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Abstract

In this paper, we presentVIProf, a full-system,perfor-
mancesamplingsystemcapableof extracting runtimebe-
havior acrossan entire software stack. Our long-termgoal
is to employVIProf pro�les to guide online optimization
of programsandtheir executionenvironmentsaccording to
thedynamicallychangingexecutionbehaviorandresource
availability. VIProf thus,mustbetransparentwhileproduc-
ing accurateandusefulperformancepro�les.

We overview the designand implementationof VIProf
and empirically evaluatethe systemusinga popular soft-
ware stack – one that includesa Linux operating system,
a Java Virtual Machine, and a set of applications. This
compositionis commonlyemployedandimportantfor high-
end systemssuch as application and web servers as well
as ComputationalGrid services.We showthat VIProf in-
troduceslittle overheadand is able to capture accurate
(function-level) full-systemperformancedata that previ-
ouslyrequiredmultiplepro�les andextensive, manual,and
of�ine post-processingof pro�le data.

11. Intr oduction

Recentadvancesin virtualization techniquesexposea
numberof new opportunitiesfor applicationsthat execute
using them. Virtualization systemsare increasinglypop-
ular softwaresystemsthat multiplex lower-level resources
amonghigherlevel softwareprogramsandsystems.Exam-
plesof virtualizationsystemsincludea vastbody of work
in theareaof operatingsystems[22, 14, 7], high-level lan-
guagevirtual machinessuchasthosefor Javaand.Net,and,
mostrecently, virtual machinemonitors(VMM) [28, 20, 1].

In our research,we investigateopportunitiesfor perfor-
manceoptimizationacrosstheentiresystemstack(OS,Java
Virtual Machine,applicationserver, application),whenwe
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usevirtualizationto isolatesysteminstances.Key to ourap-
proachis our assumptionthata singleapplicationexecutes
at a time. This assumptionholdsfor both batched,cluster
systemsthat executescienti�c applications,aswell as for
a wide rangeof web, Grid service,andapplicationserver
systems.Virtualizationenablesusto customizethesystem
stackfor aparticularapplication,i.e., theapplicationthatis
currentlyexecuting(or will executeoncescheduled),very
aggressively. Then, when the applicationcompletes,vir-
tualizationfacilitatesthe replacementof the entiresystem
stackwith anotherone(e.g.,for anotherapplication).

Giventhis executionmodel,i.e., isolatedapplicationin-
stancesthat executewithin guestoperatingsystemsover
a virtualizing software layer, we canconsidernovel tech-
niquesfor optimizationand specializationacrossall lay-
ersof thesoftwaresystem.In particular, we areinterested
in automaticand dynamicadaptation,customization,and
integrationof the application,runtime,andoperatingsys-
tem accordingto the dynamicallychangingcharacteristics
of programbehavior and underlyingresourceavailability.
Our approachis called VIVA – Vertically IntegratedVir-
tualizAtion,andour preliminaryresultsindicatesigni�cant
potentialandopportunity[12, 32, 31, 30].

As a �rst steptoward enablingdynamiccustomization,
in this paper, we investigatean ef�cient andaccuratepro-
�ling systemthat capturesperformancedatatransparently
while theapplicationexecutes.Suchinformationis vital for
guidingeffective runtime(re-)optimizationand(re-) adap-
tationaccordingto dynamicallychangingconditions.

Currentpro�ling systemsarelimited in thatthey operate
on a single layer of the executionstackat a time. Ana-
lyzing pro�les andidentifying commonbottlenecksacross
layers(OS,JVM, application)is thus,currentlynot possi-
ble without manual,of�ine, andtediouspost-processingof
pro�les collectedvia differenttools.Moreover, evenacross
layers,existing pro�ling techniqueshave dif�culty captur-
ing performancedataon all codethat executes,e.g. code
that is dynamicallycompiled. If we areto optimizeacross
the differentlayersof the softwarestack,we mustbe able
to sampleall codethatexecutes,andinterrelatetheperfor-



mancedataacrossall softwarelayers.To addressthis need
for a transparent,online, full-systempro�ling system,we
presentVIProf, aVertically IntegratedPro�ler .

