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Abstract

Datatransformationssuchas pool allocation, have shovn promiseas a methodof reducingthe
numberof cachemissesfor dynamicallyallocateddatain non-numericapplications. To further
improvedatalocality thisthesisproposesdatareoganizatiortechniquehatextendspoolallocation
by incorporatingmaximalstructuresplitting.

We developasafe fully automatidechniqueknown asMemory-Pooling-AssisteBataSplitting
(MPADS) that canimprove spatiallocality for pointerbaseddatastructuresallocatedin the heap.
To changehestoragdocationof dynamicallyallocateddata,a memoryallocationlibrary is created
andthe addressalculationof the dataaccesseare updated.MPADS is implementedn the IBM
XL productioncompilersuite.

MPADS is evaluatedbnthe SPEC2000,0ldenandLLU benchmarlsuites.Thepointeranalysis
usedin MPADS provesto be too conserative for the complex SPECbenchmarksand mary op-
portunitiesareabandonedyut identi es opportunitiesn the OldenandLLU benchmarksMPADS
outperformegbool allocationfor every benchmarkestedandfor onebenchmarkMPADS increased

performancéy over afactorof 2 from thebaseline.
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Chapter 1

Intr oduction

From the 1960suntil 2002, hardware manufcturershave kept pacewith Moore's law, roughly
doubling the numberof transistors,and correspondinglythe processos performanceevery 18
months[47] but traditionaltechniquego increaseerformancareyielding diminishingreturns[3,
33,69

Modernarchitecturesare reachingthe limits of thermaldensity power ef ciency, instruction
level parallelismandfrequeng scaling.While techniquesuchaspipeliningandfrequeng scaling
have workedwell in the past,they areinsufcient to keeppacewith Moore's law. Oneof themajor
causesf the diminishing returnsis that processoispeedsare increasingdramaticallyfasterthan
memoryspeedsThis problemis known asthe memorywall [69].

Modern architecturecan take hundredsof cyclesto fetch datafrom main memorybecause
memoryspeed$ave notbeenableto keeppacewith processospeedsGhotingetal. demonstrate
the effects of the memorywall by increasingthe CPU clock frequeng by a factorof 2.38 (from
1300MHzto 3100MHz)but only obtaina performancespeedumf 1.6 [17]. Thelimits of perfor
mancescalingfor this exampleare a direct resultof the naive datalayoutsusedby compilers. If
a betterdataorganizationcould be realizedthe performancescalingmay continuefor fasterclock
speeds.

This thesisdevelopsa techniqueto reoiganizedynamically-allocatedheapdatato reducethe
effectsof the memorywall. Thetransformatiortargetsgeneralpurposeapplicationghat uselink-
basedstructuressuchaslinkedlists, treesandgraphs.

The datareomganizationis fully automaticand guaranteedo not affect the semanticsof the
program.lt doesnt requirepro le or traceinformationandit hasbeenimplementedn thelBM XL
productioncompiler To transformthe data,two differentsplitting techniqueave beendesignedo
improve datalocality andcacheperformance.Thetechniquesradeaddressomputationoverhead

for datalocality.



1.1 Contributions

The structuresplitting presentedn this thesiscanbe viewed asan extensionof LattherandAdve's
pool allocation[29]. Theidenti cation of candidatestructureghat are safeto transformhasbeen
slightly modi ed but is basedon LattnerandAdve's DataStructureAnalysis(DSA) thatidenti es
type-homogeneoustructuresLattnerand Adve implementDSA andpool allocationin the LLVM
compilerinfrastructurghatis basecon GCC|[28].

Whenthis researctwasstartedthe only publishedstructuresplitting techniquesvereZhonget
al. [71] andRabbalandPalem[51]. Neitherof thesetechniquegouldsafelyandautomaticallysplit
apointerbasediatastructureandbothrequiredtraceor pro le information.Both of thesestructure-
splitting techniquegerformaf nity-based splitting andthis researctaimedto developatechnique
for maximalsplitting. RabbatandPalem's framavork hadanotherdravback.It addspaddingto the
datastructureghatpollutesthe cache.

To addressheshortcoming®f thesesystemsMemory-Pooling-AssisteBataSplitting (MPADS)
wasdeveloped.MPADS combinesan analysisto identify structureghatare safeto transformand
doesnotrequirepro le informationor amemorytrace.MPADS performsmaximalsplitting instead
of af nity-based splitting anddoesnot addpaddingto ary structure.

In April of 2007 Jeon,Shin and Han publishedtheir structure-splittingwork at the Compiler
Constructionconferencg24]. The structuresplitting framewvork thatthey createds similar to the
non-uniformsplittingdescribedn Chapte3.3.2. Theirframavork usesastaticanalysido determine
the eld-accessaf nity andperformsaf nity-based splitting.

A moredetailedcomparisorof thesesystemavith MPADS is givenin chapter6.

1.2 ThesisOrganization

Chapter2 givesthe backgroundnformation necessaryand explains pointer analysis. The struc-
ture splitting transformatioris describedn Chapter3, includingtheidenti cation of safestructures
to transformin Chapter3.1. The two typesof splitting, uniform and non-uniformare described
in Chapters3.3.1and 3.3.2. Chapter4 motivatesthe creationof the splitting transformatiorwith

several micro-benchmarkghatdemonstrateéhatit works. Structuresplitting is appliedto standard
benchmarksndthe performances evaluatedin Chapters. In Chapter6 the relatedwork is pre-

sentedbeforethefuturework is describedn Chapter7. Chapter8 concludeghethesis.



Chapter 2

Background

2.1 De nitions

Af nity —Thelikelihoodthattwo memorylocationswill be accessedlosein time. Two memory

locationsaresaidto have goodaf nity if they areoftenreferencedogether

Aliased — Two pointersarealiasedif the objectsthatthey may pointto canoverlapor occupy the

samememorylocation.

BasicBlock — A consecutie group of instructionswherethe control o w muststartat the rst
instructionandexecuteevery instructionin the groupuntil the last. Only the rst instruction
in abasicblock canbethetargetof a branchandonly thelaststatemenof a basicblock may

beabranch.

CyclesPer Instruction — CyclesPerlInstruction(CPI) arecalculatecasthe quotientof thenumber

of cyclesdivided by the numberof instructionscompleted.

Data Dependence— A datadependenceccurswhenoneinstructionuses,or de nes, eitherthe

resultof anotherinstructionor oneof the operand®f anotherinstruction.

Intermediate Representation — An intermediaterepresentatioilR) is a representationf a pro-
gramthatis independenof thelanguagehatthe programwaswritten in andindependentf
themachinethe programwill be executedon. Typically thelR for a compileris eitherstack-
based18], three-operand-basédi9] or tree-based8]. StaticSingleAssignmen{SSA)is a

increasinglycommonlR in compilers[13].

Inter procedural — Refersto looking at the entire programratherthanjust a single procedureor

region.

Killed — In pointeranddata o w analysisthe de nition of avariableis killed alonga pathif there
is anassignmento thatvariablethatis alwaysperformed.For example,considerthe codein
gure 2.1.0nline 1x is de nedwith thevalue6 but thatde nition is killed by theassignment

online 3.



BasicBLock B()

1 x=6;
2 y=1,
3 x=y;

Figure2.1: Exampleto illustratekilling ade nition of avariable.

Point — Pointsin abasicblock occurbeforethe rst statementin-betweenconsecutie statements

andafterthelaststatement.

Spatial Locality — Two piecesof dataor memorylocationsaresaidto have goodspatiallocality if

they arelocatedneareachothet

Temporal Locality — Two memorylocationsare saidto have good temporallocality if they are

bothfrequentlyaccesseth a shorttime frame.

Working Set — Theworking setof a processs thesetof pageghatthe processiccesseduringthe

last memoryreferences.

2.2 Pointer Analysis

To analyzeandtransformprogramswrittenin languagesvith pointersor referencessuchasC, C++
and Java, often the targetsof the pointersmustbe known. Computinga preciseruntimerelation
betweenpointersandtheir targetlocationsis infeasibleanda conserative approximationis com-
monly used. Pointeranalysis providesa staticabstractiorof the possibletargetsfor eachpointer
in the program[15, 55|. Thereis atrade-of betweerthe precisionof the analysisandthetime and
spacerequiredto performthe analysis.The precisionof a givenaliasanalysisis oftenclassi edin
threemaindimensionspamely o w-sensitvity, context-sensitvity and eld-sensitivity [55].

A o w-insensitve pointeranalysisalgorithm doesnot considerthe orderin which statements
are executed. The analysiscomputesa single points-tosetfor eachvariableandthe points-toset
mustbeaccuratdor the entireexecutionof theprogram.A o w-insensite analysiscannotexploit
thefactthata variablemaybekilled, alsoknown asa strongupdate pecausehe points-tosetmust
bevalid at every pointin theprogram.

A o w-sensitve analysisdoesconsiderthe orderthat the statementsre executed. The anal-
ysis computesa points-tosetfor eachvariableat every point in the program. Storinga points-to
setfor eachpointervariablein the programat every statements very expensie and can signi -
cantlyincreasehe spacerequirement®f theanalysis.Oftenthe intermediataepresentatiom the

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

1pointeranalysiss alsoknown aspoints-toanalysiseferenceanalysisor refers-toanalysis.



a o w-insensitve analysison anintermediaterepresentationvith variablerenamingwill resultin

closeto thesameprecisionasa o w-sensitve analysig22, 37].

VOID MAIN()

1 int a= mallod::); ==Allocation site A
2 int b= mallod:::); ==Allocation site B
3 int c= mallod::); ==Allocation site C
4 int d= mallod::); ==Allocation site D
5 int e= malloq::); ==Allocation site E
6 a=0b

7 foo(&c;&d);

8 foo(&e;&0);

voID Foo(int  pl;int  p2)
1 pl= pz

Figure2.2: Exampleprogramto illustratethe differentabstractionsisedfor pointeranalysis.

To clearly describethe differencesin precisiondueto o w-sensitvity considerthe example
programin Figure2.2. To illustratethe differencesit is sufcient to only considerthe points-toset
for a. The o w-sensite points-tosetfor a is: emptybeforeline 1;f Ag betweerline 1 and6; and
f Bgafterline 6. Theassignmenonline 1 addsA to thepoints-tosetof a. Theassignmenonline 6
addseverythingfrom the points-tosetof bto the points-tosetof a. In a 0 w-sensitve analysisthe
assignmenbn line 6 alsokills the previous points-tosetof a, thereforethe o w-sensitve points-to
setfor a afterline 6 is executedcontainsonly B. The o w-insensitve points-tosetof aisfA; Bg
for all pointsin the program.

Eachtime a procedures calledfrom a differentcalling context, it may take differentparame-
tersor returndifferentobjects.A context-sensitve analysiswill analyzeeachprocedureseparately
for every calling context. The context-insensitve analysisusesa single points-tosetto modelthe
parameterandreturnvalueof thecallee.?

Onceagain,considera o w-insensitve analysisof the example programin Figure 2.2. The
functionfoo takestwo parametergy1 andp2. An assignmenis performedresultingin p1 pointing-
to p2. A contet-sensitve analysiswould usea separatgoints-tosetfor the parameter®n lines
7 and8. Thusfor a context-sensitve, andinter-procedural,analysisline 7 addsD to the points-
to setof c andline 8 addsthe points-tosetof ¢, f C; Dg, to the points-tosetof e. Thereforea
contet-sensitve analysiscould determinghatthe points-tosetof cis f C; D g andthe points-toset
of eisfC; D; Eg becausat differentiatesoetweenrcalling contets. However a context-insensitive
analysisusesa singlepoints-tosetfor every calling context, thusthe pointsto setfor p1 andp2 are
fC;EgandfC;D;Eg, respectiely. Accordingly, the contet-insensitve points-tosetfor c ande
arecalculatedasf C; D; Eg andf C; D; E g, respectiely.

2Thecalleeis compileespeakfor thefunctionthatis calledat a given call site. Thefunctionwherethe call siteis located
is thecaller



Table2.1 shows the points-tosetsfor ¢c ande in Figure2.2. The resultsare givenvarying the
contet- and o w-sensitvity. For the o w-sensitve analysisthe points-tosetscorrespondo the
pointsbetweerines6-7, 7-8 andafterline 8. Theprecisecontect- and o w-sensitve analyzesave
the smallestpoints-tosetsfor eachpointer Corverselythe contet- and o w-insensitve analyzes

have theleastprecisionandthe largestpoints-tosets.

ow
insensitve sensitve
pt(c) = fC;D;Eg pts 7(c) = fCg
pt(e) = fC;D;Eg pts 7(e) = fEgQ
ptz s(c) = fC;Dg

insensitve pt; g(e) = fEg
pts(c) = fC;Dg
ptg(e) = fC;Dg
contet pt(c) = TC;Dg pte 7(c) = fCg
pi(e) = fC;D;Eg | pts 7(e) = fEg
o ptz g(c) = fDg
sensitve pt; g(e) = fEg
pts(c) = fDg
pts(e) = fDg

Table2.1: The points-tosetfor ¢ ande from Figure2.2. The o w-insensitve resultsarevalid for
the entire programwhile the o w-sensitve resultsgivenfor the pointsbetweenines 6-7, 7-8 and
afterline 8.

