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ABSTRACT

Memorypro ling istheproces®f characterizingprograms mem-
ory behaior by observingandrecordingits responséo speci c in-
put sets.Relevantaspect®f the programs memorybehaior may
thenbe usedto guidememoryoptimizationsn anaggressiely op-
timizing compiler In generalmemoryaccesdehaior haseluded
meaningfulcharacterizatiovecaus®f confoundingartifactsfrom
memoryallocators,linker datalayout, and OS memory manage-
ment. Sincetheseartifactsmay changefrom run to run, memory
accesgatterngnay appeawdifferentin eachrun evenfor the same
input set. Worse, regular memoryaccessehaior suchaslinked
list traversalsappearo have no structure.

In this paperwe presenbbject-elativetranslationanddecomposi-
tion techniqueso eliminatetheseartifactsandto exposepreviously
obscurednemoryaccesgatterns.To demonstratéhe potentialof
theseideas we implementtwo differentmemorypro lers tamgeted
at differentsetsof applications Thesepro lers outperformthe ex-
isting onesin termsof pro le sizeandusefulinformationperbyte
of data. The rst pro ler is a losslesspro ler, called WHOMP,
which usesobject-relatity to achiere a 22% bettercompression
thanthepreviously bestknown schemeThesecondoro ler, called
LEAP, usedossycompressiono gethighly compacipro les while
providing usefulinformation to the tamgetedapplications. LEAP
correctly characterizeshe memory alias ratesfor 56% more in-
structionpairsthanthe previously bestknowvn schemewith aprac-
tical runningtime.

1. INTRODUCTION

Feedback-directechemoryoptimization(FDMO) in compilersis
widely acceptedas an importantmeansto improve memory per
formance[l]. Previousresearchhassuggesteaptimizationssuch
asprefetching2], speculatie loadreorderind3], cache-conscious
datalayoutreomganization[4] andothersall of which usememory
pro les to directthem. Memorypro ling is the procesf charac-
terizinga programs memorybehaior by observingandrecording
its responsdo speci ¢ input sets,andthenusingthe relevant as-

pectsof thebehaior to guidememoryoptimizations.Thusa good
memorypro le is akey factorin thesuccessf aparticularFDMO.
In this paperwe presentechniquego improve memorypro ling,

describetheir incorporationinto two differentmemory pro lers,
anddemonstratéheir effectivenessn practice.

Typically, memorypro lers collectmemoryaccessnformationin

termsof raw addressegsuchasthe trace-baseanemorypro lers

[5] andothers[4] [6]). However, thereare signi cant barriersto

implementingan ef cient pro ler usingthis approach.In the raw

addresspacememoryaccesgatternsare obscuredoy confound-
ing artifactsfrom memoryallocatorsandlinker datalayout. Figure
1 shawvs memoryreferencesn a linked list traversaland update.
While thesereferencegaresimpleandintuitivein theprogram they

appeairregularin thepro le dueto seeminglyarbitraryheapallo-

cations. Worse,theseartifactsmay changefrom run to run. First,

even a slightly differentinput setcould leadto radically different
datafootprint. Secondgvenfor the sameinput set,a differental-

locatorlibrary could lay out the memorydifferently Third, even
if theinput andallocatorareall the same the insertionof probes
couldchangehe codesggmentsizeandthusthelinker datalayout
of staticdata. Thusmemoryaccesgatternamay appeardifferent
in eachrun,andregularmemoryaccesdehaior suchaslinkedlist

traversalmay appeato have no structureatall.

The primary contritution of this paperis a new techniqueto elimi-
natetheseartifactsthatobscuranemoryaccessegularities.Specif-
ically, we presentanobject-elativetranslationand decomposition
methodfor effective memorypro ling. Memoryaccessearetrans-
latedinto instruction,group(objecttype),objectserialnumberand
offsetto re ect the true natureof dataobjectsin programs. This
object-relatve approachenablesdecompositiorof a memoryac-
cessstreanto separateegularandinterestingnformationfrom the
irregularandprovide the compilerwith informationusefulfor op-
timization. Thistranslatiorandseparatiors conceptuallydepicted
in Figure2. In that gure, theoriginal raw addresstreamappear
to have anirregularpattern.The next block in the gure represents
thetranslatedbject-relatve streamwhichlooksslightly morereg-
ular but is a mixture of patterns Theright sideof the gure depicts
the separatiorof the translatedstreamto identify regular access
patterns. The methodsusedto performthe conversionto object
relative referencesndto separatéhe patternsaredescribedn the
next section.