VIProf is anextensionof thesystemwidepro�ler, OPro-
�le, for Linux [19]. We extendOPro�le by integratingits
samplingsystemto accessprogram-level informationfrom
any ApplicationVirtual Machine. We implementa VIProf
prototypeusingtheopensourceJikesResearchVirtual Ma-
chine(JikesRVM) from IBM T.J. WatsonResearchcenter.
We evaluatethe overheadandef�cacy of this VIProf pro-
totypeanddetail how VIProf capturesfull-systemperfor-
mancebehavior.

In the sectionsthat follow, we presentthe background
and motivation for our research,as well as other related
work in this area. We thendescribeVIProf in Section3.
In Section4, wedemonstratethepotentialbene�tsof verti-
cally integratedpro�ling andempiricallyevaluatetheover-
headandef�cacy of our system.Finally, we concludeand
discussour futureresearchplansin Section5.

2. Background and RelatedWork

To enabledynamic and adaptive customizationof the
systemstack(all softwarelayersincludingtheapplication),
we require techniquesthat captureaccurateperformance
dataacrossthesystemthatwecanuseto guideoptimization
decisions.Currently, extantapproachesto pro�ling capture
only single-layerinformation,e.g.,within a virtual execu-
tion environment(JVM or CLR) [2, 9, 5, 17, 11, 21], across
thesystembut agnosticto JVM-processinternals[19, 15],
employ complex softwareinstrumentation[13, 23, 26], or
requirehardware extensions[16, 18, 10, 4]. To achieve
ef�cient, full-systempro�ling currently requiresmultiple,
complex, pro�ling toolsandtedious,inaccurate,of�ine in-
tegrationof pro�le data.To addresstheselimitations,wein-
vestigatea full-systempro�ling systemthatcaptureslight-
weight hardwareperformanceevent dataacrossboth run-
times for high-level languages,e.g., Java and Microsoft
.Net, and for codewithin the operatingsystem. Our sys-
temis calledtheVertically IntegratedPro�ler (VIProf).

VIProf is basedon a popular, software-based,operating
systempro�ler calledOPro�le [19] thatweextendedto en-
ablethe integrationof internalJVM pro�le data. OPro�le
is a system-widepro�ling systemthat captureshardware
performancecountereventsandcorrelatesthemwith vari-
ouspartsof theexecutingsystem,includingapplications,li-
braries,andoperatingsystemfunctions.This system,how-
ever, doesnot supportdynamicallygeneratedcode,suchas
JIT or dynamicallycompiledcode,and views a JVM in-
stanceas a single applicationwithout regard as to which
applicationsor programsexecutewithin it. As a result,we
areunableto investigatetheperformanceof high-endJava
programs,applicationsserversandtheir applications,Grid

services,andJava middleware in concertwith OS perfor-
manceandOS-JVMinteraction.Extantrecentapproaches
to JVM pro�ling, in particularverticalpro�ling [8], provide
athoroughexaminationof JVM andJavaprograminternals,
but do not capture�ne-grain OS activity andthe JVM-OS
interaction. To addressthe limitations of thesetwo types
of pro�ling systems,we have developedVIProf. VIProf is
ableto correlatehardwareperformancecountereventswith
all codethat executesin the systemregardlessof whereit
executes(useror kernelspace)andhow it is generatedand
linked(dynamicallyor statically).

An alternative approachto the one that we take with
VIProf, is that of the Performanceand Event Monitoring
(PEM) infrastructurefrom IBM Research[27]. PEM com-
binesinformationcollectedby several distinct monitoring
streamsthat areprovided by agentsinstrumentedinto the
applicationor operatingsystem(K42), or by native hard-
warecounteragentsonthesupportedhardware(PowerMac
G5). VIProf, however, is a lightweight, whole-system,
hardware-event pro�ler that providesa uni�ed perspective
of the entireexecutionstack,andrequiresno instrumenta-
tion or combinationof multiple monitoredstreams.More-
over, VIProf, asa resultof our useof OPro�le asa basein-
frastructure,supportsdifferentoperatingsystemsandhard-
wareplatforms– extantpro�ling systemcommonlysupport
a singleOSor architecture.Finally, our implementationis
simpleandgeneralenoughto supporta wide rangeof vir-
tualexecutionenvironments(multipleJavavirtualmachines
aswell asMicrosoft .Netcommonlanguageruntimes).

