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ABSTRACT
Memorypro�ling is theprocessof characterizingaprogram'smem-
ory behavior by observingandrecordingits responseto speci�c in-
put sets.Relevantaspectsof theprogram's memorybehavior may
thenbeusedto guidememoryoptimizationsin anaggressively op-
timizing compiler. In general,memoryaccessbehavior haseluded
meaningfulcharacterizationbecauseof confoundingartifactsfrom
memoryallocators,linker datalayout, andOS memorymanage-
ment. Sincetheseartifactsmay changefrom run to run, memory
accesspatternsmayappeardifferentin eachrun evenfor thesame
input set. Worse,regular memoryaccessbehavior suchaslinked
list traversalsappearto have nostructure.

In thispaperwepresentobject-relativetranslationanddecomposi-
tion techniquesto eliminatetheseartifactsandto exposepreviously
obscuredmemoryaccesspatterns.To demonstratethepotentialof
theseideas,we implementtwo differentmemorypro�lers targeted
at differentsetsof applications.Thesepro�lers outperformtheex-
isting onesin termsof pro�le sizeandusefulinformationperbyte
of data. The �rst pro�ler is a losslesspro�ler, called WHOMP,
which usesobject-relativity to achieve a 22% bettercompression
thanthepreviouslybestknown scheme.Thesecondpro�ler, called
LEAP, useslossycompressionto gethighly compactpro�les while
providing useful information to the targetedapplications. LEAP
correctly characterizesthe memoryalias ratesfor 56% more in-
structionpairsthanthepreviously bestknown schemewith aprac-
tical runningtime.

1. INTRODUCTION
Feedback-directedmemoryoptimization(FDMO) in compilersis
widely acceptedasan importantmeansto improve memoryper-
formance[1]. Previousresearchhassuggestedoptimizationssuch
asprefetching[2], speculative loadreordering[3], cache-conscious
datalayoutreorganization[4] andothers,all of which usememory
pro�les to directthem.Memorypro�ling is theprocessof charac-
terizinga program's memorybehavior by observingandrecording
its responseto speci�c input sets,andthenusingthe relevant as-

pectsof thebehavior to guidememoryoptimizations.Thusa good
memorypro�le is akey factorin thesuccessof aparticularFDMO.
In this paperwe presenttechniquesto improve memorypro�ling,
describetheir incorporationinto two different memorypro�lers,
anddemonstratetheireffectivenessin practice.

Typically, memorypro�lers collectmemoryaccessinformationin
termsof raw addresses(suchasthe trace-basedmemorypro�lers
[5] andothers[4] [6]). However, therearesigni�cant barriersto
implementinganef�cient pro�ler usingthis approach.In the raw
addressspacememoryaccesspatternsareobscuredby confound-
ing artifactsfrom memoryallocatorsandlinker datalayout.Figure
1 shows memoryreferencesin a linked list traversalandupdate.
While thesereferencesaresimpleandintuitivein theprogram,they
appearirregularin thepro�le dueto seeminglyarbitraryheapallo-
cations.Worse,theseartifactsmaychangefrom run to run. First,
even a slightly different input setcould leadto radically different
datafootprint. Second,even for thesameinput set,a differental-
locator library could lay out the memorydifferently. Third, even
if the input andallocatorareall the same,the insertionof probes
couldchangethecodesegmentsizeandthusthelinker datalayout
of staticdata. Thusmemoryaccesspatternsmay appeardifferent
in eachrun,andregularmemoryaccessbehavior suchaslinkedlist
traversalmayappearto have nostructureat all.

Theprimarycontribution of this paperis a new techniqueto elimi-
natetheseartifactsthatobscurememoryaccessregularities.Specif-
ically, we presentanobject-relativetranslationanddecomposition
methodfor effectivememorypro�ling. Memoryaccessesaretrans-
latedinto instruction,group(objecttype),objectserialnumber, and
offset to re�ect the true natureof dataobjectsin programs.This
object-relative approachenablesdecompositionof a memoryac-
cessstreamto separateregularandinterestinginformationfrom the
irregularandprovide thecompilerwith informationusefulfor op-
timization.This translationandseparationis conceptuallydepicted
in Figure2. In that �gure, theoriginal raw addressstreamappear
to haveanirregularpattern.Thenext block in the�gure represents
thetranslatedobject-relativestream,whichlooksslightly morereg-
ularbut is amixtureof patterns.Theright sideof the�gure depicts
the separationof the translatedstreamto identify regular access
patterns. The methodsusedto perform the conversionto object
relative referencesandto separatethepatternsaredescribedin the
next section.