If a pointeranalysisdifferentiatesdetweerthe accessef each eld of a structurethenit is a
eld-sensitive analysis.A eld-insensitive analysiswill treata structureasa singleobjectandeach
accesso a eld is areferenceo theentireobject. For theexampleprogramin Figure2.3thepoints-
to setsof p—>f 1 andp —f 2 arethesamesetfor a eld-insensitive analysisnamelyf P; Qg. The

eld-sensitive points-tosetfor p—>f lisfPgandp—>f 2isfQg.

MAIN()

1 struct sif

2 structsl f1;

3 structsl f2;

4 g

5 structsl p= mallod:::); ==Allocation site P
6 structsl q= mallod::); ==Allocation site Q
7 p >fl=np;

8 p >f2=nq;

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

Steensgaardaliasanalysiss widely usedbecauséheruntimecompleity is nearlylinearwith
thesizeof the code,the storagerequirementscalewell to large programsandoftenit providesthe
requiredprecision[23, 61]. Theanalysisis uni cation-basedmeaningthatwhenthereis a pointer

assignmenttheright-handsidepointeris addedo the aliassetof theleft-handsideandboth of the



aliassetsareuni ed. Theuni cation allows the algorithmto avoid having to propagatehangesn
the points-tosetandthe algorithmcanreacha solutionwithout the numerousterationsrequiredto
reacha x ed-pointsolution. Steensgaardaliasanalysiss o w-insensitve andcontext-insensitve.
It canbeimplementedo be eld-sensitive.

For example,considerthe programgivenin Figure2.4. A diagramof the points-toanalysisis
givenin Figure2.5. Figure2.5(a)shavs the pointsto setsin the algorithmafterprocessingdine 5 in
Figure2.4. The aliassetsof b andc areuni ed in Figure2.5(b)asa resultof assignmentsn lines
5 and6. Figure2.5(c),(d), (e) and(f) correspondo processindines7, 8, 9 and10in Figure2.4,
respectiely. The nal points-tosetfor aisfb;c;d;e;f;gg.

VOID MAIN()

int  a;
int b= mallod::); int c¢= malloq(::);
int d= mallod::); int e= mallod::);
int f = mallod::); int g= mallod::);

I
(CENTIRe)

=
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Figure2.4: Exampleprogramto illustrate Steensgaardpointeranalysis.
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Figure2.5: Steensgaardpointeranalysisfor the programin Figure2.4.

Many researcheraredevelopingtechniqueso make precisepointeranalysisscalewell andonly
recentlyis pointeranalysiswith greaterprecisionbecominga practicaloption. Binary Decision

Diagrams(BDDs) have beenproposedasa space-etient methodto representelationsin pointer



analysis[4, 38, 68, 73, 72]. Alternativesto BDDs suchasZero Suppresse@DDs (ZBDDs) and
Don't-CareBDDs (XBDDs) have alsobeenproposedisanotherspaceef cient representatiof35].
Hardelopf andLin eliminatecyclesfrom inclusion-basegbointeranalysisandreducethe running
time of theanalysissoit canbe performedon large programsin areasonabl@mountof time [21].
Lattner Lenhartand Adve shav thata contet- and eld-sensitive analysiscanscaleto programs

with hundredof thousanddines of code[31].

2.3 Compiler Infrastructur e

TheIBM XL Compilersuiteis a widely usedproductioncompilerthat supportsC, C++, Uni ed
Parallel C (UPC)andFortran. The XL Compilersuiteis a highly developedcompilerwith anag-
gressve programtransformatiorand optimizationframework. The compileris comprisedof three
main componentsthe front-end,the middle-endandthe back-end.Informationis exchangede-
tweencomponentsisinganintermediateepresentatioknown asW-code.

Thefront-endof the compileris alsoknown asthe parser The XL compilersuitehasa separate
parserfor eachof thelanguagesupported.The front-endparseshe sourcecodeandconvertsit to
thelanguage-independew-codeintermediateepresentationThe W-codeis theneithersentto the
middle-endor the back-enddependingn the desiredevel of programoptimization.

If theuseris willing to tradecompiletime for afasterexecutablethenthemiddle-ends invoked.
Themiddle-endn the XL compileris alink-time optimizerandis alsoknown asthewhole-program
optimizeror the Toronto PortableOptimizer(TPO). The TPO performsmary importantoptimiza-
tionssuchasinlining, loop optimizationsandinter-procedurabnalysis.

Theback-endalsoknown asthecodegeneratoor TOBEY (TorontoOptimizingBack Endwith
Yorktown), takes the intermediaterepresentatiorirom the front-endor middle-endand generates
machinecodefor the targetplatform. TOBEY performsoptimizationssuchasinstructionschedul-

ing, constanfolding andregisterallocation.



Chapter 3

Memory-Pooling-AssistedData
Splitting

Splitting datastructuress a datareomganizatiortechniquethatcansigni cantly increasehe spatial
locality of dataandreducethe runtimeof programshatuselink-baseddatastructure410, 14, 26,
63).

Memory-Pooling-AssisteBataSplitting (MPADS) is aframework designedo safelyandauto-
maticallysplit pointerbasedlatastructurewithoutaddingpadding.MPADS usesa pointeranalysis
thatenableshecompilerto guarante¢hatit cansafelysplit agivenstructureavenwhentheprogram

is writtenin aweakly-typedanguagdike C or C++.

3.1 Identifying Structuresto Transform

The compilermustbe ableto identify candidatedatastructuresand ensurethatthe transformation
will notcauseacorrectprogramto crashor exhibit errors.Thechallengeof transformingC andC++
programss thatthey arenot type safe.For splitting datastructuresve arenot concernedboutthe
type of the data.Ratherwe areconcernedboutthe layout of the databecausave arenot changing
how it is used,only whereit is located.

Thede nition of structurelayoutusedfor MPADS is thatthe byte-level view of the structures
mustbe the samefor the structurego be consideredhe samelayout. Formally, if two structures,
s; ands;, have the samenumberof elds andevery eld, f;, in both structuresat a given offset
are the samelength, thenthey are consideredo have the samelayout ( i.e., lengthof(s;:f;) =
lengthof(s,:f;) AND o set (s1:fi) = o set (s2:f;) ).

For a transformatiorto be safethe candidatestructureamusthave the samelayoutandall the
pointeraccesseto the candidatestructuresmustbe consistenwith thatlayout. The reasonwhy
pointeraccesse® the candidatestructuresmustall have the samelayoutis becausevhenwe split
the structuresandreomganizethedatain memory we needto modify the pointeraccesseby chang-

ing the addresscalculationfor accesse$o the elds. If two structureswith differentlayoutsare



in the samealias set, the structurecannotbe transformedoecausanodifying the eld accessess
unsafe.Transforminghe pointermaybe unsafebecausehe pointermayaccesswo differentstruc-
tureswith a differentlayoutsandthe elds thatwereoriginally locatedat the sameoffsetfrom the
startof the structurearenow in differentlocations.

Safecandidatesreidenti ed by analyzingthe resultsof a pointeranalysisandthencombin-
ing the alias setswith informationfrom the compiler's symboltable. The symboltable provides
informationaboutthe layoutof the objectandthe pointeranalysisallows the compilerto determine
which pointersarealiased.

Thepointeranalysisusedis aninter-proceduralSteensgaard'styleanalysig61]. Steensgaard'
pointeranalysiss a eld-sensitive, 0 w-insensitve andcontext-insensitve uni cation-basedanaly-
sis. Theanalysisvaschoserbecausé scaledo large programsandis eld-sensitive.

It is importantfor the aliasanalysisto be eld-sensitive, becausestructureoften containmary
elds of differenttypesandthe coarsegranularityof eld-insensitivity would resultin missedop-
portunities.If the pointeranalysisdid not differentiatebetweerthe elds, it is likely thatevery eld
in the objectwould be aliasedwith the pointerto the structure. Whenthe pointerto the structure
andthe elds arealiasedin a structurewith different eld types,the splitting opportunitywould be
unnecessarilpbandoned.

The pointeranalysisprovidesmore informationthensimply a checkfor safety it is alsoused
to determinein which poolsthe candidatestructureshouldbe allocated[29]. Usinga uni cation-
basedaliasanalysigypically resultsin all of the pointersthataccess particulardatastructureto be
in the samealiassetbecauséhe pointersusedto accesshe dataarebe uni ed. Differentaliassets

representlifferentobjectsandarebeallocatedn differentpools.

3.2 Memory Pooling

Memory poolingis the basisfor the MPADS transformatiorandis anintegral part of the transfor
mation. Thusbeforedescribinghow MPADS splits pointerbasedstructuresit is usefulto describe
thememorypoolingmechanismusedin MPADS.

Whenobjectsareallocatedn theheapit is possiblethattwo differentobjectscouldbeallocated
in an interleaved pattern. With suchallocation, objectsfrom two differentdatastructurescould
endup in the samecacheline, resultingin poor locality anda polluted cacheif the structuresare
trans\ersedndependentlyMemory poolinggroupssimilar objectstogethelin poolsto improve the
spatiallocality of thedata.

For example,considerthe interleared allocationof two structuresA andB. If theallocations
are performedusinga standardallocationroutinesuchasmalloc  thenthe datalayout may look
like Figure 3.1(a). However, if a pool allocationstrategy is usedthe datalayout will look like
Figure3.1(b). After pooling,thespatiallocality betweerthetypeA structureshasimprovedandthe

sameis truefor thetypeB structureslf structureA andB have the sameayoutandarealiased,t
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Figure3.1: An exampleof two differentstructuresA andB, with interleavedheapallocations.(a)
The allocationsperformedwithout pooling. (b) The allocationsperformedin the sameorder but
usingamemorypoolingallocationmethod.

is possiblethatthey will beallocatedn thesamepool.

3.2.1 Memory Allocation Library

The standardmemoryallocationfunctionsdo not provide supportto allocatea group of objects
together Thus, a memoryallocationlibrary that can allocatesimilar objectsin a pool must be
created.The memoryallocationcalls are similar to thoseprovided in the standardC library, only
the memoryallocatedfor eachobjectwill bein a pool thatis managedy the memoryallocation
library.

Thememoryallocationfunctionstake a structue identi er asa parameterThestructuredenti-

er is usedto tell thememoryallocationlibrary which allocationsgetgroupedogether

APIs

The Memory Allocation Library must provide supportfor the commonmemoryallocationcalls
foundin thestandardC library. Thisincludesmalloc ,calloc’ andfree . Althoughrealloc

is a commonmemoryallocationfunction, memorypooling and structuresplitting is designedor

caseswherethe datais allocatedoneitem at a time. In all of the benchmarkdested,not one
candidateusedrealloc . If morefunctionalityis neededthe library canbe extendedto support

moreallocationfunctionsin thefuture. CurrentlythesupporteddPIs are:

void* pool _alloc(unsigned int struct _id, size t struct _size, size
pool _size);
void* pool _calloc(unsigned int struct _id, size t numobjs, size _t

struct _size, size _t pool _size);

11
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void pool _free(void* ptr, unsigned int struct _id);

Memory Pools

The Memory Allocation Library will managea setof poolsfor eachdatastructure. Distinct data
structuresareidenti ed by the structureidenti er, struct _id , thatis passednto the allocation
function. The poolshave a x ed size, typically the samesize as, or larger than, a page. Datais
allocatedcontiguouslywithin the pool until the poolis full. Whenthepoolis full, anotherpool can
beallocatedandmorememorycanbeallocatedn this newly createcbool.

Memorycanbefreedfrom the poolsby usingthe MemoryAllocation Library'sfree function.
The freed objectsare storedin a list andthe memorycanthenbe assignedo anotherallocation.
Whenall of thememoryin the poolis freed,the pool canbereclaimed.

Usingmultiple poolsto storethe datafor eachdatastructureallows MPADS to useonly asmall
amountof additionalmemorywhile notlimiting the framewvork to a x ednumberof structureghat

canbeallocated.

3.2.2 Compiler Transformation

The compiler canusethe resultsof the pointeranalysisto differentiateobjectsand allocateeach
structurein its own pool. To do this, the compiler must rst determinewhich structuresshould
be allocatedin the samepool andthenmustreplacethe memoryallocationcalls with callsto the
custom-madd&lemoryAllocation Library.

The compilerstartsthetransformatiorby executingthe pointeranalysisandcollectingall of the
aliassets.Thealiassetsarethenanalyzedo determinewhich onesarevalid candidatesEachalias
setthatis identi ed asa candidatas assigned structureidenti er. All of the structureghat are
accessethy the elementsn the aliassetwill be allocatedin the samepool. Essentially eachalias
setrepresenta distinctobjectandwill beallocatedn its own pool.

The alias analysishasbeenmodi ed to collect the allocationsitesduring the samepassthat
performsthe analysis.The allocationsitesareassociatedvith analiassetandwhentwo aliassets
areuni ed thelist of associateallocationsitesis alsouni ed. Allocation sitesareidenti ed by
callsto malloc , calloc ,realloc ,alloca ,valloc |, strdup , memcpy, memalign and
posix _memalign . Currentlythetransformatioris only performedif the allocationsiteis a call
to themalloc or calloc functionsin the standardC library. If anotherallocationfunctionis
found the transformationis abandoned.The usageof other memoryallocatorssuggestghat the
programmemay notbecreatinga standargointerbasedstructureor thatthey aremanuallytuning
their applicationandsplitting mayactuallyharmperformance.