3. Vertically Integrated Pro�ler (VIPr of)
VIProf extendsthe OPro�le to enableintegratedpro�l-

ing acrossthe virtual layers of a system. OPro�le con-
sistsof a Linux kernel module,and a user level applica-
tion. Thekernelmodulesetsup thehardwareperformance
counters(HPCs)with theuser'ssettingsandrequestsaNon-
MaskableInterrupt (NMI) to be raisedwhenever a con-
�gurable thresholdvalueis reached.Whenthe prescribed
numberof hardware eventsoccur, an HPC over�ows and
an NMI is raisedby the OS. The kernel modulehandles
the interruptby readingthe active ProgramCounter(PC)
value from the processor. OPro�le matchesthe PC value
to a virtual memoryregion, andidenti�es the correspond-
ing binaryor library. Further, OPro�le computestheoffset
into the correspondingobject �le to pinpoint the method
thatwasexecutingat thetime theinterruptis raised.OPro-
�le addsthis information,to whichwe referto asa sample,
to a buffer for laterservicingby a user-level, OPro�le dae-
mon.Periodically, thisdaemonprocessesthesamplebuffer
andwritesthesamplesto disk. OPro�le alsoincludespost-
processingutilities to enable�e xible reporting.

Theprimarylimitation of OPro�le (or any othersystem-
wide pro�ler) is in pro�ling dynamicallygeneratedcode.
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Ti me %   Dmi ss %  I mage name     Symbol  name 
 9. 6393   0. 4586  RVM. map        com. i bm. Ji kesRVM. cl assl oader . VM_Nor mal Met hod. get Osr Pr ol ogueLengt h 
 5. 4750   0. 2293  RVM. map        com. i bm. Ji kesRVM. cl assl oader . VM_Nor mal Met hod. hasAr r ayRead 
 5. 3216   0. 2784  RVM. map        com. i bm. Ji kesRVM. opt . VM_Opt Compi l edMet hod. cr eat eCodePat chMaps 
 4. 9421   1. 3429  JI T. App        edu. unm. cs. oal . DaCapo. JavaPost Scr i pt . Red. Scanner . Scanner . par seLi ne 
 3. 6599   0. 1146  RVM. map        com. i bm. Ji kesRVM. opt . VM_Opt Gener i cGCMapI t er at or . checkFor Mi ssedSpi l l s  
 3. 6019   0. 5077  RVM. map        com. i bm. Ji kesRVM. Mai nThr ead. r un 
 2. 6813  28. 2673  l i bc- 2. 3. 6. so  memset  
 1. 8861   0. 0491  RVM. map        com. i bm. Ji kesRVM. cl assl oader . VM_Nor mal Met hod. f i nal i zeOsr Speci al i zat i on 
 1. 7619   0       RVM. map        com. i bm. Ji kesRVM. opt . VM_Opt Machi neCodeMap. get Met hodFor MCOf f set  
 1. 5274   0. 1802  RVM. map        j ava. ut i l . Vect or . t r i mToSi ze 
 1. 3186  10. 0066  l i bxul . so. 0d   ( no symbol s)  
 1. 1783   0. 1474  l i bf b. so       f bCopyAr eammx 
 1. 1268   0. 0164  l i bf b. so       f bComposi t eSol i dMask_nx8x8888mmx 

Ti me %   Dmi ss %  I mage name                                    Symbol  name 
69. 6552  15. 9909  RVM. code. i mage                               ( no symbol s)  
 2. 3053  39. 6149  l i bc- 2. 3. 6. so                                memset  
 1. 9327   0. 6569  anon ( r ange: 0x65000000- 0x65700000) , J i kesRVM  ( no symbol s)  
 1. 2961   0. 4304  anon ( r ange: 0x65000000- 0x65b00000) , J i kesRVM  ( no symbol s)  

Figure 1. Sample pro�le generated by VIProf (above) and Opro�le (belo w) for the Dacapo ps benc h-
mark. (Truncated for brevity). The hardware events pro�led are GLOBALPOWEREVENTS(time) and
BSQCACHEREFERENCE(L2 data cache misses) sho wn on the �r st and second columns respectivel y