Thesecondcontributionof thispaperis theimplementationof two
pro�lers, calledWHOMPandLEAP, basedontheobject-relativity
to evaluateits potentialbene�ts. The �rst pro�ler, WHOMP, uses
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Figure1: An exampleillustrating confounding artifacts in memory references.

the Sequiturcompressionscheme[7] to collect a losslesspro�le
which recordstheentiredatastreamduring the run of a program.
This pro�ler producesmorecompactpro�les thanthebestknown
existing losslesspro�ler usingraw addresses.Thesecondpro�ler,
LEAP, usesa lossy linear compressionschemeto obtaina com-
pact pro�le indexed by load andstoreinstructions. This pro�ler
outperformsthe bestknown practicalpro�lers [6] in identifying
load-storealiasfrequencies.

In the next section,we describethe object-relative techniqueand
show how it revealspreviously hiddenregularities.Sections3 and
4 describeandevaluatethe implementationof the WHOMP and
LEAP object-relative memorypro�lers. Thepaperconcludeswith
somerelatedwork andsummary.

2. OBJECT RELATIVITY
Programmersusinghigh-level languagesgenerallythink aboutdata
not in termsof addresses,but in termsof objects1. Objectsrange
from simpletypes(suchasintegers),to aggregatetypes(arraysand
structuredrecords),to instancesof classes.All programminglan-
guageshave thenotionof objects,althoughtheir usesmight vary.
In addition, mostprogramshave many objectsof the sametype.
This is anothersourceof regularity: objectsof thesametypetend
to beallocatedandusedin similar ways. We call thecollectionof
all objectsof thesametypea group. Intuitively, memoryaccesses
quali�ed by objectsandgroupscaneliminatethememoryartifacts
andre�ect thetruenatureof thedatain programs.

Usingthede�nitions above, onecanconvert theraw-addressform
of accessesto an object-relative form. Sucha representationof
memoryaccessesallows interestingaspectsof thememorybehav-
ior of theprogramto beextracted.

2.1 Object­relative addresstranslation
Theconceptof anobjectanda groupareusedto translatetheraw-
addressesinto aform whichis moremeaningfulto theprogrammer.
Objectswhich arecreatedat thesameprogrampoint belongto the
samegroupandthis canbeidenti�ed by thecompiler. Givenaraw
address,a translationmechanismidenti�es the groupandthe ob-
ject beingaccessed(asrepresentedby thegroupidenti�er andthe

1Object hererefers to a group of datastoredas a unit (speci�c
structsandarraysin C for example)andshouldnot betakenin the
object-orientedprogramminglanguagesense.

objectserialnumber).We alsorefer to thespeci�c memoryloca-
tion by theoffset from thestartof this object.Thus,for a memory
accesscollectedby traceasa (instruction-id,address)pair, object-
relative translationcomputesthe4-tuple:

(instruction-id,group,object,offset)

Thistranslationcanbeachievedusingavarietyof techniqueswhich
maintaina databaseof allocatedobjectsindexed by their raw ad-
dresses.

As an illustrative example,Figure3 shows memoryaccessesdur-
ing a linkedlist traversal.Solid linesrepresentaccessesto thedata
�elds of the list element(suchas node� data)and dashedlines
representaccessesto thepointer�elds (suchasnode� next). The
�gure shows both the raw addressstreamand the corresponding
object-relative stream(with the groupidenti�er 0 referringto ob-
jectsof the linked list). It is observed that, comparedto the raw
addressstream,theobjectrelative streambetterhighlightsthepro-
gram's memorybehavior. For example,it shows thatbothinstruc-
tions areaccessingobjectsin the samegroup,which may imply
thatall nodestraversedin thelinkedlist areof thesametype.Also,
all accessesby thesameinstructionrefer to thesameoffsetwithin
differentobjects,which is characteristicof accessingthesame�eld
of structuralrecords.

This exampleillustratesthat theobject-relative streamrevealsad-
ditional informationnotreadilyavailablein theraw addressstream.
With theobject-relative stream,thesystemcaneasilyidentify use-
ful patterns.

2.2 Object­relative decomposition: separat­
ing the regular fr om the irr egular

In amemoryaccessstream,regularandinterestingmemoryaccess
informationmaybemixedwith theirregular, whichmakespro�le-
directedoptimizationsmore dif�cult. To identify the regular ac-
cessestwo manipulations,horizontal decompositionand vertical
decomposition, areapplied.

Horizontaldecompositionseparatesthestreaminto its dimensions,
namelyinstruction-id,group,object,andoffset. This is illustrated
by the linked list examplein Figure3. Herewe seethathorizon-
tal decompositionallows oneto consideronedimensionat a time
acrossall the memoryaccesses.In other words,a singlestream
of four tuplesis split into four streamsof individual tupleelements.
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Figure 2: A conceptualillustration of identi�cation of regular
accesspatterns. (a) Original stream(b) Object-relative stream
(c) Regular accessesseparatedfr om the irr egular ones.

