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Abstract

Functionality and performanceof EPIC architectural
featules dependon extensivecompiler support. Predica-
tion, oneof thesefeatuies,promisego reducecontrol flow
overheadandto enhanceoptimization,providedthat com-
pilers can utilize it effectively Previouswork has estab-
lishedthe needfor accurate direct predicateanalysisand
hasdemonstateda few usefultechniques but hasnot pro-
videdan efficient, genewrl frameavork. This paperpresents
the Predicate Analysis System(PAS), which mapsknowl-
edce of predicateand conditionrelationsin generl control
flow onto a corvenientlogical substate, the reducedor-
deredbinary decisiondiagram. PASis thefirst sud frame-
work to demonstate direct,accurate, and efficientanalysis
of arbitrary conditionand predicatedefinenetworksin ar-
bitrary control flow.

1. Intr oduction

The successof EPIC architecturessuch as 1A-64 [1]
hingeson the ability of compilersto exposeand express
instruction-level parallelism. Predication,a key feature
of sucharchitecturesimprovesthe efficiency of program
control, allows co-executionof instructionsfrom multiple
paths aidsin efficientmoduloschedulingandenablesther
new optimizations. In the predicatedrepresentationeach
operationpossessea Booleansourceoperand,its guard
predicate the value of which determinesvhetherthe in-
structionis executedor nullified. The valuesof predicates
aremanipulateddy a setof predicatedefininginstructions.
Although if-conversion, the processby which branching
controlis replacedwith predicatedefininginstructionsand
predicateq?], is typically responsiblefor mostinstances
of predication,it may also be introducedin hand-written
assemblysegmentsor by specializeptimizations(for ex-
ample,the replacemenbf Booleanvalues,originally allo-
catedto general-purposeegisters,with predicates).Other
work demonstratethevalueof apredication-enablingom-
piler[3, 4,5,6,7, 8].

As the first predicatedcompilation systemsgenerated
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predicationonly by directif-conversion,analysissystems
that could only generatepredicaterelationsfrom control

flow or that could accuratelyanalyzeonly the forms gen-

eratedby if-conversionwere adequatg5, 9]. Other sys-

temswerecapableof analyzingarbitrarylocal useof pred-

ication, but relied on potentially expensve symbolictech-

niques[4]. Two importantconcernshowever, demandad-

vancesn predicateanalysis First, theintroductionof predi-

cateoptimizationtechnique$10] andnon-if-corversionuse
of predicationposeaccurag, efficiency, andphaseordering

problemsfor existing analysissystems.Second post-link

compilation and re-compilationtechnologieqg11] require
accurateanalysisand transformationof arbitrary predica-
tion. The predicateanalysisengineheredescribedsupports
work in thesenew areas.

This work presentghreechief contrikutions: First, this
techniqueusesa general Boolean representatiorframe-
work, thebinarydecisiondiagram(BDD), to accommodate
arbitrary predicateformulationsaccuratelyand efficiently.
Secondthis mechanisnsupportsanalysisof generalpred-
ication, including loop-carriedpredicationithatis, it is not
limited to predicationproducedby if-conversion. The sys-
temis alsoeasilyadaptabldo new predicatedefinetypes,
ashave becomenecessaryn predicateoptimizationwork.
Finally, this mechanismncorporateghe analysisof condi-
tion relations(i.e. (r1 = 1) — (r1 > 0)) into the sameef-
ficient framework, enablingboth more extensie optimiza-
tion of predicationandthe accurateanalysisof optimized
predicatenetworks.

2. Support for predicatedcompilation

Thepresentedystemwasdevelopedn thecontext of the
IMPACT researcttompiler, aretagetableinstruction-level
parallelcompilerusedextensively in computerarchitecture
researchThe IMPACT low-level machine-independeint-
ternal representation|code, and the compiler back-end
fully incorporatepredication. Generationof predicated
code in the IMPACT compiler follows the progression
shawvn in Figure 1. Appropriateregions of code are if-
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Figure 1: IMPACT predicated code generation path.
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corvertedin thehyperblockformationphasg3]. Following

if-conversion,classicaloptimizationsarereappliedin con-
certwith afull suiteof ILP optimizationgunrolling, critical

pathreduction,etc.) andpredicateoptimizations[10]. Fi-

nally, machine-specificodeis generatedscheduledand
registerallocated. In this model, the compiler back-end
must be able to understandand to use predicationeffec-
tively.

The IMPACT EPICmodelof predication 7] generalizes
Hewlett-PackardPD predicatiorsuppor{12] andsubsumes
IA-64 predication[1]. This modelspecifiesa setof inde-
pendensingle-bitpredicateregisters,denotedpi, of which
pO is definedas holding the value 1. Eachinstructionis
augmentedvith a guardpredicate.The predicatedefining
iNStruction (pguard) Pdest-tyPe= srco cmp srep computes
the condition C = srcg ecmp src; andoptionally assigns
a valueto pg..:* accordingto type, C, andthe guarding
predicatep,.qrq, asshavn in Tablel (a“—" indicatesthat
the destinatiorregisteris unchanged)The IMPACT EPIC
Architecturespecifiessix deposittypeswhich dictatehow
theinstructionupdatests destination The (U)nconditional,
(O)r, (A)nd, and (C)onditionaltypesare as definedin the
HP Labs PlayDoh Specification[12] and, underdifferent
names,n the I1A-64 architecturg1]. The disjunctive and
conjunctvetypes(Vv andA) weredevelopedfor usein pred-
icate optimization. Although simple if-conversiongener
atesonly unconditionaland or-type defineswith disjoint
subepressiong?2], an effective predicateanalysissystem
should supportthe other types which are useful in opti-
mizationof predicatedefinenetworks[10, 13] andmodulo
scheduling.

2.1. Role and scopeof predicateanalysis

In predicateccodes,while the positionof aninstruction
in the control flow graph specifiesthe fetch condition of
aninstruction,the actualexecutionconditionis a function
both of the fetch conditionand of the guardpredicate. A
compiler must thus be modifiedto analyzecode contain-

1In the IMPACT EPIC Predicatiormodel, two destinatiorpredicates,
Pdest1 andpgest2, May be written in a single instructionusing two in-
dependentlyselectedsemanticsTo simplify discussionpredicatedefines
with two destination@rehereconceptuallysplit into two instructions.

ing predication. For example,the traditional notion of in-
structiondominance'I; dom I iff every fetch pathfrom
theuniqueentrynode START to I, includesI; [14]" (ex-
pressingetchdominanceor fdom) mustbereplacedy, “ I
edoml; iff I; fdomI; andp;, 2 pr, (pr, iStruewheneer
P, istrue)” Predicateanalysisprovidesthe compilerwith
answergo Booleanqueriessuchas*ls py, 2 pr,?”

