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ABSTRACT
Phase-decoupledmethodsfor codegenerationarethe stateof the
art in compilersfor standardprocessorsbut generallyproducecode
of poorqualityfor irregulartargetarchitecturessuchasmany DSPs.
In thatcase,thegenerationof efficientcoderequiresthesimultane-
oussolutionof themainsubproblemsinstructionselection,instruc-
tion scheduling,andregisterallocation,asan integratedoptimiza-
tion problem.

In contrastto compilersfor standardprocessors,codegeneration
for DSPscanafford to spendmuchhigherresourcesin time and
spaceon optimizations.Today, mostapproachesto optimal code
generationarebasedon integer linearprogramming,but theseare
eithernotintegratedor notableto produceoptimalsolutionsexcept
for verysmallprobleminstances.

We reporton researchin progresson a novel methodfor fully
integratedcodegenerationthatis basedondynamicprogramming.
In particular, we introducethe conceptof a time profile. We fo-
cusonthebasicblocklevel wherethedatadependencesamongthe
instructionsform a DAG. Our algorithmaimsat combiningtime-
optimalschedulingwith optimalinstructionselection,givena lim-
ited numberof general-purposeregisters.An extensionfor irregu-
lar registersets,spilling of registercontents,andintricatestructural
constraintsoncodecompactionbasedonregisterusageis currently
underdevelopment,aswell asageneralizationfor globalcodegen-
eration.

A prototypeimplementationis operational,andwe presentfirst
experimentalresultsthat show that our algorithmis practicalalso
for medium-sizeproblem instances. Our implementationis in-
tendedto becomethecoreof a future,retargetablecodegeneration
system.
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1. INTRODUCTION
Theimpressive advancesin theprocessingspeedof currentmi-

croprocessorsarecausednotonly by progressin higherintegration
of silicon components,but alsoby exploiting anincreasingdegree
of instruction-level parallelismin programs,technicallyrealizedin
the form of deeperpipelines,morefunctionalunits, anda higher
instructiondispatchrate.Generatingefficientcodefor suchproces-
sorsis largely thejob of theprogrammeror thecompilerback-end.
Eventhoughmostsuperscalarprocessorscan,within averynarrow
window of a few subsequentinstructionsin thecode,analyzedata
dependencesat runtime,reorderinstructions,or renameregisters
internally, efficiency still dependsonasuitablecodesequence.

Digital Signal Processors(DSPs)became,in the last decades,
the processorof choicefor embeddedsystems.The high volume
of theembeddedprocessormarket demandsfor high performance
at low cost. In orderto achieve high codequality, developersstill
write applicationsin assemblylanguage.This is time consuming,
andmaintenanceandupdatingaredifficult. Traditionalcompiler
optimizationsfor high-level languagesstill producepoorcodefor
DSPsandthusdo not meetthe requirements[40]. Unfortunately,
compiler researchersfocusedfor a long time on generalpurpose
processors,while DSPirregularities,suchasdual memorybanks
andnon-homogeneousregistersets,have beenlargely ignoredin
the traditionalcompileroptimizationphases.On the otherhand,
codegenerationitself is avery complex task.

Codegenerationconsistsof severalsubproblems.Themostim-
portantonesareinstructionselection,instructionscheduling,and
registerallocation(seeFigure1).

Instruction selectionmapsthe abstractinstructionsgiven in a
higher-level intermediaterepresentation(IR) of the input program
to machine-specificinstructionsof the target processor. For each
instructionand addressingmode, the cost of that instruction(in
CPUcycles)canbespecified.Hence,instructionselectionamounts
to apatternmatchingproblemwith thegoalof determiningamini-
mumcostcoverof theIR with machineinstructions.For treelikeIR
formatsandmosttargetinstructionsetsthisproblemcanbesolved
efficiently.

Instructionschedulingis thetaskof mappingeachinstructionof
a programto a point (or setof points)of time whenit is to beexe-
cuted,and(in thepresenceof multiplefunctionalunits)to thefunc-
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Figure 1: The task of generatingtarget codefr om an interme-
diate program representationcan be mainly decomposedinto
the interdependentsubproblemsinstruction selection,instruc-
tion scheduling, and register allocation, which span a thr ee-
dimensionalproblem space.Phase-decoupledcodegenerators
proceedalong the edgesof this cube,while an integrated solu-
tion dir ectly follows the diagonal, consideringall subproblems
simultaneously.

tional unit on which it is to beexecuted.For RISCandsuperscalar
processorswith dynamicinstructiondispatch,it is sufficient if the
scheduleis givenasa linearsequenceof instructions,suchthatthe
informationaboutthe issuetime slot and the functionalunit can
be inferredby simulatingthe dispatcher’s behaviour. The goal is
to minimizetheexecutiontime andavoiding severeconstraintson
registerallocation.

Registerallocationmapseachvaluein aprogramthatshouldre-
side in a register, thusalsocalleda virtual register, to a physical
register in the target processor, suchthat no value is overwritten
beforeits lastuse.Thegoalis to useasfew registersaspossible.If
therearenot enoughregistersavailablefrom the compiler’s point
of view, theliverangesof thevirtual registersmustbemodified,ei-
therby coalescing, that is, forcing multiple valuesto usethesame
register, or by spilling theregister, thatis, splittingtheliverangeof
avalueby storingit backto thememoryandreloadingit later, such
that a differentvaluecanresidein that register in the meantime.
Usingfew registersis important,asgeneratedspill codecannotbe
recognizedas suchand removed by the instructiondispatcherat
runtime,evenif thereareinternallyenoughfreeregistersavailable.
Also, spill codeshouldbeavoidedespeciallyfor embeddedproces-
sorsbecauseit increasespower consumption.

Duringthelasttwodecadestherehasbeensubstantialprogressin
thedevelopmentof new methodsin codegenerationfor scalarand
instruction-level parallelprocessorarchitectures.New retargetable
toolsfor instructionselectionhaveappeared,suchasiburg. New
methodsfor fine-grainparallel loop schedulinghave beendevel-
oped,suchassoftwarepipelining.Globalschedulingmethodslike
tracescheduling,percolationscheduling,or region schedulingal-
low to moveinstructionsacrossbasicblockboundaries.Also, tech-
niquesfor speculative or predicatedexecutionof conditionalbran-
cheshave beendeveloped. Finally, high-level global codeopti-
mizationtechniquesbasedon dataflow frameworks,suchascode
motion,have beendescribed.