Thesecondcontritution of this paperis theimplementatiorof two
pro lers, calledWHOMP andLEAP, basedntheobject-relativity
to evaluateits potentialbene ts. The rst pro ler, WHOMP, uses
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Figure 1: An exampleillustrating confounding artifacts in memory references.

the Sequiturcompressiorscheme[7] to collect a losslesspro le

which recordsthe entiredatastreamduring the run of a program.
This pro ler producesnorecompactpro les thanthe bestknown
existing losslesro ler usingraw addressesThesecondpro ler,

LEAP, usesa lossy linear compressiorschemeto obtaina com-
pactpro le indexed by load and storeinstructions. This pro ler

outperformsthe bestknown practical pro lers [6] in identifying
load-storealiasfrequencies.

In the next section,we describethe object-relatve techniqueand
shav how it revealspreviously hiddenregularities. Sections3 and
4 describeand evaluatethe implementationof the WHOMP and
LEAP object-relatve memorypro lers. The paperconcludeswith
somerelatedwork andsummary

2. OBJECT RELATIVITY

Programmerssinghigh-level languagegenerallythink aboutdata
notin termsof addressesyut in termsof objects. Objectsrange
from simpletypes(suchasintegers),.to aggrgatetypes(arraysand
structuredrecords) to instance®f classesAll programmingan-
guageshave the notion of objects,althoughtheir usesmight vary:.
In addition, most programshave mary objectsof the sametype.
This is anothersourceof regularity: objectsof the sametypetend
to be allocatedandusedin similar ways. We call the collectionof
all objectsof the sametype a group. Intuitively, memoryaccesses
quali ed by objectsandgroupscaneliminatethe memoryartifacts
andre ect thetrue natureof thedatain programs.

Usingthede nitions abore, onecanconvert theraw-addressorm
of accesseso an object-elative form. Sucha representatiorof
memoryaccesseallows interestingaspect®f the memorybeha-
ior of theprogramto beextracted.

2.1 Object-relative addresstranslation
Theconceptof anobjectanda groupareusedto translatethe raw-
addressemto aform whichis moremeaningfuto theprogrammer
Objectswhich arecreatedat the sameprogrampoint belongto the
samegroupandthis canbeidenti ed by thecompiler Givenaraw
addressa translationmechanisnidenti es the group andthe ob-
jectbeingaccessedasrepresentetyy the groupidenti er andthe

1Object hererefersto a group of datastoredas a unit (speci ¢
structsandarraysin C for example)andshouldnot betakenin the
object-orientegorogramminganguagesense.

objectserialnumber). We alsoreferto the speci c memoryloca-
tion by the offsetfrom the startof this object. Thus,for amemory
acces<ollectedby traceasa (instruction-id,addresspair, object-
relative translationcomputeghe 4-tuple:

(instruction-id,group,object,offset)

Thistranslatiorcanbeachiezedusingavarietyof techniquesvhich
maintaina databasef allocatedobjectsindexed by their raw ad-
dresses.

As anillustrative example,Figure 3 shavs memoryaccessesdur-
ing alinkedlist traversal.Solid linesrepresenaccesseto the data
elds of the list element(suchasnode data)anddashedines
represenaccesseto the pointer elds (suchasnode next). The
gure shaws both the raw addressstreamand the corresponding
object-relatve stream(with the groupidenti er 0 referringto ob-
jectsof the linked list). It is obsered that, comparedo the raw
addresstreamthe objectrelative streambetterhighlightsthe pro-
gram’s memorybehaior. For example,it shavs thatbothinstruc-
tions are accessingobjectsin the samegroup, which may imply
thatall nodegraversedn thelinkedlist areof thesametype. Also,
all accesseby the sameinstructionreferto the sameoffsetwithin
differentobjectswhichis characteristiof accessinghesameeld
of structuralrecords.

This exampleillustratesthat the object-relatve streamrevealsad-
ditionalinformationnotreadilyavailablein theraw addresstream.
With the object-relatve streamthe systemcaneasilyidentify use-
ful patterns.

2.2 Object-relative decomposition: separat-

ing the regular from the irr egular
In amemoryaccesstreamyegularandinterestingmemoryaccess
informationmay be mixedwith theirregular, which makespro le-
directedoptimizationsmore dif cult. To identify the regular ac-
cesseswo manipulationshorizontal decompositiorand vertical
decompositiopareapplied.

Horizontaldecompositiorseparatethe streaminto its dimensions,
namelyinstruction-id,group,object,andoffset. Thisis illustrated
by the linked list examplein Figure 3. Herewe seethathorizon-
tal decompositiorallows oneto consideronedimensionat a time
acrossall the memoryaccessesin otherwords, a single stream
of four tuplesis splitinto four streamf individual tupleelements.
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Figure 2: A conceptualillustration of identi cation of regular
accesyatterns. (a) Original stream (b) Object-relative stream
(c) Regular accesseseparatedfr om the irr egular ones.