Suchcodeis typical for programsthatexecuteusinga vir-
tual machine(VM), e.g.,thosedevelopedin languageslike
Java andtheMicrosoft .Net languages.Theformatof such
programsis an architecture-independentformat (to enable
portability) that is convertedby a VM usingan interpreter
or dynamic(sometimesreferredto asa just-in-time(JIT))
compiler. The locationandlayout (neededby OPro�le to
mapaPCvalueto its correspondingbinary)of dynamically
generatedcodebodiesarethusdeterminedandassignedat
runtimeandarestoredin theVMs virtual memoryregion.
To furthercomplicatematters,virtual machinesre-compile
frequentlyexecutingcodein aneffort to extracthigherper-
formancethroughadditionaloptimization. Thus,the loca-
tion and layout of codecanchangedynamically. Finally,
if thesecodebodiesarestoredin a garbage-collectedsec-
tion of JVM memory, certaingarbagecollectorsmay also
move codebodies.We referto dynamicallygeneratedcode
bodiesasJIT codethroughout.

VIProf is asetof OPro�le extensionsto handleJIT code
andVM internals.TheextensionsenableOPro�le to iden-
tify a sampleasbelongingto JIT codeand to retrieve in-
formationfrom theVM in which thecodeis executing.We
alsomapcodebodiesto its high-level information(methods
in anapplication)sothatwecanattributeperformancedata
to particularmethods.Two key extensionswe contributed
with includetheRuntimePro�ler andtheVM agent.

Runtime Pro�ler . Theruntimepro�ler is theOPro�le dae-
monthatrunswheneverwewishto log thesamples.It is the
mainsourceof pro�ling overhead,extracaremustbethere-
fore takento ensureminimal work is doneby this daemon.
We extendthis daemonby a mechanismthatallows a VM
to registerthefactthatit is executingdynamicallygenerated
code. Thevirtual machinealsoregisterstheboundariesof

its memoryheap.Within thedaemon,theloggingcodewill
consultthis informationbeforedecidingto log a sampleas
beinganonymous. Instead,if it is found to fall within the
boundariesof theVM' sheap,thesamplewill beloggedasa
JIT.App sample.Apart from a few otherlimited VM prob-
ing routines,this addedmechanismis the only extra work
thatneedsto bedoneat runtime.We evaluatetheoverhead
associatedwith thisdaemonin Section4.

VM Agent. A counterpartto theruntimepro�ler is theVM
agent.This moduleis responsiblefor trackingJIT compi-
lationsandany GC-inducedcodebody moves. The agent
is implementedasa library with severalhooksin theVM' s
code. Speci�cally, we addinstructionsin the body of the
`compile' and `recompile' methodswithin the VM to log
thebeginningaddress,sizeandsignatureof themethodthat
wasjust compiledinto a buffer. We alsoinstrumenttheGC
`move' methodwithin theVM to marka method's bodyas
having beenmoved. We simply �ag it insteadof actually
loggingit in orderto avoid undueoverhead.This is because
thebodyof theGC methodsarehighly tunedandany calls
to theoutsideof their codespacewill resultin a signi�cant
performancehit.

At speci�c points during execution, we processcode
buffers by writing out a JIT codemap to disk. We also
traversea list of known compiledmethodsandwrite out the
informationaboutany methodthatwas�agged by GC.We
thennotify theOPro�le daemonandrequestthatthewritten
mapbeassociatedwith theloggedJIT.App samples.

3.1. Handling GC-Managed Co de

In someVMs, suchas the open-sourceJikesResearch
Virtual Machine(Jikes RVM), the codeand dataregions
are both interwound into a single heap; even though the
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heapmay be segregatedfor optimizedgarbagecollection
andmemoryperformance.Thispresentsanadditionalchal-
lengesincethebodyof amethodcanexist at severaldiffer-
entmemorylocationsduringasingleexecution.

We overcomethis challengeby viewing eachinstance
of a GarbageCollection as a cascadedexecution epoch.
In our Runtimepro�ler, insteadof designatingsamplesto
the JIT application,we designatethemto a particularex-
ecutionepochof the JIT application. At the sametime,
at the end of eachexecutionepoch,we write out a code
mapcorrespondingto themethodaddressesof this particu-
lar epoch.We performthis write just beforethe launching
of thegarbagecollection.It is importantto notethatthisis a
partialwrite; sinceit only includesmethodsthatwerecom-
piled (or recompiled)sincethepreviouscodemapwrite. It
alsoincludesthemethodsthatweremovedby theprevious
garbagecollection.