On the other hand,most importantproblemsin codegenera-
tion have beenfound to be NP-complete.Hence,theseproblems
are generallysolved by heuristics. Instructionselectionfor ba-

sic blockswith a DAG-shapeddatadependency structureis NP-
complete[38]. Global registerallocationis NP-complete,asit is
isomorphicto coloringalive-rangeinterferencegraph[10,12] with
a minimumnumberof colors[17]. Time-optimallocal instruction
schedulingfor basicblocks is NP-completefor almostany non-
trivial target architecture[1, 6, 17, 23, 29, 31, 34, 37] except for
certaincombinationsof very simpletargetprocessorarchitectures
andtree-shapeddependency structures[4, 5, 24, 28, 39]. Space-
optimal local instructionschedulingfor DAGsis NP-complete[9,
42], exceptfor tree-shaped[43] or series-parallel[21] dependency
structures.

For thegeneralcaseof DAG-structureddependences,variousal-
gorithmsfor time-optimallocal instructionschedulinghave been
proposed,basedonintegerlinearprogramming(ILP) [45], branch-
and-bound[22], andconstraintlogic programming[3]. Dynamic
programminghasbeenusedfor time-optimal[44] andspace-opti-
mal [26] local instructionscheduling.

In mostcompilers,thesubproblemsof codegenerationaretrea-
tedseparatelyin subsequentphasesof thecompilerbackend.This
is easierfrom asoftwareengineeringpointof view, but oftenleads
to suboptimalresultsbecausethestronginterdependencesbetween
the subproblemsare ignored[7]. For instance,early instruction
schedulingdeterminestheliverangesfor asubsequentregisterallo-
cator;wherethenumberof physicalregistersis notsufficient,spill
codemustbeinserteda-posterioriinto theexistingschedule,which
maycompromisetheschedule’squality. Also, coalescingof virtual
registersis not anoptionin thatcase.Conversely, earlyregisteral-
locationintroducesadditional(“f alse”)datadependencesandthus
constrainsthesubsequentinstructionschedulingphase.Moreover,
thereareinterdependencesbetweeninstructionschedulingandin-
structionselection.Theseinterdependencescanbequite intricate,
causedby structuralconstraintson registerusageandcodecom-
pactionof the target architecture.Hence,the integrationof these
subproblemsandsolvingthemasa singleoptimizationproblemis
a highly desirablegoal,but unfortunatelythis increasestheoverall
complexity of codegenerationconsiderably. Nevertheless,theuser
is in somecaseswilling to afford spendinga significantamountof
spaceand time in optimizing the code,suchas in the final com-
pilation of time-critical partsin applicationprograms,or in code
generationfor DSPs.

Thereexist severalheuristicapproachesthataimat abetterinte-
grationof instructionschedulingandregisterallocation[8, 16,19,
27, 34]. However, thereareonly a few approachesthat have the
potential—given sufficient time andspaceresources—tocompute
an optimal solutionto an integratedproblemformulation,mostly
combininglocal schedulingandregisterallocation[3, 25, 30, 32].
Someof theseapproachesare also able to partially integratein-
structionselectionproblems,or to modelcertainhardware-structur-
al constraintsat a limited degree. Most of theseapproachesare
basedon ILP, which is againa NP-completeproblemandcanbe
solved optimally only for moreor lesstrivial probleminstances.
Otherwise,integrationmustbe abandonedand/orapproximations
andsimplificationsmustbeperformedto obtainfeasibleoptimiza-
tion times,but thenthe methodgivesno guaranteehow far away
thereportedsolutionis from theoptimum.

Admittedly, ILP is a very generaltool for solving scheduling
problemsthatallows to modelcertainarchitecturalconstraintsin a
flexible way, whichenhancesthescopeof retargetabilityof thesys-
tem. However, we feel that integer linearprogrammingshouldbe
ratherconsideredasa fall-backmethodfor the worst casewhere
other algorithmsare not available or not practical. Instead,we
propose,for caseswherethe generalityand the flexibility of the
ILP approachis not really required,an integrative approachbased



on dynamicprogramingandproblem-specificsolutionstrategies,
which
�

candeliver optimalor at leastgoodresultswith shorterop-
timization time. We have exemplifiedthis for the caseof space-
optimallocal schedulingin previouswork [26], evidencefor time-
optimallocalschedulingisgivenin thispaper. Wearenow working
onageneralizationof ourbasicmethodto includemoreaggressive
formsof instructionselectionandto take alsoinhomogeneousreg-
ister setsand intricatestructuralconstraintson codecompaction
into account.

The remainderof this paperis organizedasfollows. Section2
introducesbasicnotation,Section3 explainsthefoundationsof our
dynamicprogrammingmethod.Section4 introducestime profiles
andpresentsour algorithmfor time-optimalscheduling.Section5
presentsthe implementationandfirst results. Section6 discusses
possibleextensionsof our framework, Section7 givesasystematic
classificationof relatedwork, andSection8 concludes.

2. BASIC TERMINOLOGY
In thefollowing, we focuson schedulingbasicblockswherethe

datadependencesamongtheIR operationsform a directedacyclic
graph(DAG) �������
	���
 .

An IR-schedule, or simply schedule, of the basicblock (DAG)
is a bijective mapping ��������	�������	���� �!"� describinga linear
sequenceof the � IR operationsin � that is compliantwith the
partialorderdefinedby � , thatis, �$#%	�&'
)(*��+,�-�$#.
)/0�-�$&'
 . A
partial scheduleof � is a scheduleof a subDAG �213�4���516	7�98��� 1;: � 1 
�
 inducedby a subset� 13< � wherefor each& 1 (=� 1
holdsthat all predecessorsof &�1 in � arealsoin �>1 . Note that a
partialscheduleof � canbeextendedto a (complete)scheduleof� if it is prefixedto a scheduleof theremainingDAG inducedby�@?=� 1 .

