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Abstract

Data transformations,suchaspool allocation,have shown promiseas a methodof reducingthe

numberof cachemissesfor dynamicallyallocateddatain non-numericapplications. To further

improvedatalocality thisthesisproposesadatareorganizationtechniquethatextendspoolallocation

by incorporatingmaximalstructuresplitting.

Wedevelopasafe,fully automatictechniqueknownasMemory-Pooling-AssistedDataSplitting

(MPADS) that canimprove spatiallocality for pointer-baseddatastructuresallocatedin theheap.

To changethestoragelocationof dynamicallyallocateddata,amemoryallocationlibrary is created

andtheaddresscalculationof thedataaccessesareupdated.MPADS is implementedin the IBM

XL productioncompilersuite.

MPADS is evaluatedontheSPEC2000,OldenandLLU benchmarksuites.Thepointeranalysis

usedin MPADS provesto be too conservative for the complex SPECbenchmarksandmany op-

portunitiesareabandoned,but identi�es opportunitiesin theOldenandLLU benchmarks.MPADS

outperformedpoolallocationfor everybenchmarktestedandfor onebenchmark,MPADS increased

performanceby overa factorof 2 from thebaseline.
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guidanceandencouragementduringmy studies.Yourmentoringallowedmeto grow asaresearcher

andasa person.You taughtme the skills necessaryto be successfulasa graduatestudent.Your

opennessallowedmeto tackleaproblemthatI wasgenuinelyinterestedin andyoushowedmehow

importantit is to be passionatefor what you areworking on. Thankyou for everythingyou have

donefor meandhelpedmewith duringmy studies.

I would alsolike to thankmy colleaguesat IBM, Dr. YaoqingGao,ShiminCui, Rául Silvera,
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Chapter 1

Intr oduction

From the 1960suntil 2002, hardware manufacturershave kept pacewith Moore's law, roughly

doubling the numberof transistors,and correspondingly, the processor's performanceevery 18

months[47] but traditionaltechniquesto increaseperformanceareyielding diminishingreturns[3,

33, 69].

Modernarchitecturesare reachingthe limits of thermaldensity, power ef�ciency, instruction

level parallelismandfrequency scaling.While techniquessuchaspipeliningandfrequency scaling

haveworkedwell in thepast,they areinsuf�cient to keeppacewith Moore's law. Oneof themajor

causesof the diminishing returnsis that processorspeedsare increasingdramaticallyfasterthan

memoryspeeds.This problemis known asthememorywall [69].

Modern architecturescan take hundredsof cycles to fetch datafrom main memorybecause

memoryspeedshave not beenableto keeppacewith processorspeeds.Ghotinget al. demonstrate

the effectsof the memorywall by increasingthe CPU clock frequency by a factorof 2.38 (from

1300MHzto 3100MHz)but only obtaina performancespeedupof 1.6 [17]. The limits of perfor-

mancescalingfor this examplearea direct resultof the naive datalayoutsusedby compilers. If

a betterdataorganizationcouldbe realizedtheperformancescalingmaycontinuefor fasterclock

speeds.

This thesisdevelopsa techniqueto reorganizedynamically-allocatedheapdatato reducethe

effectsof thememorywall. The transformationtargetsgeneralpurposeapplicationsthatuselink-

basedstructures,suchaslinkedlists, treesandgraphs.

The datareorganizationis fully automaticand guaranteedto not affect the semanticsof the

program.It doesn't requirepro�le or traceinformationandit hasbeenimplementedin theIBM XL

productioncompiler. To transformthedata,two differentsplittingtechniqueshavebeendesignedto

improve datalocality andcacheperformance.Thetechniquestradeaddresscomputationoverhead

for datalocality.
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1.1 Contributions

Thestructuresplitting presentedin this thesiscanbeviewedasanextensionof LattnerandAdve's

pool allocation[29]. The identi�cation of candidatestructuresthataresafeto transformhasbeen

slightly modi�ed but is basedon LattnerandAdve's DataStructureAnalysis(DSA) that identi�es

type-homogeneousstructures.LattnerandAdve implementDSA andpool allocationin theLLVM

compilerInfrastructurethatis basedonGCC[28].

Whenthis researchwasstartedtheonly publishedstructuresplitting techniqueswereZhonget

al. [71] andRabbahandPalem[51]. Neitherof thesetechniquescouldsafelyandautomaticallysplit

apointer-baseddatastructureandbothrequiredtraceor pro�le information.Bothof thesestructure-

splitting techniquesperformaf�nity-basedsplitting andthis researchaimedto developa technique

for maximalsplitting. RabbahandPalem's framework hadanotherdrawback.It addspaddingto the

datastructuresthatpollutesthecache.

Toaddresstheshortcomingsof thesesystems,Memory-Pooling-AssistedDataSplitting(MPADS)

wasdeveloped.MPADS combinesananalysisto identify structuresthataresafeto transformand

doesnot requirepro�le informationor amemorytrace.MPADS performsmaximalsplitting instead

of af�nity-basedsplittinganddoesnotaddpaddingto any structure.

In April of 2007Jeon,Shin andHan publishedtheir structure-splittingwork at the Compiler

Constructionconference[24]. Thestructuresplitting framework that they createdis similar to the

non-uniformsplittingdescribedin Chapter3.3.2.Theirframeworkusesastaticanalysisto determine

the�eld-accessaf�nity andperformsaf�nity-basedsplitting.

A moredetailedcomparisonof thesesystemswith MPADS is givenin chapter6.

1.2 ThesisOrganization

Chapter2 givesthe backgroundinformationnecessaryandexplainspointeranalysis. The struc-

turesplitting transformationis describedin Chapter3, includingtheidenti�cation of safestructures

to transformin Chapter3.1. The two typesof splitting, uniform andnon-uniformaredescribed

in Chapters3.3.1and3.3.2. Chapter4 motivatesthe creationof the splitting transformationwith

severalmicro-benchmarksthatdemonstratethat it works. Structuresplitting is appliedto standard

benchmarksandthe performanceis evaluatedin Chapter5. In Chapter6 the relatedwork is pre-

sentedbeforethefuturework is describedin Chapter7. Chapter8 concludesthethesis.
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Chapter 2

Background

2.1 De�nitions

Af�nity – Thelikelihoodthat two memorylocationswill beaccessedclosein time. Two memory

locationsaresaidto havegoodaf�nity if they areoftenreferencedtogether.

Aliased – Two pointersarealiasedif theobjectsthat they maypoint to canoverlapor occupy the

samememorylocation.

BasicBlock – A consecutive groupof instructionswherethe control �o w must start at the �rst

instructionandexecuteevery instructionin thegroupuntil the last. Only the�rst instruction

in abasicblockcanbethetargetof abranchandonly thelaststatementof abasicblockmay

beabranch.

CyclesPer Instruction – CyclesPerInstruction(CPI)arecalculatedasthequotientof thenumber

of cyclesdividedby thenumberof instructionscompleted.

Data Dependence– A datadependenceoccurswhenone instructionuses,or de�nes, either the

resultof anotherinstructionor oneof theoperandsof anotherinstruction.

Intermediate Representation – An intermediaterepresentation(IR) is a representationof a pro-

gramthatis independentof thelanguagethattheprogramwaswritten in andindependentof

themachinetheprogramwill beexecutedon. Typically theIR for a compileris eitherstack-

based[18], three-operand-based[49] or tree-based[48]. StaticSingleAssignment(SSA)is a

increasinglycommonIR in compilers[13].

Inter procedural – Refersto looking at the entireprogramratherthanjust a singleprocedureor

region.

Killed – In pointeranddata�o w analysisthede�nition of a variableis killed alonga pathif there

is anassignmentto thatvariablethatis alwaysperformed.For example,considerthecodein

�gure 2.1.Online 1 x is de�nedwith thevalue6 but thatde�nition is killed by theassignment

on line 3.
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BASICBLOCK B()
1 x = 6;
2 y = 7;
3 x = y;

Figure2.1: Exampleto illustratekilling a de�nition of avariable.

Point – Pointsin a basicblock occurbeforethe�rst statement,in-betweenconsecutivestatements

andafterthelaststatement.

Spatial Locality – Two piecesof dataor memorylocationsaresaidto havegoodspatiallocality if

they arelocatedneareachother.

Temporal Locality – Two memorylocationsaresaid to have good temporallocality if they are

bothfrequentlyaccessedin a shorttime frame.

Working Set – Theworkingsetof aprocessis thesetof pagesthattheprocessaccessesduringthe

last� memoryreferences.

2.2 Pointer Analysis

To analyzeandtransformprogramswritten in languageswith pointersor references,suchasC, C++

andJava, often the targetsof the pointersmustbe known. Computinga preciseruntimerelation

betweenpointersandtheir target locationsis infeasibleanda conservative approximationis com-

monly used.Pointeranalysis1 providesa staticabstractionof thepossibletargetsfor eachpointer

in theprogram[15, 55]. Thereis a trade-off betweentheprecisionof theanalysisandthetime and

spacerequiredto performtheanalysis.Theprecisionof a givenaliasanalysisis oftenclassi�ed in

threemaindimensions,namely�o w-sensitivity, context-sensitivity and�eld-sensitivity [55].

A �o w-insensitive pointeranalysisalgorithmdoesnot considerthe order in which statements

areexecuted.The analysiscomputesa singlepoints-tosetfor eachvariableandthe points-toset

mustbeaccuratefor theentireexecutionof theprogram.A �o w-insensitiveanalysiscannotexploit

thefactthata variablemaybekilled, alsoknown asa strongupdate,becausethepoints-tosetmust

bevalid at everypoint in theprogram.

A �o w-sensitive analysisdoesconsiderthe order that the statementsareexecuted. The anal-

ysis computesa points-toset for eachvariableat every point in the program. Storinga points-to

set for eachpointervariablein the programat every statementis very expensive andcansigni�-

cantly increasethespacerequirementsof theanalysis.Oftentheintermediaterepresentationin the

compilerwill renameall of the variablesso that eachvariableis de�ned only once. Performing

1Pointeranalysisis alsoknown aspoints-toanalysis,referenceanalysisor refers-toanalysis.
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a �o w-insensitive analysison an intermediaterepresentationwith variablerenamingwill result in

closeto thesameprecisionasa �o w-sensitiveanalysis[22, 37].

VOID MAIN()
1 int � a = mal loc(:::); ==Al location site A
2 int � b = mal loc(:::); ==Al location site B
3 int � c = mal loc(:::); ==Al location site C
4 int � d = mal loc(:::); ==Al location site D
5 int � e = mal loc(:::); ==Al location site E
6 a = b;
7 foo(& c;&d);
8 foo(& e;&c);

VOID FOO(int � � p1; int � � p2)
1 � p1 = � p2;

Figure2.2: Exampleprogramto illustratethedifferentabstractionsusedfor pointeranalysis.

To clearly describethe differencesin precisiondue to �o w-sensitivity considerthe example

programin Figure2.2. To illustratethedifferences,it is suf�cient to only considerthepoints-toset

for a. The�o w-sensitive points-tosetfor a is: emptybeforeline 1;f Ag betweenline 1 and6; and

f B g afterline 6. Theassignmenton line 1 addsA to thepoints-tosetof a. Theassignmentonline 6

addseverythingfrom thepoints-tosetof b to thepoints-tosetof a. In a �o w-sensitiveanalysis,the

assignmenton line 6 alsokills thepreviouspoints-tosetof a, thereforethe�o w-sensitive points-to

setfor a after line 6 is executedcontainsonly B . The�o w-insensitive points-tosetof a is f A; B g

for all pointsin theprogram.

Eachtime a procedureis calledfrom a differentcalling context, it may take differentparame-

tersor returndifferentobjects.A context-sensitiveanalysiswill analyzeeachprocedureseparately

for every calling context. The context-insensitive analysisusesa singlepoints-tosetto modelthe

parametersandreturnvalueof thecallee.2

Onceagain,considera �o w-insensitive analysisof the exampleprogramin Figure 2.2. The

functionfoo takestwo parameters,p1 andp2. An assignmentis performedresultingin p1 pointing-

to p2. A context-sensitive analysiswould usea separatepoints-toset for the parameterson lines

7 and8. Thusfor a context-sensitive, andinter-procedural,analysisline 7 addsD to the points-

to set of c and line 8 addsthe points-toset of c, f C; Dg, to the points-toset of e. Thereforea

context-sensitiveanalysiscoulddeterminethatthepoints-tosetof c is f C; Dg andthepoints-toset

of e is f C; D ; Eg becauseit differentiatesbetweencalling contexts. However a context-insensitive

analysisusesa singlepoints-tosetfor everycallingcontext, thusthepointsto setfor p1 andp2 are

f C; Eg andf C; D ; Eg, respectively. Accordingly, thecontext-insensitive points-tosetfor c ande

arecalculatedasf C; D ; Eg andf C; D ; Eg, respectively.

2Thecalleeis compiler-speakfor thefunctionthatis calledat agivencall site.Thefunctionwherethecall siteis located
is thecaller.
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Table2.1 shows the points-tosetsfor c ande in Figure2.2. The resultsaregivenvarying the

context- and �o w-sensitivity. For the �o w-sensitive analysisthe points-tosetscorrespondto the

pointsbetweenlines6-7,7-8andafterline 8. Theprecisecontext- and�o w-sensitiveanalyzeshave

the smallestpoints-tosetsfor eachpointer. Converselythe context- and�o w-insensitive analyzes

have theleastprecisionandthelargestpoints-tosets.

�o w
insensitive sensitive

context

insensitive

pt(c) = f C; D ; Eg pt6� 7(c) = f Cg
pt(e) = f C; D ; Eg pt6� 7(e) = f Eg

pt7� 8(c) = f C; Dg
pt7� 8(e) = f Eg
pt8(c) = f C; Dg
pt8(e) = f C; Dg

sensitive

pt(c) = f C; Dg pt6� 7(c) = f Cg
pt(e) = f C; D ; Eg pt6� 7(e) = f Eg

pt7� 8(c) = f Dg
pt7� 8(e) = f Eg
pt8(c) = f Dg
pt8(e) = f Dg

Table2.1: Thepoints-tosetfor c ande from Figure2.2. The �o w-insensitive resultsarevalid for
theentireprogramwhile the �o w-sensitive resultsgiven for the pointsbetweenlines6-7, 7-8 and
afterline 8.