Theresultingpatterntendsto besimpleandmoreregular. Thisreg-
ularity in the patternmakesthe resultingpro le amenabldo good
compressioraswill be shavn in the later sections. This kind of
decompositioris bene cial whenoptimizationsuseonly oneor a
few dimension®f the stream.For example,objectclustering[4] is
only concernedvith the objectdimensionof the stream.

Verticaldecompositiorollectsobjectswhich sharethe samevalue
in onedimension(the sameinstruction-id,for example)andlooks
at the valuesof theseobjectsin the other dimensions. Figure 3
shavs an exampleof vertical decompositiorby instruction. Here
the original streambecomegwo simpler sub-streamsNote that,
though not shawn in Figure 3, thesesub-streaman be further
decomposethto simplersub-substreamsor example furtherde-
compositionby group gives a numberof simpler (object, offset)
streams.

The decisionto usehorizontalor vertical decompositiordepends
onthenatureof thepro le andhow thepro le informationis used.
For example,memorydependenceptimizationssuchasloadspec-
ulation [3][8] require dependencénformation for speci ¢ load-
storepairsor datatypes. Vertical decompositioris more suitable
in this caseasit cancollectall informationfor accessewith the
sameinstruction-id. Contrastthatwith optimizationsrequiringin-
formationof aspeci c granularity suchasobjectclusteringor eld
re-ordering. In suchcaseshorizontaldecompositioris more ap-
propriate.Multi-purposememorypro lers canemplogy a hybrid of
bothtechniques.

Oneproblemwith vertical decompositioris thatit eliminatesthe
ability to directly index into the streambasedon time. To cope
with this incorveniencewe extendthe object-relatie streamwith
anadditionaldimension time:

(instruction-id,group,object,offset, time-stamp)

wheretime-stampis a counterstartingfrom 0 at the beginning of
the programand incrementedafter every collectedaccess. Any
tuplein thesubstreanobtainedby verticaldecompositionis tagged
by its time-stampandis thereforeuniquelyidenti ed.

2.3 Incorporating object-relativity into amem-

ory pro ling framework

This sub-sectiompresents generaframevork from which speci ¢
object-relatve pro lers canbeviewed. Figure4 shavs this object-
relative framevork. The primary additionto a standardnemory
pro ler is the object-managememomponen{OMC). The OMC
recordsinformation aboutevery objectallocatedin the program:
the time whenit is allocatedand de-allocatedthe addressange
usedby the object, and the type of the object. Additionally, this
componengassignsanidenti er to every groupandobjectthatcan
beusedto identify themlaterin theprogram.Givenanaddressthe
OMC identi es thegroupandobject,andtranslatesheraw address
into a (group, object,offset)triple.

The programis instrumentedby insertinginstruction and object
probesinto thetarmgetprogram.Theinstructionprobesareinserted
next to every load and store instruction. Every time a memory
instructionexecutes the adjacentprobe passeshe instruction|D
andthememoryaddresaccessetb thecontrolanddecomposition
componen{CDC, the detailsof which aredescribedshortly). Ob-
jectprobesareintroducedat objectcreationanddestructiorpoints.
They collect the creationand destructiontime, size, and type of
every objectin the executionof the program,and passthis infor-
mationto the OMC.

The CDC actsasa hubto the pro ling process.It recevesinfor-
mationfrom theinstructionprobesandqueriesthe OMC to male
theinformationobject-relatve. It thenpassesntheobject-relatve
streamto the separatiorandcompressiocomponen{SCC).

As thenamesuggeststhe SCC rst separatethe streaminto mul-
tiple substreaméy horizontaldecompositionyerticaldecomposi-
tion, or both). It thensendghesubstreammto asteamcompressor
Examplef suchcompressioschemegcludelinearcompression
[9], Sequiturcompressionfil0], andothers.

The outputof the SCCis a compressedaw-addrespro le in an
object-relatve format. This canthenbe optionally fed into a post-
processoito get more re ned, optimization-speci cinformation.
Thepro ler canalsooutputthe objectlifetime andotherauxiliary
information from the OMC unit. This run- and alloc-dependent
information is separatedrom the invariant object-relatve tuples
whenit is usefulto certainpro le consumers.

The presentedramevork canbe usedasafoundationto mary dif-
ferentobject-relatve memorypro lers. Two suchimplementations
aredescribechext.

3. WHOLE-STREAM MEMORY PROFILER
Theobject-relatve pro ling framework is usedto createalossless
whale-streammemorypro ler (WHOMP), the rst of two object-
relative memory pro lers presentedn this paper This pro ler
usesthelosslessSequiturcompressiorschemeto recordthe entire
streamin object-relatve format. This sectiondescribesVHOMP
andquantitatvely measureshe bene tsit receve from the useof
object-relatity. The resultsof the implementatiomguantitatvely
supportour intuition thata goodcompressioris a naturalresultof
theobjectrelative approach.