We assumewe are given a target processorwith A functional
units B-CD	E������	�B
F . Theunit occupationtime GIH of a functionalunitB;H is thenumberof clockcyclesthat B;H is occupiedwith executing
an instructionbeforea new instructioncanbe issuedto B;H . The
latency J H of a unit B H is the numberof clock cyclestaken by an
instructionon B;H beforethe result is available. We assumethatG HLK J H . The issuewidth M is the maximumnumberof instruc-
tionsthatmaybeissuedin thesameclockcycle. For asingle-issue
processor, we have M��N� , while mostsuperscalarprocessorsare
multi-issuearchitectures,thatis, M0O@� .

For simplicity, weconsiderfor now only thecasewhereeachIR
operation& is mappedto oneof a set PQ�$&'
 of equivalent, single
target instructions:A matching target instruction RS(0PQ�$&'
 for a
givenIR operation& is a targetprocessorinstructionthatperforms
theoperationspecifiedby & . An instructionselectionT for aDAG�U�V���W	7��
 mapseachIR operation&S(0� to a matchingtarget
instruction R (XPQ�$&'
 . Our framework canbe easilygeneralized
to the caseof multiple IR operationsmatchinga singletarget in-
struction(which is quitecommonfor a low-level IR) asdiscussed
in Section6, while the caseof a singleIR operationcorrespond-
ing to multiple target instructionsrequireseither lowering the IR
or schedulingon the target level only, ratherthanon the IR level
(cf. Figure1). WealsoassumethateachtargetinstructionR is exe-
cutableby exactlyonetypeof functionalunit.

A target-scheduleis amappingY of thetimeslotsin �6BZCD	E������	�BWF�
:W[ \ to instructionssuchthat YDH^] _ denotesthe instructionstarting
executionon unit BWH at timeslot ` . Whereno instructionis started
on B H at time slot ` , Y H^] _ is definedasNOP. If an instruction Y H^] _
producesa valuethat is usedby an instruction Y H�a$] _�a , it musthold` 1cb `5deJ H . Also, it musthold ` 1cb ` 1 1 d0G H where Y H�a$] _fa a is the
latestinstructionissuedto B H a before Y H a ] _ a . Finally, it mustholdg �hY H�a a^] _faci� jlkhmn	E� Kpoq1 1�K An� g K M .

For a given IR-schedule� anda given instructionselectionT ,
an optimal target-scheduleY canbe determinedin linear time by
a greedymethodthat just imitatesthe behavior of the target pro-
cessor’s instructiondispatcherwhenexposedto theinstructionse-
quencegivenby Tr���

 .

Theexecutiontime s%��Yt
 of a target-scheduleY is thenumberof
clockcyclesrequiredfor executing Y , thatis,

s���Yt
;�0urvhwHx] _ �E`cd=J H �>Y Hx] _ i� j'khmy�z�
A targetscheduleY is time-optimalif it takesnotmoretime that

any othertargetschedulefor theDAG.
A registerallocationfor agiventarget-scheduleY of aDAG is a

mapping{ from thescheduledinstructionsY Hx] _ to physicalregisters
suchthat the valuecomputedby YDH^] _ residesin a register {y��YDHx] _I

from timeslot ` andis not overwrittenbeforeits lastuse.(Spilling
will be consideredlater.) For a particularregister allocation,its
registerneedisdefinedasthemaximumnumberof registersthatare
in useatthesametime. A registerallocation{ isoptimalfor agiven
targetscheduleY if its registerneedis not higherthanthat of any
otherregisterallocation { 1 for Y . That registerneedis referredto
astheregisterneedof Y . An optimalregisterallocationfor a given
target-schedulecanbecomputedin lineartimein astraightforward
way [15].

A target-scheduleis space-optimalif it usesno more registers
thatany otherpossibletarget-scheduleof theDAG.Forsingle-issue
architectureswith unit-timelatencies,IR-schedulesandtarget-sche-
dulesaremoreor lessthe same,hencethe registerallocationcan
bedeterminedimmediatelyfrom theIR schedule,suchthatspace-
optimalityof atarget-schedulealsoholdsfor thecorrespondingIR-
schedule[26]. In all othercases,theregisterallocationdependson
thetarget-schedule.

3. IR-LEVEL SCHEDULING AND
DYNAMIC PROGRAMMING

Thebasicideaof our dynamicprogrammingalgorithmis to in-
crementallyconstructlonger and longer partial schedulesof the
DAG and,whereverpossible,applylocaloptimizationstoprunethe
solutionspaceof partialschedules.Westartwith a naive approach
for generatingoptimal IR-schedules[26] that consistsin the ex-
haustive enumerationof all possibilitiesfor topologicalsortingof
theDAG.

Topological sortingmaintainsasetof DAG nodeswith indegree
zero,thezero-indegreeset, whichis initializedto theset | \ of DAG
leaves. The algorithmrepeatedlyselectsa DAG node & from the
currentzero-indegreeset,appendsit to the currentschedule,and
removes it from the DAG, which implies updatingthe indegrees
of the parentsof & . The zero-indegreesetchangesby removing& andaddingthoseparentsof & that now got indegreezero(see
Figure2). Thisprocessis continueduntil all DAG nodeshavebeen
scheduled.Most heuristicschedulingalgorithmsdiffer just in the
way how they assignpriorities to DAG nodesthat control which
node & is beingselectedfrom a given zero-indegreeset. If these
prioritiesalwaysimply astrict linearorderingof nodesin thezero-
indegreeset,sucha schedulingheuristicis alsoreferredto as list
scheduling.