If a pointeranalysisdifferentiatesbetweenthe accessesto each�eld of a structurethenit is a

�eld-sensitiveanalysis.A �eld-insensitiveanalysiswill treata structureasa singleobjectandeach

accessto a �eld is areferenceto theentireobject.For theexampleprogramin Figure2.3thepoints-

to setsof p –>f 1 andp –>f 2 arethesamesetfor a �eld-insensitiveanalysis,namelyf P; Qg. The

�eld-sensitivepoints-tosetfor p –>f 1 is f Pg andp –>f 2 is f Qg.

MAIN()
1 str uct s1f
2 str uct s1 � f 1;
3 str uct s1 � f 2;
4 g;
5 str uct s1 � p = mal loc(:::); ==Al location site P
6 str uct s1 � q = mal loc(:::); ==Al location site Q
7 p� > f 1 = p;
8 p� > f 2 = q;

Figure2.3: Exampleprogramto illustrate�eld-sensitivity in pointeranalysis.

Steensgaard'saliasanalysisis widely usedbecausetheruntimecomplexity is nearlylinearwith

thesizeof thecode,thestoragerequirementsscalewell to largeprogramsandoftenit providesthe

requiredprecision[23, 61]. Theanalysisis uni�cation-based,meaningthatwhenthereis a pointer

assignment,theright-handsidepointeris addedto thealiassetof theleft-handsideandbothof the

6



aliassetsareuni�ed. Theuni�cation allows thealgorithmto avoid having to propagatechangesin

thepoints-tosetandthealgorithmcanreacha solutionwithout thenumerousiterationsrequiredto

reacha �x ed-pointsolution.Steensgaard'saliasanalysisis �o w-insensitiveandcontext-insensitive.

It canbeimplementedto be�eld-sensitive.

For example,considertheprogramgiven in Figure2.4. A diagramof thepoints-toanalysisis

givenin Figure2.5.Figure2.5(a)showsthepointsto setsin thealgorithmafterprocessingline 5 in

Figure2.4. Thealiassetsof b andc areuni�ed in Figure2.5(b)asa resultof assignmentson lines

5 and6. Figure2.5(c),(d), (e) and(f) correspondto processinglines7, 8, 9 and10 in Figure2.4,

respectively. The�nal points-tosetfor a is f b;c;d;e;f ; gg.

VOID MAIN()
1 int � a;
2 int � b = mal loc(:::); int � c = mal loc(:::);
3 int � d = mal loc(:::); int � e = mal loc(:::);
4 int � f = mal loc(:::); int � g = mal loc(:::);
5 a = b;
6 a = c;
7 d = e;
8 c = e;
9 e = f ;

10 g = f ;

Figure2.4: Exampleprogramto illustrateSteensgaard'spointeranalysis.
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Figure2.5: Steensgaard'spointeranalysisfor theprogramin Figure2.4.

Many researchersaredevelopingtechniquesto makeprecisepointeranalysisscalewell andonly

recentlyis pointer analysiswith greaterprecisionbecominga practicaloption. Binary Decision

Diagrams(BDDs) have beenproposedasa space-ef�cient methodto representrelationsin pointer

7



analysis[4, 38, 68, 73, 72]. Alternativesto BDDs suchasZero SuppressedBDDs (ZBDDs) and

Don't-CareBDDs(XBDDs) havealsobeenproposedasanotherspaceef�cient representation[35].

Hardekopf andLin eliminatecyclesfrom inclusion-basedpointeranalysisandreducethe running

time of theanalysisso it canbeperformedon largeprogramsin a reasonableamountof time [21].

Lattner, LenhartandAdve show that a context- and�eld-sensitive analysiscanscaleto programs

with hundredsof thousandslinesof code[31].

2.3 Compiler Infrastructur e

The IBM XL Compilersuite is a widely usedproductioncompiler that supportsC, C++, Uni�ed

ParallelC (UPC)andFortran. TheXL Compilersuiteis a highly developedcompilerwith anag-

gressive programtransformationandoptimizationframework. Thecompileris comprisedof three

main components:the front-end,themiddle-endandthe back-end.Informationis exchangedbe-

tweencomponentsusinganintermediaterepresentationknown asW-code.

Thefront-endof thecompileris alsoknown astheparser. TheXL compilersuitehasa separate

parserfor eachof thelanguagessupported.Thefront-endparsesthesourcecodeandconvertsit to

thelanguage-independentW-codeintermediaterepresentation.TheW-codeis theneithersentto the

middle-endor theback-enddependingon thedesiredlevel of programoptimization.

If theuseris willing to tradecompiletimefor afasterexecutable,thenthemiddle-endis invoked.

Themiddle-endin theXL compileris a link-time optimizerandis alsoknown asthewhole-program

optimizeror theTorontoPortableOptimizer(TPO).TheTPOperformsmany importantoptimiza-

tionssuchasinlining, loopoptimizationsandinter-proceduralanalysis.

Theback-end,alsoknown asthecodegeneratoror TOBEY (TorontoOptimizingBackEndwith

Yorktown), takes the intermediaterepresentationfrom the front-endor middle-endandgenerates

machinecodefor thetargetplatform. TOBEY performsoptimizationssuchasinstructionschedul-

ing, constantfolding andregisterallocation.
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Chapter 3

Memory-Pooling-AssistedData
Splitting

Splitting datastructuresis a datareorganizationtechniquethatcansigni�cantly increasethespatial

locality of dataandreducetheruntimeof programsthatuselink-baseddatastructures[10, 14, 26,

63].

Memory-Pooling-AssistedDataSplitting (MPADS) is a framework designedto safelyandauto-

maticallysplit pointer-baseddatastructureswithoutaddingpadding.MPADS usesapointeranalysis

thatenablesthecompilerto guaranteethatit cansafelysplit agivenstructureevenwhentheprogram

is written in a weakly-typedlanguagelike C or C++.

3.1 Identifying Structuresto Transform

Thecompilermustbeableto identify candidatedatastructuresandensurethat the transformation

will notcauseacorrectprogramto crashor exhibit errors.Thechallengeof transformingC andC++

programsis thatthey arenot typesafe.For splitting datastructureswe arenot concernedaboutthe

typeof thedata.Ratherwe areconcernedaboutthelayoutof thedatabecausewe arenot changing

how it is used,only whereit is located.

Thede�nition of structurelayoutusedfor MPADS is that thebyte-level view of thestructures

mustbe thesamefor thestructuresto be consideredthesamelayout. Formally, if two structures,

s1 ands2, have the samenumberof �elds andevery �eld, f i , in both structuresat a given offset

are the samelength, then they are consideredto have the samelayout ( i.e., lengthof(s1:f i ) =

lengthof(s2:f i ) AND o�set (s1:f i ) = o�set (s2:f i ) ).

For a transformationto be safethe candidatestructuresmusthave thesamelayoutandall the

pointeraccessesto the candidatestructuresmustbe consistentwith that layout. The reasonwhy

pointeraccessesto thecandidatestructuresmustall have thesamelayout is becausewhenwe split

thestructuresandreorganizethedatain memory, weneedto modify thepointeraccessesby chang-

ing the addresscalculationfor accessesto the �elds. If two structureswith different layoutsare
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in the samealiasset, the structurecannotbe transformedbecausemodifying the �eld accessesis

unsafe.Transformingthepointermaybeunsafebecausethepointermayaccesstwo differentstruc-

tureswith a differentlayoutsandthe�elds thatwereoriginally locatedat thesameoffset from the

startof thestructurearenow in differentlocations.

Safecandidatesare identi�ed by analyzingthe resultsof a pointeranalysisandthencombin-

ing the aliassetswith information from the compiler's symbol table. The symbol tableprovides

informationaboutthelayoutof theobjectandthepointeranalysisallows thecompilerto determine

whichpointersarealiased.

Thepointeranalysisusedis aninter-proceduralSteensgaard'sstyleanalysis[61]. Steensgaard's

pointeranalysisis a �eld-sensitive,�o w-insensitiveandcontext-insensitiveuni�cation-basedanaly-

sis.Theanalysiswaschosenbecauseit scalesto largeprogramsandis �eld-sensitive.

It is importantfor thealiasanalysisto be�eld-sensitive,becausestructuresoftencontainmany

�elds of differenttypesandthecoarsegranularityof �eld-insensitivity would resultin missedop-

portunities.If thepointeranalysisdid notdifferentiatebetweenthe�elds, it is likely thatevery �eld

in the objectwould be aliasedwith the pointerto the structure.Whenthepointerto the structure

andthe�elds arealiasedin a structurewith different�eld types,thesplitting opportunitywould be

unnecessarilyabandoned.

The pointeranalysisprovidesmoreinformationthensimply a checkfor safety, it is alsoused

to determinein which poolsthecandidatestructuresshouldbeallocated[29]. Usinga uni�cation-

basedaliasanalysistypically resultsin all of thepointersthataccessaparticulardatastructureto be

in thesamealiassetbecausethepointersusedto accessthedataarebeuni�ed. Differentaliassets

representdifferentobjectsandarebeallocatedin differentpools.

3.2 Memory Pooling

Memorypooling is thebasisfor theMPADS transformationandis an integral partof the transfor-

mation.Thusbeforedescribinghow MPADS splitspointer-basedstructures,it is usefulto describe

thememorypoolingmechanismusedin MPADS.

Whenobjectsareallocatedin theheap,it is possiblethattwo differentobjectscouldbeallocated

in an interleaved pattern. With suchallocation,objectsfrom two differentdatastructurescould

endup in thesamecacheline, resultingin poor locality anda pollutedcacheif the structuresare

transversedindependently. Memorypoolinggroupssimilarobjectstogetherin poolsto improvethe

spatiallocality of thedata.

For example,considerthe interleavedallocationof two structures,A andB . If theallocations

areperformedusinga standardallocationroutinesuchasmalloc thenthedatalayoutmay look

like Figure 3.1(a). However, if a pool allocationstrategy is usedthe datalayout will look like

Figure3.1(b).After pooling,thespatiallocality betweenthetypeA structureshasimprovedandthe

sameis truefor thetypeB structures.If structuresA andB havethesamelayoutandarealiased,it
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Figure3.1: An exampleof two differentstructures,A andB , with interleavedheapallocations.(a)
The allocationsperformedwithout pooling. (b) The allocationsperformedin the sameorderbut
usingamemorypoolingallocationmethod.

is possiblethatthey will beallocatedin thesamepool.

3.2.1 Memory Allocation Library

The standardmemoryallocationfunctionsdo not provide supportto allocatea groupof objects

together. Thus, a memoryallocationlibrary that can allocatesimilar objectsin a pool must be

created.The memoryallocationcalls aresimilar to thoseprovidedin thestandardC library, only

the memoryallocatedfor eachobjectwill be in a pool that is managedby the memoryallocation

library.

Thememoryallocationfunctionstakeastructure identi�er asa parameter. Thestructureidenti-

�er is usedto tell thememoryallocationlibrary whichallocationsgetgroupedtogether.

APIs

The Memory Allocation Library must provide supportfor the commonmemoryallocationcalls

foundin thestandardC library. This includesmalloc , calloc' andfree . Althoughrealloc

is a commonmemoryallocationfunction, memorypooling andstructuresplitting is designedfor

caseswherethe data is allocatedone item at a time. In all of the benchmarkstested,not one

candidateusedrealloc . If morefunctionality is needed,the library canbe extendedto support

moreallocationfunctionsin thefuture.CurrentlythesupportedAPIsare:

� void* pool alloc(unsigned int struct id, size t struct size, size t

pool size);

� void* pool calloc(unsigned int struct id, size t num objs, size t

struct size, size t pool size);

11



� void pool free(void* ptr, unsigned int struct id);

Memory Pools

The Memory Allocation Library will managea setof poolsfor eachdatastructure.Distinct data

structuresare identi�ed by the structureidenti�er, struct id , that is passedinto the allocation

function. The poolshave a �x ed size, typically the samesizeas,or larger than,a page. Data is

allocatedcontiguouslywithin thepool until thepool is full. Whenthepool is full, anotherpool can

beallocatedandmorememorycanbeallocatedin this newly createdpool.

Memorycanbefreedfrom thepoolsby usingtheMemoryAllocationLibrary'sfree function.

The freedobjectsarestoredin a list andthe memorycanthenbe assignedto anotherallocation.

Whenall of thememoryin thepool is freed,thepoolcanbereclaimed.

Usingmultiplepoolsto storethedatafor eachdatastructureallowsMPADS to useonly asmall

amountof additionalmemorywhile not limiting theframework to a �x ednumberof structuresthat

canbeallocated.

3.2.2 Compiler Transformation

The compilercanusethe resultsof the pointeranalysisto differentiateobjectsandallocateeach

structurein its own pool. To do this, the compiler must �rst determinewhich structuresshould

be allocatedin the samepool andthenmustreplacethe memoryallocationcalls with calls to the

custom-madeMemoryAllocationLibrary.

Thecompilerstartsthetransformationby executingthepointeranalysisandcollectingall of the

aliassets.Thealiassetsarethenanalyzedto determinewhichonesarevalid candidates.Eachalias

setthat is identi�ed asa candidateis assigneda structureidenti�er. All of the structuresthat are

accessedby theelementsin thealiassetwill beallocatedin thesamepool. Essentially, eachalias

setrepresentsa distinctobjectandwill beallocatedin its own pool.

The aliasanalysishasbeenmodi�ed to collect the allocationsitesduring the samepassthat

performstheanalysis.Theallocationsitesareassociatedwith analiassetandwhentwo aliassets

areuni�ed the list of associatedallocationsitesis alsouni�ed. Allocation sitesare identi�ed by

calls to malloc , calloc , realloc , alloca , valloc , strdup , memcpy, memalign and

posix memalign . Currentlythe transformationis only performedif theallocationsite is a call

to the malloc or calloc functionsin the standardC library. If anotherallocationfunction is

found the transformationis abandoned.The usageof other memoryallocatorssuggeststhat the

programmermaynotbecreatingastandardpointer-basedstructureor thatthey aremanuallytuning

their applicationandsplittingmayactuallyharmperformance.

The compileriteratesthroughthe list of allocationsitesfor eachcandidateandtransformsthe

allocationto thecorrespondingcall from thememoryallocationlibrary. Thestructureidenti�er from

thealiassetis passedasthestruct id parameterto theallocationfunction.
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A list of thedeallocationsitesis alsocreatedduring the aliasanalysis.The sameprocessthat

wasperformedfor the allocationsitesis performedfor deallocationsites. If the object is �agged

to betransformed,thedeallocationsitesarealsochangedto usethecorrespondingfunctionsin the

MemoryAllocationLibrary.

