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Abstract

Functionality and performanceof EPIC architectural
features dependon extensivecompiler support. Predica-
tion, oneof thesefeatures,promisesto reducecontrol flow
overheadand to enhanceoptimization,providedthat com-
pilers can utilize it effectively. Previous work has estab-
lishedthe needfor accurate, directpredicateanalysisand
hasdemonstrateda few usefultechniques,but hasnot pro-
videdan efficient,general framework. Thispaperpresents
the PredicateAnalysisSystem(PAS),which mapsknowl-
edgeof predicateandconditionrelationsin general control
flow onto a convenientlogical substrate, the reducedor-
deredbinary decisiondiagram.PASis thefirst such frame-
work to demonstratedirect,accurate, andefficientanalysis
of arbitrary conditionandpredicatedefinenetworksin ar-
bitrary control flow.

1. Intr oduction

The successof EPIC architecturessuch as IA-64 [1]
hingeson the ability of compilersto exposeand express
instruction-level parallelism. Predication,a key feature
of sucharchitectures,improvesthe efficiency of program
control, allows co-executionof instructionsfrom multiple
paths,aidsin efficientmoduloscheduling,andenablesother
new optimizations. In the predicatedrepresentation, each
operationpossessesa Booleansourceoperand,its guard
predicate, the value of which determineswhetherthe in-
structionis executedor nullified. Thevaluesof predicates
aremanipulatedby a setof predicatedefininginstructions.
Although if-conversion, the processby which branching
control is replacedwith predicatedefininginstructionsand
predicates[2], is typically responsiblefor most instances
of predication,it may also be introducedin hand-written
assemblysegmentsor by specializedoptimizations(for ex-
ample,the replacementof Booleanvalues,originally allo-
catedto general-purposeregisters,with predicates).Other
work demonstratesthevalueof apredication-enablingcom-
piler [3, 4, 5, 6, 7, 8].

As the first predicatedcompilation systemsgenerated

predicationonly by direct if-conversion,analysissystems
that could only generatepredicaterelationsfrom control
flow or that could accuratelyanalyzeonly the forms gen-
eratedby if-conversionwere adequate[5, 9]. Other sys-
temswerecapableof analyzingarbitrarylocal useof pred-
ication, but relied on potentiallyexpensive symbolic tech-
niques[4]. Two importantconcerns,however, demandad-
vancesin predicateanalysis.First,theintroductionof predi-
cateoptimizationtechniques[10] andnon-if-conversionuse
of predicationposeaccuracy, efficiency, andphaseordering
problemsfor existing analysissystems.Second,post-link
compilationand re-compilationtechnologies[11] require
accurateanalysisand transformationof arbitrary predica-
tion. Thepredicateanalysisengineheredescribedsupports
work in thesenew areas.

This work presentsthreechief contributions: First, this
techniqueusesa generalBoolean representationframe-
work, thebinarydecisiondiagram(BDD), to accommodate
arbitrarypredicateformulationsaccuratelyandefficiently.
Second,this mechanismsupportsanalysisof generalpred-
ication, including loop-carriedpredication;that is, it is not
limited to predicationproducedby if-conversion.Thesys-
tem is alsoeasilyadaptableto new predicatedefinetypes,
ashave becomenecessaryin predicateoptimizationwork.
Finally, this mechanismincorporatestheanalysisof condi-
tion relations(i.e. �����	�
����
������������ ) into thesameef-
ficient framework, enablingbothmoreextensive optimiza-
tion of predicationand the accurateanalysisof optimized
predicatenetworks.

2. Support for predicatedcompilation

Thepresentedsystemwasdevelopedin thecontext of the
IMPACT researchcompiler, a retargetableinstruction-level
parallelcompilerusedextensively in computerarchitecture
research.TheIMPACT low-level machine-independentin-
ternal representation,Lcode, and the compiler back-end
fully incorporatepredication. Generationof predicated
code in the IMPACT compiler follows the progression
shown in Figure 1. Appropriateregions of code are if-
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Figure 1: IMPACT predicated code generation path.

Table 1: IMPACT EPIC predicate deposit types.����� ut uf ot of at af ct cf � t � f � t � f
0 0 0 0 – – – – – – – 1 0 0
0 1 0 0 – – – – – – 1 – 0 0
1 0 0 1 – 1 0 – 0 1 1 1 0 –
1 1 1 0 1 – – 0 1 0 1 1 – 0

convertedin thehyperblockformationphase[3]. Following
if-conversion,classicaloptimizationsarereappliedin con-
certwith afull suiteof ILP optimizations(unrolling,critical
pathreduction,etc.) andpredicateoptimizations[10]. Fi-
nally, machine-specificcodeis generated,scheduled,and
register-allocated. In this model, the compiler back-end
must be able to understandand to usepredicationeffec-
tively.

TheIMPACT EPICmodelof predication[7] generalizes
Hewlett-PackardPDpredicationsupport[12] andsubsumes
IA-64 predication[1]. This modelspecifiesa setof inde-
pendentsingle-bitpredicateregisters,denoted��� , of which
p0 is definedas holding the value � . Eachinstructionis
augmentedwith a guardpredicate.The predicatedefining
instruction (�! #"%$'&)( ) �!(+*-,-. type= /1032-4�265879/1032;: computes
the condition <=�>/1032-4?265878/1032;: andoptionallyassigns
a value to �!(+*-,-. 1 accordingto @BAC7ED , < , and the guarding
predicate�! #"%$'&1( , asshown in Table1 (a “–” indicatesthat
thedestinationregisteris unchanged).The IMPACT EPIC
Architecturespecifiessix deposittypeswhich dictatehow
theinstructionupdatesits destination.The(U)nconditional,
(O)r, (A)nd, and(C)onditionaltypesareasdefinedin the
HP Labs PlayDohSpecification[12] and, underdifferent
names,in the IA-64 architecture[1]. The disjunctive and
conjunctivetypes( F and G ) weredevelopedfor usein pred-
icate optimization. Although simple if-conversiongener-
atesonly unconditionaland or-type defineswith disjoint
subexpressions[2], an effective predicateanalysissystem
should support the other types which are useful in opti-
mizationof predicatedefinenetworks[10, 13] andmodulo
scheduling.

2.1. Roleand scopeof predicateanalysis

In predicatedcodes,while thepositionof an instruction
in the control flow graphspecifiesthe fetch condition of
an instruction,the actualexecutioncondition is a function
both of the fetch conditionandof the guardpredicate.A
compiler must thus be modified to analyzecodecontain-

1In the IMPACT EPIC Predicationmodel,two destinationpredicates,HJILK6MONQP and HJILK6MON�R , may be written in a single instructionusing two in-
dependentlyselectedsemantics.To simplify discussion,predicatedefines
with two destinationsarehereconceptuallysplit into two instructions.

ing predication.For example,the traditionalnotion of in-
structiondominance“ S :	T�UWV S;X if f every fetch pathfrom
theuniqueentrynode Y[Z]\_^9Z to S X includesSC: [14]” (ex-
pressingfetchdominance,or fdom) mustbereplacedby, “ SC:
edomS X if f S!: fdomS X and �!`+acbd�!`fe (�!`+a is truewhenever�!`Oe is true).” Predicateanalysisprovidesthecompilerwith
answersto Booleanqueriessuchas“Is �!`+agbd�!`fe ?”