The compileriteratesthroughthe list of allocationsitesfor eachcandidateandtransformsthe
allocationto thecorrespondingall from thememoryallocationlibrary. Thestructurddenti er from

thealiassetis passedisthestruct _id parameteto theallocationfunction.
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A list of the deallocatiorsitesis alsocreatedduring the aliasanalysis. The sameprocesghat
was performedfor the allocationsitesis performedfor deallocatiorsites. If the objectis agged
to betransformedthe deallocatiorsitesarealsochangedo usethe correspondindunctionsin the

Memory Allocation Library.

3.3 Structure Splitting

Memory pooling canincreasehe spatiallocality of databy groupingor pooling similar structures
together Memory pooling works well whena traversalof a datastructureaccesseall or mary of
the elds in anodeof the aggreyatestructurebeforemoving to the next structure.However, quite
oftenatraversalof anaggreyatedatastructuremayonly access smallfractionof the elds in each
structure.Theun-accesseelds mayshareacachdine with the elds thatwereaccessedolluting
the cacheandusingvaluablememorybandwidth.Structuresplitting is atechniquehatcanaddress
this problem.

Whena structureis split, all of the similar elds in eachstructureare groupedtogether For
example,all of the rst elds in astructureareallocatedneareachother, all of the secondelds in
astructureareallocatedneareachotherandsoon. Theresultis thatthe elds with the sameoffsets
in differentstructuresave goodspatiallocality.

Figure 3.2 givesan exampleof how threestructuresA, B andC areallocatedboth with and
without splitting. Eachstructurein the examplehas4 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:if 1, A:if 2, A:f 3andA:f 4 have goodspatiallocality). WhenMPADS is usedthe
datais organizedasshowvn in Figure3.2(b). In the split version, elds A:f 1, B:f 1 andC:f 1 now
have goodspatiallocality.

Splitting datastructurescanimprove performancen several ways. If the traversalof a data
structureonly accesseafew elds of the structure thensplitting greatlyincreasesocality, reduces
the sizeof theworking set,reducegshe memorytraf c anddoesnot pollute the cache.Splitting the
dataalsocreateglatastreamghat canbe prefetchedy the hardware prefetchers. Most hardware
prefetchenginescansupportprefetchingof multiple streamsf datasimultaneously

For splitting structuresthere are three commonmethods: af nity-based splitting, frequeng-
basedsplitting and maximalsplitting. Af nity-based splitting typically requiresa pro ling runto
analyzeanddeterminetheaf nity of the elds in astructure Fieldswith ahigh af nity aregrouped
togetherandthenthe structureis brokeninto groupsbasedon the eld afnity . Frequeng-based
splitting alsoneeddnformationabouthow ofteneach eld is accessedndthisis typically obtained
from a prole. The elds are groupedinto frequently-accesseelds, known ashot elds, and
infrequently-accessedlds, or cold elds. Thestructureis split to separatéhe hotandcold elds.
Maximal splitting doesnot groupary of the elds in a structuretogetherit 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 Maximal Splitting.

structurearegroupedtogether Each eld from the structureis groupedwith the elds from other
structuresat the sameoffset. A studyof datasplitting techniquesiasshavn thatmaximalsplitting

canachieve the bestor nearbestperformancevhencomparedwith af nity- andfrequeng-based
splitting [70]. MPADS usesmaximalsplitting.

When MPADS splits structuresit removesthe paddingand eliminatesary elds thatare not
referencedn theprogram.Paddingis typically insertedby the compilerto minimize cachecon icts
or becausehe instructionsetarchitecturerequiresthat fetchesbe alignedby a certainsizeto be
efciently executed.Moving the dataessentiallyinvalidatesthe reasoningor addingpaddingto a
structurebecausehe datawill no longerbe locatedat the original site. Thusthe paddingcanbe
eliminatedby the structuresplitting transformation.

MPADS only worksfor splitting link basedstructuresandis not designedor splitting arraysof
structures.Zhaoet al. [70] andZhonget al. [71] have developedtechniquedor splitting arraysof
structures.

A major challengewhensplitting the structureds transformingthe addresssomputation.The
new addressomputationmustbe ef cient becauseanemoryreference®ccurfrequently The ad-
ditional overheadrom addinginstructionsfor the new addresomputationmay not be offset by

performancemprovementfrom increasingdatalocality. To reducethe overheadof addresgalcu-
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lation MPADS usestwo differenttechniquedor structuresplitting dependingon the layout of the

structure.

3.3.1 Uniform Structure Splitting

If all of the elds in thestructureareof the samdengththentheaddressomputations simplerand
moreef cient thenthe casewherethe elds aredifferentlengths. WhenMPADS splits structures
whereevery eld in thestructureis the sameengthit is referredto asuniform structuresplitting.

In generalaccessing eld via pointerp is calculatedas: *(p + o set ) wherethe o set is the
numberof bytesfrom the startof the structure typically a small value suchas4, 8, 30, etc. The
transformegointerdereferences still computedas*(p + o set ) only now theo set will beamuch

largervalue.Thenew offsetfor eld f; usinguniform splitting canbecalculatedas:
eld .i_oset = eld _length num_structs_per _pool i (3.1)

The addressalculationcanbe seengraphicallyin Figure 3.3. Sinceeachof the elds arethe
sameengththestartof eld f; will beatthe samedistancefrom the startof its sectionof the pool
asthepointeris away from the startof thepool. Thereforeaddingup thesizeof all of the elds that
canbe storedin-betweergivesthe offsetthatneedgso be addedto the pointerto accesshe correct
eld.

SO o e s e
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| []w “o?
| I3

Figure3.3: Pointeraccessvith MPADS uniform maximalsplitting.

If thetargetprocessohasabaseplusoffsetaddressingnode thereis likely alimited numberof
bits availableto usefor the offset. Thiswill notlimit theapplicabilityof themethod;eitherthepools

couldbemadesmalleror anadditionaladdinstructioncouldbe usedbeforethe memoryaccess.
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3.3.2 Non-Uniform Structure Splitting

Non-uniformstructuresplitting refersto splitting structureghat are comprisedof elds thathave
differentlengths.The elds arestill allocatedn the pool andsplit maximally, but becausehe eld
lengthsarenotthe sametheaddressalculationis morecomplicated.

Onedrawbackof using multiple poolsfor splitting structureswith differentsize elds is that
whena data eld in a pool needsto be accessedthe startof the pool that it residesin mustbe
identi ed in orderfor theindex of the objectto becomputed.

For example,considerapoolthathasseveralobjectsallocatedn it, shavn in Figure3.4. Let the

lengthof elds 1, 2,3 and4 be2, 4,4 and8, respectiely.

W) -.1)012% /
056 / (*BS(/")T"" ", J/ I
7 Tw= || ™
H -11)012% »
056 / (*BS(/")T"" ", Ky
/
) - & ) 0123} | | |

056 / (*BS/")T"" ",

- /,)0123% | | | I
056 / (*BS(/") 7",

Figure3.4: Exampleillustratingwhy theindex in the pool mustbeknown for non-uniformsplitting.

Assumethatthereis a pointerp andthe applicationwantsto accesseld f 3,p > f 3. Assume
thatthereare 100 structuresin the pool andp pointsto the third objectallocated. Calculatingthe
offset similar to Equation3.1 would give (2 100)+ (4 100) = 600. However, this offsetis
actually4 bytesshortof thelocationthatshouldbe accessedThedottedarrow in Figure3.4 showvs
the datathatwould be accessed the offsetwas600bytes. Thus,to accesshe correctlocationwe
needto know how mary objectshave beenallocatedin the pool beforethe structurereferencedy
thepointer

It is usefulto give anintuitive explanationof the new addresgalculationbeforedescribingthe
formal addresgalculationthatcanbefound usingEquations3.2,3.3and3.4. Figure3.5shavs an
exampleof a structureallocatedin a pool. The basicideabehindthe addressalculationis to nd
distanceof the eld we aretrying to accesgrom the startof the pool. To do this we needto know

how mary otherstructureshave beenallocatedin the pool up to andincludingthe structurewe are
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Figure3.5: Pointeraccessvith MPADS Non-UniformMaximal Splitting

trying to accessye referto this asthe index. For example,the index of structurep in Figure3.5
is 3. Now to nd thedistancefrom the startof the pool we needto addup the amountof the pool
occupiedfor the elds beforethe eld we areaccessingln addition,we needto addto the offset
the spaceoccupiedby the numberof elds allocatedbeforethe eld we aretrying to access.For
example,in Figure 3.5 this would be two timesthe sizeof the third eld in the structure.Finally,
sincewe areaddingan offsetto p andnot from the startof the pool we needto subtracthe distance

from p to the startof thepool.

UNSIGNED INT GENBITMASK(INT poolSize)

1 unsigndint ret= 0

2 intsenal=0

3 fori = Oto sizeof (unsigned int) 8

4 do

5 seen_a_l = seen_a_l k (poolSize & (0x01 << i)
6 ifsenal!= 0

7 then

8 ret = BitwiseOR(ret; (Ox01 << 1))
9

10 ret = BitwiseX OR(ret; OXSFFFFFFFF)

11 returnret

Figure3.6: Algorithm to createthe bit maskusedfor maskingthe pointers.

Using the runtime library to searchfor the start of the pool that the pointer belongsto and
thenreturningits index in the pool would be expensve. To make addresscalculationinexpensve,

MPADS alignsthe memoryallocatedfor the poolson boundarieghat are multiples of the size of
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the pool. If the poolsare alignedthena simple binary and canbe usedto nd theindex of the
object. The bit mask,mask, canbe calculatedusingthefunctiongivenin Figure3.6. Thebit mask
is calculatecht compiletime andthe constanthatis returneds usedin theaddresgalculation.The

index of theobjectcanbefoundasfollows:

: _ p& mask
index = Swof () ) 3.2)
_ . pool_size
num _structs_per _pool = “sizeof (1)) (3.3)
8
< _ for i=1
eld i oset = ]':11 (sizeof (f;) num_structs_per_pool) + for i>1 (3.4)

(sizeof (fi) index) (p&mask)

The calculationof eld _i .o set from Equation3.4is shovn graphicallyin Figure3.5. All of
the subexpressionsn Equation3.4 exceptfor index andp areknown at compiletime andcanbe
foldedto furtherreduceoverhead.As well, sizeof (f;) is typically a power of 2 andthe compiler

canusea strengthreductionto replacethe division with a bit-shift operation !

3.3.3 Changesto the Memory Allocation Library

Callstotheallocationanddeallocatiorfunctionsarestill interceptedhesameway aspoolallocation
but a slightly differentfunction mustbe used. The allocationfunction for structuresplitting still

groupssimilar objectstogether but the location and patternof the memoryfor each eld thatis
allocateddiffersfrom the pool allocationroutines.

The main differencebetweenthe allocationfunction for structuresplitting andpool allocation
is thatthe pool allocationlibrary returnsaddressethatare separatedby the lengthof the structure
while the allocationfunctionfor structuresplitting returnsaddresseseparatedby thelengthof the

rst eld. Thisis bestexplainedwith anexample.

Assumethatthe pool sizeis 4k andwe areallocatinga 16-bytestructureconsistingof four 4-
byte elds. A call to the pool allocationfunction returnsmemoryaddressn. Thusthe memoryin
locations|m; m + 15]hasbeenallocated.Thememoryin [m; m + 3] hasbeenresenedfor the rst
eld, [m+ 4; m+ 7]for thesecondeld andsoforth. Theseconca:all to thepool allocationfunction
will returnm + 16 andthememoryin [m + 16; m + 31]hasbeenallocated.

Usingthesamesxample thestructuresplitting allocationfunctionwould returndifferentaddress
andresere differentareadn the pool. In this examplethereare4 elds, eacheld will occupy one
quarterof the pool or 1024 bytes. The rst eld of the rst objectallocatedin the pool will be

locatedat m andthefunctionwould returntheaddressn. Thesecondthird andfourth elds of the

1The sizeof (f;) is known at compile time becausehe length of each eld in the structuremust be known for the
transformatiorto beidenti ed assafe.
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rst objectwould belocatedatm + 1024 m + 2048andm + 3072 respectiely. The rst eld in
the secondobjectallocatedin the pool will be locatedat m + 4 with the secondthird andfourth
elds of thesecondbjectbeinglocatedatm + 1028 m + 2052andm + 3076 respectiely.

Thereareafew otherminorchangeshatneedo bemade.For non-uniformsplitting, poolsmust
bealignedby the pool sizeandareallocatedusingtheposix _memalign systemcall. As well, for
bothtypesof structuresplitting we requirethatthe pool sizebeknown at compiletime to reducethe
costof addressomputation.To make thememorylibrary more e xible, thepool sizecanbepassed
in asa parameterThe compilerautomaticallygenerateshis parameteandusesthe samevaluefor
theaddresgalculation.

The APIs for the splitting functionsare the sameasthe pool allocationfunctionsexceptthat
they alsoincludeparameterfor thesizeof the rst eld in thestructure this mustbe known for the

allocationfunctionto returnthe correctaddress.

