A Dynamic Programming Approach to
Optimal Integrated Code Generation

Christoph KeRler

PELAB
Department of Computer Science
Linkdping University
S-58183 Linkdping, Sweden

chrke@ida.liu.se

ABSTRACT

Phase-decouplaaiethodsfor codegeneratiorare the stateof the
artin compilersfor standargprocessorbut generallyproducecode
of poorqualityfor irregulartargetarchitecturesuchasmary DSPs.
In thatcasethegeneratiorof efficientcoderequiresghesimultane-
oussolutionof themainsubprobleménstructionselectionjnstruc-
tion schedulingandregisterallocation,asan integratedoptimiza-
tion problem.

In contrasto compilersfor standargrocessors;odegeneration
for DSPscan afford to spendmuchhigherresourcesn time and
spaceon optimizations. Today mostapproacheso optimal code
generatiorarebasedon integer linear programming put theseare
eithernotintegratedor notableto produceoptimalsolutionsexcept
for very smallprobleminstances.

We reporton researctin progresson a novel methodfor fully
integratedcodegeneratiorthatis basedn dynamicprogramming.
In particular we introducethe conceptof a time profile. We fo-
cusonthebasicblocklevel wherethe datadependencesmongthe
instructionsform a DAG. Our algorithmaimsat combiningtime-
optimalschedulingwith optimalinstructionselectiongivenalim-
ited numberof general-purposeegisters.An extensionfor irregu-
lar registersets spilling of registercontentsandintricatestructural
constraint®ncodecompactiorbasednregisterusagés currently
underdevelopmentaswell asageneralizatioror globalcodegen-
eration.

A prototypeimplementatioris operationalandwe presenffirst
experimentalresultsthat shav that our algorithmis practicalalso
for medium-sizeprobleminstances. Our implementationis in-
tendedio becomehecoreof afuture,retagetablecodegeneration
system.
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1. INTRODUCTION

Theimpressie advancesn the processingpeedof currentmi-
croprocessorarecausedotonly by progressn higherintegration
of silicon componentshut alsoby exploiting anincreasingdegree
of instruction-leel parallelismin programstechnicallyrealizedin
the form of deeperpipelines,more functionalunits, anda higher
instructiondispatctrate. Generatingefficientcodefor suchproces-
sorsis largely thejob of theprogrammenor the compilerback-end.
Eventhoughmostsuperscalgprocessorsan,within avery narrav
window of afew subsequenhstructionsin the code,analyzedata
dependenceat runtime, reorderinstructions,or renameregisters
internally efficiency still depend®n a suitablecodesequence.

Digital Signal Processor§DSPs)became,n the last decades,
the processonf choicefor embeddedystems.The high volume
of the embeddegrocessomarket demandgor high performance
atlow cost. In orderto achiere high codequality, developersstill
write applicationsn assemblylanguage.This is time consuming,
and maintenanceand updatingare difficult. Traditionalcompiler
optimizationsfor high-level languagestill producepoor codefor
DSPsandthusdo not meetthe requirement$40]. Unfortunately
compilerresearcherfocusedfor a long time on generalpurpose
processorswhile DSPirregularities,suchasdual memorybanks
and non-homogeneouggister sets,have beenlargely ignoredin
the traditional compiler optimizationphases.On the otherhand,
codegeneratioritself is avery comple task.

Codegeneratiorconsistsof several subproblemsThe mostim-
portantonesare instructionselection,instructionschedulingand
registerallocation(seeFigurel).

Instruction selectionmapsthe abstractinstructionsgiven in a
higherlevel intermediataepresentatioflR) of the input program
to machine-specifiinstructionsof the target processor For each
instruction and addressingnode, the cost of that instruction (in
CPUcycles)canbespecified Hencejnstructionselectiormmounts
to a patternmatchingproblemwith the goal of determininga mini-
mumcostcover of the IR with machindnstructions Fortreelike IR
formatsandmosttargetinstructionsetsthis problemcanbe solved
efficiently.

Instructionschedulingis thetaskof mappingeachinstructionof
aprogramto a point (or setof points)of time whenit is to be exe-
cuted,and(in thepresencef multiplefunctionalunits)to thefunc-
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Figure 1: The task of generatingtarget codefrom an interme-
diate program representationcan be mainly decomposednto
the interdependentsubproblemsinstruction selection,instruc-
tion scheduling, and register allocation, which span a three-
dimensional problem space. Phase-decoupledode generators
proceedalong the edgesof this cube, while an integrated solu-
tion dir ectly follows the diagonal, consideringall subproblems
simultaneously

tional unit onwhichit is to be executed.For RISCandsuperscalar
processorsvith dynamicinstructiondispatchit is suficientif the
schedulds givenasalinearsequencef instructionssuchthatthe
information aboutthe issuetime slot and the functional unit can
be inferred by simulatingthe dispatches behaiour. The goalis
to minimize the executiontime andavoiding severeconstrainton
registerallocation.

Raisterallocationmapseachvaluein aprogramthatshouldre-
sidein aregister thusalso calleda virtual register to a physical
registerin the target processqrsuchthat no value is overwritten
beforeits lastuse.Thegoalis to useasfew registersaspossible If
thereare not enoughregistersavailablefrom the compilers point
of view, thelive rangeof thevirtual registersmustbe modified,ei-
therby coalescingthatis, forcing multiple valuesto usethe same
register or by spilling theregister thatis, splitting thelive rangeof
avalueby storingit backto thememoryandreloadingit later, such
that a differentvalue canresidein that registerin the meantime.
Usingfew registersis important,asgeneratedpill codecannotbe
recognizedas suchand removed by the instructiondispatcherat
runtime,evenif thereareinternallyenoughfreeregistersavailable.
Also, spill codeshouldbeavoidedespeciallyfor embeddegroces-
sorshecausét increase@ower consumption.