Theresultingpatterntendsto besimpleandmoreregular. Thisreg-
ularity in thepatternmakestheresultingpro�le amenableto good
compressionaswill be shown in the later sections.This kind of
decompositionis bene�cial whenoptimizationsuseonly oneor a
few dimensionsof thestream.For example,objectclustering[4] is
only concernedwith theobjectdimensionof thestream.

Verticaldecompositioncollectsobjectswhichsharethesamevalue
in onedimension(thesameinstruction-id,for example)andlooks
at the valuesof theseobjectsin the other dimensions. Figure 3
shows an exampleof vertical decompositionby instruction. Here
the original streambecomestwo simplersub-streams.Note that,
thoughnot shown in Figure 3, thesesub-streamscan be further
decomposedinto simplersub-substreams.For example,furtherde-
compositionby group gives a numberof simpler (object, offset)
streams.

The decisionto usehorizontalor vertical decompositiondepends
on thenatureof thepro�le andhow thepro�le informationis used.
For example,memorydependenceoptimizationssuchasloadspec-
ulation [3][8] require dependenceinformation for speci�c load-
storepairsor datatypes. Vertical decompositionis moresuitable
in this caseasit cancollect all informationfor accesseswith the
sameinstruction-id.Contrastthatwith optimizationsrequiringin-
formationof aspeci�c granularity, suchasobjectclusteringor �eld
re-ordering. In suchcases,horizontaldecompositionis moreap-
propriate.Multi-purposememorypro�lers canemploy a hybrid of
bothtechniques.

Oneproblemwith vertical decompositionis that it eliminatesthe
ability to directly index into the streambasedon time. To cope
with this inconvenience,we extendtheobject-relative 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 thesubstreamobtainedby verticaldecompositionis tagged
by its time-stampandis thereforeuniquelyidenti�ed.

2.3 Incorporating object­relativity into amem­
ory pro�ling framework

Thissub-sectionpresentsageneralframework from whichspeci�c
object-relative pro�lers canbeviewed.Figure4 shows this object-
relative framework. The primary addition to a standardmemory
pro�ler is the object-managementcomponent(OMC). The OMC
recordsinformationaboutevery object allocatedin the program:
the time when it is allocatedandde-allocated,the addressrange
usedby the object,and the type of the object. Additionally, this
componentassignsanidenti�er to every groupandobjectthatcan
beusedto identify themlaterin theprogram.Givenanaddress,the
OMC identi�es thegroupandobject,andtranslatestheraw address
into a (group,object,offset)triple.

The programis instrumentedby inserting instructionand object
probesinto thetargetprogram.Theinstructionprobesareinserted
next to every load and store instruction. Every time a memory
instructionexecutes,the adjacentprobepassesthe instructionID
andthememoryaddressaccessedto thecontrolanddecomposition
component(CDC, thedetailsof which aredescribedshortly). Ob-
jectprobesareintroducedatobjectcreationanddestructionpoints.
They collect the creationand destructiontime, size, and type of
every object in the executionof the program,andpassthis infor-
mationto theOMC.

The CDC actsasa hub to thepro�ling process.It receivesinfor-
mationfrom theinstructionprobes,andqueriestheOMC to make
theinformationobject-relative. It thenpassesontheobject-relative
streamto theseparationandcompressioncomponent(SCC).

As thenamesuggests,theSCC�rst separatesthestreaminto mul-
tiple substreams(by horizontaldecomposition,verticaldecomposi-
tion,or both).It thensendsthesubstreamsinto asteamcompressor.
Examplesof suchcompressionschemesincludelinearcompression
[9], Sequiturcompression[10], andothers.

The outputof the SCCis a compressedraw-addresspro�le in an
object-relative format. This canthenbeoptionally fed into a post-
processorto get more re�ned, optimization-speci�cinformation.
Thepro�ler canalsooutputtheobjectlifetime andotherauxiliary
information from the OMC unit. This run- and alloc-dependent
information is separatedfrom the invariant object-relative tuples
whenit is usefulto certainpro�le consumers.

Thepresentedframework canbeusedasa foundationto many dif-
ferentobject-relativememorypro�lers. Two suchimplementations
aredescribednext.

3. WHOLE­STREAM MEMOR Y PROFILER
Theobject-relative pro�ling framework is usedto createa lossless
whole-streammemorypro�ler (WHOMP), the �rst of two object-
relative memory pro�lers presentedin this paper. This pro�ler
usesthelosslessSequiturcompressionschemeto recordtheentire
streamin object-relative format. This sectiondescribesWHOMP
andquantitatively measuresthebene�ts it receive from theuseof
object-relativity. The resultsof the implementationquantitatively
supportour intuition thata goodcompressionis a naturalresultof
theobjectrelative approach.