A recursiveenumerationof all possibilitiesfor selectingthenext
nodefrom a zero-indegreelist generatesall possibleIR-schedules
of theDAG. Of course,thereareexponentiallymany differentIR-
schedules;an upperboundis �;} , the numberof permutationsof� DAG nodes;the exact numberof IR-schedulesdependson the
structureof the DAG. Hence,the run time of this enumeration
methodisexponentialaswell; ourimplementations[26] haveshown
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INDEG1 � # 

�

�
INDEG� # 
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procedure top sort � Set | , int[] INDEG, int ��

if | i� � // thatis, � K �

selectanarbitrarynode& ( | ;�)� � � � & ; // append& to partialschedule� |�1 	 INDEG1x
 � selection � | , & 	 INDEG
f�
top sort � | 1 	 INDEG1 	���d0�-
 ;

elseoutput �)���>���.� fi
end top sort

Call top sort � | \ , INDEG\ 	3�)
 producesschedule�-���>�z�n�
Figure 2: Topological sorting, here a recursive formulation,
generatesa scheduleof the DAG in � selectionsteps.

that it cannotbe appliedfor basicblockslarger thanabout15 in-
structions.

Theexhaustiveenumerationof topologicalsortsimplicitly1 builds
a tree-like representationof all schedulesof the DAG, called the
selectiontree(seeFigure3). Eachnodeof theselectiontreecor-
respondsto an instanceof a zero-indegreesetof DAG nodesthat
occursduringtopologicalsorting.A node | in theselectiontreeis
connectedby directededgesto theselectionnodes| 1 correspond-
ing to all zero-indegreesetinstancesthatcanbeproducedby per-
forming one selectionstepin the topologicalsort algorithm; the
selectionedgesarelabeledby thecorrespondingDAG node& cho-
senat thatselectionstep.Eachpathin theselectiontree,from the

C The selectiontreecorrespondsto the call treeof a recursive im-
plementationof thenaive enumerationalgorithm.

root(i.e.,thesetof all DAG leaves)to a leaf(i.e.,aninstanceof the
emptyset), correspondsone-to-oneto a valid IR-scheduleof the
DAG [26], which is givenasthesequenceof selectionedgelabels
on thatpath.All pathsin theselectiontreethatendup in instances
of the samezero-indegreesethave the samelength,as the same
subsetof DAG nodeshasbeenscheduled;hencetheselectiontree
is leveled.
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Figure 4: The selectionDAG
of the example DAG of Fig-
ure 3 if all selection nodes
with the same zero-indegree
setcould be merged[26].

By looking closerat theselectiontree,we canseethatmultiple
instancesof the samezero-indegreesetmay occur. For all these
instances,thesamesetscheduled�q|�
 of nodesin thesamesubDAG�5� of � below | hasbeenscheduled.This leadsto the ideathat
we couldperhapsoptimizelocally amongall thepartialschedules
correspondingto equalzero-indegreesetinstances,mergeall these
nodesto a singleselectionnodeandkeepjust oneoptimalpartial
scheduleto beusedasa prefix in futureschedulingsteps(seeFig-
ure4). In previouswork [26] we have proved that this aggressive
merging is valid whencomputinga space-optimalschedulefor a
single-issueprocessorwith unit-timelatencies.Whenapplyingthis
ideaconsistentlyat eachlevel, theselectiontreebecomesa selec-
tion DAG, which is leveledaswell. By constructingtheselection
DAG level-wise,eachzero-indegreesetoccursat mostonce,thus
atmost �I� selectionnodeswill becreated.Additionally, many sub-



setsof � maynever occurasa zero-indegreeset. Notealsothat,
thanks� to the leveling of theselectionDAG, all selectionnodesin
level � canbereleasedassoonasall selectionnodesin level ��d��
havebeencreated.

Thismethodleadsto aconsiderablecompressionof thesolution
space.However, groupingof partialschedulesby mergingof selec-
tionnodesis onlyapplicableto thoseschedulesthatarecomparable
with eachother, wherecomparabilitydependson thetargetarchi-
tectureandtheoptimizationgoal.For thespaceoptimizationmen-
tionedabove, all schedulesendingup in an instanceof the same
zero-indegreeset | arecomparable,asthesamesubsetof already
scheduledDAG nodes

alive� | 

�9�D#�( scheduled� | 
 :���$#�	�&'
)(*� , &��( scheduled� | 
��
residesin registers. Togetherwith other optimizations[26], this
compressionmakesthealgorithmpracticalalsofor medium-sized
DAGswith up to 50nodes.

Thishighdegreeof comparabilityis,however, nolongergivenif
wearelookingfor a time-optimalschedule,becausethenit usually
turnsoutonly laterwhetheronepartialscheduleis reallybetterthan
anotheroneif usedasprefix in aschedulefor all DAG nodes.

4. TIME PROFILES AND TIME-OPTIMAL
SCHEDULING

A time-profile representsthe occupationstatusof all units at a
given time. It specifiesfor eachfunctionalunit the sequenceof
instructionsthatarecurrentlyunderexecutionin that unit but not
yetcompleted.In otherwords,thetime-profilegivesjust thatmost
recentpart of a partial schedulethat may still influencethe issue
timeslotof thenext instructionto bescheduled.

Formally, a timeprofile �N�V�$��	$�.
 consistsof a issuehorizon
displacement�L(��h�l	D�h� andaprofilevector

� � �z� C�]�C 	E������	q� C�] ¡�¢f£n¤h¥%C 	�n¦7]�CE	E������	q� ¦7] ¡�§�£n¤t¥�C 	���E�%	�nF ]�C 	E������	q�.F ] ¡�¨t£.¤t¥�C 

of © FH«ª�C �^J H dp��? �D
 entries� Hx] _ (=�@���Djlkhm�� . An entry � Hx] _ of
theprofilevectordenoteseitherthecorrespondingDAG node& for
someinstructionR issuedto B;H , oraNOP (–)wherenoinstructionis
issued.Notethatfor a unit with unit-timelatency thereis no entry
in � . Thedisplacement� accountsfor thepossibilityof issuingan
instructionat a time slot wheresomeotherinstructionhasalready
beenissued. For single-issueprocessors,� is always0, thuswe
canomit � in � . For anin-ordermulti-issuearchitecture,we have�¬(­�h�'	D�t� wherefor �®�¯� at leastoneandat most M­?e� of the
entriescorrespondingto the most recentissuetime, �nH^]�C for � Ko�K A , mustbenon-NOP. For out-of-orderissuearchitectures,the
displacementcouldbegreaterthanone,but we neednot consider
thiscaseasweaimatcomputinganoptimalschedulestatically. Of
course,notall theoreticallypossibletimeprofilesdoreallyoccurin
practice.