As asimpleexample,Figure2 showstwo codesegments
which areconsideredfor applicationof a constantpropa-
gationoptimization. In Figure 2(a), constantpropagation
cannotbeappliedbecauseinstruction2, the assignmentto
r3 , doesnot dominateinstruction4, theassignmentto r4 .
In Figure2(c), however, the first definition dominatesthe
second,so theoptimizationis valid. After if-conversionof
(a)into (b) and(c) into (d),whichdoesnotalterprogramse-
mantics,instruction2 fetch-dominatesinstruction4 in both
cases.Predicateanalysisallows thecompilerto distinguish
betweena legal (d) andanillegal (b) optimization.

While the executiondominancerelationshiprequiresa
subsetquery, otherrelationshipssuchasequivalence,non-
intersection,inverse,etc. aredesirablefor otherpurposes.
The PredicateAnalysis Systemanswersthesequeriesfor
the restof the compiler. Dataflow analysisis perhapsthe
primary consumerof predicaterelations. Otherworks [9]
addressusing the predicateanalysisresults to formulate
dataflow algorithmsfor usein predicatedcode.

Beforeconsideringthedatabasemechanism,it is impor-
tantto clarify theideaof relationalscope.Thesimplestex-
amplethatmakesthisclearis asingleif-then-elseconstruct
placedin a loop, wherethe instructionsin eachsideof the
constructarecontrolledby eitherpredicatep1 or predicate
p2 . Thesepredicatesaresetascomplementsin eachloop
iteration,basedonavaryingcondition.Are p1 andp2 mu-
tually exclusive?Whenconsideringasingleiterationof the
loop, the answeris clearly “yes;” acrossiterations,how-
ever, the answeris “no.” Dependingon the applicationof
theanalysis,oneansweror theothermaybedesired.Since
this analysisis basedon ansinglestaticassignment(SSA)
representation(morespecifically, gatedSSA),wechooseto
representthestrictestrelationshipswhichholdasinvariants
amongstatic instancesof variables. In this example, the
staticdefinitionsof p1 and p2 arealways madetogether
andarealwaysopposite,sowetreatthemasmutuallyexclu-
sive. This assertionrenderstherepresentedrelationsuseful
for instruction-level optimizationandscheduling.

3. Previous mechanisms

Threegeneralapproachesto predicateanalysishavebeen
describedpreviously in theliterature,two of whichapplyto
hyperblockcodewith restrictedpredicatedefinetypes.The
first andsimplest,the PredicateHierarchy Graph (PHG),
wasintroducedwith the IMPACT hyperblockcompilation
framework [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 eachcomponentterm for OR-typeexpres-
sions. The PHG thusunderstandsonly “genealogical”re-
lationships,and is inaccuratewhen predicatesdo not fit
neatly into a hierarchicalgraph. The PHG is unableto
representnetworks which contain and-type,conjunctive-
type,anddisjunctive-typepredicatedefines,precludingdi-
rectanalysisof codegeneratedby controlheightreduction
optimizationssuchasthosepresentedin [10] and[13].

A more sophisticatedapproach,the Predicate Query
System(PQS) [9], exists within the Hewlett-PackardEl-
cor framework. The representationalmechanismof PQS,
the partition graph, can describeaccuratelyonly those
predicateexpressionswhich can be expressedas logical
partitions. (p2 and p3 partition p1 if f p1=p2 l p3 and
p2 m p3= n .) This relationis generallysatisfiedonly for un-
conditionalpredicatedefinesandfor or-type predicatede-
fineswith disjoint terms. Thus,althoughPQSperformsa
direct analysisof assemblycodecontainingpredication,it
canaccuratelyrepresentonly predicationconformingto the
style of if-conversion. Conservative approximationsof re-
lationsamongother definetypeshave beenusedin prac-
tice; unfortunately, the mechanismsfor copingwith parti-
tion graphinaccuracy introducethe possibility of building
for agivensetof predicatedefininginstructionsseveraldif-
ferentpartitiongraphswith varyingdegreesof accuracy [5].
Thus,while PQScanaccuratelyanalyzetheexampleof Fig-
ure3(b) (disregardingconditioninformation),it cannotac-
curatelyanalyzeFigure 3(c). The primary advantagesof
PAS overPQS,therefore,areits ability to performfully ac-
curatedirectanalysisof codeutilizing any desiredpredicate
definingsemantics,andits ability to incorporateknowledge
of conditionrelationsinto its logicaldatabase.

In the third approach,Eichenberger developeda predi-
cateanalysismechanismfor usein register-allocatingpred-
icatedcodes.His mechanismcollectedlogical expressions,
termedP-facts, whichrelatedpredicatesand,in somecases,
relatedconditions. TheseP-factswereevaluatedwith re-
spectto eachother in a symbolic manipulationenviron-
ment[4]. Eichenberger’sresultsdonot indicatetheexpense
involvedin applyingthis technique.For single-hyperblock
analysis, this techniqueis functionally equivalent to the
techniqueproposedin this paper, but in this work theBDD

replacesthe symbolicframework, demonstratingthe same
local accuracy at a low cost. Additionally, this work ad-
dressesissuesinvolvedin usingpredicationin generalcon-
trol flow, while thetechniquesof [4] werelimited to asingle
predicatedblock.

4. The PredicateAnalysis System

PAS representsthe relationshipsamongpredicatesde-
finedusingthefull complementof predicatedefinetypes,as
well asrelationsderivedfrom comparisonconditions.The
following sectiondescribesthe mappingof conditionsand
the predicatedefinenetwork to the underlyingbinary de-
cision diagram(BDD). BDD naturallydescribelogical re-
lations in, for example,combinationalVLSI circuits; the
contributionof PAS is aneffectivemappingof thepredicate
analysisproblemto this efficient representation.