3.1 WHOMP implementation
TheWHOMP implementationfollows theframework presentedin
Section2. WHOMP instrumentstheprogramby insertinginstruc-
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tion andobjectprobesdirectly into theassemblycode.Theinstruc-
tion probesare insertednext to every load/storeinstruction. The
pro�ler insertsobjectcreation/destructionprobesat allocation/de-
allocationpoints for dynamicallyallocatedobjects2, or at the be-
ginningandendof theprogramfor all staticallyallocatedobjects.
InteractionsbetweentheinstrumentedprogramandtheCDC/OMC
componentstake placevia thread-to-threadcommunication.The
pro�ler groupsallocateddynamicobjectsby staticinstruction.The
compilercanprovide type informationto further re�ne this strat-
egy. WHOMP usesthe exportedsymboltablefrom thegcc com-
piler to determinethe size and group of statically-allocatedob-
jects. Sincestaticanalysishandlestackvariablesvery ef�ciently ,
wechosenot to pro�le them.To speedupthelookupprocessin the
OMC, thepro�ler usesanauxiliaryB-tree-likedatastructurewhich
storesthe rangeof addressesthateachobjecttakesup. Whenthe
programde-allocatesanobject,thepro�ler removeselementsfrom
this tree.

TheCDC translatestheraw addressstreaminto anobject-relative
stream,representingaddressesasa � ve tuple (instr-ID, group,ob-
ject,offset,time-stamp).It thenpassesthestreamto theSCC.The
SCC�rst decomposestheobject-relativestreamhorizontallyalong
all four dimensions(instructionID, group,objectandoffset).Each
of thesestreamsis thenfed into a separateSequiturcompressor.

TheSequiturcompressionschemeusedin WHOMPwasdeveloped
by Nevill-Manning andWritten [7]. It encodesinput datastream
as a context-free grammarbasedon its repeatingpatterns. The
compressorscansthe input sequenceandbuilds the grammarin-
crementally. Eachrepetitiongivesriseto arule in thegrammarand
every repeatedsubsequenceis replacedby a non-terminalsymbol,
producinga more conciserepresentationof the whole sequence.
For example,thesequenceof symbols“abcbcabcbc”will becom-
pressedinto thegrammar:

�

��
�
���
���������� �������

We refer to the above grammarasSequiturgrammarin later dis-
cussions.

3.2 Evaluating WHOMP
Weevaluatedtheperformanceof WHOMPby collectingWHOMP
pro�les for 7 SPECbenchmarks.We believe theseprogramsform
a representative setas they displaya rangeof memorybehavior.
All experimentswererunonanIA-64 Itaniummachine(HP-I2000
Itaniumworkstation,with 1GBof RAM, Linux RedHat7.0,Kernel
version2.4.3),usingthetraininginput sets.

Theoutputof WHOMPis anobject-relativemulti-dimensionalSe-
quiturgrammar(OMSG),with onegrammarformedfor eachof the
decomposedstreams.Both the OMSG andthe conventionalraw
addressSequiturgrammar(RASG)arelossless.They bothcontain
informationaboutrepeatingmemoryaccesspatterns,which is use-
ful for aclassof correlation-basedmemoryoptimizationsincluding
clustering,customheapallocation[4],andhotdatastreamprefetch-
ing [11]. However, OMSGprovidessomeadditionalbene�tsover
thetraditionalRASG,asdiscussednext.

2We chooseto treatcustomalloc poolsassingleobjects. An al-
ternative is to manuallytarget the customalloc/deallocfunctions
ratherthan target the standardmalloc/free,dependingon the ap-
plication anduseof the pro�le information. The pro�ler can be
parameterizedto handlethis.
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Figure5: The compressionratio of the OMSG over the conven-
tional raw addressSequitur grammar.

OMSGcanbemorecompactthana Sequitur-compressedraw ad-
dressstreampro�le. This is dueto theexposedregularity andthe
multi-dimensionaldecomposition,which causesthesubstreamsto
haveamuchsimplerpatternto compress,ascomparedto theorigi-
nal raw addressstream.Simplerandmoreregularpatternleadto a
betterandsmallergrammar, andhencea highercompressionratio.
Intuitively, the linked list examplein Figure3 illustratesthis idea
assimpleregular expressionscanbe useddo describethe object
sub-stream.Of course,for this simpleexample,sincethepatterns
areshort,theeffect of compressinginto multiple grammarsis not
pronounced.However, for a real datastreamin practice,the ad-
ditional regularity canyield bettercompressionandmake thetotal
sizeof OMSGsmaller.

To comparetheperformanceof OMSG,we alsogeneratethecon-
ventionalRASGusingtheraw addressstream(similar to thegram-
marsin [4]). Wethencomputethepercentof compressionachieved
by OMSGover RASG,usingtheRASGsizeasthebase.Figure5
shows the experimentresults. On average,OMSG is 22% more
compactthanRASG.