The time profile �°� profile��Yt
 of a given target-scheduleY
is determinedfrom Y asfollows: Let ± b � denotethe time slot
wherethe last instructionis issuedin Y . Then �²���$��	$�.
 is the
time profile thatis obtainedby just concatenating(in reverseorder
to determine� ) the DAG nodes(or NOPs) correspondingto theJ�H.de�Q?e� latestentriesY H^] ³6¥�¤t¥�¡�´�£%¦ 	E������	fYDHx] ³ in Y for theunits B;H ,o �µ�I	D������	�A , where�L��� if anotherinstructionmaystill beissued
at time ± to a unit B;H with YDH^] ³r�N�nHx]�C¶� NOP, and0 otherwise.
Entries Y Hx] _ with `*/µ� areregardedasNOPs. ± is calledthe time

referencepoint of � in Y . Note that ± is alwayssmallerthanthe
executiontimeof Y .

Hence,a timeprofilecontainsall theinformationrequiredto de-
cideaboutthe earliesttime slot wherethe nodeselectednext can
bescheduled.

THEOREM 1. For determininga time-optimalschedule, it is
sufficientto keepjustoneoptimaltarget-scheduleY amongall those
target-schedulesY 1 for the samesubDAG � � that havethe same
timeprofile � , andto use Y asa prefixfor all target-schedulesthat
could be createdfrom thesetarget-schedulesYE1 by a subsequent
selectionstep.

Proof: All schedulesof · � containthe samesetof nodes.We consider
just thenext nodȩ�¹�º thatwill beselectedandappendedto aschedule» 1
of · � with timeprofile ¼=½e¾x¿�À«ÁyÂ in asubsequentselectionstep;evidence
for all subsequentselectionswill thenfollow by induction.For each» 1 , letÃ ¾^» 1 Â denotethe time referencepoint of ¼ in » 1 . Let Ä besomematching
target instructionfor ¸ to bechosen,andassumethat Ä is to bescheduled
on unit Å H . Let » 1 H^] _fa bethelatestinstructionthathasbeenissuedin » 1 toÅ H . Assumethat, if existing, theDAG predecessorsÆ C and Æ ¦ of ¸ have
beenissuedasinstructions» 1 H^¢f] _7¢ and » 1 H�§E] _Ç§ respectively. Then Ä canbe
issuedearliestattime È�½ÊÉ5ËEÌ'¾ Ã ¾^» 1 Â�ÍÏÎ'Ðc¿�À�È 1 Í2Ñ H ÀIÈ C Í�Ò Hx¢ ÀIÈ ¦ Í�Ò H�§ Â ,
providedthat the issuewidth is not exceededat time È . If » 1 Hx] _ a is outside
thetime profile, that is, È 1�Ó Ã ¾$» 1 Â%Ð®¿2Ð®Ò H ÍSÎ , thenno instructionwas
issuedto Å H within the time interval coveredby the time profile ¼ , thusÈ 1�Ó Ã ¾^» 1 Â�ÍÔÎ-Ð®¿�Ð®Ñ H . A similar argumentholdsfor theunits Å Hx¢ andÅ H�§ . In eithercase,the issuetime È of Ä doesnot dependon instructions
outsidetheprofile window. As theprofile ¼ is supposedto bethesamefor
all » 1 , thedifferenceÈcÐ Ã ¾^» 1 Â will bethesamefor all » 1 . Hence,onemay
take anarbitraryoneof the » 1 asaprefix for thenext selectionof ¸ . As the
executiontimeshouldbeminimized,oneof the » 1 with minimumexecution
timemustbekept. Õ

We extendthe definition of selectionnodesaccordingly, asthe
zero-indegreesetis no longersufficientasauniquekey:

An extendedselectionnode, or ESnodefor short,is identifiedby
a triple Öp�×�q|y	��)	�±7
 , consistingof a zero-indegreeset | , a time
profile � , and the time referencepoint ± of � in the scheduleY
which is storedasanattribute Ön� schedulein thatnode.Technically,
ESnodescanberetrievedefficiently, e.g.by hashing(asappliedin
thecurrentimplementation).

Accordingto Theorem1 it is sufficient to keepasthe attributeÖn� scheduleof anESnodeÖ , amongall target-scheduleswith equal
zero-indegreesetandequaltime-profiles,onewith theshortestex-
ecutiontime.

Figure5 illustratestheresultingextendedselectionDAG for the
exampleDAG of Figure3,appliedto asingle-issuetargetprocessor
with two functionalunits, B C with latency J C �Ø� and B ¦ with
latency JE¦5�µ� , hencethetime profileshave a singleentry. NodesÙ

and � areto beexecutedonunit BW¦ , theotherson BZC .
An importantoptimizationof thisalgorithmconsistsin thestruc-

turing of the spaceof all ESnodesas a two-dimensionalgrid of
ESnodelists Ú
ÛÜ , with onedimensionfor thenumber� of IR oper-
ationsscheduled(i.e., the lengthof the IR-schedule),andonedi-
mensionfor theexecutiontime Ý . Ú
ÛÜ containsonly thoseESnodes
in level � whoseassociatedpartialscheduleshaveexecutiontime Ý
(seeFigure6).

Let ÞØ�NurvtwyHIJEH denotethe maximumlatency. Appendinga
node& to anexistingschedule� will increasetheexecutiontimeof
any targetscheduleY derivedfrom � by at most Þ cycles.Hence,
if we perform a selectionstartingfrom an ESnodeÖ in Ú ÛÜ , the
resultingESnodeÖ 1 will bestoredin exactlyoneof Ú
ÛÜ £�C ,..., Ú3Û £�ßÜ £�C .

