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Abstract

In this paper we presentVIProf, a full-system perfor
mancesamplingsystemcapableof extracting runtime be-
havior acrossan entire softwae stak. Our long-termgoal
is to employVIProf pro les to guide online optimization
of programsandtheir executionervironmentsaccoiding to
the dynamicallychangingexecutionbehaviorandresouce
availability. VIProf thus,mustbetranspaentwhile produc-
ing accurate and usefulperformancepro les.

We overvien the designand implementationof VIProf
and empirically evaluatethe systemusing a popular soft-
ware stak — onethat includesa Linux opermting system,
a Java Mirtual Machine and a set of applications. This
compositioris commonlyemployedndimportantfor high-
end systemssud as application and web serves as well
as ComputationalGrid services.We showthat VIProf in-
troduceslittle overheadand is able to captue accuiate
(function-level) full-systemperformancedata that previ-
ouslyrequired multiple pro les and extensive manual,and
ofine post-pocessingf pro le data.

1. Intr oduction

Recentadwancesin virtualization techniquesexposea
numberof new opportunitiesfor applicationsthat execute
using them. Virtualization systemsare increasinglypop-
ular software systemshat multiplex lower-level resources
amonghigherlevel softwareprogramsandsystemsExam-
plesof virtualizationsystemsnclude a vastbody of work
in the areaof operatingsystemg22, 14, 7], high-level lan-
guagevirtual machinesuchasthosefor Javzaand.Net,and,
mostrecently virtual machinemonitors(VMM) [28, 20, 1].

In our researchyve investigate opportunitiesfor perfor
manceoptimizationacrosgheentiresystenstack(OS,Java
Virtual Machine,applicationsener, application),whenwe
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usevirtualizationto isolatesysteninstancesKey to ourap-

proachis our assumptiorthata singleapplicationexecutes
atatime. This assumptiorholdsfor both batched cluster
systemghat executescienti ¢ applicationsaswell asfor

a wide rangeof web, Grid service,and applicationsener

systems.Virtualizationenableausto customizethe system
stackfor aparticularapplication,.e.,theapplicationthatis

currentlyexecuting(or will executeoncescheduled)yery

aggressiely. Then, when the applicationcompletes vir-

tualizationfacilitatesthe replacementf the entire system
stackwith anotherone(e.g.,for anotherpplication).

Giventhis executionmodel,i.e., isolatedapplicationin-
stancesthat executewithin guestoperatingsystemsover
a virtualizing software layer, we can considernovel tech-
niguesfor optimization and specializationacrossall lay-
ersof the softwaresystem.In particular we areinterested
in automaticand dynamic adaptation,customization,and
integration of the application,runtime, and operatingsys-
tem accordingto the dynamicallychangingcharacteristics
of programbehaior 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 investicate an ef cient and accuratepro-
ling systemthat capturesperformancedatatransparently
while theapplicationexecutes Suchinformationis vital for
guiding effective runtime (re-)optimizationand(re-) adap-
tationaccordingo 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, currently not possi-
ble without manual,of ine, andtediouspost-processingf
pro les collectedvia differenttools. Moreover, evenacross
layers,existing pro ling techniquesave dif culty captur
ing performancedataon all codethat executese.g. code
thatis dynamicallycompiled. If we areto optimizeacross
the differentlayersof the software stack,we mustbe able
to sampleall codethatexecutesandinterrelatethe perfor



mancedataacrossall softwarelayers. To addresghis need
for a transparentpnline, full-systempro ling system,we
presen¥VIProf, a Vertically | ntegratedPro ler.

VIProf is anextensionof thesystemwide pro ler, OPro-
le, for Linux [19]. We extendOPro le by integratingits
samplingsystento accesgrogram-leel informationfrom
ary Application Virtual Machine. We implementa VIProf
prototypeusingtheopensourcelikesResearclirtual Ma-
chine (JikesR/M) from IBM T.J. WatsonResearcltenter
We evaluatethe overheadandef cacy of this VIProf pro-
totype and detail how VIProf capturesull-systemperfor
mancebehaior.

In the sectionsthat follow, we presentthe background
and motivation for our researchas well as other related
work in this area. We then describeVIProf in Section3.
In Section4, we demonstrat¢he potentialbene ts of verti-
cally integratedpro ling andempirically evaluatethe over
headandefcacy of our system.Finally, we concludeand
discusourfutureresearctplansin Section5.