During loggingtime,a samplewill beassigneda partic-
ular epoch. The post processingtool will attemptto �nd
the correspondingmethodin that particularcodeMap. It
is possiblethat themethodwould not be found, indicating
that thesamplebelongsto a methodthatwasneithercom-
piled nor movedduringthis particularepoch.In suchcase,
the postprocessingtool will traversethe setof codemaps
backwardsuntil it identi�es the�rst occurrenceof amethod
whichusedto have addressescorrespondingto thesample.

3.2. Post Pro cessing Tools

A key to our low overheadimplementationof thewhole
systempro�ler is thatwe delaymostof thework to theof-
�ine pro�le analysisstage.OPro�le comeswith apowerful
setof postprocessingtools thatareableto categorize,sort
anddisplaysampleinformationin a variety of ways. The
initial stepin the working of thesefeaturesis the reading
andgroupingof thesample�les.

Wemodify thiscomponentby addingcodethatwill read
themap�les generatedby theVM agent.Sincethesemaps
areorganizedinto sequential�les - correspondingto theGC
epochsof theVM - thetoolswill initially searchfor asam-
ple in themap�le correspondingto theepochduringwhich
thesamplewasrecorded.If thesampleis not found in the
epoch's map,the tool will searchthe immediatelypreced-
ing mapandsoon. This guaranteesthat themethodwhich
thesamplewill beassociatedwith is themostrecentlycom-
piled - or moved- methodto occupy thataddressspace.

TheVM itself is anapplicationwhosejob is to execute
theportableobject�les (e.g. Java Byte Code).Many VMs
arewrittenin C or C++(e.g.SunHotspot)andarecompiled
directly into object�les. Sinceobject�les arepro�led di-
rectly by OPro�le, no additionalwork is neededto include
theexecutioninformationassociatedwith theVM.

However, someVMs, suchasthe JikesRVM, arewrit-
tenmostly in Java andassuchwill not bepro�led directly

by OPro�le. Luckily, thebuild mechanismfor JikesRVM
producesa staticimage(in a Jikesinternalformat) andan
associatedmap. We modify the OPro�le post processing
tool to readin the Jikes RVM internal map and useit to
processsamplesassociatedwith theVM componentof the
execution.Moreover, thereis a smallbootstrapapplication
responsiblefor loadingtheJikesRVM classimagewhich is
written in C. Thisapplicationis compiledinto anobject�le
andnoadditionalwork is neededto pro�le it.

4. Results

To demonstratethe usefulnessand low overheadof
VIProf, we usedit to pro�le several benchmarks.In this
sectionwe presentour experimentalmethodology, andre-
sultsof our tests,includinga samplepro�le outputandan
evaluationof theoverheadof oursystem.

4.1. Metho dology

VIProf is an extensionto version0.9.2of the Opro�le
system[19]. TheVirtual Machineusedis version2.4.5of
theJikesResearchVirtual Machine[11]. We usea Debian
sarge distribution [6] runningLinux Kernel2.6.20.16.All
experimentsareperformedonasinglecoreIntel Pentium4
Xeonrunningat3.4MHzwith 2GBof RAM.

We pro�le three groups of benchmarks: Spec
JVM98 [25], Dacapo [3], and Spec PseudoJBB [24].
JVM98 and Dacapoare collectionsof short and medium
length applicationsfor a variety of tasksincluding com-
pilers, string manipulation,databases,decodersand other
applicationsdesignedto model typical Java applications.
PseudoJBB is a variationof SpecJBB which modelssev-
eral warehousesservicingtransactions.It is a longerrun-
ning applicationthanJVM98 andDacapo.pseudoJBB is
con�gured to have a �x ed numberof transactions,allow-
ing a direct measureof the executiontime. We usean in-
putof `100' for JVM98benchmarksand`large' for Dacapo
benchmarks.We use3 warehouseswith 100K transactions
for pseudoJBB.

For eachbenchmark,wemeasureexecutiontimeby run-
ning the benchmark10 times, eliminating the fastestand
slowestrun, andthenaveragingthe remaining8 runs. We
startVIProf just prior to benchmarklaunchandwe con�g-
ureit to measuretheexecutiontimeof thebenchmarksonly.