3.3 Structure Splitting

Memorypoolingcanincreasethespatiallocality of databy groupingor poolingsimilar structures

together. Memorypoolingworkswell whena traversalof a datastructureaccessesall or many of

the �elds in a nodeof theaggregatestructurebeforemoving to thenext structure.However, quite

oftena traversalof anaggregatedatastructuremayonly accessasmallfractionof the�elds in each

structure.Theun-accessed�elds mayshareacacheline with the�elds thatwereaccessed,polluting

thecacheandusingvaluablememorybandwidth.Structuresplitting is a techniquethatcanaddress

this problem.

Whena structureis split, all of the similar �elds in eachstructurearegroupedtogether. For

example,all of the �rst �elds in a structureareallocatedneareachother, all of thesecond�elds in

astructureareallocatedneareachotherandsoon. Theresultis thatthe�elds with thesameoffsets

in differentstructureshavegoodspatiallocality.

Figure3.2 givesan exampleof how threestructures,A, B andC areallocatedboth with and

without splitting. Eachstructurein theexamplehas4 �elds, f 1, f 2, f 3 andf 4. Whenstructures

areallocatedwithout splitting, like in Figure3.2(a),the �elds of eachstructurearelocatednext to

eachother(i.e., A:f 1, A:f 2, A:f 3 andA:f 4 havegoodspatiallocality). WhenMPADS is usedthe

datais organizedasshown in Figure3.2(b). In thesplit version,�elds A:f 1, B :f 1 andC:f 1 now

havegoodspatiallocality.

Splitting datastructurescan improve performancein several ways. If the traversalof a data

structureonly accessesa few �elds of thestructure,thensplittinggreatlyincreaseslocality, reduces

thesizeof theworking set,reducesthememorytraf�c anddoesnotpollutethecache.Splitting the

dataalsocreatesdatastreamsthat canbe prefetchedby thehardwareprefetchers.Most hardware

prefetchenginescansupportprefetchingof multiplestreamsof datasimultaneously.

For splitting structuresthereare threecommonmethods:af�nity-based splitting, frequency-

basedsplitting andmaximalsplitting. Af�nity-based splitting typically requiresa pro�ling run to

analyzeanddeterminetheaf�nity of the�elds in astructure.Fieldswith ahighaf�nity aregrouped

togetherandthenthe structureis broken into groupsbasedon the �eld af�nity . Frequency-based

splittingalsoneedsinformationabouthow ofteneach�eld is accessedandthis is typically obtained

from a pro�le. The �elds are groupedinto frequently-accessed�elds, known as hot �elds, and

infrequently-accessed�elds, or cold �elds. Thestructureis split to separatethehot andcold �elds.

Maximal splitting doesnot groupany of the �elds in a structuretogether, it completelyseparates

every�eld in thestructure.Figure3.2(b)is anexampleof maximalsplitting. No �elds from asingle
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Figure3.2: An exampleof (a) threestructuresallocatedwithout splitting and(b) threestructures
allocatedwith MPADS MaximalSplitting.

structurearegroupedtogether. Each�eld from thestructureis groupedwith the �elds from other

structuresat thesameoffset. A studyof datasplitting techniqueshasshown thatmaximalsplitting

canachieve the bestor nearbestperformancewhencomparedwith af�nity- andfrequency-based

splitting [70]. MPADS usesmaximalsplitting.

WhenMPADS splits structuresit removesthe paddingandeliminatesany �elds that arenot

referencedin theprogram.Paddingis typically insertedby thecompilerto minimizecachecon�icts

or becausethe instructionsetarchitecturerequiresthat fetchesbe alignedby a certainsize to be

ef�ciently executed.Moving thedataessentiallyinvalidatesthereasoningfor addingpaddingto a

structurebecausethe datawill no longerbe locatedat the original site. Thusthe paddingcanbe

eliminatedby thestructuresplitting transformation.

MPADS only worksfor splitting link basedstructuresandis not designedfor splitting arraysof

structures.Zhaoet al. [70] andZhonget al. [71] have developedtechniquesfor splitting arraysof

structures.

A major challengewhensplitting the structuresis transformingthe addresscomputation.The

new addresscomputationmustbe ef�cient becausememoryreferencesoccurfrequently. The ad-

ditional overheadfrom addinginstructionsfor the new addresscomputationmay not be offset by

performanceimprovementfrom increasingdatalocality. To reducetheoverheadof addresscalcu-
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lation MPADS usestwo differenttechniquesfor structuresplitting dependingon the layoutof the

structure.

3.3.1 Uniform Structure Splitting

If all of the�elds in thestructureareof thesamelengththentheaddresscomputationis simplerand

moreef�cient thenthecasewherethe �elds aredifferentlengths.WhenMPADS splitsstructures

whereevery �eld in thestructureis thesamelengthit is referredto asuniform structuresplitting.

In general,accessinga �eld via pointerp is calculatedas: *(p + o�set ) wheretheo�set is the

numberof bytesfrom the startof the structure,typically a small valuesuchas4, 8, 30, etc. The

transformedpointerdereferenceis still computedas*(p + o�set ) only now theo�set will beamuch

largervalue.Thenew offsetfor �eld f i usinguniform splittingcanbecalculatedas:

�eld i o�set = �eld length � num structs per pool � i (3.1)

Theaddresscalculationcanbe seengraphicallyin Figure3.3. Sinceeachof the �elds arethe

samelengththestartof �eld f i will beat thesamedistancefrom thestartof its sectionof thepool

asthepointeris awayfrom thestartof thepool. Therefore,addingupthesizeof all of the�elds that

canbestoredin-betweengivestheoffsetthatneedsto beaddedto thepointerto accessthecorrect

�eld.
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Figure3.3: Pointeraccesswith MPADS uniformmaximalsplitting.

If thetargetprocessorhasabaseplusoffsetaddressingmode,thereis likely a limited numberof

bitsavailableto usefor theoffset.Thiswill not limit theapplicabilityof themethod;eitherthepools

couldbemadesmalleror anadditionaladdinstructioncouldbeusedbeforethememoryaccess.
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3.3.2 Non-Uniform Structure Splitting

Non-uniformstructuresplitting refersto splitting structuresthat arecomprisedof �elds that have

differentlengths.The�elds arestill allocatedin thepool andsplit maximally, but becausethe�eld

lengthsarenot thesame,theaddresscalculationis morecomplicated.

Onedrawbackof usingmultiple pools for splitting structureswith differentsize �elds is that

whena data�eld in a pool needsto be accessed,the start of the pool that it residesin must be

identi�ed in orderfor theindex of theobjectto becomputed.

For example,considerapool thathasseveralobjectsallocatedin it, shown in Figure3.4.Let the

lengthof �elds 1, 2, 3 and4 be2, 4, 4 and8, respectively.
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Figure3.4: Exampleillustratingwhy theindex in thepoolmustbeknown for non-uniformsplitting.

Assumethatthereis apointerp andtheapplicationwantsto access�eld f 3, p� > f 3. Assume

that thereare100structuresin thepool andp pointsto the third objectallocated.Calculatingthe

offset similar to Equation3.1 would give (2 � 100) + (4 � 100) = 600. However, this offset is

actually4 bytesshortof thelocationthatshouldbeaccessed.Thedottedarrow in Figure3.4shows

thedatathatwould beaccessedif theoffsetwas600bytes.Thus,to accessthecorrectlocationwe

needto know how many objectshave beenallocatedin thepool beforethestructurereferencedby

thepointer.

It is usefulto give anintuitive explanationof thenew addresscalculationbeforedescribingthe

formal addresscalculationthatcanbefoundusingEquations3.2,3.3and3.4. Figure3.5shows an

exampleof a structureallocatedin a pool. Thebasicideabehindtheaddresscalculationis to �nd

distanceof the �eld we aretrying to accessfrom thestartof thepool. To do this we needto know

how many otherstructureshave beenallocatedin thepool up to andincludingthestructurewe are
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Figure3.5: Pointeraccesswith MPADS Non-UniformMaximalSplitting

trying to access,we refer to this asthe index. For example,the index of structurep in Figure3.5

is 3. Now to �nd thedistancefrom thestartof thepool we needto addup theamountof thepool

occupiedfor the �elds beforethe �eld we areaccessing.In addition,we needto addto theoffset

the spaceoccupiedby thenumberof �elds allocatedbeforethe �eld we aretrying to access.For

example,in Figure3.5 this would be two timesthesizeof the third �eld in thestructure.Finally,

sinceweareaddinganoffsetto p andnot from thestartof thepoolwe needto subtractthedistance

from p to thestartof thepool.

UNSIGNED INT GENBITMASK( INT poolSize)
1 unsigned int ret = 0
2 int seen a 1 = 0
3 for i = 0 to sizeof (unsigned int ) � 8
4 do
5 seen a 1 = seen a 1 k (poolSize & (0x01 << i )
6 if seen a 1 ! = 0
7 then
8 ret = B itw iseOR(ret; (0x01 << i ))
9

10 ret = B itw iseX OR(ret; 0xF F F F F F F F )
11 return ret

Figure3.6: Algorithm to createthebit maskusedfor maskingthepointers.

Using the runtime library to searchfor the start of the pool that the pointer belongsto and

thenreturningits index in thepool would beexpensive. To make addresscalculationinexpensive,

MPADS alignsthememoryallocatedfor the poolson boundariesthat aremultiplesof the sizeof
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the pool. If the poolsarealignedthena simplebinary and canbe usedto �nd the index of the

object.Thebit mask,mask, canbecalculatedusingthefunctiongivenin Figure3.6. Thebit mask

is calculatedatcompiletimeandtheconstantthatis returnedis usedin theaddresscalculation.The

index of theobjectcanbefoundasfollows:

index =
p & mask
sizeof (f 1)

(3.2)

num structs per pool =
pool size

P
i sizeof (f i )

(3.3)

�eld i o�set =

8
<

:

0 for i = 1
P i � 1

j =1 (sizeof (f j ) � num structs per pool) + for i > 1
(sizeof (f i ) � index) � (p&mask)

(3.4)

Thecalculationof �eld i o�set from Equation3.4 is shown graphicallyin Figure3.5. All of

thesubexpressionsin Equation3.4 exceptfor index andp areknown at compiletime andcanbe

folded to further reduceoverhead.As well, sizeof (f i ) is typically a power of 2 andthe compiler

canusea strengthreductionto replacethedivisionwith a bit-shift operation.1

3.3.3 Changesto the Memory Allocation Library

Callsto theallocationanddeallocationfunctionsarestill interceptedthesamewayaspoolallocation

but a slightly different function mustbe used. The allocationfunction for structuresplitting still

groupssimilar objectstogether, but the locationandpatternof the memoryfor each�eld that is

allocateddiffersfrom thepool allocationroutines.

Themain differencebetweentheallocationfunction for structuresplitting andpool allocation

is that thepool allocationlibrary returnsaddressesthatareseparatedby the lengthof thestructure

while theallocationfunctionfor structuresplitting returnsaddressesseparatedby thelengthof the

�rst �eld. This is bestexplainedwith anexample.

Assumethat thepool sizeis 4k andwe areallocatinga 16-bytestructureconsistingof four 4-

byte �elds. A call to thepool allocationfunctionreturnsmemoryaddressm. Thusthememoryin

locations[m; m + 15]hasbeenallocated.Thememoryin [m; m + 3] hasbeenreservedfor the�rst

�eld, [m + 4; m + 7] for thesecond�eld andsoforth. Thesecondcall to thepoolallocationfunction

will returnm + 16andthememoryin [m + 16; m + 31]hasbeenallocated.

Usingthesameexample,thestructuresplittingallocationfunctionwouldreturndifferentaddress

andreservedifferentareasin thepool. In this examplethereare4 �elds, each�eld will occupy one

quarterof the pool or 1024bytes. The �rst �eld of the �rst objectallocatedin the pool will be

locatedatm andthefunctionwould returntheaddressm. Thesecond,third andfourth �elds of the

1The sizeof (f i ) is known at compile time becausethe length of each�eld in the structuremust be known for the
transformationto beidenti�ed assafe.
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�rst objectwould belocatedat m + 1024, m + 2048andm + 3072, respectively. The�rst �eld in

thesecondobjectallocatedin thepool will be locatedat m + 4 with thesecond,third andfourth

�elds of thesecondobjectbeinglocatedat m + 1028, m + 2052andm + 3076, respectively.

Thereareafew otherminorchangesthatneedto bemade.For non-uniformsplitting,poolsmust

bealignedby thepoolsizeandareallocatedusingtheposix memalign systemcall. As well, for

bothtypesof structuresplittingwerequirethatthepoolsizebeknown atcompiletimeto reducethe

costof addresscomputation.To makethememorylibrary more�e xible, thepoolsizecanbepassed

in asa parameter. Thecompilerautomaticallygeneratesthis parameterandusesthesamevaluefor

theaddresscalculation.

The APIs for the splitting functionsare the sameas the pool allocationfunctionsexcept that

they alsoincludeparametersfor thesizeof the�rst �eld in thestructure,thismustbeknown for the

allocationfunctionto returnthecorrectaddress.

� void* split alloc(unsigned int struct id, size t first field size,

size t struct size, size t pool size);

� void* split calloc(unsigned int struct id, size t first field size,

size t num objs, size t struct size, size t pool size);

� void split free(void* ptr, unsigned int struct id);

Selectingthesizefor thepoolsis animportantconsiderationfor splittingandcanvarydepending

on the application,input selectionand target machine. Ideally, an oraclewould allow the pool

allocationlibrary to determineexactlyhow muchdatawill beallocatedin eachpoolandthememory

allocationlibrary would only needto createonepool for eachdatastructure.Unfortunatelysuchan

oracledoesnotexits sowe proposea rangeof poolsizes.

If memoryrequirementsare tight, as may be the casefor embeddedapplications,the space

overheadwouldbeamortizedoutquickerusingsmallerpools.Theminimumsizefor poolallocation

andsplitting to startyielding returnsis thesizeof thecacheline dividedby thesizeof thesmallest

�eld in thestructuretimesthesizeof thestructure.This way each�eld in thepool �lls at leastone

cacheline. Usingthesameideabut replacecacheline with virtual pageis apracticalupperlimit for

thesuggestedrange.