Eventhoughtheobject-relativemethodhastheadditionaloverhead
of translatingraw addressesinto theobject-relative format,on av-
eragepro�le collection time is roughly the same(OMSG is 1%
fasterthanRASG).This indicatesthatthetimespentextractingthe
objectrelativity informationis offsetby thegainsin Sequitur'spat-
tern searchdueto the regularity in the stream.The detailson the
Sequituralgorithmandits patternsearchcanbefoundin [7].

Anotherbene�t of OMSGis theproductionof re�ned, �ne-grained
informationfor optimizations.Thegrammarfor eachdimensionis
usefulfor a differentsetof optimizations.For example,theoffset-
level grammarcanbeusedfor optimizationslike�eld-reordering[4].
A frequently repeatedoffset sequence,say � ��!#"%$'&#( , along with
the object lifetime information (recall from the last sectionthat
this wasnot discarded),mayreveal �eld-reorderingopportunityto
the compiler to take advantageof spatiallocality in the reference
stream. Anotherexampleis the useof object-level grammarfor
objectclusteringor globalvariablere-mapping[4]. Optimizations
alsohave theoptionto simultaneouslyaccesstwo or moredimen-
sionsof the OMSG. Therefore,the �ne-grained, object-relative,
multi-dimensionalgrammarprovides extra �e xibility and adapt-
ability to memoryoptimizations.



4. LOSS­ENHANCED ACCESSPROFILER
The previous sectionillustratedan inherentbene�t of the object-
relativeapproach,namelygoodcompressibilityof thepro�le. How-
ever, thelosslesspro�le obtainedwith WHOMPcomesat theprice
of long runningtimesandhugepro�le sizeseven after compres-
sion. With theobservation that losing someportion of the pro�le
information may not affect the outcomeof a given task, we im-
plementa Loss-EnhancedAccessPro�ler (LEAP) targetedto two
speci�c applications.WeevaluateLEAP in thecontext of theseap-
plicationsto demonstratethebene�tsof object-relativity in a lossy
pro�ler.

LEAP useslinearcompressionandcollectspro�le indexedby load
andstoreinstructions.Wetargettwooptimizationtechniques:spec-
ulativeloadreordering[3, 8] andstride-basedprefetching[2]. Spec-
ulative load reorderingis a techniquethat speculatively schedules
a load instructionaheadof a precedingstoreto hide the memory.
This reorderingis bene�cial only if the load is independentof the
storeor is dependentwith a low frequency, becauseof the rela-
tively high recovery overhead.Hencethis optimizationrequiresa
very goodestimateof dependencefrequenciesbetweenloadsand
stores.Theotheroptimization,stride-basedprefetching,performs
prefetchingfor stridedmemoryaccesses.To facilitatethis,strongly
stridedinstructions- instructionswhich accessmemorywith one
particularstridemostof thetime- mustbeidenti�ed.

4.1 LEAP implementation
Theimplementationof this pro�ler is similar to thatof thelossless
WHOMP discussedin theprevious section. In LEAP, after trans-
lating theraw addressesinto theobject-relative form, theSCCde-
composesthestreamvertically by instructionid andthenby group
to get a numberof (object, offset, time) streams.Thesestreams
are thensentto a linear compressor, which is discussedin detail
later. Sincesomecomplex streamsmay be dif�cult to represent
compactly, the pro�ler discardssomeinformationso that the re-
sulting streamis compactlyrepresented.This makes the pro�ler
lossy. The (object,offset, time) sub-streamsarealsodecomposed
horizontally. We usethesemixedsub-streamsto recordadditional
aspectsof thememoryreferencebehavior.

Thispro�ler usesasimplelinearcompressor, whichis basedonthe
linearmemoryaccessdescriptor(LMAD) modelin [9]. A LMAD
is describedby thetriple [ start,stride, count] . Notethatstartand
stridecanbe 	 by � vectors,where	 is thenumberof dimensions
in thestreamthatis compressed.For example,for the(object,off-
set, time) sub-streams,the value of 	 is " , while for the (offset)
sub-streams,the valueof 	 is � . The LMAD compressionreads
eachsymbolin thedatastreamandattemptsto describethestream
usingits lineardescriptors.If thenew symboldoesnot �t into the
currentlinear pattern,it will starta new LMAD for this symbol.
For example,anoffsetstreamof

��!#)�!*�*$�!*+,+,+,!-)���!#./!#)�!*�10�!*+,+,+,!-"�$

will bedescribedby two LMADs as
2

��!-)�!*�*�134!