4.2. Case Study

Figure1 shows theoutputof VIProf (theupperportion)
versustheoutputof Opro�le (thelowerportion)for aniden-
tical run of theDacapopsbenchmark.In theOpro�le out-
put, theJavaApplicationandVirtual Machinearebothpro-
�led asblackboxes.However, weareable,usingVIProf to
identify the systemsexecutionpatternsandview all meth-
ods side by side. In addition to relative methodweights
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Figure 2. Overhead of pro�ling with VIProf compared to Opro�le . Higher bars indicates slo wer rela-
tive execution time .

andcorrelatedhardwareevents,VIProf alsoextendsthecall
graphfunctionalityof Opro�le to includecall sequencepro-
�les acrosslayers.Weomit theseresultsfor brevity.

VIProf outputdemonstratesthe utility andconvenience
of our pro�ler for wholesystempro�ling. This level of de-
tail pro�ling is indispensableto our overall goal of verti-
cally integratedoptimization.

4.3. Ov erhead

Figure2 shows the executionoverheadassociatedwith
VIProf at 3 different pro�ling frequencies. The �gure
alsoshows theOpro�le overheadfor themedianfrequency
(90K). The executiontimesarenormalizedto baseexecu-
tion time(i.e. nopro�ling or runningVM agents).Figure3
shows thebaseexecutiontimeof theevaluatedbenchmarks
for reference.

On average,VIProf addsnegligible overheadto what
Opro�le alreadyintroduces. While most benchmarksex-
perienceda slight slowdown comparedto Opro�le, a few
experiencedspeedups.We believe this is due to VIProf
avoiding theanonymousmemoryloggingcodein Opro�le
(which we replacewith our VIProf mappingcode). A few
benchmarksexhibitedspeedupsascomparedto thebaseex-
ecutiontime. We found theseto be mediumlengthedDa-
capoapplications( hsqldb, bloat ). We believe this is
dueto systemnoiseandtheuncertaintyinvolvedin full sys-
temmeasurements.

For a moderatelevel of sampling (1 in 90K cycles),
Opro�le generallyslows down thesystemby anaverageof
5%. Our systemalsoexhibits a similar slowdown on aver-
age.Thiscomparesfavorablyto othersimilarpro�lers such
as Vertical Pro�ling which reported7% averagepro�ling
overhead(althoughverticalpro�ling is limited to covering
theVM andapplicationdomainonly).

For amediansamplingfrequency (90K) with VIProf, the
majority of benchmarksexperiencedslowdowns lessthan
10%, with oneexception, antlr , recordinga slowdown
above 10%. Four benchmarkshad slowdowns that were

Benchmark Base time
pseudoJBB 31
JVM98 (average) 5.74
antlr 8.7
bloat 28.5
fop 3.2
hsqldb 43
pmd 16.3
xalan 137.9
pseudoJBB 22.2
Average 32.9

Figure 3. Base execution time in seconds for
the benc hmarks.

lessthan 5%. Longer running benchmarksgenerallyex-
periencedthe smallerslowdowns, due to the amortization
of the cost of writing out the codemaps. Further, as the
codereacheshigheroptimizationlevelsandtheGC moves
theseregionsto thematurespace,thereis lessneedfor any
runtimework to bedoneto supportourVIProf system.

5. Conclusionsand Futur eWork

Investigatingoptimizationandspecializationopportuni-
tiesacrosstheentiresystemstackis themain focusof our
research.In this paper, we presentVIProf: anef�cient pro-
�ling systemthatcapturesperformancetransparentlyacross
the entiresystemstack. VIProf is a �rst steptowardsin-
terrelatingperformancebottlenecksacrosslayers(OS,VM,
andapplication),andidentifyingpotentialoptimizationand
specializationopportunitiesfor the entireexecutionstack.
We show thatVIProf capturesinterestingeventsacrossthe
systemwith very low overhead.

As part of future work, we plan to integrateXen virtu-
alizationextensionsinto VIProf to integratepro�ling of the
Xen layer (via XenoProf[29]) aswell asmultiple concur-
rentlyexecutingsoftwarestacks.In addition,weplanto in-
vestigatepro�le-guided optimizationsacrossmultiple lay-
ersof theexecutionstack.In particular, weareinterestedin
customizingtheVM andOSandtheir interactionaccording
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to thechangingbehavior of anapplicationandtheavailable
resources.
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