3.3.4 Compiler Transformation

For splitting, thecompileridenti�es thecandidatestructuresandinterceptsthecallsto thememory

allocationanddeallocationfunctions,thesameasmemorypoolingonly usingthestructuresplitting

allocationcalls.Oncethecandidateshavebeenidenti�ed, andtheallocationfunctionschanged,the

compilerthenneedsto updateall of theaccessesto �elds of thestructure.

To changepointeraccessesthecompilerrecursively traversestheparse-treesearchingfor a load

of anaddressfrom thestackfollowedby aloador store,refereedto asanindirectloador store.Once
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anindirectloador storeis foundthecompilerdetermineswhichaliassetthepointeris amemberof.

If thecorrespondingaliassethasbeen�agged asa candidatefor splitting, theaddresscalculation

usedin theindirect loador storeis changedto useeithertheuniform split or non-uniformsplitting

addressingdescribedin Sections3.3.1and3.3.2.

Theoffset for the �rst �eld in eachstructureis always0 andcanbe accessedwithout a costly

addresscomputation.To try andimprove theperformanceMPADS shouldput themostfrequently

accessed�eld at offset0. Sincepro�le informationis not available,we assumethat the recursive

�elds in moststructuresareaccessedvery frequentlyandMPADS makesthatthe�rst �eld. If there

aremultiple recursive�elds MPADS arbitrarilypicksoneof themto bethe�rst �eld.

3.4 Implementation in the IBM XL Compiler

The MPADS transformationis implementedin theTorontoPortableOptimizer(TPO) in the IBM

XL compiler. MPADS requiredan inter-proceduralpointeranalysisto guaranteesafetyandthusit

is a naturalchoiceto implementMPADS in theTPO,which performswholeprogramoptimization

andanalysis.

TheTPOperformstwo passesover theprogram,the�rst passcollectsinformationandanalyzes

the codewhile the secondpassmodi�es the program. The MPADS framework could easily be

integratedinto the2 passesthattheTPOperforms.Onthe�rst passthepointeranalysisis performed

andcandidatestructuresareidenti�ed andthenon thesecondpassthecandidateallocationsitesand

pointerde-referencesaremodi�ed.

MPADS addedvery little additionaloverheadto thecompiler. ThepointeranalysisthatMPADS

usesis alreadyperformedby the TPO aspart of the Forma array reshapingtransformation[70].

Additionally, MPADS doesnotneedto makeany additionalpassesoverthecodebecausethepointer

analysisprovidesenoughinformationfor the transformationprocessto be donelocally, almostas

thoughit is a peep-holeoptimization.
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Chapter 4

Performanceon Micr o Benchmarks

To determinethepotentialperformanceimprovementprovidedby MPADS, two linked-listandone

binary-treemicro benchmarkswere created. MPADS was usedto automaticallyreorganizethe

datastructuresin the micro-benchmarksand the performanceresultswerecollected. The micro-

benchmarksshowedthatMPADS cansigni�cantly reducecachemissesandimprove performance

whencomparedwith both pool allocationand the original versionof the programswithout data

reorganization.

4.1 Experimental Setup

The benchmarksareevaluatedon two differenthardwarearchitecturesandarecompiledwith the

IBM XL compilerat thehighestoptimizationlevel, -O5.

Themachinesusedfor evaluationarea 1.7 GHz Power4machineanda 1.9 GHz Power5ma-

chine.Thepertinentinformationaboutthememoryhierarchycon�gurationof eachmachineis given

in Table4.1andthememorylatency for eachlevel of thememoryhierarchyis givenin Table4.2. 1

Both processorsusea hardwareprefetcherthat canidentify stridedaccesspatternsandautomati-

cally performprefetching. An interestingarchitecturaldetail is that the L3 cacheon the Power5

architectureis avictim cache[43].

All of thetiming resultsarecalculatedby takingthesmallestrunningtime from 10 runsof the

application.Theperformancemetricsaregatheredusingthetcounttool thatmonitorsthehardware

countersandaregatheredduringaseparaterunsothatit doesnotaffect thetiming results[65].

4.2 Micr o Benchmarks

4.2.1 Link ed List 1

TheLinkedList 1 benchmarkcreatesa linked-listwith 1.5million nodeswhereeachnodecontains

� ve �elds. The� ve �elds in thestructurearedifferentsizes.Thelist is initializedandthentraversed
1InformationaboutthePower4andPower5machineswascollectedfrom varioussources[19, 27, 41,42].
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Power4 Power5
L1 DataCache 32kb 32kb

2-wayassociative 4-wayassociative
128bytecacheline 128bytecacheline

L2 Cache 1.44Mbsharedperchip 1.9Mbsharedperchip
8-wayassociative 10-wayassociative
128bytecacheline 128bytecacheline

L3 Cache 32Mbperchip 32Mbperchip
8-wayassociative 12-wayassociative
512bytecacheline 256bytelines

TLB 1024entries 1024entries
4-wayset-associative 4-wayset-associative

Table4.1: CacheCon�guration

Power4 Power5
L1D Cache 1 4
L2 Cache 8 - 12 14
L3 Cache 118 80
Main Memory 250 351

Table4.2: MemoryHierarchyLatency

1000times. To simulatean interleaved allocationwith anotherstructure,100 bytesareallocated

betweenthelist nodes.

Thereare two versionsof the Linked List 1 benchmark,namelyLinked List 1A andLinked

List 1B. Thedatastructureis thesamebut thetraversalmethodis different. In theLinkedList 1A

programall of the �elds in eachnodeareaccessedbeforethetraversalcontinuesto thenext node.

Thelist is traversed1000timesin this fashion.Alternatively, for LinkedList 1B aseparatetraversal

is performedthatwill only accessone�eld from thestructureandthenext pointer. Essentiallythis

traversalonly accessesone�eld in thenodebeforemoving to thenext node.This is preformed1000

timesfor each�eld beforetraversingthenext �eld in thestructure.

Thetwo benchmarkswerenotdesignedto becompared.Thereasonthatthetwo differentaccess

patternswerechosenis to testif structuresplitting couldimprovetheperformanceof bothtraversal

patterns.

Thesourcecodefor LinkedList 1A andLinkedList 1B canbefoundin listingsB.1 andB.2 of

AppendixB.

4.2.2 Link ed List 2

Linked List 2 usesa large linked-list datastructurewith 2.1 million nodeswhereeachnodehas

10 4-byte�elds. Each�eld in the structureis traversed100 times, i.e., the structureis traversed

100timesaccessingonly the�rst �eld, thenthestructureis traversed100timesaccessingonly the

second�eld, andsoforth.
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This benchmarkwastestedboth with andwithout dataallocatedbetweenthe list nodes.Data

allocatedbetweenthelist nodesis 40-byteslongandis refereedto asinterleavedallocation.

4.2.3 Binary Tree

TheBinaryTreebenchmarkis essentiallythesameastheLinkedList 2 benchmarkbut abinarytree

datastructurereplacesthe linkedlist datastructureused.Thestructureis traversedin a depth-�rst

orderaccessingone�eld at a time. Each�eld in thestructureis traversed100times.

Similar to LinkedList 2, this benchmarkis testedbothwith andwithout dataallocatedbetween

thenodesof thelist. Theinterleavedallocationsare40-byteslong.

4.3 PerformanceResults

For everyoneof themicrobenchmarks,MPADS improvedapplicationperformancecomparedwith

thebaselineandmemorypooling.MPADS improvedperformancebecauseof theimprovedmemory

locality andbetterutilization of thememoryhierarchy.

Thespeedupfrom usingMPADS andmemorypoolingis shown in Figure4.1. Thebaselinefor

comparisonis a programcompiledwith thehighestlevel of optimization,-O5. MPADS performed

signi�cantly betterthenmemorypoolingonboththePower4andPower5architectures.Thespeedup

for MPADS rangedfrom a 1.47 fold to 12.36fold improvementwhile pool allocationreceived a

speed-upof 1.21fold to 4.11fold.
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Figure4.1: Speedupona(a)Power4and(b) Power5.

BothMPADS andmemorypoolingwereableto successfullypool theinterleavedallocations.In
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Figure4.1 it canbeseenthat thebenchmarkswith the interleavedallocationshada largerspeedup

then the benchmarkswithout the interleaved allocations. The reasonthat thosebenchmarkshad

greaterperformanceimprovementsis becauseboth MPADS andpool allocationplacedthe inter-

leavedallocationsinto separatepoolsandkepttheinterleaveddatafrom wastingmemorybandwidth

andpolluting thecache.

Lookingat thenumberof instructionsexecutedandtheaveragenumberof cyclesperinstruction

(CPI) canhelp provide a pictureof the impactthat the transformationis having, theseresultsare

provided in Figures4.2 and 4.3. As expected,the additionaladdresscalculationinstructionsin

MPADS increasedthe numberof instructionsexecuted,but the improveddatalocality resultedin

fewerstallsandalowerCPI.Thelargestreductionof CPIon thePower4wasfor benchmarkLinked

List 2 with the interleaved allocations,droppingfrom 10.23to 0.81. On the Power5, the largest

reductionof CPIwasfor benchmarkLinkedList 1B droppingfrom 9.35to 1.21.
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Figure4.2: Dynamicinstructioncountona (a)Power4and(b) Power5.

A somewhatunexpectedresultwasthatpool allocationreducedthenumberof instructionsex-

ecuted. Examiningthe standardC library showed that comparatively, the pool allocationlibrary

callsarerelatively ef�cient becausethey allocatelargepoolsof memoryandthenjustassignasmall

chunkof thepoolfor eachallocationcall. Thishelpsto minimizetheoverheadof allocatingmemory

andresultsin fewer instructionsbeingexecutedthenthebaseline.

Eventhoughthenumberof instructionsexecutedincreasedwith MPADS, the time requiredto

executethe programdecreased.The programsrunsfasterbecausethe transformationreducedthe

sizeof theworkingsetandwasableto betterutilize thehardwareprovidedin thememoryhierarchy.

The TranslationLookasideBuffer (TLB) is a small table in the CPU that is usedto translate
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Figure4.3: Cyclesperinstructionona (a)Power4and(b )Power5.

virtual addressesinto physicaladdresses.If the working set is small enough,all of the address

translationscanbequickly handledusingtheTLB. If a virtual addressis not foundin theTLB then

theCPUwill typically trapto theoperatingsystemandwalk thepagetablesto computetheaddress

translation.TLB missescanbevery expensive. ThePower4and5 architecturesuseseparateTLBs

for dataandinstructions,abbreviatedastheDTLB andITLB, respectively. SinceMPADS performs

a datatransformationwe areonly interestedin theDTLB performance.

Thenumberof DTLB missesaregivenin Figure4.4.Everybenchmarkhadthefewestnumberof

DTLB misseswhencompiledwith theMPADS optimization.ComparingMPADS with thebaseline

andpool allocation,it is clearthatstructuresplitting hadfewer TLB missesandthis resultis likely

causedfrom reducingthesizeof theworkingset.For thebenchmarks,MPADS reducedthenumber

of DTLB missesby at leasta factorof 4 from thebaseline.Somebenchmarkssaw animprovement

of morethen9 timesfewermisses.

With memoryaccessestakinghundredsor eventhousandsof cycles,having thedatain cacheis

critical to continuefrequency scalingasa meansof improving applicationperformance.MPADS

reducesthesizeof theworking setandthis reductionshouldallow moreitemsto �t in cache.As

well, datasplitting canhelp prefetchthe dataimplicitly, becausethe �elds will be locatedon the

samecacheline. Datasplittingwill alsohelpwith explicit prefetchingprovidedby hardwaresupport

becausethedatais organizedinto streams.

TheL1D cachein thePower architecturesis local to eachprocessorcoreandthereareseparate

dataandinstructioncache.Thenumberof L1D missesaregivenin Figure4.5. MPADS hadfewer

L1D missesthenmemorypooling on every benchmarkexcept for Linked List 1A. SinceLinked
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Figure4.4: DTLB Missesona(a)Power4and(b) Power5.

List 1A accessedevery �eld in the structureduring eachtraversalits not surprisingthat structure

splittingperformedworsethanmemorypoolingat theL1 level wherethecacheis small. It is worth

noting thatMPADS wasonly marginally worsethanmemorypoolingon LinkedList 1A andstill

reducedthenumberof L1D missesby 35 timesfrom the baseline.The LinkedList 2 andBinary

Treebenchmarkscompiledwith MPADS hadupto 17xfewerL1D missesthenmemorypoolingand

up to 35x fewerL1D missesthenthebaseline.

Like the L1 cache,therewerefar fewer L2 andL3 cachemissesusingMPADS. The number

of L2 cachemissesaregiven in Figure4.6 andthe numberof L3 missesaregiven in Figure4.7.

For both the L2 andL3 cachesthe largestreductionof cachemisseswason the Linked List 1A

benchmark.For thisbenchmark,thedifferencesbetweenMPADS andmemorypoolingweresmall,

but MPADS performedbetterthanmemorypooling on the Power4 machinewhile on the Power5

machinememorypooling performedbetter. For all of the otherbenchmarksMPADS performed

betterthanmemorypooling on both architectures.This is not surprisingsincestructuresplitting

reducesthesizeof theworking setandallow datato beprefetchedmoreef�ciently .

It mayseemsurprisingthat,for LinkedList 1A, memorypoolingperformedslightly betterthen

MPADS on the numberof L1D missesyet MPADS hada larger speedupthenmemorypooling.

This result can be explainedby looking at the numberof DTLB misses,MPADS hasabout5%

fewerDTLB missesthanmemorypooling.Thereductionin thenumberof DTLB missesis enough

to offsettheincreasednumberof cachemisses.

ThereasonthatLinkedList 1A and1B werecreatedwasto testif MPADS canperformbetter

then memorypooling when (i) all of the �elds in the structureare accessedcontemporaneously
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Figure4.5: L1D missesona(a)Power4and(b) Power5.
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Figure4.6: L2 missesona(a)Power4and(b) Power5.
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Figure4.7: L3 missesona(a)Power4and(b) Power5.

and(ii) each�eld is accessedindividually. Theresultsfrom the�rst micro benchmarkindicatethat

MPADS hasperformanceatleastequalto poolingfor boththeA andB versionsandcansigni�cantly

outperformmemorypoolingwhennotall of the�elds areaccessedtogether.