Duringthelasttwo decadetherehasbeernsubstantiaprogressn
the developmentof new methodsn codegeneratiorfor scalarand
instruction-leel parallelprocessoarchitecturesNew retagetable
toolsfor instructionselectiorhave appearedsuchasi bur g. New
methodsfor fine-grainparallelloop schedulinghave beendevel-
oped,suchassoftwarepipelining. Global schedulingnethoddike
traceschedulingpercolationschedulingor region schedulingal-
low to move instructionsacrossasicblockboundariesAlso, tech-
niquesfor speculatie or predicatedxecutionof conditionalbran-
cheshave beendeveloped. Finally, high-level global code opti-
mizationtechniquedasedon dataflow framevorks, suchascode
motion,have beendescribed.

On the other hand, most importantproblemsin code genera-
tion have beenfoundto be NP-complete.Hence,theseproblems
are generallysolved by heuristics. Instruction selectionfor ba-

sic blockswith a DAG-shapeddatadependenc structureis NP-
complete[38]. Global registerallocationis NP-completeasit is
isomorphico coloringalive-rangenterferencegraph[10, 12] with
aminimum numberof colors[17]. Time-optimallocal instruction
schedulingfor basicblocksis NP-completefor almostary non-
trivial targetarchitecturd1, 6, 17, 23, 29, 31, 34, 37] exceptfor
certaincombinationsf very simpletargetprocessoarchitectures
andtree-shapedependencstructureq4, 5, 24, 28, 39]. Space-
optimallocal instructionschedulingor DAGsis NP-complet€?9,
42], exceptfor tree-shapef43] or series-paralle21] dependenc
structures.

Forthegenerakaseof DAG-structuredlependencesariousal-
gorithmsfor time-optimallocal instructionschedulinghave been
proposedbasednintegerlinearprogrammingILP) [45], branch-
and-bound22], andconstraintiogic programming3]. Dynamic
programminghasbeenusedfor time-optimal[44] and space-opti-
mal [26] localinstructionscheduling.

In mostcompilers the subproblem®sf codegeneratioraretrea-
tedseparatelyn subsequenphasesf the compilerbaclend. This
is easierfrom a softwareengineeringpoint of view, but oftenleads
to suboptimaresultsbecausé¢he stronginterdependencdsetween
the subproblemsare ignored[7]. For instance,early instruction
schedulingleterminesheliverangedor asubsequenegisterallo-
cator;wherethe numberof physicalregistersis notsuficient, spill
codemustbeinserteda-posteriorinto theexisting schedulewhich
maycompromiseheschedules quality. Also, coalescingf virtual
registersis notanoptionin thatcase.Corversely early registeral-
locationintroducesadditional(“f alse”) datadependenceandthus
constrainghe subsequennstructionschedulingphase Moreover,
thereareinterdependencdsetweerninstructionschedulingandin-
structionselection. Theseinterdependencemnbe quite intricate,
causedby structuralconstraintson register usageand codecom-
pactionof the targetarchitecture.Hence,the integration of these
subproblems&ndsolvingthemasa singleoptimizationproblemis
ahighly desirablegoal, but unfortunatelythis increaseshe overall
compleity of codegeneratiorconsiderablyNeverthelesstheuser
is in somecaseswilling to afford spendinga significantamountof
spaceandtime in optimizing the code,suchasin the final com-
pilation of time-critical partsin applicationprograms,or in code
generatiorfor DSPs.

Thereexist severalheuristicapproachethataim at a betterinte-
grationof instructionschedulingandregisterallocation[8, 16, 19,
27, 34]. However, thereareonly a few approacheshat have the
potential—gven suficient time and spaceresources—t@ompute
an optimal solutionto an integratedproblemformulation, mostly
combininglocal schedulingandregisterallocation[3, 25, 30, 32].
Someof theseapproachesre also able to partially integratein-
structionselectiorproblemsprto modelcertainhardware-structur-
al constraintsat a limited degree. Most of theseapproachesre
basedon ILP, which is againa NP-completeproblemand canbe
solved optimally only for more or lesstrivial probleminstances.
Otherwise,integrationmustbe abandonecnd/orapproximations
andsimplificationsmustbe performedo obtainfeasibleoptimiza-
tion times, but thenthe methodgives no guaranteéhow far away
thereportedsolutionis from the optimum.

Admittedly, ILP is a very generaltool for solving scheduling
problemshatallows to modelcertainarchitecturabonstraintsn a
flexible way, which enhancethescopeof retagetabilityof thesys-
tem. However, we feel thatintegerlinear programmingshouldbe
ratherconsideredas a fall-back methodfor the worst casewhere
other algorithmsare not available or not practical. Instead,we
propose for caseswherethe generalityand the flexibility of the
ILP approachis notreally required,anintegrative approactased



on dynamicprogramingand problem-specificsolution strateies,
which candeliver optimal or at leastgoodresultswith shorterop-

timization time. We have exemplifiedthis for the caseof space-
optimallocal schedulingn previouswork [26], evidencefor time-

optimallocalschedulings givenin this paper We arenow working

onageneralizatiorf our basicmethodto includemoreaggressie

formsof instructionselectiorandto take alsoinhomogeneouseg-

ister setsand intricate structuralconstraintson code compaction
into account.

Theremainderof this paperis organizedasfollows. Section2
introducesasicnotation,Section3 explainsthefoundationof our
dynamicprogrammingmethod.Section4 introducegime profiles
andpresent®ur algorithmfor time-optimalscheduling.Section5
presentghe implementatiorandfirst results. Section6 discusses
possibleextensionf our frameavork, Section7 givesa systematic
classificatiorof relatedwork, andSection8 concludes.