3.1 WHOMP implementation
The WHOMP implementatiorfollows the framewnork presentedn
Section2. WHOMP instrumentghe programby insertinginstruc-
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Figure 3: An exampleillustrating the object-relativity, horizontal decompositionand vertical decomposition. The table presents
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tion andobjectprobedirectly into theassemblycode.Theinstruc-
tion probesare insertednext to every load/storeinstruction. The
pro ler insertsobjectcreation/destructioprobesat allocation/de-
allocationpoints for dynamicallyallocatedobjectg, or at the be-
ginning andendof the programfor all staticallyallocatedobjects.
Interactiondetweertheinstrumentegrogramandthe CDC/OMC
componentgsake placevia thread-to-threadommunication. The
pro ler groupsallocateddynamicobjectsby staticinstruction.The
compilercanprovide type informationto furtherre ne this strat-
egy. WHOMP usesthe exportedsymboltablefrom the gcc com-
piler to determinethe size and group of statically-allocatedb-
jects. Sincestaticanalysishandlestackvariablesvery ef ciently,
we chosenotto pro le them.To speedupthelookupprocessn the
OMC, thepro ler usesanauxiliary B-tree-like datastructurewhich
storesthe rangeof addressethat eachobjecttakesup. Whenthe
programde-allocatesinobject,thepro ler remo/eselementsrom
thistree.

The CDC translategheraw addresstreaminto an object-relatve
streamrepresentin@ddresseasa vetuple (instr-ID, group,ob-
ject, offset, time-stamp) It thenpasseshe streamto the SCC.The
SCC rst decomposetheobject-relatie streamhorizontallyalong
all four dimensionginstructionID, group,objectandoffset). Each
of thesestreamss thenfed into a separaté&equiturcompressor

TheSequiturrompressioschemaisedn WHOMP wasdeveloped
by Nevill-Manning and Written [7]. It encodesnput datastream
as a context-free grammarbasedon its repeatingpatterns. The
compressoscansthe input sequencend builds the grammarin-

crementally Eachrepetitiongivesriseto arulein thegrammarand
every repeatedgubsequencis replacecby a non-terminalkymbol,

producinga more conciserepresentatiorf the whole sequence.

For example,the sequencef symbols‘abcbcabcbcwill be com-
pressednto thegrammar:

We refer to the abore grammaras Sequiturgrammarin later dis-
cussions.

3.2 Evaluating WHOMP

We evaluatedthe performancef WHOMP by collectingW?WHOMP
pro les for 7 SPECbenchmarksWe believe theseprogramsorm
a representate setasthey display a rangeof memorybehaior.
All experimentavererunon anlA-64 ltaniummaching(HP-12000
Itaniumworkstationwith 1GB of RAM, Linux RedHat7.0Kernel
version2.4.3),usingthetraininginput sets.

Theoutputof WHOMP is anobject-relatve multi-dimensionaSe-
quiturgrammarOMSG),with onegrammarformedfor eachof the
decomposedtreams. Both the OMSG andthe conventionalraw
addressSequiturgrammanRASG) arelossless They bothcontain
informationaboutrepeatingnemoryaccesgatternsyhichis use-
ful for aclassof correlation-basethemoryoptimizationsncluding
clustering customheapallocation[4],andhotdatastreanprefetch-
ing [11]. However, OMSG providessomeadditionalbene ts over
thetraditionalRASG, asdiscussedhext.

2We chooseto treatcustomalloc pools as single objects. An al-
ternatize is to manuallytarget the customalloc/deallocfunctions
ratherthantarget the standardmalloc/free,dependingon the ap-
plication and useof the pro le information. The pro ler canbe
parameterizetb handlethis.
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Figure5: The compressionratio of the OMSG over the conven-
tional raw addressSequitur grammar.

OMSG canbe morecompactthana Sequiturcompressedaw ad-

dressstreampro le. Thisis dueto the exposedregularity andthe

multi-dimensionakdecompositionwhich causeghe substreamso

have amuchsimplerpatternto compressascomparedo the origi-

nal raw addresstream.Simplerandmoreregularpatternieadto a

betterandsmallergrammayandhencea highercompressiomatio.

Intuitively, the linked list examplein Figure 3 illustratesthis idea
as simple regular expressionscan be useddo describethe object
sub-streamOf coursefor this simpleexample,sincethe patterns
areshort,the effect of compressingnto multiple grammarss not

pronounced.However, for a real datastreamin practice,the ad-

ditional regularity canyield bettercompressiorandmale the total

sizeof OMSGsmaller

To comparethe performanceof OMSG, we alsogenerateghe con-
ventionalRASGusingtheraw addresstream(similarto thegram-
marsin [4]). Wethencomputethepercenbf compressiomchiezed
by OMSG over RASG, usingthe RASG sizeasthe base.Figure5
shaws the experimentresults. On average,OMSG is 22% more
compacthanRASG.