4.1. Reducedordered binary decisiondiagrams

PAS expressesthe relationsamongpredicatesby defin-
ing a set of interrelatedBooleanfunctions. An efficient
implementationrequiresan appropriaterepresentation.In
general,a Booleanfunction op�rq 4�s q :'s;tututus q�vp� canbe rep-
resentedin a numberof forms. Themostfamiliar of these
areconjunctive-normalform (sum-of-productsor CNF)and
disjunctive-normalform (product-of-sumsor DNF) forms.
Unfortunately, two operationsimportantfor predicateanal-
ysis, tautologyon DNF andsatisfiabilityon CNF, areNP-
hard. A different form which is efficient both in tau-
tology and satisfiability is the if-then-elsenormal form
(INF) [15]. INF usesonly the if-then-else(w!Z3x ) operator,
wherew!Z3xy�rq s A s;z �|{}�~qgG�Ap�#Fc� qcG z � , to representBoolean
functions. Functionsareexpressedby recursive decompo-
sition, in the form of a Shannonexpansion,usingthe w!Z3x
operator:����� �;�L�-�-�1� � ����� � � ����� �;�L�-�L�L� � ��� P �-� � �

� � ����� �;�L�-�L�L� � ��� P �r� ����)�!� ��� �����r� ��� � � �
� ������ �;�L�L�-�1� � ����� �)�C� ��� � � � P ��� �u�L�-�-�1� � ��� P � � � � ��� �;�-�1�-�-� � ��� P �O�

Here,consideringthecommongraphrepresentation,two
sub-BDD, oW: and o'4 , areconnectedasthe then-andelse-
decisionsof an w3Z3x nodelabeledwith thevariableq v , and
thefunction o is representedby a referenceto this decision
node.Thewholegraphis rootedwith thelogical constants



�
and � . A systemof INF expressionsin which all equal

subexpressionsaresharedis termeda binary decisiondia-
gram(BDD). A BDD in which all identical w!Z3x nodesare
shared,in which variablesappearin the sameorderandat
mostoncein any pathfrom root to leaf, and in which no
redundanttestsareperformedis termeda reducedordered
binarydecisiondiagram(ROBDD). SuchBDD arecanoni-
cal: eachderivationof aparticularBooleanfunctionarrives
at thesamegraphrepresentation;that is, any two equalex-
pressionssharethe samesubtree.Certainqueriesarethus
vastly simplified; for example,it is possibleto test if two
given functionsare identicalor oppositein constanttime.
This is usefulespeciallyfor testingif a function evaluates
to the constant

�
or the constant� . Much work hasbeen

donein the developmentof efficient ROBDD implemen-
tations,mostly intendedfor usein the domainof Boolean
logic circuit optimization[15]. BDD havealsobeenapplied
in softwareproblems,usuallyin theverificationdomain.

PAS usesthe Colorado University Decision Diagram
(CUDD) implementationof ROBDD [16]. CUDD imple-
ments“invert” arcs,which can be usedinsteadof “else”
arcsto implementtheconstruct:����� �;�L�-�L�-� � � ��� � � � P ��� �;�-�-�1�-� � ��� P � �

� � � � ��� �u�L�L�-�L� � ��� P �
Herewe observe the samerecursive formulationasbe-

fore, but the formula invertsan existing subgraph( o 4 ) for
use as a subexpressionof o without making additional
nodes. Representedby an “invert” arc in the graph, this
extensionallows for constant-timeinversionandavoidsthe
additionof extra internalnodeswhenthecomplementof an
existing subgraphis required. Now only the constant� is
provided;evaluationsto

�
aremadevia invert-arcs.CUDD

ensurescanonicityandtheoptimalreuseof subexpressions
by imposingruleson the useof invert-arcsandby usinga
nodehashingtablecalledthecomputed-table, respectively.

Initially, the BDD consistsonly of the node � . An in-
terfaceexists to add new variablesto the BDD, eachof
which is createdasa single w!Z3x nodewith a then-arcand
an invert-arcto � . The order of variabledefinition deter-
minesthesubsequentorderof thevariablesfrom rootto leaf
in eachexpressionpath. The BDD is built usingthe func-
tion ite(f,g,h) , which builds a subgraphto computew!Z3x��Bo s-��s;� � . The function checksto seeif the requested
nodeis a terminalcase(a constant)or, througha hash,if
it alreadyexists in the graph;if so, it is returnedimmedi-
ately. If not, the topmostvariableq . of the existing func-
tions o , � , and � is extracted,andthen-andelse-sub-BDD
arecomputed(usingrecursive calls to ite which assumeq�.	��� and q�.	� �

, respectively). A new nodecontainingq�. is formed,andthe sub-BDDareconnectedto it, form-
ing therequestedfunction.Theite functionautomatically
maintainsgraphcanonicity[17] andoperatesin time pro-
portionalto thesizeof theresultingfunctiongraph.

4.2. Mapping predicatedefinesto the BDD

Figure3 showsanexampleof BDD constructionconsist-
ing of a singlehyperblock.Thesourcecodein (a) is trans-
lated to the intermediaterepresentation,if-convertedand
scheduledin (b). Solid linesin thefigureindicatethebreak
betweencycles in the schedule. Here, predicateanalysis
informs the scheduler, for example,that the predicateson
statementsB (p4) andC (p2) aremutually exclusive;
thustheseinstructionsmay be reorderedfreely. Although
this is obvious in the original control flow graph,the CFG
is either lost during if-conversionor may not be available
if codeis input in a predicatedform—hencethe needfor
predicateanalysis.Sincethe logical relationsamongpred-
icateschangeinfrequentlyduring the compilationprocess,
an efficient approachis to engagein a possiblyexpensive
analysisphaseduringwhich adatabaseof relationsis built,
andfrom which resultsmaybeobtainedrapidly.

Thecodeis next subjectedto predicateoptimizationand
rescheduledusingapredicateanalysisof thetypedescribed
here (Figure 3(c)). One optimization removes the guard
predicateon the define that computesp4 . This is legal
becausethe logical expressionof the predicateguardp3 ,
(r1>-8 && r1<8 ), is impliedby theconditionon thein-
struction,(r1=0 ). Sincetheunconditionaltypedefinecom-
putesthe conjunctionof the guardwith the condition, the
guardmay safelybe eliminated. Like more sophisticated
optimizations,thishasaneffectontheability of futurepred-
icate analysesto determinethe relation of predicatesp2
andp4 . In (b), derivation of predicateexpressionsalone
demonstratesthat �C��m��C����n . In (c), however, thepred-
icateanalysisneedsto examinerelationsamongconditions
themselves(andonesmorecomplex thansimple recogni-
tion of opposites)to reachthesameproperconclusion.The
followingshowshow theBDD is constructedto supportthis
analysis.

4.3. Construction of the condition layer

The first stepof finding relationsamongpredicatesis
thedefinition of relationsamongconditionevaluations.In
PAS, theserelationsare representedtogetherwith predi-
cateinformation in the BDD by providing a setof condi-
tion nodes[18]. PAS incorporatesarbitraryrelationswithin
families of conditionsbasedon comparingthe samereg-
ister values,representing,for example, the exclusivity of
(r1=1) and (r1=2) while indicatingthat both aresub-
setsof (r1>0) . A family is initially representedasa sin-
gle interval containingall representablenumbers.For each
conditionthatdependson thesameregistervalue,thenum-
berline is split at theboundariesof theintervalsof numbers
yielding an evaluationto “true.” The numberline in Fig-
ure4(a) representstheconditionfamily of r1 in Figure3.
Thesetof valuescausingany conditionto evaluateto “true”
is representedasthe union of disjoint intervals. The rela-



if (x > -8 && x < 8)  
stmtA;
if (x == 0)

stmtB;¡
else  

stmtC;
if (x < 0)

stmtD;¡
(a)

p2 uf = (0=0)

p1 ut,p2 of = (r1>-8)