2. BASIC TERMINOLOGY

In thefollowing, we focuson schedulingoasicblockswherethe
datadependenceamongthe IR operationform a directedagyclic
graph(DAG) G = (V, E).

An IR-sthedule or simply schedule of the basicblock (DAG)
is a bijective mappingS : {1,...,n} — V describinga linear
sequencef the n IR operationsn V thatis compliantwith the
partialorderdefinedby E, thatis, (u,v) € E = S(u) < S(v). A
partial scheduleof G is a scheduleof asubDAG G' = (V', EN
(V' x V")) inducedby asubsefl’”” C V wherefor eachw’ € V'
holdsthatall predecessorsf ' in G arealsoin V'. Notethata
partial scheduleof G canbe extendedto a (complete)scheduleof
G if it is prefixedto a scheduleof the remainingDAG inducedby
V-V,

We assumewe are given a target processomwith f functional
unitsUs, ..., Uy. Theunit occupationtime o; of a functionalunit
U; is thenumberof clock cyclesthatUs; is occupiedwith executing
an instructionbeforea new instructioncanbe issuedto U;. The
latency?; of a unit U; is the numberof clock cyclestaken by an
instructionon U; beforethe resultis available. We assumethat
0; < ¢;. Theissuewidth w is the maximumnumberof instruc-
tionsthatmaybeissuedn thesameclock cycle. For asingle-issue
processqrwe have w = 1, while mostsuperscalaprocessorsre
multi-issuearchitecturesghatis, w > 1.

For simplicity, we consideifor now only thecasewhereeachlR
operationv is mappedto one of a set¥(v) of equialent, single
targetinstructions:A matding target instructiony € ¥(v) for a
given IR operatiorw is atargetprocessomstructionthatperforms
theoperatiorspecifiedby v. An instructionselectiony” for aDAG
G = (V, E) mapseachIR operatiorw € V to a matchingtarget
instructiony € ¥(v). Our framevork canbe easilygeneralized
to the caseof multiple IR operationsmatchinga singletargetin-
struction(which is quite commonfor a low-level IR) asdiscussed
in Section6, while the caseof a single IR operationcorrespond-
ing to multiple tamget instructionsrequireseitherlowering the IR
or schedulingon the target level only, ratherthanon the IR level
(cf. Figurel). We alsoassumehateachtargetinstructiony is exe-
cutableby exactly onetype of functionalunit.

A target-stieduleis amappings of thetimeslotsin (Us, ..., Uy)
x Ny to instructionssuchthat s; ; denoteghe instructionstarting
executionon unit U; attime slot j. Whereno instructionis started
on U; attime slot j, s;,; is definedasNOP. If aninstructions;, ;
producesa valuethatis usedby aninstructions;: ;, it musthold
j' > j + L. Also, it musthold j* > j" + o; wheres; ;n is the
latestinstructionissuedto U;: befores; ;. Finally, it musthold
[{si 57 #N0P,1 <i" < f}| < w.

For a given IR-scheduleS anda given instructionselectionY”,
an optimal target-schedule canbe determinedn lineartime by
a greedymethodthat just imitatesthe behaior of the target pro-
cessors instructiondispatchewhenexposedto theinstructionse-
qguencegivenby Y (S).

The executiontime 7(s) of atarget-schedula is the numberof
clock cyclesrequiredfor executings, thatis,

7(s) = max{j + ¢ : s;,; # NOP}.
ij

A tamgetschedulss is time-optimalif it takesnot moretime that
ary othertargetscheduldor the DAG.

A registerallocationfor a giventarget-schedule of aDAG is a
mappingr from theschedulednstructionss;, ; to physicalregisters
suchthat the value computedby s;,; residesin a registerr(s;,;)
from time slot j andis not overwrittenbeforeits lastuse.(Spilling
will be consideredater) For a particularregisterallocation, its
registerneeds definedasthemaximumnumberof registershatare
in useatthesameime. A registerallocationr is optimalfor agiven
tamgetschedules if its registerneedis not higherthanthat of ary
otherregisterallocationr’ for s. Thatregisterneedis referredto
astheregisterneedof s. An optimalregisterallocationfor a given
tamget-scheduleanbe computedn lineartimein a straightforvard
way [15].

A tamet-schedulés space-optimalf it usesno moreregisters
thatary otherpossiblearget-schedulef theDAG. For single-issue
architecturesvith unit-timelatencies|R-scheduleandtarget-sche-
dulesaremore or lessthe same hencethe registerallocationcan
be determinedmmediatelyfrom the IR schedulesuchthatspace-
optimality of atarget-schedulalsoholdsfor thecorrespondindR-
scheduld26]. In all othercasestheregisterallocationdepend®n
thetarget-schedule.

3. IR-LEVEL SCHEDULING AND
DYNAMIC PROGRAMMING

Thebasicideaof our dynamicprogrammingalgorithmis to in-
crementallyconstructlonger and longer partial schedulesof the
DAG and,whereverpossibleapplylocal optimizationgo prunethe
solutionspaceof partialschedulesWe startwith a naive approach
for generatingoptimal IR-scheduleg26] that consistsin the ex-
haustve enumeratiorof all possibilitiesfor topologicalsorting of
the DAG.