2. Background and Related Work

To enabledynamic and adaptve customizationof the
systemstack(all softwarelayersincludingtheapplication),
we require techniquesthat captureaccurateperformance
dataacrosghesystenthatwe canuseto guideoptimization
decisions Currently extantapproacheto pro ling capture
only single-layerinformation, e.g., within a virtual execu-
tion environment(JVM or CLR) [2, 9, 5, 17, 11, 21], across
the systembut agnosticto JVM-procesdnternals[19, 15|,
employ complex softwareinstrumentatior{13, 23, 26, or
require hardware extensions[16, 18, 10, 4]. To achieve
efcient, full-systempro ling currently requiresmultiple,
comple, pro ling toolsandtedious,inaccuratepfine in-
tegrationof pro le data.To addresshesdimitations,wein-
vesticatea full-systempro ling systemthatcapturedight-
weight hardware performancesvent dataacrossboth run-
times for high-level languagese.g., Java and Microsoft
.Net, andfor codewithin the operatingsystem. Our sys-
temis calledthe Vertically IntegratedPro ler (VIProf).

VIProf is basedon a popular software-basedpperating
systempro ler calledOPro le [19] thatwe extendedo en-
abletheintegrationof internal JVM pro le data. OPro le
is a system-widepro ling systemthat captureshardware
performancecountereventsand correlateghemwith vari-
ouspartsof theexecutingsystemjncludingapplicationsli-
braries,andoperatingsystemfunctions. This system how-
ever, doesnot supportdynamicallygenerateadtode,suchas
JIT or dynamicallycompiled code, and views a JVM in-
stanceas a single applicationwithout regard as to which
applicationsor programsexecutewithin it. As aresult,we
areunableto investigatethe performanceof high-endJava
programs applicationssenersandtheir applications Grid

services,and Java middlevarein concertwith OS perfor
manceand OS-JVMinteraction. Extantrecentapproaches
to JVM pro ling, in particularverticalpro ling [8], provide
athoroughexaminationof JVM andJava programinternals,
but do not capture ne-grain OS actiity andthe JVM-OS
interaction. To addresghe limitations of thesetwo types
of pro ling systemswe have developedVIProf. VIProf is
ableto correlatehardwareperformanceountereventswith
all codethat executesin the systemregardlessof whereit
executequseror kernelspacelandhow it is generatednd
linked (dynamicallyor statically).

An alternatve approachto the one that we take with
VIProf, is that of the Performanceand Event Monitoring
(PEM) infrastructurefrom IBM Researcli27]. PEM com-
binesinformation collectedby several distinct monitoring
streamsthat are provided by agentsinstrumentednto the
applicationor operatingsystem(K42), or by native hard-
warecounteragentonthesupportedardware(Pover Mac
G5). VIProf, however, is a lightweight, whole-system,
hardware-&ent pro ler that providesa uni ed perspectie
of the entire executionstack,andrequiresno instrumenta-
tion or combinationof multiple monitoredstreams.More-
over, VIProf, asaresultof our useof OPro le asabasen-
frastructure supportdifferentoperatingsystemsandhard-
wareplatforms—extantpro ling systemcommonlysupport
asingleOS or architecture.Finally, ourimplementatioris
simpleandgeneralenoughto supporta wide rangeof vir-
tualexecutionervironmentg multiple Javavirtual machines
aswell asMicrosoft.Netcommonlanguageuntimes).

3. Vertically Integrated Pro ler (VIPr of)

VIProf extendsthe OPro le to enableintegratedpro I-
ing acrossthe virtual layers of a system. OPro le con-
sistsof a Linux kernelmodule,and a userlevel applica-
tion. Thekernelmodulesetsup the hardware performance
counterdHPCs)with theuserssettingsandrequestaNon-
Maskablelnterrupt (NMI) to be raisedwheneer a con-
gurable thresholdvalueis reached.Whenthe prescribed
numberof hardware eventsoccur an HPC over ows and
an NMlI is raisedby the OS. The kernel module handles
the interrupt by readingthe active ProgramCounter(PC)
value from the processar OPro le matcheshe PC value
to a virtual memoryregion, andidenti es the correspond-
ing binary or library. Further OPro le computedhe offset
into the correspondingobject le to pinpoint the method
thatwasexecutingat thetime theinterruptis raised.OPro-
le addsthisinformation,to whichwe referto asasample,
to abuffer for later servicingby a userlevel, OPro le dae-
mon. Periodically this daemomrocessethe samplebuffer
andwritesthe samplego disk. OPro le alsoincludespost-
processingitilities to enable e xible reporting.
Theprimarylimitation of OPro le (or ary othersystem-
wide pro ler) is in proling dynamicallygeneratectode.
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Figure 1. Sample prole generated by VIProf (above) and Oprole (below) for the Dacapo ps bench-
mark. (Truncated for brevity). The hardware events proled are GLOBALPOWEHEVENTStime) and
BSQCACHEREFERENCHL.2 data cache misses) shown on the r st and second columns respectivel y