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 numwobjs, size _t struct _size, size _t pool _size);
void split _free(void* ptr, unsigned int struct _id);

Selectinghesizefor thepoolsis animportantconsideratioffior splittingandcanvary depending
on the application,input selectionand target machine. Ideally, an oraclewould allow the pool
allocationlibrary to determineexactly how muchdatawill beallocatedn eachpoolandthememory
allocationlibrary would only needto createonepool for eachdatastructure.Unfortunatelysuchan
oracledoesnot exits sowe proposea rangeof poolsizes.

If memoryrequirementsare tight, as may be the casefor embeddedpplications,the space
overheadvould beamortizedbut quickerusingsmallerpools. Theminimumsizefor poolallocation
andsplitting to startyielding returnsis the sizeof the cacheline divided by the sizeof the smallest

eld in the structuretimesthe sizeof the structure.Thisway each eld in thepool lls atleastone
cachdine. Usingthesameideabut replacecachdine with virtual pageis a practicalupperlimit for

thesuggestedange.

3.3.4 Compiler Transformation

For splitting, the compileridenti es the candidatestructuresandinterceptghe callsto the memory
allocationanddeallocatiorfunctions, the sameasmemorypoolingonly usingthe structuresplitting
allocationcalls. Oncethe candidatefiave beenidenti ed, andtheallocationfunctionschangedthe
compilerthenneedgo updateall of theaccesset elds of thestructure.

To changepointeraccessethecompilerrecursvely traverseghe parse-tresearchingor aload

of anaddres$rom the stackfollowedby aloador store refereedo asanindirectloador store.Once
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anindirectloador storeis foundthe compilerdeterminesvhich aliassetthe pointeris amemberof.

If the correspondingliassethasbeen agged asa candidatefor splitting, the addresscalculation
usedin theindirectload or storeis changedo useeitherthe uniform split or non-uniformsplitting

addressinglescribedn Sections3.3.1and3.3.2.

The offsetfor the rst eld in eachstructureis always0 andcanbe accessedavithout a costly
addressomputation.To try andimprove the performanceViPADS shouldput the mostfrequently
accessedeld atoffset0. Sincepro le informationis not available,we assumehatthe recursve
elds in moststructuresaareaccessedery frequentlyandMPADS makesthatthe rst eld. If there

aremultiple recursve elds MPADS arbitrarily picks oneof themto bethe rst eld.

3.4 Implementation in the IBM XL Compiler

The MPADS transformatioris implementedn the Toronto PortableOptimizer (TPO)in the IBM
XL compiler MPADS requiredaninter-procedurapointeranalysisto guaranteesafetyandthusit
is a naturalchoiceto implementMPADS in the TPO, which performswhole programoptimization
andanalysis.

The TPOperformstwo passesverthe programthe rst passcollectsinformationandanalyzes
the codewhile the secondpassmodi es the program. The MPADS framework could easily be
integratedinto the2 passeshatthe TPOperforms.Onthe rst pasghepointeranalysids performed
andcandidatestructuresareidenti ed andthenonthesecondasghecandidateallocationsitesand
pointerde-referencearemodi ed.

MPADS addedvery little additionaloverheado thecompiler ThepointeranalysighatMPADS
usesis alreadyperformedby the TPO as part of the Forma array reshapingtransformation70].
Additionally, MPADS doesnotneedto make ary additionalpassesverthecodebecaus¢hepointer
analysisprovidesenoughinformationfor the transformatiorprocesgo be donelocally, almostas

thoughit is a peep-holeptimization.
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Chapter 4

Performanceon Micr o Benchmarks

To determinethe potentialperformancémprovementprovidedby MPADS, two linked-listandone
binary-treemicro benchmarksvere created. MPADS was usedto automaticallyreoganizethe
datastructuresn the micro-benchmarksndthe performanceesultswere collected. The micro-
benchmarkshavedthat MPADS cansigni cantly reducecachemissesandimprove performance
when comparedwith both pool allocationand the original versionof the programswithout data

reomanization.

4.1 Experimental Setup

The benchmarksre evaluatedon two differenthardware architecturesnd are compiledwith the
IBM XL compileratthe highestoptimizationlevel, -O5.

The machinesusedfor evaluationarea 1.7 GHz Pover4 machineanda 1.9 GHz Power5 ma-
chine.Thepertineninformationaboutthememoryhierarchycon gurationof eachmachines given
in Table4.1andthememorylateng for eachlevel of the memoryhierarchyis givenin Table4.2.!
Both processorsisea hardware prefetcherthat canidentify stridedaccesgatternsand automati-
cally performprefetching. An interestingarchitecturaldetail is that the L3 cacheon the Power5
architecturas avictim cache[43].

All of thetiming resultsarecalculatedby taking the smallestrunningtime from 10 runsof the
application.The performancenetricsaregatheredisingthe tcounttool thatmonitorsthe hardware

countersandaregatheredluringa separateun sothatit doesnot affectthetiming results[65].
4.2 Micr o Benchmarks

42.1 LinkedList 1

TheLinkedList 1 benchmaricreatesalinked-listwith 1.5 million nodeswvhereeachnodecontains

ve elds. The ve elds in thestructurearedifferentsizes.Thelist is initialized andthentraversed

informationaboutthe Pover4 andPawver5 machinesvascollectedfrom varioussourceg19, 27, 41,42].
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Pover4 Poaver5
L1 DataCache| 32kb 32kb
2-way associatie 4-way associatie
128bytecachdine 128bytecachdine
L2 Cache 1.44Mbsharedperchip | 1.9Mbsharedberchip
8-way associatie 10-way associatie
128bytecachdine 128bytecachdine
L3 Cache 32Mb perchip 32Mb perchip
8-way associatie 12-way associatie
512byte cacheine 256bytelines
TLB 1024entries 1024entries
4-way set-associate 4-way set-associate

Table4.1: CacheCon guration

Powver4 | Powver5
L1D Cache 1 4
L2 Cache 8-12 14
L3 Cache 118 80
Main Memory | 250 351

Table4.2: MemoryHierarchylLateng

1000times. To simulatean interleaved allocationwith anotherstructure,100 bytesare allocated
betweerthelist nodes.

Therearetwo versionsof the Linked List 1 benchmarknamelyLinked List 1A and Linked
List 1B. The datastructureis the samebut the traversalmethodis different. In the LinkedList 1A
programall of the elds in eachnodeareaccessetieforethe traversalcontinuesto the next node.
Thelist is traversedl000timesin this fashion.Alternatively, for LinkedList 1B a separatéraversal
is performedthatwill only acces®one eld from the structureandthe next pointer Essentiallythis
traversalonly accessesne eld in thenodebeforemoving to thenext node.Thisis preformedL000
timesfor each eld beforetraversingthenext eld in thestructure.

Thetwo benchmarksverenotdesignedo becomparedThereasorthatthetwo differentaccess
patternsverechosens to testif structuresplitting couldimprove the performancesf bothtraversal
patterns.

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

4.2.2 LinkedList 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
100timesaccessingnly the rst eld, thenthestructures traversed100timesaccessingnly the

secondeld, andsoforth.
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This benchmarkwvastestedboth with andwithout dataallocatedbetweenrthe list nodes. Data

allocatedbetweerthelist nodess 40-bytedong andis refereedo asinterlearedallocation.

4.2.3 Binary Tree

TheBinary Treebenchmarks essentiallythe sameasthe LinkedList 2 benchmarlbut abinarytree
datastructurereplaceghelinkedlist datastructureused. The structureis traversedin a depth- rst
orderaccessingne eld atatime. Each eld in thestructurds traversedl00times.

Similarto LinkedList 2, this benchmarks testedbothwith andwithout dataallocatedbetween

thenodesof thelist. Theinterleavredallocationsare40-bytedong.

4.3 PerformanceResults

For every oneof themicro benchmarksMPADS improvedapplicationperformanceomparedvith
thebaselineandmemorypooling. MPADS improvedperformancéecausef theimprovedmemory
locality andbetterutilization of the memoryhierarchy

The speedugrom usingMPADS andmemaorypoolingis shavn in Figure4.1. The baselingor
comparisornis a programcompiledwith the highestlevel of optimization,-O5. MPADS performed
signi cantly betterthenmemorypoolingon boththe PonverdandPaver5architecturesThespeedup
for MPADS rangedfrom a 1.47fold to 12.36fold improvementwhile pool allocationreceved a

speed-upf 1.21fold to 4.11fold.

11— T T

Pool Allocation £
MPADS @zsm |

14 -
Pool Allocation mxxxx1

MPADS 558 10

Speedup
Speedup

(a) ©)
Figure4.1: Speedumn a(a) Powver4and(b) Powerb.

BothMPADS andmemaorypoolingwereableto successfullypooltheinterlearedallocations.In
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Figure4.1it canbe seenthatthe benchmarksvith the interlearedallocationshada larger speedup
thenthe benchmarkswithout the interleaved allocations. The reasonthat thosebenchmarksad
greaterperformancamprovementsis becauséoth MPADS and pool allocationplacedthe inter-
leavedallocationsnto separat@oolsandkepttheinterleaveddatafrom wastingmemorybandwidth
andpollutingthe cache.

Looking atthe numberof instructionsexecutedandthe averagenumberof cyclesperinstruction
(CPI) canhelp provide a picture of the impactthat the transformatioris having, theseresultsare
provided in Figures4.2 and4.3. As expected,the additionaladdresscalculationinstructionsin
MPADS increasedhe numberof instructionsexecuted but the improved datalocality resultedin
fewer stallsandalower CPI. Thelargestreductionof CPlonthePaver4wasfor benchmark.inked
List 2 with the interleaved allocations,droppingfrom 10.23to 0.81. On the Power5, the largest
reductionof CPIwasfor benchmark.inkedList 1B droppingfrom 9.35t0 1.21.
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Pool Allocation ¢
MPAD!

Baseline m—
Pool Allocation
MPADS
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Number of Instructions Executed

le+10 le+10

(a) (b)

Figure4.2: Dynamicinstructioncounton a (a) Pover4and(b) Paver5.

A someavhatunexpectedresultwasthat pool allocationreducedhe numberof instructionsex-
ecuted. Examiningthe standardC library shaved that comparatiely, the pool allocationlibrary
callsarerelatively ef cient becausehey allocatelarge poolsof memoryandthenjustassigrasmall
chunkof thepoolfor eachallocationcall. Thishelpsto minimizetheoverheadf allocatingmemory
andresultsin fewerinstructionsbeingexecutedhenthebaseline.

Eventhoughthe numberof instructionsexecutedincreasedvith MPADS, the time requiredto
executethe programdecreasedThe programgunsfasterbecausehe transformatiorreducedthe
sizeof theworking setandwasableto betterutilize thehardwareprovidedin thememoryhierarchy

The TranslationLookasideBuffer (TLB) is a smalltablein the CPU thatis usedto translate
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Figure4.3: Cyclesperinstructionon a (a) Powerdand(b )Paver5.

virtual addresseto physicaladdresses.f the working setis small enough,all of the address
translationcanbe quickly handledusingthe TLB. If avirtual addresss notfoundin the TLB then
the CPUwill typically trapto the operatingsystemandwalk the pagetablesto computethe address
translation.TLB missescanbevery expensve. The Paver4and5 architecturesiseseparatd LBs
for dataandinstructions abbreviatedasthe DTLB andITLB, respectiely. SinceMPADS performs
adatatransformatiorwe areonly interestedn the DTLB performance.

Thenumberof DTLB missesaregivenin Figure4.4. Everybenchmarkadthefewestnumberof
DTLB missesvhencompiledwith the MPADS optimization.ComparingMlPADS with thebaseline
andpool allocation,it is clearthatstructuresplitting hadfewer TLB missesandthis resultis likely
causedrom reducingthe sizeof theworking set.For thebenchmarksMPADS reducedhe number
of DTLB missedy atleastafactorof 4 from the baseline Somebenchmarksav animprovement
of morethen9 timesfewer misses.

With memoryaccessetakinghundredr eventhousand®f cycles,having thedatain cacheis
critical to continuefrequeng scalingasa meansof improving applicationperformance. MPADS
reduceghe size of the working setandthis reductionshouldallow moreitemsto t in cache.As
well, datasplitting can help prefetchthe dataimplicitly, becausahe elds will be locatedon the
samecachdine. Datasplittingwill alsohelpwith explicit prefetchingprovidedby hardwaresupport
becausehe datais organizednto streams.

TheL1D cachein the Pawer architecturess local to eachprocessocoreandthereareseparate
dataandinstructioncache.The numberof L1D missesaregivenin Figure4.5. MPADS hadfewer

L1D missesthen memorypooling on every benchmarkexceptfor Linked List 1A. SinceLinked
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Figure4.4: DTLB Misseson a(a) Paver4and(b) Powers.

List 1A accessedvery eld in the structureduring eachtraversalits not surprisingthat structure
splitting performedworsethanmemorypoolingatthe L1 level wherethe cacheis small. It is worth
noting that MPADS wasonly marginally worsethanmemorypoolingon Linked List 1A andstill
reducedthe numberof L1D missesby 35 timesfrom the baseline.The Linked List 2 andBinary
Treebenchmarksompiledwith MPADS hadupto 17xfewer L1D misseshenmemorypoolingand
upto 35x fewer L1D misseghenthebaseline.