Topolayical sortingmaintainsa setof DAG nodeswith indegree
zero,thezeo-indegreeset whichis initializedto thesetzo of DAG
leaves. The algorithmrepeatedlyselectsa DAG nodew from the
currentzero-indgreeset, appendst to the currentscheduleand
removesit from the DAG, which implies updatingthe indegrees
of the parentsof v. The zero-indgree setchangedy removing
v and addingthoseparentsof v that nov got indegreezero(see
Figure2). Thisprocesss continueduntil all DAG nodeshave been
scheduled Most heuristicschedulingalgorithmsdiffer justin the
way how they assignpriorities to DAG nodesthat control which
nodew is beingselectedrom a given zero-indgreeset. If these
prioritiesalwaysimply astrictlinearorderingof nodesn thezero-
indegreeset, sucha schedulingheuristicis alsoreferredto aslist
scheduling

A recursve enumeratiomf all possibilitiesfor selectinghenext
nodefrom a zero-indgreelist generatesil possiblelR-schedules
of the DAG. Of course thereareexponentiallymary differentIR-
schedulesan upperboundis n!, the numberof permutationof
n DAG nodes;the exact numberof IR-scheduleslependson the
structureof the DAG. Hence,the run time of this enumeration
methods exponentiabswell; ourimplementationf26] have shavn
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function selection( Setz, DAGnodew € z, int[] INDEG)
returns ( Setz’, int[] INDEG')
Il implicitly remore all edgeqv, u) VYu:

_J INDEG(u) —1 where I(v,u)
INDEG (u) = { INDEG(u) elsewhere
I/l updatezero-indgreeset:

2"+ z — {v} U {newleave§ = {u : INDEG(u) = 0}

return ( z', INDEG' )

end selection

DAG G DAG G
/ scheduled( z) / scheduled( z)

proceduretop_sort( Setz, int[] INDEG, int {)
if 2#0 [l thatis,l <n
selectanarbitrarynodeve z;
S[l] + v; [/l append to partialschedule
(#',INDEG) « selection( z, v, INDEG);
top_sort( z',INDEG, I +1);
elseoutputS[1 : n] fi
endtop_sort

Call top_sort( zo, INDEGy, 1) producescheduleS[1 : n]

Figure 2: Topological sorting, here a recursive formulation,
generatesa scheduleof the DAG in n selectionsteps.

thatit cannotbe appliedfor basicblockslargerthanabout15 in-
structions.

Theexhaustie enumeratiomf topologicalsortsimplicitly * builds
a tree-like representationf all schedulef the DAG, calledthe

selectiontree (seeFigure 3). Eachnodeof the selectiontreecor-

responddo aninstanceof a zero-indgreesetof DAG nodesthat

occursduringtopologicalsorting. A nodez in theselectiortreeis

connectedy directededgego the selectionnodesz’ correspond-

ing to all zero-indgreesetinstanceshatcanbe producedby per

forming one selectionstepin the topologicalsort algorithm; the
selectioredgesarelabeledby the correspondindpAG nodew cho-
senatthatselectionstep. Eachpathin the selectiontree,from the

The selectiontree correspondso the call tree of a recursve im-
plementatiorof the naive enumeratioralgorithm.

root(i.e.,thesetof all DAG leaves)to aleaf(i.e.,aninstanceof the
empty set), correspond®ne-to-ongo a valid IR-scheduleof the
DAG [26], whichis givenasthe sequencef selectionedgelabels
onthatpath.All pathsin theselectiortreethatendupin instances
of the samezero-indgreesethave the samelength, asthe same
subsebf DAG nodeshasbeenscheduledhencethe selectiontree

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 the selectiontree,we canseethat multiple
instancef the samezero-indgreesetmay occur For all these
instancesthesamesetscheduledz) of nodesn thesamesubDAG
G, of G belav z hasbeenscheduled.This leadsto theideathat
we could perhapsptimizelocally amongall the partial schedules
correspondingo equalzero-indgreesetinstancesmeigeall these
nodesto a singleselectionnodeandkeepjust one optimal partial
scheduldo be usedasa prefix in future schedulingsteps(seeFig-
ure4). In previouswork [26] we have proved thatthis aggressie
meming is valid whencomputinga space-optimascheduléefor a
single-issug@rocessowith unit-timelatencies Whenapplyingthis
ideaconsistentlyat eachlevel, the selectiontreebecomes selec-
tion DAG, whichis leveledaswell. By constructinghe selection
DAG level-wise,eachzero-indgreesetoccursat mostonce,thus
atmost2™ selectiomodeswill becreated Additionally, mary sub-



setsof V' may never occurasa zero-indgreeset. Note alsothat,
thariksto the leveling of the selectionDAG, all selectionnodesin
level | canbereleasedissoonasall selectiomnodesin level [ + 1
have beencreated.

This methodleadsto a considerableompressiomf the solution
spaceHowever, groupingof partialschedule®y memging of selec-
tion nodeds only applicablgo thoseschedulethatarecompaable
with eachother wherecomparabilitydependsn the target archi-
tectureandthe optimizationgoal. For the spaceoptimizationmen-
tioned abore, all schedulegndingup in aninstanceof the same
zero-indgreesetz arecomparableasthe samesubsef already
scheduledAG nodes

alive(z) = {u € stheduledz):
A(u,v) € E, v ¢ scheduledz) }

residesin registers. Togetherwith other optimizations[26], this
compressiomalesthe algorithmpracticalalsofor medium-sized
DAGswith upto 50 nodes.

This high degreeof comparabilityis, however, nolongergivenif
we arelooking for atime-optimalschedulebecausehenit usually
turnsoutonly laterwhetheronepartialschedulés really betterthan
anothemneif usedasprefixin ascheduldor all DAG nodes.

4. TIME PROFILES AND TIME-OPTIMAL
SCHEDULING

A time-pofile representshe occupationstatusof all units at a
giventime. It specifiesfor eachfunctional unit the sequencef
instructionsthat are currentlyunderexecutionin that unit but not
yetcompletedln otherwords,thetime-profilegivesjust thatmost
recentpart of a partial schedulehat may still influencethe issue
time slot of thenext instructionto bescheduled.