Suchcodeis typical for programsthat executeusinga vir-

tual maching(VM), e.g.,thosedevelopedin languagedike

Java andthe Microsoft .NetlanguagesTheformatof such
programsis an architecture-independefdrmat (to enable
portability) thatis convertedby a VM usinganinterpreter
or dynamic(sometimegeferredto asa just-in-time (JIT))

compiler Thelocationandlayout (neededby OPro le to

mapa PCvalueto its correspondindpinary) of dynamically
generatec¢odebodiesarethusdeterminecandassignedat
runtimeandare storedin the VMs virtual memoryregion.

To further complicatematters virtual machinege-compile
frequentlyexecutingcodein aneffort to extracthigherper

formancethroughadditionaloptimization. Thus,the loca-
tion andlayout of code canchangedynamically Finally,

if thesecodebodiesare storedin a garbage-collectedec-
tion of JVM memory certaingarbagecollectorsmay also
move codebodies.We referto dynamicallygenerateadode
bodiesasJIT codethroughout.

VIProf is asetof OPro le extensiongo handleJIT code
andVM internals.The extensionsenableOPro le to iden-
tify a sampleas belongingto JIT codeandto retrieve in-
formationfrom the VM in which the codeis executing.We
alsomapcodebodiesto its high-level information(methods
in anapplication)sothatwe canattribute performancelata
to particularmethods. Two key extensionswe contrituted
with includethe RuntimePro ler andtheVM agent

Runtime Pro ler. Theruntimepro ler isthe OPro le dae-
monthatrunswheneerwe wishto log thesampleslt is the
mainsourceof pro ling overheadextracaremustbethere-
fore takento ensureminimal work is doneby this daemon.
We extendthis daemonby a mechanisnthatallows a VM
to registerthefactthatit is executingdynamicallygenerated
code. Thevirtual machinealsoregistersthe boundarieof

its memoryheap.Within the daemonthelogging codewill
consultthis informationbeforedecidingto log a sampleas
beinganorymous. Instead.,if it is found to fall within the
boundarie®f theVM' sheapthesamplewill beloggedasa
JIT.App sample.Apartfrom afew otherlimited VM prob-
ing routines,this addedmechanisnis the only extra work
thatneedgo be doneat runtime. We evaluatethe overhead
associateavith this daemorin Sectior4.

VM Agent. A counterparto theruntimepro ler istheVM
agent. This moduleis responsiblgor trackingJIT compi-
lationsandary 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
thebgginningaddresssizeandsignatureof themethodthat
wasjust compiledinto a buffer. We alsoinstrumenthe GC
“move' methodwithin the VM to marka methods bodyas
having beenmoved. We simply ag it insteadof actually
loggingit in orderto avoid undueoverheadThisis because
the body of the GC methodsarehighly tunedandary calls
to the outsideof their codespacewill resultin asigni cant
performanceit.

At speci ¢ points during execution, we processcode
buffers by writing out a JIT codemapto disk. We also
traversealist of known compiledmethodsandwrite outthe
informationaboutary methodthatwas agged by GC. We
thennotify the OPro le daemorandrequesthatthewritten
mapbeassociatedvith theloggedJIT.App samples.

3.1. Handling GC-Managed Code

In someVMs, suchasthe open-sourcelikes Research
Virtual Machine (Jikes RVM), the code and dataregions
are both interwound into a single heap; even thoughthe



heapmay be segregatedfor optimized garbagecollection
andmemoryperformanceThis presentanadditionalchal-
lengesincethebodyof a methodcanexist at severaldiffer-
entmemorylocationsduringa singleexecution.