As asimpleexample,Figure2 shovstwo codeseggments
which are consideredor applicationof a constantpropa-
gation optimization. In Figure 2(a), constantpropagation
cannotbe appliedbecausénstruction2, the assignmento
r3 , doesnotdominateinstruction4, theassignmento r4 .
In Figure 2(c), however, the first definition dominatesthe
secondgsothe optimizationis valid. After if-conversionof
(a)into (b) and(c) into (d), whichdoesnotalterprogramse-
mantics,instruction2 fetch-dominateistruction4 in both
casesPredicateanalysisallows the compilerto distinguish
betweeralegal (d) andanillegal (b) optimization.

While the executiondominancerelationshiprequiresa
subsefjuery, otherrelationshipssuchasequialence non-
intersectionjnverse,etc. aredesirablefor otherpurposes.
The PredicateAnalysis Systemanswersthesequeriesfor
the restof the compiler Dataflov analysisis perhapsthe
primary consumeiof predicaterelations. Otherworks [9]
addressusing the predicateanalysisresultsto formulate
dataflav algorithmsfor usein predicatedcode.

Beforeconsideringhe databasenechanismit is impor-
tantto clarify theideaof relationalscope.The simplestex-
amplethatmalesthis clearis a singleif-then-elseconstruct
placedin aloop, wheretheinstructionsin eachsideof the
constructarecontrolledby eitherpredicatepl or predicate
p2. Thesepredicatesare setascomplementsn eachloop
iteration,basednavaryingcondition.Are p1 andp2 mu-
tually exclusive? Whenconsideringa singleiterationof the
loop, the answeris clearly “yes;” acrossiterations,how-
ever, the answeris “no.” Dependingon the applicationof
theanalysisoneansweror the othermaybe desired.Since
this analysisis basedon an single staticassignmen{SSA)
representatiofmorespecifically gatedSSA),we choosgo
representhestrictestrelationshipsvhich hold asinvariants
amongstatic instancesof variables. In this example,the
static definitionsof pl andp2 are always madetogether
andarealwaysopposite sowetreatthemasmutuallyexclu-
sive. This assertiorrendergherepresentedelationsuseful
for instruction-level optimizationandscheduling.

3. Previous mechanisms

Threegenerabpproachew predicateanalysishave been
describegreviouslyin theliterature two of which applyto
hyperblockcodewith restrictedpredicatedefinetypes.The
first and simplest,the PredicateHierarchy Graph (PHG),
wasintroducedwith the IMPACT hyperblockcompilation
framavork [3]. The PHG relatespredicatesby keeping
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Figure 2: Constant propagation optimization in a predicated region.

track of which predicatesguardedthe definition of each
predicate or of eachcomponenterm for OR-typeexpres-
sions. The PHG thusunderstandsnly “genealogical’re-
lationships,and is inaccuratewhen predicatesdo not fit

neatly into a hierarchicalgraph. The PHG is unableto

representnetworks which contain and-type, conjunctve-
type, anddisjunctve-typepredicatedefines precludingdi-

rectanalysisof codegeneratedy control heightreduction
optimizationssuchasthosepresentedn [10] and[13].

A more sophisticatedapproach,the Predicate Query
System(PQS) [9], exists within the Hewlett-Packard El-
cor framavork. The representationahechanisnof PQS,
the partition graph, can describeaccuratelyonly those
predicateexpressionswhich can be expressedas logical
partitions. (p2 and p3 partition p1 iff pl=p2Up3 and
p2np3=(.) Thisrelationis generallysatisfiedonly for un-
conditionalpredicatedefinesandfor or-type predicatede-
fineswith disjoint terms. Thus, althoughPQSperformsa
directanalysisof assemblycodecontainingpredication,it
canaccuratelyrepresenonly predicationconformingto the
style of if-conversion. Consenrative approximationf re-
lations amongother definetypeshave beenusedin prac-
tice; unfortunately the mechanismgor copingwith parti-
tion graphinaccurag introducethe possibility of building
for agivensetof predicatedefininginstructionsseveraldif-
ferentpartitiongraphsawith varyingdegreesof accurag [5].
Thus,while PQScanaccuratelyanalyzeheexampleof Fig-
ure 3(b) (disregardingconditioninformation),it cannotac-
curatelyanalyzeFigure 3(c). The primary advantagesof
PAS over PQS therefore areits ability to performfully ac-
curatedirectanalysisof codeutilizing ary desiredoredicate
definingsemanticsandits ability to incorporateknowledge
of conditionrelationsinto its logical database.

In the third approach Eichenbeger developeda predi-
cateanalysignechanisnfor usein registerallocatingpred-
icatedcodes.His mechanisntollectedlogical expressions,
termedP-facts whichrelatedpredicatesnd,in somecases,
relatedconditions. TheseP-factswere evaluatedwith re-
spectto eachotherin a symbolic manipulationerviron-
ment[4]. Eichenbeger'sresultsdo notindicatetheexpense
involvedin applyingthis technique.For single-hyperblock
analysis, this techniqueis functionally equivalent to the
techniqueproposedn this paper but in this work the BDD

replaceghe symbolic framewvork, demonstratinghe same
local accurayg at a low cost. Additionally, this work ad-
dressegssuednvolvedin usingpredicationin generalkcon-
trol flow, while thetechnique®f [4] werelimited to asingle
predicatedlock.

4. The PredicateAnalysis System

PAS representghe relationshipsamongpredicatesde-
finedusingthefull complemenof predicatedefinetypes,as
well asrelationsderived from comparisorconditions. The
following sectiondescribeghe mappingof conditionsand
the predicatedefine network to the underlyingbinary de-
cisiondiagram(BDD). BDD naturallydescribeogical re-
lationsin, for example,combinationalVLSI circuits; the
contributionof PAS is aneffective mappingof the predicate
analysigproblemto this efficientrepresentation.