Formally, a time profile P = (d, p) consistsof a issuehorizon
displacemend € {0, 1} anda profile vector

(P11, P1,41 +d—1,
P2,1, -3 P2,40+d—1,

p:

.
P,y s Pf s +d—1)

of 231, (4 + d — 1) entriesp;,; € V U {NOP}. An entryp; ; of

the profile vectordenotesitherthecorrespondinddAG nodew for

someinstructiony issuedo U;, or aNOP (—) wherenoinstructionis

issued.Notethatfor a unit with unit-time lateng thereis no entry
in p. Thedisplacemend accountdor the possibility of issuingan
instructionat a time slot wheresomeotherinstructionhasalready
beenissued. For single-issueprocessorsd is always0, thuswe

canomitd in P. For anin-ordermulti-issuearchitectureye have

d € {0, 1} wherefor d = 1 atleastoneandat mostw — 1 of the
entriescorrespondingo the mostrecentissuetime, p;,; for 1 <

1 < f, mustbe nonNOP. For out-of-orderissuearchitecturesthe
displacementould be greaterthanone, but we neednot consider
this caseaswe aim atcomputinganoptimalschedulestatically Of

coursenotall theoreticallypossiblegime profilesdoreally occurin

practice.

The time profile P = profile(s) of a given tamget-schedules
is determinedrom s asfollows: Lett¢ > 0 denotethe time slot
wherethe lastinstructionis issuedin s. ThenP = (d,p) is the
time profile thatis obtainedby just concatenatingin reverseorder
to determinep) the DAG nodes(or NOPs) correspondingo the
¢; + d — 1 latestentriess; s—q—¢;+2, .-+, Si,¢ in s for theunitsU;,
i =1,..., f, whered = 1 if anotheiinstructionmaystill beissued
at time ¢ to a unit U; with s;,; = p;,1 =NOP, and 0 otherwise.
Entriess;,; with j < 0 areregardedasNOPs. ¢ is calledthetime

refeeencepoint of P in s. Notethatt is alwayssmallerthanthe
executiontime of s.

Hence atime profile containsall theinformationrequiredto de-
cide aboutthe earliesttime slot wherethe nodeselectechext can
bescheduled.

THEOREM 1. For determininga time-optimalsdiedule it is
suficientto keepjustoneoptimaltarget-shedules amongall those
target-steduless’ for the samesubDAG G, that havethe same
time profile P, andto uses asa prefixfor all target-stieduleshat
could be createdfrom thesetarget-sthieduless’ by a subsequent
selectionstep.

Proof: All schedule®f G, containthe samesetof nodes. We consider
justthenext nodev € z thatwill beselectecandappendedo aschedules’

of G, with time profile P = (d, p) in asubsequerselectiorstep;evidence
for all subsequergelectionswill thenfollow by induction. For eachs’, let

t(s') denotethetime referencepointof P in s'. Let y be somematching
tamgetinstructionfor v to be chosenandassumehaty is to be scheduled
onunitU;. Let s’i’j, bethe latestinstructionthathasbeenissuedn s’ to

U;. Assumethat,if existing, the DAG predecessora; andws of v have

beenissuedasinstructionss’;, ;, ands';, ;, respectiely. Theny canbe
issueckarliestattimej = max(t(s’)+1—d, j'+o0;i, j1+4i;, j2+Liy ),

providedthattheissuewidth is not exceededattime j. If s'; ;: is outside
thetime profile, thatis, j' < t(s') — d — £; + 1, thennoinstructionwas
issuedto U; within the time intenal coveredby the time profile P, thus
j' <t(s') + 1 —d— o;. A similar agumentholdsfor the unitsU;, and
Ui, . In eithercase theissuetime j of y doesnot dependon instructions
outsidethe profile window. As theprofile P is supposedo bethe samefor

all s', thedifferencej — ¢(s’) will bethesamefor all s’. Hence,onemay
take anarbitraryoneof the s’ asa prefix for the next selectiorof v. As the

executiontime shouldbe minimized,oneof the s’ with minimumexecution
time mustbekept. O

We extendthe definition of selectionnodesaccordingly asthe
zero-indgreesetis nolongersuficientasa uniquekey:

An extendedselectiomode or ESnoddor short,is identifiedby
atriple n = (z, P,t), consistingof a zero-indgreesetz, a time
profile P, andthe time referencepoint t of P in the schedules
whichis storedasanattributern.schedulein thatnode.Technically
ESnodeganberetrieved efficiently, e.g.by hashing(asappliedin
thecurrentimplementation).

Accordingto Theoreml it is suficient to keepasthe attribute
n.scheduleof an ESnoden, amongall taget-schedulewith equal
zero-indgreesetandequaltime-profiles,onewith the shortesex-
ecutiontime.

Figure5 illustratestheresultingextendedselectionDAG for the
exampleDAG of Figure3, appliedto asingle-issu¢argetprocessor
with two functionalunits, Uy with lateny £; = 1 and U, with
lateny £, = 2, hencethetime profileshave a singleentry Nodes
b ande areto be executedon unit Uz, theotherson U; .

An importantoptimizationof thisalgorithmconsistsn thestruc-
turing of the spaceof all ESnodesas a two-dimensionalrid of
ESnoddists LF, with onedimensionfor the number! of IR oper
ationsscheduledi.e., the lengthof the IR-schedule)andone di-
mensiorfor theexecutiontime k. L¥ containsonly thoseESnodes
in level I whoseassociategartial scheduleiave executiontime &
(seeFigure6).

Let D = max; ¢; denotethe maximumlateny. Appendinga
nodev to anexisting schedules will increaseheexecutiontime of
ary tamgetschedules derivedfrom S by atmostD cycles. Hence,
if we performa selectionstartingfrom an ESnodey in L¥, the
resultingESnodey’ will bestoredn exactlyoneof L ..., LFP.