(p1) p3 ut,p2 of = (r1<8)

(p3) p4 ut = (r1=0)
(p2) p5 ut = (r1<0)
(p3) stmtA
(p2) stmtC

(p4) stmtB
(p5) stmtD

(b)

p1 ut,p2 uf = (0=0)

p1 at,p2 of = (r1>-8)
p1 at,p2 of = (r1<8)
p4 ut = (r1=0)
p5 ut = (r1<=-8)

(p1) stmtA
(p4) stmtB
(p2) stmtC
(p5) stmtD

(c)

Figure 3: An example hyperblock: (a) source, (b) if-converted, (c) optimized.

tionsamongall possibleoutcomeson this family arerepre-
sentedin theBDD by creatinga Booleanspace,known as
a finite domain[19], andassigningall intervalsto mutually
exclusive andcollectively exhaustive expressions.Theex-
pressionsmustbemutuallyexclusive,asavaluecanbelong
to only oneinterval at a time,andalsocollectively exhaus-
tive, so thatanexpressionsuchas“ (x>5)||(x<=5) ” is
recognizedasalwaystrue.

Figures4(a) through(d) show the constructionof the
condition layer for the conditionsof Figure 3(c). In this
case,the conditionsdivide the numberline into five dis-
cretesegments,brokenbetween-8 and-7, -1 and0, 0 and
1, and 7 and 8. The finite domain techniqueis applied,
using ¢r£~¤�¥ X �§¦��r¨>�ª© BDD variablesto createan eight-
elementBooleanspace«��~¬�X s ¬ :us ¬ 4 ��­®� ��¯ ����°W± . Sincethis
caserequiresexactly five elements,we mergethethreeex-
tra elementsto neighbors,forming threetwo-variableex-
pressionsandtwo three-variableexpressionswhich imple-
mentthefinite domain. In general,representing� intervals
adds²d�³¢r£~¤�¥ X �r�u�§¨ variables,andgenerateś v¶µ � expres-
sionsin ² µ � variablesand ´]� µ ´ v expressionsin ² vari-
ables. This procedurecreatesthe simplestpossiblefinite
domainstructurefor the givennumberof elements.In the
resultingBDD, shown in (a), a segmentof thenumberline
is representedby a BDD node;for example,S;4 represents
theexpression¬ : ¬ 4 andthushastheequivalent(canonical)
BDD expressionw!Z3xy�r¬ :'s � s w3Z3x��~¬ 4�s � s �]�L�1� asshown. In
this andall BDD expressions,thebasisvariablesappearin
a fixedorderin all pathsfrom root to leaf. The restof the
expressionsrepresentedin theBDD areshown in (b), along
with a Karnaughmapshowing theexpressionsto bemutu-
ally exclusive of eachotherandcollectively exhaustive of
theBoolean3-space,asdesired.

Applying the interval compositionof theconditions(c),
the interval nodesareusedtogetherwith the w!Z3x operator
to composethe conditionnodesshown in Figure4(d). A
condition,suchas(r1<8) , is representedby the disjunc-
tion of the interval nodeswhich representthesetof values
resultingin an evaluationto � . Consideringthe condition< 4 , (r1>-8) , we seethat < 4 �·S :�¸ S;X ¸ S ° ¸ SJ¹ . Thus,

< 4 �}¬!º : ¬ 4	¸ ¬ : ¬!º4 ¸ ¬CºX ¬ : ¬ 4»¸ ¬�X+¬ : ¬ 4 �}¬ 4»¸ ¬ : , repre-
sentedin theBDD as w3Z3xy�~¬ :us � s w3Z!xy�~¬ 4�s � s �]�L� . As shown
in Figure4(d), this simplifiedexpressionis computedauto-
matically in theBDD asthedisjunctionrepresenting<|4 is
formed,one w!Z3x at a time. At this stage,all relationships
amongconditionsin a family arerepresented.For example,
theexpressionsfor <|4 (r1>-8 ) ,¬�4 ¸ ¬E: , and < X (r1=0 ),¬ : ¬!º4 , show that <|X implies < 4 . Thisprocessis describedin
detail in [18].

4.4. Construction of the predicatelayer

The mappingof predicatedefinesto the BDD is some-
whatmorestraightforwardthanthemappingof conditions.
Considerthe acyclic-renderedcontrol flow graphin which
all predicateshave beengivenSSAsubscripts(asin PQS),
and in which all predicateusesare constrainedto have a
single forward-control-flow-reaching definition (i.e. there
exist no predicate ¼ functions). In this form, predicates
may not be live aroundbackedgesand no predicateuse
may seedefinitionsfrom different blocks. The predicate
graphis thus constructedin a single topological traversal
of the control flow graphby addingat eachpredicatede-
fine a new expressionaccordingto Table 2. In the table,qy½�A¿¾ z {dw3Z3xy�~q s A suz � and²[À6Á Â representstheBDD node
associatedwith the predicate��� t Ã (Ã representsthe SSA
subscript).As indicatedin thetable,a new subgraphrepre-
sentingthe definedpredicateis generatedfrom previously
generatedsubgraphsrepresentingthe predicatesource,the
previous value of the predicatedestination,and the con-
dition. The statedforward-flow constraintguaranteesthat
theseexpressionsareavailablewhenthey arerequired.

Returningto the exampleof Figure3, we constructthe
correspondinglocal relationBDD. A BDD expressionhas
alreadybeendefinedfor eachconditionusedin thegenera-
tion of predicates,asshown in Figure4(d). In thefollowing
topological traversal, predicatedefine instruction seman-
tics areappliedto generatethe form shown in Figure4(f),
which expressesthe relationsamongall predicatedefini-
tions. Considerthe derivation of the predicatep2 . The
first assignment(with SSA namep2.0 ) is an initializa-
tion to

�
. Thusp2.0 is attachedvia an invert-arcto � , 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.

�)�C�
Expression

( H � ) H1Ä � Å ut = � Æ�Ç�È É � �ËÊQÆ �gÌ �
( Hu� ) H1Ä � Å uf = � Æ�Ç�È É � �ËÊ � Ì Æ��
( H � ) H1Ä � Å ot = � Æ�Ç�È É � �ËÊ � Æ � Ê � Ì Æ�Ç§È É � P � Ì Æ�Ç�È É � P
( H � ) H1Ä � Å of = � Æ�Ç�È É � �ËÊQÆ�Ç§È É � P Ì � Æ � Ê � Ì Æ�Ç§È É � P �
( H � ) H1Ä � Å at = � Æ�Ç�È É � Æ � Ê � �ËÊQÆ�Ç§È É � P Ì � � Ì Æ�Ç�È É � P
( H � ) H1Ä � Å af = � Æ�Ç�È É � Æ � Ê � �ËÊ � Ì Æ�Ç§È É � P � Ì Æ�Ç�È É � P
( Hu� ) H1Ä � Å ct = � Æ�Ç�È É � �ËÊQÆ�� Ì Æ�Ç§È É � P
( H � ) H1Ä � Å cf = � Æ�Ç�È É � �ËÊQÆ�Ç§È É � P Ì Æ �
( Hu� ) H1Ä � Å � t = � Æ�Ç�È É � �ËÊ � Ì � Æ��JÊ � Ì Æ�Ç§È É � P �
( Hu� ) H1Ä � Å � f = � Æ�Ç�È É � �ËÊ � Æ��%Ê � Ì Æ�Ç§È É � P � Ì �
( H � ) H1Ä � Å � t = � Æ�Ç�È É � Æ � Ê � �ËÊQÆ�Ç§È É � P Ì � � Ì �
( Hu� ) H1Ä � Å � f = � Æ�Ç�È É � Æ��;Ê � �ËÊ � Ì Æ�Ç§È É � P � Ì �

shown. p2.1 is anor-false-typedefinitionwith a constant-
trueguardpredicateandcondition < 4 . ConsultingTable2,
p2.1 = < 4 ?p2.0 :(1?1:p2.0 ). Sincep2.0 =

�
, this degen-

eratecaseresultsin p2.1 being attachedvia an “invert”
arcto thesamenodeas < 4 . Finally, by theor-falseexpres-
sionasbefore,p2.2 = < : ?p2.1 :(1?1:p2.1 ). Thetwo ite
calls usedin composingthis expressioncomputethe node
indicatedfor p2.2 . Figure4(f) shows the BDD after ex-
cessconditionnodesarefreed(onceall predicatesarecom-
puted);thusnodessuchasthosefor <Í: nolongerexist in the
graph.TheCUDD BDD packageemploysreferencecount-
ing to ensurethatsuchnodesareremovedwhenno longer
required. In a more complex examplebasedon multiple
comparisonfamilies,severalinitially independentcondition

BDD (basedon differentvariables)would berootedon the
same’1’ node.During predicatedefineprocessing,graphs
wouldbecomposedof membersof thevarioussubtrees,ef-
fectively unifying them into one predicateBDD. The re-
sulting BDD expressesrelationsamongall conditionsand
predicates.

4.5. Handling of generalpredicateliveness

To simplify discussion,only the analysisof forward-
flow, single-definitionpredicationwas considered.While
this is sufficient for codegeneratedby direct if-conversion,
varioustransformationssubsequentto if-conversion,such
ashyperblockloop rotation,or otherapplicationsof predi-
cationcanresultin morecomplex forms. This work gener-
alizespredicateanalysisto includetheremainingforward-
flow, multiple-definitionandcyclic flow forms.This taxon-
omy is illustratedin Figure5. “Forward-multiple”extends
upon“forward-single”by allowing control flow mergesin
theforwardacyclic controlflow subgraph,and“cyclic” ex-
tendsfurtherto includeflow aroundloopbackedges.

Multiple-definition form. Whenmultiple distinct def-
initions from different locationsin the flow graphreacha
givenpredicateuse,theoriginal ¼ -lessrepresentationis in-
sufficient. Simply adding ¼ functionsandtreatingtheseas
writesof anunknown valueprovidesa conservative result.
Accuracy demandsthat reachingvaluesbecorrelatedwith
their pathsof origin in a canonicallogical value merge.
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Sucha merge can be expressedusing gatedSSA (GSA),
a popular representationin parallelizing compilers [20].
Here, gated ¼ functions(Î functions)are insertedfor all
mergesof predicatevalue.GSA Î functionsareof theformÏ ° �ÐÎ��rÑ s Ï :+s Ï X�� , where Ñ is a logical variablethat se-
lects from amongthe reachingdefinitions. This is easily
incorporatedinto PAS by treatingÎ asa new predicatedef-
inition type,with the ite expression² (#Ò �·²[ÓÔ½-² ( e»¾]² ( a .
The Ñ BDD functionscanbe derivedeitherfrom the con-
trol dependencesof surroundingcontrol flow or in a vari-
ety of simplerandlessexpensive ways. Sincein this form
flow aroundbackedgesis still prohibited,a singletopolog-
ical traversalof the acyclic-renderedgraphis sufficient to
computethe propergraph. Furthermore,control relations
needonly be encodedto relatethosepathswhich traverse
mergesof predicatevalue. Figure6 shows an example,in
which two differentsetsof definitionsfor p1 andp2 reach
theusesin thebottomblock. In thiscase,however, thepred-
icatesare identically relatedin both cases(always oppo-
sites),althoughthetwo definitionsof eachpredicateareun-
related.Augmentationof thecodefor GSA form is shown
in the dashedbox andwith the arrows indicatingaddition
of SSAsubscripts.BDD nodesarebuilt for thedefinesand
theÎ functionsasdescribed;Figure6(b)showstheresulting
BDD expressions.SincethesamevariableguardsboththeÎ functions,theBDD correctly“correlates”thetwo pairsof
definitions,andthefactthatp1 andp2 arealwaysopposites
in thebottomblock is captured.

Cyclic flow. Only oneextensionremains:thetreatment
of predicatevalueflow aroundbackedgesin thecontrolflow
graph.Previousapproaches,assumingan intra-hyperblock
scope,did not require such support(hyperblocksare in-

herentlyacyclic regions[3]). Subsequenttransformations,
however, maygenerateflow aroundbackedges.For exam-
ple,ahyperblockloopmayberotated(asin Figure5(a)and
(c)) to achieve a betterinstructionschedule,or a Boolean
flag initially codedas a variablein a loop by a program-
mermaybeallocateda predicateinstead.This transforma-
tion, like moduloscheduling,createspredicateswhoselive
rangescrossa backedge.2 If transformationssuchasthese
areto beallowed,apredicateanalysissystemshouldbeable
to accommodatethemaswell.

In the acyclic case,a topological traversalof the con-
trol flow graphensuresthat functionsneededin predicate
definitionsaredefinedat thepoint of reference,but this no
longerholdsin thepresenceof loop-carrieddependence.A
simple approximation,however, capturesrelationsgener-
atedacrossan arbitrarynumberof previous iterationsof a
loop body. In the caseof a modulo scheduledloop, this
might be equalto the numberof modulo stages. In arbi-
trarily transformedcode,thismightbesomemorearbitrary
limit, perhapsonepreviousiteration. We presentanexten-
sionwhich allows theBDD form to representrelationsthat
happento crossloopbackedges.