4.1. Reducedorderedbinary decisiondiagrams

PAS expresseghe relationsamongpredicatedy defin-
ing a setof interrelatedBooleanfunctions. An efficient
implementationrequiresan appropriaterepresentationin
general,a Booleanfunction f(zg, z1, ..., 2,) canberep-
resentedn a numberof forms. The mostfamiliar of these
areconjunctve-normaform (sum-of-producter CNF)and
disjunctive-normalform (product-of-sum®r DNF) forms.
Unfortunately two operationsmportantfor predicateanal-
ysis, tautologyon DNF and satisfiabilityon CNF, are NP-
hard. A different form which is efficient both in tau-
tology and satisfiability is the if-then-elsenormal form
(INF) [15]. INF usesonly theif-then-else(ITFE) operatoy
wherelTE(z,y, z) = (xAy)V(TAz), torepresenBoolean
functions. Functionsare expressecy recursve decompo-
sition, in the form of a Shannorexpansion,usingthe ITE
operator:

f(xo,...,xn) = xnf(zo,..,Tn-1,1) VIrf(z0,-..,2n—1,0)
J ITE(x,y,2) = vy V Tz
f(@o,--.,@n) = ITE(zn, fi(zo,...,Tn—1), fo(zo,- .., Tn_1))

Here,consideringhecommongraphrepresentatioriyo
sub-BDD, f; and fy, are connectedasthe then-andelse-
decisionf an ITE nodelabeledwith thevariablez,,, and
thefunction f is representetdy a referenceo this decision
node. Thewhole graphis rootedwith the logical constants



0 and1. A systemof INF expressionsn which all equal
subpressionsare shareds termeda binary decisiondia-
gram(BDD). A BDD in which all identical ITE nodesare
sharedjn which variablesappeaiin the sameorderandat
mostoncein ary pathfrom root to leaf, andin which no
redundantestsare performedis termeda reducedordered
binary decisiondiagram (ROBDD). SuchBDD arecanoni-
cal: eachderivationof a particularBooleanfunctionarrives
atthe samegraphrepresentatiorthatis, any two equalex-
pressionsharethe samesubtree.Certainqueriesare thus
vastly simplified; for example, it is possibleto testif two
given functionsare identical or oppositein constantiime.
This is usefulespeciallyfor testingif a function evaluates
to the constant) or the constantl. Much work hasbeen
donein the developmentof efficient ROBDD implemen-
tations,mostly intendedfor usein the domainof Boolean
logic circuit optimization[15]. BDD havealsobeenapplied
in softwareproblemsusuallyin theverificationdomain.

PAS usesthe Colorado University Decision Diagram
(CUDD) implementationof ROBDD [16]. CUDD imple-
ments“invert” arcs, which can be usedinsteadof “else”
arcsto implementthe construct:

f(xo,...,zn) =xnfi(zo,...,Tn-1) VZnfo(zo,...,Tn-1)
Herewe obsene the samerecursve formulationasbe-
fore, but the formula invertsan existing subgraph(fo) for
use as a subepressionof f without making additional
nodes. Representedby an “invert” arc in the graph, this
extensionallows for constant-timénversionandavoidsthe
additionof extrainternalnodeswhenthecomplemenbf an
existing subgraphs required. Now only the constantl is
provided;evaluationsto 0 aremadevia invert-arcs.CUDD
ensuresanonicityandthe optimalreuseof subepressions
by imposingruleson the useof invert-arcsand by usinga
nodehashingablecalledthe computed-tablerespectiely.
Initially, the BDD consistsonly of the node1. An in-
terface exists to add new variablesto the BDD, eachof
whichis createdasa single ITE nodewith athen-arcand
aninvert-arcto 1. The order of variable definition deter
minesthesubsequerdrderof thevariabledrom rootto leaf
in eachexpressionpath. The BDD is built usingthe func-
tion ite(f,g,h) , Which builds a subgraphto compute
ITE(f,g,h). Thefunction checksto seeif the requested
nodeis a terminal case(a constant)or, througha hash,if
it alreadyexistsin the graph;if so, it is returnedimmedi-
ately If not, the topmostvariablex; of the existing func-
tions f, g, andh is extracted,andthen-andelse-sub-BDD
are computed(usingrecursve callsto ite  which assume
zy = 1 andz, = 0, respectiely). A new nodecontaining
x; is formed, and the sub-BDD are connectedo it, form-
ing therequestedunction. Theite functionautomatically
maintainsgraphcanonicity[17] and operatesn time pro-
portionalto the sizeof theresultingfunctiongraph.

4.2. Mapping predicatedefinesto the BDD

Figure3 shavsanexampleof BDD constructiorconsist-
ing of asinglehyperblock.The sourcecodein (a)is trans-
lated to the intermediaterepresentationif-converted and
scheduledn (b). Solid linesin thefigureindicatethe break
betweencyclesin the schedule. Here, predicateanalysis
informs the schedulerfor example,that the predicateson
statement8 (p4) andC (p2) aremutually exclusive;
thustheseinstructionsmay be reorderedreely. Although
this is obviousin the original control flow graph,the CFG
is eitherlost during if-conversionor may not be available
if codeis input in a predicatedform—hencethe needfor
predicateanalysis.Sincethelogical relationsamongpred-
icateschangeinfrequentlyduring the compilationprocess,
an efficient approachis to engagen a possiblyexpensve
analysisphaseduringwhich a databasef relationsis built,
andfrom which resultsmaybe obtainedrapidly.

The codeis next subjectedo predicateoptimizationand
rescheduledsinga predicateanalysisof thetypedescribed
here (Figure 3(c)). One optimizationremoves the guard
predicateon the definethat computesp4. This is legal
becausehe logical expressionof the predicateguardp3,
(r1>-8 && r1<8 ), isimplied by theconditiononthein-
struction,(r1=0 ). Sincetheunconditionatypedefinecom-
putesthe conjunctionof the guardwith the condition, the
guardmay safely be eliminated. Like more sophisticated
optimizationsthishasaneffectontheability of futurepred-
icate analyseso determinethe relation of predicatesp2
andp4. In (b), derivation of predicateexpressionsalone
demonstratethatp4 N p2 = . In (c), however, the pred-
icateanalysisneedsto examinerelationsamongconditions
themseles (and onesmore complex than simple recogni-
tion of opposites}o reachthe sameproperconclusion.The
following shovshow the BDD is constructedo supporthis
analysis.