We overcomethis challengeby viewing eachinstance
of a GarbageCollection as a cascadedxecution epoch.
In our Runtimepro ler, insteadof designatingsamplesto
the JIT application,we designatehemto a particularex-
ecutionepochof the JIT application. At the sametime,
at the end of eachexecutionepoch,we write out a code
mapcorrespondingo the methodaddressesf this particu-
lar epoch. We performthis write just beforethe launching
of thegarbagecollection. It isimportantto notethatthisis a
partialwrite; sinceit only includesmethodghatwerecom-
piled (or recompiled)sincethe previous codemapwrite. It
alsoincludesthe methodghatweremoved by the previous
garbagecollection.

During loggingtime, a samplewill be assigned partic-
ular epoch. The postprocessingool will attemptto nd
the correspondingnethodin that particularcodeMap. It
is possiblethatthe methodwould not be found, indicating
thatthe samplebelongsto a methodthatwasneithercom-
piled nor moved duringthis particularepoch.In suchcase,
the postprocessingool will traversethe setof codemaps
backwardsuntil it identi es the rst occurrencef amethod
which usedto have addressesorrespondingo thesample.

3.2. Post Pro cessing Tools

A key to our low overheadmplementatiorof thewhole
systempro ler is thatwe delaymostof thework to the of-
ine pro le analysisstage.OPro le comeswith a powerful
setof postprocessingoolsthatareableto catejorize,sort
anddisplay sampleinformationin a variety of ways. The
initial stepin the working of thesefeaturesis the reading

andgroupingof thesampleles.

We modify this componenby addingcodethatwill read
themap les generatedy theVM agent.Sincethesemaps
areorganizedinto sequentialles - correspondingo theGC
epochsf theVM - thetoolswill initially searchfor asam-
pleinthemap le correspondingo the epochduringwhich
the samplewasrecorded.If the sampleis not foundin the
epochs map,thetool will searchthe immediatelypreced-
ing mapandso on. This guaranteethatthe methodwhich
thesamplewill beassociateavith is themostrecentlycom-
piled - or moved- methodto occupy thataddresspace.

The VM itself is an applicationwhosejob is to execute
the portableobject les (e.g. Jasa 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 neededo include
the executioninformationassociatedvith the VM.

However, someVMs, suchasthe JikesRVM, arewrit-
tenmostlyin Java andassuchwill notbe pro led directly

by OPro le. Luckily, the build mechanisnfor JikesRVM
producesa staticimage(in a Jikesinternalformat) andan
associatednap. We modify the OPro le postprocessing
tool to readin the Jikes RVM internal map and useit to
processamplesassociateavith the VM componenbf the
execution. Moreover, thereis a smallbootstrapapplication
responsibldor loadingthe JikesRVM classimagewhichis
writtenin C. Thisapplicationis compiledinto anobject le
andno additionalwork is neededo pro le it.

4. Results

To demonstratethe usefulnessand low overhead of
VIProf, we usedit to pro le several benchmarks.In this
sectionwe presentour experimentalmethodologyandre-
sultsof our tests,including a samplepro le outputandan
evaluationof the overheadbf our system.

4.1. Metho dology

VIProf is an extensionto version0.9.2 of the Opro le
system[19]. The Virtual Machineusedis version2.4.5of
the JikesResearchVirtual Machine[11]. We usea Debian
sage distribution [6] runningLinux Kernel2.6.20.16.All
experimentsareperformedon a singlecorelntel Pentium4
Xeonrunningat 3.4MHzwith 2GB of RAM.

We prole three groups of benchmarks: Spec
JVM98 [25], Dacapo|3], and Spec PseudoJBB [24].
JVM98 and Dacapoare collectionsof shortand medium
length applicationsfor a variety of tasksincluding com-
pilers, string manipulation,databasesjecodersand other
applicationsdesignedto model typical Java applications.
PseudalBB is a variationof SpecJBB which modelsses-
eral warehouseservicingtransactions.lt is a longerrun-
ning applicationthan JVM98 and Dacapo. pseudolJBB is
con gured to have a x ed numberof transactionsallow-
ing a direct measureof the executiontime. We useanin-
putof “100' for IVM98 benchmarkand large' for Dacapo
benchmarksWe use3 warehousewvith 100K transactions
for pseudalBB.