Anotherinterestingcomparisonto make is looking at theresultsfor benchmarkswith andwith-

out interleaved allocations. Onceagain,MPADS outperformedmemorypooling in every bench-

mark. For thebenchmarkswithout interleavedallocations,MPADS obtaineda signi�cantly larger

reductionin thenumberof cacheandDTLB missescomparedwith memorypooling.Datasplitting

signi�cantly reducedthenumberof cachemissesat all levelsof thememoryhierarchyfor mostof

thesebenchmarks.

Memorypoolingincreasedthenumberof L3 missesfor thePower4processorrunningtheBinary

Treewithout interleavedallocationsbenchmark.However, poolingdid not increasethenumberof

L3 misseson thePower5or on thebenchmarkwith interleavedallocation.Theincreasednumberof

missesfor pool allocationis likely causedbecausethereis no dataallocatedbetweenthedataand

thebaselineallocateseverythingcontiguously. Whenpoolallocationis appliedthedatais allocated

in poolsbut thepoolsmaynot becontiguous.Thustheremaybemorespacebetweenthedataand

lesslocality leadingto morecachemisses.MPADS hadfewermissesthenboththebaselineandthe

memorypooling.

MPADS performanceimprovementarenot limited by the layout of the datastructure. When

thelayoutchangedfrom a list to a tree,MPADS still outperformedmemorypoolingandobtaineda

speeduprangingfrom 1.46to 2.35timesfasterthenthebaseline,comparedto a speedup ranging

from 1.10to 1.66for memorypooling.
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Chapter 5

Experimental Evaluation

After verifying that theMPADS performedasexpectedon themicro benchmarks,it mustbeeval-

uatedon larger benchmarksuites. For all of the larger benchmarkstested,MPADS outperforms

memorypooling. For oneof the benchmarks,MPADS cut the executiontime in half, morethen

27% betterthanmemorypooling. However, the resultsfor the restof the benchmarksaremixed.

Many potentialopportunitieswere abandonedbecausethe pointer analysisdid not have enough

precisionand thus the transformationdid not have as large an impactasexpected. As well, the

transformationcausedoneof the benchmarks,health,to have worsecachebehavior andrun 9%

slower thenthebaseline.

5.1 Benchmarks

For theexperiments,benchmarksfrom 3 sourceswereused,SPEC2000,Olden[53] andLLU [74].

TheOldenandLLU benchmarkswerechosenbecausethey have beenusedto evaluatemany code

transformationsthataimto improvecacheperformanceandbecausethey containpointer-baseddata

structures[10, 29, 63]. The SPEC2000benchmarkswerechosenbecausethey are the de facto

standardfor performancemeasurementin theindustry.

The benchmarkstestedarecomprisedof C andC++ programsthat uselinked datastructures.

Thesizeandlayoutof thedatastructuresin thebenchmarksvaries.Somebenchmarksuseastandard

linkedlist while othersusestructuressuchasalinkedlist of linkedlists,or quad-trees.MPADS per-

formsananalysisto identify candidatesto split andshouldbeableto split thestructuresregardless

of thelayout.

Optimizationopportunitiesarenot discoveredin severalof thebenchmarks.Thosebenchmarks

arenot includedin theresultsbecausea transformationwasnotperformedon themandaccordingly

thereis nochangein their performance.
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5.1.1 MissedOpportunities

For theOldenbenchmarks,MPADS wasunableto identify opportunitiesonhalf of thebenchmarks,

namelybisort,mst,perimeter, treeaddandvoroni benchmarks.Thus,resultsfor thesebenchmarks

arenot reportedbecausethey werenotmodi�ed.

Opportunitiesareidenti�ed in only 5 of theSPEC2000benchmarksandtheopportunitiesthat

wereidenti�ed wereresponsiblefor referencingonly asmallfractionof eachapplication'sdata.As

aresultthetransformationdid nothaveameasurableimpactonany of theSPEC2000benchmarks.

Thenumberof opportunitiesidenti�ed andabandonedin eachbenchmarkgivenin Table5.1. The

�rst two columnsreferto thenumberof aliassetsthatweretaggedassafecandidatesfor thetrans-

formationandthe numberof aliassetsthat wereabandoned.The third columnis the numberof

allocationsitesthatMPADS replacedwith callsto thepool allocationlibrary andthelastcolumnis

thenumberof allocationcallsin theprogram.

AlthoughMPADS did not identify any opportunitiesin SPECwebelievethatopportunitiesexist

becauseLattnerandAdve's DataStructureAnalysis(DSA) hassuccessfullyidenti�ed candidates

in SPEC2000[32, 44]. LattnerandAdve's DataStructureAnalysisusesa context-sensitive, �eld-

sensitive, �o w-insensitive uni�cation-basedpointeranalysisthat is moreprecisethenthe Steens-

gaard'sstyleanalysisusedin MPADS. Unfortunately, neitherDSA nor theresultsfrom DSA could

be integratedinto the implementationwithout a considerableamountof effort becausethe results

arecontext-sensitive. Using thecontext-sensitive analysiswould requiremodi�cation of all of the

functionprototypesin theprogramto passin a representationof thecallingcontext sothatdatacan

beallocatedin thecorrectpool dependingon thecallingcontext.

Oneof theSPECbenchmarksthatmaycontainanoptimizationopportunityis ammp. Threeof

themaindatastructuresin ammpcontaindozensof �elds andarevery large.Thestructuresatoms,

nodelistandatomlistare2208,232and232byteseach[1]. Only asmallfractionof the�elds in each

structureareaccessedduringa traversalandthis benchmarkis anexcellentcandidatefor MPADS.

If this structurecould be split it would likely result in a signi�cant speedup.Unfortunately, this

opportunitywasnot identi�ed by MPADS.

The SPECbenchmarkwith the most opportunitiesidenti�ed was gcc. Twenty opportunities

wereidenti�ed in gccbut only 87outof over1500allocationsitesweremodi�ed andtheallocation

sitesthatweremodi�ed did notallocateany signi�cant portionof data.Theotheropportunitieswere

abandonedeitherbecausethealiassetscontaineddifferentaccesspatternsor theallocationsitefor

analiassetcouldnot befound. Thepointeranalysisnot having enoughprecisionis thereasonthat

safeopportunitieswereabandoned.
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NumPools NumPools Allocs Allocs in
Transformed Abandoned Replaced Program

ammp 8 24 8 81
art 0 9 0 12
bzip 0 0 0 38
eon 0 3 0 152
gcc 20 60 87 1563
gzip 0 1 0 17
mcf 0 0 0 7
parser 0 0 0 144
perlbmk 1 3 2 125
twolf 2 24 7 203
vortex 0 0 0 16
vpr 1 37 36 293

Table5.1: LimitationswhentransformingSPEC2000

5.2 Results

For theexperimentson theOlden,SPECandLLU benchmarks,theexperimentalsetupis thesame

asdescribedin Chapter4.1. Thesamemachinesandthesameprocedureswereusedto collect the

results.

Therewasnonoticeableincreasein compilationtimebecausethetransformationusedtheresults

of a pointeranalysisthat the compileralreadyperforms. During the transformation,the compiler

did not have to do any additionalpassesover thecodeasit wasintegratedinto the transformation

phasealreadydoing a passover thecode. The resultwasa very ef�cient implementationthatdid

not signi�cantly affect thecompiletime.

TheMPADS transformationeitheroutperformedor tied theperformanceof memorypoolingon

every benchmark.The speedupfor eachof the benchmarksafter the transformationsis given in

Figure5.1.Both memorypoolingandMPADS hadlargerimpactson thePower4processorthanon

thePower5. On thePower4,MPADS improved5 benchmarksandmemorypoolingonly improved

3. OnthePower5MPADS andmemorypoolingonly improved2 benchmarksbut MPADS improved

LLU by 27%morethenmemorypooling.

TheCPI for thepool allocationandthebaselineeitherstayedroughly thesameor pool alloca-

tion hada sightly higherCPI, shown in Figure5.2. For the MPADS optimizedcodethe CPI was

alwayssmallerthanmemorypooling. Becauseof the addresscalculation,MPADS alsoexecuted

moreinstructionsthanmemorypoolingon all of thebenchmarks.Figure5.3shows thenumberof

instructionsexecuted.

The resultsfor the DataTranslationLookasideBuffer (DTLB) shown in �gure 5.5 arerather

interesting.For healthonthePower4bothmemorypoolingandMPADS causedmoreDTLB misses

but on the Power5 the transformationscausedfewer misses.Conversely, for tsp, MPADS caused

fewer misseson thePower4andmoremissedon thePower5. At �rst glance,theseresultsappear
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Figure5.1: Speedupona(a)Power4and(b) Power5.
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Figure5.2: CyclesPerInstructionona(a)Power4and(b) Power5.

surprisingconsideringthat the TLBs on both processorshave the samenumberof entries[41].

However, thePower5architectureaddeda �rst level datatranslationtablethatcontainsa 128entry

fully associativearray[60].

Perhapsmostsurprisingis that for many of the benchmarksMPADS increasedthe numberof

L1D misses,shown in Figure5.6, yet still obtaineda speedup. Looking at thenumberof L2 and

L3 missesin Figures5.7 and5.8 shows thatMPADS decreasedthenumberof missesat the lower

levelsof cacheandthesereductionsoutweighedthe increasesin L1D misses.Thenumberof L1D

cachemissesincreasedmostlikely becausememorypoolingmovedthetwo structuresfartherapart

andthesmallL1D cacheno longercontainedbothstructures.

The benchmarkhealthperformedworseafter structuresplitting. Looking at the performance

metricsthenumberof instructions,DTLB misses,L1D cacheandL2 cachemissesdidn't change
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Figure5.3: Dynamicinstructioncountona (a)Power4and(b) Power5.

verymuch.However, theMPADS transformationincreasedthenumberof L3 cachemissesandthe

numberof instructionsexecutedresultingin the degradedperformance.Healthperformedpoorly

becauseof the uniquelayout of the datastructureused. Figure 5.4 from Zilles shows the data

structureusedin healthto maintainthepatientlist [74]. Allocating thelist structuresandthepatient

structuresin separatepoolshurt performancebecausethe patientstructureis accessedvia the list

structure.Allocating themin separatepoolsmovesthemfurtheraway. It' s interestingto notethat

splitting structureswon someof the lost performancebackandthe largestslowdown for splitting

was9%while poolallocationslowedthebenchmarkdown by 14%.

Datastructureslike the oneusedin healtharecommonlyusedby programmersandMPADS

shouldbe able to either improve themor abandonthe opportunity. The slowdown appearsto be

causedby pool allocationseparatingthetwo lists. If both lists couldbeallocatedin thesamepool

thiswouldlikely improveperformance.Anotheralternativediscussedin Chapter7.1.2is to abandon

thetransformationif thecompilercandeterminethatit will degradeperformance.
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Figure5.4: Thedatastructureusedin healthto maintainthepatientlist from Zilles [74].
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Benchmarksbh, em3d,power and tsp had much smallerperformanceimprovementson the

Power5comparedto thePower4.Looking at theresultsfor thecacheandDTLB missesshowsthat

therewasa much lesssigni�cant reductionin misseson the Power5. As a result the numberof

cyclesspentstalledonly sightlydecreasedon thePower5andmostof thatgainwaseatenupby the

overheadof theextraaddresscalculationinstructions.

The LLU benchmarksimulatesa linked list andwasproposedasa replacementto the health

benchmarkthat may not be representative of a typical linked list datastructure[74]. This bench-

markreceivedthe largestspeedupfrom MPADS, 2.07on thePower4and1.72on thePower5. It' s

interestingthatthenumberof L1 cachemissesincreasedbut thenumberof DTLB, L2 andL3 cache

missesdecreased.TheL1 missesincreasedbecausethebenchmarkaccessesmany of the �elds in

the list nodesat the sametime andthe reorganizationof the datacausedpoorerL1 cacheperfor-

mance.However, for thelargerL2 andL3 cachesthedatareorganizationallowedthemto prefetch

moredataandsigni�cantly reducedthenumberof cachemisses.
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Figure5.5: DTLB Missesona(a)Power4and(b) Power5.
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Figure5.6: L1D Missesona (a)Power4and(b) Power5.

 0

 1e+07

 2e+07

 3e+07

 4e+07

 5e+07

 6e+07

llutsppower

health

em
3d

bh

L2
 C

ac
he

 M
is

se
s

Baseline
Pool Allocation

MPADS

 0

 5e+07

 1e+08

 1.5e+08

 2e+08

 2.5e+08

 3e+08

 3.5e+08

 4e+08

 4.5e+08

llutsppower

health

em
3d

bh

L2
 C

ac
he

 M
is

se
s

Baseline
Pool Allocation

MPADS

(a) (b)

Figure5.7: L2 Missesona (a)Power4and(b) Power5.
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Figure5.8: L3 Missesona (a)Power4and(b) Power5.
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Chapter 6

RelatedWork

Thefocusof this thesisis datatransformationsfor generalpurposecomputingandtherelatedwork

will be restrictedto this domain. Many datatransformationshave beendevelopedfor scienti�c

computingbut they aregenerallynot applicableto non-numericapplicationsandthuswill not be

covered.

6.1 Manual Data Transformations

Unlesstheperformanceof analgorithmis critical, mostdevelopersarenotwilling to incur theaddi-

tional implementationandcodemaintenancecoststhatarerequiredto performlocality-improving

transformations.Researchershave acknowledgedthis anddevelopedmoregeneraltechniquesand

tools to help programmersmodify their applicationsto reducethe running time. Unfortunately,

many of thetechniquesandtoolsdevelopedstill requirenon-trivial programmerintervention.

Truong,BodinandSeznecinvestigatetwo datatransformationsthatthey call �eld reorganization

andinstanceinterleaving [63]. Field reorganizationgroups�elds thatarereferencedtogetherinto

the samecacheline. It reorganizesthe orderof the �elds in the structures.Instanceinterleaving

splits thedatastructureso that �elds of differentinstancesof a structurearegroupedtogether. To

supporttheinstanceinterleaving technique,they developamemoryallocationlibrary to changehow

thedatais allocated.Instanceinterleaving is similar to MPADS structuresplittingbut it requiresthe

programmersto manuallymodify theirdatastructuresby addingpaddingandreplacingthememory

allocationfunctions.