The BDD can be thought of as an efficient symbolic
manipulationengine,in which variablesallocatedto rep-
resentunknown inputscan later be renderedirrelevant by
furthermanipulationof expressionsor canbeusedto corre-
lateothervalues,asin thepreviousexample.We usethese
properties,combinedwith Õ semanticsfrom GSA, to man-
agecyclic dependence.The Õ function is a specialÎ func-
tion for useat the loop header, at which the analysismust
differentiatevaluesfrom thepreheaderandthebackedge.In¬�(+*-Ö×�ØÕÙ�rÑ s ¬�ÚuÛQÜBÝuÜBÞ)ßuÜBÛ s ¬�àuÞ)áfâ1ÜBß;ã1Ü%� thesymbolicvariableÑ
selectseitherof thetwo valuesbasedon whetherexecution
hascomefrom the preheaderor from the loop backedge.
While analysisof a useinsidethe loop body cannot(usu-
ally) bind Ñ to a known logical expression,it can use Ñ
to expressusefulrelationsamongvariables(predicatesand
registersusedin comparisons)thatmayappearto differ be-
tweenthe first andsubsequentloop iterations. The values
appearingto the Õ functionflow alongoneof two arcs,ei-
ther from the preheaderor from a previous iterationof the
loop. Constraintsimposedby theeffectsof apreviousitera-
tion on therelationsof valuesflowing aroundthebackedge
areexpressedin theBDD throughatechniquecalledvirtual
unrolling.

As an example,Figure7(a) shows a loop with a pred-
icate dependencearoundthe backedge. In this case,the
loophasbeenrotated,pushingadefinearoundthebackedge
anda correspondinginitialization into the loop preheader.
Clearly, the usesof p1 and p2 are always mutually ex-

2Kernel-onlymoduloschedulingof ahyperblockloopis actuallyasim-
pler specialcase,in which no cyclic techniquesare required. They are,
however, applicable.
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Figure 7: Cyclic predicate flow example.

clusive. Figure 7(b) shows the loop in SSA form. TheÕ functions sharea commonfree variable Ñ , as did theÎ functions. Supposewe know a priori that we cancap-
ture all desiredrelationswith oneiterationof “look-back”
(this will shortlybegeneralized).Whenthe loop headeris
encountered,we generatethe following (Figure7(c)): For
eachpredicate��� live in from the backedge,we generate
a free variablewhich we will denote���;ä . Theseare the
predicatesannotatedin the Õ functions; the ���;ä versions
representthe loop-carriedvaluesat the start of the previ-
ousiteration,aboutwhichweknow nothing.In Figure7(c),åCæ �ç«u��� t � s �C� t �E± and

å ä �ç«u��� t �Eä s ��� t �Eä;± denotethe
setsof valuesflowing from the loop preheaderand from
previous iterations,respectively. Now, reasoningthat any
flow thoughthe backedgemusthave comethrougha pre-
viousiterationof theloop body, theloop bodyis “virtually
unrolled” andvariablesarerenamed(including Ñ ) asnec-
essaryto preserveSSA,creatingthecopy è X (T impliesthe
notion of “transfer function”). The connectionamongthe
original loopbody(è : ), è�X , andthe Õ functionsis shown in
(c). Thiscopy is thenprocessedasnormal,generatingBDD
nodesrepresentingthe valuesflowing from the backedge
into the original loop body è : . Thesevaluescapturethe
pastiteration’s relationalinformation. At this point, both
definitionsreachingeachoriginal Õ areavailable,and the
relation graph for the real loop body can easily be com-
puted. Once è : is processed,all nodehandlesinternal toè X arefreed,andthe garbagecollectorremovesall unnec-
essaryinformation,asbefore.In thissimpleexample,since
both predicatesareunconditionallyredefinedin eachloop
iteration,thebackedgeexpressionsat ÕÙ: no longerdepend
on thefreevariables���uä , andthetruerelationsbetweenp1
andp2 areexpressed.Figure7(d)showstheexpressionsfor
the predicatesof interest;given the exclusivity of a andb
andtheexclusivity of e andf , encodedin theconditionin-
formation,p1 andp2 canclearlybeidentifiedby theBDD
asdisjoint. Note that this is the caseeven thoughthe ex-

pressionsdependonconditionsfrom apreviousiteration(as
indicatedby thepresenceof variablesrelatedto r1.1’ ).

Virtual unrolling canbe performedan arbitrarynumber
of times,dependingon the numberof iterationsof corre-
lation that arerequired. This could continueuntil, for ex-
ample,all ��� ä areeliminatedfrom predicateexpressionsor
until someboundis reached.Note that the boundis nec-
essary, sincethereexist true cyclic dependencesfor which
noamountof look-backwill eliminatethe ���;ä s. Thiswould
occur, for example,in aloopcontainingapredicatedor-type
predicatedefinewith aninitializationoutsidetheloop. (The
accuratehandlingof suchrecurrencesposesa perhapsin-
terestinganalysisproblem,but liesbeyondthescopeof this
work.) Thepresenceof ��� ä variablesin anexpression,how-
ever, doesnotnecessarilyprecludedeterminationof logical
relationsamongexpressions.Justasthe Ñ variableswhose
valuesare not correlatedto other variablesin the BDD,
thesefree variablesserve to “partition the unknown” and
to correlateothersubexpressionsin usefulways.

Figure8 showsa casein which bothpredicatesandcon-
ditions mustbe treatedas live aroundthe backedge. The
originalcodeis shown in (a); theeffectsof virtual unrolling
are indicatedin (b). After virtual unrolling, the assign-
ment to p2.0 relieson a variable,r1.1 , which is given
by Õ ( Ñ ,r1.0,r1.2’) ; that is, the value usedin defi-
nition may comefrom a previous iteration. This is han-
dledin theBDD by takingthetwo possibleconditionnodes
for r1.1>32 , é = r1.0>32 and ê = r1.2’>32 , and
connectingthemusingthe normalsemanticsfor a Õ func-
tion. Thenodefor p2.0 thereforecontainstheexpressionÑ_é ¸ Ñ_ê . On the otherhand,p1.1 is the Õ mergeof two
definitions,p1.0 andp1.2’ . Supposing2 = r1.0<10
and

Ï
= r1.2’<10 , theexpressionfor p1.1 is Ñ_2 ¸ Ñ Ï .

Here, é and 2 shareaconditionfamily andaredisjoint; like-
wise for ê and

Ï
. Sincethe Ñ variableproperlycorrelates

thesedefinitions,p1.1 andp2.0 arecorrectlyrecognized
by theBDD asdisjoint.
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Figure 8: Virtual unrolling. Dotted lines and prime (’)
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The techniquespresentedarecapableof faithfully rep-
resentingrelationsamongpredicatesin the assumedSSA
model.Theremainderof thepaperdiscusses,first, how the
resultingBDD is queriedto produceusefulresultsand,sec-
ond,theefficiency of theapproach.

5. Predicaterelationshipquery interface

Following constructionof thepredicateBDD, PAS pro-
vides a query interface for compiler routinesto abstract
away the detailsof the BDD implementation.In the IM-
PACT infrastructure,predicateregisteroperandsaretagged
with an SSA equivalentthat containsa pointerto the rep-
resentative BDD node. Queriesinclude unary (identity
to 1 or 0), binary (subset,intersection,etc.), and multi-
predicate(doesthedisjunctionof thesepredicatessubsume
another?) functionswhich referenceappropriatenodesin
theBDD. Suchqueriesareusedto determine,for example,
if a predicateis constant-trueor constant-false, if depen-
dencesshouldbe drawn betweentwo predicatedinstruc-
tionsin scheduling,or if codeat theendof a block is dead
becausetheexpressionsfor sideexit predicatessumto � .