4.3. Construction of the condition layer

The first step of finding relationsamongpredicatess
the definition of relationsamongconditionevaluations.In
PAS, theserelationsare representedogetherwith predi-
cateinformationin the BDD by providing a setof condi-
tion noded18]. PAS incorporatesrbitraryrelationswithin
families of conditionsbasedon comparingthe samereg-
ister values, representingfor example, the exclusiity of
(r1=1) and(rl1=2) while indicatingthatboth aresub-
setsof (r1>0) . A family is initially representedsa sin-
gle interval containingall representableumbers.For each
conditionthatdepend®nthe sameregistervalue,thenum-
berline is split attheboundarie®f theintervalsof numbers
yielding an evaluationto “true” The numberline in Fig-
ure 4(a) representshe conditionfamily of r1 in Figure3.
Thesetof valuescausingary conditionto evaluateto “true”
is representea@sthe union of disjoint intervals. Therela-
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Figure 3: An example hyperblock: (a) source, (b) if-converted, (c) optimized.

tionsamongall possibleoutcomesn this family arerepre-
sentedn the BDD by creatinga Booleanspace known as
afinite domain[19], andassigningall intervalsto mutually
exclusive andcollectively exhaustie expressions.The ex-

pressionsnustbemutuallyexclusive,asavaluecanbelong
to only oneinterval at atime, andalsocollectively exhaus-
tive, sothatan expressionsuchas” (x>5)||(x<=5) "is

recognizedasalwaystrue.

Figures4(a) through (d) shown the constructionof the
condition layer for the conditionsof Figure 3(c). In this
case,the conditionsdivide the numberline into five dis-
cretesggments,broken between-8 and-7, -1 and0, 0 and
1, and7 and 8. The finite domaintechniqueis applied,
using [log,(5)] = 3 BDD variablesto createan eight-
elementBooleanspace{(v2, v1,v9) € (0[1)3}. Sincethis
caserequiresexactly five elementsye meige the threeex-
tra elementsto neighbors,forming threetwo-variable ex-
pressionsandtwo three-\ariableexpressionavhich imple-
mentthe finite domain. In generalrepresenting intervals
addsn = [log,(7)] variablesandgenerateg™ — i expres-
sionsin n — 1 variablesand2: — 2" expressionsn n vari-
ables. This procedurecreatesthe simplestpossiblefinite
domainstructurefor the given numberof elements.In the
resultingBDD, shawvn in (a), a sgmentof the numberline
is representedby a BDD node;for example,ly represents
theexpressiory 7g andthushastheequivalent(canonical)
BDD expressionI/TE (v1, 1, ITE(vo, 1,1))) asshavn. In
thisandall BDD expressionsthe basisvariablesappeaiin
afixed orderin all pathsfrom root to leaf. Therestof the
expressionsepresentedh theBDD areshowvnin (b), along
with a Karnaughmapshawing the expressiongo be mutu-
ally exclusive of eachotherand collectively exhaustve of
the Boolean3-spaceasdesired.

Applying theinterval compositionof the conditions(c),
theinterval nodesareusedtogetherwith the ITE operator
to composethe condition nodesshowvn in Figure4(d). A
condition,suchas(rl<8) , is representedby the disjunc-
tion of the interval nodeswhich representhe setof values
resultingin an evaluationto 1. Consideringthe condition
Co, (r1>-8) ,weseethatCy = I + Is + I3 + I4. Thus,

Co = v{vg + v1v) + V4100 + V2v1v0 = Vg + v1, FEpre-
sentedn theBDD asITE (v, 1, ITE(vo, 1,1)). As shavn

in Figure4(d), this simplified expressioris computedauto-
maticallyin the BDD asthe disjunctionrepresenting’ is

formed,one ITE atatime. At this stage all relationships
amongconditionsin afamily arerepresented-or example,
the expressiondor Cy (r1>-8 ) ,ug + v1, andCs (r1=0 ),

v1v, show thatCy impliesCy. This processs describedn

detailin [18].

4.4, Construction of the predicatelayer

The mappingof predicatedefinesto the BDD is some-
whatmorestraightforvardthanthe mappingof conditions.
Considerthe agyclic-rendereccontrol flow graphin which
all predicatedave beengiven SSA subscriptgasin PQS),
andin which all predicateusesare constrainedo have a
single forward-control-flav-reachiry definition (i.e. there
exist no predicate¢ functions). In this form, predicates
may not be live aroundbaclkedgesand no predicateuse
may seedefinitionsfrom differentblocks. The predicate
graphis thus constructedn a single topologicaltraversal
of the control flow graphby addingat eachpredicatede-
fine a new expressionaccordingto Table2. In the table,
x?y : z=ITE(z,y, z) andn; ; representtheBDD node
associatedvith the predicatepi.j (j representshe SSA
subscript).As indicatedin thetable,a new subgraptrepre-
sentingthe definedpredicateis generatedrom previously
generatedubgraphsepresentinghe predicatesource the
previous value of the predicatedestination,and the con-
dition. The statedforward-flov constraintguaranteeshat
theseexpression@reavailablewhenthey arerequired.

Returningto the exampleof Figure 3, we constructthe
correspondindocal relationBDD. A BDD expressiornhas
alreadybeendefinedfor eachconditionusedin thegenera-
tion of predicatesasshown in Figure4(d). In thefollowing
topological traversal, predicatedefine instruction seman-
tics areappliedto generatehe form shavn in Figure4(f),
which expresseghe relationsamongall predicatedefini-
tions. Considerthe derivation of the predicatep2. The
first assignmen{with SSA namep2.0 ) is an initializa-
tionto 0. Thusp2.0 is attachedvia aninvert-arcto 1, as
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Figure 4: Assembly of Predicate BDD for the example of Figure 3(c).

Table 2: Predicate deposit logic.
SSA pred. def. ITE Expression
(pg) pi-j-ut =C | ngj =C?ng: 0
(pg) pi.j-uf =C | n;; =C?0:n4
(Pg) pi.j_Ot =C Ni.j C?(ng?l : nl;j,l) N1
(pg) pi-jof =C | nij =C™nyj_1:(ng?l:my; 1)
(pg) pi-j-at =C | nsj =ng?(CTnyj—1:0):nij—1
(pg) pi.j_af =C Nj.j ng?(C?O : niljfl) N1
(pg) pi.j-ct =C n;.j =CTng :n;j—1
(pg) pi.jcf =C nij; =CMij_1:ng
(pg) pi.j-vt =C | ni ;3 =C?1: (ng?l:mz 1)
(pg) pi-j-VE =C | ny.j =C?(ng?l:njj -1):1
(pg) pi.j At =C ng.j = ng?(C?ni_j_l : 0) : 0
(pg) pi.j-Af =C | 5 =ng?(C?0:mn35-1):0

shavn. p2.1 is anor-false-typedefinitionwith a constant-
true guardpredicateandconditionCy. ConsultingTable2,
p2.1 =Cy?2.0 :(1?1p2.0 ). Sincep2.0 =0, this degen-
eratecaseresultsin p2.1 beingattachedvia an “invert”
arcto thesamenodeasCy. Finally, by the or-falseexpres-
sionasbeforep2.2 =C;72.1 :(1?1p2.1 ). Thetwoite
callsusedin composingthis expressioncomputethe node
indicatedfor p2.2 . Figure4(f) shovs the BDD after ex-
cessconditionnodesarefreed(onceall predicatearecom-
puted);thusnodessuchasthosefor C; nolongerexistin the
graph.TheCUDD BDD packageemploysreferencecount-
ing to ensurethat suchnodesareremoved whenno longer
required. In a more complex example basedon multiple
comparisorfamilies,severalinitially independentondition

BDD (basedn differentvariables)\would be rootedon the
same'l’ node.During predicatedefineprocessinggraphs
would becomposeaf memberof thevarioussubtreesef-

fectively unifying theminto one predicateBDD. The re-

sulting BDD expresseselationsamongall conditionsand
predicates.