This obseration paysoff in two aspects:First, it restrictsthe
scopeof searchindor existing ESnodesvith sametime profileand
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Figure5: Example for an extendedselectionDAG.

samezero-indgreesetto only D + 1 lists. Secondjt definesthe

precedenceelationsfor the constructionof ESnodelists L, see
Figure6. Thisknowledgeallows usto constructhe solutionspace
of ESnodesn anorderthatis (1) compliantwith theprecedencee-

lationsamongthe selectiomnodes and(2) mostfavorablewith re-

spectto thedesiredoptimizationgoal,sothatthoseselectiomodes
thatlook mostpromisingwith regardto executiontime areconsid-
eredfirst, while thelesspromisingonesaresetasideandreconsid-
eredonly if all theinitially promisingalternatvesfinally turn out

to besuboptimal.

Figure 6: Structur-
ing the spaceof par-
tial solutionsasa two-
dimensionalgrid.

L L|
'length |

The final algorithmis given in Figure 7. The correctnesgol-
lows from Theoreml by induction.Notethatpartialscheduleshat
exceedagiven,maximumregisterneedmmax arediscardedmme-
diately

function timeopt ( DAG G with n nodesandsetz, of leaves)
List <ESnode> L¥ «+ emptylist VI Vk;
L3 « newList<ESnode> (no =new ESnod€ zo, Po, to));
no.sthedule« §;
for k=0,...,n-Ddo [l outerloop: overtime axis
for levell from0ton —1do
for allg = (2,t,P) € L¥ do
for allv € zdo
(¢',INDEG) <+ selectioifv, z, INDEG);
for ally € ¥(v) do
s' + n.schedulex y; Il append;
if m(s') > mmax then continuefi;
k'« 7(s");
P' + profile(s');
t' is thetime referencepointof P’ in s';
n' < newESnodgz', P',t');
n'.schedule+ s';
forall L], withk < j <k+ Ddo
if (" « Li,,.lookug(z', P")) exists
then breakfi;
od
if "' = (', P',t") existsthen
if ' < jthen
L1+1 remare(n”); Ll+1 inser(n’);
elseforgetn’ fi
elseLk, , .inser(n’); fi
od
od
od
od
if LX .nonempty)
then return n.schedulefor somen € L fi
od
endtimeopt

Figure 7: The algorithm for determining a time-optimal sched-
ule, taking instruction selectioninto account.

5. IMPLEMENT ATION, FIRST RESULTS

Weusethe LEDA library [33] for theimplementatiorof themost
importantdatastructuressuchas DAGs, selectionnodelists, and
zero-indgreesets.Furthermoreywe have connectedh C front end
to our codegeneratoprototype. The new prototypeis intendedto
becomethetechnicalbasisfor a future systemfor integratedcode
generationcalledOPTIMIST.

First,we userandomlygeneratedbasicblocksasinputto testour
algorithmwith probleminstance®f areasonablsize. Ourmethod
for generatingandomDAGs is controlledby several parameters
suchasthe numberof nodesor the numberof leaf nodes.We con-
sideredlifferentparametesetsfor f, w, £, and¥ to modelvarious
targetarchitectures.

Figure 8 shavs the optimizationtimes dependingon the DAG
sizefor alarge testserieswith f = 2, w = 1, £ = (1,2). All
arithmeticinstructionggoto Uy, theLoadsto U. Figure9 shaws
thecasef = 3, w = 1, £ = (1,2, 3) whereadditionsgo to Uz,
multiplicationsto U, andLoadsto Us. Ouralgorithmturnsoutto
bepracticalfor DAGswith upto 50instructions It ranoutof space
(256 MB main memoryplus 200 MB swap space)only for a few
casesn therangebetweer88and45instructionsfor abouts0%of
the DAGswith 46 to 50 nodesandfor mostDAGswith morethan
50 instructions. Note that basicblocksthat canstill be optimized
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Figure 8: Optimization timesfor 200random DAGs with f=2,
w=1,£=(1,2).
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Figure 9: Optimization timesfor 120random DAGs with f=3,
w=1,£=(1,2,3).

Sourceprogram, #IR | optimizationtime

basicblock nodes| f=2,w=1,| f=3,w=1,
n £=(1,2) | £=(1,2,3)

FIRfilterfir.c

BB (first loop body) 16 3.5s 4.0s

BB2 16 8.0s 9.5s

BB3 (mainloop body) 30| 3:21:50.2s| 4:40:44.9%

Matrix multiplication

BB2 (mainloop body) 30 1:05.0s 1:41.8s

sameunrolledonce 40 6:08.5s 9:47.2s

Jacobi-stylegrid relaxation

loop body, 5-point-stencil 40 1:15.8s 1:31.8s

loop body, 9-point-stencil 53| 1:36:13.2s| 2:00:51.5s

Table 1: Optimization times for basicblocks taken from com-
piled C programs. All measuementswere taken on an Ultra

Sparc 10with 256 MB RAM and 200MB swapspace.

with a naive enumeratioralgorithmmayhave upto 15instructions

only. It canbe well obsered how the combinatorialexplosionis

deferredtowardslargerproblemsizesby our algorithm.
Secondwe have testedour algorithmwith real-world example

programswritten in C. Table 1 shaws the results. We obsered
for the exampleswith compiledcode similar time and spacere-
quirementf theoptimizationasfor therandomlygeneratedbasic
blocks. Note that the optimizationtimes dependconsiderablyon
the individual structureof the DAG. For instance pptimizationof
the FIR filter main loop body with 30 IR nodestakes about200
timeslongerthanfor the matrix multiplicationloop body with the
samenumberof IR nodes.Thesourcecodesandthevisualizations
of their basicblock IRs canbeinspectedat the projecthomepage

6. POSSIBLE EXTENSIONS

Currentlywe still targetarchitecturesvith a homogeneouseg-
ister setbut aim at generalizingthis in the nearfuture. For that
purposewe extendthetime-profilesto time-space-pfiles but the
implementatiorof this extensionis notyetfinished. A time-space
profile for a zero-indgreesetz additionallycontainsa spacepro-
file, thatis a descriptionwhich valuesin alive(z) residein which
classof registers.As thememoryis alsomodelecasaregisterclass,
this coversevenspilling and(optimal)schedulingf spill code.The
spaceprofile is usede.g.to restrictthe alternatvesfor instruction
selectionfor the next nodeto be scheduled A morecompletedis-
cussionof spaceprofiles requiresexperimentalevaluationand is
beyondthe scopeof this paper

Furthermoreto be ableto retagetour systemto differentarchi-
tectureswe will develop or adopta suitablehardware description
language.