Likethe L1 cachetherewerefar fewer L2 andL3 cachemissesusing MPADS. The number
of L2 cachemissesaregivenin Figure4.6 andthe numberof L3 missesaregivenin Figure4.7.
For boththe L2 and L3 cacheghe largestreductionof cachemisseswason the Linked List 1A
benchmarkFor this benchmarkthedifferencedbetweenMPADS andmemorypoolingweresmall,
but MPADS performedbetterthan memorypooling on the Paver4 machinewhile on the Power5
machinememorypooling performedbetter For all of the otherbenchmarksViPADS performed
betterthan memorypooling on both architectures.This is not surprisingsince structuresplitting
reduceghessizeof theworking setandallow datato be prefetchednoreef ciently .

It mayseemsurprisingthat,for LinkedList 1A, memorypooling performedslightly betterthen
MPADS on the numberof L1D missesyet MPADS had a larger speedughen memorypooling.
This resultcan be explainedby looking at the numberof DTLB misses,MPADS hasabout5%
fewer DTLB misseghanmemorypooling. Thereductionin the numberof DTLB misseds enough
to offsettheincreasechumberof cachemisses.

ThereasornthatLinkedList 1A and1B werecreatedwasto testif MPADS canperformbetter

then memorypooling when (i) all of the elds in the structureare accessedontemporaneously
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Figure4.5: L1D missewna(a) Pover4and(b) Pover5.
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Figure4.7: L3 misseson a(a) Paver4and(b) Power5.

and(ii) eacheld is accessethdividually. Theresultsfrom the rst micro benchmarkndicatethat
MPADS hasperformanceatleastequalto poolingfor boththeA andB versionsandcansigni cantly
outperformmemorypoolingwhennotall of the elds areaccessetbgether

Anotherinterestingcomparisorto make is looking at the resultsfor benchmarksvith andwith-
out interleaved allocations. Onceagain, MPADS outperformedmemorypooling in every bench-
mark. For the benchmarksvithout interleaved allocations MPADS obtaineda signi cantly larger
reductionin thenumberof cacheandDTLB missescomparedvith memorypooling. Datasplitting
signi cantly reducedhe numberof cachemissesat all levels of the memoryhierarchyfor mostof
thesebenchmarks.

Memorypoolingincreasedhenumberof L3 missedor thePaver4processorunningtheBinary
Treewithout interleaved allocationsbenchmark.However, pooling did not increasehe numberof
L3 missenthePawer5or onthebenchmarkvith interleavedallocation. Theincreasedumberof
missedor pool allocationis likely causedecausehereis no dataallocatedbetweerthe dataand
thebaselinaallocatesverythingcontiguously Whenpool allocationis appliedthe datais allocated
in poolsbut the poolsmay not be contiguous.Thustheremay be more spacebetweerthe dataand
lesslocality leadingto morecachemisses MPADS hadfewer misseshenboththebaselineandthe
memorypooling.

MPADS performanceémprovementare not limited by the layout of the datastructure. When
thelayoutchangedrom alist to atree,MPADS still outperformednemorypoolingandobtaineda
speedupangingfrom 1.46to 2.35timesfasterthenthe baselinecomparedo a speedup ranging

from 1.10to 1.66for memorypooling.

28




Chapter 5

Experimental Evaluation

After verifying thatthe MPADS performedas expectedon the micro benchmarksit mustbe eval-
uatedon larger benchmarksuites. For all of the larger benchmarksested,MPADS outperforms
memorypooling. For one of the benchmarksMPADS cut the executiontime in half, morethen
27% betterthanmemorypooling. However, the resultsfor the restof the benchmarksre mixed.
Many potentialopportunitieswere abandonedecausehe pointer analysisdid not have enough
precisionand thus the transformationdid not have aslarge an impactas expected. As well, the
transformationcausedone of the benchmarkshealth,to have worse cachebehaior andrun 9%

slowerthenthebaseline.

5.1 Benchmarks

For the experimentspenchmark$rom 3 sourcesvereused SPEC2000,0lden[53] andLLU [74].
TheOldenandLLU benchmarksverechoserbecauseéhey have beenusedto evaluatemary code
transformationshataimto improve cacheperformancendbecause¢hey containpointerbasediata
structureq10, 29, 63]. The SPEC2000 benchmarksvere chosenbecausdhey arethe de facto
standardor performanceneasuremenn theindustry

The benchmarkdestedare comprisedof C and C++ programsthat uselinked datastructures.
Thesizeandlayoutof thedatastructuresn thebenchmarksaries.Somebenchmarksiseastandard
linkedlist while othersusestructuresuchasalinkedlist of linkedlists, or quad-treesMPADS per
formsananalysisto identify candidateso split andshouldbe ableto split the structuregegardless
of thelayout.

Optimizationopportunitiesarenot discoveredin several of thebenchmarksThosebenchmarks
arenotincludedin theresultsbecausatransformatiorwasnot performedon themandaccordingly

thereis no changen their performance.
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5.1.1 MissedOpportunities

For theOldenbenchmarksMPADS wasunableto identify opportunitieon half of thebenchmarks,
namelybisort, mst, perimetertreeaddandvoroni benchmarksThus,resultsfor thesebenchmarks
arenotreportedbecausehey werenotmodi ed.

Opportunitiesareidenti ed in only 5 of the SPEC2000benchmarksndthe opportunitieghat
wereidenti ed wereresponsibldor referencingonly a smallfractionof eachapplications data.As
aresultthetransformatiordid not have ameasurablémpacton ary of the SPEC2000benchmarks.
The numberof opportunitiesdenti ed andabandonedh eachbenchmarlgivenin Table5.1. The

rst two columnsreferto the numberof aliassetsthatweretaggedassafecandidatesor thetrans-

formationandthe numberof alias setsthat were abandoned.The third columnis the numberof
allocationsitesthat MPADS replacedwith callsto the pool allocationlibrary andthelastcolumnis
thenumberof allocationcallsin the program.

AlthoughMPADS did notidentify arny opportunitiesn SPECwe believe thatopportunitiesexist
becausd attnerand Adve's Data StructureAnalysis (DSA) hassuccessfullyidenti ed candidates
in SPEC2000[32, 44]. LattnerandAdve's DataStructureAnalysisusesa context-sensitve, eld-
sensitve, 0 w-insensitve uni cation-basedpointeranalysisthatis more precisethenthe Steens-
gaards styleanalysisusedin MPADS. Unfortunately neitherDSA nor theresultsfrom DSA could
be integratedinto the implementatiorwithout a considerablemountof effort becausehe results
arecontet-sensitve. Using the context-sensitve analysiswould requiremodi cation of all of the
functionprototypesn the programto passin arepresentationf the calling context sothatdatacan
beallocatedn thecorrectpool dependingon thecalling context.

Oneof the SPECbenchmarkshat may containan optimizationopportunityis ammp Threeof
themaindatastructuresn ammpcontaindozensof elds andarevery large. The structuresatoms
nodelistandatomlistare2208,232and232byteseach[1]. Only asmallfractionof the elds in each
structureareaccesseduring a traversalandthis benchmarkds an excellentcandidateor MPADS.
If this structurecould be split it would likely resultin a signi cant speedup.Unfortunately this
opportunitywasnotidenti ed by MPADS.

The SPECbhenchmarkwith the most opportunitiesidenti ed wasgcc Twenty opportunities
wereidenti ed in gccbut only 87 out of over 1500allocationsitesweremodi ed andtheallocation
sitesthatweremodi ed did notallocateary signi cant portionof data.Theotheropportunitiesvere
abandoneeitherbecausehe aliassetscontaineddifferentaccesgatternsor the allocationsite for
analiassetcould not befound. The pointeranalysisnot having enoughprecisionis thereasorthat

safeopportunitiesvereabandoned.
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NumPools | NumPools | Allocs Allocsin
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 | O 0 0 144
perlomk | 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 the experimenton the Olden,SPECandLLU benchmarksthe experimentaketupis the same
asdescribedn Chapterd.1. The samemachinesandthe sameproceduresvereusedto collectthe
results.

Therewasnonoticeabldéncreasen compilationtime becaus¢hetransformatiorusedtheresults
of a pointeranalysisthat the compileralreadyperforms. During the transformationthe compiler
did not have to do ary additionalpasse®ver the codeasit wasintegratedinto the transformation
phasealreadydoing a passover the code. The resultwasa very ef cient implementatiorthat did
notsigni cantly affectthecompiletime.

The MPADS transformatioreitheroutperformedr tied the performancef memorypoolingon
every benchmark. The speedugfor eachof the benchmarksafter the transformationss givenin
Figure5.1. Both memorypoolingandMPADS hadlargerimpactson the Powver4processothanon
the Pawver5. Onthe Pover4, MPADS improved5 benchmark&ndmemorypooling only improved
3. OnthePowverSMPADS andmemorypoolingonly improved2 benchmarksut MPADS improved
LLU by 27% morethenmemorypooling.

The CPIfor the pool allocationandthe baselineeitherstayedroughly the sameor pool alloca-
tion hada sightly higher CPI, shavn in Figure5.2. For the MPADS optimizedcodethe CPI was
always smallerthan memorypooling. Becauseof the addres<alculation,MPADS also executed
moreinstructionsthanmemorypoolingon all of the benchmarksFigure5.3 shavs the numberof
instructionsexecuted.

The resultsfor the Data TranslationLookasideBuffer (DTLB) showvn in gure 5.5 arerather
interesting.For healthonthePaver4bothmemorypoolingandMPADS causednoreDTLB misses
but on the Pawer5 the transformationgausediewer misses. Corversely for tsp, MPADS caused

fewer misseson the Paver4 andmore missedon the Power5. At rst glance,theseresultsappear
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Figure5.2: CyclesPerlInstructionon a (a) Pover4and(b) Pover5.

surprisingconsideringthat the TLBs on both processordiave the samenumberof entries[41].
However, the Paver5architectureaddeda rst level datatranslationtablethatcontainsa 128 entry
fully associatie array[60].

Perhapsnostsurprisingis thatfor mary of the benchmark$viPADS increaseahe numberof
L1D missesshowvn in Figure5.6, yet still obtaineda speedup. Looking at the numberof L2 and
L3 missesn Figures5.7 and5.8 shavs that MPADS decreasethe numberof missesat the lower
levels of cacheandthesereductionsoutweighedheincreasesn L1D misses.The numberof L1D
cachemissedncreasednostlikely becausenemorypoolingmovedthetwo structuredartherapart
andthesmallL1D cachenolongercontainedothstructures.

The benchmarkhealthperformedworseafter structuresplitting. Looking at the performance

metricsthe numberof instructions,DTLB misses| 1D cacheandL2 cachemissesdidn't change
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Figure5.3: Dynamicinstructioncounton a (a) Pover4dand(b) Pavers.

very much. However, the MPADS transformatiorincreasedhe numberof L3 cachemissesandthe
numberof instructionsexecutedresultingin the degradedperformance.Health performedpoorly
becauseof the uniquelayout of the datastructureused. Figure 5.4 from Zilles shows the data
structureusedin healthto maintainthe patientlist [74]. Allocatingthelist structuresandthe patient
structuresn separatgools hurt performancebecausehe patientstructureis accessedia the list
structure.Allocating themin separatgoolsmovesthemfurtheraway. It's interestingto notethat
splitting structuresvon someof the lost performancebackandthe largestslowdown for splitting
was9% while pool allocationslowedthe benchmarldown by 14%.

Datastructuredik e the one usedin healthare commonlyusedby programmersand MPADS
shouldbe ableto eitherimprove them or abandorthe opportunity The slowdown appeargo be
causedy pool allocationseparatinghetwo lists. If bothlists couldbe allocatedin the samepool
thiswouldlik ely improve performanceAnotheralternatve discussedh Chapter7.1.2is to abandon

thetransformatiornif the compilercandeterminehatit will degradeperformance.
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Figure5.4: Thedatastructureusedin healthto maintainthe patientlist from Zilles [74].
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Benchmarksbh, em3d, power and tsp had much smaller performancemprovementson the
Paver5comparedo the Paver4. Looking attheresultsfor the cacheandDTLB missesshavsthat
therewas a muchlesssigni cant reductionin misseson the Power5. As a resultthe numberof
cyclesspentstalledonly sightly decreasedn the Pover5andmostof thatgainwaseatenup by the
overheadf the extraaddresalculationinstructions.

The LLU benchmarksimulatesa linked list andwas proposedas a replacemento the health
benchmarkhat may not be representatie of a typical linked list datastructure[74]. This bench-
markrecevedthe largestspeedugrom MPADS, 2.07onthe Pover4and1.72onthe Paver5. It's
interestinghatthenumberof L1 cachemissesncreasedbut thenumberof DTLB, L2 andL3 cache
missesdecreasedThe L1 missesncreasedecausehe benchmarlaccessemary of the elds in
the list nodesat the sametime andthe reomganizationof the datacausedpoorerL1 cacheperfor
mance.However, for thelargerL2 andL3 cacheghe datareomganizationallowedthemto prefetch

moredataandsigni cantly reducedhe numberof cachemisses.
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Chapter 6

RelatedWork

Thefocusof this thesisis datatransformationgor generapurposecomputingandtherelatedwork
will be restrictedto this domain. Many datatransformationshave beendevelopedfor scienti c
computingbut they are generallynot applicableto non-numericapplicationsandthuswill not be

covered.