4.5. Handling of generalpredicateliveness

To simplify discussion,only the analysisof forward-
flow, single-definitionpredicationwas considered. While
thisis sufficientfor codegeneratedby directif-conversion,
varioustransformationsubsequento if-conversion,such
ashyperblockloop rotation, or otherapplicationsof predi-
cationcanresultin morecomplex forms. This work gener
alizespredicateanalysisto includethe remainingforward-
flow, multiple-definitionandcyclic flow forms. This taxon-
omy is illustratedin Figure5. “Forward-multiple” extends
upon“forward-single”by allowing control flow memgesin
theforwardagyclic controlflow subgraphand“cyclic” ex-
tendsfurtherto includeflow aroundloop backedges.

Multiple-definition form. Whenmultiple distinct def-
initions from differentlocationsin the flow graphreacha
givenpredicateuse,the original ¢-lessrepresentatiors in-
sufficient. Simply adding¢ functionsandtreatingtheseas
writes of anunknown value providesa conserative result.
Accurag demandshatreachingvaluesbe correlatedwith
their pathsof origin in a canonicallogical value memge.
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Figure 6: Handling of a control flow merge.

Sucha meme can be expressedising gatedSSA (GSA),
a popular representatiorin parallelizing compilers [20].
Here, gated¢ functions(y functions)are insertedfor all
meirgesof predicatevalue. GSA v functionsareof theform
ds = v(w,d1,d2), wherew is a logical variablethat se-
lects from amongthe reachingdefinitions. This is easily
incorporatednto PAS by treatingy asa new predicatedef-
inition type,with theite expressionng, = n,7nd, : n4,.
Thew BDD functionscanbe derived eitherfrom the con-
trol dependencesf surroundingcontrol flow or in a vari-
ety of simplerandlessexpensve ways. Sincein this form
flow aroundbackedgess still prohibited,a singletopolog-
ical traversalof the agyclic-renderedgraphis sufiicient to
computethe propergraph. Furthermore control relations
needonly be encodedo relatethosepathswhich traverse
meigesof predicatevalue. Figure 6 shavs an example,in
whichtwo differentsetsof definitionsfor p1 andp2 reach
theusesn thebottomblock. In thiscase however, thepred-
icatesare identically relatedin both cases(always oppo-
sites),althoughthetwo definitionsof eachpredicateareun-
related. Augmentationof the codefor GSA form is shavn
in the dashedox andwith the arrows indicating addition
of SSAsubscriptsBDD nodesarebuilt for the definesand
the~ functionsasdescribedFigure6(b) shavstheresulting
BDD expressionsSincethe samevariableguardsboththe
~ functions,theBDD correctly“correlates’thetwo pairsof
definitions,andthefactthatpl andp2 arealwaysopposites
in thebottomblock s captured.

Cyclic flow. Only oneextensionremains:the treatment
of predicatevalueflow aroundbackedgesn thecontrolflow
graph. Previous approachesassuminganintra-hyperblock
scope,did not require such support (hyperblocksare in-

herentlyacgyclic regions[3]). Subsequentransformations,
however, may generatdlow aroundbacledges.For exam-
ple,ahyperblockoop mayberotated(asin Figure5(a)and
(c)) to achieve a betterinstructionschedule por a Boolean
flag initially codedas a variablein a loop by a program-
mer may be allocateda predicatenstead.This transforma-
tion, like moduloschedulingcreategredicatesvhoselive
rangescrossa backedge? If transformationsuchasthese
areto beallowed,apredicateanalysissystermrshouldbeable
to accommodatéhemaswell.

In the agyclic case,a topologicaltraversal of the con-
trol flow graphensureghat functionsneededn predicate
definitionsaredefinedat the point of referencebut this no
longerholdsin the presencef loop-carrieddependenceA
simple approximation,however, capturesrelationsgener
atedacrossan arbitrary numberof previousiterationsof a
loop body. In the caseof a modulo scheduledoop, this
might be equalto the numberof modulo stages. In arbi-
trarily transformecdcode this might be somemorearbitrary
limit, perhaponepreviousiteration. We presentan exten-
sionwhich allows the BDD form to representelationsthat
happerto crossloop bacledges.

The BDD can be thoughtof as an efficient symbolic
manipulationengine,in which variablesallocatedto rep-
resentunknown inputs can later be renderedrrelevant by
furthermanipulationof expression®r canbeusedto corre-
late othervalues,asin the previousexample. We usethese
propertiescombinedwith ;. semanticgrom GSA, to man-
agecyclic dependenceThe i functionis a specialy func-
tion for useat the loop header at which the analysismust
differentiatevaluesfrom thepreheadeandthebacledge.In
Vdef = (W, Vpreheader; Ubackedge) the symbolicvariablew
selectseitherof thetwo valuesbasedon whetherexecution
hascomefrom the preheadeor from the loop bacledge.
While analysisof a useinsidethe loop body cannot(usu-
ally) bind w to a known logical expression,it canusew
to expressusefulrelationsamongvariables(predicatesand
registersusedin comparisons)hatmayappeato differ be-
tweenthe first and subsequenipop iterations. The values
appearingo the i functionflow alongoneof two arcs,ei-
therfrom the preheadeor from a previous iterationof the
loop. Constraintsmposedy theeffectsof apreviousitera-
tion on therelationsof valuesflowing aroundthe bacledge
areexpressedn theBDD throughatechniquecalledvirtual
unrolling.