Eventhoughtheobject-relatve methodhastheadditionaloverhead
of translatingraw addressemto the object-relatve format, on av-

eragepro le collectiontime is roughly the same(OMSG is 1%

fasterthanRASG).Thisindicateshatthetime spentextractingthe
objectrelativity informationis offsetby the gainsin Sequiturs pat-
tern searchdueto the regularity in the stream. The detailson the
Sequituralgorithmandits patternsearchcanbefoundin [7].

Anotherbene t of OMSGis theproductionof re ned, ne-grained
informationfor optimizations.The grammarfor eachdimensionis
usefulfor a differentsetof optimizations.For example the offset-
level grammaicanbeusedor optimizationdike eld-reordering[4].
A frequently repeatedoffset sequencesay , along with
the object lifetime information (recall from the last sectionthat
this wasnot discarded)mayreveal eld-reorderingopportunityto
the compilerto take adwantageof spatiallocality in the reference
stream. Another exampleis the use of object-level grammarfor
objectclusteringor globalvariablere-mapping4]. Optimizations
alsohave the optionto simultaneouslyaccesswo or moredimen-
sionsof the OMSG. Therefore,the ne-grained, object-relatve,
multi-dimensionalgrammarprovides extra e xibility and adapt-
ability to memoryoptimizations.



4. LOSS-ENHANCED ACCESSPROFILER

The previous sectionillustratedan inherentbene t of the object-
relative approachnamelygoodcompressibilityof thepro le. How-
ever, thelosslesgro le obtainedwith WHOMP comesattheprice
of long runningtimesand hugepro le sizeseven after compres-
sion. With the obsenration thatlosing someportion of the pro le
information may not affect the outcomeof a given task, we im-
plementa Loss-EnhancedccessPro ler (LEAP) targetedto two
speci c applications We evaluateLEAP in thecontext of theseap-
plicationsto demonstrat¢he bene ts of object-relatvity in alossy
pro ler.

LEAP usedinearcompressiomndcollectspro le indexedby load

andstoreinstructions Wetargettwo optimizationtechniquesspec-
ulativeloadreordering3, 8] andstride-basegrefetchind2]. Spec-
ulative load reorderingis a techniquethat speculatrely schedules
aloadinstructionaheadof a precedingstoreto hide the memory

This reorderingis bene cial only if theloadis independenof the

storeor is dependentvith a low frequeng, becauseof the rela-

tively high recorery overhead.Hencethis optimizationrequiresa

very good estimateof dependencé&equenciedetweenloadsand

stores.The otheroptimization,stride-basegbrefetching performs
prefetchingor stridedmemoryaccessesto facilitatethis, strongly

stridedinstructions- instructionswhich accessmemorywith one

particularstridemostof thetime - mustbeidenti ed.

4.1 LEAP implementation

Theimplementatiorof this pro ler is similarto thatof thelossless
WHOMP discussedn the previous section. In LEAP, after trans-
lating theraw addressesito the object-relatve form, the SCCde-
composeshe streamvertically by instructionid andthenby group
to get a numberof (object, offset, time) streams. Thesestreams
arethensentto a linear compressqrwhich is discussedn detalil
later Sincesomecomple streamsmay be dif cult to represent
compactly the pro ler discardssomeinformation so that the re-
sulting streamis compactlyrepresented.This malkesthe pro ler
lossy The (object,offset, time) sub-streamsarealsodecomposed
horizontally We usethesemixed sub-stream$o recordadditional
aspect®of the memoryreferencebehaior.

Thispro ler usesasimplelinearcompressqmwhichis basednthe
linearmemoryaccesslescriptofLMAD) modelin [9]. A LMAD
is describedy thetriple [ start, stride count]. Notethatstartand
stridecanbe by vectorswhere isthenumberof dimensions
in the streanmthatis compressedt-or example for the (object,off-
set, time) sub-streamsthe value of is , while for the (offset)
sub-streamsthe valueof is . The LMAD compressiorreads
eachsymbolin thedatastreamandattemptgo describethe stream
usingits lineardescriptorsIf the new symboldoesnot t into the
currentlinear pattern,it will starta new LMAD for this symbol.
For example anoffsetstreamof

will bedescribedy two LMADs as

To getacompactpro le with apracticalrunningtime, we canonly
allow a nite numberf LMADs. Reducinghenumbemf LMADS
will reducetherunningtime, but affectthepro le quality. Increas-
ing the numberof LMADs givesa lesslossypro le but increases
the runningtime. In our implementationwe chosea maximum

of 30 LMADs for a given (instruction-id,group) pair. This num-
ber wasfoundto be suitablefor our applicationsandto keepthe
runningtime low.