6.1 Manual Data Transformations

Unlessthe performancef analgorithmis critical, mostdevelopersarenotwilling to incurtheaddi-
tional implementatiorand codemaintenanceoststhat arerequiredto performlocality-improving
transformationsResearcherBave acknavledgedthis anddevelopedmore generatechniquesand
tools to help programmersnodify their applicationsto reducethe runningtime. Unfortunately
mary of thetechniquesndtoolsdevelopedstill requirenon-trivial programmeintervention.

Truong,BodinandSeznednvestigatewo datatransformationshatthey call eld reomanization
andinstancenterleaving [63]. Field reomganizationgroups elds thatarereferencedogetherinto
the samecacheline. It reomganizeshe orderof the elds in the structures.Instanceinterleasing
splitsthe datastructuresothat elds of differentinstance®f a structureare groupedtogether To
supportheinstanceanterleaving techniquethey developa memaoryallocationlibrary to changehow
thedatais allocated Instancenterleaving is similarto MPADS structuresplitting but it requiresthe
programmers$o manuallymodify their datastructuredy addingpaddingandreplacingthe memory
allocationfunctions.

Chilimbi, Davidsonand Larus modify the internal organizationof elds in a datastructureat
compiletime to improve the locality [9]. Two techniquesare usedto reoiganizethe elds in the
datastructuresstructue splitting and eld reorering Structuresplitting is usedto increasethe
numberof hot or frequentlyaccessedelds found in a cacheblock. Structuresplitting increases
spatiallocality andwasshawn to reducecachemissratesby 10to 27%,improving performanceoy
6 to 18%. Field reorderingplaces elds with high temporallocality in the samecacheblock and

moderatelyimprove performancéy 2 to 3 %. Thealgorithmusedby Chilimbi, DavidsonandLarus
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requirespro le informationandthe splitting is only safefor Java classes.As well, the structure
splitting seperateshe datainto hot and cold elds andoutlinesthe cold elds. A pointerto the
structurewith the cold elds is keptwith the hot elds andeverytimea cold eld is accesse@n
aditionalpointerdereferencés required. MPADS structuresplitting performsmaximalsplitting and
althoughit requiresmoreinstructionsfor the addressalculationit doesnot requirean additional
pointerdereference.

Chilimbi, Hill andLarusnotethattechniquedfor reducingmemorylateng have had limited
successvith pointerbasedlatastructuresandinvestigatemethodgo solve this problem[10]. They
improve the locality of referencehroughtwo dataplacementechniquesknown asclusteringand
coloring. Clusteringis a techniquethat placesobjectsthat have a high af nity in the samecache
block. Coloringis atechniqueusedto avoid con ict missesbetweenheasily usedmemoryloca-
tions. They createtwo methodsnamedccmalloc  andccmorph  thatuseclusteringandcoloring
techniquedo createa cacheconsciousheapallocator Thesetechniquesmprovedperformanceyy
up to 194% on somebenchmarkdut mostbenchmarksmproved by 10 - 20%. The ccmorph
functiontakesthe rst nodein alist or atreeandaniteratorasparametersTheccmorph function
reomanizeghe datastructureto be cacheconscioudy placingnodesandtheir childrenin thesame
cacheblock. This techniquerequiresthe AP andfunctionality of iteratorsandthe structurelayout
to be known by the ccmorph  function. Transformingthe datain the applicationrequiressigni -
canteffort on behalfof the programmer Their techniqueslo not split datastructures Ratherthey
allocatestructureswith high af nity together

The novelty of the proposedechniquess thatthey try andaddresgointerbasedapplications
with semi-automati¢echniques. Although they still requiresigni cant programmetintervention

they areastepin theright direction.

6.2 Automatic Data Transformations

Theareaof researchmostcloselyrelatedto this work is the areaof automaticdatatransformations.
Automaticdatatransformationsre appealingbecausehey aretransparento the programmeiand
thecompilercanoftenoptimizeprogramshetterthenthe averageprogrammer

Finding a good datalayout is a dif cult problem. Evenif we know the order that memory
locationsareaccessedhe problemof organizingdatain memoryto minimizethe numberof cache
missescant be solved ef ciently or evenapproximatedrery well unlessP = NP [50]. Thusall of
theproposedsolutionsareheuristicsdesignedo improve the naive layoutthatis commonlyusedin
productioncompilers.

Lattnerand Adve developedone of the rst fully automaticand safedatatransformationgo
successfullytransformdynamicallyallocatedobjectsfor generalpurposeprogramswritten in type
unsafelanguageg29]. They createdan analysiscalled Data StructureAnalysisthatis basedon

a contet-sensitve pointeranalysis. Their pool allocationautomaticallyidenti es safecandidates
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to transformand allocatesthemin pools basedon the objectsthat they were aliasedwith. The
pool allocationideaformsthe basefor MPADS pool allocationandotherstructuresplitting frame-
works[24, 58].

Lattner and Adve usedtheir Data StructureAnalysis and pool allocationto safely compress
pointersin linked datastructureq30]. Their systemreduces4-bit pointersto 32-bit pointersby
allowing pointersin the samepool to index otherobjectsin thatpool usingan offsetfrom the base
of thepool. The systemreduceghe sizeof objectsandallows moreobjectsto t in cacheresulting
in smallerworking setsandimprovedapplicationperformanceMPADS attemptdo reduceghesize
of theworking setby reoiganizinghow datais placedin memory opposedo modifying the sizeof
thedata.

Zhongetal. de ne amodelto measure¢heclosenessf referencein amemorytrace themodel
is known asrefeenceaf nity [71]. Zhongetal. shav how referencef nity canbeusedfor structure
splitting andarrayregrouping.Fieldswith high af nity aregroupedogetherandthenthe structure
is split into groups. Although they perform structuresplitting in a compilerthey assumehat the
languages type-safeand useprogrammeiinterventionto ensurethat the transformatiordoesnot
alter the semanticf the program. MPADS doesnot requirea programtraceand guaranteeshat
the transformationis safe. As well, MPADS performsmaximal splitting insteadof af nity based
splitting.

Zhaoetal. implementForma, a compilationframework to automaticallyandsafelyreshapesin-
gleinstantiatedarrayg[70]. Insteadof usingthe af nity-basedsplitting usedby Zhongetal., Forma
usesmaximalsplitting andshaws thatmaximalsplitting achievesbestor nearbestperformancen
the SPEC2000andOldenbenchmarks.

RabbalandPalemdevelopacompletelyautomatediataremappingechniquehatsplitspointer
basedstructureg51]. Theirsystemusesatraceof all the eld accessem theprogramto determine
the eld-accessaf nity . Field accessf nity is usedto decidewhich structurego split. The candi-
datestructuresarethensplit maximally similar to MPADS uniform structuresplitting from Chap-
ter 3.3.1. However, uniform splitting is the only splitting mechanisnsupportecandthe elds must
bepaddedsothatthey areall thesamdength.If mary elds in astructurearepaddecdhis canresult
in thedataremappingoolluting the cachemorethenin theoriginal organization MPADS only uses
uniform structuresplitting if all of the elds in the structurearethe samesizeandthusdoesnot pol-
lute thecachewith padding.RabbalandPalemalsousea eld-insensitive pointeranalysisvhereas
MPADS usesa moreprecise eld-sensitive pointeranalysis.

Shinetal. restructuraghe eld layoutfor dynamicallyallocatedobjects[58]. Their eld restruc-
turing removesthe paddingin the structure groups elds with high af nity togetherandperforms
af nity-based splitting. To determinewhich elds areaccessetbgetherthe systemusespro le in-
formation. Shinet al. describethe techniqueusedto split the structuresbut do not describehow

to integrateit into a compilationframewvork nor do they mentionhow they guaranteesafety Al-
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thoughtheirtechniques similarto theNon-Uniform Splitting techniquedescribedn Chapte3.3.2,
MPADS is differentbecausat is designedo be safelyintegratedinto a productioncompilerand
performsmaximalsplitting. As well, MPADS supportsuniform splitting to reducethe addres<al-

culationoverheadvhenall of the elds in a structurearethe samedength. The numbersobtainedby

Shinetal.'s structurereshapingareslightly betterthenMPADS but they wereobtainedon a system
with a higherclock speedcandsmallercaches.

Jeon,Shinand Han expandon Shin et al.'s previous work using structuresplitting to reomga-
nize objectsallocatedin the heap[24]. The major differencefrom their previouswork is that this
systemis implementedn the CIL compilerframenork anddoesnot usepro le information. The
improvementto the eld restructurings the addition of a staticanalysisthat usesregular expres-
sionsto representhe eld accesgattern. The regular expressioncanthenbe usedto extractthe
accesatternandestimatethe eld af nity . Onceagain,af nity-based splitting is performed.The
safetyof their systemis basen LattnerandAdve's obsenationthatmostpoolsareusedin atype-
consistenstyle[29]. Jeon,ShinandHanrely ontheir regularexpressiongo selectcandidate$ the
closureonly containselds from asinglenodeandthiswill likely be enoughfor the majority of the
casesHowever, without a pointeranalysigt is impossibleto guarantesafetybecauseelds canbe

accessethroughpointersthatmaynot be capturedhroughtheir regularexpressiorframeawork.

6.3 Prefetching

Oneof the rst areado attemptto reducethe stallscausedy highmemorylateng wasprefetching.
If theprogramcouldpredictthefuturememoryreferenceshenthey couldbeloadedto cachebefore
a fetch instructionis issued. Many of the techniquesievelopedwere software basedout recently
hardwareprefetcherdiave beenintegratedinto modernCPUs.

Luk andMowry createdhreeprefetchingechniquesor recursvedatastructuresgreedyhistory-
pointeranddata-lineariziomprefetching[40]. Greedyprefetchingwasthe only techniquethatwas
implementednto acompilerframavork anddidn't requireprogrammeimtervention. Thisautomatic
techniqudssuedprefetchegor the childrenof the nodethatwasjustfetched.For smallmemoryla-
teng this simpletechniquecouldimprove applicationperformancéy asmuchas45%but haslittle
impactwhenmemorylateng is large. The two othertechniquesare designedo dealwith larger
memorylateng but they requiredprogrammeinterventionandwere not automaticalyinsertedby
thecompiler

Rathertheninsertingsoftware prefetchest compiletime Chilimbi andHirzel createa runtime
systemthat pro les the memoryaccessesf data,determineshot streamsandtheninsertsprefetch
statementinto the binary applicationat runtime[11]. Thereductionof memorystallswasableto
overcomethe overheadf the pro ling andanalysisresultingin performancémprovementsof up
to 19% on someSPECint2000benchmarks.

Cahoonand McKinley usewhole programanalysisto identify pro table opportunitiesto in-
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sertprefetching[6]. They implementtheir analysis,greedy-pointeprefetchingand jump-pointer
prefetchingin a Java compilet Jump-pointemprefetchingis similar to Luk and Mowry's history-
pointer prefetching,a jump-pointer eld is addedto eachdatastructure.During the rst traversal
of the list the last n pointeraccesseare recordedandinsertedinto the jump-pointer eld in the
structure.Thuseachstructurenow hasa pointerto theitem thatis referenced itemsin thefuture.
Onsubsequerttaversalsof thelist thejump-pointereld is prefetchedCahoomnandMcKinley note
thatalthoughthey obtainperformanceémprovementsaslarge as48% a consistenimprovementis
hardto obtain.

Stoutchininet al. presenta prefetchingalgorithmto automaticallyprefetchdatain a linked
list [62]. Thealgorithmis basedon the obsenationthatlist traversalsregularly accessememory
thatis separatedy a constantdistance,or stride. Their systemautomaticallyidenti es pointer
chasingloops,determinesf prefetchingwill be pro table, andinsertsprefetchstatementsTheir
systemis integratedwith theloop schedulingramewvork andonly issuegrefetchesf the compiler
estimateghat thereis enoughmemorybandwidthavailable andthat the prefetcheswill not cause

cachecon icts.

6.4 Cache-Consciousilgorithms

The performancéottleneckirom high memorylateng hasled mary researcherto look for solu-
tionsto addresshis problem.Someresearcherarelooking at addressinghe fundamentaproblem
via hardware-basedolutionssuchasarchitecturachangesor semiconductodevelopment. Other
researcherare attemptingto mitigate the impactby modifying or re-writing their algorithmsand
creatingtoolsto assisitherswith this task.

Applicationswith gooddatalocality canperformsubstantiallyfasterthenthosewith poor lo-
cality [7, 57, 59]. Developersandresearcherfiave startedmodifying algorithmsin all areasof
computingscienceandthis hasled to a new researchareaknown as cache-conscioualgorithms.
This new areablendsthe knowledgeof computerarchitecturevith domainspeci ¢ knowledgeof a
speci c algorithm. Often,datastructuresareeithersplit or reoganizedo improve the datalocality.