As an example, Figure 7(a) shows a loop with a pred-
icate dependencaroundthe baclkedge. In this case,the
loop hasbeenrotated pushingadefinearoundthebaclkedge
and a correspondingnitialization into the loop preheader
Clearly, the usesof pl and p2 are always mutually ex-

2K ernel-onlymoduloschedulingf ahyperblockoopis actuallyasim-
pler specialcase,in which no cyclic techniquesarerequired They are,
however, applicable
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Figure 7: Cyclic predicate flow example.

clusive. Figure 7(b) shaws the loop in SSA form. The
1 functions sharea commonfree variable w, as did the
~ functions. Supposewe know a priori that we can cap-
ture all desiredrelationswith oneiterationof “look-back”
(thiswill shortly be generalized) Whenthe loop headelis
encounteredywe generatehe following (Figure 7(c)): For
eachpredicatepi live in from the bacledge,we generate
a free variablewhich we will denotepi*. Theseare the
predicatesannotatedn the y functions; the pi* versions
representhe loop-carriedvaluesat the start of the previ-
ousiteration,aboutwhichwe know nothing.In Figure7(c),
Vp, = {p1.0,p2.0} andV, = {p1.2*,p2.2*} denotethe
setsof valuesflowing from the loop preheadeand from
previous iterations,respectiely. Now, reasoningthat ary
flow thoughthe bacledgemusthave comethrougha pre-
viousiterationof theloop body, theloop body s “virtually
unrolled” and variablesare renamedincluding w) asnec-
essanyto presere SSA,creatingthe copy 7> (T impliesthe
notion of “transferfunction”). The connectionamongthe
originalloop body(7}), T3, andthe i functionsis shavnin
(c). Thiscopy isthenprocessedsnormal,generatind3DD
nodesrepresentinghe valuesflowing from the backedge
into the original loop body 7. Thesevaluescapturethe
pastiteration’s relationalinformation. At this point, both
definitionsreachingeachoriginal 1. are available,andthe
relation graph for the real loop body can easily be com-
puted. OnceT; is processedall nodehandlesinternalto
T, arefreed,andthe garbagecollectorremovesall unnec-
essarnyinformation,asbefore.In this simpleexample,since
both predicatesare unconditionallyredefinedin eachloop
iteration,the bacledgeexpressionst 111 nolongerdepend
onthefreevariablespi*, andthetruerelationsbetweerpl
andp?2 areexpressedFigure7(d) shavstheexpressiongor
the predicatesf interest;giventhe exclusiity of a andb
andthe exclusiity of e andf , encodedn the conditionin-
formation,pl andp2 canclearlybeidentifiedby theBDD
asdisjoint. Note thatthis is the caseeventhoughthe ex-

pressionslependn conditionsfrom apreviousiteration(as
indicatedby the presencef variableselatedtorl1.1’ ).

Virtual unrolling canbe performedan arbitrarynumber
of times, dependingon the numberof iterationsof corre-
lation that are required. This could continueuntil, for ex-
ample,all pi* areeliminatedfrom predicateexpression®r
until someboundis reached.Note that the boundis nec-
essarysincethereexist true cyclic dependencefr which
no amountof look-backwill eliminatethepi*s. Thiswould
occut, for example,in aloopcontainingapredicatedr-type
predicatedefinewith aninitialization outsidetheloop. (The
accuratehandlingof suchrecurrenceposesa perhapsn-
terestinganalysisproblem,but lies beyondthe scopeof this
work.) Thepresencef pi* variablesn anexpressionhow-
ever, doesnot necessarilyrecludedeterminatiorof logical
relationsamongexpressionsJustasthe w variableswhose
valuesare not correlatedto other variablesin the BDD,
thesefree variablessene to “partition the unknovn” and
to correlateothersubexpressionsn usefulways.

Figure8 shavs a casein which bothpredicatesandcon-
ditions must be treatedas live aroundthe bacledge. The
original codeis shavnin (a); theeffectsof virtual unrolling
are indicatedin (b). After virtual unrolling, the assign-
mentto p2.0 relieson a variable,rl.1 , which is given
by u( w,rl.0,r1.2") ; thatis, the value usedin defi-
nition may comefrom a previous iteration. This is han-
dledin theBDD by takingthetwo possibleconditionnodes
for r1.1>32 , @ =r1.0>32 andb =rl1.2'’>32 , and
connectinghemusing the normalsemanticdor a p func-
tion. Thenodefor p2.0 thereforecontainsthe expression
wa + wb. Ontheotherhand,pl.1 is the x meme of two
definitions,p1.0 andpl.2’ . Supposing: = r1.0<10
andd =r1.2'<10 , theexpressionfor p1.1 iswc + wd.
Here,a andc sharea conditionfamily andaredisjoint; lik e-
wise for b andd. Sincethe w variableproperly correlates
thesedefinitions,pl.1 andp2.0 arecorrectlyrecognized
by the BDD asdisjoint.
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Figure 8: Virtual unrolling. Dotted lines and prime (')
marks denote conceptual modifications.

The techniquesresentedare capableof faithfully rep-
resentingrelationsamongpredicatesn the assumedsSA
model. Theremainderof the paperdiscussedijrst, how the
resultingBDD is queriedto produceusefulresultsand,sec-
ond,theefficiency of theapproach.

5. Predicaterelationship query interface

Following constructiorof the predicateBDD, PAS pro-
vides a query interface for compiler routinesto abstract
away the detailsof the BDD implementation. In the IM-
PACT infrastructurepredicateregisteroperandsaretagged
with an SSA equialentthat containsa pointerto the rep-
resentatie BDD node. Queriesinclude unary (identity
to 1 or 0), binary (subset,intersection,etc.), and multi-
predicatgdoesthe disjunctionof thesepredicatesubsume
another?) functionswhich referenceappropriatenodesin
theBDD. Suchqueriesareusedto determinefor example,
if a predicateis constant-trueor constant-alse,if depen-
dencesshould be dravn betweentwo predicatedinstruc-
tionsin schedulingor if codeatthe endof ablockis dead
becausehe expressiondor sideexit predicatesumto 1.

BDD canonicity guaranteeghat predicateswhich are
sameor oppositearetrivially recognizedassuch(i.e. p1.2
andp2.2 from Figure4(f)). Otherqueriesare composed
using the ite  function with which the predicateBDD
was constructed. For example, the query, “Is p3 a sub-
setof pl.2 ?” is solvedin the BDD by computingq =
ite(p3,!p1.2,0) anddeterminingif g = 0, sincep3
C pl.2 if andonly the intersectionof p3 with the com-
plementof p1.2 is empty Similarite constructiongro-
vide the otherqueryfunctions. CUDD preventsthe accu-
mulation of nodesfrom retired queriesby performingref-
erencecountinggarbagecollection,and employs dynamic
programmingechniqueso eliminateredundantuerycom-
putationg16].

