin the Sim columns
arefrom the simulator andthe entriesin the Realcolumnsarefrom actualrunsof the binaries.

The simulatedperformanceon Fortranapplicationamproved from 15% slower thanDEC to only 8%
slower thanDEC. At the sametime, performanceon unseernC programssloved by slightly lessthan1%.
Thesamads truefor theruntime resultswhereFortranperformancemprovedslightly while C performance
droppeda small amount. This suggestghe desirability of having separateschedulerdgor FortranandC
programs.

We also experimentedwith further training andtestingon eachof the benchmarks.Startingwith the
valuefunctionlearnedrom compress95yetrainedthe RL schedulepon eachof the otherbenchmarlsuites
for 10 epochsandgreedilyevaluated(i.e., € = 0) theupdatedvaluefunctionat the endof eachepoch.This

is similarto auserpro ling hercodeandthenreschedulinghatcodebasedon theresultsof the pro ling.
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Fortran programs C programs

App Ratio || App Ratio || App | Ratio || App Ratio
applu | 1.087 || apsi 1.080 | ccl | 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 geometrianean: 1.017
Fortrangeometrionean: 1.126 Overallgeometrionean: 1.076

Table8: Simulatedperformancef thegreedyRL-schedulepn eachapplicationin SPEC95after 10 epochs
of trainingfrom the compress9tearnedvaluefunction.

Thebestnumberfrom eachof the 10 runsis reportedn Table8.

The 10 epochsof additionaltraining madethe performanceof the RL schedule2% fasteroverall than

withoutthe additionaltraining.

5 Combining ReinforcementLearning with Rollouts

The encouragingesultsof RL andof rollouts suggestedestingthe two methodstogether Using the
learnedvaluefunction from training on compress9&asthe rollout policy 1, we testeda schedulemwe call
RL-1t We usedonly onerollout percandidaténstructionandevaluatedthe RL policy in a greedymanner
Thesimulatedandactualrun-timeresultsareshavn in Table9. By addingonly onerollout, we wereableto
improve the C resultsto befastethanDEC overall. The Fortranresultsimprovedfrom 15%slower to only
4.7% slower than DEC. When executingthe binariesfrom the RL-1t schedulesa userwould seeslightly

fasterperformancehanDEC.
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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 || ccl | 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 geometrianean: 0.994 | 0.993

Fortrangeometricomean: 1.047| 1.002 Overallgeometriomean: 1.023 | 0.998

Table 9: Performanceof the RL-1t scheduleron eachapplicationin SPEC95as comparedto DEC. The
entriesin the Sim columnsarefrom the simulator andthe entriesin the Realcolumnsarefrom actualruns
of thebinaries.

6 Conclusions

We have demonstratetivo successfuimethodsof building instructionschedulergor straightline code.
The rst method,rollouts,wasableto outperforma commercialschedulebothin simulationandin actual
run-timeresults. The dowvnsideof usingarollout schedulers its inherentlyslow runningtime. By using
anRL schedulerwe wereableto maintaingoodperformanceavhile signi cantly speedingchedulingime.
Lastly, we shavedthata combinationof RL androlloutswasableto competewith the commercialsched-
uler. In a systemwheremultiple architecturesrebeingtestedarny of thesemethodscould provide a good
schedulewith minimal setupandtraining.

Futurework couldaddressimulatorissuesaswell asmoregeneralnstructionissues At the simulator
level, we would like to re ne thefeaturesetandadjustthe modelsuchthatit canhandleinnerloopsmore
realistically Insteadof only timing a block until the lastinstructionstartsto execute,the simulatorcould
time eachblock until the datafrom the lastinstructionis available. This would help a scheduleto learn
to scheduldoopsin a bettermanner At a more generallevel, we would like to addressssuesof global
instructionschedulingandvalidatingthetechnique®n otherarchitecturegndinstructionsets.We ervision

usingabstractiorandreinforcementearningto build a globalinstructionscheduler
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