2

./!#.�!#563

To getacompactpro�le with apracticalrunningtime,wecanonly
allow a�nite numberof LMADs. Reducingthenumberof LMADS
will reducetherunningtime,but affect thepro�le quality. Increas-
ing thenumberof LMADs givesa lesslossypro�le but increases
the running time. In our implementation,we chosea maximum

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

This linearcompressionschemehasseveralattractiveproperties.It
is simpleandfast,andit worksquitewell if thedatastreamhaspre-
dominantlylinearpatterns.Wenoticethat,in practice,asigni�cant
portionof instructionsdo exhibit linearaccessbehavior andhence
canbecapturedby a smallnumberof LMADs. Thebiggestdisad-
vantageof thelinearcompressionschemeis thatit cannothandlean
elaborateaccesspattern,especiallyif thestreamexhibits predom-
inantly non-linearbehavior. In sucha case,theallowedmaximum
numberof LMADs will be quickly exhausted. The compressor
will thendiscardthe new symbolsin the stream,andonly record
someoverall informationsuchas 7

��8 , 7:94	 , and ;�<

�

	�=?>

�

<69 @BA .
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 how much information is
capturedin LMADs, with respectto all informationin theoriginal
datastream.For example,thesamplequality for a predominantly
linear streamcanbe C��*�%�'D , while CE�'D for a predominantly
non-linearstream. A low samplequality may alsobe acceptable
if most of the linear accesspatternsare capturedas the targeted
optimizationsrely mainly on thelinearaccesspatterns.

4.2 Evaluation of the LEAP
This subsectionpresentstheevaluationof theLEAP pro�ler in the
two target applications. Sincethe pro�ler is lossy, the potential
bene�ts accruedto the targetedoptimizationsarea moresuitable
evaluationmetricthanthecompressionratio.

Theexperimentsareconductedfor thesamesetof SPEC2000bench-
marksasbefore.For eachbenchmark,LEAP is runonceto collect
the LMADs. Two differentpost-processorsusetheseLMADs to
computememorydependencefrequency and strongly stridedin-
structionsrespectively.

4.2.1 Application1: Memorydependencefrequency
As describedearlier in this section,the memorydependencefre-
quency pro�le is useful for memoryoptimizationssuchas spec-
ulative load re-orderingand loop-invariant load removal. In this
sub-section,we evaluatehow well the LEAP pro�ler cancapture
the memorydependencefrequency information for all store-load
pairs.

We applya memorydependencedetectionpost-processto thecol-
lectedLMADs. Werestrictourattentionto thereadafterwrite de-
pendence.Sowe de�ne a pair of FG@#H6>JI instructionsascon�icting
if the FG@ accesseslocation 
 at a time @�K while the >JI accessesthe
location 
 at a later time @#L ( @
0NM�@�� ). Thememorydependence
frequency (MDF) for a �4FG@G!#>OI�& pair is computedas
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Becausethe LMADs pro�le is relatively small, our post-process
computationis fast. For SPEC2000benchmarks,thepost-process
time rangesfrom secondsto severalminutes.

The output of the analysisis a list of dependentstore/loadpairs
alongwith thecomputeddependencefrequency for each.For ex-
ample, �4FG@#L1!->JI K !��*��D_& , �4FG@[`%!#>JI K !
5��'Da& shows that a static >JI K is
dependenton a static FG@ L for 10% of its execution,while it is de-
pendenton FG@
` for 90%of its execution.

SinceLMAD compressionis lossy, we evaluatetheerrordistribu-
tion with respectto a losslesspro�ler. We useda losslessraw-
addressbasedpro�ler which recordsthe dependenceinformation
of all the memoryoperationsin a programasthe baseline.Such
a pro�ler is extremelyslow andproduceshugepro�les. Figure6
shows theerrordistribution for LEAP for all benchmarks.Notice
thatadominatingmajority(75%)of thedependentpairseitherhave
frequenciesthatarecompletelycorrect(centerpoint) or off by no
morethan10%(thepointsoneithersideof center).

We also comparethe performanceof LEAP to anotherexisting
memorydependencepro�ling approachbyConnors[6], whichuses
raw addressstreamsinsteadof object-relative streams.This pro-
�ler is thebestknown memorydependencepro�ler with a practi-
cal running time andmemoryfootprint. We performexactly the
sameevaluationas the one above but this time we comparethe
ideal with our re-implementationof the instruction-indexed pro-
�ler in [6]. (Instruction-indexedis recommendedby authorsin [6],
andwe chosea window sizesuchthat it exhibits a running time
similar to LEAP.) Theerrordistributionproducedis shown in Fig-
ure 7. While not overestimatingthe frequency for any dependent
pairs,thisschemeoftenmissessomeof thedependencesasit iden-
ti�es dependencesonly in a smallwindow of instructionsbasedon
addressesrecordedin a smallhistorywindow.