6. Performanceof the PAS

Like all canonicalrepresentationsf Booleanfunctions,
ROBDD are provably exponentialin the worst case. As
describecearlier, the canonicityof the ROBDD requiresa

(a) (b) (c)

Figure 9: A control flow graph (a), its equivalent circuit
(b), and a truth table representing the trajectory.

single fixed orderingof its constituentvariables. This or-

deringhasa significantimpacton the size of the resulting
ROBDD, and mary methodsof finding the optimal vari-
ableorderingfor ROBDD have beenproposedor various
circuits[21, 22]. Unfortunately variablereorderingcannot
preventthe representatiomf somecircuits, suchas multi-

pliers, from growing exponentiallywith circuit size [19].

This was a seriouspoint of concernfor compiler writers
wishingto usea BDD. The following discussiontargeted
at this particularapplication,shows thatin the theoretical
limit only one very manageabldactor leadsto exponen-
tial growth of the BDD. Furthermoregmpiricalresultsare
givento demonstratehatthis termis notin practicea sig-
nificantconcern.

6.1. Spaceand Time Complexity of PAS

Sincemostpredicationbeginsascontrolflow, it follows
thatthesizeof theBDD shouldberelatedto the complexity
of the controlflow it replaces.Propertiesof real programs
thuslimit thesizeof theanalysiBBDD. First, considemsing
the BDD to represent controlflow graph(CFG).Figure9
shaws a controlflow graphandits derivedcircuit to berep-
resentedby theBDD for analysis.Any slicein atopograph-
ically sortedcontrol flow graph(with baclkedgesemoved)
cutsoneor morecontrolflow arcs.Therelationshipamong
thesearcsin suchaslicecanberepresentetly thevariables
of acorrespondinglicein anequialentcircuit. For exam-
ple, in Figure9, the relationshipof the arcsA, B, C, and
D canbe representedby the two variablesz andy, in a
manneillustratedby thetruthtable.Eacharcin aslicerep-
resentsa mutually exclusive executioncondition; only one
edgein the slice may be selectedor eachtraversalof the
graph.Also, atleastonearcmustbetraversedvhich makes
eachslice collectively exhaustve with respecto traversals.
Thesepropertiesallow representatiorby a truth table in
which eacharcis givenoneor morerows to cover all rows
(collective exhaustion)andin which eachrow belongsto
oneandonly onearc(mutualexclusion).In ourexample A
is representetby (z,y) = (0,0), B by (0,1), C by (1,0),



andD by (1,1). Thevariablesz andy have no particular
individual meaning,but togetherencodeall possiblerela-
tionships. As in the finite domaintechnique we needno
morethanO(log, ) variablego representhearcoutcomes
for a slice (or the rows in the truth table), wherei is the
numberof arcsin the CFGslice.

The worst-casesize of a ROBDD for someorderingis
O(nm2"%), wheren is the numberof input variables,m
is the numberof outputvariables,and W is the maximum
width of all slicesin the circuit beingrepresente3]. (A
fully expandeddecisiontree for a Booleanfunction has
0O(2™) nodes.At eachslice,the BDD canbe split into two
partswith the first parthaving W outputvariablesandthe
secondparthaving W input variables.BDD areat worsta
fully expandedecisiontree,sothesizeof thesecondBDD
is O(2").) Thefollowing discussiorwill considerthe 2"
termastherestis polynomial.

The exponentialterm in the size of the ROBDD rep-
resentingary CFG is 2", but W is the maximum of
all O(log, ). Therefore,the exponentialterm becomes
O(2%#=1) or O(I), where! is the maximumcontrol flow
graphslice, in the worst caseusingthe orderingprovided
by the controlflow graph. This resultis intuitive sincethe
ROBDD andthe programs control flow graphboth repre-
sentthe equivalentrelationsusingthe ITE structures.

Now, we relate this polynomial upper boundfor rep-
resentingcontrol flow graphsin ROBDD to representing
predicatedcodes. The function computedby the predicate
network of a programis identicalto the function computed
by the control flow graph. The propertyof canonicityre-
quiresthatthe BDD representinghis functionis unafected
by the mannerin which it is constructedassumingfixed
conditionordering).All predicatenetworks computingthis
functionarepolynomialin theworstcaseusingtheordering
providedby thetopologicalsortof the controlflow graph.

Lossof thecontrolflow graphdoesnot precludederiva-
tion of an orderingyielding a polynomially-sizedBDD. A
generamethodis to applyaregisterallocationalgorithmto
the BDD [23]. Othermethodssuchassifting provide fast
andrelatively accurateapproximationg§24]. Alternatively,
thecompilercouldrecordthe orderof theconditionsbefore
if-conversion. (Note thatthis is not the sameasrecording
thefull CFG.)In practice theorderof the conditionsasap-
pearingin evenaggressiely predicateccodestendto yield
goodresultssincein the aggreyatea goodcorrespondence
existsto theoriginal conditionorderings.

The size of the analysisBDD is alsoinfluencedby the
inclusion of condition relations,which, as we have seen,
createfairly full subtreestalow level of theBDD. Define,
ashbefore,conditionfamily asthe setof conditionswhose
resultsare mutually related(non-independent)Define the
live-range of a conditionfamily in the variableorderingto
startatthefirst conditionandendatthelastconditionin the

family. To representhe informationencodingall relation-
shipsof conditionsin the family an additionalk variables
may be necessaryver the family’s live range. The size of

k for afamily is O(log, r), wherer is the numberof in-

ternvalson the previously discussedegmentechumberine.

The size of r canbe shawvn to be to be O(c), wherec is

thenumberof conditionsin thefamily, sinceeachcondition
cancreateonly 0, 1, 2, or 3 new segmentedregionson the
numberline. Thesizeof the BDD with oneconditionfam-
ily is at worst polynomialsinceO(2'°¢27) = O(c). This
canbeboundedurtherby the obsenationthatcontrol flow

arcsoftenencoddnformationredundantvith the condition
values.