This observation paysoff in two aspects:First, it restrictsthe
scopeof searchingfor existingESnodeswith sametimeprofileand
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Figure5: Example for an extendedselectionDAG.

samezero-indegreesetto only Þàd9� lists. Second,it definesthe
precedencerelationsfor the constructionof ESnodelists Ú ÛÜ , see
Figure6. Thisknowledgeallowsusto constructthesolutionspace
of ESnodesin anorderthatis (1) compliantwith theprecedencere-
lationsamongtheselectionnodes,and(2) mostfavorablewith re-
spectto thedesiredoptimizationgoal,sothatthoseselectionnodes
thatlook mostpromisingwith regardto executiontimeareconsid-
eredfirst, while thelesspromisingonesaresetasideandreconsid-
eredonly if all the initially promisingalternativesfinally turn out
to besuboptimal.
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The final algorithmis given in Figure7. The correctnessfol-
lowsfrom Theorem1 by induction.Notethatpartialschedulesthat
exceedagiven,maximumregisterneedá*â
ãÇä arediscardedimme-
diately.

function timeopt ( DAG � with � nodesandset | \ of leaves)
List / ESnodeOÊÚ3ÛÜ � emptylist ~.�2~.Ý ;Ú \\ � newList / ESnodeOe�$Ö \ � newESnode�q| \ 	7� \ 	Ç± \ 
�
 ;Ö \ � schedule� � ;
for ÝL���'	D������	7�®åEÞ do // outerloop: over timeaxis

for level � from � to �*?p� do
for all ÖQ���q|y	Ç±f	7�Ï
Z(¶Ú
ÛÜ do

for all &æ(*| do�q| 1 	 INDEG1 
 � selection�$&�	7|y	 INDEG
 ;
for all Ræ(¶PQ�$&'
 doY 1 � Ön� scheduleç$è>R ; // appendR

if áÔ��Y 1 
ZOeá â
ãÇä then continuefi;Ý'1 � s���YE1«
 ;� 1n� profile��Y 1 
 ;±Ç1 is thetime referencepointof �51 in YE1 ;Ö 1n� newESnode�q| 1 	7� 1 	Ç± 1 
 ;Ö 1 � schedule� Y 1 ;
for all Ú _ Ü £�C with Ý K ` K Ý>d­Þ do

if ( Ö 1 1.� Ú _ Ü £�C .lookup�q| 1 	�� 1 
�
 exists
then breakfi;

od
if Ö 1 1 ���q| 1 	�� 1 	�± 1 1 
 existsthen

if Ý 1 /­` then
Ú _ Ü £�C .remove�$Öl1 1^
 ; Ú Û aÜ £�C .insert�$Öl1^
 ;

elseforget Ö'1 fi
elseÚ Û aÜ £�C .insert�$Öl1x
 ; fi

od
od

od
od
if Ú Û� .nonempty��


then return Ö.� schedulefor someÖæ(*Ú
Û� fi
od
end timeopt

Figure7: The algorithm for determining a time-optimal sched-
ule, taking instruction selectioninto account.

5. IMPLEMENT ATION, FIRST RESULTS
WeusetheLEDA library [33] for theimplementationof themost

importantdatastructures,suchasDAGs,selectionnodelists, and
zero-indegreesets.Furthermore,we have connecteda C front end
to our codegeneratorprototype.Thenew prototypeis intendedto
becomethetechnicalbasisfor a futuresystemfor integratedcode
generation,calledOPTIMIST.

First,weuserandomlygeneratedbasicblocksasinputto testour
algorithmwith probleminstancesof areasonablesize.Ourmethod
for generatingrandomDAGs is controlledby several parameters
suchasthenumberof nodesor thenumberof leaf nodes.Wecon-
sidereddifferentparametersetsfor A , M , J , and P to modelvarious
targetarchitectures.

Figure8 shows the optimizationtimesdependingon the DAG
size for a large test serieswith AÔ�é� , M9�ê� , JQ�N�Ç�I	���
 . All
arithmeticinstructionsgo to BZC , theLoads to BW¦ . Figure9 shows
the case A���ë , M@�ì� , JÏ�é�Ç��	7�l	�ëz
 whereadditionsgo to B-C ,
multiplicationsto BW¦ , andLoadsto B;í . Ouralgorithmturnsout to
bepracticalfor DAGswith upto 50instructions.It ranoutof space
(256MB main memoryplus200 MB swap space)only for a few
casesin therangebetween38and45instructions,for about50%of
theDAGswith 46 to 50 nodes,andfor mostDAGswith morethan
50 instructions.Note that basicblocksthatcanstill be optimized
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Sourceprogram, # IR optimizationtime
basicblock nodes A��¶� , M���� , A��*ë , M���� ,� J��Ê�Ç�I	7��
 J����Ç��	7��	�ëz

FIR filter fir.c
BB1 (first loopbody) 16 3.5s 4.0s
BB2 16 8.0s 9.5s
BB3 (mainloopbody) 30 3:21:50.2s 4:40:44.9s

Matrix multiplication
BB2 (mainloopbody) 30 1:05.0s 1:41.8s
same,unrolledonce 40 6:08.5s 9:47.2s

Jacobi-stylegrid relaxation
loopbody, 5-point-stencil 40 1:15.8s 1:31.8s
loopbody, 9-point-stencil 53 1:36:13.2s 2:00:51.5s

Table 1: Optimization times for basicblocks taken fr om com-
piled C programs. All measurementswere taken on an Ultra
Sparc 10 with 256MB RAM and 200MB swapspace.

with anaiveenumerationalgorithmmayhaveupto 15 instructions
only. It canbe well observed how the combinatorialexplosionis
deferredtowardslargerproblemsizesby ouralgorithm.

Second,we have testedour algorithmwith real-world example

programswritten in C. Table 1 shows the results. We observed
for the exampleswith compiledcodesimilar time and spacere-
quirementsof theoptimizationasfor therandomlygeneratedbasic
blocks. Note that the optimizationtimesdependconsiderablyon
the individual structureof theDAG. For instance,optimizationof
the FIR filter main loop body with 30 IR nodestakesabout200
timeslongerthanfor thematrix multiplicationloop bodywith the
samenumberof IR nodes.Thesourcecodesandthevisualizations
of theirbasicblock IRscanbeinspectedat theprojecthomepage2.