RaoandRosschangedhe structureof B+ Treesusedin mainmemoryby reoganizingthe data
structure[52]. RaoandRossrealizedthatthe child pointersin the tree were frequentlyaccessed
but mary others elds storednearthe child pointerswere not frequentlyaccessed.The modi ed
programseparatedhe child pointersfrom the nodesinto their own datastructure,improving the
spatiallocality for the pointerchasingcode. In their simulations,the modi cation reducedcache
missedy approximately50%whencomparedvith a standardB+ Tree.RaoandRossshaovedthat
splitting the B+ Treesreducedhe size of the working set,improved datalocality andreducecthe
numberof cachemisses.

Agrawal etal.'s Apriori frequentitem-setmining algorithmis commonlyusedby businessesn

large datasetswhereperformancas critical [2]. Apriori is a perfectexampleof analgorithmthat
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hasbeenextensiely modi ed to reducethe runningtime. Ghotingetal. modi ed FPGravth [20],

consideredhe mostef cient versionof the Apriori algorithm,to replacethe FP Treedatastructure
with atile-able cache-conscioupre x treethatimprovesthe spatiallocality of the data[17]. The
tile-able cache-conscioupre x treeis organizedwith pathsfrom the root of the treeto the leafs
beingstoredin tiles. Improving the cachebehaior of this programimprovedthe performancéy a
factorof 4.8xwhencomparedvith the previously bestknown implementation Ghotingetal. then
applieda similar techniqueto two otherfrequentitem-setmining algorithms Apriori andGenmax,
andobtainedspeedup®f 3.7 and4.5 respectiely. An importantcontribution from Agrawl et al.

was that both single threadperformanceand hyperthreadedperformancecould be substantially

improvedby increasingdatalocality.
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Chapter 7

Futur e Work

7.1 Opportunity ldenti cation
7.1.1 Alias Analysis

As mentionedn theexperimentsection chaptels, Steensgaardpointeranalysishasenoughpreci-
sionto identify opportunitiesn the smallerbenchmarks$ike LLU andOlden. However, the pointer
analysisdoesnot have enoughprecisionto identify opportunitiesin the larger and more complex
SPECbenchmarks.

Replacingthe pointeranalysiswith a more preciseanalysissuchas Lattnerand Adve's Data
StructureAnalysis(DSA) couldimprovetheperformancef MPADS becausé& cantransformmore
opportunities However, suchachanges notassimpleasjust pluggingin anew aliasanalysis.DSA,
for example,is contet-sensitve andassuchthealiassetsarenotvalid ateverypointin theprogram.
Thus somerepresentationf the context mustbe known at runtime, this can be accomplishedy
either passingcontext stringsas parameter®r function cloning. The context mustbe known to
ensurehatthe datais allocatedn the correctpool andthatthe properdataaccesss performed.

A o w-sensitie analysiswould alsorequirea substantiate-engineeringf the transformation

becausghereis a differentaliassetat every pointin the program.

7.1.2 Benet Analysis

Although structuresplitting can improve performancein mary benchmarkghere are somethat
it causesa performancedegradation. It would be bene cial if the compiler could analyzeeach
candidateo determindf structuresplitting would be bene cial.

A static shapeanalysislike Ghiya and Hendrens [16] shapeanalysiscould be usedto help
determinebene cial opportunitiesaswell asa splitting plan. Only the objectsthatarelikely to be
improvedwith splitting will beidenti ed ascandidates.

Rubin, Bodik and Chilimbi acknavledgethat nding anoptimallayoutis NP-hardandpoorly
approximatelyin polynomialtime andcreatea pro le-directedframenork to searctor goodlayouts

in generalpurposeapplicationg54]. The framewvork capturesa representatie memorytraceand
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simulatedifferentlayoutsusingthe capturedrace. Their contribution is the ability to evaluateand
combineoptimizationstratgies without modifying the programand executingit. Sucha system
couldbeintegratednto MPADS to determinavhich splitting strateyy to perform.Suchaframewnork

couldalsobeusedto determinghebene ts of splitting.

7.2 Afnity Analysis

Thestructuresplitting framewnork canbeextendedby includingaf nity analysiso group elds with
high af nity togethemhereit maybepro table to do so. Otherstructuresplitting framewvorkshave
usedpro le-directed,trace-basedndstaticaf nity analysiso performaf nity-based splitting [24,
51, 58, 71].

It is bepossibleto reducethe numberof instructionsexecutedoy usinguniform splitting instead
of non-uniformsplitting and paddingthe short elds to make every eld in the structurethe same
length. Alternatively, eld coalescingcanbe usedto make structureswith varying eld lengths
candidatedor the uniform splitting technique. To make the eld lengthsthe same,two or more
elds couldbecoalescedbasecbn af nity and eld size.Field coalescingvould eliminatemuchof
thepaddingusedin RabbalandPalem's[51] structuresplitting scheme.

Field af nity informationcanalsobe usedwith non-uniformsplitting to group elds with high
af nity togetheiby performingaf nity-based splitting.

Finally, usingthe af nity analysisthe compilercould addpaddingor alignmentto avoid cache
conicts. If two elds areoftenreferencedogetherthenit couldtry andalignthe memoryto avoid

con ict missesdbetweerthese elds.

7.3 Other Techniquesto Impr ove MPADS

Thereareseveralothertechniqueshatcanbeimplementedhatmayimprove the MPADS splitting
technique. Someare designedo help overcomesomeof the overheadand othersare alternatve
waysto implementstructuresplitting.
The mostinterestingimprovementto MPADS caneliminatesomeof the overheadf accessing
elds in the Non-Uniform Splitting techniquedescribedn chapter3.3.2.If the eld beingaccessed
is the samesizeasthe rst eld in the structurethenlessaddressingnstructionsare needed.The
eld canbe accessethy summingup the sizesof the elds in-betweenin the pool. Formally, the
new offsetcanbecalculateds:
X 1
eld .i_oset = (sizeof (f;) num_structs_per_pool) (7.1)
j=1
Equation7.1 canbe calculatedat compiletime andthuswould not increasehe numberof in-

structionsexecuted. Exploiting this obsenation could signi cantly reducethe numberof instruc-
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tionsexecutedandmuchof theoverheadhssociateavith Non-Uniform Splitting. However, it opens
thedoorto a new question.

Since elds thathavethesamesizeasthe rst eld in thepoolcanbeaccessedithoutadditional
overheadit would be bene cial to know the frequeng each eld in the structureis accessedo
selectthe rst eld sothatthe numberof additionaladdressingnstructionsis minimized during
the executionof a program.However, nding the eld accessnformationtypically requirespro le
informationandmay changedependingntheinputto the program

Anotherinterestingideathat may improve the structuresplitting is having the custommemory
allocatorreturna pointerto a eld in the middle of the structureratherthenthe rst eld in the
structure.If the processohasa limited numberof bits for addressindhe baseplus offsetaddress
calculationgthenthis may allow the compilerto doublethe size of the poolswithout requiringan
additionaladditioninstruction.

The nal idearevolvesaroundanothermodi cation to the memoryallocationlibrary. Rather
thenusingthe typical 32 or 64-bit pointersreturnedby malloc it couldusen 32orn 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 chunk of the
pointercouldpointto the rst eld of the poolwith thatdistinctsize. ThusUniform Splitting could

beappliedto a non-uniformstructure.
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Chapter 8

Conclusions

A safe automatiadatastructuresplitting transformationMPADS, is developedandimplementedn
a productioncompiler The transformatiorperformstwo typesof maximalsplitting, uniform and
non-uniform.Thetransformatiorusesa pointeranalysiso automaticallyidentify opportunitiesand
to guarantedhat the transformatioris safe. MPADS doesnot requirea programtraceor pro le
information.

MPADS wasnot ableto identify optimizationopportunitiesn the SPEC2000benchmark$e-
causeof a lack of precisionin the alias analysis. However, for the majority of Oldenand LLU
benchmarksMPADS improvesthe applications performance.One of the benchmarksexecuted
over 2x fasterthen the baselineafter structuresplitting. MPADS reducesthe numberof cycles
requiredto executeeachinstructionby reducingstalls causedby cachemissesbut increaseghe
numberof instructions.This is a goodtrade-of for improving programperformancedy increasing
clockfrequeng. Techniquesimilarto MPADS couldallow hardwaredesignerso continuereaping

thebene tsof frequeng scaling.
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Appendix A

Other Contrib utions

In additionto the MPADS structuresplitting framework, severalothercontributionsweredeveloped
throughoutthe courseof my studies. This work was directedat improving static and feedback-
basedprogramanalysisandhave beenimplementedn widely usedcompilationframewvorks such
asMcGill' s Sootcompilationframework [64], the Joed/ bddbddbprogramanalysisframenork [66,
67, 68] andthe OpenResearciCompiler(ORC)[8]. Thecontributionsarenotdirectly relatedto the
structuresplitting work but it is possiblethatthe structuresplitting framewvork could be extendedo

usethesecontributions.

A.1 Using XBDDs and ZBDDs in Points-to Analysis

Points-toanalysisis an importantstatic analysisthat is often neededfor transformingprograms
written in languagesvith pointersor referencesHowever, obtaininga preciseanalysiss infeasible
for mary largeprogramsecausef the spacaequirement®f theanalysig39].

Binary DecisionDiagrams(BDDs) canbe usedto ef ciently representhe setsand relations
thatarecommonlyusedin pointeranalysis.BDD-basedmay-point-toandcall-graph-construction
analyzesveredevelopedio improvethescalabilityof precisepointeranalyze$4, 38, 68, 72, 73]. To
furtherreducethe storageaequirementsf pointeranalysis_hotak, CurialandAmaraladapt<BDD
andZBDD datastructuredor points-toanalysig35, 36]. TheXBDD andZBDD datastructuresare
avariationof BDDsthatcanrepresentherelationsn points-toanalysisnorecompactijthenBDDs.
Althoughboth XBDDs andZBDDs hadbeensuccessfulljusedin otherdomainghey hadnotbeen
proposedor points-toanalysis.To useZBDDs in points-toanalysiswe hadto developtherelation
productoperationfor ZBDDs.

A BDD is adatastructureusedto represena boolearfunction[5]. Thisfunctioncanbeviewed
asa setof bit vectors,namelythosebit vectorsthatthe function mapsto true. A BDD represents
sucha functionasa directedagyclic graphof nodes.

In thisgraph,aterminalnoderepresenttheconstantrue andanotheterminalnoderepresents

the constanfalse . Eachnon-terminalnode,which speci esa BDD variable,hastwo outgoing
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edgedo othernodesaone edgeandazero edge.Thevalueof thefunctionfor agivenvaluation
of the BDD variablesis determinedby a traversalstartingat the root node of the BDD. At each
node thetraversalfollows eitherthe oneedgeor the zeroedge dependingn thevalueof the BDD
variableassociatedavith that node. Eventually the traversalreachesa terminalnodewhosevalue
indicatesthevalueof thefunction.

MostimplementationandalgorithmsthatuseBDDs are storedin their canonicalform, called
ReducedOrderedBDDs. An exampleof a binaryfunctionis givenin gure A.1 (a) with theBDD
shavnin gure A.1 (b) andtheROBDD in gure A.1 (c).

f(X1 X2 X3)
000
001
010
011
100
101
110
111

(a)

O OO ORI Ol

o
(d)

FigureA.1: Thefunctionf(x; X2 x3) (a),andthe OBDD (b), ROBDD (c) andZBDD (d) represent-
ing it. Solid edgegepresenbneedgesanddottededgesepresentzeroedges.

BDDsrepresengbinaryfunctionon n bits, thusthereareexactly 2" inputsto thefunctionthat
will bemappedo eithertrue or false However, the numberof elementsn thedomainto represent
maynotbeapower of 2 andthusthereareunusedit patterns Theseunusednputsarerepresented
in the BDDs andtraditionally have beenassignedo false,however, sincethe inputswill never be
encounteredhey canbe assignedo eithertrue or falsewithout affectingthe accurag or precision
of the analysis. The size of BDDs can be reducedby eliminating thesedon't-care bit patterns.
Lhotak, Curial and Amaral adapttwo techniquedo eliminatethe don't careelementsin pointer
analysisdon't-careBDDs (XBDDs) andZero-SuppresseBDDs (ZBDDs). Both techniquedave
beenvery effective at reducingBDDs sizein applicationssuchascircuit design,modelchecking,
andveri cation but have not beenusedby the programanalysiscommunity

Don't-careBDDs (XBDDs) refersto thetechniqueof assigningrueor falsevaluesto theunused
inputs. Sauerhdf and Wegenershawved that this problemis NP-hard[56] and thus, the restrict
opefator, a heuristic solution developedby Coudertand Madre, is usedto efciently nd good
solutions[12].

If morethenthe minimum numberof requiredbits areusedin the BDD thenXBDDs wereable
to reducethe numberof nodesin the BDD by 5 - 30%. However, whenthe programmeiusedthe

minimumnumberof bits necessaryo createthe BDD, XBDDs obtainedonly modestreductionsof
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acoupleof percent.