BDD canonicity guaranteesthat predicateswhich are
sameor oppositearetrivially recognizedassuch(i.e. p1.2
andp2.2 from Figure4(f)). Otherqueriesarecomposed
using the ite function with which the predicateBDD
was constructed. For example, the query, “Is p3 a sub-
set of p1.2 ?” is solved in the BDD by computingq =
ite(p3,!p1.2,0) anddeterminingif q =

�
, sincep3ë

p1.2 if andonly the intersectionof p3 with the com-
plementof p1.2 is empty. Similar ite constructionspro-
vide the otherqueryfunctions. CUDD preventsthe accu-
mulationof nodesfrom retiredqueriesby performingref-
erencecountinggarbagecollection,andemploys dynamic
programmingtechniquestoeliminateredundantquerycom-
putations[16].

6. Performanceof the PAS

Like all canonicalrepresentationsof Booleanfunctions,
ROBDD are provably exponentialin the worst case. As
describedearlier, the canonicityof the ROBDD requiresa
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Figure 9: A control flow graph (a), its equivalent circuit
(b), and a truth table representing the trajectory.

singlefixed orderingof its constituentvariables. This or-
deringhasa significantimpacton the sizeof the resulting
ROBDD, and many methodsof finding the optimal vari-
ableorderingfor ROBDD have beenproposedfor various
circuits [21, 22]. Unfortunately, variablereorderingcannot
prevent the representationof somecircuits, suchasmulti-
pliers, from growing exponentiallywith circuit size [19].
This was a seriouspoint of concernfor compiler writers
wishing to usea BDD. The following discussion,targeted
at this particularapplication,shows that in the theoretical
limit only one very manageablefactor leadsto exponen-
tial growth of theBDD. Furthermore,empiricalresultsare
givento demonstratethat this termis not in practicea sig-
nificantconcern.

6.1. Spaceand Time Complexity of PAS

Sincemostpredicationbeginsascontrolflow, it follows
thatthesizeof theBDD shouldberelatedto thecomplexity
of thecontrol flow it replaces.Propertiesof realprograms
thuslimit thesizeof theanalysisBDD. First,considerusing
theBDD to representa controlflow graph(CFG).Figure9
showsacontrolflow graphandits derivedcircuit to berep-
resentedby theBDD for analysis.Any slicein atopograph-
ically sortedcontrol flow graph(with backedgesremoved)
cutsoneor morecontrolflow arcs.Therelationshipsamong
thesearcsin suchaslicecanberepresentedby thevariables
of a correspondingslicein anequivalentcircuit. For exam-
ple, in Figure9, the relationshipof the arcsA, B, C, and
D can be representedby the two variablesq and A , in a
mannerillustratedby thetruthtable.Eacharcin aslicerep-
resentsa mutuallyexclusive executioncondition;only one
edgein the slice may be selectedfor eachtraversalof the
graph.Also,at leastonearcmustbetraversedwhichmakes
eachslicecollectively exhaustivewith respectto traversals.
Thesepropertiesallow representationby a truth table in
which eacharc is givenoneor morerows to coverall rows
(collective exhaustion)and in which eachrow belongsto
oneandonly onearc(mutualexclusion).In ourexample,A
is representedby �rq s Ap�	�ì� � s � � , B by � � s �W� , C by �1� s � � ,



andD by �L� s �W� . The variablesq and A have no particular
individual meaning,but togetherencodeall possiblerela-
tionships. As in the finite domaintechnique,we needno
morethan í»�§£~¤�¥ X �;� variablesto representthearcoutcomes
for a slice (or the rows in the truth table), where � is the
numberof arcsin theCFGslice.

The worst-casesizeof a ROBDD for someorderingisí»�~²�5î´�ï�� , where ² is the numberof input variables,5
is the numberof outputvariables,and ð is the maximum
width of all slicesin thecircuit beingrepresented[23]. (A
fully expandeddecisiontree for a Booleanfunction hasí»�§´ v � nodes.At eachslice,theBDD canbesplit into two
partswith the first part having ð outputvariablesandthe
secondparthaving ð input variables.BDD areat worsta
fully expandeddecisiontree,sothesizeof thesecondBDD
is í»��´�ï·� .) Thefollowing discussionwill considerthe ´�ï
termastherestis polynomial.

The exponentialterm in the size of the ROBDD rep-
resentingany CFG is ´�ï , but ð is the maximum of
all í»�§£~¤�¥ X �;� . Therefore,the exponential term becomesí»�§´�ñ ò ã e ` � or í»�~Sp� , where S is the maximumcontrol flow
graphslice, in the worst caseusing the orderingprovided
by the controlflow graph. This resultis intuitive sincethe
ROBDD andthe program’s control flow graphboth repre-
senttheequivalentrelationsusingthe w3Z!x structures.

Now, we relate this polynomial upper bound for rep-
resentingcontrol flow graphsin ROBDD to representing
predicatedcodes.The functioncomputedby the predicate
network of a programis identicalto thefunctioncomputed
by the control flow graph. The propertyof canonicityre-
quiresthattheBDD representingthis functionis unaffected
by the mannerin which it is constructed(assumingfixed
conditionordering).All predicatenetworkscomputingthis
functionarepolynomialin theworstcaseusingtheordering
providedby thetopologicalsortof thecontrolflow graph.

Lossof thecontrolflow graphdoesnot precludederiva-
tion of an orderingyielding a polynomially-sizedBDD. A
generalmethodis to applyaregisterallocationalgorithmto
the BDD [23]. Othermethodssuchassifting provide fast
andrelatively accurateapproximations[24]. Alternatively,
thecompilercouldrecordtheorderof theconditionsbefore
if-conversion. (Note that this is not the sameasrecording
thefull CFG.)In practice,theorderof theconditionsasap-
pearingin evenaggressively predicatedcodestendto yield
goodresultssincein the aggregatea goodcorrespondence
existsto theoriginal conditionorderings.

The sizeof the analysisBDD is alsoinfluencedby the
inclusion of condition relations,which, as we have seen,
createfairly full subtreesata low level of theBDD. Define,
asbefore,condition family as the setof conditionswhose
resultsaremutually related(non-independent).Definethe
live-range of a conditionfamily in thevariableorderingto
startat thefirst conditionandendat thelastconditionin the

family. To representthe informationencodingall relation-
shipsof conditionsin the family an additional ó variables
maybenecessaryover the family’s live range.Thesizeofó for a family is í»��£ô¤W¥ X 0�� , where 0 is the numberof in-
tervalson thepreviouslydiscussedsegmentednumberline.
The size of 0 can be shown to be to be í»�B2;� , where 2 is
thenumberof conditionsin thefamily, sinceeachcondition
cancreateonly 0, 1, 2, or 3 new segmentedregionson the
numberline. Thesizeof theBDD with oneconditionfam-
ily is at worst polynomialsince í»��´�ñ ò ã e & ���õí»�B2;� . This
canbeboundedfurtherby theobservationthatcontrolflow
arcsoftenencodeinformationredundantwith thecondition
values.