The algorithm exhibits potential for exploiting massie loop-
level parallelism.In principle,all but the outermostwo loopsmay
runin parallel,providedthata sequentiallyconsistentlatastructure
is usedfor theextendedselectiorDAG thatappliesalockingmech-
anismto avoid multiple insertionof ESnodes.The parallelization
of the two outermostoops musttake the aborementionediepen-
denciesamongthe ESnodes’constructioninto account,suchthat
multiple processorsnaywork on expandingdifferentESnoddists
locatedonthe samediagonal.

A generalizatiorio moreadwancedinstructionselectionthatal-
lows to cover multiple IR nodesby a single tamgetinstruction,as
appliedby state-of-the-artreepatternmatchersis straightforvard
but not yet implemented. The dynamic programmingalgorithm
processethelR nodesoneafteranother At somelR nodesv there
is a choicebetweerusinga simpletargetinstructionthat matches
v, or amorepowerful instructionthatmay cover v andseveralsub-
sequentlyschedulechodes. For instancean ADD operationmay
betranslatedlirectly to anadd instruction,but it mayalsobe ex-
ecutedas part of a combinedaddnul operationthat requiresa
matchingMUL operation.Or, a 32-bitaddemrmaybe usedin some
processorastwo 16-bitaddersoperatingn SIMD-parallel;where
a 16-bit adderis enoughfor an ADD operationv, anotherl6-bit
ADD operationcanbesoughto complemenadouble-16-bitaddi-
tion. Unfortunatelyit is not yet knovn whenselectinganinstruc-
tion y for v whetherother DAG nodesmay be scheduledsubse-
quentlythat, togetherwith v, would matchsucha more powerful
instructiony’. This problemis solved by applyingspeculativen-
structionselection Thoseinstructionsy’ thatrequirecertainother
IR operationgo follow are consideredut marked asspeculatie.
As soonasthespeculatioturnsoutto bewrong,this variantis dis-
carded.This methodpreserestheleveling propertyof the leveled
extendedselectionDAG. The speculationrmay be complemented
by aprecedingstaticanalysisof the DAG structure suchthatspec-
ulationneedsnly beappliedwheresucha coveris possible.

Thetime profilesmay alsobe usedasa mechanismnto describe

nttp://www. i da. liu.se/ ~chrke/ optinist



the boundariesof scheduledor basicblocks. Additionally, the

computationof a taget-scheduldrom a given IR-schedulemay
take, asanoptionalparametera time profile asan offset. This al-

lows to propagatdoundarydescriptionsof basicblocksalongthe

programs controlflow graphandswitchingbackandforth between
alocalandglobalscopeof schedulingin thisway, loop scheduling
couldbe solved by aniterative process.This is anissueof future

research.

7. RELATED WORK

We classifyrelatedwork into heuristicmethodsandoptimalmeth-
odsanddistinguishbetweerisolatedandintegratedapproaches.

7.1 Heuristics

The critical pathlist schedulingalgorithmis the most popular
heuristicfor local instructionscheduling35]. List schedulingde-
terminesascheduldy topologicalsorting,asdescribedbore. The
edgesof the DAG areannotatedy weightswhich correspondso
latenciesIn thecritical pathlist schedulingthe priority for select-
ing annodefrom the zero-indgreesetis basedon the maximum-
lengthpathfrom thatnodeto ary leafnode.Thereexist extensions
to list schedulingwhich take more parametersnto account,data
locality for example.

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

GoodmanandHsu [19] try to breakthe phase-orderinglepen-
dencecycle and solve the registerconstrainedime optimization
problemfor large basicblocksby a mix of several heuristicsand
switchingbackandforth betweerspaceandtime optimizationde-
pendingon the currentregister pressure.Freudenbeayer and Rut-
tenbeg [16] extendthis approactto traceschedulingor pipelined
VLIW processorsFurtherheuristicapproachef27, 34] have ad-
dressedheproblemof registerconstrainedchedulingproblemfor
superscalaand VLIW processorwith arbitrary latencies. Kiy-
oharaandGyllenhaal[27] considerthespeciakcaseof DAGsin un-
rolledloops;spill codeis generated necessaryMutationschedul-
ing [36] is an integrated, heuristic basedmethodthat integrates
codeselection registerallocationand instructionschedulinginto
aunifiedframewvork.

In generalheuristicmethodsanproduceeffective resultswithin
time andspacdimitation, in particularfor standargrocessoarchi-
tectures But they do notguarante@ptimality:

7.2 Optimal approaches

Integer linear programming. ILP-basednethodsarewidely used
todayin codegeneration Thedifficult partis to specifythelinear
programwhichis solvedusuallyby third partylinearsolvers.Once
the problemis specifiedasan ILP instancethe connectiorto the
DAG is lost— the solver doesnot accessxtra informationabout
the original programto solve theproblem.