A variationof BDDs, known asZero-SuppresseBDDs (ZBDDs), is anothempromisingalterna-
tive to eliminatethe overheadf don't-carebit pattern445, 46]. ZBDDs provide compactepresen-
tationsof sparsesetsthatarerepresentetly a functionwith mary zerosandfew ones.A one-ofN
encodingratherthana binary encodingjs effective for ZBDDs. In a one-ofN encodingeachele-
mentis assigned bit patternin which exactly onebit is set. The numberof legal bit patternss N,
which neednot be a pawer of two. ChoosingN to be equalto the size of the domainof elements
ensuresghatevery legal bit patterncorrespond$o someelementtherebyeliminatingdon't-carebit
patternsaltogetherAn exampleof aZBDD is givenin gure A.1 (d).

BDD-basedoints-toanalysisequiresheuseof arelationalproductoperatiorbut therewasno
existing algorithmfor ZBDDs. One of the contributionsof this work is developingthe relational
productalgorithmfor ZBDDs. This algorithmallowed ZBDDs to be appliedto points-toanalysis.

ZBDDs shaved a large potentialfor improving the larger sparserelationsin pointeranalysis.
For context-sensitve analysisZBDDs reducedhe sizeof everyrelationusedin the analysisWhen
representeavith ZBDDs somerelationshad eighttimesfewer nodes. This reductioncould allow

otherwiseinfeasibleanalysiso be completed.

A.2 An Optimal Encodingto Representa SingleSetin an ROBDD

While investigatingtechniquedo eliminatethe overheadof unusedbit patternsn BDDs; Lhotak,
CurialandAmaraldiscoreredanoptimalsolutionto arelatedoptimizationproblem[34].
Thecontributionis anoptimalencodingor asetin aReducedrderedinary DecisionDiagram
(ROBDD) whenthe numberof elementdn the set's domainis not a power of two. Unfortunately
the encodingcannotbe usedfor BDD basedpoints-toanalysisbecausehe domainof a BDD is
createdfrom the concatenatiorof several domains. Lhotak, Curial and Amaral discussthe more
generaloptimizationproblemthat mustbe solved for sucha techniqueto be successfufor BDD

basedboints-toanalysig35].

A.3 Tree-Traversal Orientation Analysis

Datareomanizationtechniquesuchasstructuresplitting andpool allocationaredesignedo work
for any shapeof link-baseddatastructure beit a graph,dagor tree. It is possiblethata datatrans-
formationcould be optimizedfor speci ¢ datastructureshapesandprovide a greaterperformance
improvement.Beforespecializedatatransformationganbe createdthe compilermustbe ableto
identify theshapeof thedatastructureandanalyzehow it is accessedAndrusky, CurialandAmaral
createa feedback-directednalysisnamedTree-TraversalOrientationAnalysis,thatcandetermine
if thetraversalof adatastructurds alist or treegiventhatashapeanalysiscanidentify the structure

asadirectedacgyclic graph.[25]. If theanalysisidenti es thatthe structurels atreethenit will also
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identify if thetraversalorientationis breadth- rst,depth- rst or acombinationof those.
The analysiswas implementedn the OpenResearciCompiler (ORC) andtestedon several
micro-benchmarkss well asthe Olden benchmarksuite. For all of the benchmarkgested,the

analysiswvasableto correctlyidentify the orientationof thetraversal.
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Appendix B

Micr o Benchmark CodeListing

B.1 LinkedList 1A

#include < stdlib .h>
#include < stdio . h>

struct student_rdsf
unsigned short year_born;
unsigned int sid;
int datal;
double data;
struct student_rds next;

g;
static int NUM_STUDENTS = 1500000;
struct student_rds initStudentListLoop();
void traverseStudentList(struct student_rds [list);
int main(int argc, char argv[])f
struct student_rds student_list;
student_list = initStudentListLoop ();

for(int i = 0; i < 1000; i++)
traverseStudentList(student_list);

free(student_list);

return 1,
g
void traverseStudentList(struct student_rds [list)
f

while(list >next !'= 0)f

(list >sid)++:;
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(list >year_born) ;
list >data = list >data + list >datal;
list = list >next;
g
g

struct student_rds initStudentListLoop ()
f

struct student_rds rtn, list;
char chars;

rtn = (struct student_rds )malloc(sizeof (struct student_rds));
rtn >next = 0;
list = rtn;

for(int i = 1; i < NUM_STUDENTS; i++)f
list >next =

(struct student_rds )malloc(sizeof (struct student_rds));

chars = malloc(100); // malloc memory in between structures

if(i % 2)

list >year_born = 3;
else

list >year_born = 4;
list >data = 1234 + i;
list >datal = i n% 33;
list >sid = i;
list = list >next;

list >next = O;
g

return rtn;

B.2 LinkedList 1B

#include < stdlib.h>
#include < stdio .h>

struct student_rdsf
unsigned short year_born;
unsigned int sid;
int datal;
double data;
struct student_rds next;
g,

static int NUM_STUDENTS = 1500000;
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struct student_rds initStudentListLoop();

void traverseStudentListl(struct student_rds
void traverseStudentList2(struct student_rds
void traverseStudentList3(struct student_rds

int main(int argc, char argv[])f
int iterations = 100;
struct student_rds student_list;
student_list = initStudentListLoop ();

for(int i = 0; i < iterations; i++)
traverseStudentListl (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList2 (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList3 (student_list);

free(student_list);

return 1;
g

void traverseStudentListl(struct student_rds
f
while(list >next = 0)f
(list >sid)++;
list = list >next;
g
g

void traverseStudentList2(struct student_rds
f

while(list >next !'= 0)f
(list >year_born) ;
list = list >next;

g

g

void traverseStudentList3(struct student_rds
f
while(list >next = 0)f
list >data = list >data + list >datal;
list = list >next;
g
g

struct student_rds initStudentListLoop ()
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struct student_rds rtn, list;
char chars;

rtn = (struct student_rds )malloc(sizeof (struct student_rds));
ren >next = 0;
list = rtn;

for(int i = 1; i < NUM_STUDENTS; i++)f
list >next =
(struct student_rds )malloc(sizeof (struct student_rds));

chars = malloc(100); // malloc memory in between structures

if (i % 2)

list >year_born = 3;
else

list >year_born = 4;
list >data = 1234 + i;
list >datal = i n% 33;
list >sid = i;
list = list >next;

list >next = O;
g

return rtn;

B.3 LinkedList 2

#include < stdlib.h>
#include < stdio . h>

struct student_rdsf
int datal;
int data2;
int data3;
int data4;
int datab;
int data6;
int data7;
int data8;
int data9;
struct student_rds next;

g,

static int NUM_STUDENTS = 2100000;

struct student_rds initStudentListLoop();
void traverseStudentListl(struct student_rds list);
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void traverseStudentList2(struct student_rds list);

void traverseStudentList3(struct student_rds list);
void traverseStudentList4(struct student_rds list);
void traverseStudentList5(struct student_rds list);
void traverseStudentList6(struct student_rds list);
void traverseStudentList7(struct student_rds list);
void traverseStudentList8(struct student_rds list);
void traverseStudentList9(struct student_rds list);

int main(int argc, char argv[])f

int iterations = 100;
struct student_rds student_list;
student_list = initStudentListLoop ();

for(int i = 0; i < iterations; i++)
traverseStudentListl (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList2 (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList3 (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList4 (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList5 (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList6 (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList7 (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList8 (student_list);

for(int i = 0; i < iterations; i++)
traverseStudentList9 (student_list);

free(student_list);

return 1,
g
void traverseStudentListl(struct student_rds list)
f

while(list >next !'= 0)f

list >datal++;
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list = list >next;
g
g

void traverseStudentList2(struct
f

while(list >next = 0)f
list >data2++;
list = list >next;

g

g
void traverseStudentList3(struct

f

while(list >next !'= 0)f
list >data3++;
list = list >next;

g

g
void traverseStudentList4(struct

f

while(list >next !'= 0)f
list >datad++;
list = list >next;

g

g
void traverseStudentList5(struct

f

while(list >next = 0)f
list >datab5++;
list = list >next;

g

g
void traverseStudentList6(struct

f

while(list >next !'= 0)f
list >datab++;
list = list >next;

g

g
void traverseStudentList7 (struct

f

while(list >next !'= 0)f
list >data7++;
list = list >next;

g

g
void traverseStudentList8(struct

f
while(list >next = 0)f
list >data8++;
g

g
void traverseStudentList9(struct

f

student_rds

student_rds

student_rds

student_rds

student_rds

student_rds

student_rds

student_rds
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while(list >next = 0)f
list >data9++;
list = list >next;
g
g

struct student_rds initStudentListLoop ()
f
struct student_rds rtn, list;
char chars;

rtn = (struct student_rds )malloc(sizeof (struct student_rds));
rtn >next = 0;
list = rtn;

for(int i = 1; i < NUM_STUDENTS; i++)f
list >next =
(struct student_rds )malloc(sizeof (struct student_rds));

chars = malloc (40); // malloc memory in between structures

if(i % 2)

list >datal = 3;
else

list >datal = 4;

list >data2 = 1234 + i;
list >data3 = i % 53;
list >datad = 123 + i;
list >data5 = i % 99;
list >datab = 234 + i;
list >data7 = i % 4;
list >data8 =1 + i;
list >data9 = i % 39;
list = list >next;
list >next = 0;

g

return rtn;

B.4 Binary Tree

#include < stdlib .h>
#include < stdio . h>

struct studentf
int datal;
int data2;
int data3;
int data4;
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int datab;
int data6;
int data7;
int data8;
int data9;
struct student left;
struct student right;

g,
static int NUM_STUDENTS = 1000000;

struct student initStudentTree(int num);

void traverseStudentTreel(struct student tree);
void traverseStudentTree2(struct student tree);
void traverseStudentTree3(struct student tree);
void traverseStudentTree4(struct student tree);
void traverseStudentTree5(struct student tree);
void traverseStudentTree6(struct student tree);
void traverseStudentTree7(struct student tree);
void traverseStudentTree8(struct student tree);
void traverseStudentTree9(struct student tree);

int main(int argc, char argv[])f
int iterations = 100;
struct student student_tree;
student_tree = initStudentTree(NUM_STUDENTS);

for(int i = 0; i < iterations; i++)
traverseStudentTreel(student_tree);

for(int i = 0; i < iterations; i++)
traverseStudentTree2(student_tree);

for(int i = 0; i < iterations; i++)
traverseStudentTree3(student_tree);

for(int i = 0; i < iterations; i++)
traverseStudentTree4(student_tree);

for(int i = 0; i < iterations; i++)
traverseStudentTree5(student_tree);

for(int i = 0; i < iterations; i++)
traverseStudentTree6(student_tree);

for(int i = 0; i < iterations; i++)
traverseStudentTree7(student_tree);

for(int i = 0; i < iterations; i++)
traverseStudentTree8(student_tree);
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for(int i = 0; i < iterations; i++)
traverseStudentTree9(student_tree);

free(student_tree);

return 1;
g

void traverseStudentTreel(struct student

f

if(tree == 0)
return;

tree >datal++;

traverseStudentTreel(tree >left);
traverseStudentTreel(tree >right);

g

void traverseStudentTree2(struct student

f

if(tree == 0)
return;

tree >data2++;

traverseStudentTree2(tree >left);
traverseStudentTree2(tree >right);

g

void traverseStudentTree3(struct student

f

if(tree == 0)
return;

tree >data3++;

traverseStudentTree3(tree >left);
traverseStudentTree3(tree >right);

g

void traverseStudentTree4(struct student

f

if(tree == 0)
return;

tree >datad++;

traverseStudentTreed(tree >left);
traverseStudentTree4(tree >right);

g

void traverseStudentTree5(struct student
f
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if(tree == 0)
return;

tree >datab++;

traverseStudentTree5(tree >left);
traverseStudentTree5(tree >right);

g

void traverseStudentTree6(struct student

f

if(tree == 0)
return;

tree >data6++;

traverseStudentTree6(tree >left);
traverseStudentTree6(tree >right);

g

void traverseStudentTree7(struct student

f

if(tree == 0)
return;

tree >data7++;

traverseStudentTree7(tree >left);
traverseStudentTree7(tree >right);

g

void traverseStudentTree8(struct student

f

if(tree == 0)
return;

tree >data8++;

traverseStudentTree8(tree >left);
traverseStudentTree8(tree >right);

g
void traverseStudentTree9(struct student
f
if(tree == 0)
return;

tree >data9++;

traverseStudentTree9(tree >left);
traverseStudentTree9(tree >right);
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struct student initStudentTree(int num)

f

struct student tree;
char chars;

if (num <=0)
return O;

tree = (struct student )malloc(sizeof (struct student));
chars = malloc(40); // malloc memory in between structures
if (num % 2)

tree >datal = 3;

else
tree >datal = 4;

tree >data2 = 1234 + num;

tree >data3 = num % 53;

tree >data4 = 123 + num;

tree >data5 = num % 99;

tree >data6é = 234 + num,

tree >data7 = num % 4;

tree >data8 = 1 + num;

tree >data9 = num % 39;

tree >left = initStudentTree(num/2);
tree >right = initStudentTree(num/2);

return tree;
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Appendix C

Trademarks

IBM, XL Fortran,XL C, XL C/C++,XL UPC,PONER4andPOWNER5 aretrademark®f Interna-

tional BusinessVlachinesCorporationin the United Satespthercountriesor both.
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