Thislinearcompressioscheméiasseveralattractve propertieslt
is simpleandfast,andit worksquitewell if thedatastreamhaspre-
dominantlylinearpatterns We noticethat,in practice asigni cant
portion of instructionsdo exhibit linearaccesdehaior andhence
canbe capturedoy a smallnumberof LMADs. The biggestdisad-
vantageof thelinearcompressioischemas thatit cannothandlean
elaborateaccespattern,especiallyif the streamexhibits predom-
inantly non-linearbehaior. In sucha case the allowed maximum
numberof LMADs will be quickly exhausted. The compressor
will thendiscardthe nev symbolsin the stream,andonly record
someoverall informationsuchas , , and .
So, for sucha case,the information storedin LMADs is essen-
tially a sampleof the initial part of the original datastream. We
usethe term samplequality to refer to hov muchinformationis
capturedn LMADs, with respecto all informationin the original
datastream.For example,the samplequality for a predominantly
linear streamcanbe , While for a predominantly
non-linearstream. A low samplequality may alsobe acceptable
if mostof the linear accesatternsare capturedasthe targeted
optimizationsrely mainly onthelinearaccespatterns.

4.2 Evaluation of the LEAP

This subsectiorpresentshe evaluationof the LEAP pro ler in the
two target applications. Sincethe pro ler is lossy the potential
bene ts accruedto the targetedoptimizationsare a more suitable
evaluationmetricthanthe compressiomatio.

Theexperimentsaareconductedor thesamesetof SPEC200®ench-
marksasbefore.For eachbenchmarkLEAP is run onceto collect
the LMADs. Two differentpost-processorasetheseLMADSs to
computememorydependencérequeng and strongly stridedin-
structiongrespectiely.

4.2.1 Applicationl: Memorydependencé&equency
As describecearlierin this section,the memorydependencére-
queng pro le is usefulfor memoryoptimizationssuchas spec-
ulative load re-orderingand loop-invariantload removal. In this
sub-sectionwe evaluatehow well the LEAP pro ler cancapture
the memorydependencérequeng information for all store-load
pairs.

We applya memorydependencdetectionpost-processo the col-
lectedLMADSs. Werestrictour attentionto thereadafter write de-
pendence Sowe de ne a pair of instructionsascon icting

if the accesselcation atatime whilethe accessethe
location atalatertime ( ). The memorydependence
frequeng (MDF) for a pairis computedas

# of con icts with

MDF for Total # of execfor

Becauseof the linear structureof LMADSs, the abore computation
canbe spedup usingsomeomea-test-lile linearprogrammingal-
gorithms[12]. For example, detectingthe location con icts in-
volvessolvingintegersolutions for



Becausehe LMADs pro le is relatively small, our post-process
computationis fast. For SPEC200(®enchmarksthe post-process
time rangesrom seconddgo severalminutes.

The output of the analysisis a list of dependenstore/loadpairs
alongwith the computeddependencéequenyg for each. For ex-

ample, , shavs thata static  is
dependenbn a static for 10% of its execution,while it is de-
pendenpbn  for 90%of its execution.

SinceLMAD compressiotis lossy we evaluatethe error distribu-
tion with respectto a losslesspro ler. We useda losslessraw-
addresshasedpro ler which recordsthe dependencénformation
of all the memoryoperationsn a programasthe baseline. Such
apro ler is extremelyslowv andproduceshugepro les. Figure6
shaws the error distribution for LEAP for all benchmarksNotice
thatadominatingmajority (75%)of thedependenpairseitherhave
frequencieghatare completelycorrect(centerpoint) or off by no
morethan10% (the pointson eithersideof center).

We also comparethe performanceof LEAP to anotherexisting
memorydependencpro ling approachby Connorg6], whichuses
raw addressstreamsnsteadof object-relatve streams. This pro-
ler is the bestknovn memorydependencero ler with a practi-
cal running time and memoryfootprint. We performexactly the
sameevaluation as the one above but this time we comparethe
ideal with our re-implementatiorof the instruction-indeed pro-
ler in [6]. (Instruction-indeedis recommendedly authorsin [6],
andwe chosea window size suchthatit exhibits a runningtime
similarto LEAP.) The errordistribution produceds shavn in Fig-
ure 7. While not overestimatinghe frequeng for ary dependent
pairs,this schemenftenmissessomeof the dependenceasit iden-
ti es dependencesnly in asmallwindow of instructionsbasedn
addresseszcordedn asmallhistorywindow.

To provide an easyto readcomparisonwe shav the averageer
ror distributionfor all benchmarksisingbothapproachem Figure
8. Obsene that LEAP out-performsthe otherapproachby alarge
maugin. In particular notethe 56% improvementin the numberof
pairsdetecteccompletelycorrector off by nomorethan10%. This
is likely to resultin improved optimizerperformanceas Chen[3]
demonstrateshat betterdependencanalysisleadsto betteropti-
mization/scheduling.Thus, due to the exposedregularity of ac-
cessestheobject-relatve approachprovesto be moreamenabldo
compressiorfasshavn later) - without sacri cing accurag signif-
icantlyin this application.