Wilken et al. [45] presenta setof extensve transformation®n
the DAG, thathelpto derive anadwancedILP formulationfor the
instructionschedulingohase First, they shav thatthebasicformu-
lation of the ILP of a givenproblemleadsto unacceptableompile
time. Then,providing transformation®n the DAG, they decrease
the compleity of the ILP, suchthatit cancopewith basicblocks
up to 1000instructionsin acceptabldgime. The resultingsched-
uleis optimal. However, theregisterallocationproblemis ignored
duringthe optimization.

For instanceWilkenetal. shav thatan houglass-shape®AG
(seeFigure10) canbe scheduledisinga divide-and-conquestep:
An optimalscheduldor suchhouglassDAGscanbedetermineds

Figure10: An hourglass-shape®AG. Each
nodein G is a predecessopf the articula-
tion node v, and eachnodein G, is a suc-
cessorof . Thereis no path from a nodein
G to anodein G that doesnot contain v.

a concatenatiomf optimal scheduledor the two subDAGs belov
andabove the articulationnode. Note that explicit applicationof
this simplificationis not necessaryn our approachassuchstruc-
turalpropertiesareautomaticallyexploitedby ouralgorithm,which
createdor anhouglass-shapeBAG alsoanhouglass-shapesde-
lectionDAG, thatis, theoptimizationis implicitly decomposeihto
two separatgarts;preprocessinthe DAG is notnecessary

An interestingapproachfrom atechnicalandeconomicapoint
of view, consistsn performingpost-passptimization.in thePRO-
PAN framework [25], Kastnerimplementeda phasecoupledopti-
mizer generatar The generatorreadsin a processospecification
describedn a Tamet DescriptionLanguageg(TDL) andgenerates
a phasecoupledoptimizerspecifiedasan ILP instancethat takes
restrictionsand featuresof the target processointo account. An
exactandoptimal solutionis producedpr a heuristicbasedjf the
timelimit is exceededIn thisframework, thefull phaseantegration
is notpossiblefor largerbasicblocks,asthetime compleity is too
high.

Dynamic programming. Aho andJohnson2] usea lineartime
dynamicprogrammingalgorithmto determineanoptimalschedule
of expressiontreesfor a single-issueunit-latengy processomith
homogeneousygistersetandmultiple addressingnodes fetching
operand=itherfrom registersor directly from memory

Vegdahl[44] proposesan exponential-timedynamic program-
mingalgorithmfor time-optimalschedulinghatusesasimilarcom-
pressiorstratg)y asdescribedn Section3 for combiningall partial
schedulesf thesamesubsebf nodes.In contrasto ouralgorithm,
he first constructshe entire selectionDAG, which is not leveled
in his approachandthenappliesa shortesipathalgorithm. Obvi-
ously this methodis, in practice,applicableonly to small DAGs.
In contrastwe take thetime andspacerequirement®f the partial
schedulesnto accountimmediatelywhen constructingthe corre-
spondingselectionnode. Hence,we needto constructonly those
partsof theselectionrDAG thatcouldstill leadto anoptimalsched-
ule. Vegdahls methoddirectly generalizeso a restrictedform of
softwarepipeliningof loopscontaininga singlebasicblock, where
the executionof independeninstructionsof subsequenbop iter-
ationsmay overlapin time, by computinga shortestcycle. Note
thatour methodcouldbe generalizediccordingly In [44], register
requirementarenotconsideredtall.

Space-optimaschedulesor DAGsaregeneratedby apredeces-
sorof our algorithm[26]. Althoughthe worstcasecomplexity for
this algorithmis alsoexponential this algorithmis, asshavn em-
pirically, practicalfor mediumsizebasicblockswith up to 50 in-
structions.

Branch-and-bound. Yangetal. [46] presentan optimal schedul-
ing algorithmfor a specialarchitecturevhereall instructionstake
onetime unit, andall functionalunitsareidentical. Note thatopti-
mal schedulings evenfor suchanarchitecturestill NP-complete.



Enumeration. ChouandChung[11] enumeratall possiblgarget-
scheldulego find an optimal one. They proposemethodsto prune
the enumeratiortree basedon structuralpropertiesof the DAG.
Their algorithmis suitablefor basicblockswith up to 30 instruc-
tions.

Constraint logic programming. Ertl andKrall [13] specifythe
instructionschedulingproblemas a constraintlogic program. A
time-optimalschedulds achieedfor smallandmediumsizebasic
blocks.

7.3 Specialcases

Wherethe DAG happengo be atreeor thetarmgetprocessoar-
chitectureis very simple,a time-optimalschedulecanbe foundin
polynomialtime[4, 5, 24,28,37,39,41].

8. SUMMARY AND CONCLUSIONS

Several integratedmethodsbasedon heuristics especiallyinte-
gratingregisterallocationandinstructionschedulingcanbefound
in the literature. The heuristicmethodsmay improve generated
code,but do notindicatehow far the producedcodeis from being
optimal. Optimal solutionscanbe derved, if atall, only for very
specialcaseor for isolatedphasesbut cannotberegardedoptimal
from amoregenerapointof view. Thereareonly afew approaches
thatguaranteéo find anintegratedoptimalsolution,andtheir high
compleity causeshemto be applicableonly to quite smallprob-
leminstances.

In this paperwe have madethefirst steptowardsthe highly am-
bitious goal of fully integrated,optimalcodegeneration We have
presentethetheoryandimplementatiorof anintegratedcodegen-
erationmethodthatis basedon dynamicprogramming.We have
exploited problem-specifipropertiesfor the compressiorandthe
efficient traversalof the solutionspacewhich males, for the first
time, anintegratedoptimal solutionof instructionselectiorandin-
structionschedulingractablealsofor medium-sizedasicblocks.
We arenow working on extendingour method by takingalsonon-
homogeneousegister setsinto account,generatingand schedul-
ing spill codeoptimally, and allowing more aggressie forms of
instructionselection. Futurework in this projectwill alsoaim at
goingbeyondthebasicblock scopeof optimization.
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