For eachbenchmarkywe measurexecutiontime by run-
ning the benchmarkl0 times, eliminating the fastestand
slowestrun, andthenaveragingthe remaining8 runs. We
startVIProf just prior to benchmarkaunchandwe con g-
ureit to measureéheexecutiontime of thebenchmarksnly.

4.2. Case Study

Figurel shows the outputof VIProf (the upperportion)
versugheoutputof Opro le (thelowerportion)for aniden-
tical run of the Dacapops benchmark.n the Opro le out-
put,theJava ApplicationandVirtual Machinearebothpro-

led asblackboxes.However, we areable,usingVIProf to
identify the systemssxecutionpatternsandview all meth-
ods side by side. In additionto relative methodweights
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Figure 2. Overhead of proling with VIProf compared to Opro le

tive execution time.

andcorrelatechardwareevents,VIProf alsoextendsthecall
graphfunctionalityof Opro le toincludecall sequencero-
les acrosdayers.We omit theseresultsfor brevity.

VIProf outputdemonstratethe utility andcorvenience
of our pro ler for wholesystempro ling. Thislevel of de-
tail pro ling is indispensabléo our overall goal of verti-
cally integratedoptimization.

4.3. Overhead

. Higher bars indicates slower rela-

Benchmark Base time
pseudoJBB 31
JVM98 (average) 5.74
antlr 8.7
bloat 28.5
fop 3.2
hsgldb 43
pmd 16.3
xalan 137.9
pseudoJBB 22.2
Average 329

Figure 2 shaws the executionoverheadassociatedvith
VIProf at 3 different pro ling frequencies. The gure
alsoshavsthe Opro le overheador the medianfrequeny
(90K). The executiontimesare normalizedto baseexecu-
tiontime (i.e. nopro ling or runningVM agents) Figure3
shaws the baseexecutiontime of the evaluatedbenchmarks
for reference.

On average,VIProf addsnegligible overheadto what
Opro le alreadyintroduces. While mostbenchmarksex-
perienceda slight slovdovn comparedo Opro le, a few
experiencedspeedups. We believe this is due to VIProf
avoiding the anorymousmemorylogging codein Opro le
(which we replacewith our VIProf mappingcode). A few
benchmarkexhibitedspeedupascomparedo thebaseex-
ecutiontime. We found theseto be mediumlengthedDa-
capoapplicationq hsqldb, bloat ). We believe thisis
dueto systemmoiseandtheuncertaintyinvolvedin full sys-
temmeasurements.

For a moderatelevel of sampling (1 in 90K cycles),
Opro le generallyslows down the systemby an averageof
5%. Our systemalsoexhibits a similar slovdown on aver
age.This comparegavorablyto othersimilarpro lers such
as Vertical Pro ling which reported7% averagepro ling
overhead(althoughvertical pro ling is limited to covering
theVM andapplicationdomainonly).

Foramediansamplingirequeng (90K) with VIProf, the
majority of benchmarksexperiencedslondownns lessthan
10%, with one exception, antlr , recordinga slovdown
above 10%. Four benchmarkshad slovdowns that were

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

lessthan 5%. Longer running benchmarksgyenerallyex-

periencedhe smallerslovdowns, dueto the amortization
of the costof writing out the codemaps. Further asthe
codereacheshigheroptimizationlevels andthe GC moves
theseregionsto the maturespacethereis lessneedfor ary

runtimework to bedoneto supportour VIProf system.

5. Conclusionsand Futur e Work

Investigating optimizationandspecializatioropportuni-
ties acrossthe entire systemstackis the main focusof our
researchlin this paperwe presen¥IProf: anefcient pro-

ling systenthatcaptureperformancéransparenthacross
the entire systemstack. VIProf is a rst steptowardsin-
terrelatingperformancdoottlenecksacrosdayers(OS,VM,
andapplication)andidentifying potentialoptimizationand
specializationopportunitiesfor the entire executionstack.
We shaw thatVIProf capturednterestingeventsacrosshe
systemwith very low overhead.

As partof future work, we planto integrate Xen virtu-
alizationextensionsnto VIProf to integratepro ling of the
Xen layer (via XenoProf[29]) aswell asmultiple concur
rently executingsoftwarestacks.In addition,we planto in-
vesticate pro le-guided optimizationsacrossmultiple lay-
ersof theexecutionstack.In particular we areinterestedn
customizingheVM andOSandtheirinteractionaccording



to thechangingoehaior of anapplicationandtheavailable
resources.
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