6. POSSIBLE EXTENSIONS
Currentlywe still targetarchitectureswith a homogeneousreg-

ister set but aim at generalizingthis in the nearfuture. For that
purpose,weextendthetime-profilesto time-space-profiles, but the
implementationof this extensionis not yet finished.A time-space
profile for a zero-indegreeset | additionallycontainsa spacepro-
file, that is a descriptionwhich valuesin alive�q|z
 residein which
classof registers.As thememoryisalsomodeledasaregisterclass,
thiscoversevenspillingand(optimal)schedulingof spill code.The
spaceprofile is usede.g.to restrictthealternativesfor instruction
selectionfor thenext nodeto bescheduled.A morecompletedis-
cussionof spaceprofiles requiresexperimentalevaluationand is
beyondthescopeof thispaper.

Furthermore,to beableto retargetour systemto differentarchi-
tectures,we will developor adopta suitablehardwaredescription
language.

The algorithm exhibits potential for exploiting massive loop-
level parallelism.In principle,all but theoutermosttwo loopsmay
runin parallel,providedthatasequentiallyconsistentdatastructure
is usedfor theextendedselectionDAG thatappliesalockingmech-
anismto avoid multiple insertionof ESnodes.Theparallelization
of the two outermostloopsmusttake the abovementioneddepen-
denciesamongthe ESnodes’constructioninto account,suchthat
multipleprocessorsmaywork on expandingdifferentESnodelists
locatedon thesamediagonal.

A generalizationto moreadvancedinstructionselectionthatal-
lows to cover multiple IR nodesby a singletarget instruction,as
appliedby state-of-the-arttreepatternmatchers,is straightforward
but not yet implemented. The dynamicprogrammingalgorithm
processestheIR nodesoneafteranother. At someIR nodes& there
is a choicebetweenusinga simpletarget instructionthatmatches& , or amorepowerful instructionthatmaycover & andseveralsub-
sequentlyschedulednodes.For instance,an ADD operationmay
betranslateddirectly to anadd instruction,but it mayalsobeex-
ecutedas part of a combinedaddmul operationthat requiresa
matchingMUL operation.Or, a 32-bit addermaybeusedin some
processorsastwo 16-bitaddersoperatingin SIMD-parallel;where
a 16-bit adderis enoughfor an ADD operation& , another16-bit
ADD operationcanbesoughtto complementadouble-16-bitaddi-
tion. Unfortunately, it is not yet known whenselectinganinstruc-
tion R for & whetherotherDAG nodesmay be scheduledsubse-
quentlythat, togetherwith & , would matchsucha morepowerful
instruction R'1 . This problemis solvedby applyingspeculativein-
structionselection. ThoseinstructionsRl1 thatrequirecertainother
IR operationsto follow areconsideredbut marked asspeculative.
As soonasthespeculationturnsout to bewrong,thisvariantis dis-
carded.This methodpreservestheleveling propertyof theleveled
extendedselectionDAG. The speculationmay be complemented
by aprecedingstaticanalysisof theDAG structure,suchthatspec-
ulationneedsonly beappliedwheresuchacover is possible.

Thetime profilesmayalsobeusedasa mechanismto describe

¦
http://www.ida.liu.se/ ï chrke/optimist



the boundariesof schedulesfor basicblocks. Additionally, the
computationð of a target-schedulefrom a given IR-schedulemay
take, asanoptionalparameter, a time profile asanoffset. This al-
lows to propagateboundarydescriptionsof basicblocksalongthe
program’scontrolflow graphandswitchingbackandforthbetween
alocalandglobalscopeof scheduling.In thisway, loopscheduling
couldbe solved by an iterative process.This is an issueof future
research.

7. RELATED WORK
Weclassifyrelatedwork intoheuristicmethodsandoptimalmeth-

odsanddistinguishbetweenisolatedandintegratedapproaches.

7.1 Heuristics
The critical path list schedulingalgorithmis the most popular

heuristicfor local instructionscheduling[35]. List schedulingde-
terminesascheduleby topologicalsorting,asdescribedabove. The
edgesof theDAG areannotatedby weightswhich correspondsto
latencies.In thecritical pathlist scheduling,thepriority for select-
ing annodefrom thezero-indegreesetis basedon themaximum-
lengthpathfrom thatnodeto any leafnode.Thereexist extensions
to list schedulingwhich take moreparametersinto account,data
locality for example.

Global instructionschedulingmethods,suchas traceschedul-
ing [14] andregion scheduling[20] canmove instructionsacross
basicblocksto producemoreefficientcode.

GoodmanandHsu [19] try to breakthe phase-orderingdepen-
dencecycle and solve the register-constrainedtime optimization
problemfor large basicblocksby a mix of several heuristicsand
switchingbackandforth betweenspaceandtime optimizationde-
pendingon the currentregisterpressure.Freudenberger andRut-
tenberg [16] extendthis approachto traceschedulingfor pipelined
VLIW processors.Furtherheuristicapproaches[27, 34] have ad-
dressedtheproblemof register-constrainedschedulingproblemfor
superscalarand VLIW processorswith arbitrary latencies. Kiy-
oharaandGyllenhaal[27] considerthespecialcaseof DAGsin un-
rolledloops;spill codeis generatedif necessary. Mutationschedul-
ing [36] is an integrated,heuristicbasedmethodthat integrates
codeselection,registerallocationand instructionschedulinginto
aunifiedframework.

In general,heuristicmethodscanproduceeffectiveresultswithin
timeandspacelimitation, in particularfor standardprocessorarchi-
tectures.But they do notguaranteeoptimality.

7.2 Optimal approaches
Integer linear programming. ILP-basedmethodsarewidely used
todayin codegeneration.Thedifficult part is to specifythe linear
programwhichis solvedusuallyby third partylinearsolvers.Once
the problemis specifiedasan ILP instance,the connectionto the
DAG is lost — thesolver doesnot accessextra informationabout
theoriginalprogramto solve theproblem.