4.2.2 Application2: Memorystride patterns
Here,we shav thatLEAP collectsmemorystridepro le nearlyas
accuratelyasa specializedstride pro ler (like the onein [2]), de-
spitethefactthatLEAP alsocollectsinformationwhichis amenable
to mary optimizationsbut not particularlywell-suitedfor the pur
poseof collectingmemorystrides. We do this by evaluatinghow
well the LEAP pro ler capturesnemorystridepatternandidenti-
es thestrongly-stridednstructions We adoptthe de nition of the
(single)strongly-stridednstructionin [2] —aninstructionfor which
onestrideaccountsor of its total accessesWith the col-
lectedLMADSs, identifying stronglystridedinstructionsrequiresa
trivial post-processvhich examinesall offset stridescapturedfor
a given instruction. We chooseto consideronly thosestrongly
stridedinstructionswithin objects(i.e. with identical group and
objectIDs), aswe found an overwhelmingmajority of strongly-
strided instructionsoccurredwithin objects(One of the reasons
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Figure 6: The error distribution of the LEAP memory-
dependenceesults.
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Figure 7: The error distribution of the Connors memory-
dependenceesults.
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Figure 8: A comparison betweenthe average error distrib u-
tions of the LEAP and Connors pro lers. The higher the peak
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might be treatingthe customallocationpools as single objects—
seethe footnotein Section3.1). An extensionto include strongly
stridedinstructionsacrosobjectscanbeimplementedy usingthe
auxiliary objectlifetime information,whichis run/allocdependent
though.

To evaluatethe quality of the stridedata,we compareheidenti ed
strongly-stridednstructionsto the “real” oneswhich arefoundby
the equivalentlosslessrersion. We re-implementhe stridepro I-
ing in [2] with a settingto male it losslessandtrackall the strides
for agiveninstruction(whichis extremelyslow becausef thehuge
amountof strideinformationto be tracked). The barsin Figure9
shav thepercentof correctlyidenti ed instructionsover the“real”
ones. We seethat on an average instructionsare correctly
identi ed over all benchmarks.

4.2.3 LEAPpro le sizeandspeed

For the sale of completenessywe now presentsomemore basic
metricsaboutthe LEAP pro ler. Thesemetricsprovide somein-
sightinto the ef ciency of the LEAP implementationn termsof
pro le size,speedandsamplequality. FromTablel, severalinter
estingobsenationscanbe made.

First,theLEAP pro le is quitecompact LEAP achievesanaverage
of 3 ordersof magnitudecompressiomelative to thetrace.Second,
thetimedilation (or theslovdown) overthenative is acceptableAt
11.5timesthenative, this numberwasacceptabléor experimenta-
tion. Furtheroptimizationfor speedby specializingor aparticular
architectures performanceounterdor example)wasdeemedin-
necessarjor our purposesin practicejmprovementsn speeccan
be madeby probeoptimizations Here,we insertedprobesdirectly
into the IA-64 assemblyeven whenothermeanscould have been
usedto determinebehaior staticallyandusedmultiple threadsto
collectand analyzedata. Threadsynchronizatioraddedpro ling
overheadhut this wasdonefor easeof implementation.

Thethird obserationis thatLEAP capturesiearlyhalf of all mem-
ory accessesThe samplequality metricis composedf the frac-
tion of capturedaccesseandthe fraction of capturednstructions.
The formeris the fraction of all memoryaccesse the program
whatwerecapturedy LMADSs atthelevel of offsetsinsideobjects
(not including the timing information). The latter is the fraction
of instructionswhosebehaior couldbe completelycapturedoy all
LMADs. Thesenumbersaresigni cantly lower (on average47%
and41%)thanfractionspresentedor correctmemorydependence

Table1: LEAP pro le size,speedand samplequality.

Benchmarks| Compre-| Dila- SampleQuality
-ssion tion Accesses Instructions
Ratio Factor | captured(%)| captured%)
164.9zip 1169x 15 57.1% 40.8%
175.vpr 3935x 16 34.7% 52.8%
181.mcf 9993x 7 6.5% 40.8%
186.crafty | 967x 9 50.3% 41.7%
197.parser | 667x 7 76.3% 8.2%
256.bzip 7152x 14 31.6% 50.6%
300.twolf 856x 15 66.5% 39.8%
Average 3539x 115 46.5% 40.5%

andstridedatadeterminatiorin the lasttwo sub-sectiongon aver-
age75% and88%). This obseration shavs thatthe LEAP pro le
is relatively ef cient atrepresentingisefulinformationperbyte of
output. In addition, it illustratesthe fact (alsostatedin [10]) that
it is not necessaryor agoodpro le to captureall memoryaccess
information, aslong asit capturesusefulinformation relevantto
optimizations.