To provide an easyto readcomparison,we show the averageer-
ror distributionfor all benchmarksusingbothapproachesin Figure
8. Observe thatLEAP out-performstheotherapproachby a large
margin. In particular, notethe56%improvementin thenumberof
pairsdetectedcompletelycorrector off by nomorethan10%.This
is likely to result in improved optimizerperformanceasChen[3]
demonstratesthat betterdependenceanalysisleadsto betteropti-
mization/scheduling.Thus, due to the exposedregularity of ac-
cesses,theobject-relative approachprovesto bemoreamenableto
compression(asshown later)- without sacri�cing accuracy signif-
icantly in this application.

4.2.2 Application2: Memorystridepatterns
Here,we show thatLEAP collectsmemorystridepro�le nearlyas
accuratelyasa specializedstridepro�ler (like theonein [2]), de-
spitethefactthatLEAPalsocollectsinformationwhichisamenable
to many optimizationsbut not particularlywell-suitedfor thepur-
poseof collectingmemorystrides.We do this by evaluatinghow
well theLEAP pro�ler capturesmemorystridepatternsandidenti-
�es thestrongly-stridedinstructions.Weadoptthede�nition of the
(single)strongly-stridedinstructionin [2] – aninstructionfor which
onestrideaccountsfor b�c%�'D of its total accesses.With thecol-
lectedLMADs, identifying stronglystridedinstructionsrequiresa
trivial post-processwhich examinesall offset stridescapturedfor
a given instruction. We chooseto consideronly thosestrongly
stridedinstructionswithin objects(i.e. with identical group and
object IDs), aswe found an overwhelmingmajority of strongly-
strided instructionsoccurredwithin objects(One of the reasons
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Figure 6: The error distrib ution of the LEAP memory-
dependenceresults.
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Figure 7: The error distrib ution of the Connors memory-
dependenceresults.
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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
at 0% error, the better.
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Figure9: Stride score for LEAP.

might be treatingthe customallocationpoolsassingleobjects–
seethe footnotein Section3.1). An extensionto includestrongly
stridedinstructionsacrossobjectscanbeimplementedby usingthe
auxiliary objectlifetime information,which is run/allocdependent
though.

To evaluatethequalityof thestridedata,wecomparetheidenti�ed
strongly-stridedinstructionsto the“real” ones,whicharefoundby
theequivalentlosslessversion.We re-implementthestridepro�l-
ing in [2] with a settingto make it losslessandtrackall thestrides
for agiveninstruction(whichisextremelyslow becauseof thehuge
amountof strideinformationto be tracked). Thebarsin Figure9
show thepercentof correctlyidenti�ed instructionsover the“real”
ones. We seethat on an average )�)�D instructionsare correctly
identi�ed over all benchmarks.

4.2.3 LEAPpro�le sizeandspeed
For the sake of completeness,we now presentsomemore basic
metricsaboutthe LEAP pro�ler. Thesemetricsprovide somein-
sight into the ef�ciency of the LEAP implementationin termsof
pro�le size,speed,andsamplequality. FromTable1, severalinter-
estingobservationscanbemade.

First,theLEAPpro�le isquitecompact.LEAPachievesanaverage
of 3 ordersof magnitudecompressionrelative to thetrace.Second,
thetimedilation(or theslowdown) overthenativeis acceptable.At
11.5timesthenative, thisnumberwasacceptablefor experimenta-
tion. Furtheroptimizationfor speed(byspecializingfor aparticular
architecture's performancecountersfor example)wasdeemedun-
necessaryfor ourpurposes.In practice,improvementsin speedcan
bemadeby probeoptimizations.Here,we insertedprobesdirectly
into the IA-64 assemblyeven whenothermeanscouldhave been
usedto determinebehavior staticallyandusedmultiple threadsto
collect andanalyzedata. Threadsynchronizationaddedpro�ling
overhead,but this wasdonefor easeof implementation.

Thethird observationis thatLEAP capturesnearlyhalf of all mem-
ory accesses.The samplequality metric is composedof the frac-
tion of capturedaccessesandthefractionof capturedinstructions.
The former is the fraction of all memoryaccessesin the program
whatwerecapturedby LMADs at thelevel of offsetsinsideobjects
(not including the timing information). The latter is the fraction
of instructionswhosebehavior couldbecompletelycapturedby all
LMADs. Thesenumbersaresigni�cantly lower (on average47%
and41%)thanfractionspresentedfor correctmemorydependence

Table 1: LEAP pro�le size,speed,and samplequality.

Benchmarks Compre- Dila- SampleQuality
-ssion tion Accesses Instructions
Ratio Factor captured(%) captured(%)

164.gzip 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 11.5 46.5% 40.5%

andstridedatadeterminationin thelasttwo sub-sections(on aver-
age75%and88%). This observationshows thattheLEAP pro�le
is relatively ef�cient at representingusefulinformationperbyteof
output. In addition,it illustratesthe fact (alsostatedin [10]) that
it is not necessaryfor a goodpro�le to captureall memoryaccess
information,as long as it capturesuseful information relevant to
optimizations.