Chilimbi, DavidsonandLarusmodify the internalorganizationof �elds in a datastructureat

compiletime to improve the locality [9]. Two techniquesareusedto reorganizethe �elds in the

datastructures,structure splitting and�eld reordering. Structuresplitting is usedto increasethe

numberof hot or frequentlyaccessed�elds found in a cacheblock. Structuresplitting increases

spatiallocality andwasshown to reducecachemissratesby 10 to 27%,improving performanceby

6 to 18%. Field reorderingplaces�elds with high temporallocality in the samecacheblock and

moderatelyimproveperformanceby 2 to 3 %. Thealgorithmusedby Chilimbi, DavidsonandLarus
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requirespro�le informationand the splitting is only safefor Java classes.As well, the structure

splitting seperatesthe datainto hot andcold �elds andoutlinesthe cold �elds. A pointer to the

structurewith the cold �elds is kept with the hot �elds andeverytimea cold �eld is accessedan

aditionalpointerdereferenceis required.MPADS structuresplittingperformsmaximalsplittingand

althoughit requiresmoreinstructionsfor the addresscalculationit doesnot requirean additional

pointerdereference.

Chilimbi, Hill andLarusnote that techniquesfor reducingmemorylatency have had limited

successwith pointer-baseddatastructuresandinvestigatemethodsto solve this problem[10]. They

improve the locality of referencethroughtwo dataplacementtechniquesknown asclusteringand

coloring. Clusteringis a techniquethat placesobjectsthat have a high af�nity in the samecache

block. Coloring is a techniqueusedto avoid con�ict missesbetweenheavily usedmemoryloca-

tions. They createtwo methodsnamedccmalloc andccmorph thatuseclusteringandcoloring

techniquesto createa cacheconsciousheapallocator. Thesetechniquesimprovedperformanceby

up to 194%on somebenchmarksbut mostbenchmarksimproved by 10 - 20%. The ccmorph

functiontakesthe�rst nodein a list or a treeandaniteratorasparameters.Theccmorph function

reorganizesthedatastructureto becacheconsciousby placingnodesandtheir childrenin thesame

cacheblock. This techniquerequirestheAPI andfunctionalityof iteratorsandthestructurelayout

to be known by theccmorph function. Transformingthedatain theapplicationrequiressigni�-

canteffort on behalfof theprogrammer. Their techniquesdo not split datastructures.Ratherthey

allocatestructureswith highaf�nity together.

Thenovelty of theproposedtechniquesis that they try andaddresspointer-basedapplications

with semi-automatictechniques.Although they still requiresigni�cant programmerintervention

they areastepin theright direction.

6.2 Automatic Data Transformations

Theareaof researchmostcloselyrelatedto this work is theareaof automaticdatatransformations.

Automaticdatatransformationsareappealingbecausethey aretransparentto theprogrammerand

thecompilercanoftenoptimizeprogramsbetterthentheaverageprogrammer.

Finding a good datalayout is a dif�cult problem. Even if we know the order that memory

locationsareaccessed,theproblemof organizingdatain memoryto minimizethenumberof cache

missescan't besolvedef�ciently or evenapproximatedvery well unlessP = NP [50]. Thusall of

theproposedsolutionsareheuristicsdesignedto improvethenaivelayoutthatis commonlyusedin

productioncompilers.

LattnerandAdve developedoneof the �rst fully automaticandsafedatatransformationsto

successfullytransformdynamicallyallocatedobjectsfor generalpurposeprogramswritten in type

unsafelanguages[29]. They createdan analysiscalledDataStructureAnalysis that is basedon

a context-sensitive pointeranalysis.Their pool allocationautomaticallyidenti�es safecandidates
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to transformand allocatesthem in pools basedon the objectsthat they were aliasedwith. The

pool allocationideaformsthebasefor MPADS pool allocationandotherstructuresplitting frame-

works[24, 58].

Lattner and Adve usedtheir Data StructureAnalysis and pool allocationto safely compress

pointersin linked datastructures[30]. Their systemreduces64-bit pointersto 32-bit pointersby

allowing pointersin thesamepool to index otherobjectsin thatpool usinganoffsetfrom thebase

of thepool. Thesystemreducesthesizeof objectsandallowsmoreobjectsto �t in cacheresulting

in smallerworkingsetsandimprovedapplicationperformance.MPADS attemptsto reducesthesize

of theworking setby reorganizinghow datais placedin memory, opposedto modifying thesizeof

thedata.

Zhongetal. de�ne amodelto measuretheclosenessof referencesin amemorytrace,themodel

is knownasreferenceaf�nity [71]. Zhongetal. show how referenceaf�nity canbeusedfor structure

splitting andarrayregrouping.Fieldswith high af�nity aregroupedtogetherandthenthestructure

is split into groups. Although they performstructuresplitting in a compilerthey assumethat the

languageis type-safeanduseprogrammerinterventionto ensurethat the transformationdoesnot

alter thesemanticsof the program.MPADS doesnot requirea programtraceandguaranteesthat

the transformationis safe. As well, MPADS performsmaximalsplitting insteadof af�nity based

splitting.

Zhaoetal. implementForma, acompilationframework to automaticallyandsafelyreshapesin-

gle instantiatedarrays[70]. Insteadof usingtheaf�nity-basedsplittingusedby Zhongetal., Forma

usesmaximalsplitting andshows thatmaximalsplitting achievesbestor near-bestperformanceon

theSPEC2000andOldenbenchmarks.

RabbahandPalemdevelopacompletelyautomateddataremappingtechniquethatsplitspointer-

basedstructures[51]. Their systemusesa traceof all the�eld accessesin theprogramto determine

the�eld-accessaf�nity . Field accessaf�nity is usedto decidewhich structuresto split. Thecandi-

datestructuresarethensplit maximallysimilar to MPADS uniform structuresplitting from Chap-

ter 3.3.1.However, uniform splitting is theonly splitting mechanismsupportedandthe�elds must

bepaddedsothatthey areall thesamelength.If many �elds in astructurearepaddedthiscanresult

in thedataremappingpolluting thecachemorethenin theoriginalorganization.MPADS only uses

uniformstructuresplitting if all of the�elds in thestructurearethesamesizeandthusdoesnotpol-

lute thecachewith padding.RabbahandPalemalsousea �eld-insensitivepointeranalysiswhereas

MPADS usesamoreprecise�eld-sensitivepointeranalysis.

Shinetal. restructurethe�eld layoutfor dynamicallyallocatedobjects[58]. Their �eld restruc-

turing removesthepaddingin thestructure,groups�elds with high af�nity togetherandperforms

af�nity-basedsplitting. To determinewhich �elds areaccessedtogetherthesystemusespro�le in-

formation. Shin et al. describethe techniqueusedto split the structuresbut do not describehow

to integrateit into a compilationframework nor do they mentionhow they guaranteesafety. Al-
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thoughtheir techniqueis similar to theNon-UniformSplitting techniquedescribedin Chapter3.3.2,

MPADS is differentbecauseit is designedto be safely integratedinto a productioncompilerand

performsmaximalsplitting. As well, MPADS supportsuniform splitting to reducetheaddresscal-

culationoverheadwhenall of the�elds in astructurearethesamelength.Thenumbersobtainedby

Shinetal.'s structurereshapingareslightly betterthenMPADS but they wereobtainedonasystem

with a higherclockspeedandsmallercaches.

Jeon,Shin andHan expandon Shin et al.'s previous work usingstructuresplitting to reorga-

nize objectsallocatedin theheap[24]. The majordifferencefrom their previouswork is that this

systemis implementedin the CIL compilerframework anddoesnot usepro�le information. The

improvementto the �eld restructuringis the additionof a staticanalysisthat usesregular expres-

sionsto representthe �eld accesspattern. The regular expressioncanthenbe usedto extract the

accesspatternandestimatethe�eld af�nity . Onceagain,af�nity-basedsplitting is performed.The

safetyof theirsystemis basedonLattnerandAdve'sobservationthatmostpoolsareusedin atype-

consistentstyle[29]. Jeon,ShinandHanrely on their regularexpressionsto selectcandidatesif the

closureonly contains�elds from asinglenodeandthiswill likely beenoughfor themajorityof the

cases.However, withouta pointeranalysisit is impossibleto guaranteesafetybecause�elds canbe

accessedthroughpointersthatmaynotbecapturedthroughtheir regularexpressionframework.

6.3 Prefetching

Oneof the�rst areasto attemptto reducethestallscausedby highmemorylatency wasprefetching.

If theprogramcouldpredictthefuturememoryreferencesthenthey couldbeloadedto cachebefore

a fetch instructionis issued.Many of the techniquesdevelopedweresoftwarebasedbut recently

hardwareprefetchershavebeenintegratedinto modernCPUs.

Luk andMowry createdthreeprefetchingtechniquesfor recursivedatastructures,greedy, history-

pointeranddata-linearizionprefetching[40]. Greedyprefetchingwastheonly techniquethatwas

implementedintoacompilerframeworkanddidn't requireprogrammerintervention.Thisautomatic

techniqueissuedprefetchesfor thechildrenof thenodethatwasjust fetched.For smallmemoryla-

tency thissimpletechniquecouldimproveapplicationperformanceby asmuchas45%but haslittle

impactwhenmemorylatency is large. The two othertechniquesaredesignedto dealwith larger

memorylatency but they requiredprogrammerinterventionandwerenot automaticalyinsertedby

thecompiler.

Rathertheninsertingsoftwareprefetchesat compiletime Chilimbi andHirzel createa runtime

systemthatpro�les thememoryaccessesof data,determineshot streamsandtheninsertsprefetch

statementsinto thebinaryapplicationat runtime[11]. Thereductionof memorystallswasableto

overcometheoverheadof thepro�ling andanalysis,resultingin performanceimprovementsof up

to 19%onsomeSPECint2000benchmarks.

CahoonandMcKinley usewhole programanalysisto identify pro�table opportunitiesto in-
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sertprefetching[6]. They implementtheir analysis,greedy-pointerprefetchingandjump-pointer

prefetchingin a Java compiler. Jump-pointerprefetchingis similar to Luk andMowry's history-

pointerprefetching,a jump-pointer�eld is addedto eachdatastructure.During the �rst traversal

of the list the last n pointeraccessesarerecordedandinsertedinto the jump-pointer�eld in the

structure.Thuseachstructurenow hasa pointerto theitem thatis referencedn itemsin thefuture.

Onsubsequenttraversalsof thelist thejump-pointer�eld is prefetched.CahoonandMcKinley note

thatalthoughthey obtainperformanceimprovementsaslargeas48%a consistentimprovementis

hardto obtain.

Stoutchininet al. presenta prefetchingalgorithm to automaticallyprefetchdatain a linked

list [62]. The algorithmis basedon theobservation that list traversalsregularly accessesmemory

that is separatedby a constantdistance,or stride. Their systemautomaticallyidenti�es pointer-

chasingloops,determinesif prefetchingwill be pro�table, andinsertsprefetchstatements.Their

systemis integratedwith theloop schedulingframework andonly issuesprefetchesif thecompiler

estimatesthat thereis enoughmemorybandwidthavailableandthat the prefetcheswill not cause

cachecon�icts.

6.4 Cache-ConsciousAlgorithms

Theperformancebottleneckfrom high memorylatency hasled many researchersto look for solu-

tionsto addressthis problem.Someresearchersarelooking at addressingthefundamentalproblem

via hardware-basedsolutionssuchasarchitecturalchangesor semiconductordevelopment.Other

researchersareattemptingto mitigatethe impactby modifying or re-writing their algorithmsand

creatingtoolsto assistotherswith this task.

Applicationswith gooddatalocality canperformsubstantiallyfasterthenthosewith poor lo-

cality [7, 57, 59]. Developersand researchershave startedmodifying algorithmsin all areasof

computingscienceandthis hasled to a new researchareaknown ascache-consciousalgorithms.

This new areablendstheknowledgeof computerarchitecturewith domainspeci�c knowledgeof a

speci�c algorithm.Often,datastructuresareeithersplit or reorganizedto improvethedatalocality.

RaoandRosschangedthestructureof B+ Treesusedin mainmemoryby reorganizingthedata

structure[52]. RaoandRossrealizedthat the child pointersin the treewerefrequentlyaccessed

but many others�elds storednearthe child pointerswerenot frequentlyaccessed.The modi�ed

programseparatedthe child pointersfrom the nodesinto their own datastructure,improving the

spatiallocality for the pointer-chasingcode. In their simulations,the modi�cation reducedcache

missesby approximately50%whencomparedwith a standardB+ Tree.RaoandRossshowedthat

splitting theB+ Treesreducedthesizeof theworking set,improveddatalocality andreducedthe

numberof cachemisses.

Agrawal etal.'sApriori frequentitem-setminingalgorithmis commonlyusedby businesseson

largedatasetswhereperformanceis critical [2]. Apriori is a perfectexampleof analgorithmthat
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hasbeenextensively modi�ed to reducetherunningtime. Ghotinget al. modi�ed FPGrowth [20],

consideredthemostef�cient versionof theApriori algorithm,to replacetheFPTreedatastructure

with a tile-ablecache-consciouspre�x treethat improvesthespatiallocality of thedata[17]. The

tile-ablecache-consciouspre�x treeis organizedwith pathsfrom the root of the treeto the leafs

beingstoredin tiles. Improving thecachebehavior of this programimprovedtheperformanceby a

factorof 4.8xwhencomparedwith thepreviously bestknown implementation.Ghotinget al. then

applieda similar techniqueto two otherfrequentitem-setmining algorithms,Apriori andGenmax,

andobtainedspeedupsof 3.7 and4.5 respectively. An importantcontribution from Agrawl et al.

was that both single threadperformanceand hyper-threadedperformancecould be substantially

improvedby increasingdatalocality.
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Chapter 7

Futur eWork

7.1 Opportunity Identi�cation

7.1.1 Alias Analysis

As mentionedin theexperimentsection,chapter5, Steensgaard'spointeranalysishasenoughpreci-

sionto identify opportunitiesin thesmallerbenchmarkslike LLU andOlden.However, thepointer

analysisdoesnot have enoughprecisionto identify opportunitiesin the larger andmorecomplex

SPECbenchmarks.

Replacingthe pointeranalysiswith a morepreciseanalysissuchasLattnerandAdve's Data

StructureAnalysis(DSA) couldimprovetheperformanceof MPADS becauseit cantransformmore

opportunities.However, suchachangeis notassimpleasjustpluggingin anew aliasanalysis.DSA,

for example,is context-sensitiveandassuchthealiassetsarenotvalid ateverypoint in theprogram.