5. RELATED WORK

In this sectionwe highlightimportantrelatedwork. Previouswork
in [13], [4] and[10] are closelyrelatedto this work in the sense
thatthey all dealin pro ling usingobjects. This work, however,
directly addressesnd generalizeghe use of objectsin memory
pro ling andstudiesthis approachn depth.

Calderet al. [13] proposeda novel dataobject placementalgo-
rithm, called Cache-ConscioudData Placement{CCDP), for the
purposeof reducingthefrequeng of datacachemisses CCDPre-
assignyirtual addresset dataobjects whereadataobjectcanbe
a global variable,a heapobiject, or the whole stack. To facilitate
CCDP, a pro le is generatedisting all dataobjectsencountered
during executionalongwith informationof dataobjects'reference
count,size,andotherlife-time information. Clearly, theobjectpro-
le in [13] examineshow objectsaremanagedindusedduringthe
execution. By contrastthe object-elative pro le proposedn this
paperis a generalizatiorwith emphasin object-relatve transla-
tion, decompositionandcompressiorn the contect of awider set
of optimizations.

Rubin et al. [4] proposedan efcient pro le-analysisframewvork
for datalayoutoptimizations As partof theirframework, themem-
ory pro ler collectsa data-objecttrace There,the dataobjectis
de ned asan elementarypieceof data,which canbea eld of a
record,a globalvariableor ary othersingle-accesgranularityob-
jectsrepresentetby a globalidenti er (a uniqueobjectID). They
usethis objectidenti er alongwith the raw addressas a pair to
identify memoryreferencesWhile this representatiois usefulin
eliminatingfalsealiasingdueto thereuseof thememoryaddresses
for differentobjects,it doesnotcorvey therelationshipbetweeran
objectandits elds. In contrastobjectsde ned in this paperarea
partof the hierarchyof (group,object,offset) tuples,which yields
anexplicit view of thedatastructuresthe elds, andtheircommon
properties. Also, since our schemehasfactoredout the raw ad-
dressegrom the representatioridentifying patternsbecomesas-
ier andthepro le exhibits highercompressiomates.



Chilimbi [10] proposedan ef cient representationf the memory
accessstreamfor the purposeof quantifying and exploiting data
referencdocality. As partof the effort to reducethe sizeandpro-
cessingimeof apro le, heproposednaddressabstiaction which
abstractsheaddres$o anameor anidenti er. For example,aheap
objectis abstractedhto a (startaddressglobalidenti er) pair. This
identi er pair doesnot have a sizeor atype associatedvith it and
it doesnot distinguishthe individual elds within a heapobject.
Thereforetheaddressabstiactionin [10] resultsin coarse-grained
memorypro le information. All offsetinformationis discarded,
makingit impossibleto regeneratehe addressraceoncetheseab-
stractionshave beenapplied[10]. In contrastthe techniquegpre-
sentedn this paperdo notdiscardary informationwhile exposing

regularity.
6. CONCLUSION AND FUTURE WORK

This paperpresentbject-relatve translationand decomposition
technigueso exposepreviously obscurednemoryaccessegulari-
tiesfor effective memorypro ling. It alsodescribesandevaluates
two memorypro lers built usingtheseideas.

Object-relatve translationtranslateraw addresso a 4-tuple (In-
structionID, group, object, offset). Thesetuplescanbe decom-
posedin differentwaysto extractinformation usefulto the target
application.

To illustratethe value of theseideas,we apply themto two mem-
ory pro lers, WHOMP andLEAP. WHOMP is losslessaindgivesa
completestreamof the memoryaccessem the form of the above
mentioneduples.LEAP islossyandcollectscompacpro le which
can easily usedto identify load-storedependencérequeng and
strideinformation.

Experimentshawv thatobject-relatvity leadsto apro le with more
compactepresentationgndwith moreusefulinformationfor sev-
eral commonmemoryoptimizations. WHOMP achiezes an aver-
age 22% better compressiorover anotherlosslesspro ler using
raw-addressesThe LEAP pro ler, which producesa pro le 3 to
4 ordersof magnitudesmallerthanthe original datatrace,cancor
rectly estimatethe memorydependencé&equeng for of in-
structionpairs(whichis morethanan existing approach)as
well asidentify of strongly-stridednstructions.

Futurework includesintegration of this memorypro ler into an
industrial-strengtlcompiler First, the compilercanimprove pro-
le performancéy eliminatingthe needto collecttheinformation
known statically Secondthe compiler can provide a framevork
for FDMO enabledwith object-relatvity. Anotheravenueto ex-
ploreis to make useof recentresultson phasedetectionand pre-
diction[14] to pro le referenceén aphasecognizantmanner
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