Thesizeof theBDD is guaranteedto remainpolynomial
for codeswith any numberof non-overlappinglive ranges
in the topologicalsort of the circuit or CFG. In the PAS,
conditionfamily liverangesaretypically shortlivedanddo
not overlapto a largedegreesincea conditionfamily’s live
rangemapsdirectly to the live rangeof its definingregis-
ter (i.e. r1 in r1 < 10 andr1 > 20). The worst case
size of the BDD having condition family live rangesthat
bothoverlapandparticipatein thesamepredicatecomputa-
tionshasanexponentialterm, ´�ö , where÷ is themaximum
numberof condition familiessimultaneouslylive. Again,
this is worstcaseandcanbeboundedfurtherif controlflow
encodesredundantinformation. If the overheadof condi-
tion analysisis a concern,the 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
behavedin thecodesstudiedwithout suchtechniques.

Anothercontributionof thiswork is thehandlingof gen-
eralpredicateliveness.Themethodspresentedto dealwith
cyclic andmultiple-definitionformsdo not changethe up-
per boundpresentedhere. Virtual unrolling increasesthe
length of the circuit, not the width. The GSA Ñ simply
makespart of the control flow graphrelevant to the predi-
catenetwork.

OncetheBDD is built all queryfunctionsareperformed
in polynomial time. Equivalenceand inversequeriesare
constanttime. Subset,intersection,andexhaustionareall
polynomialin timeandspacewith respectto thesizeof the
functionssubjectto thequery.

6.2. PAS in Practice
To evaluatetheperformanceof thedescribedtechniques,

theanalysiswasappliedtoSPECCINT95benchmarks.The
benchmarkswere compiled aggressively for instruction-
level parallelism,with 60% profile-guidedselective inlin-
ing, formationof very aggressive hyperblockregions,and
extensive codetransformationand optimization. Instruc-
tion schedulingandregisterallocationwereperformed. It
shouldbe notedthat the IMPACT compilercurrentlydoes



notgeneratepredicationmakinguseof theforward-multiple
or cyclic schemata,sothesetechniquesarenot reflectedin
thesenumericalresults.Werethey to beapplied,theresults
wouldscaleby a linearfactoraspreviouslydescribed.

PAS was instrumentedto determinethe analysistime
andmaximalBDD sizefor thesebenchmarks.Experiments
were performedon an HP 9000/785/400workstationop-
eratingat a clock frequency of 400MHz with 1GB RAM.
Binary decisiondiagramsfor the final codeof all SPEC
CINT95 benchmarkswerebuilt in 2.4 seconds(excluding
the assumedSSA constructiontime). Especiallysincethe
BDD typically needsto berebuilt only whenpredicatedef-
inition optimizationsareperformed,the time requiredfor
BDD constructionis acceptableevenin a productionenvi-
ronment. To measurequeryefficiency, all pairs of predi-
cateswithin eachhyperblockweretestedfor subset,super-
set,anddisjoint relationships.A total of 1,177,491queries
wereperformedin 3.8 seconds.This rapidqueryresponse
is duein part to the canonicityof the BDD andin part to
memoizationtechniquesappliedin CUDD [16]. This result
is expected,asthe control flow of structuredprogramsre-
sultsin predicaterelationshipequationswhicharerelatively
smallandwell-behavedin comparisonto the largecircuits
theBDD is capableof managing.

Figure 10 shows the numberof BDD nodesnecessary
to representthe predicateand condition networks plotted
againstthenumberof predicatedefinitionsin eachfunction
of eachbenchmarkin SPECCINT95. In eachgraph,two
typesof BDD werebuilt. Thefirst typedid not includecon-
dition analysisinformation,while thesecondtypedid. Fig-
ure10(a)showsthesizesof theBDD createdusingthecon-
dition variableorderingfound in predicatedcodesaggres-
sively optimizedby the IMPACT compiler. Figure 10(b)
showsthesamegraphafteranapplicationof sifting wasap-
plied to find abettervariableordering[24].

Onefunctionwasexcludedfrom Figure10(a)to equal-
izethescales.This functionwasstrengthreduceloop from
126.gcc, thesixth largestfunctionin termsof predicatede-
fine count (333 predicatedefines). With basiccondition
analysisit required4995nodes,fairly typical for functions
of thissize.However, with family analysisit created18,529
nodes,the greatestof any function. Despitehaving 26
two-member, 9 three-member, 2 four-member, and6 nine-
memberfamiliesthis wasa growth of only a factorof 3.7
times.With lessthan19K nodes,a relatively smallnumber
whencomparedto thoseseenin many VLSI circuits, the
BDD packagewasableto handlethis functionvery well as
indicatedby a build time of only 0.11seconds.Reduction
in sizethroughvariablesifting reducedthesizeof thisBDD
from 18,529to 4462nodes.

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

mationwasoftenpartiallyredundantor thatthecostof over-
lappingconditionliverangeswashiddenby thelargerpred-
icate network functions. The largestgrowth factor, com-
putedas(BDD sizeusingfamilies/ BDD sizeusingsimple
conditions),was4.2 for beforesifting and6.0 afterwards;
theaveragewas1.1and1.2respectively. Thismayindicate
thatfurtheranalysismayrevealupperboundsmorerestric-
tive thanthosepresentedin theprevioussection.

Polynomial,linear, exponential,andpower curveswere
fit to thegraphsin Figure10. In eachcase,thebestfit was
a power curve with exponentsof between0.87to 1.07and
with

� t øWø¶ù}ú X ù � t û � ( ú X approaching1 indicateshigher
predictive accuracy). The linear curve shown has

� t ü � ùú X ù � t ýEþ andtheexponentialmodel,
� t ¦�¦ ùÿú X ù � t ý � .

7. Conclusions

Thispaperdemonstratedameansof accuratelymapping
the predicateanalysisproblemto a powerful andefficient
logical substrate,the reducedorderedbinary decisiondia-
gram(ROBDD). Besidesdemonstratingahigh level of per-
formance,this work extendedon previous attemptsby in-
corporatingthe analysisof predicationin generalcontrol
flow and the analysisof conditionsinto the samelogical
framework. Finally, concernsaboutthegrowth of therepre-
sentationalmediumwereaddressed.Thepresentedsystem
hasthe power andflexibility to provide predicateanalysis
for advancedpredicateoptimizationandrecompilationen-
vironments.

While control of BDD sizeis not a practicalconcernat
this point, preliminary resultsshown hereindicatethat it
mayeventuallybecomeprofitableto studyefficient means
of achieving near-optimal variable orderings in general
predicationproblems.

Other interestingfuture work includesthe possibleex-
tensionof the framework to includeothertypesof logical
information,perhapsin the form of extensionsto the con-
dition analysisframework capableof understandinggeneral
arithmeticflow.
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