Thussomerepresentationof the context mustbe known at runtime, this canbe accomplishedby

eitherpassingcontext stringsasparametersor function cloning. The context must be known to

ensurethatthedatais allocatedin thecorrectpool andthattheproperdataaccessis performed.

A �o w-sensitive analysiswould alsorequirea substantialre-engineeringof the transformation

becausethereis a differentaliassetat everypoint in theprogram.

7.1.2 Bene�t Analysis

Although structuresplitting can improve performancein many benchmarksthereare somethat

it causesa performancedegradation. It would be bene�cial if the compiler could analyzeeach

candidateto determineif structuresplittingwouldbebene�cial.

A static shapeanalysislike Ghiya and Hendren's [16] shapeanalysiscould be usedto help

determinebene�cial opportunitiesaswell asa splitting plan. Only theobjectsthatarelikely to be

improvedwith splittingwill beidenti�ed ascandidates.

Rubin,Bodik andChilimbi acknowledgethat �nding anoptimal layout is NP-hardandpoorly

approximatelyin polynomialtimeandcreateapro�le-directedframework to searchfor goodlayouts

in generalpurposeapplications[54]. The framework capturesa representative memorytraceand
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simulatesdifferentlayoutsusingthecapturedtrace.Their contribution is theability to evaluateand

combineoptimizationstrategieswithout modifying the programandexecutingit. Sucha system

couldbeintegratedinto MPADS to determinewhichsplittingstrategy to perform.Suchaframework

couldalsobeusedto determinethebene�tsof splitting.

7.2 Af�nity Analysis

Thestructuresplittingframework canbeextendedby includingaf�nity analysisto group�elds with

highaf�nity togetherwhereit maybepro�table to doso.Otherstructuresplitting frameworkshave

usedpro�le-directed,trace-based,andstaticaf�nity analysisto performaf�nity-basedsplitting [24,

51, 58, 71].

It is bepossibleto reducethenumberof instructionsexecutedby usinguniformsplitting instead

of non-uniformsplitting andpaddingtheshort�elds to make every �eld in thestructurethesame

length. Alternatively, �eld coalescingcan be usedto make structureswith varying �eld lengths

candidatesfor the uniform splitting technique.To make the �eld lengthsthe same,two or more

�elds couldbecoalescedbasedonaf�nity and�eld size.Fieldcoalescingwould eliminatemuchof

thepaddingusedin RabbahandPalem's [51] structuresplittingscheme.

Field af�nity informationcanalsobeusedwith non-uniformsplitting to group�elds with high

af�nity togetherby performingaf�nity-basedsplitting.

Finally, usingtheaf�nity analysisthecompilercouldaddpaddingor alignmentto avoid cache

con�icts. If two �elds areoftenreferencedtogetherthenit couldtry andalign thememoryto avoid

con�ict missesbetweenthese�elds.

7.3 Other Techniquesto Impr oveMPADS

ThereareseveralothertechniquesthatcanbeimplementedthatmayimprovetheMPADS splitting

technique.Somearedesignedto help overcomesomeof the overheadandothersarealternative

waysto implementstructuresplitting.

Themostinterestingimprovementto MPADS caneliminatesomeof theoverheadof accessing

�elds in theNon-UniformSplitting techniquedescribedin chapter3.3.2.If the�eld beingaccessed

is thesamesizeasthe �rst �eld in thestructurethenlessaddressinginstructionsareneeded.The

�eld canbe accessedby summingup thesizesof the �elds in-betweenin thepool. Formally, the

new offsetcanbecalculatedas:

�eld i o�set =
i � 1X

j =1

(sizeof (f j ) � num structs per pool) (7.1)

Equation7.1 canbecalculatedat compiletime andthuswould not increasethenumberof in-

structionsexecuted.Exploiting this observationcould signi�cantly reducethe numberof instruc-

44



tionsexecutedandmuchof theoverheadassociatedwith Non-UniformSplitting. However, it opens

thedoorto a new question.

Since�elds thathavethesamesizeasthe�rst �eld in thepoolcanbeaccessedwithoutadditional

overheadit would be bene�cial to know the frequency each�eld in the structureis accessedto

selectthe �rst �eld so that the numberof additionaladdressinginstructionsis minimizedduring

theexecutionof a program.However, �nding the�eld accessinformationtypically requirespro�le

informationandmaychangedependingon theinput to theprogram

Anotherinterestingideathatmay improve thestructuresplitting is having thecustommemory

allocatorreturna pointer to a �eld in the middle of the structureratherthen the �rst �eld in the

structure.If theprocessorhasa limited numberof bits for addressingthebaseplusoffsetaddress

calculationsthenthis may allow thecompilerto doublethesizeof thepoolswithout requiringan

additionaladditioninstruction.

The �nal idearevolvesaroundanothermodi�cation to the memoryallocationlibrary. Rather

thenusingthe typical 32 or 64-bit pointersreturnedby malloc it couldusen � 32 or n � 64-bit

pointers,wheren is the numberof distinct �eld sizesin eachstructure.Thenall of the �elds for

eachstructurecould be allocatedin a pool with a uniform size. Each32 or 64-bit chunkof the

pointercouldpoint to the�rst �eld of thepool with thatdistinctsize.ThusUniform Splittingcould

beappliedto anon-uniformstructure.
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Chapter 8

Conclusions

A safe,automaticdatastructuresplitting transformation,MPADS, is developedandimplementedin

a productioncompiler. The transformationperformstwo typesof maximalsplitting, uniform and

non-uniform.Thetransformationusesapointeranalysisto automaticallyidentify opportunitiesand

to guaranteethat the transformationis safe. MPADS doesnot requirea programtraceor pro�le

information.

MPADS wasnot ableto identify optimizationopportunitiesin theSPEC2000benchmarksbe-

causeof a lack of precisionin the aliasanalysis. However, for the majority of Oldenand LLU

benchmarks,MPADS improvesthe application's performance.Oneof the benchmarksexecuted

over 2x fasterthen the baselineafter structuresplitting. MPADS reducesthe numberof cycles

requiredto executeeachinstructionby reducingstalls causedby cachemissesbut increasesthe

numberof instructions.This is a goodtrade-off for improving programperformanceby increasing

clock frequency. Techniquessimilar to MPADS couldallow hardwaredesignersto continuereaping

thebene�tsof frequency scaling.
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Appendix A

Other Contrib utions

In additionto theMPADS structuresplittingframework, severalothercontributionsweredeveloped

throughoutthe courseof my studies. This work wasdirectedat improving staticand feedback-

basedprogramanalysisandhave beenimplementedin widely usedcompilationframeworkssuch

asMcGill' sSootcompilationframework [64], theJoeq/ bddbddbprogramanalysisframework [66,

67, 68] andtheOpenResearchCompiler(ORC)[8]. Thecontributionsarenotdirectlyrelatedto the

structuresplitting work but it is possiblethatthestructuresplitting framework couldbeextendedto

usethesecontributions.

A.1 UsingXBDDs and ZBDDs in Points-to Analysis

Points-toanalysisis an importantstatic analysisthat is often neededfor transformingprograms

written in languageswith pointersor references.However, obtaininga preciseanalysisis infeasible

for many largeprogramsbecauseof thespacerequirementsof theanalysis[39].

Binary DecisionDiagrams(BDDs) canbe usedto ef�ciently representthe setsand relations

thatarecommonlyusedin pointeranalysis.BDD-basedmay-point-toandcall-graph-construction

analyzesweredevelopedto improvethescalabilityof precisepointeranalyzes[4, 38, 68, 72, 73]. To

furtherreducethestoragerequirementsof pointeranalysis,Lhoták,CurialandAmaraladaptXBDD

andZBDD datastructuresfor points-toanalysis[35, 36]. TheXBDD andZBDD datastructuresare

avariationof BDDsthatcanrepresenttherelationsin points-toanalysismorecompactlythenBDDs.

AlthoughbothXBDDs andZBDDs hadbeensuccessfullyusedin otherdomainsthey hadnotbeen

proposedfor points-toanalysis.To useZBDDs in points-toanalysiswe hadto developtherelation

productoperationfor ZBDDs.

A BDD is adatastructureusedto representabooleanfunction[5]. This functioncanbeviewed

asa setof bit vectors,namelythosebit vectorsthat the functionmapsto true. A BDD represents

sucha functionasa directedacyclic graphof nodes.

In thisgraph,aterminalnoderepresentstheconstanttrue andanotherterminalnoderepresents

the constantfalse . Eachnon-terminalnode,which speci�esa BDD variable,hastwo outgoing
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edgesto othernodes,a one edgeanda zero edge.Thevalueof thefunctionfor a givenvaluation

of the BDD variablesis determinedby a traversalstartingat the root nodeof the BDD. At each

node,thetraversalfollowseithertheoneedgeor thezeroedge,dependingon thevalueof theBDD

variableassociatedwith that node. Eventually, the traversalreachesa terminalnodewhosevalue

indicatesthevalueof thefunction.

Most implementationsandalgorithmsthatuseBDDs arestoredin their canonicalform, called

ReducedOrderedBDDs. An exampleof a binaryfunctionis givenin �gure A.1 (a) with theBDD

shown in �gure A.1 (b) andtheROBDD in �gure A.1 (c).

f(x1 x2 x3) =
000 0
001 1
010 1
011 0
100 1
101 0
110 0
111 0

x1

1 0

x3

x2x2

x3x3x3

x1

1 0

x3

x2x2

x3

x1

1 0

x2

x3

(a) (b) (c) (d)

FigureA.1: Thefunctionf(x1 x2 x3) (a),andtheOBDD (b), ROBDD (c) andZBDD (d) represent-
ing it. Solidedgesrepresentoneedgesanddottededgesrepresentzeroedges.

BDDsrepresenta binaryfunctiononn bits, thusthereareexactly2n inputsto thefunctionthat

will bemappedto eithertrue or false. However, thenumberof elementsin thedomainto represent

maynotbeapowerof 2 andthusthereareunusedbit patterns.Theseunusedinputsarerepresented

in theBDDs andtraditionallyhave beenassignedto false,however, sincethe inputswill never be

encounteredthey canbeassignedto eithertrueor falsewithout affectingtheaccuracy or precision

of the analysis. The size of BDDs can be reducedby eliminating thesedon't-care bit patterns.

Lhoták, Curial andAmaral adapttwo techniquesto eliminatethe don't careelementsin pointer

analysis,don't-careBDDs (XBDDs) andZero-SuppressedBDDs (ZBDDs). Both techniqueshave

beenvery effective at reducingBDDs sizein applicationssuchascircuit design,modelchecking,

andveri�cation but havenotbeenusedby theprogramanalysiscommunity.

Don't-careBDDs(XBDDs) refersto thetechniqueof assigningtrueor falsevaluesto theunused

inputs. Sauerhoff and Wegenershowed that this problemis NP-hard[56] and thus, the restrict

operator, a heuristicsolution developedby Coudertand Madre, is usedto ef�ciently �nd good

solutions[12].

If morethentheminimumnumberof requiredbits areusedin theBDD thenXBDDs wereable

to reducethenumberof nodesin theBDD by 5 - 30%. However, whentheprogrammerusedthe

minimumnumberof bits necessaryto createtheBDD, XBDDs obtainedonly modestreductionsof
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a coupleof percent.

A variationof BDDs,known asZero-SuppressedBDDs(ZBDDs), is anotherpromisingalterna-

tive to eliminatetheoverheadof don't-carebit patterns[45, 46]. ZBDDsprovidecompactrepresen-

tationsof sparsesetsthatarerepresentedby a functionwith many zerosandfew ones.A one-of-N

encoding,ratherthana binaryencoding,is effective for ZBDDs. In a one-of-N encodingeachele-

mentis assigneda bit patternin which exactlyonebit is set.Thenumberof legalbit patternsis N ,

which neednot bea power of two. ChoosingN to beequalto thesizeof thedomainof elements

ensuresthatevery legal bit patterncorrespondsto someelement,therebyeliminatingdon't-carebit

patternsaltogether. An exampleof a ZBDD is givenin �gure A.1 (d).

BDD-basedpoints-toanalysisrequirestheuseof a relationalproductoperationbut therewasno

existing algorithmfor ZBDDs. Oneof the contributionsof this work is developingthe relational

productalgorithmfor ZBDDs. This algorithmallowedZBDDs to beappliedto points-toanalysis.

ZBDDs showeda largepotentialfor improving the largersparserrelationsin pointeranalysis.

For context-sensitiveanalysisZBDDsreducedthesizeof every relationusedin theanalysis.When

representedwith ZBDDs somerelationshadeight timesfewer nodes.This reductioncould allow

otherwiseinfeasibleanalysisto becompleted.

A.2 An Optimal Encodingto RepresentaSingleSetin anROBDD

While investigatingtechniquesto eliminatetheoverheadof unusedbit patternsin BDDs; Lhoták,

CurialandAmaraldiscoveredanoptimalsolutionto a relatedoptimizationproblem[34].

Thecontributionis anoptimalencodingfor asetin aReducedOrderedBinaryDecisionDiagram

(ROBDD) whenthenumberof elementsin theset's domainis not a power of two. Unfortunately,

the encodingcannotbe usedfor BDD basedpoints-toanalysisbecausethe domainof a BDD is

createdfrom the concatenationof several domains. Lhoták, Curial andAmaral discussthe more

generaloptimizationproblemthat mustbe solved for sucha techniqueto be successfulfor BDD

basedpoints-toanalysis[35].

A.3 Tree-TraversalOrientation Analysis

Datareorganizationtechniquessuchasstructuresplitting andpool allocationaredesignedto work

for any shapeof link-baseddatastructure,beit a graph,dagor tree. It is possiblethata datatrans-

formationcouldbeoptimizedfor speci�c datastructureshapesandprovide a greaterperformance

improvement.Beforespecializeddatatransformationscanbecreated,thecompilermustbeableto

identify theshapeof thedatastructureandanalyzehow it is accessed.Andrusky, CurialandAmaral

createa feedback-directedanalysis,namedTree-TraversalOrientationAnalysis,thatcandetermine

if thetraversalof adatastructureis alist or treegiventhatashapeanalysiscanidentify thestructure

asa directedacyclic graph.[25]. If theanalysisidenti�es thatthestructureis a treethenit will also
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identify if thetraversalorientationis breadth-�rst,depth-�rst or a combinationof those.