Wilken et al. [45] presenta setof extensive transformationson
theDAG, thathelp to derive anadvancedILP formulationfor the
instructionschedulingphase.First,they show thatthebasicformu-
lationof theILP of agivenproblemleadsto unacceptablecompile
time. Then,providing transformationson theDAG, they decrease
thecomplexity of the ILP, suchthat it cancopewith basicblocks
up to 1000 instructionsin acceptabletime. The resultingsched-
ule is optimal.However, theregisterallocationproblemis ignored
duringtheoptimization.

For instance,Wilkenet al. show thatanhourglass-shapedDAG
(seeFigure10) canbescheduledusinga divide-and-conquerstep:
An optimalschedulefor suchhourglassDAGscanbedeterminedas

G1

G2

v
Figure10: An hourglass-shapedDAG. Each
nodein �>¦ is a predecessorof the articula-
tion node & , and eachnode in � C is a suc-
cessorof & . There is no path fr om a nodein� ¦ to a nodein � C that doesnot contain & .

a concatenationof optimalschedulesfor thetwo subDAGs below
andabove the articulationnode. Note that explicit applicationof
this simplificationis not necessaryin our approach,assuchstruc-
turalpropertiesareautomaticallyexploitedbyouralgorithm,which
createsfor anhourglass-shapedDAG alsoanhourglass-shapedse-
lectionDAG, thatis, theoptimizationis implicitly decomposedinto
two separateparts;preprocessingtheDAG is notnecessary.

An interestingapproach,from a technicalandeconomicalpoint
of view, consistsin performingpost-passoptimization.In thePRO-
PAN framework [25], Kästnerimplementeda phasecoupledopti-
mizer generator. The generatorreadsin a processorspecification
describedin a Target DescriptionLanguage(TDL) andgenerates
a phasecoupledoptimizerspecifiedasan ILP instancethat takes
restrictionsandfeaturesof the target processorinto account. An
exactandoptimalsolutionis produced,or a heuristicbased,if the
timelimit is exceeded.In this framework, thefull phaseintegration
is notpossiblefor largerbasicblocks,asthetimecomplexity is too
high.
Dynamic programming. Aho andJohnson[2] usea linear-time
dynamicprogrammingalgorithmto determineanoptimalschedule
of expressiontreesfor a single-issue,unit-latency processorwith
homogeneousregistersetandmultipleaddressingmodes,fetching
operandseitherfrom registersor directly from memory.

Vegdahl [44] proposesan exponential-timedynamicprogram-
mingalgorithmfor time-optimalschedulingthatusesasimilarcom-
pressionstrategy asdescribedin Section3 for combiningall partial
schedulesof thesamesubsetof nodes.In contrastto ouralgorithm,
he first constructsthe entireselectionDAG, which is not leveled
in his approach,andthenappliesa shortestpathalgorithm. Obvi-
ously this methodis, in practice,applicableonly to small DAGs.
In contrast,we take thetime andspacerequirementsof thepartial
schedulesinto accountimmediatelywhenconstructingthe corre-
spondingselectionnode. Hence,we needto constructonly those
partsof theselectionDAG thatcouldstill leadto anoptimalsched-
ule. Vegdahl’s methoddirectly generalizesto a restrictedform of
softwarepipeliningof loopscontainingasinglebasicblock,where
the executionof independentinstructionsof subsequentloop iter-
ationsmay overlap in time, by computinga shortestcycle. Note
thatour methodcouldbegeneralizedaccordingly. In [44], register
requirementsarenotconsideredat all.

Space-optimalschedulesfor DAGsaregeneratedby apredeces-
sorof our algorithm[26]. Althoughtheworstcasecomplexity for
this algorithmis alsoexponential,this algorithmis, asshown em-
pirically, practicalfor mediumsizebasicblockswith up to 50 in-
structions.
Branch-and-bound. Yanget al. [46] presentanoptimalschedul-
ing algorithmfor a specialarchitecturewhereall instructionstake
onetime unit, andall functionalunitsareidentical.Notethatopti-
mal schedulingis evenfor suchanarchitecturestill NP-complete.



Enumeration. ChouandChung[11] enumerateall possibletarget-
schedulesñ to find anoptimalone. They proposemethodsto prune
the enumerationtree basedon structuralpropertiesof the DAG.
Their algorithmis suitablefor basicblockswith up to 30 instruc-
tions.
Constraint logic programming. Ertl andKrall [13] specify the
instructionschedulingproblemasa constraintlogic program. A
time-optimalscheduleis achievedfor smallandmediumsizebasic
blocks.

7.3 Specialcases
WheretheDAG happensto bea treeor thetargetprocessorar-

chitectureis very simple,a time-optimalschedulecanbefoundin
polynomialtime [4, 5, 24,28,37,39,41].

8. SUMMARY AND CONCLUSIONS
Several integratedmethodsbasedon heuristics,especiallyinte-

gratingregisterallocationandinstructionscheduling,canbefound
in the literature. The heuristicmethodsmay improve generated
code,but do not indicatehow far theproducedcodeis from being
optimal. Optimal solutionscanbederived, if at all, only for very
specialcasesor for isolatedphases,but cannotberegardedoptimal
from amoregeneralpointof view. Thereareonlyafew approaches
thatguaranteeto find anintegratedoptimalsolution,andtheirhigh
complexity causesthemto beapplicableonly to quitesmallprob-
lem instances.

In thispaper, wehavemadethefirst steptowardsthehighly am-
bitiousgoalof fully integrated,optimalcodegeneration.We have
presentedthetheoryandimplementationof anintegratedcodegen-
erationmethodthat is basedon dynamicprogramming.We have
exploitedproblem-specificpropertiesfor thecompressionandthe
efficient traversalof thesolutionspace,which makes,for thefirst
time,anintegratedoptimalsolutionof instructionselectionandin-
structionschedulingtractablealsofor medium-sizedbasicblocks.
Wearenow workingonextendingourmethod,by takingalsonon-
homogeneousregister setsinto account,generatingand schedul-
ing spill codeoptimally, and allowing moreaggressive forms of
instructionselection.Futurework in this projectwill alsoaim at
goingbeyondthebasicblockscopeof optimization.
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