Thesizeof theBDD is guaranteetb remainpolynomial
for codeswith any numberof non-overlappinglive ranges
in the topologicalsort of the circuit or CFG. In the PAS,
conditionfamily live rangesaretypically shortlivedanddo
not overlapto alarge degreesincea conditionfamily’slive
rangemapsdirectly to the live rangeof its definingregis-
ter(i.e. rl inrl < 10 andrl > 20). Theworstcase
size of the BDD having condition family live rangesthat
bothoverlapandparticipatein the samepredicatecomputa-
tionshasanexponentialterm,2”, whereL is themaximum
numberof condition families simultaneoushive. Again,
thisis worstcaseandcanbeboundedurtherif controlflow
encodegedundaninformation. If the overheadof condi-
tion analysisis a concernthe numberof overlappingcon-
dition familieslive canbe directly controlledby exclusion
or by live rangesplitting. Lossof someprecisionwill oc-
cur, thoughthelevel of precisionwill still exceedPHGand
PQS.Experimentalevaluationshows that the PAS is well
behaedin the codesstudiedwithout suchtechniques.

Anothercontribution of thiswork is thehandlingof gen-
eralpredicatdivenessThe methodspresentedo dealwith
cyclic andmultiple-definitionforms do not changethe up-
per boundpresentechere. Virtual unrolling increaseghe
length of the circuit, not the width. The GSA w simply
malespart of the control flow graphrelevantto the predi-
catenetwork.

OncetheBDD is built all queryfunctionsareperformed
in polynomialtime. Equivalenceand inversequeriesare
constantime. Subset,ntersectionandexhaustionareall
polynomialin time andspacewith respecto the sizeof the
functionssubjectto the query

6.2. PASIn Practice

To evaluatethe performancef thedescribedechniques,
theanalysisvasappliedto SPECCINT95benchmarksThe
benchmarkswere compiled aggressiely for instruction-
level parallelism,with 60% profile-guidedselectve inlin-
ing, formation of very aggressie hyperblockregions,and
extensie code transformationand optimization. Instruc-
tion schedulingandregisterallocationwere performed. It
shouldbe notedthatthe IMPACT compilercurrentlydoes



notgenerat@redicatiormakinguseof theforward-multiple
or cyclic schematasothesetechniquesarenot reflectedin
thesenumericalresults.Werethey to beapplied,theresults
would scaleby alinearfactoraspreviously described.

PAS was instrumentedto determinethe analysistime
andmaximalBDD sizefor thesebenchmarksExperiments
were performedon an HP 9000/785/400workstationop-
eratingat a clock frequeng of 400MHz with 1GB RAM.
Binary decisiondiagramsfor the final code of all SPEC
CINT95 benchmarksvere built in 2.4 secondgexcluding
the assumedSSA constructiontime). Especiallysincethe
BDD typically needgo berehuilt only whenpredicatedef-
inition optimizationsare performed,the time requiredfor
BDD constructionis acceptablevenin a productionervi-
ronment. To measurequery efficiengy, all pairs of predi-
cateswithin eachhyperblockweretestedfor subsetsuper
set,anddisjoint relationships A total of 1,177,491queries
wereperformedin 3.8 seconds.This rapid queryresponse
is duein partto the canonicityof the BDD andin partto
memoizatiortechniquesppliedin CUDD [16]. Thisresult
is expected,asthe control flow of structuredprogramsre-
sultsin predicaterelationshipequationsvhicharerelatively
smallandwell-behaedin comparisorto the large circuits
theBDD is capableof managing.

Figure 10 shaws the numberof BDD nodesnecessary
to representhe predicateand condition networks plotted
againsthe numberof predicatedefinitionsin eachfunction
of eachbenchmarkin SPECCINT95. In eachgraph,two
typesof BDD werebuilt. Thefirsttypedid notincludecon-
dition analysisinformation,while the secondypedid. Fig-
ure10(a)shovsthesizesof theBDD createdusingthecon-
dition variableorderingfound in predicatedcodesaggres-
sively optimizedby the IMPACT compiler Figure 10(b)
shavsthe samegraphafteranapplicationof sifting wasap-
pliedto find abettervariableordering[24].

Onefunction wasexcludedfrom Figure10(a)to equal-
izethescales.Thisfunctionwasstrengthreduceloop from
126.gc¢ the sixth largestfunctionin termsof predicatede-
fine count (333 predicatedefines). With basic condition
analysisit required4995nodes fairly typical for functions
of thissize.However, with family analysidt createdl 8,529
nodes,the greatestof ary function. Despite having 26
two-member9 three-member2 four-memberand6 nine-
memberfamiliesthis wasa growth of only a factorof 3.7
times. With lessthan19K nodesarelatively smallnumber
when comparedo thoseseenin mary VLSI circuits, the
BDD packagewvasableto handlethis functionvery well as
indicatedby a build time of only 0.11 seconds.Reduction
in sizethroughvariablesifting reducedhesizeof thisBDD
from 18,529to 4462nodes.

Experimentatesultsindicatedthatworstcaseresultsfor
overlappingconditionfamily life-timesdid not materialize.
Explorationof the coderevealedthat this additionalinfor-

mationwasoftenpartially redundanor thatthecostof over
lappingconditionlive rangesvashiddenby thelargerpred-
icate network functions. The largestgrowth factor com-
putedas(BDD sizeusingfamilies/ BDD sizeusingsimple
conditions),was 4.2 for beforesifting and 6.0 afterwards;
theaveragewasl.landl.2respectiely. This mayindicate
thatfurtheranalysismayrevealupperboundsmorerestric-
tive thanthosepresentedn the previoussection.
Polynomial,linear, exponential,and power curveswere
fit to thegraphsin Figure10. In eachcase the bestfit was
a power curve with exponentsof betweer0.87to 1.07 and
with 0.88 < R? < 0.91 (R? approachind. indicateshigher
predictve accurag). The linear curve shovn has0.41 <
R? < 0.67 andthe exponentiaimodel,0.55 < R? < 0.60.

7. Conclusions

This paperdemonstrated meansof accuratelymapping
the predicateanalysisproblemto a powerful and efficient
logical substratethe reducedorderedbinary decisiondia-
gram(ROBDD). Besidesdlemonstrating high level of per
formance this work extendedon previous attemptsby in-
corporatingthe analysisof predicationin generalcontrol
flow andthe analysisof conditionsinto the samelogical
frameawork. Finally, concernsaboutthegrowth of therepre-
sentationamediumwereaddressedThe presentedystem
hasthe power andflexibility to provide predicateanalysis
for advancedpredicateoptimizationandrecompilationen-
vironments.

While control of BDD sizeis not a practicalconcernat
this point, preliminary resultsshavn hereindicatethat it
may eventuallybecomeprofitableto study efficient means
of achiezing nearoptimal variable orderingsin general
predicationproblems.

Otherinterestingfuture work includesthe possibleex-
tensionof the framawork to include othertypesof logical
information, perhapsn the form of extensionsto the con-
dition analysidramework capableof understandingeneral
arithmeticflow.
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