The analysiswas implementedin the OpenResearchCompiler (ORC) and testedon several

micro-benchmarksas well as the Olden benchmarksuite. For all of the benchmarkstested,the

analysiswasableto correctlyidentify theorientationof thetraversal.
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Appendix B

Micr o Benchmark CodeListing

B.1 Link ed List 1A

# i ncl ude < st d l i b . h>
# i ncl ude < st d i o . h>

st r u ct st uden t r dsf
unsi gned shor t y ear bor n ;
unsi gned i n t si d ;
i n t dat a1 ;
doubl e dat a ;
st r u ct st udent r ds � nex t ;

g;

st a t i c i n t NUM STUDENTS = 1500000;

st r u ct st uden t r ds � i n i t St udent L i st L oop ( ) ;
voi d t r av er seSt udent L i st ( st r u ct st udent r ds � l i s t ) ;

i n t mai n ( i n t argc , char � argv [ ] ) f

st r u ct st udent r ds � st u d en t l i s t ;

st u d en t l i s t = i n i t St udent L i st L oop ( ) ;

f or ( i n t i = 0 ; i < 1000; i ++)
t r av er seSt udent L i st ( st u d en t l i s t ) ;

f r ee ( st u d en t l i s t ) ;

r et ur n 1 ;
g

voi d t r av er seSt udent L i st ( st r u ct st udent r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
( l i st � > si d )++;
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( l i st � > y ear bor n)� � ;
l i st � > dat a = l i st � > dat a + l i st � > dat a1 ;
l i s t = l i st � > nex t ;

g
g

st r u ct st uden t r ds � i n i t St udent L i st L oop ( )
f

st r u ct st udent r ds � r t n , � l i s t ;
char � char s ;

r t n = ( st r u ct st udent r ds � ) mal l oc ( si zeof ( st r u ct st uden t r ds ) ) ;
r t n � > nex t = 0 ;
l i s t = r t n ;

f or ( i n t i = 1 ; i < NUM STUDENTS; i ++)f
l i st � > nex t =

( st r u ct st uden t r ds � ) mal l oc ( si zeof ( st r u ct st udent r ds ) ) ;

char s = mal l oc ( 100) ; / / mal l oc memory i n� between st r uc t u r es

i f ( i % 2)
l i st � > y ear bor n = 3 ;

el se
l i st � > y ear bor n = 4 ;

l i st � > dat a = 1234 + i ;
l i st � > dat a1 = i n% 33;
l i st � > si d = i ;
l i s t = l i st � > nex t ;
l i st � > nex t = 0 ;

g

r et ur n r t n ;
g

B.2 Link ed List 1B

# i ncl ude < st d l i b . h>
# i ncl ude < st d i o . h>

st r u ct st uden t r dsf
unsi gned shor t y ear bor n ;
unsi gned i n t si d ;
i n t dat a1 ;
doubl e dat a ;
st r u ct st udent r ds � nex t ;

g;

st a t i c i n t NUM STUDENTS = 1500000;
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st r u ct st uden t r ds � i n i t St udent L i st L oop ( ) ;
voi d t r av er seSt udent L i st 1 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 2 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 3 ( st r u ct st uden t r ds � l i s t ) ;

i n t mai n ( i n t argc , char � argv [ ] ) f

i n t i t er at i o n s = 100;

st r u ct st udent r ds � st u d en t l i s t ;

st u d en t l i s t = i n i t St udent L i st L oop ( ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 1 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 2 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 3 ( st u d en t l i s t ) ;

f r ee ( st u d en t l i s t ) ;

r et ur n 1 ;
g

voi d t r av er seSt udent L i st 1 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
( l i st � > si d )++;
l i s t = l i st � > nex t ;

g
g

voi d t r av er seSt udent L i st 2 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
( l i st � > y ear bor n)� � ;
l i s t = l i st � > nex t ;

g
g

voi d t r av er seSt udent L i st 3 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a = l i st � > dat a + l i st � > dat a1 ;
l i s t = l i st � > nex t ;

g
g

st r u ct st uden t r ds � i n i t St udent L i st L oop ( )
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f
st r u ct st udent r ds � r t n , � l i s t ;
char � char s ;

r t n = ( st r u ct st udent r ds � ) mal l oc ( si zeof ( st r u ct st uden t r ds ) ) ;
r t n � > nex t = 0 ;
l i s t = r t n ;

f or ( i n t i = 1 ; i < NUM STUDENTS; i ++)f
l i st � > nex t =

( st r u ct st uden t r ds � ) mal l oc ( si zeof ( st r u ct st udent r ds ) ) ;

char s = mal l oc ( 100) ; / / mal l oc memory i n between st r uc t u r es

i f ( i % 2)
l i st � > y ear bor n = 3 ;

el se
l i st � > y ear bor n = 4 ;

l i st � > dat a = 1234 + i ;
l i st � > dat a1 = i n% 33;
l i st � > si d = i ;
l i s t = l i st � > nex t ;
l i st � > nex t = 0 ;

g

r et ur n r t n ;
g

B.3 Link ed List 2

# i ncl ude < st d l i b . h>
# i ncl ude < st d i o . h>

st r u ct st uden t r dsf
i n t dat a1 ;
i n t dat a2 ;
i n t dat a3 ;
i n t dat a4 ;
i n t dat a5 ;
i n t dat a6 ;
i n t dat a7 ;
i n t dat a8 ;
i n t dat a9 ;
st r u ct st udent r ds � nex t ;

g;

st a t i c i n t NUM STUDENTS = 2100000;

st r u ct st uden t r ds � i n i t St udent L i st L oop ( ) ;
voi d t r av er seSt udent L i st 1 ( st r u ct st uden t r ds � l i s t ) ;
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voi d t r av er seSt udent L i st 2 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 3 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 4 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 5 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 6 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 7 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 8 ( st r u ct st uden t r ds � l i s t ) ;
voi d t r av er seSt udent L i st 9 ( st r u ct st uden t r ds � l i s t ) ;

i n t mai n ( i n t argc , char � argv [ ] ) f

i n t i t er at i o n s = 100;

st r u ct st udent r ds � st u d en t l i s t ;

st u d en t l i s t = i n i t St udent L i st L oop ( ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 1 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 2 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 3 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 4 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 5 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 6 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 7 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 8 ( st u d en t l i s t ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent L i st 9 ( st u d en t l i s t ) ;

f r ee ( st u d en t l i s t ) ;

r et ur n 1 ;
g

voi d t r av er seSt udent L i st 1 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a1 ++;
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l i s t = l i st � > nex t ;
g

g

voi d t r av er seSt udent L i st 2 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a2 ++;
l i s t = l i st � > nex t ;

g
g
voi d t r av er seSt udent L i st 3 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a3 ++;
l i s t = l i st � > nex t ;

g
g
voi d t r av er seSt udent L i st 4 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a4 ++;
l i s t = l i st � > nex t ;

g
g
voi d t r av er seSt udent L i st 5 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a5 ++;
l i s t = l i st � > nex t ;

g
g
voi d t r av er seSt udent L i st 6 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a6 ++;
l i s t = l i st � > nex t ;

g
g
voi d t r av er seSt udent L i st 7 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a7 ++;
l i s t = l i st � > nex t ;

g
g
voi d t r av er seSt udent L i st 8 ( st r u ct st uden t r ds � l i s t )
f

wh i l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a8 ++;

g
g
voi d t r av er seSt udent L i st 9 ( st r u ct st uden t r ds � l i s t )
f
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whi l e ( l i st � > nex t ! = 0 ) f
l i st � > dat a9 ++;
l i s t = l i st � > nex t ;

g
g

st r u ct st uden t r ds � i n i t St udent L i st L oop ( )
f

st r u ct st udent r ds � r t n , � l i s t ;
char � char s ;

r t n = ( st r u ct st udent r ds � ) mal l oc ( si zeof ( st r u ct st uden t r ds ) ) ;
r t n � > nex t = 0 ;
l i s t = r t n ;

f or ( i n t i = 1 ; i < NUM STUDENTS; i ++)f
l i st � > nex t =

( st r u ct st uden t r ds � ) mal l oc ( si zeof ( st r u ct st udent r ds ) ) ;

char s = mal l oc ( 4 0 ) ; / / mal l oc memory i n between st r uc t u r es

i f ( i % 2)
l i st � > dat a1 = 3 ;

el se
l i st � > dat a1 = 4 ;

l i st � > dat a2 = 1234 + i ;
l i st � > dat a3 = i % 53;
l i st � > dat a4 = 123 + i ;
l i st � > dat a5 = i % 99;
l i st � > dat a6 = 234 + i ;
l i st � > dat a7 = i % 4;
l i st � > dat a8 = 1 + i ;
l i st � > dat a9 = i % 39;
l i s t = l i st � > nex t ;
l i st � > nex t = 0 ;

g

r et ur n r t n ;
g

B.4 Binary Tree

# i ncl ude < st d l i b . h>
# i ncl ude < st d i o . h>

st r u ct st udent f
i n t dat a1 ;
i n t dat a2 ;
i n t dat a3 ;
i n t dat a4 ;
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i n t dat a5 ;
i n t dat a6 ;
i n t dat a7 ;
i n t dat a8 ;
i n t dat a9 ;
st r u ct st udent � l e f t ;
st r u ct st udent � r i gh t ;

g;

st a t i c i n t NUM STUDENTS = 1000000;

st r u ct st udent � i n i t St udent T r ee ( i n t num) ;
voi d t r av er seSt udent T r ee1 ( st r u ct st udent � t r ee ) ;
voi d t r av er seSt udent T r ee2 ( st r u ct st udent � t r ee ) ;
voi d t r av er seSt udent T r ee3 ( st r u ct st udent � t r ee ) ;
voi d t r av er seSt udent T r ee4 ( st r u ct st udent � t r ee ) ;
voi d t r av er seSt udent T r ee5 ( st r u ct st udent � t r ee ) ;
voi d t r av er seSt udent T r ee6 ( st r u ct st udent � t r ee ) ;
voi d t r av er seSt udent T r ee7 ( st r u ct st udent � t r ee ) ;
voi d t r av er seSt udent T r ee8 ( st r u ct st udent � t r ee ) ;
voi d t r av er seSt udent T r ee9 ( st r u ct st udent � t r ee ) ;

i n t mai n ( i n t argc , char � argv [ ] ) f

i n t i t er at i o n s = 100;

st r u ct st udent � st uden t t r ee ;

st uden t t r ee = i n i t St udent T r ee (NUM STUDENTS) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee1 ( st uden t t r ee ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee2 ( st uden t t r ee ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee3 ( st uden t t r ee ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee4 ( st uden t t r ee ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee5 ( st uden t t r ee ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee6 ( st uden t t r ee ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee7 ( st uden t t r ee ) ;

f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee8 ( st uden t t r ee ) ;
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f or ( i n t i = 0 ; i < i t er at i o n s ; i ++)
t r av er seSt udent T r ee9 ( st uden t t r ee ) ;

f r ee ( st uden t t r ee ) ;

r et ur n 1 ;
g

voi d t r av er seSt udent T r ee1 ( st r u ct st udent � t r ee )
f

i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a1 ++;

t r av er seSt udent T r ee1 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee1 ( t r ee � > r i gh t ) ;

g

voi d t r av er seSt udent T r ee2 ( st r u ct st udent � t r ee )
f

i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a2 ++;

t r av er seSt udent T r ee2 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee2 ( t r ee � > r i gh t ) ;

g

voi d t r av er seSt udent T r ee3 ( st r u ct st udent � t r ee )
f

i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a3 ++;

t r av er seSt udent T r ee3 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee3 ( t r ee � > r i gh t ) ;

g

voi d t r av er seSt udent T r ee4 ( st r u ct st udent � t r ee )
f

i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a4 ++;

t r av er seSt udent T r ee4 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee4 ( t r ee � > r i gh t ) ;

g

voi d t r av er seSt udent T r ee5 ( st r u ct st udent � t r ee )
f
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i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a5 ++;

t r av er seSt udent T r ee5 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee5 ( t r ee � > r i gh t ) ;

g

voi d t r av er seSt udent T r ee6 ( st r u ct st udent � t r ee )
f

i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a6 ++;

t r av er seSt udent T r ee6 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee6 ( t r ee � > r i gh t ) ;

g

voi d t r av er seSt udent T r ee7 ( st r u ct st udent � t r ee )
f

i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a7 ++;

t r av er seSt udent T r ee7 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee7 ( t r ee � > r i gh t ) ;

g

voi d t r av er seSt udent T r ee8 ( st r u ct st udent � t r ee )
f

i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a8 ++;

t r av er seSt udent T r ee8 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee8 ( t r ee � > r i gh t ) ;

g

voi d t r av er seSt udent T r ee9 ( st r u ct st udent � t r ee )
f

i f ( t r ee = = 0)
r et ur n ;

t r ee � > dat a9 ++;

t r av er seSt udent T r ee9 ( t r ee � > l ef t ) ;
t r av er seSt udent T r ee9 ( t r ee � > r i gh t ) ;

g

60



st r u ct st udent � i n i t St udent T r ee ( i n t num)
f

st r u ct st udent � t r ee ;
char � char s ;

i f ( num < = 0)
r et ur n 0 ;

t r ee = ( st r u ct st udent � ) mal l oc ( si zeof ( st r u ct st udent ) ) ;

char s = mal l oc ( 4 0 ) ; / / mal l oc memory i n between st r uct ur es

i f ( num % 2)
t r ee� > dat a1 = 3 ;

el se
t r ee� > dat a1 = 4 ;

t r ee � > dat a2 = 1234 + num;
t r ee � > dat a3 = num % 53;
t r ee � > dat a4 = 123 + num;
t r ee � > dat a5 = num % 99;
t r ee � > dat a6 = 234 + num;
t r ee � > dat a7 = num % 4;
t r ee � > dat a8 = 1 + num;
t r ee � > dat a9 = num % 39;

t r ee � > l ef t = i n i t St udent T r ee ( num/ 2 ) ;
t r ee � > r i gh t = i n i t St udent T r ee (num/ 2 ) ;

r et ur n t r ee ;
g
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Appendix C

Trademarks

IBM, XL Fortran,XL C, XL C/C++,XL UPC,POWER4andPOWER5aretrademarksof Interna-

tionalBusinessMachinesCorporationin theUnitedSates,othercountries,or both.
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