5. RELATED WORK
In thissection,wehighlight importantrelatedwork. Previouswork
in [13], [4] and [10] arecloselyrelatedto this work in the sense
that they all deal in pro�ling usingobjects. This work, however,
directly addressesand generalizesthe useof objectsin memory
pro�ling andstudiesthis approachin depth.

Calderet al. [13] proposeda novel dataobject placementalgo-
rithm, called Cache-ConsciousData Placement(CCDP), for the
purposeof reducingthefrequency of datacachemisses.CCDPre-
assignsvirtual addressesto dataobjects,whereadataobjectcanbe
a global variable,a heapobject,or the whole stack. To facilitate
CCDP, a pro�le is generatedlisting all dataobjectsencountered
duringexecutionalongwith informationof dataobjects'reference
count,size,andotherlife-time information.Clearly, theobjectpro-
�le in [13] examineshow objectsaremanagedandusedduringthe
execution.By contrast,theobject-relativepro�le proposedin this
paperis a generalizationwith emphasison object-relative transla-
tion, decomposition,andcompressionin thecontext of a wider set
of optimizations.

Rubin et al. [4] proposedan ef�cient pro�le-analysisframework
for datalayoutoptimizations.As partof theirframework, themem-
ory pro�ler collectsa data-objecttrace. There,the dataobject is
de�ned asan elementarypieceof data,which canbe a �eld of a
record,a globalvariableor any othersingle-accessgranularityob-
jectsrepresentedby a global identi�er (a uniqueobjectID). They
usethis object identi�er along with the raw addressas a pair to
identify memoryreferences.While this representationis usefulin
eliminatingfalsealiasingdueto thereuseof thememoryaddresses
for differentobjects,it doesnotconvey therelationshipbetweenan
objectandits �elds. In contrast,objectsde�ned in this paperarea
partof thehierarchyof (group,object,offset) tuples,which yields
anexplicit view of thedatastructures,the�elds, andtheircommon
properties. Also, sinceour schemehasfactoredout the raw ad-
dressesfrom therepresentation,identifying patternsbecomeseas-
ier andthepro�le exhibitshighercompressionrates.



Chilimbi [10] proposedan ef�cient representationof the memory
accessstreamfor the purposeof quantifying andexploiting data
referencelocality. As partof theeffort to reducethesizeandpro-
cessingtimeof apro�le, heproposedanaddressabstraction, which
abstractstheaddressto anameor anidenti�er. For example,aheap
objectis abstractedinto a(startaddress,globalidenti�er) pair. This
identi�er pair doesnot have a sizeor a typeassociatedwith it and
it doesnot distinguishthe individual �elds within a heapobject.
Therefore,theaddressabstractionin [10] resultsin coarse-grained
memorypro�le information. All offset information is discarded,
makingit impossibleto regeneratetheaddresstraceoncetheseab-
stractionshave beenapplied[10]. In contrast,the techniquespre-
sentedin this paperdo notdiscardany informationwhile exposing
regularity.

6. CONCLUSION AND FUTURE WORK
This paperpresentsobject-relative translationanddecomposition
techniquesto exposepreviously obscuredmemoryaccessregulari-
ties for effective memorypro�ling. It alsodescribesandevaluates
two memorypro�lers built usingtheseideas.

Object-relative translationtranslateraw addressto a 4-tuple (In-
structionID, group, object,offset). Thesetuplescan be decom-
posedin differentwaysto extract informationusefulto the target
application.

To illustratethevalueof theseideas,we apply themto two mem-
ory pro�lers, WHOMPandLEAP. WHOMPis losslessandgivesa
completestreamof thememoryaccessesin the form of theabove
mentionedtuples.LEAP is lossyandcollectscompactpro�le which
can easily usedto identify load-storedependencefrequency and
strideinformation.

Experimentsshow thatobject-relativity leadsto apro�le with more
compactrepresentations,andwith moreusefulinformationfor sev-
eral commonmemoryoptimizations.WHOMP achievesan aver-
age22% bettercompressionover anotherlosslesspro�ler using
raw-addresses.The LEAP pro�ler, which producesa pro�le 3 to
4 ordersof magnitudesmallerthantheoriginaldatatrace,cancor-
rectly estimatethe memorydependencefrequency for c�d%D of in-
structionpairs(which is d%$'D morethananexisting approach),as
well asidentify )�)�D of strongly-stridedinstructions.

Futurework includesintegration of this memorypro�ler into an
industrial-strengthcompiler. First, the compilercanimprove pro-
�le performanceby eliminatingtheneedto collecttheinformation
known statically. Second,the compilercanprovide a framework
for FDMO enabledwith object-relativity. Anotheravenueto ex-
plore is to make useof recentresultson phasedetectionandpre-
diction [14] to pro�le referencesin a phasecognizantmanner.
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